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Abstract
At any one time, more than 160 million children worldwide are infected with skin
sores. In remote Aboriginal Australian communities, prevalence is as high as 40%.
Skin sores infected with Group A Streptococcus (GAS) can lead to a number of acute
and chronic health conditions. One of the primary risk factors for GAS infection
is scabies, a small mite which causes a break in the skin layer, potentially allowing
skin sore infection to take hold. This biological connection is reaffirmed by the
observation that mass treatment for scabies in these remote communities has been
associated with a reduction in the prevalence of skin sore infection, despite skin sores
not being directly targeted. In the most extreme case, it has been hypothesised
that the eradication of scabies in remote communities may lead to an eradication
of skin sore related infection. Mass drug administration is the go-to solution for
tackling the high prevalence of disease in these rural settings, but despite more
than 20 years of implementation, sustained reductions in prevalence have not been
achieved.

My aim in this thesis is to develop and analyse both mechanistic and statisti-
cal models of skin sores and scabies, considering the dynamics of each disease in
isolation and coupled together. These models build a framework on which con-
trol strategies can be tested, with the aim to develop strategies that will lead to
sustained prevalence reductions.

Following a biological introduction and technical information (Chapters 1 and
2), a mechanistic model for scabies infection is introduced. This model includes
the dynamics of the life-cycle of the scabies mite, incorporating two methods of
treatment for the infection. Mass drug administration strategies are also modelled.
The optimal interval between successive mass drug administration (MDA) doses is
calculated to be approximately two weeks. The analysis shows that an optimally
timed two-dose, 100% effective, 100% coverage MDA is highly unlikely to lead to the
eradication of scabies. In fact, four optimally timed successive doses are required
for a probability of eradication greater than 1/1000. Next, an annually recurring
MDA program is considered, in which some number of optimally timed doses is
administered, and repeated annually. It is shown that increasing the number of
administered doses always increases the probability of eradication. Importantly,
moving from a two dose to a three dose annual strategy significantly increases the
probability of eradication of scabies infection.

In order to parameterise a dynamic transmission model for skin sores, at least
two key quantities must be estimated: the force of infection, and the infectious
period. The study in Chapter 4 estimates the age of first infection, which is the
inverse of the force of infection, using clinic presentation data of children from
birth up to five years age. Three survival models are considered: the Kaplan-Meier
estimator, the Cox proportional hazards model, and the parametric exponential
mixture model. The mean age of first infection is estimated to be approximately
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ten months for skin sores, and nine months for scabies. The work in Chapter
5 estimates both the force of infection and the infectious period by utilising a
linearised infectious disease model. The data considered in this chapter consists
of longitudinal observations of individuals across three studies. The methodology
is verified using simulation estimation, and each dataset tested to ensure it carries
sufficient information for use with the estimation method. The estimates for the
force of infection vary by an order of magnitude between settings. Estimates of the
infectious period are relatively constant at 12− 20 days.

Chapter 6 consists of a dynamic model for skin sores transmission coupled with
models for scabies transmission. Three different scabies models are considered.
The first assumes that the dynamics of scabies are at equilibrium. In this case,
analytical expressions for key epidemiological quantities can be derived, and values
for the scabies prevalence below which skin sores will be eradicated can be calcu-
lated. Next, two dynamic models of scabies are considered. The first of these is
the scabies model introduced in Chapter 3, which includes the full life-cycle of the
scabies mite and treatment mechanisms. The second model consists of just three
compartments, which is termed the SITS model. The SITS model approximates
the complex life-cycle of the scabies mite into two compartments. The differences
in dynamics between these two scabies models are analysed, and the impact on
the prevalence of skin sores of an MDA which directly targets only scabies is con-
sidered. The comparison shows that, relative to the full model, the SITS model
overestimates the impact on skin sores prevalence due to the MDA in the time
period immediately following the MDA, but also predicts an earlier time of return
to pre-MDA endemic infection prevalence. The SITS model also estimates a higher
probability of eradication of skin sores compared to the full model. These two re-
sults demonstrate that caution should be taken when approximating the life-cycle
of the scabies mite to consider the potential impact of MDA which targets only
scabies.

Finally, Chapter 7 summarises the work presented in my thesis, discusses the
limitations of the work and explores potential future directions for this research
problem.
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Chapter 1

Introduction

1.1 Skin sores and Group A Streptococcus

At any one time, more than 160 million children worldwide are infected with skin
sores, commonly referred to as impetigo. In remote Aboriginal Australian commu-
nities, prevalence estimates are as high as 40% [14, 97], one of the highest recorded
globally. Infants are at particularly high risk, with 84% of children presenting to
a community health clinic with a skin sore infection at least once before their first
birthday [61].

While skin sores themselves are rarely life threatening, skin conditions can have
a substantial impact on day to day quality of life, particularly when associated with
pruritus (a severe skin itch), such as scabies. Further, infected skin sores can lead
to invasive infections, the incidence of which is five to eight times higher in Abo-
riginal Australian populations compared to non-Aboriginal Australian populations
[17, 114]. Skin sore infections in the Northern Territory are commonly caused by
the bacterium Group A Streptococcus (GAS), with Staphylococcus aureus a com-
mon secondary pathogen [1, 27, 118]. GAS in particular is associated with post-
infectious sequelae such as acute rheumatic fever (ARF), rheumatic heart disease
(RHD), scarlet fever, and post-streptococcal glomerulonephritis, which results in
progressive kidney disease later in life [53]. Although the research community is
divided on the causal interaction between skin sores and ARF [74, 75, 90, 110],
the incidence of ARF in central and northern Australia is 250 to 350 per 100, 000,
again one of the highest recorded globally [105]. Further, an Aboriginal individual
is 69 times more likely than a non-Aboriginal individual to contract RHD [9, 88].
Whilst RHD accounts for a relatively small proportion of hospitalisations in the
Northern Territory, Australia, the health burden of the disease remains high [94].

It is clear, then, that skin sore infections are responsible for a substantial disease
burden in Aboriginal communities, and control of the disease presents a public
health opportunity.
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2 Chapter 1. Introduction

1.1.1 The natural history and transmission of skin sores

Skin sore infections are primarily caused by the GAS bacterium in the Northern
Territory, with Staphylococcus aureus a co-coloniser [1, 27, 118]. In particular, the
only predictor of treatment success in the Nothern Territory to date is the clearance
of the GAS bacterium [15]. Although this finding may not extend to areas where
Staphylococcus aureus is the dominant pathogen, the work I present in this thesis
is focussed on the Northern Territory, and so here I present the natural history of
GAS infection.

The study of GAS related infection has been an active field of research since
at least the 1960s. Group A Streptococcus, along with Group B, C and G Strep-
tococcus, is beta-haemolytic, meaning that red blood cells within a local region of
the infection are completely destroyed [100]. Infections with GAS can manifest in
two ways: pharyngeal (throat) infection, and skin infection. In the Northern Ter-
ritory, almost all GAS infections are related to skin sores, referred to clinically as
impetigo [18]. The understanding of the natural history of impetigo comes almost
entirely from two studies by Ferrieri et. al [40] and Dajani et. al [29], conducted
in 1969. In these studies, frequent longitudinal observations of skin sores were col-
lected from families with children living in the ‘Red Lake Indian Reservation’ in the
United States of America. The studies reported skin colonisation preceding a skin
sore infection, and reinfection after initial clearance occurring on average after five
days. Even though these studies collected samples daily for two months, estimates
of what would now be considered basic epidemiological information (such as the
infectious period) were not quantified. In fact, even defining the ‘infectious period’
for skin sores poses a challenge. Some studies report the lifetime of a single lesion
[15], but an individual is able to harbor many sores simultaneously, and so it is
unclear how a single lesion relates to an individual’s infectious period. Estimates of
time until clinical clearance under observed treatment, where all sores have healed
on an individual, have been calculated and suggest that an individual receiving
treatment should recover within a week [15]. However, skin sore infection is report-
edly ‘normalised’ in the Northern Territory, leading to low clinic attendance rates
for treatment to be administered [121]. Any estimate of the infectious period in a
modern setting will almost surely be influenced in some way by treatment, and so
calculating the natural infectious period is challenging. As natural treatment and
recovery are closely intertwined, in this thesis natural recovery is assumed to be
augmented by the presence of treatment.

GAS bacteria can be classified in terms of an emm type, referred to throughout
as a strain. There are over 200 emm types [109], with a highly varied global
distribution [104]. These emm types can be further refined into clusters [102], which
have been developed based on a combined genetic and phenotypic classification
system. Interestingly, in a high prevalence setting, the diversity of strains is high,
while in a low prevalence setting, the diversity of strains is low [104]. The reasons
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behind this phenomenon are currently unknown. As the Northern Territory is
a high prevalence setting, with a high diversity of circulating strains, each new
infection that an individual experiences could be considered novel. Due to this
reasoning, the models constructed in this thesis are strain agnostic. The models
will not contain any strain-specific interactions, rather assuming that each new
infection is independent of the previous.

Once infection is established, the shedding of the GAS bacteria occurs, and
transmission is believed to be through either direct skin-to-skin contact, or close
contact such as crowded living conditions, school yards and close community ac-
tivities [40]. Many of these factors are present in remote Aboriginal communities,
although quantifying the relative proportion contributed by each to the overall
levels of transmission remains an ongoing challenge [13].

Immunity for GAS related infection is an area of some contention. Longitu-
dinal infection data collected in populations show that frequent reinfection within
a small time frame is possible [61], implying that if immunity exists, its duration
must be short. It is important to note that, to my knowledge, there has been no
link between immune response and immunity to acquisition of infection for GAS in-
fection. However, studies of antibody levels post infection suggest that there exists
some form of immune response [55] and it is generally accepted that this immune
response is in some way strain-specific [32, 67]. How this translates to protection
against infection remains unknown. In the absence of convincing information about
the existence of immunity (let alone its length or effect), in this thesis it is assumed
that, following clearance, an individual has no immunity to skin sore infection.

The sequelae that are associated with repeated GAS infection are relatively
rare and poorly understood. Importantly, however, these sequelae occur after the
skin sore infection has taken hold, and are unlikely to modify the propensity for
onward transmission. The models considered in this thesis focus on the dynamics
of the skin sore infection, all of which occurs before a severe disease manifestation
is likely to occur in an individual. Further, although perhaps individuals who go on
to develop sequelae may have different susceptibility to disease or infectiousness,
this link has not been formally established. As such, no sequelae are modelled in
this work, but the exclusion does not result in a loss of information.

1.1.2 Treatment and vaccine development

Penicillin remains the mainstay of treatment for GAS infection [93]. Despite treat-
ment failure being observed in the 1950s and 1980s [38, 42, 59], resistance to peni-
cillin in the Northern Territory has not been documented. Penicillin treatment
is administered through an intramuscular injection, a procedure which is painful,
and associated with poor compliance [15], but regularly administered [22]. An
alternative treatment that has been tested is co-trimoxazole, which is delivered
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orally [15]. This treatment was shown to be at least as effective as penicillin in-
jection, both on individual lesions and also on clinical clearance of all sores [15].
The oral delivery will likely increase treatment uptake and compliance compared
to the penicillin injection, but this treatment is not yet the standard [93]. Given
that treatment is regularly administered in the settings which are modelled in this
thesis, it is assumed throughout that recovery takes place through a combination
of natural recovery and treatment events. This assumption will be important in
later chapters when the infectious period for skin sores is estimated.

Development of a vaccine for GAS is an ongoing area of interest [30, 77, 96,
109], but faces a number of development challenges and a lack of knowledge on the
relationship between immune response and protective immunity. The strain-specific
immune response [32, 67] combined with the high variance in the global strain
distribution [104] mean that for a globally available vaccine, some way of triggering
a ‘general’ immune response must be utilised. One approach is through a multi-
valent vaccine, which aims to trigger as many strain-specific immune responses as
possible. There are a number of multi-valent vaccines that claim a widespread
coverage [108]. One multi-valent vaccine has reached phase one clinical trial [77]
and claims a greater than 76% strain coverage in low prevalence settings. However,
the coverage in the Northern Territory would be approximately 24% of strains in
circulation. An alternative approach is to consider a vaccine based on the conserved
region of the M-protein of the GAS bacterium. Vaccines following this approach aim
to trigger a general immune response, as opposed to the strain-specific responses
triggered by the multi-valent vaccines. A conserved region vaccine known as the J8-
DT vaccine has reached phase one clinical trial, and showed increases in antibody
levels post vaccination [103]. While both these candidate vaccines show promise,
it is worth remembering that linking immune response with protective immunity
for GAS has not yet been achieved. There has been fear that a GAS vaccine may
cause ARF [72], although it should be noted that this study has been disputed
[107]. Together this means that the rollout of a vaccine in the short-term seems
unlikely.

1.2 Scabies

GAS bacteria can reside on the skin of an individual and never cause a skin sore
infection [29], a state known as carriage. For infection with skin sores to begin, an
individual must have some break in their skin. Cuts and scratches are likely to be
the most common cause of these skin breaks, but another cause is a parasite called
Sarcoptes scabiei, commonly known as scabies [27]. Infections with scabies are
relatively common in areas of socioeconomic disadvantage, and outbreaks are also
reported in other institutional settings such as residential care homes for the aged,
where susceptible individuals live in prolonged close contact [24, 65]. In northern
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Australia, the prevalence of scabies is as high as 49% [97], while in the Solomon
Islands and Fiji, prevalence is 43% and 28% respectively [97]. In isolation, scabies
represents a significant public health burden [73], but the intense itching caused by
a scabies infection, as well as cellulitis and immune supression in the skin means
that individuals who are infected with scabies are estimated to be 7 to 12 times
more likely to contract a skin sore infection [7, 22].

1.2.1 The natural history and transmssion of scabies

Once on a human host, a pregnant female scabies parasite digs tunnels under the
uppermost skin layers, laying 2 to 3 eggs per day. These eggs hatch into young
mites — known as nymphs — which undergo a period of maturation that lasts
approximately 10 days. Once the nymphs have developed into adult mites, they
roam about the body in search of a mate [6]. The second generation of adult mites
appears approximately 30 days after the initial infection [78].

Over the course of an individual’s first infection, a long asymptomatic phase is
experienced. This phase can last for almost 60 days [78]. In subsequent infections,
the itching that is typical of a scabies infection begins almost immediately.

In a typical first infection, an individual harbors hundreds of mites [79]. In
these cases, transmission through inanimate objects (such as clothing and bedding)
is possible. In subsequent infections, the mite count is demonstrably lower (< 50),
and in these cases, extended periods of skin to skin contact (such as bed-sharing)
are likely required to achieve transmission [78]. In rare cases, such as in immuno-
compromised individuals, an individual may contract crusted or Norwegian scabies.
Individuals with crusted scabies often carry millions of mites [95], and could be
considered super-spreaders of disease, although quantification of this biologically
plausible relationship has not been performed. Crusted scabies is relatively rare,
with approximately one in 500 Aboriginal Australians believed to be infected [85].
Due to this rarity and the lack of quantification of the effect of crusted scabies, in
this thesis crusted scabies is not explicitly modelled.

Little is known about natural recovery from scabies infection. In a human trial,
no individuals saw natural recovery after being infected for almost 200 days [78].
As such, it is assumed throughout this thesis that the only recovery from scabies
infection is through treatment.

1.2.2 Treatment options

Treatment for scabies infections comes in two forms: ovicidal (egg-killing) and non-
ovicidal (non egg-killing). Ovicidal treatments, such as Permethrin and Benzyl
Benzoate, have been the standard in the Northern Territory for many years [93].
The advantage of these treatments over non-ovicidal options is that generally, only
a single treatment dose is required to achieve clearance of infection, as they target
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both the living mites and the unhatched eggs. However, both of these treatments
are administered as creams which must be applied from head to toe and left in place
for at least eight hours, a requirement which is associated with poor compliance
[116]. The only non-ovicidal treatment approved for use in humans is Ivermectin,
administered orally. While this may lead to increased compliance, the non-ovicidal
nature of the drug combined with its relatively short half-life means that at least
two doses are required to achieve infection clearance [116].

Mass drug administrations for scabies have been trialled in Aboriginal com-
munities for the best part of 20 years [4, 17, 60]. While these programs have all
shown good short term success, sustained prevalence reductions have remained elu-
sive. The reason for the recrudescence of infection is not completely understood,
particularly as following a large scale intervention in Fiji, scabies prevalence has
remained low for two years [98].

Alongside the lack of sustained prevalence reduction, there are also documented
cases of Ivermectin resistance, despite the treatment only being utilised on a rela-
tively small scale and for a short period of time [28]. These factors have led to new
treatment options being developed and tested. There is hope within the scabies re-
search community that a new drug (Moxidectin) will provide a substantial increase
in treatment efficacy [81, 82]. Moxidectin, like Ivermectin, is a non-ovicidal orally
administered treatment, but with a substantially longer half-life, meaning that (in
theory) only one dose would be required to achieve infection clearance. Moxidectin
has been extensively trialled in humans for the treatment of onchocerciasis [86],
paving the way for its licensure for human use as a treatment for scabies.

1.3 The role of mathematical modelling in infectious
diseases

The role of mathematical modelling in infectious diseases is defined clearly by Keel-
ing and Rohani [63]. Mathematical models use the language of mathematics to
produce a refined and precise description of a system. These models allow trans-
lations between behaviour at various scales — such as from the individual to the
population — or extrapolation from a known set of conditions to another. In con-
structing models, there is always a tradeoff between accuracy, transparency, and
flexibility. Accuracy is the ability of a model to reproduce observed data and accu-
rately predict future dynamics. Transparency is the ability to understand how the
various model components influence the dynamics and interactions. Flexibility is
the extent to which a model can be adapted to new situations. Mechanistic models
(of which the compartmental models considered in this thesis are a subclass) are
built from fundamental disease transmission principles, meaning they are highly
flexible and relatively transparent. However, incorporating enough detail to obtain
sufficient accuracy is challenging. Where necessary, statistical models, which take
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the form in this thesis of survival analyses, are utilised to produce accurate, but
arguably less transparent results.

Models have two distinct, but overlapping roles: prediction and understanding.
In a predictive model, a high level of accuracy is desired, else the predictions are of
little use. In a model designed for understanding, it is generally the transparency
of a model which is more critical, so that some biological insight into the system
can be gained. As an example, if a mathematical model is being used to provide
a strategy for elimination of a disease then it must correctly predict the behaviour
of the system well, else the strategy may not reach the desired outcome. Compar-
atively, if a mathematical model is being used to understand some unknown piece
of biology, such as how long an individual is infectious for, then the model must be
transparent. The understanding gained from these transparent mathematical mod-
els can also help to develop more sophisticated predictive models, highlight the
gaps in knowledge and available epidemiological data, and help determine which
elements are important and which can be safely ignored.

Mathematical models are not without limitation. All models are, to varying
degrees, approximations of reality. There will always be some unknown or even un-
knowable factor that will not be included or accounted for in a model construction.
Even if every biological factor could be accounted for, the randomness of trans-
mission means that the likelihood of perfect prediction is zero. As such, models
should be viewed as tools for guiding understanding and policy, as well as helping
understand biological features of the system. They should also help characterise
the uncertainty of our knowledge the system.

The models contained in this thesis provide a framework on which more detailed
models of skin sores and scabies transmission may be developed. They lack many
of the features seen in reality — population structure and mobility, reimportation
of disease, detailed within-host dynamics, to name a few — but their contribution
is to the understanding of the underlying biology and the difficulties in the control
of these pathogens.

1.4 Thesis outline

The focus of this thesis is on the development, parameterisation and analysis of
dynamic transmission models for skin sores and scabies. In Chapter 2, the theory
behind the modelling approaches utilised in this thesis is introduced and defined. In
Chapter 3, a dynamic model of scabies transmission is explored including investiga-
tion of mass drug administration strategies. In Chapter 4, the age of first infection
for skin sores in remote Aboriginal Australian communities is calculated, and the
impact of covariates including age, gender, community of residence, temporal and
season effects, is presented. In Chapter 5, the force of infection and the infectious
period for skin sores is calculated using a two-state Markov model. In Chapter 6,
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the interactions between skin sore infection and scabies are explored. The impact
on skin sores prevalence caused by a mass drug administration program which only
directly targets scabies and the likelihood of eradication of skin sore infections by
eradication of scabies are both investigated. These questions are approached by
considering three different coupled models. In the first case, the dynamics of sca-
bies are assumed to be at equilibrium. In the second case, the scabies model which
incorporates the full life-cycle of the scabies mite (Chapter 3) is utilised. Finally,
a model where the complex life-cycle of the scabies mite is greatly condensed is
considered. In each case, the differences between the models and the outcomes on
skin sores prevalence are analysed. Finally, Chapter 7 summarises the results, and
provides ideas for future directions in this research area.



Chapter 2

Technical Background

In this chapter, an introduction to compartmental modelling is given including a
background on continuous-time Markov chains and the resulting mean-field approx-
imation. The force of infection, and the basic reproductive ratio, R0 are discussed.
An overview of statistical inference in both a frequentist and Bayesian framework
is provided.

2.1 Compartmental Modelling

Before defining the two main methods for working with the models in this thesis,
I first present a brief background on compartmental modelling and its application
to infectious diseases. Intuitively, a compartmental model consists of a set of inter-
connected classes, known as compartments. In a given population, each individual
(often but not necessarily a ‘person’) belongs to exactly one compartment at any
one time. The movements of individuals between these compartments are known
as transitions. These transitions govern the way in which individuals flow (or do
not flow) from one compartment to the next.

Compartmental models provide a natural framework to consider the dynamics
of infectious disease transmission. A particular individual in a population at a
single point in time has some disease status (their compartment), and changes
that status in time in some known way (the transitions). One of the fundamental
dynamic transmission models is the susceptible–infectious–recovered (SIR) model,
first introduced by Kermack and McKendrick [64], with the now commonplace
SIR notation credited to Hoppensteadt and Waltman [52]. In the SIR model,
individuals are categorised into one of three compartments: susceptible, where a
person is able to become infected with a disease; infectious, where a person has a
disease and is able to transmit it to others; and recovered, where a person is no
longer able to transmit the disease, and is immune from future infections. The
SIR model has three compartments: S, I and R, and two transitions: infection
(S to I) and recovery (I to R). These are shown in Table 2.1, and represented
graphically in Figure 2.1. The transition that moves individuals from compartment
S to compartment I occurs at rate λ, which is commonly referred to as the force
of infection [63]. The rate at which individuals recover is given by γ. It is known

9
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Table 2.1: Transitions for the SIR infectious disease model

Transition Rate
(S, I,R)→ (S − 1, I + 1, R) λ := βI
(S, I,R)→ (S, I − 1, R+ 1) γI

S I R
λ γ

Figure 2.1: Graphical representation of the SIR infectious disease
model. The transition rate from compartment S to I, λ = βI, is
non-linear. The parameter, β, controls the rate at which infections
occur, and the parameter γ is the inverse of the infectious period.

that, for the SIR model, the force of infection, λ, is the inverse of the mean age of
first infection, while the average duration of infection is simply the inverse of the
recovery rate [3].

One of the main features of most infectious disease models, such as the SIR
model, is that the force of infection (i.e. the transition rate corresponding to in-
fection), is non-linear. In the basic SIR model, the force of infection, λ := βI,
is a function of the proportion of the population in compartment I. Intuitively,
this means that the rate of becoming infected is proportional to the prevalence
of infection. The parameter β represents the rate infection is transmitted when a
susceptible individual meets an infected individual [63].

The SIR model forms the base for a large number of infectious disease models
[63], for diseases such as influenza [23, 69], measles [62, 80], pertussis [16, 50],
pneumococcus [68] and others, and even extends into non-disease related areas
[122]. However, the SIR model rarely captures the nuanced detail of each disease to
be used as an accurate model in isolation. In later chapters, I will construct models
that consist of more compartments and transitions than the SIR model, but the
fundamental ideas of compartments, transitions and rates will remain consistent.
One formulation of compartmental models — utilised heavily throughout this thesis
— is as a stochastic process known as a continuous-time Markov chain. I now define
and investigate this formulation.

2.2 Continuous-Time Markov Chains

Continuous-time Markov chains (CTMCs) are utilised throughout this thesis. Fun-
damentally, a Markov chain consists of a set of states, and a set of transitions, which
occur at some rate, and move a process from one state to another. I now formally
derive a continuous-time Markov chain and results associated with its analysis. I
generally following the approach of Norris [84], although I adapt the notation to
be more specific to the chains considered in this thesis.
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Consider a process, X(t), which takes values on a finite set of states, S, known
as the state space. The process, X(t), is a continuous-time Markov chain if

P (X(s+ t) = j|X(s) = i,X(u) = k, u ≤ s) = P (X(s+ t) = j|X(s) = i)

∀t, u > 0, s > u.

That is, the probability distribution of the future states of X(t), conditioned on
the past and present states, depends only upon the present state of the process.
This is known as the Markov property, or the memoryless property.

A continuous-time Markov chain is defined to be time-homogeneous if

P (X(s+ t) = j|X(s) = i) i, j ∈ S, s, t ∈ [0,∞)

is independent of the starting time, s. In this thesis, all continuous-time Markov
chains are time-homogeneous. Define the transition function

Pij(t) = P (X(s+ t) = j|X(s) = i),

which represents the probability of moving from state i ∈ S at time s to state j ∈ S
at time t+ s. That is, transitioning from state i to state j in elapsed time t. The
transition function can be expanded using the law of total probability as

Pij(t) =
∑

k∈S
P (X(s+ t) = j,X(s+ u) = k|X(s) = i), (2.1)

where 0 < u < t. Intuitively, this expression says that the probability that the chain
transitions from state i to state j in time t is equivalent to the state moving from
state i first to state k, then from state k to j over the remaining time, summed over
all possible states k. Using conditional probability, the right hand side of Equation
(2.1) is equal to

∑

k∈S
P (X(s+ t) = j|X(s+ u) = k,X(s) = i)P (X(s+ u) = k|X(s) = i) (2.2)

which, using the memoryless property and time-homogeneity (shifting by s + u)
gives

∑

k∈S
P (X(s+ t) = j|X(s+ u) = k)P (X(u) = k|X(0) = i)

=
∑

k∈S
P (X(t− u) = j|X(0) = k)P (X(u) = k|X(0) = i).

That is,
Pij(t) =

∑

k∈S
Pik(u)Pkj(t− u),
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or, in matrix form
P(t) = P(u)P(t− u) (2.3)

where the transition matrix, P(t), has elements Pij(t). Equation (2.3) is known
as the Chapman-Kolmogorov equation [84]. Note that the matrix, P(t), has time-
dependent entries. This often makes the transition matrix impenetrable to analysis.
To gain insight into the transition matrix, the infinitesimal generator, or the Q-
matrix of the process X(t) is used. The Q-matrix has elements

qij = lim
h→0+

Pij(h)

h

for i, j ∈ S, i 6= j and

qii = lim
h→0+

Pii(h)− 1

h

for i ∈ S. Intuitively, qij represents the rate at which we enter state j from state
i, and −qii represents the total rate of leaving state i ∈ S. The transition matrix,
P(t), is row-stochastic. That is,

∑

j

Pij(t) = 1

for every i ∈ S, t ∈ [0,∞). As such,

1− Pii(h) =
∑

j 6=i
Pij(h)

and so

lim
h→0+

1− Pii(h)

h
= lim

h→0+

∑

j 6=i

Pij(h)

h

=
∑

j 6=i
lim
h→0+

Pij(h)

h
. (2.4)

The left hand side of Equation (2.4) is precisely −qii and the term inside the sum
on the right hand side is qij , so Equation (2.4) is

−qii =
∑

j 6=i
qij .

That is, the diagonal elements of the infinitesimal generator, Q, are the negative
of the sum of the off-diagonal elements.

It is possible to fully define a Markov chain through the use of the Q-matrix and
a suitable initial condition for the system, p(0). Consider the Chapman-Kolmogorov
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equation in Equation (2.3),

Pij(t+ h) =
∑

k∈S
Pik(t)Pkj(h).

We have

lim
h→0+

Pij(t+ h)− Pij(t)
h

= lim
h→0+

(∑
k∈S Pik(t)Pkj(h)

)
− Pij(t)

h

= lim
h→0+

∑
k∈S Pik(t)Pkj(h)

h
− Pij(t)

h
. (2.5)

Removing the k = j term from the sum in Equation (2.5) gives

lim
h→0+

∑
k∈S Pik(t)Pkj(h)

h
−Pij(t)

h

= lim
h→0+


∑

k 6=j
Pik(t)

Pkj(h)

h
+
Pij(t)Pjj(h)

h
− Pij(t)

h




= lim
h→0+


∑

k 6=j
Pik(t)

Pkj(h)

h
− Pjj(h)− 1

h
Pij(t)


 . (2.6)

By switching the sum and the limit in Equation (2.6), we get

dPii(t)

dt
=
∑

k 6=j
Pik(t)qkj + qjjPij(t)

=
∑

k∈S
Pik(t)qkj .

In matrix form, this is
dP(t)

dt
= P(t)Q,

which has general solution
P(t) = AeQt,

where eQt is the matrix exponential of the matrix Qt, and A is a constant matrix
[84]. Combined with a known initial condition, p(0), the distribution of the Markov
chain at time t is given by

p(t) = p(0)P(t) = p(0)eQt.

The distribution of the Markov chain at time t can be interpreted as the probability
of the Markov process, X(t), being in each of the possible states in the state space,
S.

For many of the Markov chains considered in this thesis, the matrix exponential
is computationally intractable due to the size of the state space. For example, for
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the simple SIR model in a population of N people, the size of the state space can
be determined combinatorically. The population consists of N people, divided into
three distinct categories. It follows that,

|S| =
(
N + 2

2

)
=

1

2
(N + 1)(N + 2),

which scales with N2. For any reasonable population size, the size of the state space
leads to the matrix exponential being impractical to compute, if not impossible
given current computing resources. To investigate the dynamics of the Markov
chains, we resort to either Monte Carlo simulation or the mean-field approximation.
I will now detail each of these methods.

2.2.1 Monte Carlo Simulation

Although the matrix exponential cannot be evaluated directly for most of the
Markov chains considered in this thesis, simulation of the chain is still possible.
One of the most common methods to take exact samples of the Markov chain is
using the Doob-Gillespie algorithm [45].

The Doob-Gillespie algorithm gives a single realisation or sample path from a
Markov chain, X(t). To determine when a transition occurs, and to where, we
make use of the following two properties [84]:

• The time that the Markov chain, X(t), spends in state j, denoted τj , is
exponentially distributed with mean

E[τj ] =




− 1

qjj
, if qjj < 0,

∞, if qjj = 0.

• If the chain is in state j,

P (X(t) jumps to state k 6= j when it leaves) = −qjk
qjj

.

These two results together give rise to the Doob-Gillespie algorithm, given in
Algorithm 1. Monte Carlo simulation gives a single realisation of a Markov chain.
As a Markov chain is a stochastic process, many realisations are required to under-
stand the ‘average’ behaviour of a given system. Monte Carlo simulation may also
be slow, particularly for Markov chains with a large state space and a large number
of possible transitions, and so generating sufficient realisations for this average be-
haviour may be impractical. In these cases, the mean of the Markov chain, X(t),
can be evaluated directly using the mean field approximation.



Chapter 2. Technical Background 15

Result: Single realisation of the Markov Chain, X(t)
Initialize state, X(0), containing the initial state of the Markov chain.
Initialise vector of time points to sample the process, t̂, with mth element
t̂m.

Set c = 1, t = 0;
while not done do

Calculate rate of each event, al, l = 1, . . . , A, where A is the number of
possible events.
Set a0 =

∑A
l=1 al;

Generate two random variables, r1, r2 ∼ U [0, 1];
Set ∆ = (1/a0) log(1/r1);
while t+ ∆ > t̂c do

Record X(t);
Set c = c+ 1;

end
Find µ ∈ {1, . . . , A} such that,

µ−1∑

j=1

aj < r2a0 ≤
∑

j=1

µaj .

This is equivalent to choosing the jth event with probability aj/a0;
Update state X(t) according to event type µ, set t = t+ ∆;

end
Algorithm 1: Simulation algorithm for a Markov chain

2.2.2 Mean Field Approximation

The mean field approximation gives a deterministic approximation for a Markov
chain, X(t), using a functional law of large numbers [66]. The deterministic nature
of the resulting approximation means that it is fast to compute, and only needs to
be computed once to understand the mean behaviour of the system. However, the
deterministic approximation operates on a continuous state space, and so is unsuit-
able for use when the expected number of individuals in any given compartment is
small (at any time).

Following the approach of Kurtz [66], a Markov chain indexed by a scaling
factor ν, denoted Xν(t), is density dependent if and only if there exists continuous
functions f such that the transition rates for the chain Xν(t) are given by,

qk,k+l = νf

(
1

ν
k, l

)
.

If a Markov chain, Xν(t), is density dependent then,

lim
ν→∞

P

(
sup
s≤t

∣∣∣∣
1

ν
Xν(s)− x(s)

∣∣∣∣ > δ

)
= 0. (2.7)

This says that as the factor ν becomes large, the Markov chain, scaled by a factor of
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1/ν, converges uniformly over finite time intervals to the mean field approximation,
x(t).

Throughout this thesis, all Markov chains are density dependent, where the
scaling factor ν is the population size. As such the mean field approximation is
valid over a finite time interval.

The mean field approximation can be constructed as a sequence of matrix vector
products. The transitions of the Markov chain are encoded in so-called stoichio-
metric matrices, denoted Lu, while the rates at which these transitions occur are
encoded into rate vectors, denoted wu. The mean field approximation is then,

F (t) =
∑

u

Luwu. (2.8)

For example, consider the SIR disease model. The two stoichiometric matrices are,

L1 =



−1 0 0

1 0 0

0 0 0


 ,

representing infection and,

L2 =




0 0 0

0 −1 0

0 1 0


 ,

representing recovery. Let 1 be a vector with each element being one. The two rate
vectors are,

w1 = βsi · 1,

representing infection and,
w2 = γi · 1,

representing recovery. Note that the s and i terms in these expressions represent
the proportion of individuals in the susceptible and infected compartments respec-
tively, not indexes of states. Throughout this thesis, the lower case compartment
representations (here s and i) are used to represent these proportions. For example,
E[S(t)]/N = s(t), means that the expected proportion of susceptible individuals,
S(t), from a Markov chain representation of a model, is represented in the mean-
field approximation by s(t).

Substituting the stoichiometric matrices and rate vectors into Equation (2.8)
gives,

d

dt
lim
N→∞

S(t)

N
=
ds

dt
:= F1(t) = −βsi,

d

dt
lim
N→∞

I(t)

N
=
di

dt
:= F2(t) = βsi− γi,

d

dt
lim
N→∞

R(t)

N
=
dr

dt
:= F3(t) = γi,

(2.9)
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which is precisely the deterministic form of the SIR model [63].

2.3 The SIR model in more detail

Having defined the two main methodologies used for infectious disease models in
this thesis, I now return to the SIR model and provide example numerics, as well
as the definition of the basic reproductive ratio, R0.

Recall from Section 2.1 that the SIR model is defined by three compartments,
S, I and R, as well as two transitions, infection (S to I) and recovery (I to R).
The Markov chain representation of this model has state space

Ω = {(S, I)|S + I ≤ N},

whereN is the number of individuals in the population. Note that as the population
size, N , is fixed, the number of recovered individuals can be computed as R =

N − S − I. The infinitesimal transition rates are given by

q(S,I),(S−1,I+1) =
β

N − 1
SI,

representing infection and
q(S,I),(S,I−1) = γI

representing recovery. The resulting mean-field approximation is given in Equation
(2.9). As mentioned in Section 2.2.1, the Doob-Gillespie algorithm provides a
means to produce exact realisations of the stochastic process, X(t). Figure 2.2
shows an example of the variability in these realisations for the SIR model, with
the parameters β = 1.2 and γ = 1. The variability is large, with some realisations
showing almost immediate die-out of disease, while others lasted for upwards of 40
days. The figure also shows the mean-field approximation, and at least visually it
appears to be a good approximation to the ‘average’ behaviour of the stochastic
process. Note that formally, the mean-field approximation acts on the normalised
population, and so the solution to the system of differential equations in Equation
(2.9) has been multiplied by the population size, N , for clarity.

2.3.1 The basic reproductive ratio, R0

An important quantity in infectious disease models is the basic reproductive ratio,
conventionally denoted R0, typically derived directly from the mean-field approxi-
mation to the SIR model However, it is possible to arrive at an equivalent definition
in a stochastic context [3]. The basic reproductive ratio is defined as the number
of secondary infections caused by a single infectious host, in an otherwise fully sus-
ceptible population [63]. In infectious disease models, the basic reproductive ratio,
R0, acts as a threshold parameter. That is, if R0 ≤ 1, the probability of a disease
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Figure 2.2: Example numerics of the SIR model with β = 1.2 and
γ = 1 and N = 1000, seeded with 25 infectious individuals at time 0.
Grey lines show 500 realisations from the Doob-Gillespie algorithm,

black line shows the mean-field approximation .

outbreak is zero, while if R0 > 1, then the probability of an outbreak occurring is
greater than zero [34].

With this interpretation in mind, it follows that for an outbreak to occur in
the SIR model, dI/dt > 0 early in the epidemic. Recall the differential equation
relating to the number of infectious individuals in the SIR model,

dI

dt
= βsi− γi = γi

(
β

γ
s− 1

)
.

For the number of infectious individuals to be increasing, it follows that

β

γ
s > 1

provided i > 0. As only the early stages of the epidemic are being considered
(t ≈ 0), it is reasonable to assume that almost the entire population is susceptible,
ie s ≈ 1. As such,

dI

dt
(0) > 0 ⇐⇒ β

γ
> 1. (2.10)

That is, for the SIR model, the basic reproductive ratio, R0, is simply β/γ.
Note that having the basic reproductive ratio, R0 greater than one does not

guarantee an outbreak in a stochastic model. Rather, having a basic reproductive
ratio, R0 greater than one implies that the probability of an outbreak occurring is
not zero [3].

In many disease models, it is not so straightforward to derive conditions for
which an outbreak is possible. One method to calculate the basic reproductive
ratio, R0, in these systems is the next generation matrix (NGM) [33]. To determine
the next generation matrix, first identify the infected compartments in the model.
In the SIR model, this is only the I compartment. Next, construct two matrices,
one consisting of the rates of new infections occurring (denoted F ), and the other
consisting of the rates of recovery (denoted V ). For the SIR model, these matrices
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are scalars (due to a single infected compartment), and are of the form

F = βs,

and
V = γ.

The next generation matrix is then defined to be,

FV −1 =
β

γ
s. (2.11)

The basic reproductive ratio, R0, is then the dominant eigenvalue of the NGM, with
a suitable initial condition. For the NGM in Equation (2.11), this yields R0 = β/γ,
as expected.

2.4 Inference for Markov chains

The aim of statistical inference is to gain information about unknown quantities
from some source of data. There are two main forms of statistical inference: fre-
quentist and Bayesian. As both approaches are used in this thesis, theory on both
approaches is provided. I generally follow the approach of Price [91], although with
some modification relating to the specific problems contained in this thesis.

One of the most important functions to statistical inference is the likelihood
function. I follow the approach of Casella and Berger [20]. Let θ = (θ1, . . . , θp) be
a vector of p parameters. Let f(x|θ) be the joint probability mass function (pmf)
of a sampleX = (X1, . . . , XN ). Then, given thatX = x is observed, the likelihood
function is

L(θ|x) = f(x|θ). (2.12)

In essence, the likelihood function, given some set of data, quantifies how likely a
given set of parameters is to have produced that data.

2.4.1 Frequentist Inference

In frequentist inference, the probability of an event occurring is proportional to
the frequency of that event occurring. In a frequentist framework, probabilities
are assumed to be fixed and unknown. To estimate these probabilities, one ap-
proach is maximum likelihood estimation. As the name suggests, the maximum
likelihood estimator (conventionally denoted θ̂), is the value of θ which maximises
the likelihood function in Equation (2.12). That is,

θ̂ = argmax
θ

L(θ|x). (2.13)
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In practice, the likelihood function in Equation (2.12) can be very small, or very
large, and so to avoid computational issues, the log-likelihood, defined as

l(θ|x) = log(L(θ|x))

is considered. The log-likelihood function has the same maximum estimator, due to
the monotonicity of the log function, but helps to avoid rounding (or computational
overflow) issues by transforming the product of small (or large) numbers into a sum.

2.4.2 Bayesian Inference

In Bayesian inference, model parameters are considered random variables, rather
than fixed probabilities as they are in frequentist inference. In a Bayesian frame-
work, two sources of information are combined: an initial belief of the true pa-
rameter values, encoded in a distribution known as the prior, denoted p(θ), and
the likelihood function. The likelihood function, combined with data from a new
experiment, gives updated information about the likely location of the parameters.
The combination of these two pieces of information gives a new belief about the
location of the parameters, known as the posterior distribution. To define the pos-
terior distribution, we follow the approach of Gelman et al. [43]. Let X and Y be
continuous random variables with probability density functions (pdfs) fX and fY
respectively, and let the conditional pdf be denoted fX|Y . Then, using Bayes’ rule,

fX|Y (y|x) =
fX|Y (x|y)fY (y)

fX(x)

=
fX|Y (x|y)fY (y)∫

y fX|Y (x|y)fY (y)dy
. (2.14)

Let X represent the data (and thus x be the observed data), and Y represent the
parameters, θ. Then the posterior distribution is defined as

p(θ|x) =
p(θ)p(x|θ)∫

Rp p(θ)p(x|θ)dθ

=
p(θ)L(θ|x)∫

Rp p(θ)L(θ|x)dθ
(2.15)

∝ p(θ)L(θ|x). (2.16)

The denominator of Equation (2.15) is often intractable to calculate, and so we
will refer to the posterior distribution as the expression in Equation (2.16). How-
ever, even evaluating the posterior distribution in Equation (2.16) exactly is often
not possible, and so we resort to numerical simulation to evaluate the posterior
distribution.



Chapter 2. Technical Background 21

When the likelihood is calculable

When the likelihood function, L(θ|x), is calculable (up to the scaling constant), the
most common approach to compute the posterior density is the Metropolis-Hastings
algorithm [44], shown in Algorithm 2, or some extension of it. The Metropolis-
Hastings algorithm defines a Markov chain whose stationary distribution is the
posterior distribution of interest. Thus, sampling from this chain is equivalent
to sampling from the posterior distribution in Equation (2.16). The output se-
quence of random variables, θ1, . . . ,θn, converges to a random variable that is
distributed according to the posterior distribution. However, the sequence also
contains the samples before the chain has reached stationarity, known as the ‘burn-
in’. In practice, this burn-in phase can be very long, leading to large amounts of
wasted computation. One extension to the Metropolis-Hastings algorithm, known
as Hamiltonian Monte Carlo [83] is shown in Algorithm 3. While Hamiltonian
Monte Carlo can provide significant efficiency boosts over standard Metropolis-
Hastings, these increases rely on good choice of the number of integrator steps, M ,
and the size of these steps, ε. Choosing these quantities is challenging, and often
leads to many ‘test’ runs of the algorithm. However, the creation of the No-U-Turn
sampler attempts to automatically tunes these parameters, and samples at least as
efficiently as the base Hamiltonian Monte Carlo algorithm [51]. The No-U-Turn
sampler is implemented in the software Stan [106], and allows MCMC estimation
to be performed with very little tuning.

Result: Sampled parameters, θ1, . . . ,θn

Set number of samples, n, proposal density, q(·|·).
Randomly sample θ0 from the prior.
for i=1:n do

Choose θ′ ∼ q(θi−1|·)
Calculate α = min

{
1, q(θ′,θi−1)p(θ′)L(θ′|x)

q(θi−1,θ′)p(θi−1)L(θi−1|x)

}

Generate random variable r ∼ U [0, 1];
if r < α then

Set θi = θ′

else
Set θi = θi−1

end
end

Algorithm 2: Metropolis-Hastings algorithm for sampling from the poste-
rior distribution of a Markov chain.

When the likelihood is not calculable

Thus far, we have assumed that the likelihood function, L(θ|x), is calculable
quickly. In larger models, it is common for the likelihood to be slow to compute. In
these cases, Metropolis-Hastings style algorithms are not practical for use. Instead,
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Result: Sampled parameters, θ1, . . . ,θN

Set number of samples, N , number of integrator steps, M , and integrator
step size, ε.
Sample r0 ∼ N(0, I), where I is the identity matrix.
for n=1:N do

Set θn = θm−1

Set θ̃ = θm−1

Set r̃ = r0

for i=1:M do
Set r̃ = r̃ + (ε/2)∇θ̃L(θ̃)

Set θ̃ = θ̃ + εr̃
Set r̃ = r̃ + (ε/2)∇θ̃L(θ̃)

end

Calculate α = min

{
1,

exp(L(θ̃)− 1
2
r̃·r̃)

exp(L(θn−1)− 1
2
r0·r0)

}

Generate random variable r ∼ U [0, 1]
if r < α then

Set θn = θ̃
Set rn = −r̃

end
end

Algorithm 3: Hamiltonian Monte Carlo algorithm for sampling from the
posterior distribution of a Markov chain.

we turn to methods known as Approximate Bayesian Computation, or simply ABC,
which allow simulation from the posterior distribution while avoiding any likelihood
calculations. ABC methods are most useful when the likelihood function is slow to
compute, but simulating the underlying model is fast. Intuitively, for a range of
parameters, we generate many realisations of the underlying model, and keep only
the parameters that produce ‘similar’ synthetic data to that which is observed in
reality. The most elementary of ABC algorithms is termed Exact Bayesian Com-
putation (EBC) [120], given in Algorithm 4. While EBC gives us samples that are
directly from the posterior distribution, as the dimension of the data increases, the
probability of simulating exactly the right data decreases. Further, with extremely
high dimensional data (for example time-series data), even comparing the datasets
to test for equality can be challenging.

To address the first of these issues, we relax the requirement that the simulated
data must be exactly equal, and instead require that the simulated data must be
close enough to our real data. In this thesis, we use the Chi-squared metric, defined
as

ρ(x,y) =
∑

i

(xi − yi)2

xi
, (2.17)

to evaluate ‘closeness’. To solve the second issue, instead of utilising the en-
tire dataset, we compute some summary statistics of our datasets (denoted S(·)),
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and compare these summary statistics between the two datasets. Including these
changes gives rise to an adjusted form of the Approximate Bayesian Computation
algorithm [71], given in Algorithm 5.

Result: Sampled parameters, θ1, . . . ,θn

Simulate (θ1, . . . ,θm) from prior distribution, p(θ)
Simulate data yj ∼ p(y|θj), j = 1, . . . ,m
Retain θj if yj = x

Algorithm 4: Exact Bayesian Computation Algorithm.

Result: Sampled parameters, θ1, . . . ,θn

Given summary statistics from underlying data, S(x), tolerance for
accepting parameters, ε.

Set m = 1
while m ≤ n do

Simulate θ′ from p(θ)
Simulate data y′ ∼ p(y|θ′)
Compute summary statistic, S(y′)
Compute ‘distance’ between simulated summary statistic and statistic
from underlying data, ρ′ = ρ(S(y′),S(x))
if ρ′ < ε then

Set θm = θ′

Set m = m+ 1
end

end
Algorithm 5: Approximate Bayesian Computation algorithm, adapted to
use summary statistics of the full dataset.

The Approximate Bayesian Computation algorithm works well in most situ-
ations, however, when the prior distributions are wide but the target posterior
distributions are potentially narrow, choosing the tolerance factor, ε, that gives
a good rate of convergence can be challenging. As such, the ABC algorithm we
utilise in this thesis is the Approximate Bayesian Computation Sequential Monte
Carlo algorithm [115], shown in Algorithm 6. In sequential Monte Carlo algorithms,
instead of fixing a tolerance for accepting samples at any point in the simulation,
a vector of tolerances is specified, generally decreasing at each stage. In essence,
this allows the algorithm to ‘trim’ parameter space early, removing areas that are
highly unlikely to have produced the data, and then refine the remaining areas in
order to obtain an estimate of the posterior distribution.
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Result: Sampled parameters, θ1, . . . ,θn

Given summary statistics of system, S(x).
Set ε1, . . . , εK
Set k = 0, i = 1.
while k ≤ K do

if k = 0 then
Sample θ∗∗ from p(θ)

else
Sample θ∗ from previous iteration, θ∗k−1 with weight wk−1

Perturb θ∗ to obtain θ∗∗ ∼W (θ|θ∗)
If p(θ∗∗) = 0, resample.

end
Simulate candidate dataset, x∗

if ρ(S(x),S(x∗)) ≥ εk then
Resample

else
Add θ∗∗ to population of particles, {θk}, and calculate weight as,

wik =





1, if k = 0,
p(θ∗∗)∑n

j=1 w
(j)
k−1Wk(θ

(j)
k−1,θ

∗∗)
, if k > 0

end
Repeat until n samples retained
Normalise weights, wk
Set k = k + 1

end
Algorithm 6: Approximate Bayesian Computation Sequential Monte Carlo
algorithm.
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2.5 Summary

In this chapter, compartmental modelling for infectious diseases has been intro-
duced. Markov chains have been defined, and two approaches to investigate these
processes in a stochastic and a deterministic context were presented. Finally, the
concept of inference was introduced in both a frequentist and Bayesian framework,
with methods for working in each framework provided. In the next chapter, I will
develop a compartmental model for the transmission of scabies infection, including
the dynamics of mass drug administration and investigate different intervention
strategies.





Chapter 3

Developing a scabies model

3.1 Introduction

This chapter consists of an article that is currently in press at Mathematical Bio-
sciences, in which dynamic models of scabies transmission in a high prevalence
setting are developed. The impact of both ovicidal (egg-killing) and non-ovicidal
(non egg-killing) treatment schemes is explored. The models also include the dy-
namics of mass drug administration. The models are used to investigate the impact
of varying two elements: the interval between successive treatment doses, and the
number of treatment doses in a mass drug administration program.

The model demonstrates that a long-term commitment to implementation is
needed to achieve sustained reductions in prevalence, as a single round of either
a one or two dose program is insufficient to prevent recrudescence, even without
modelling mobility and reimportation of infections. The model has identified a
number of strategies with a high likelihood of achieving eradication, some of which
are more feasible than others. These strategies include successive administration
of eight or more doses of treatment at two week intervals, annual application of
a two-dose strategy over ten years, or annual application of a three-dose strategy
over four years.
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Abstract

Infections with Sarcoptes scabiei, or scabies, remain common in many disad-
vantaged populations. Mass drug administration (MDA) has been used in such
settings to achieve a rapid reduction in infection and transmission, with the goal
of eliminating the public health burden of scabies. While prevalence has been
observed to fall substantially following such an intervention, in some instances
resurgence of infection to baseline levels has occurred over several years. To
explore the biology underpinning this phenomenon, we have developed a theo-
retical model of scabies life-cycle and transmission dynamics in a homogeneously
mixing population, and simulate the impact of mass drug treatment strategies
acting on egg and mite life cycle stages (ovicidal) or mites alone (non-ovicidal).
In order to investigate the dynamics of the system, we first define and calculate
the optimal interval between treatment doses. We calculate the probability of
eradication as a function of the number of optimally-timed successive treatment
doses and the number of years over which a program is run. For the non-ovicidal
intervention, we first show that at least two optimally-timed doses are required
to achieve eradication. We then demonstrate that while more doses over a small
number of years provides the highest chance of eradication, a similar outcome
can be achieved with fewer doses delivered annually over a longer period of
time. For the ovicidal intervention, we find that doses should be delivered as
close together as possible. This work provides a platform for further research
into optimal treatment strategies which may incorporate heterogeneity of trans-
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mission, and the interplay between MDA and enhancement of continuing scabies
surveillance and treatment strategies.

1. Introduction

Infections with the mite Sarcoptes scabiei, commonly known as scabies, re-
main common in many disadvantaged settings. In remote communities in north-
ern Australia, for example, prevalence is as high as 49% while in the Solomon
Islands and Fiji prevalence is 43% and 28% [26]. Scabies is highly contagious
and causes intense itching on the host [22]. Besides the psychological impact
due to the constant itching [14], the scratching leads to a break in the skin
layer which creates a pathway for secondary skin infections such as Group A
Streptococcus (GAS) to take hold [9]. It has been hypothesized that controlling
scabies infections could lead to a reduction in the disease burden attributable to
GAS and its sequelae [9]. However, despite multiple trials confirming the short
term effectiveness of scabicidal therapies, follow up studies in several communi-
ties have shown recrudescence of infection within months to years of treatment
cessation [20, 2, 32, 17].

Mathematical models provide useful frameworks in which to consider the
drivers of infectious disease, with a view to optimising treatment approaches.
To our knowledge, there exist only three models for scabies infection in humans
[7, 13, 19], and none of these models attempts to capture the natural history
of the mite’s life cycle in relation to the host. This omission is important
in understanding intervention effects, as the parasite’s life state can interact
critically with treatment success or failure, as we will demonstrate in this paper.

Here, we develop a model of scabies infection and use it to explore the likely
impact of mass drug administration treatment strategies. The structure of this
paper is as follows: In Section 2, we summarise the biology of the mite and
the effect of ovicidal and non-ovicidal treatments. In Section 3, we develop and
introduce a compartmental model for scabies, including the effects of different
treatment mechanisms. In Section 4, the results of the investigation into the
model are presented, and in Section 5, the implications of our investigation are
discussed and summarised.

2. Scabies Biology and Treatment

The scabies mite progresses through three general life stages: egg, young
mite and adult. The eggs are relatively well studied, and are believed to take
approximately two days to hatch [5, 31, 10]. The young mite stage is more
complex, comprising a number of developmental stages. Initially, mites are
considered larvae, and are unlikely to emerge from the burrow in which the eggs
were laid. Mites remain as larvae for approximately five days [5, 31], before
developing into Protonymphs and Tritonymphs [5, 10]. In both of the nymph
stages, the mites roam about the body [24]. Finally, the nymphs develop into
adult mites, form breeding pairs, and the pregnant female mite lays eggs. The
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second generation of adult mites appears after approximately 30 days of initial
infestation [24]. As it takes approximately five days for the nymphs to become
adults [5, 10], it follows that it must take approximately two weeks for an adult
mite to find a mate.

Consider the infestation cycle of an individual human host. An individual is
initially infected with an already impregnated mite. The pregnant mites begin
tunneling almost immediately once transferred [28], and lay two to three eggs
per day. These eggs hatch and eventually develop into adult mites, completing
the cycle of infestation.

In an individual’s first infection, a long asymptomatic phase is experienced
which lasts for up to 60 days [24]. In subsequent infections, the onset of itch-
ing is almost instantaneous due to prior sensitisation, and the mite count is
demonstrably lower.

In the absence of treatment, little is known about natural recovery. In human
experiments, however, no individuals saw natural recovery after being infected
for almost 200 days [24].

As the infestation can only begin with a pregnant mite (we discount the
logical possibility that the host has a male and non-pregnant female transferred
to them and that they subsequently mate), we assume that an individual is only
infectious if they are harboring pregnant mites.

There are three widely-used treatments for scabies: Permethrin, Benzyl Ben-
zoate and Ivermectin. Permethrin and Benzyl Benzoate are topical creams
which must be applied to the whole body for at least eight hours, a requirement
associated with poor compliance [29]. Ivermectin is administered as a single oral
dose, which is repeated 7 to 14 days later, leading to improved compliance. A
key difference between the treatments is that Permethrin and Benzyl Benzoate
are believed to be ovicidal (egg-killing), and thus only one treatment may be
necessary for clearance [9, 29]. In contrast, Ivermectin is believed to be non-
ovicidal, and so at least two treatments are required to eliminate all the stages
of the mite. In fact, two doses of Ivermectin have been shown to significantly
increase the probability of clearance, when compared with a single dose [29].
Generally, in the absence of a second non-ovicidal treatment, endogenous or
continuing self-reinfection is inevitable.

Consider again the infestation cycle of an individual. In the event of an
infested individual receiving a 100% effective non-ovicidal treatment, only the
eggs will remain on the individual. The eggs will inevitably hatch into larvae
and, in the absence of a second treatment, eventually develop into adults, con-
tinuing the cycle of infestation. To clear the infestation successfully, a second
treatment will be required before the new generation of hatched mites begins
to lay eggs.

Although no natural recovery from primary scabies infections was observed
in human studies, a reduced level of infestation was observed in subsequent in-
fections, suggestive of some degree of immune-mediated suppression [24]. More-
over, in ‘real world’ settings, continuous background treatment of scabies occurs
through public health clinics if cases are identified. In areas with endemic infec-
tion, this background treatment may occasionally be supplemented through a
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mass drug administration (MDA) using either an ovicidal or non-ovicidal treat-
ment regime.

3. Model Development

We introduce a compartmental mathematical model to characterise scabies
transmission and treatment in a population with high endemic prevalence, and
capture the potential differences between ovicidal and non-ovicidal treatments.
First, we develop the model considering the non-ovicidal treatment regime which
does not kill the eggs laid by the mite. Later we will consider the model including
ovicidal treatment.

In addition to susceptible and infectious states, a population level model of
scabies with sufficient biological fidelity to study how an MDA impacts upon the
population must also consider a number of other states. As non-ovicidal treat-
ment for scabies kills living mites, but not the eggs of the mite, it is essential to
keep track of the the proportion of the population with only eggs. This is be-
cause in the absence of a second treatment course, endogenous reinfection upon
hatching is inevitable. Given that the maturation time of the mite is notably
longer than the amount of time it takes the eggs to hatch, these life stages can
be considered mutually exclusive. As such, individuals in a population can be
broadly categorised into one of four mutually exclusive states: Susceptible (S),
Infectious (I), Infectious and with eggs present (Î), and having only eggs (Ĝ).
Throughout, we use a hat (ˆ) to signify states with eggs present. A non-ovicidal
treatment will move an infectious individual from state I to state S, or from
state Î to state Ĝ, depending on whether or not the individual currently has
eggs present. Left untreated, all modelled individuals will eventually reside in
state Î, having both living mites and eggs. The transitions of this system as a
Markov chain are given in Equations (A.1-A.5), and are represented by Figure
1. This model accounts for eggs using the Î and Ĝ states, and also accounts for
the fact that non-ovicidal treatment only kills the live mites, leaving eggs.

However, this model does not explicitly account for the sexual maturation
of the mite. This omission leads to two issues: firstly, the model implies that
as soon as any mite hatches on an individual who was only harboring eggs,
the individual is now harboring a mature, fertile adult mite. In reality, this
is not the case, as newborn mites undergo a period of sexual maturation and
development. Secondly, as a modelled individual is harboring pregnant mites
as soon as an egg hatches, the period of time until new eggs are laid under
this model construction is small, and so the likelihood of a successful second
treatment resulting in total clearance of the mites is negligible.

To address these issues, the maturation of the mite is modelled through the
introduction of two new states, Y and Ŷ , and is represented in Figure 2. Con-
tinuing the notation used thus far, the Y state represents individuals who have
only young mites, and no eggs, while the Ŷ state represents individuals who
have young mites and are also harboring eggs. Under this model construction,
the likelihood of a successful second treatment will be increased in compari-
son to the previous system, as individuals are ‘egg-free’ while in both the I
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S I Î Ĝ
βI γ

σ

Figure 1: The most basic scabies model with non-ovicidal treatment. The probability of
contact and infectiousness is represented by β, the sexual maturity by γ and the time to eggs
hatching by σ. The total number of infectious individuals is given by I = XI +XÎ . The solid
arrows represent the transitions that occur naturally, while the dashed arrows represent the
effect of a treatment event.

S I Î Ĝ

Y Ŷ

βI γ
σ

ρ
δ

Figure 2: A scabies model incorporating the life cycle of the mite, with non-ovicidal treatment.
The parameter δ represents rate at which an individual progresses from having only young
mites to having at least one mature mite, while 1/ρ represents how long until all mites hatch.
The total number of infectious individuals is given by I = XI +XÎ .

and Y states. However, an early second treatment will not clear infestation,
as individuals may still be carrying unhatched eggs (state Ŷ ). Despite these
improvements, the model does not capture any difference in relative suscepti-
bility for subsequent infections, differences in host response between the first
and subsequent infections including possible changes in relative infectiousness,
nor distinguish endogenous from exogenous reinfection, all of which are well
established phenomena of scabies infection as discussed in Section 2. Also, this
model does not consider the time it takes mites to find an appropriate partner
and mate once sexually mature.

These features are included in our full model (Figure 3). An asymptomatic
period has been introduced after the first infection (denoted by the IA and
ÎA states). We assume that repeated asymptomatic infections are unlikely,
except in the instance of very early treatment. Therefore, treatment from the
ÎA state is similar to that for any other stage of infection, transitioning to state Ĝ
under a non-ovicidal treatment scheme. Further, secondary infections have been
separated into two states. Continuing, or endogenous reinfection progresses first
through an adult mite state (M), and then through states Ic2 and Îc2 , while new
or exogenous reinfection occurs through states I2 and Î2. This model includes
all the biologically relevant features of the mite identified in Section 2, including
maturation and the production of eggs.

The model can be considered as a continuous-time Markov chain, with state
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Î Ĝ
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φβI
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Î Ĝ
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(a) Non-ovicidal treatment (b) Ovicidal treatment

Figure 3: A scabies model incorporating the life cycle of the mite, a subsequent infection
phase, and tracking exogenous and endogenous infections separately with (a) non-ovicidal
treatment and (b) ovicidal treatment. The expression for I is given in Equation (2). The
parameter ψ represents the rate at which symptoms to develop, and φ represents the relative
susceptibility for subsequent infections. The grey states in (b) are inaccessible for realistic
initial conditions.
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space,
Ω = {S, IA, ÎA, Î, Ĝ, Ŷ , Y,M, S2, I

c
2 , Î

c
2 , I2, Î2}. (1)

Let the number of individuals in state i ∈ Ω at time t be Xi(t), and X(t) =
{Xi(t)}. All events then correspond to removing an individual from a given state
and placing a new individual in the destination state; thus, the total number
of individuals in the population remains fixed. For simplicity, we suppress the
explicit dependence on time from the state of the Markov chain. For example,
an initial infection event from the state S to the state IA is given by the state
transition,

(XS , XIA)→ (XS − 1, XIA + 1) .

The dynamics of the model can be divided into two sections — the natural
transitions and the treatment transitions.

3.1. Natural Transitions

The natural transitions of the model consist of all the transitions which
occur without any treatment or intervention. We assume that the population
mixes homogeneously, and that contact rates are frequency dependent. Thus,
the initial infection transition,

(XS , XIA)→ (XS − 1, XIA + 1) ,

occurs at rate
β

N − 1
XSI(t),

where N is the number of individuals in the population and

I(t) = XIA +XÎA
+XÎ +XIc2

+XÎc2
+XI2 +XÎ2

, (2)

is the total number of infectious individuals at time t. Similarly, for subsequent
exogenous infections, the transition is,

(XS2 , XI2)→ (XS2 − 1, XI2 + 1) ,

which occurs at rate
φβ

N − 1
XS2

I(t),

where φ ∈ [0, 1] is the relative susceptibility to secondary infections.
The transition from having pregnant mites only to adult mites and eggs

(XI → XÎ) occurs at the rate at which adult mites lay eggs, γ. The rate of
developing symptoms is given by ψ. The rate for eggs to begin hatching is given
by σ, and the rate of eggs hatching (once one has hatched) is given by ρ. The
rate at which the mites mature and become adults is δ, and the rate at which
these mites form breeding pairs is α.

Finally, the model allows for human population turnover through births and
deaths. All new births enter the S class, while the per-capita death rate out of
each class is given by µ, independent of disease status. Throughout, we assume
that births and deaths are balanced, and hence the total population size, N , is
fixed.
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3.2. Treatment Transitions

Continuous background treatment is modelled using a constant per-individual
rate, τ . Mass drug administration starting at time t̄, whereby treatments are
distributed at a fixed rate for a specified period of time, [t̄, t̄ + κ), is modelled
as a constant (not per-individual) rate out of each infected class. This rate is
given by,

ωXi(t) =

{
ηXi(t̄)
κ I{Xi ≥ 0}, for t ∈ [t̄, t̄+ κ)

0, otherwise

for each infected state, where η ∈ [0, 1] is the effective coverage of the MDA,
incorporating both population coverage and efficacy, and κ is the duration of
the MDA. This rate is combined with an indicator function, I{Xi ≥ 0}, in
order to ensure each Xi(t) ≥ 0. An MDA treatment rate of this form ensures
that the expected number of individuals treated over the period of the MDA is
equal to the effective coverage of the MDA multiplied by the number of infected
individuals when the MDA is commenced.

Consider firstly treatment which is non-ovicidal. The dynamics of this treat-
ment are depicted in Figure 3(a) with the dotted arrows. For individuals who
have both eggs and mites, the first dose will move individuals to the eggs only
state, Ĝ, while an optimally timed second dose would move an individual to the
S2 state (from state Y,M or Ic2). Treatment at a non-optimal time may sim-
ply move an individual straight back to the Ĝ state (from state Ŷ if too early;
or from Îc2 if too late), and so it is important to consider the time between
treatment doses, which we term the dosage interval, for non-ovicidal scabies
treatments.

Comparatively, if treatment were ovicidal (Figure 3(b)), then the destination
state for each treatment event will be state S2, except when from the state IA,
for which S remains the destination due to an assumption of no acquisition
of immunity while experiencing asymptomatic infection. It is worth noting
that under an ovicidal treatment scheme, the states Ĝ, Ŷ , Y,M, Ic2 and Îc2 , are
ephemeral, and so play no role in the equilibrium solutions of the system.

The size of the state space, |Ω|, is prohibitively large to allow numerical
solutions to the forward equations to be found for anything but small population
sizes (N). However, the process may be simulated using the so-called Gillespie
algorithm [12]. The mean behaviour of the process can be explored using a
(deterministic) mean-field approximation. The full mean-field approximation,
which we denote by x(t), is detailed in Appendix B.

We use the ode45 routine in MATLAB to calculate numerical solutions for
this mean-field approximation. The parameter values used for this work are
detailed in Table 1, with further details provided in Appendix C. Many of the
values relating to the natural history of the mite have been determined from
laboratory experiments [5], with the exception of the mean time for a mite to lay
eggs, which is controlled by the parameter γ. We choose γ based on estimates
for the mean time to the second generation of mites appearing post-infection
[24].
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3.3. Objective Function

In order to determine optimal dosage intervals, we formulate a mathematical
optimisation problem. The objective function is chosen to be the minimum
proportion of the population who are carrying eggs over the time period of
interest. That is,

minimize
t1...tn

min(e(t))

subject to 0 < t1 < · · · < tn,
(3)

where,
e(t) = xÎA + xÎ + xĜ + xŶ + xÎc2

+ xÎ2

is the proportion of the population who have eggs at time t, and t1, . . . , tn are
the times at which a treatment dose in the MDA program occurs.

The first dosage time, t1, is entirely arbitrary, so in practice we fix t1 and
the remaining dosage times, t2, . . . , tn are determined. Solutions are calculated
numerically using the fmincon routine in MATLAB.

Note that the problem stated in Equation (3) utilises the mean-field approxi-
mation, x(t). However, the same solution could also be obtained by formulating
the problem using the mean of the Markov chain, E[X(t)], as the only difference
between the problem formulations is the constant 1/N .

4. Results

First, we establish the equilibrium dynamics in the absence of an MDA. Us-
ing the mean-field approximation, the model can be divided into three classes:
susceptible, infected and latent. The susceptible class consists of the states S
and S2, while the infected class consists of Ω\{S, S2, Ĝ}. Note that we make an
important distinction between an infected and an infectious state. Only indi-
viduals who are harboring pregnant mites, and thus in states IA, ÎA, Î, I

c
2 , Î

c
2 , I2

and Î2 are classified as infectious. Individuals who are harboring any mites
are considered infected. That is, all infectious states as well as states Y, Ŷ and
M are considered infected. The latent class consists of only the Ĝ state, as
left untreated, individuals will inevitably progress to be infected. However, the
Ĝ state is an untreatable latent state under a non-ovicidal treatment scheme,
which is different to the latent phases incorporated into other disease models
[1, 18]. These three classes produce SIS-like dynamics, as shown in Figure 4.

Before studying the actions of mass drug administration, we provide numer-
ical justification for the mean-field approximation, x(t), to the Markov chain,
X(t). Figures 5 and 6 show that the system of ordinary differential equations
given in Appendix B approximates the mean behaviour of the system well for
both non-ovicidal and ovicidal treatment strategies, even in the event of an
MDA. As such, we will focus primarily on the results from the mean-field ap-
proximation, except when considering results where the number of individuals
in a given state, Xi(t), is small.

Having established non-MDA equilibria and the utility of the mean-field
approximation, we now investigate the impact of MDA programs on the system.
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Figure 4: Overall dynamics of the system including background treatment before reaching
equilibrium using the parameters in Table 1.
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Figure 5: 50 realisations of the Markov model (grey lines), using the Gillespie algorithm,
compared with the mean-field approximation (black dotted line) with an MDA program con-
sisting of two optimally timed non-ovicidal treatment doses on (a) the proportion of infected
individuals and (b) the proportion of the population with eggs, using the parameters in Table
1.
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1.
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One crucial parameter here is the proportion of the infected population who are
successfully treated during a mass drug administration, η. For the purpose
of exploring model behaviour under an MDA with non-ovicidal treatment, we
assume that 100% of the population is treated 100% effectively. While this is
not achievable in practice, this provides a theoretical best-case scenario for an
MDA program.

4.1. Dosage Intervals

Recall that when considering non-ovicidal treatments, it is clear that at
least two doses of treatment are needed. We investigate the impact of the time
between these doses in the event of a single MDA program. A local minimum for
the optimisation problem in Equation (3) is identified in Figure 7. If the second
dose occurs too early, then not all of the eggs will have hatched (state Ŷ ), leading
to endogenous reinfection, while if the second dose occurs late, newly hatched
mites will have matured, mated and produced new eggs (state Îc2). Solving the
optimisation problem numerically using the MATLAB routine fmincon gives an
optimal dosage interval of t2 − t1 = 13.94 days for a two-dose strategy.

This dosage interval is closely linked to the modelled life-cycle of the mite.
With the parameter values in Table 1, the mean time to adult mites reappearing
(assuming no second treatment occurs) is 12 days. Intuitively, the time between
each dose should be long enough so that all of the previous eggs have hatched,
but short enough so that the number of individuals infested with eggs is small.
This aligns closely with the calculated optimal dosage interval of approximately
14 days.

Returning to Figure 5, it shows the dynamics of the system under an MDA
program that contains two optimally timed treatment doses using a non-ovicidal
treatment. It is clear that even with the assumption that treatment is maximally
effective, two doses in a single MDA program is not sufficient for eradication
of scabies from the population. In less than one year, prevalence increases
above 5% and after approximately 10 years (not pictured) the prevalence has
returned to baseline levels. The reason is that even though the prevalence of
infectious individuals was reduced to very low levels (Figure 5(a)), there remains
a proportion of the population harboring eggs (Figure 5(b)), and so endogenous
reinfection and rebound is inevitable.

Having demonstrated that two non-ovicidal doses is not sufficient for erad-
ication of scabies in this model, we now consider how many (optimally timed)
doses would be required for eradication with non-ovicidal treatment. Leaving
practical implementation issues aside, this analysis provides insight into the
power of repeated non-ovicdal treatments at the population level. For each
number of doses, we optimise the objective function in Equation (3), giving the
optimal timing for each dose, under each different scenario. In each case, the
optimal dosage interval between each dose, ti − ti−1, is between 13.2 and 14.7
days.

Working in a stochastic setting, Figure 8 shows the proportion of 1000 Gille-
spie simulations which resulted in eradication of scabies for a population size of
N = 2000 (a typical size for a high-prevalence community in northern Australia).
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Figure 7: Impact of varying dosage interval for a 100% effective MDA using a non-ovicidal
treatment, using the parameter values in Table 1, for an MDA program with two treatment
doses.
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which experienced die-out for MDA programs with varying numbers of successive optimally
timed non-ovicidal doses, using the parameter values in Table 1 and a population size of
N = 2000.
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Figure 9: Mean-field approximation of a single dose (blue) and two-dose (red) non-ovicidal,
100% effective 100% coverage treatment, performed annually for 10 years, using the parameters
in Table 1. Inset: Difference between the single and two-dose mass drug administration.

In the case of having ten optimally timed doses inside the MDA, 93%(±0.8%)
of the simulations showed eradication of scabies. This demonstrates the dif-
ficulties with achieving eradication of scabies using a non-ovicidal treatment.
Even with ten optimally timed doses, delivered in a program lasting almost 6
months and which would require drastically more resources than are currently
available, eradication is by no means guaranteed. These results were generated
under the assumption that the relative susceptibility to secondary infections was
φ = 0.5 (Table 1). Appendix D shows that these findings are robust to alterna-
tive assumptions on the level of relative susceptibility to secondary infections,
φ.

4.2. Mass Drug Administration in an annually recurring program

Thus far, we have considered only a single mass drug administration pro-
gram, with a varying number of doses. A more likely and realistic representation
of a mass drug administration program would be for a smaller number of doses
to be delivered in quick succession each year, repeated over a number of years.

Figure 9 shows the mean-field dynamics of the system when a 100% effective,
100% coverage treatment strategy is implemented annually in a one-dose and
two-dose annually recurring strategy. We show the dynamics over 10 years, but
note that for treatments beyond this point, the change in dynamics is minimal.
For a one-dose strategy, implemented annually, we observe that although the
proportion of the population who are infectious reaches a very low level imme-
diately following each treatment dose (Figure 9(a), blue line), there remains a
non-zero proportion of the population harboring eggs (Figure 9(b), blue line). It
follows that eradication is unlikely. For a two-dose strategy however, we observe
that eradication is extremely likely to be achieved over a 10 year period. This
is because the second dose (shown in the Figure 9 inset) drastically reduces the
proportion of the population carrying eggs, reducing the number of individuals
who experience endogenous reinfection, and thus increasing the likelihood of
eradication.

Figure 10 shows the proportion of 1000 Gillespie simulations that experi-
enced die-out, as a function of the number of years that a specific MDA pro-
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Figure 10: Mean of 1000 simulations of the Markov chain, X(t), which experienced die-out
for varying numbers of successive optimally timed non-ovicidal MDA treatments, with the
program being repeated annually, using the parameter values in Table 1 and a population size
of N = 2000.

gram has been running, for varying numbers of doses per year. As expected, if
the number of doses per year is high, then the proportion of simulations that
dies out is high after only one or two years of the intervention program (recall
Figure 8). Further, this figure shows that even if a two-dose strategy could
be sustained optimally for 10 years, the probability of die-out is still less than
90%. However, moving to a three-dose strategy gives a substantial increase in
eradication probability, with 90% of simulations showing eradication after four
years of the program.

4.3. Mass Drug Administration with an ovicidal treatment

Thus far, we have considered only non-ovicidal treatment for scabies. Figure
3(b) represents the dynamics using an ovicidal treatment. We now investigate
the effects of an MDA using an ovicidal treatment.

When using an ovicidal treatment with the parameters in Table 1, the preva-
lence of scabies is zero under only background treatment (using τ = 1/57.13)
due to the increased effectiveness of this treatment and assumed coverage level.
Accordingly, we recalibrate the model to give the same endemic prevalence as
used in our non-ovicidal example of 28%, achieved by setting τ = 1/173.7.

Clearly, a single dose of a maximally effective (i.e. 100% coverage, 100%
effective) MDA for an ovicidal treatment will eradicate infection in the popula-
tion. Figure 11(a) shows how variation in the coverage of an MDA influences the
outcome. Note that coverage and compliance are confounded in our model. Un-
surprisingly, between the extremes, the minimum of the proportion of infected
individuals is monotonically decreasing.

Choosing an MDA coverage of 70% and allowing for a second dose of mass
drug administration, Figure 11(b) shows the minimum proportion of the popu-
lation who are carrying eggs as a function of the interval between doses. This
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Figure 11: (a) Comparison of the coverage of an MDA using an ovicidal treatment on the
minimum proportion of infected individuals achieved and (b) impact of varying the dosage
interval using an ovicidal treatment on the minimum proportion of the population that has
eggs using the parameter values in Table 1, and τ = 1/173.7 and an MDA effective coverage
of η = 0.7.

result suggests a ‘sooner is better’ approach to a second dose of an MDA when
using an ovicidal treatment scheme. However, we emphasise this result arises
from coverage and compliance being subsumed into the same measure and so
all individuals are assumed to be equally likely to be administered treatment in
the second course.

5. Discussion

We have developed a biologically informed mathematical model of scabies in-
festations in a population which explicitly accounts for the multiple life stages of
the mite and the presence of eggs. While there have been other models of scabies
proposed [7, 13, 19], they have not captured the critical features of the life-cycle
of the mite. Our model provides a framework within which to explore the dif-
ferent consequences of ovicidal and non-ovicidal treatment strategies. Crucially,
the model is able to qualitatively reproduce the recrudescence of infection post
mass drug administration that has been observed in practice [8, 9], despite the
prevalence of scabies becoming very small.

Our analysis has demonstrated that even under the assumption of 100%
coverage and 100% efficacy for a non-ovicidal treatment, rebound of infection
levels is almost inevitable under a two-dose strategy executed for one year.
Comparatively, a single dose of an ovicidal treatment with full compliance and
effectiveness (while unrealistic) is sufficient to eradicate infection. In the event of
an MDA with a non-ovicidal treatment, we have shown that the dosage interval
should be approximately two weeks, a number closely linked to the life-cycle of
the mite. We have also considered a more practical MDA program consisting of
a small number of doses delivered annually. We have demonstrated that moving
from a two-dose to a three-dose program provides a substantial increase in the
eradication probability over a relatively short number of years.
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Furthermore, when considering the effective coverage with ovicidal treat-
ment, we demonstrated that the relationship between effective coverage and
short-term success is monotonic. If the issue with ovicidal drugs is one of compli-
ance, then it is a clear limitation of this model that compliant and non-compliant
individuals are not separated. This results in ovicidal treatment impact being
generally overestimated as in reality, the same individuals are likely to refuse
repeated offers of an intervention [11].

The model formulated here forms a basis for modelling scabies infection in a
population, but is by no means exhaustive. For example, we have not considered
reduced levels of infectiousness for subsequent infections or any form of immu-
nity. These features could potentially be included alongside an age structured
model once data becomes available [25, 27]. We have also not considered any
potential reservoirs for scabies infections. There is little published information
on differences between scabies mites which infect dogs (var canis) and those
which infects humans (var hominis). However, the current evidence suggests
that although the mites are biologically similar, infection from animal to human
appears unlikely [3, 6, 4, 30]. Bed sheets and linen are another potential envi-
ronmental reservoir for scabies infection, but previous observations have noted
that the majority of transmission is skin to skin [23, 15, 21]. Inclusion of these
reservoirs, if they were found to substantially contribute to transmission, would
however decrease probability of eradication and hasten rebound time presented
here. We have also not modelled any forms of population mobility, or the rein-
troduction of scabies infection from external sources. These factors will clearly
reduce the effectiveness of an MDA program, further decreasing the probabilities
of eradication calculated here.

This model has provided the first mathematical insight into the limited long-
term success of MDA treatment of scabies in areas of endemic prevalence, but
crucically also provides guidance into how mass drug administration strategies
may be improved.
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Appendix A. Transitions for model dynamics

Appendix A.1. Model A

The set of natural transitions is as follows: the infection transition is,

(XS , XI)→ (XS − 1, XI + 1) at rate βXS(XI +XÎ), (A.1)

while the egg-laying transition is,

(XI , XÎ)→ (XI − 1, XÎ + 1) at rate γXI , (A.2)
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and the egg-hatching transition (post-treatment) is,

(XĜ, XI)→ (XĜ − 1, XI + 1) at rate σXĜ. (A.3)

The set of treatment transitions is,

(XÎ , XĜ)→ (XÎ − 1, XĜ + 1) at rate τXÎ , (A.4)

when an individual has adult mites and eggs on them, and

(XI , XS)→ (XI − 1, XS + 1) at rate τXI , (A.5)

for an individual carrying no eggs.

Appendix A.2. Model B

The set of natural transitions is as follows: the infection transition is,

(XS , XI)→ (XS − 1, XI + 1) at rate βXS(XI +XÎ), (A.6)

while the egg-laying transition is,

(XI , XÎ)→ (XI − 1, XÎ + 1) at rate γXI , (A.7)

and the egg-hatching transition (post-treatment) is,

(XĜ, XŶ )→ (XĜ − 1, XŶ + 1) at rate σXĜ. (A.8)

The transition where the last egg hatches, and only young mites remain is,

(XŶ , XY )→ (XŶ − 1, XY + 1) at rate ρXŶ , (A.9)

and the maturation of the first mite is,

(XY , XI)→ (XY − 1, XI + 1) at rate δXY . (A.10)

The set of treatment transitions is,

(XÎ , XĜ)→ (XÎ − 1, XĜ + 1) at rate τXÎ , (A.11)

when an individual has adult mites and eggs on them,

(XŶ , XĜ)→ (XŶ − 1, XĜ + 1) at rate τXŶ , (A.12)

for when an individual has young mites and eggs and

(XI , XS)→ (XI − 1, XS + 1) at rate τXI , (A.13)

for an individual carrying no eggs.
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Appendix B. Mean Field Approximation

The full set of ordinary differential equations which make up the mean field
approximation with non-ovicidal treatment is,

ẋS = −βxSI(t) + τxIA + µ(1− xS) + ωxIA
(t),

ẋIA = βxSI(t)− (γ + τ + µ)xIA − ωxIA
(t),

ẋÎA = γxIA − (ψ + τ + µ)xÎA − ωxÎA
(t),

ẋÎ = ψxÎA − (τ + µ)xÎ − ωxÎ
(t),

ẋĜ = τ(xÎA + xÎ + xŶ + xÎc2
+ xÎ2)− (σ + µ)xĜ

+ ωxIA
(t) + ωxÎ

(t) + ωxŶ
(t) + ωxÎc2

(t) + ωxÎ2
(t),

ẋŶ = σxĜ − (ρ+ τ + µ)xŶ − ωxŶ
(t),

ẋY = ρxŶ − (δ + τ + µ)xY − ωxY
(t),

ẋM = δxY − (α+ τ + µ)xM − ωxM
(t),

ẋS2 = τ(xY + xM + xIc2 + xI2)− φβxS2I(t)− µxS2 + ωxY
+ ωxIc2

(t) + ωxI2
(t),

ẋIc2 = αxM − (γ + τ + µ)xIc2 − ωxIc2
(t),

ẋÎc2
= γxIc2 − (τ + µ)xÎc2

− ωxÎc2

(t),

ẋI2 = φβxS2
I(t)− (γ + τ + µ)xI2 − ωxI2

(t),

ẋÎ2 = γxI2 − (τ + µ)xÎ2 − ωxÎ2
(t),

where,
I(t) = xIA + xÎA + xÎ + xIc2 + xÎc2

+ xI2 + xÎ2 ,

is the proportion of infected individuals at time t.
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For ovicidal treatment, the mean field approximation is,

ẋS = −βxSI(t) + τxIA + µ(1− xS) + ωxIA
(t),

ẋIA = βxSI(t)− (γ + τ + µ)xIA − ωxIA
(t),

ẋÎA = γxIA − (ψ + τ + µ)xÎA − ωxÎA
(t),

ẋÎ = ψxÎA − (τ + µ)xÎ − ωxÎ
(t),

ẋĜ = (σ + µ)xĜ,

ẋŶ = σxĜ − (ρ+ τ + µ)xŶ − ωxŶ
(t),

ẋY = ρxŶ − (δ + τ + µ)xY − ωxY
(t),

ẋM = δxY − (α+ τ + µ)xM − ωxM
(t),

ẋS2
= τ(xÎA + xÎ + xY + xM + xŶ + xIc2 + xÎc2

+ xI2 + xÎ2)− φβxS2I(t)− µxS2 ,

+ ωxIA
(t) + ωxÎ

(t) + ωxY
+ ωxŶ

(t) + +ωxIc2
(t) + ωxÎc2

(t) + ωxI2
(t) + ωxÎ2

(t)

ẋIc2 = δxY − (γ + τ + µ)xIc2 − ωxIc2
(t),

ẋÎc2
= γxIc2 − (τ + µ)xÎc2

− ωxÎc2

(t),

ẋI2 = φβxS2
I(t)− (γ + τ + µ)xI2 − ωxI2

(t),

ẋÎ2 = γxI2 − (τ + µ)xÎ2 − ωxÎ2
(t)

Appendix C. Determining probability of contact and infectiousness,
and rate of treatment

The mean time to first infection for scabies is 225 days [16]. We utilise the
common approximation that the force of infection, λ is equal to the inverse of
the mean time to first infection [18]. That is,

λ =
1

225
.

We utilise the relationship,
λ = βI,

and take the prevalence of scabies to be I = 0.28 [26] for the purposes of this
study. This gives,

β =
λ

I
=

1

63
.

Considering the system, x(t), at equilibrium, and all parameters except τ
and φ fixed and that there is no natural recovery in this model, the rate of
new infections is equal to the combined rate of treatment and death out of each
infected state. As the death rate, µ, is much smaller than the per-individual
treatment rate, τ . it follows that,

total rate of new infections = λ(xS + φxS2
) + σxĜ = total rate of treatment.
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Figure C.12: Background treatment rate, τ , as a function of the reduction in susceptibility,
φ.

The total rate of treatment is,

total rate of treatment = τ(1− (xS + xS2
+ xĜ)),

and so,

λ(xS + φxS2) + σxĜ = τ(1− (xS + xS2 + xĜ)). (C.1)

We assume the prevalence of scabies to be 0.28 [26]. That is,

1− (xS + xS2
+ xĜ) = 0.28.

Thus,

0.28τ = λ(xS + φxS2
) + σxĜ. (C.2)

with which we cannot uniquely determine τ or φ. However, as φ is bounded
between 0 and 1, we can explore the possible range for τ by solving Equation
(C.2) numerically. This is shown in Figure C.12.

Appendix D. Investigation of relative susceptibility to secondary in-
fections

Little is known about the level of relative susceptibility to secondary infec-
tions for scabies infections. The human infection study for scabies [24] does note
an approximately 50% decreased parasite load for individuals experiencing sec-
ondary infections, but does not investigate the impact this has on transmission.
Here, we consider the entire range of possible values for the relative susceptibil-
ity, φ, and measure the influence of this on the probability of eradication. Figure
D.13 shows the estimated probability of eradication following some number of
MDA’s under a non-ovicidal treatment scheme in a population size of N = 2000.
We observe that when individuals are almost immune to secondary infections,
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Figure D.13: Mean, x̄, of 1000 simulations of the Markov chain, X(t), which experienced
die-out for varying numbers of successive optimally timed non-ovicidal MDA treatments and
a varying relative susceptibility to secondary infections, φ, with all other parameter values as
in Table 1 and a population size of N = 2000.

that is when φ is small, the eradication probability decreases. This decrease is
caused by the small rate of background treatment, τ , that is required in the
model to maintain the correct prevalence and age of first infection as discussed
in Appendix C. However, it can be seen that the probability of eradication
is relatively unchanged for a fixed number of MDA’s beyond φ = 0.2. This
suggests that the conclusions from this model are robust with respect to the
relative susceptibility, φ (and thus the background treatment rate, τ), unless
the relative susceptibility is particularly low.
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3.2 Contribution of this study

A mechanistic transmission model of scabies infection that incorporates two dif-
ferent mechanisms of treatment has been constructed. By analysing the dynamics
of mass drug administration, it has been shown that the current mass drug ad-
ministration programs which have been implemented in the Northern Territory,
Australia, are potentially too short in duration, and contain too few doses to main-
tain a sustained prevalence reduction over a long period of time.

Implementing the programs modelled in this work is of course a substantial
challenge, particularly in the resource-limited settings that this work is focussed on.
In reality, any practical program would also need to consider other determinants
of infection, such as overcrowding and general hygiene practices. None of these
factors have been included in the model. However, this work forms the basis for
these potential extensions to be included in the future.

I will return to this model in Chapter 6, where it will be coupled with a model
for skin sores transmission, and used to investigate the impact of scabies mass drug
administration on the prevalence of skin sores. Before that, I will calculate key
parameters required for models of skin sore transmission, starting with the mean
age of first infection for skin sores in five remote Aboriginal communities.





Chapter 4

Age of first infection for scabies
and Skin Sores

The key driver of dynamic transmission models is the force of infection. In a model
of endemic disease, if the system is at equilibrium, the force of infection can be
calculated as the inverse of the mean age of first infection [3]. In this chapter, I
fit three different statistical models — the Kaplan–Meier estimator, a parametric
exponential mixture model, and the Cox proportional hazards model — to time to
event data, with the aim of quantifying the mean and median age of first infection
for children born between 2001 and 2005 in five remote Aboriginal communities.

The material in this chapter is adapted from a publication titled, Calculation of
the age of the first infection for skin sores and scabies in five remote communities
in northern Australia, reproduced in Appendix A.

4.1 Data Background

The data that I will be utilising throughout this chapter is time to event data. In
this form of data, individuals are followed from birth until a specific event, which
in this case is diagnosis of disease.

4.1.1 Censoring

One of the most important concepts in data analysis is that of censoring. Cen-
soring broadly means that we only have ‘partial information’ about the event on
an individual. Individuals can be left censored, where we only know that an event
occured before a specific time; interval censored, where we only know that an event
occured between two times; or most commonly right censored, where we only know
that an event may occur after some given time. For the data considered in this
chapter, individuals are followed continuously from birth until some point in the
future and so observations are right censored.
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4.2 Survival models

The statistical models that are utilised in this chapter are known as survival mod-
els [26]. Survival analysis is a well researched field, and only a brief overview is
presented here. Let T be a random variable. The survival function, S(t), is defined
as

S(t) = P (T > t).

S(t) represents the probability that an individual survives until at least time t. A
survival function is the complement of a cumulative distribution function (CDF).
That is, S(t) is non-increasing and right-continuous. We assume that S(0) = 1,
although this is not a requirement of a survival curve.

Survival functions can be classed as either parametric, where event times are
assumed to follow some sort of distribution, or non-parametric functions, where this
assumption is removed. For parametric survival curves, it can be useful to consider
the hazard function, conventionally denoted λ(t). The hazard function represents
the event rate at time t, conditional upon survival until t. The hazard function is
related to the survival function by the following formula:

S(t) = exp

(
−
∫ t

0
λ(u)du

)
. (4.1)

In this chapter I consider three survival functions: the Kaplan–Meier estimator,
which provides the baseline hazard of the process; a parametric exponential mixture
model, which is used to calculate the mean age of first infection; and the Cox
proportional hazards model, which is used to estimate the impact of covariates on
the system.

4.2.1 Kaplan–Meier Estimator

The first survival model we consider is a non-parametric estimator known as the
Kaplan–Meier estimator [58]. The Kaplan–Meier estimator is the most widely
known form of survival curve. Let the number of events of interest by time ti be
given by di, and the total number of people at risk at time ti by ni. The Kaplan–
Meier estimator, Ŝ(t) is defined as

Ŝ(t) =
∏

i:ti≤t

(
1− di

ni

)
. (4.2)

The Kaplan–Meier estimator is piecewise-constant between events and, in the ab-
sence of censoring, follows the empirical survival distribution [58]. Denote the time
of the last observed event by tmax. If the last event observed is a censoring event,
then the survival curve,

Ŝ(t) > 0 for t > tmax.
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It follows that the mean of the estimated distribution is

µ = lim
t→∞

∫ t

0
Ŝ(u)du→∞.

This problem is not unknown, particularly in clinical trials where the observation
time is finite, but the mean time to an event is still of interest. The most common
solution to this problem is to consider the restricted mean survival time [2, 99, 119],
defined as

µτ =

∫ τ

0
Ŝ(t)dt.

Clearly, the choice of τ is important when considering the restricted mean survival
time. Given the relatively short study period for our data compared to life ex-
pectancy, and the lack of information on the timing of the first infection for both
skin sores and scabies, choosing a τ to achieve a sensible estimate is not possible.
As such, calculating the mean age of first infection from the Kaplan–Meier estima-
tor is not possible. It may still be possible to calculate the median survival time,
denoted tm. Since a survival curve is the complement of a CDF, it follows that the
median survival time, tm, is the solution to

Ŝ(tm) = 0.5.

4.2.2 Parametric Exponential Mixture Model

One of the most common choices of hazard function for parametric survival models
is a constant hazard. That is, λ(t) = λ. Substituting this into Equation (4.1) gives
a survival function of the form

S(t) = exp(−λt).

This model implies that all individuals in the population experience the same un-
changed risk throughout their lifetime. An extension of the constant hazard model
is to consider stratifying the population into two subgroups, where a proportion
of individuals, α, experience zero risk, and the remaining proportion, (1 − α), ex-
perience a non-zero constant hazard. This gives a survival function of the form

Ŝ(t) = α+ (1− α) exp(−λt). (4.3)

If α 6= 0, then limt→∞ Ŝ(t) 6= 0 also. This means that the mean age of first infection
is infinite. As such, I consider only the mean age of first infection for individuals
at risk. It follows that the mean age of infection then is simply 1/λ. Models of
this form are known as cure models, and are used to measure time to relapse in
cancer patients [31], where some patients may never relapse, while others relapse
after some period of time.
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To fit the parametric exponential mixture model to time to event data, a maxi-
mum likelihood approach is taken. For each individual, define the following 3-tuple:

(I(m), T (m), S(m)),

where I(m) is whether the the mth individual is ever infected, T (m) is the time of
infection, or −1 if the mth individual is never infected, and S(m) is whether that
infection is observed during the study. Make the following assumptions:

1. I(m) ∼ Bernoulli(1−α), that is, α is the probability that an individual escapes
infection,

2. (T (m)|I(m) = 1) ∼ Exp(λ), that is, given an individual experiences infection,
the time to first infection is exponentially distributed at rate λ.

Finally, S(m) is an indicator of whether infection was observed. Note that

S = 1⇒ I = 1,

but
S = 0 6⇒ I = 0,

as infection can happen after the observation period. The parameters that we look
to estimate are the proportion escaping infection, α, and the rate of infection, λ.
The likelihood function is thus

L(α, λ) =
∏

m

P (I(m) = im, T
(m) = tm, S

(m) = sm).

Consider just one term from this product. Suppressing the explicit dependence
on m, and utilising the law of total probability gives

P (I = i, T = t, S = s) = P (I = i, T = t, S = 0) + P (I = i, T = t, S = 1). (4.4)

Considering the first term of Equation (4.4), note

P (I = i, T = t, S = 0) = P (T = t, S = 0|I = 0)P (I = 0)

+ P (T = t, S = 0|I = 1)P (I = 1). (4.5)

As I ∼ Bernoulli(1 − α), it follows that P (I = 0) = α and P (I = 1) = 1 − α.
Also, as I = 0⇒ S = 0, it follows that

P (T = t, S = 0|I = 0) = 1, (4.6)
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so the first term of Equation (4.5) is

P (T = t, S = 0|I = 0)P (I = 0) = α. (4.7)

Consider now the second term of Equation (4.5). This corresponds to the proba-
bility that an individual is infected, but not during the study period, d, i.e.

P (T > d|I = 1) = e−λd.

Thus, the second term of Equation (4.5) is

P (T = t, S = 0|I = 1)P (I = 1) = (1− α)e−λd ∀t > d (4.8)

and so the first term of Equation (4.4) is

P (I = i, T = t, S = 0) = α+ (1− α)e−λd, (4.9)

where d is the censoring time for the individual.
Next, we turn to the second term of Equation (4.4). Again, by utilising the law

of total probability,

P (I = i, T = t, S = 1) = P (T = t, S = 1|I = 0)P (I = 0)

+ P (T = t, S = 1|I = 1)P (I = 1).
(4.10)

As I = 0⇒ S = 0,
P (T = t, S = 1|I = 0) = 0.

The second term of Equation (4.10) is the probability of infection at time t, mul-
tiplied by the probability of infection, which is

P (T = t, S = 1|I = 1)P (I = 1) = (1− α)λe−λt.

Thus, the second term of Equation (4.10) is

P (I = i, T = t, S = 1) = (1− α)λe−λt. (4.11)

Combining Equations (4.9) and (4.11) gives

P (I = i, T = t, S = s) =




α+ (1− α)e−λd if s = 0,

(1− α)λe−λt if s = 1,

which results in the likelihood function

L(α, λ) =
∏

m




α+ (1− α)e−λdm if sm = 0,

(1− α)λe−λtm if sm = 1.
(4.12)
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Recall from Section 2.1 that 1/λ is the mean age of first infection. We can also
calculate the median age of first infection, denoted Am. For this model, the median
can be directly calculated by solving

α+ (1− α)e−λAm = 0.5,

which yields

Am = − 1

λ
log

(
0.5− α
1− α

)
.

If α = 0, then this expression collapses to the standard median for an exponential
distribution.

4.2.3 Cox Proportional Hazards Model

The final survival model utilised is the Cox Proportional Hazards model, commonly
referred to as the Cox model [25]. This model allows for the effect of covariates
on survival. Although in general covariates can be time-dependent, here I only
have need to consider the constant covariate case. The hazard function for the Cox
model has the form

λ(t,x) = λ0(t) · exp(c1x1 + · · ·+ cnxn), (4.13)

where x1, . . . , xn are the values of the covariates for an individual and c = (c1, . . . , cn)

are the regression coefficients, which are calculated as part of the fitting process.
In this chapter, I will report the hazard ratio, eci . The function λ0(t) is known
as the baseline hazard function. Here, the baseline hazard is taken to be to be
the Kaplan–Meier estimator described in Section 4.2.1. Clearly, if we set x = 0,
then λ(t,x) = λ0(t), the baseline hazard. In essence, this hazard function gives a
constant ‘shift’ of the hazard according to covariates. In general, a hazard ratio,
eci > 1 implies that the ith covariate is associated with an increased hazard. Con-
versely, a hazard ratio, eci < 1 implies that the ith covariate is associated with a
decreased hazard. Finally, if a hazard ratio, eci = 1, then covariate i has no impact
on hazard.

Although in general the value of covariates can be real valued, in the work
detailed here each covariate is binary. That is, each xi = 1 or 0 respectively.

Substituting the hazard function in Equation (4.13) into Equation (4.1) gives a
survival function of the form

Ŝ(t) = exp(λ0(t) · exp(c1x1 + · · ·+ cnxn)). (4.14)

The key assumption in the Cox proportional hazards model is called the pro-
portional hazards assumption. This assumption states that each of the regression
coefficients, ci, are constant over time. This assumption can be tested using the
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weighted residuals of the fitted Cox model compared to the empirical survival func-
tion, where only non-censored individuals are included [47]. The results of this test
are presented in Section 4.4.6.

The Cox model is fit using the maximum likelihood approach in the R package
survival [112, 113], using Efron’s approximation for tied event times [39].

4.3 Data Details

Data were originally collected as part of the East Arnhem Healthy Skin Project
(EAHSP), which took place between 2004 and 2007, by the Menzies School of
Health Research, in partnership with five remote communities. These communities
were anonymised and are reported as communities A through E respectively. Ac-
tive surveillance of skin infections was conducted over the three year period, with
an aim to reduce the prevalence of skin infections including scabies and skin sores.
This active surveillance included an annual ‘healthy skin day’, which provided mass
community treatment for scabies, and referral to the public health clinic for further
treatment. For infants and young children whose carers provided consent, all pri-
mary health care visits from birth up to 4.75 years of age for children born January
2001 - December 2005 were retrospectively audited [4].

Although the data on which these findings are based were collected more than
a decade ago, the clinical picture of GAS and scabies remains relatively unchanged,
despite short-term demonstration of intervention effectiveness. While recent reports
do indicate some improvements in the general health of Aboriginal populations
living remotely [11, 60], contemporary prevalence estimates of skin sores and scabies
demonstrate an unacceptably high ongoing disease burden [14, 60, 97]. Further,
the use of primary health care presentation data can underestimate the age of first
infection and infection burden. The high endemic prevalence of scabies and skin
sores has resulted in ‘social normalisation’ of skin infections [4, 121], potentially
leading to a delay in presentation to the primary health care service with either
skin sores or scabies. If true, this would mean that the methods used in this chapter
would estimate the age of first infection to be later than in truth, meaning that
the force of infection would be underestimated. Without any other validation data
however, we cannot qualify this assumption, or quantify the potential bias.

Analysis of three separate but overlapping cohorts have been published previ-
ously [22, 61, 76]. The details of these three cohorts are contained in Table 4.1.
The three studies were merged into a single dataset and duplicate entries removed.
Children born after 2005 were excluded from the analysis, as the period of active
recruitment for the study ended in 2005. This synthesis resulted in a total of 365
unique children. For each child, the earliest date of infection for skin sores and
scabies was identified. For children not experiencing infection, the date of the last
primary health care presentation in the pooled dataset was used as the censoring
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Table 4.1: Period, size and duration of the three studies which have
been amalgamated for this work.

Study Period Size Duration Communities
Kearns et. al. Jan 01 – May 07 320 0–12 months of age A, B, C, D, E

McMeniman et. al. Feb 02 – Dec 07 99 0–24 months of age C
Clucas et. al. Jan 02 – Sept 05 174 0–60 months of age A, E

date. The assembled cohort represents approximately 20% of all births in the study
communities over the period [4].

It is important to note that, as is expected of retrospective medical record
reviews, many presentations included no information about either skin sores or
scabies. Here absence of information is assumed to represent an absence of disease.
However, the period of data collection and review occurred around a period of a
mass community intervention that is likely to have improved both presentation
rates and reporting for skin disease. As the involved public health clinic services
were community based and governed, access to culturally appropriate care was
assumed.

Ethics approval for reuse of existing data was obtained from The Human Re-
search Ethics Committee of the Northern Territory Department of Health and Com-
munity Services and Menzies School of Health Research (Ethics approval number
2015-2516). Permission was also obtained from the custodians of each dataset.

The considered covariates were: Gender; Community; After Healthy Skin Pro-
gram; Birth Year; Birth Quarter; and Birth Season (Wet, Dry). Details about the
distribution of covariates is contained in Table 4.2.
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Table 4.2: Summary of distribution of covariates across the study
population.

Gender N %
Male 204 56%
Female 161 44%

Community
A 53 14%
B 91 25%
C 99 27%
D 40 11%
E 82 23%

After Healthy SKin Program
Pre 287 78%
Post 78 22%

Birth Year
2001 50 14%
2002 78 21%
2003 103 28%
2004 84 23%
2005 50 14%

Birth Quarter
Jan–Mar 103 28%
Apr–Jun 91 25%
Jul–Sept 85 23%
Oct–Dec 86 24%

Birth Season
Wet 179 51%
Dry 186 49%
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4.4 Results

4.4.1 Study Population

The dataset contains 365 children with 204 males and 161 females (Table 4.2). In-
dividual follow-up time differed based on the study protocol under which they were
recruited (Table 4.1). The median number of primary health care presentations for
a child was 19 (IQR 13− 28) times in the first year of life, and 15 (IQR 8− 22) in
the second year of life.

4.4.2 Primary health care presentations

Skin sores were recorded at least once for 307 (84%) of the 365 children and scabies
for 260 (71%) children. Of these, 251 (69%) child health records reported at least
one episode of scabies and at least one episode of skin sores. The most frequent
age of first infection for skin sores and scabies was similar at three to four months
with no first infections reported after the age of 32 months (Figure 4.1).

The curves showing best model fits from the Kaplan–Meier estimates of the sur-
vival curve, the parametric model and the Cox model by community, reveal similar-
ities in the age of acquisition of skin sores across all communities, but demonstrate
differences in the age of acquisition of scabies (Figures 4.2 and 4.3).

4.4.3 Skin Sores

The parametric model identified the mean age of first infection with skin sores as
10.2 months (95% CI 9.4 − 11.8), with a median of seven months (95% CI 6.9 −
9.5). These values were remarkably consistent across all communities with widely
overlapping confidence intervals, and almost no children remaining uninfected in
the first 60 months of life (Table 4.3, Figure 4.2).

Figure 4.1: Histogram of recorded ages of first infection for skin
sores and scabies, using public health network presentation data,
for children born between January 2001 and December 2005 across

five remote Australian communities.
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Figure 4.2: Comparison of the distribution of age of first infection
for skin sores for children born between January 2001 and December
2005 across five remote communities (here coded as A, B, C, D and
E to protect community privacy). The distributions are estimated
from the Kaplan–Meier estimator, the parametric model and the

Cox model fitted by community.

Table 4.3: Presentations with skin sores, by community of residence
(here coded as A, B, C, D and E to protect community privacy). The
proportion of children remaining uninfected by the end of the study
period is reported, together with the age of first skin sore clinic pre-
sentation. Ages are reported as means and medians in months, with

95% confidence intervals calculated using the parametric model.

Community Uninfected Proportion Mean age of first Median age of first
infection [months] infection [months]

A < 0.001 (0, 0.01) 11.0 (8.8, 14.5) 7.6 (6.7, 10.7)
B < 0.001 (0, 0.08) 10.1 (8.2, 12.8) 7.0 (6.1, 9.1)
C < 0.001 (0, 0.08) 9.8 (8.2, 12.5) 6.8 (6.1, 9.1)
D < 0.001 (0, 0.10) 9.2 (6.8, 12.2) 6.5 (5.2, 8.9)
E < 0.001 (0, 0.10) 10.1 (8.2, 12.6) 7.0 (6.0, 9.1)
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Figure 4.3: Comparison of the distribution of age of first infection
for scabies for children born between January 2001 and December
2005 across five remote communities (here coded as A, B, C, D and
E to protect community privacy). The distributions are estimated
from the Kaplan–Meier estimator, the parametric model and the

Cox model fitted by community.

Table 4.4: Presentations with scabies, by community of residence
(here coded as A, B, C, D and E to protect community privacy). The
proportion of children remaining uninfected by the end of the study
period is reported, together with the age of first scabies clinic pre-
sentation. Ages are reported as means and medians in months, with

95% confidence intervals calculated using the parametric model.

Community Uninfected Proportion Mean age of first Median age of first
infection [months] infection [months]

A 0.22 (0.13, 0.36) 8.3 (6.0, 11.4) 8.5 (6.3, 13.9)
B < 0.001 (0, 0.15) 14.5 (11.2, 18.0) 10.1 (8.9, 13.6)
C 0.14 (0.09, 0.25) 8.9 (7.1, 10.6) 7.7 (6.4, 10.0)
D < 0.001 (0, 0.11) 9.4 (7.1, 12.6) 6.5 (5.2, 8.9)
E 0.15 (0.09, 0.26) 7.0 (5.4, 8.8) 6.2 (4.9, 8.5)
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Table 4.5: Estimated values for the hazard ratios of a Cox re-
gression model for the age of first infection with skin sores, using
public health network presentation data for children born between
January 2001 and December 2005. Baseline covariates were Gen-
der=male, Community=A, After Health Skin Program=False, Birth

Year=2001 and Birth Season=Dry.

Covariate Hazard Ratio 95% CI p-value
Gender Male 1.00 Reference

Female 0.92 (0.74, 1.16) 0.499

Community A 1.00 Reference
B 1.21 (0.83, 1.78) 0.299
C 1.19 (0.83, 1.70) 0.338
D 1.59 (1.01, 2.48) 0.043
E 1.33 (0.92, 1.92) 0.135

After Healthy False 1.00 Reference
Skin Program True 1.23 (0.93, 1.63) 0.146

Birth Year 2001 1.00 Reference
2002 0.90 (0.61, 1.34) 0.612
2003 0.85 (0.59, 1.23) 0.382
2004 0.91 (0.62, 1.33) 0.625
2005 1.10 (0.71, 1.71) 0.654

Birth Quarter Jan–Mar 1.00 Reference
Apr–Jun 1.07 (0.79, 1.47) 0.637
Jul–Sept 0.87 (0.63, 1.19) 0.380
Oct–Dec 1.50 (1.10, 2.04) 0.010

Birth Season Dry 1.00 Reference
Wet 0.86 (0.68, 1.07) 0.179

Estimates for the univariate hazard ratios for each covariate in Table 4.2 are
shown in Table 4.5. Although the estimates by community for the mean age of
first infection with skin sores have overlapping confidence intervals, the Cox model
identified residence in community D as having a statistically significant effect on the
median age of first skin sore presentation (HR 1.89, 95% CI 1.01−2.48, p = 0.043).
Residence in the remaining communities were not identified as having a statistically
significant effect. Birth quarter October–December was also identified as being
statistically significant (HR 1.50, 95% CI 1.10− 2.04, p = 0.010). This association
was present both before and after the healthy skin program, which occurred in
September 2004 and 2005, demonstrating that the effect of birth quarter effect was
unlikely caused by the intervention.

4.4.4 Scabies

For scabies, the estimated mean age of first infection from the parametric model
was 8.6 months (95% CI 7.8−9.6), with a median of 7.6 months (95% CI 7.1−9.0).
Unlike for skin sores, there were clear differences in the mean and median ages of
first scabies infection by community of residence, with means ranging from 7.0 to



68 Chapter 4. Age of first infection for scabies and Skin Sores

Table 4.6: Estimated values for the coefficients of a Cox regression
model for the age of first infection with scabies, using public health
network presentation data for children born between January 2001
and December 2005. Baseline covariates were Gender=male, Com-
munity=A, After Health Skin Program=false, Birth Year=2001 and

Birth Season=Dry.

Covariate Hazard Ratio 95% CI p-value
Gender Male 1.00 Reference

Female 0.90 (0.70, 1.15) 0.404

Community A 1.00 Reference
B 0.86 (0.56, 1.31) 0.477
C 1.14 (0.77, 1.69) 0.522
D 1.74 (1.09, 2.79) 0.021
E 1.30 (0.87, 1.96) 0.200

After Healthy False 1.00 Reference
Skin Program True 1.09 (0.80, 1.48) 0.599

Birth Year 2001 1.00 Reference
2002 1.10 (0.73, 1.67) 0.649
2003 0.96 (0.65, 1.42) 0.825
2004 0.86 (0.57, 1.31) 0.485
2005 0.95 (0.60, 1.53) 0.846

Birth Quarter Jan–Mar 1.00 Reference
Apr–Jun 1.03 (0.74, 1.44) 0.840
Jul–Sept 0.87 (0.62, 1.42) 0.423
Oct–Dec 1.01 (0.72, 1.42) 0.938

Birth Season Dry 1.00 Reference
Wet 1.02 (0.80, 1.30) 0.875

14.5 months and medians from 6.2 to 10.1 months. In communities A, C and E, it
is estimated that 22%, 14% and 15% of the children escaped infection respectively.
Comparatively, all children were estimated to experience infection in communities
B and D (Table 4.4), demonstrating clear heterogeneity in the experience of infec-
tion. This heterogeneity is also observed in the estimates obtained from the Cox
model (Table 4.6), where community D was identified as statistically significant
(HR 1.74, 95% CI 1.09− 2.79, p = 0.021). The overall hazard for scabies infection
was markedly higher in this community than all others, as shown in Figure 4.3.

4.4.5 Investigation of model fit

We now investigate whether the assumption of constant hazard, that is, λ(t) = λ,
is an appropriate estimate of the survival function. For this section we will assume
the Kaplan–Meier estimator given in Equation (4.2) is the best representation of
the truth, although with a relatively small number of individuals, this may not be
the case.

Figure 4.4 shows the residuals between the Kaplan–Meier estimator and the
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Figure 4.4: Residuals between the Kaplan–Meier estimator and the
parametric model for skin sores, stratified by community. Each
model has been fitted using public health network presentation data

for children born between January 2001 and December 2005.

parametric model for skin sores, stratified by community. The residuals are calcu-
lated as,

R(t) = ŜP (t)− ŜKM (t),

where ŜP (t) refers to the parametric model and ŜKM (t) is the Kaplan–Meier es-
timator. A negative residual would imply that the parametric model predicts an
infection earlier in life, whereas a positive residual would imply that the paramet-
ric model predicts an infection later in life. Figure 4.4 reveals a systematic bias
in the parametric model: an over-estimate of the hazard early in life (that is, an
under-estimate of the age of first infection), which transitions into an over-estimate
as time moves on (that is, an underestimate of the age of first infection). This
bias is somewhat expected. The parametric model assumes that from birth a child
experiences a constant hazard, which in reality is unlikely to be true. There are a
number of age-dependent effects that may impact infection hazard. For example,
in the Northern Territory, almost all infants are born into hospital [12] and so we
should expect the hazard to be low at this early stage of life due to a relative lack
of exposure to infected individuals.

A similar trend can be seen in the residuals between the Kaplan–Meier estimator
and the parametric model for scabies, as seen in Figure 4.5. Again, we hypothesise
that the reason for this bias is due to infants being born in hospital.

4.4.6 Proportion hazards assumption

Each covariate was tested for the proportional hazards assumption using the weighted
residuals [47]. While some levels of certain covariates did reach significance at the
5% level, indicating that perhaps proportional hazards does not hold (Tables 4.7
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Figure 4.5: Residuals between the Kaplan–Meier estimator and the
parametric model for scabies, stratified by community. Each model
has been fitted using public health network presentation data for

children born between January 2001 and December 2005.

and 4.8), the global tests for each covariate all did not reach significance, and so it
is assumed that the proportional hazards assumption is not violated.
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Table 4.7: Investigation of the proportional hazards assumption for
a Cox regression model for the age of first infection with skin sores,
using public health network presentation data for children born be-
tween January 2001 and December 2005. Baseline covariates were
Gender=male, Community=A, After Healthy Skin Program=false,

Birth Year=2001 and Birth Season=Dry.

Covariate p-value
Gender Male Reference

Female 0.839

Community A Reference
B 0.501
C 0.894
D 0.370
E 0.803

After Healthy False Reference
Skin Program True 0.630

Birth Year 2001 Reference
2002 0.001
2003 0.499
2004 0.100
2005 0.266

Birth Quarter Jan–Mar Reference
Apr–Jun 0.520
Jul–Sept 0.049
Oct–Dec 0.082

Birth Season Dry Reference
Wet 0.210
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Table 4.8: Investigation of the proportional hazards assumption for
a Cox regression model for the age of first infection with scabies,
using public health network presentation data for children born be-
tween January 2001 and December 2005. Baseline covariates were
Gender=male, Community=A, After Healthy Skin Program=false,

Birth Year=2001 and Birth Season=Dry.

Covariate p-value
Gender Male Reference

Female 0.834

Community A Reference
B 0.512
C 0.991
D 0.469
E 0.600

After Healthy False Reference
Skin Program True 0.582

Birth Year 2001 Reference
2002 0.001
2003 0.499
2004 0.100
2005 0.266

Birth Quarter Jan–Mar Reference
Apr–Jun 0.520
Jul–Sept 0.049
Oct–Dec 0.082

Birth Season Reference
Wet 0.210



Chapter 4. Age of first infection for scabies and Skin Sores 73

4.5 Discussion

In this chapter, the age of first infection for both skin sores and scabies among
children from five remote communities in the Northern Territory has been esti-
mated. Estimation of the age of first infection is important to inform development
of transmission models of both GAS and scabies [64]. Differences in the mean and
median age of first scabies infection were observed across communities, revealing
heterogeneity in the force of infection. Despite this fact, the mean age of skin sore
infection was remarkably consistent across communities, with a lower median ob-
served in the one community with heightened scabies risk relative to the others.
Anecdotally, this heightened risk may have been associated with a case of crusted
scabies in that community (Personal communication, Dr. Kearns, Menzies School
of Health Research). It is important to note the assumption that absence of in-
formation on skin sores or scabies was assumed to mean absence of infection. The
general consistency of skin sore findings across the communities reported here, and
also in a related study (Cuningham et. al, under review), provided reassurance that
ascertainment was not biased by clinic of attendance.

Comparison of the median age of first infection in this study with earlier esti-
mates obtained from single cohorts demonstrates the importance of including all
available population data, including uninfected individuals, and the value of pool-
ing estimates from related studies conducted over different timeframes. Previous
analysis of a subset of the data contained here — in which individuals were followed
for 12 months and censoring was not accounted for — reported the median age of
first infection as five months for skin sores, and four months for scabies [61]. This
analysis provides consistent values utilising a similar subset of data. However, by
including longer durations of follow-up and accounting for censoring, we have esti-
mated a notably later age of first infection. By utilising the Cox regression model,
we have also been able to formally explore community-level differences in age of
first infection for skin sores and scabies.

When investigating the fit of each of the statistical models, a systematic bias was
observed where the rate of infection was overrestimated early and underestimated
late. This suggests that the assumption of a constant hazard (and thus force of
infection) is possibly untrue. It is important to note that this dataset is only for
children under five years of age, at which point they start school. It is expected
that at this point, mixing patterns of an individual change, further increasing an
individual’s experienced hazard. However, without longitudinal data on older age
groups of individuals, it is impossible to determine the extent of this variation.

No statistically significant difference by season of birth (wet, dry) in the age
of first infection with either skin sores or scabies was observed in this study. This
is consistent with the analysis of previous prevalence-based studies in these study
populations [4] and suggests that the force of infection in the wet and dry season is
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relatively similar [3]. It is worth noting that historical studies in more temperate
climates such as the United States of America have reported a higher prevalence of
GAS in the summer season [29, 35, 70, 89], which would indicate an increased force
of infection, or conversely a lower force of infection in cooler months when skin is
covered [5, 29]. Previous observations of an impact of low humidity on the risk of
some skin conditions [101] may explain our finding of an increased skin sore (but not
scabies) hazard for children born between October and December, as the average
age of first infection for children born in this period is between March and June,
which is generally a period of lower humidity [10]. This finding warrants additional
investigation to see whether it is reproduced in similar clinic-based cohort studies.

The estimated early mean age of first infection adds to existing knowledge of
the high burden and intensity of transmission of skin pathogens in Aboriginal com-
munities in northern Australia [46]. In comparison to previously published studies
in these communities [22, 61, 76], this analysis has estimated the age of first infec-
tion for a larger cohort (approximately 20% of all births in the study communities),
and accounted for the right censored nature of the data which is a critical step in
accurately estimating the age of first infection [25]. The influence of community
on the force of infection is important to explore in greater depth when planning
interventions, which may need to be tailored to the particular drivers in each com-
munity. Of particular concern in the Northern Territory are crusted scabies infec-
tions that have been identified previously as core transmitters in communities with
high scabies prevalence [54, 60]. With new treatments for scabies such as Iver-
mectin and potentially Moxidectin becoming the standard [4, 60, 81], recent efforts
in controlling disease in these communities are beginning to show some success [8,
11], although strategies for sustained control have remained elusive, likely due to
extreme (and heterogenous) infection pressure [28, 54, 81].

One key limitation in this study is that we have considered only the first infec-
tion for each individual. If the main quantity of interest was the force of infection,
then we are effectively assuming that the first infection is indicative of future in-
fections, which may not be the case. This is an assumption that will be relaxed in
the next chapter.



Chapter 5

The force of infection and
infectious duration for skin sores

In this chapter, a dynamic transmission model for skin sores is utilised to esti-
mate two key quantities: the force of infection, and the duration of infectiousness,
from three separate historical datasets. Recall from Section 1.1.1 that there is lit-
tle available information about immunity to skin sores infection. In the absence
of this information, it is assumed that skin sore transmission follows the dynam-
ics of the Susceptible-Infectious-Susceptible (SIS) model. Three separate datasets
are analysed, all from remote Australian communities, documenting the infection
dynamics of skin sores in individuals. The first dataset consists of public health
network presentation data for 404 children under five years of age [22, 61, 76]; the
second contains longitudinal data for 844 individuals from three rural Australian
communities, collected during household visits [74]; and the third is formed from
survey visits for 163 individuals which were obtained as part of a mass treatment
program [17]. To analyse these data, the SIS model is linearised about the endemic
equilibrium, transforming the non-linear process into a form of constrained birth–
death process. An expression for the likelihood of the two model parameters, as
a function of the given data, is derived. By utilising Markov chain Monte Carlo
methods, estimates of the force of infection, the duration of infectiousness, the ba-
sic reproductive ratio, R0, and the prevalence of infection are obtained. Finally,
by utilising optimal experimental design, the optimal sampling strategy to inform
estimation of these parameters for use in future studies is obtained.

Consider the stochastic representation of the Susceptible-Infectious-Susceptible
(SIS) model [64]. In this model, individuals are considered either susceptible (S)
or infectious (I). Recall from Section 2.4 that inference when the state space is
large poses a significant compuational challenge. As such, to perform inference on
this model, the SIS model is approximated by a two-state process with constant
transmission. This model avoids the limitations posed by the state space of the full
SIS model, and allows rapid evaluation and inference of the parameters of interest.

75
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Table 5.1: Transitions of the SIS model. The force of infection is
given by λ, the transmisibility parameter β and the rate of recovery

by γ.

State ∆ Rate
(S, I) (−1,+1) λ := βI
(S, I) (+1,−1) γ

5.1 Linearising the SIS Model

The standard SIS model can be described using two transitions, infection and recov-
ery, and two parameters, the transmissibility parameter, β, and the rate of recovery,
γ (Table 5.1). Ignoring demographic processes, the total number of individuals in
the population is fixed.

One of the most important quantities in infectious disease modelling is the
basic reproductive ratio, R0, defined as the number of infection events caused by a
single infectious host, in an otherwise susceptible population. Recall that the basic
reproductive ratio functions as a threshold parameter, where if R0 ≤ 1, an outbreak
of disease will not occur, while if R0 > 1, then there is a non-zero probability of a
disease outbreak occurring. For the SIS model, the basic reproductive ratio is

R0 =
β

γ
.

The quasi-equilibrium solution of the SIS model is well known [63], and the endemic
prevalence of disease is

I∗ = 1− 1

R0
.

The force of infection, λ(t) is defined as,

λ(t) := βI(t).

At equilibrium, the prevalence is approximately constant, and so the force of infec-
tion can be approximated by

λ(t) = βI∗ ≈ λ.

By performing this linearisation, it is assumed that the dynamics of disease are
and remain at equilibrium. It follows that we may consider a single individual. The
generator matrix for the Markov chain for the life-course of that individual is

Q =

[
−λ λ

γ −γ

]
,
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and the matrix exponential of Q is

P (t) = eQt =
1

γ + λ

[
γ + λe−t(γ+λ) λ− λe−t(γ+λ)

γ − γe−t(γ+λ) λ+ γe−t(γ+λ)

]
. (5.1)

The matrix in Equation (5.1), combined with an initial state and time t, gives
the probability distribution for the Markov chain. It is possible to calculate ex-
pressions for the equilibrium prevalence, I∗, and the basic reproductive ratio, R0,
in terms of λ and γ. Solving for the equilibrium distribution of the linearised SIS
model

πQ = 0,

gives the equilibrium prevalence

I∗ =
λ

λ+ γ
. (5.2)

From the standard SIS model, it is also known that the basic reproductive ratio,
R0 = β/γ, and λ = βI∗. It follows that the basic reproductive ratio, R0, is given
by

R0 =
β

γ
=

λ

γI∗
,

and substituting Equation (5.2) gives

R0 =
λ+ γ

γ
. (5.3)

Given these simple closed form expressions for the key quantities of interest,
it is possible to perform estimation in a Bayesian setting, using interval-censored
data.

5.2 Data Details

Three separate datasets collected in Aboriginal Australian communities are con-
sidered in this study: data from public health network presentation data on 404
children from birth to five years of age (referred to as the PHN dataset); data for
844 individuals from three communities, collected during household visits (referred
to as the HH dataset); and data from 163 individuals who were observed as part of
a mass treatment program in a single community (referred to as the CRI dataset).
Each dataset consists of longitudinal observations of each individual, where their
infection status is recorded at each observation. The times between presentations
are heavily right skewed in each dataset, with a median time to next presentation
of 9 days for the PHN data, 61 days for the HH data and 119 days for the CRI data.
The number of observations in total is also highly variable with 13,439 observations
in the PHN data, 4,507 in the HH data and 626 in the CRI data. Kernel density
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estimates of the distribution of time until the next presentation, with the observed
data overlayed, are shown in Figure 5.1. The suitability of each of these datasets
for inferring the force of infection, λ, rate of recovery, γ, and the basic reproductive
ratio, R0 is investigated in Section 5.3.4.

5.2.1 Data Structure

Recall that the datasets which are considered consist of longitudinal observations
for each individual, with an individual’s infection status being noted as either sus-
ceptible or infected at each point. The observation is not continuous in nature, with
the individual’s infection status only being known at each sampling point. Data of
this form are known as interval-censored, or panel data. Interval-censored data are
common in epidemiology, and inference in a frequentist setting is well established
[57]. Let the state of individual j at observation i be Xi,j , and the time at which
the ith observation made be ti,j . The likelihood for a single individual, j, can be
evaluated as

Lj(λ, γ) =
∏

i

PXi,j ,Xi+1,j (ti+1,j − ti,j),

which is the relevant entry of the P matrix in Equation (5.1), evaluated at the time
difference between observations, ti+1,j − ti,j . It follows that the likelihood for the
entire population is

L(λ, γ) =
∏

j

Lj(λ, γ). (5.4)

It is important to note that the likelihood in Equation (5.4) has assumed what
is known as ignorable sampling times. That is, the sampling times are chosen
independently of the outcome of the process. When sampling times are chosen in
advance, as they were in the HH and CRI datasets, then the sampling times have
been proven to be ignorable [57]. For the PHN data, observations were made under
what is termed a doctor’s care scheme, whereby the next observation time is chosen
at the current observation time, and based on an individual’s disease state at that
time. The sampling times are proven to be ignorable if the following two conditions
are true [49]:

• The probability of being in a given disease state uj at time tj , given all infec-
tion history until this point, Hj−1, is independent of whether an examination
is carried out at this time and past examination times, and

• The conditional distribution of the jth observation time, tj = P (Tj = tj |Hj−1),
where Tj is the random variable representing the time of the jth infection, is
functionally independent of the transmission parameters.

The first of these conditions effectively means that the probability that an indi-
vidual is either susceptible or infectious at time tj , given all past information, is
independent of tj , and all past examinations. As treatment is prescribed by a
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Figure 5.1: Distribution of time between presentations for each of
the three datasets — PHN, HH and CRI — with the time between

observations overlayed.

doctor’s visit, it is possible that this condition is violated. However, the dataset
does not contain information on the form of treatment administered meaning that
it cannot be assumed that the administered treatment is for skin sores. Further,
it is noted that the estimate of infectious period in any modern setting will be
augmented by treatment. As such, it is assumed that this condition is true. The
second condition means that the next observation time is conditionally independent
of the transmission process. This condition is assumed to be true here due to the
high frequency of presentation in this dataset, even when an individual does not
have skin sores. It is important to note that it has been proven impossible to test
whether or not a sampling scheme is ignorable. The analysis proceeds on the basis
that all sampling schemes in the given data are ignorable, but it is noted that this
may not be the case.

Both the force of infection, λ, and the infectious period, γ are estimated in
a Bayesian context using Markov chain Monte Carlo estimation (MCMC). The
MCMC is performed using the No-U-Turn sampler (see Algorithm 3, page 22),
implemented in Stan [106], using 10, 000 iterations for 4 chains, for a total of
40, 000 iterations. The code used to perform this estimation is available at
http://github.com/MikeLydeamore/TMI/.

5.3 Results

I first start by verifying the methodology through the use of a simulation esti-
mation study, whereby individuals are simulated from the linearised SIS model,
and attempt to recover parameters through the estimation routine detailed in the
previous section. Then, the estimation method is applied to the observational data.
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5.3.1 Verification of methodology

There are multiple places for stochastic variability in this setting, including the
underlying population which is observed, the realisation from the observation dis-
tribution and the MCMC method itself. The first two of these potential causes for
variation are investigated in detail here.

To investigate the variability in the underlying population, the estimation pro-
cedure is performed on 64 randomly generated populations from the linearised SIS
model, and each of the 400 members of each simulated population are observed once
daily for one year. This high frequency of observation means that the only source of
meaningful variability is that which comes from the linearised SIS model. The top
row of Figure 5.2 shows the marginal posterior estimates for the force of infection,
λ, the rate of recovery, γ, and the basic reproductive ratio, R0, for populations
simulated using λ = 1/60 and γ = 1/20. Each violin plot shows an individual
(marginal) posterior distribution for the parameter of interest from a randomly se-
lected population, while the boxplot shows the variability of the posterior mean for
each parameter over all 64 realised populations. The within-simulation variability
is relatively high, even in this case with daily observation. However, the method
estimates each parameter well and in an unbiased manner.

Next, potential variability in the observation distribution is considered. Again,
a population of 400 individuals is simulated, and each simulated individual observed
at times drawn from the observation distribution obtained from the PHN dataset
(shown in Figure 5.1) over a time horizon of 1 year (Figure 5.2(B)). Interestingly,
although the sampling interval in the PHN dataset is notably longer than the daily
case shown in Figure 5.2(A), the estimation method is still able to recover the
simulated parameters. This suggests that oversampling the population gives little
benefit to estimates of the parameters. Comparatively, it makes sense that if the
sampling interval is too large, then no information will be gained. An example
of this phenomenon is shown in Figure 5.3, where 20 samples are made of the
population, separated by some sampling interval. The figure shows that a short
sampling interval and a relatively short time horizon means that information about
the parameters is difficult to recover. Similarly, a long sampling interval increases
the variance in the parameter estimates. This suggests that there exists some
optimal sampling interval. This concept will be returned to in Section 5.4.

5.3.2 Verification of linearisation procedure

Having established that parameters can be re-estimated from the linearised model,
we now look to verify whether the linearisation of the SIS model is valid. To do
this, an individual-based implementation of the full (non-linearised) SIS model is
used. The chosen parameters are β = 0.067 and γ = 1/20 (giving λ = 1/60 and
an endemic prevalence of 25%). The Markov chain is seeded with 125 infected
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Figure 5.2: Marginal posterior distributions for the force of infec-
tion, λ, the rate of recovery γ, and the basic reproductive ratio,
R0, from 8 randomly generated populations from the linearised SIS
model under two different observation distributions. The mean of
each distribution is given by the white circle. The boxplot at the
bottom of each panel represents the means of 64 marginal poste-
riors. The true value which was used to generate each population
is represented by the blue line (λ = 1/60, γ = 1/20). The two dif-
ferent observation distributions are (A): Observed daily over 1 year
and (B) observed according to the empirical presentation distribu-
tion from the PHN data over 1 year. Both observation distributions

yield good estimates of the simulated parameters.

Figure 5.3: Variance in the estimates of the force of infection, λ, and
the rate of recovery, γ, for a range of sampling intervals. Estimates
were performed on 64 realisations of the simulated populations, each
with parameters λ = 1/60 and γ = 1/20. Each realisation contains

20 observations from the simulated population.
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Figure 5.4: Marginal posterior distributions for the force of infec-
tion, λ, the rate of recovery γ, and the basic reproductive ratio,
R0, from 8 randomly generated populations from the full (non-
linearised) SIS model under the empirical observation distribution
from the PHN data, over 1 year. The mean of each distribution
is given by the white circle. The boxplot at the bottom of each
panel represents the means of 64 marginal posteriors. The true
value which was used to generate each population is represented by
the blue line (λ = 1/60, γ = 1/20). The simulated parameters are

recovered successfully.

individuals, which is close to the equilibrium of this system. The population is sim-
ulated from the full SIS model, and the estimation is performed using the linearised
model. Figure 5.4 shows results from 64 realised populations, under the observa-
tion distribution from the PHN dataset. The results are visually similar to those
shown in Figure 5.2 under the same observation distribution. Thus, it is concluded
linearisation of the SIS model is valid when the dynamics are near equilibrium.

5.3.3 Verification of presentation distributions

Before estimating the force of infection, λ, and the rate of recovery, γ, for the three
datasets discussed, the frequency of presentations must be checked to determine
if they are sufficient for use with the method. Figure 5.5 shows a simulation esti-
mation study using the presentation distributions from the PHN and HH datasets.
Both datasets give good estimates. When considering the CRI dataset, recall the
presentation distributions shown in Figure 5.1. The CRI dataset has a much wider
sampling interval compared to the PHN and HH datasets. It is suspected that
this presentation distribution may not hold sufficient information to recover the
parameters of interest. However, as the prevalence is observed at each survey visit,
estimating the basic reproductive ratio, R0, may still be possible. Figure 5.6 shows
the prior distributions, with samples from the posterior distribution overlayed, un-
der the observation distribution from the PHN dataset (panel A) and the CRI
dataset (panel B). Under the observation distribution from the PHN data, the pos-
terior distribution samples are tightly clustered, with variance much smaller than
in the prior distributions. Indeed, estimates are so localised relative to the prior
that the samples appear to be overlayed in the figure. Comparatively, when the
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Figure 5.5: Marginal posteriors for the force of infection, λ, the
rate of recovery γ, and the basic reproductive ratio, R0, from 8 ran-
domly generated populations from the linearised SIS model under
two different observation distributions. The mean of each distri-
bution is given by the white circle. The boxplot at the bottom of
each panel represents the means of 64 marginal posteriors. The true
value which was used to generate each population is represented by
the blue line (λ = 1/60, γ = 1/20). The two different observation
distributions are taken from the (A): PHN dataset (1 year) and (B)

HH dataset (1 year).

observation distribution is that seen in the CRI dataset, the posterior samples are
strongly correlated with a wide variance, indicating that this dataset does not have
sufficient sampling frequency to separately estimate both the force of infection, λ,
and the rate of recovery, γ. However, the posterior distribution samples align with
the simulated prevalence (and thus the basic reproductive ratio, R0). The CRI
dataset can still be used to estimate these quantities.

Having verified the suitability of each of the datasets to this estimation method,
the next step is to estimate both the force of infection, λ, the rate of recovery, γ,
the prevalence of disease and the basic reproductive ratio, R0.

5.3.4 Estimation from Data

Here information relating to the diagnostics of the MCMC procedure is provided.
Figure 5.7(A) shows that the posterior distributions from the PHN data have con-
verged far from the prior distributions (which were N ∼ (0.5, 0.5)), and Figure
5.7(B) shows that the chains are well mixed. The same conclusion can be drawn
from Figure 5.8 for the HH dataset and for the CRI dataset in Figure 5.9.
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Figure 5.6: Prior distribution (concentric rings) with 20,000 sam-
ples from the posterior distribution (black points) overlayed from
a randomly generated population under the observation distribu-
tion from (A) the PHN dataset, and (B) the CRI dataset. The red
line is the set of parameter values which give the true prevalence
in the simulated population. In panel (A), the samples are tightly
clustered with variance far smaller than the prior distribution. In
panel (B), the samples are highly correlated, and with high vari-
ance, indicating the two parameters of interest cannot be uniquely

determined, but their ratio (and so R0) can.

For the PHN and HH datasets, relatively similar estimates for the infectious
period, 1/γ (12 days for the PHN dataset, and 20 days for the HH dataset) are
obtained. However, notably different estimates for the force of infection, λ, were
obtained. In the PHN dataset, the mean force of infection is estimated at 1/20.21,
while in the HH dataset, the estimate 1/202.07 — an order of magnitude different.
This difference follows through to estimates of the basic reproductive ratio, R0 (1.60
vs 1.10), and the prevalence, estimated to be 37.5% in the PHN dataset and only
9% in the HH dataset. For the CRI dataset, R0 is estimated to be 1.42, and the
prevalence to be 26.9%. Point estimates of prevalence in all three study locations
have been reported previously (Table 5.2)[4, 17, 74], and align closely with these
results.
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Figure 5.7: MCMC diagnostics for the PHN dataset. (A): Posterior
density estimates of the force of infection, λ, and the rate of recovery,
γ. The solid red line is a 95% credible interval, the dashed line a
99% credible interval. (B): Autocorrelation plots of the posterior

samples.

Table 5.2: Parameter estimates for the force of infection, λ, and the
infectious period, 1/γ from the three different datasets. Note this
method estimates the rate of recovery, γ, but the infectious period

is reported here for clarity.

Dataset Parameter [units] Mean 95% CI
PHN Force of infection (λ) [1/days] 0.049 (0.042, 0.059)

Infectious period (γ−1) [days] 12.19 (10.23, 14.55)
R0 1.60 (1.56, 1.65)

Prevalence 37.5% (31.0, 39.4)
Literature Prevalence [4] 35.6% (32.9, 38.3)

HH Force of infection (λ) [1/days] 0.0049 (0.0040, 0.0062)
Infectious period (γ−1) [days] 19.97 (16.19, 24.56)

R0 1.10 (1.09, 1.11)
Prevalence 9.1% (8.3, 10.0)

Literature Prevalence [74] 13.1% Not provided
CRI R0 1.42 (1.34, 1.51)

Force of infection (λ) — Not identifiable
Infectious period (γ−1) — Not identifiable

Prevalence 29.6% (25.4, 33.8)
Literature Prevalence [17] 35% Not provided
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Figure 5.8: MCMC diagnostics for the HH dataset. (A): Posterior
density estimates of the force of infection, λ, and the rate of recovery,
γ. The solid red line is a 95% credible interval, the dashed line a
99% credible interval. (B): Autocorrelation plots of the posterior

samples.
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Figure 5.9: MCMC diagnostics for the CRI dataset. (A): Posterior
density estimates of the force of infection, λ, and the rate of recovery,
γ. The solid red line is a 95% credible interval, the dashed line a
99% credible interval. (B): Autocorrelation plots of the posterior

samples.
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5.4 Prospective Sampling Strategies

Thus far, the focus has been only on previously collected datasets from which to
estimate parameters. If the sole aim of a study was to collect data to best estimate
these parameters, then the natural question to ask is how often should individuals
be sampled? Aided by the simple structure of the linearised SIS model, this question
may be answered through optimal experimental design [41].

I take the approach of robust optimal experimental design, under the ED-
optimality criterion [87, 92]. This gives the optimal sampling intervals as

δ∗ = argmax
δ

∫
det(I(δ,θ))p(θ)dθ, (5.5)

where θ = {λ, γ}, I(δ,θ) is the Fisher Information matrix, det is the determi-
nant operator, and p(θ) is the prior distribution. Note that the optimal sampling
interval, δ∗, is dependent on the prior distribution, p(θ).

The integral in Equation (5.5) is approximated using a Monte Carlo estimate
with 5,000 samples. Each individual is observed 12 times.

5.4.1 Derivation of Fisher Information Matrix

The Fisher Information matrix is a representation of the amount of information
that is contained in a model with parameters θ, about some observable value. The
Fisher Information matrix is defined as,

Iij = E
[
∂l(θ)

∂θi

∂l(θ)

∂θj

]
.

Under some regularity conditions (which are assumed to be true), this is equivalent
to,

Iij = −E
[
∂2l(θ)

∂θiθj

]
.

For the linearised SIS model, the Fisher Information matrix can be analytically
determined and evaluated rapidly for a wide range of values for the time between
each observation, δ. Here, only the case of a single individual is considered, but
note that extension to N individuals simply results in the Fisher Information being
multiplied by N , as there is an assumption that all individuals are identical.

Define the function,

φS(δi,θ) =
λ− λe−δ(γ+λ)

γ + λ
,
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to be the probability that an individual is infected at time δi, given they were
susceptible at time 0. Similarly, define,

φI(δi,θ) =
λ+ γe−δ(γ+λ)

γ + λ
,

to be the probability that an individual is infected at time δi, given they were
infected at time 0. For convenience, supress the dependence on θ while deriving
the Fisher Information matrix.

The likelihood function in Equation (5.4) can then be expressed as

L(δi,θ) =
∏

i

[(
(1− φS(δi))

{Xi==S} · φS(δi)
{Xi==I}

){Xi−1==S}

×
(

(1− φI(δi)){Xi==S} · φI(δi){Xi==I}
){Xi−1==I}]

, (5.6)

where {Xi == S} represents an indicator function. Taking the log of Equation
(5.6) gives

l(θ) =
∑

i

[{Xi−1 == S} ({Xi == S} log(1− φS(δi)) + {Xi == I} log(φS(δi)))

+ {Xi−1 == I} ({Xi == S} log(1− φI(δi)) + {Xi == I} log(φI(δi)))] . (5.7)

The only terms of Equation (5.7) that contain θ are the functions φS(δi) and
φI(δi), and the log likelihood is linear in these functions. As such, the second
partial derivatives of Equation (5.7) are simply

∂2l(θ)

∂θiθj
=

∑

i

[
{Xi−1 == S}

(
{Xi == S}∂

2 log(1− φS(δi))

∂θiθj
+ {Xi == I}∂

2 log(φS(δi))

∂θiθj

)

+{Xi−1 == I}
(
{Xi == S}∂

2 log(1− φI(δi))
∂θiθj

+ {Xi == I}∂
2 log(φI(δi))

∂θiθj

)]
.

(5.8)

The next step to determine the Fisher Information matrix is to consider the
expectation of the product of the two random variables. In this case,Xi is Bernoulli,
with probability of success (infection) of either φS(δi) if Xi−1 = S or φI(δi) if
Xi−1 = I. Using the law of total probability, it follows that

P (Xi = S ∩Xi−1 = S) = P (Xi = S|Xi−1 = S)P (Xi−1 = S). (5.9)

The first term of Equation (5.9) is simply the probability of failure, given an indi-
vidual was previously susceptible, which is (1−φS). To calculate the second term,
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recall that the time between the ith and the (i + 1)th observation is δi. Consider
a discrete time Markov chain, with probability matrix

Pi =

[
1− φS(δi) φS(δi)

1− φI(δi) φI(δi)

]
. (5.10)

Then,

[P (Xr = S), P (Xr = I)] = [(1− i0, i0)] ·
r∏

k=1

Pk

represents the probability that an individual is susceptible or infected at observation
r, where i0 represents the probability that an individual is initially infected, given
here by the prevalence, I∗. For convenience, define ps,r to be the first element of
this vector, and pi,r = 1− ps,r to be the second element.

As eachXi is Bernoulli, it follows from Equation (5.9) that the joint expectation
is

E[{Xi == S}, {Xi−1 == S}] = P (Xi = S ∩Xi−1 = S) = (1− φS(δi))ps,i, (5.11)

and the other forms of this expectation follow similarly.
Finally, taking the expectation of Equation (5.8) gives

Iθ1,θ2 =
∑

j

ps,(j−1) ·(1−φS(δj))
∂2 log(1− φS(δj))

∂θ1θ2
+ps,(j−1) ·φS(δj)

∂2 log(φS(δj))

∂θ1θ2

+ pi,(j−1) · (1− φI(δj))
∂2 log(1− φI(δj))

∂θ1θ2
+ pi,(j−1) · φI(δj)

∂2 log(φI(δj))

∂θ1θ2
. (5.12)

The expressions for each second derivative were found using Sage, and are im-
plemented for numeric evaluation as part of the TMI package
(https://github.com/MikeLydeamore/TMI).

Constant time between observations

If it is assumed that the time between observations is constant, that is,

ti+1 − ti = δ ∀i,

then the P matrix in Equation (5.10) is independent of i. Because of this, an
analytic expression for P r is [111],

P r =
1

φS + (1− φI)

[
1− φI φS

1− φI φS

]
+

(φI − φS)r

φS + (1− φI)

[
φS −φS

φI − 1 φI

]
.

The expression for the Fisher Information in Equation (5.12) is verified in



Chapter 5. The force of infection and infectious duration for skin sores 91

Figure 5.10: Numeric verification of the expressions for the Fisher
Information matrix. The boxplot represents the summary of the
determinants of the covariance matrix, and the red line the ana-
lytic expression for the Fisher Information matrix, with each curve
normalised seperately. The chosen parameters were λ = 1/60 and

γ = 1/20.

the constant time between observations case again through a simulation estima-
tion approach. For a given set of parameters, θ = {λ, γ}, 64 populations of the
SIS model are simulated, and parameters estimated under each sample spacing,
δ ∈ {5, 10, . . . , 40}. The determinant of the covariance matrix under each sample
spacing is calculated and normalised. The results of this verification are shown in
Figure 5.10.

5.4.2 Results

Consider first the case when the sampling interval, δi is allowed to vary at each
sampling point. Using the posterior distributions from the PHN dataset in Sec-
tion 5.3.4 as the prior distributions in Equation (5.5) gives the optimal vector of
sampling intervals as

δ∗ = (8.3, 6.5, 8.3, 9.0, 10.2, 10.5, 7.3, 9.5, 10.0, 8.1, 8.0, 9.7).

Comparatively, using the posterior distributions from the HH dataset yields the
optimal vector of sampling intervals as

δ∗ = (14.8, 15.7, 16.6, 14.5, 19.5, 18.0, 16.2, 17.5, 16.2, 13.5, 18.2, 20.0).

These strategies are obviously different, and information a priori about which
strategy is most applicable to a given population is often not available. As such,
the same optimisation is performed on the union of the two posterior distributions
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in Section 5.3.4. This gives the vector of optimal sampling intervals as,

δ∗ = (10.8, 11.0, 13.9, 13.6, 12.8, 9.3, 15.1, 14.1, 12.3, 13.4, 9.4, 13.3).

Although these strategies give the optimal amount of information under a given
scenario, a more practical strategy may be to have equal spacings between each
observation, that is,

ti+1 − ti = δ ∀i.

Under the constraint of equal observation intervals, for the PHN dataset, an
optimal sampling interval of δ∗ = 10.45 days is obtained, and (restricted to whole
days) any sampling interval between 9 days and 11 days gives a Fisher Information
within 97% of the maximum. Comparatively, for the HH dataset, an optimal
sampling interval of δ∗ = 27.44 days is obtained, and any sampling interval between
24 days and 32 days gives a Fisher Information within 97% of the maximum.
Combining the two posterior distributions gives an optimal sampling interval of
δ∗ = 25.1 days, with any sampling interval between 21 and 27 days being within
97% of the maximum. However, it should be noted that a sampling interval of 25.1

days achieves only 23% of the maximum Fisher information possible in the PHN
datset, but 97% of the maximum in the HH dataset.

5.5 Conclusion

In this chapter, the first model-based estimates for the duration of a skin sore
infection (either 12 or 20 days depending on setting), the force of infection and
basic reproductive ratio (1.6, 1.1 or 1.4 depending on setting) have been calculated.
Furthermore, with the aim of future data collection with regard to this question,
the optimal sampling interval for future design strategies, assuming that a study’s
primary goal is to estimate these two parameters has been determined.

Previous work on the duration of skin sore infection has calculated the life-
time of a single sore on an individual under observed treatment to be less than
7 days [15]. However, the lifetime of a single sore is unlikely to be the same as
the period for which an individual is infectious. By performing the estimation in
a modelling framework, the interval-censored nature of the data has been incor-
porated. Although the frequentist version of this estimation technique has been
utilised in other disease settings [48, 56], to my knowledge this is the first time
these quantities have been computed for skin sores.

These results have been calculated using a linearised SIS model, in which the
transmission rate has been assumed to be constant, and disease dynamics are at
equilibrium. This assumption has allowed some simple analytic results which are of-
ten out of reach for traditional infectious disease dynamic models to be determined.
However, it is important to note that the assumption of equilibrium dynamics is



Chapter 5. The force of infection and infectious duration for skin sores 93

likely to be violated in real-world settings, particularly in the event of mass drug
administration (as has been implemented in these communities in the past [4, 60]).
It is also important to note that the SIS model structure, by construction, does
not incorporate any period of immunity, or other potential disease states. Carriage
(i.e. infected but not showing symptoms), in particular has been demonstrated
for skin sore infections in the past [36, 74] and inclusion of carriage in models has
been shown to substantially change intervention outcomes [21]. However, without
longitudinal carriage data, quantifying the impact in these settings is challenging.

In the populations in which these data were collected, treatment is routinely
administered for skin sores. Thus, this estimate of the infectious period is influ-
enced by treatment, and so is likely to be lower than the natural infectious period.
However, since treatment will routinely be applied, these estimates of the infec-
tious period are relevant for parameterisation of models in this population context,
where the transition from compartment I to compartment S includes both natural
recovery and treatment.

There are a number of key differences between the three datasets considered.
The PHN dataset only has observations of children under five years of age. Extrap-
olation from this dataset to the entire population should be performed with caution,
although the relative similarity of the estimates from the HH data (in which the
general population was studied) does provide some reassurance of the estimated
numbers. Further, sampling times in the PHN dataset were not fixed in advance,
but were rather driven by patients or health professionals. It has been assumed
these sampling times are ignorable, but further investigation into this assumption
may be warranted.

As well as estimation of key parameters for models of skin sores transmission,
information about future experimental designs has also been provided. Although
the optimal sampling interval is a function of both the force of infection and the
infectious period, being able to calculate this interval provides helpful information
for future survey designs.

These parameter estimates unlock future model-based investigations for skin
sores. In the next chapter, these estimates are incorporated into coupled models of
skin sores and scabies infection. Three different model constructions are considered,
and used to investigate questions such as the probability of eradication of skin sores
by controlling scabies through mass drug administration, as well as the importance
of the explicit modelling of the life-cycle of the scabies mite. The differences in the
answers to these questions provided by each model are contrasted, with an aim to
develop the framework for a coupled model which can be used to define sustainable
intervention strategies.





Chapter 6

Coupling scabies and skin sores
models

Having estimated values for the key characteristics of skin sores necessary for de-
veloping transmission models, it is now possible to construct a model which couples
together the dynamics of skin sores and scabies. In this chapter, I investigate the
impact on skin sores prevalence when mass drug administration only directly tar-
gets scabies. In line with the assumptions outlined in Section 1.1 and with the work
in Chapter 5, it is assumed throughout that transmission dynamics of skin sores
follows the full susceptible–infectious–susceptible (SIS) model. The SIS model is
coupled to three different scabies models. The first assumes that scabies dynamics
are fixed and at equilibrium. This assumption is then relaxed, and two different
dynamic scabies models are coupled to the SIS model. The first of these is the
model developed in Chapter 3, which includes the full scabies mite life-cycle dy-
namics. The second dynamic scabies model consists of just three compartments,
reducing the complex life-cycle of the scabies mite down to just two compartments.
The differences between the two models with relation to the predicted dynamics
of both scabies and skin sores are investigated, and the effect of condensing the
life-cycle of the scabies mite into just two compartments explored.

6.1 Scabies at equilibrium

The first coupling considered is one where the dynamics of scabies are assumed
to be at equilibrium, allowing the population to be stratified into those who are
susceptible and infected with scabies respectively. This model consists of four
compartments: xss, representing individuals who are susceptible to both skin sores
and scabies, xsi, representing individuals who are susceptible to skin sores but
infected with scabies, xis, representing individuals who are infected with skin sores
but susceptible to scabies, and xii, representing individuals who are infected with
both skin sores and scabies. The transitions between these compartments form SIS
dynamics for both pathogens, except individuals in compartment xsi experience
a force of infection which is increased by the enhanced susceptibility factor, ω.
This model is represented graphically in Figure 6.1. To avoid later confusion, the
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xss xis

xsi xii

λ

γ

ωλ

γ

Figure 6.1: Coupled skin sores and scabies model. The first index
represents the skin sores status, and the second the scabies status.
The force of infection for skin sores in the absence of scabies is
denoted λ = βg(xis+xii), where βg is the transmissibility parameter
for skin sores. The enhanced susceptibility factor is represented by

ω.

transmissibility parameter for skin sores is defined as βg. Recall from Section 1.1
that immunity to GAS infection in the Northern Territory is not fully understood,
and as the Northern Territory is a high prevalence, high strain diversity setting, each
new infection can arguably be considered ‘novel’. As such, the model construction
proceeds on the assumption that immunity to infection is non-existent.

Note here that the model shown in Figure 6.1 has transitions between xks and
xki for k ∈ {s, i}, representing infection and recovery with scabies. As scabies
prevalence has been relatively stable over the past 10 years in the Northern Terri-
tory [4], it is assumed that the dynamics of scabies are at equilibrium and so the
transitions between xks and xki for k ∈ {s, i} are in dynamic equilibrium, with a
net flow of zero, and so can be ignored. The proportion of the population with
scabies,

∑
k xki = c is fixed by the initial condition, and constant for all time. The

result is that only transitions related to skin sores transmission and recovery are
present in the model. The system of differential equations that govern this model
are

dxss
dt

= −βgxss(xis + xii) + γxis

dxsi
dt

= −ωβgxsi(xis + xii) + γxii,

and

dxis
dt

= βgxss(xis + xii)− γxis
dxii
dt

= ωβgxsi(xis + xii)− γxii.

Estimates for the enhanced susceptibility factor, ω, in remote northern Australian
communities range between 7 and 12 [7, 22].

Given the straightforward structure of this model, it is possible to calculate
an expression for the basic reproductive ratio, R0, for skin sores using the next
generation matrix. In order to avoid later notational confusion, the scabies-free
basic reproductive ratio, denoted R⊥0 , is introduced. This quantity represents the
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basic reproductive ratio in a population in which there is zero prevalence of scabies.
That is,

R⊥0 =
βg
γ
.

To build the next generation matrix, note that there are two infected compartments,
xis and xii. Construct the matrices,

F =

[
βgxss βgxss

ωβgxsi ωβgxsi

]

and

V =

[
γ 0

0 γ

]
.

Then, the next generation matrix is,

FV −1 =
1

γ

[
βgxss βgxss

ωβgxsi ωβgxsi

]

which has dominant eigenvalue

R0 =
βgxss + ωβgxsi

γ
. (6.1)

Recall that the basic reproductive ratio, R0, is defined in terms of a population
which is fully susceptible to skin sores infections. As such, it follows that xsi = c,
and so xss = 1− c. Substituting this into Equation (6.1) gives

R0 =
βg(1− c) + ωβgc

γ
=
βg
γ

(1 + c(ω − 1))

= R⊥0 (1 + c(ω − 1))

(6.2)

Intuitively, for a fixed proportion of the population with scabies (c), Equation (6.2)
demonstrates that as the enhanced susceptibility factor, ω, increases so too does
the basic reproductive ratio, R0. Similarly, although this case is not otherwise
considered, if individuals are less likely to contract skin sores while infected with
scabies (that is, ω < 1) then the basic reproductive ratio, R0, decreases as the
scabies prevalence increases. An alternative interpretation of Equation (6.2) is
that it consists of the scabies-free basic reproductive ratio, R⊥0 , weighted by the
prevalence of scabies in the population (c), and the enhanced susceptibility factor,
ω, which represents the impact of the scabies infections.

Recall from Section 2.3.1 that if the basic reproductive ratio, R0, is less than
one, then prevalence of skin sores is zero at equilibrium. As such, it is possible to
derive an expression for the prevalence for scabies, c, below which skin sores will
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not remain endemic in a population. Recall Equation (6.2),

R0 =
βg
γ

(1 + c(ω − 1)) < 1

⇒ c(ω − 1) <
γ

βg
− 1

⇒ c <

γ
βg
− 1

ω − 1
for ω > 1. (6.3)

In the case ω = 1 (i.e. there is no enhanced susceptibility) then the dynamics of
skin sores are independent of the dynamics of scabies, and so the basic reproductive
ratio, R0 = R⊥0 .

Observe from Equation (6.3) that if βg > γ, then the right hand side is negative.
This result is expected, as if R⊥0 > 1 that is, βg > γ, then skin sores are capable
of self-sustaining infection, even in the absence of scabies. In addition, and as
expected, as the enhanced susceptibility factor, ω, increases, the prevalence of
scabies below which eradication of skin sores is possible decreases.

The relationship between the enhanced susceptibility factor, ω, the scabies-free
basic reproductive ratio, R⊥0 , and the prevalence of scabies c, is shown in Figure 6.2.
Each line, for a given enhanced susceptibility ratio, ω, divides the plane into two
regions along the line where the basic reproductive ratio, R0, given in Equation (6.3)
is equal to one. Parameters which lie in the lower region result in the prevalence of
skin sores being zero at equilibrium, while parameter combinations which lie in the
upper region will result in a non-zero prevalence of skin sores at equilibrium. For
example, given ω = 8, and a scabies-free basic reproductive ratio, R⊥0 = 0.5, then
the prevalence of skin sores will be zero at equilibrium if the prevalence of scabies,
c is less than 0.2.

While it is encouraging that reducing scabies prevalence will help reduce the
endemic prevalence of skin sores, these results have been built on the assumption
that the dynamics of scabies are at equilibrium. However, recall that the main
strategy that has been previously considered for reducing scabies prevalence is
mass drug administration (MDA). As such, the assumption of scabies dynamics
being at equilibrium is almost surely untrue in the context of control. To better
understand potential eradication targets, a dynamic model of scabies infection —
which includes the dynamics of mass treatment — should be coupled to the skin
sores SIS model.
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Figure 6.2: Relationship between the enhanced susceptibility factor,
ω, the scabies-free basic reproductive ratio, R⊥

0 , and the prevalence
of scabies, c, in parameter regions where the persistence of skin
sores is dependent on the presence of scabies. Each line represents
the case when the basic reproductive ratio, R0 = 1. Parameters
combinations that lie below the line indicate no skin sores at equi-

librium.

6.2 Incorporating a dynamic scabies model

In this section, the dynamic scabies model introduced in Chapter 3 is coupled to
the SIS model for skin sores utilised in the previous section. Also considered is a
simplified scabies model consisting of three compartments. From this point forward,
it is assumed that the enhanced susceptibility factor, ω = 10. The impact of an
MDA which directly targets only scabies — not skin sores — is investigated and
the differences between the dynamics of the models contrasted.

6.2.1 Three-state scabies model

As well as the full scabies model from Chapter 3, I consider a much reduced sca-
bies model that consists of just three compartments. The three compartments are
susceptible (S), infected and carrying eggs (Î), and ‘treated’ (T ). The inclusion of
the treated compartment (T ) ensures that two rounds of treatment are required to
achieve infection clearance, similar to the full scabies model. This model is referred
to as the SITS model. The transitions of the SITS model are shown in Table 6.1,
and are represented graphically in Figure 6.3. The population size for these models,
N , is chosen to be 1000, in line with a ‘medium’ size Aboriginal community [60].

Table 6.1: Transitions for the SITS scabies model.

Transition Rate
(S, Î)→ (S − 1, Î + 1) λs = β(xsi + xii)

(T, Î)→ (T − 1, Î + 1) θ

(Î , T )→ (Î − 1, T + 1) τ
(T, S)→ (T − 1, S + 1) τ
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S Î T
λs τ

θ

τ

Figure 6.3: The three-state model for scabies representing individ-
uals who are susceptible (S), infectious (and carrying eggs), (Î),
and those who have received a single round of treatment, (T ). The
dashed lines represent the transitions that occur due to the first and
second rounds of treatment, and occur at a per-individual rate τ .
The force of infection is given by λs = βÎ, where β is the transmis-
sibility parameter, and mean time to adult mites first being present

on a host after a treatment event is given by 1/θ.

In order to visualise the logic behind this three state model, recall the model
of scabies infections introduced in Chapter 3, and repeated in the left panel of
Figure 6.4. In this model, individuals can broadly be considered to be in one
of three compartments: susceptible (compartments S and S2), individuals who
have received one dose of treatment (compartments Ĝ, Ŷ , Y , and M) or infectious
(compartments I2, Î2, Ic2 and Îc2). These compartments and the transitions between
them give rise to the mapping shown graphically in Figure 6.4. The mean age of first
infection for scabies is relatively short compared to life expectancy, and the time to
treatment is similarly small. It follows that there is a relatively small proportion
of individuals in the four compartments corresponding to a first infection in the
full model (S, IA, ÎA, Î), and so these compartments are can be removed without
substantially impacting on the dynamics of the SITS model, which thus assumes
that first and subsequent infections are equivalent in all respects.

Model equations

Here, a system for constructing the mean-field approximation for these coupled
models is presented. The procedure can be applied directly to both the SITS
model the full scabies model, although only the SITS model is presented here for
clarity.

Let the compartment space for the scabies model be Ω. Define the set of
compartments where an individual is infected with scabies (and thus experiences an
increased hazard for skin sore infections) as Ψ ⊂ Ω. Define the set of compartments
where an individual is infectious with scabies (and able to transmit) by Ξ ⊂ Ω. The
prevalence of skin sores in the coupled model is given by,

Ig(t) =
∑

k∈Ω

xik.

Note here that the index i refers to the infected compartment in the skin sores
model, not a set element or index. Similarly, the prevalence for scabies in the
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Î Ĝ
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Figure 6.4: Graphic description of the logical mapping between the
full scabies model and the SITS model. The blue compartments
represent susceptible individuals, the red infectious, and the green
individuals who are harboring mites and eggs but not yet infectious.

The white states are not mapped to the SITS model.

coupled model is given by,

Ic(t) =
∑

ξ∈Ξ

∑

k∈{s,i}
xkξ.

Let the mean-field approximation for the scabies model (in isolation) with preva-
lence Ic(t) at time t be dY (t, Ic(t))/dt, with vth component dYv(t, Ic(t))/dt. The
inclusion of the scabies prevalence as a function argument will be utilised shortly.
Let

∆(v) = max({δkv|k ∈ Ψ}) (6.4)

where

δkv =





1 if k = v

0 otherwise

is the Kronecker delta function. Equation (6.4) represents whether or not an in-
dividual in compartment v experiences an increased force of infection due to their
scabies infection status. Then, the component of the mean-field approximation for
the coupled model corresponding to an individual who is susceptible to skin sores
and with scabies status v is

dXsv(t)

dt
= −ω∆(v)βgxsvI(t) + γxiv +

dYv(t, Ic(t))
dt

. (6.5)



102 Chapter 6. Coupling scabies and skin sores models

Equation (6.5) can be thought of as the skin sores model, augmented by the en-
hanced susceptibility ratio, ω, where appropriate, with the dynamics of scabies
added. Similarly, the component of the mean-field approximation for the coupled
model corresponding to an individual who is infected with skin sores, and with
scabies status v is

dXiv(t)

dt
= ω∆(v)βgxsvI(t)− γxiv +

dYv(t, Ic(t))
dt

. (6.6)

Combining Equations (6.5) and (6.6) gives the full mean-field approximation for the
compartmental model. Effectively, this construction gives two ‘copies’ of the scabies
model, joined together by skin sores model transitions (infection and recovery).
Equations (6.5) and (6.6) can be applied to both the SITS model and the full scabies
model. As an example, consider the SITS model. This model has compartment
space,

Ω = {S, Î, T}.

The set of infected compartments and the set of infectious compartments consist
of just a single element. That is

Ψ = {Î}

and
Ξ = {Î}.

The prevalence of scabies at time t is given by

Ic(t) = xsÎ + xiÎ ,

and the prevalence of skin sores at time t is given by

Ig(t) = xiS + xiÎ + xiT .

The mean-field approximation for the SITS model is given by the system of equa-
tions,

dY (t, Ic(t))
dt

=




dYS(t,Ic(t))

dt

dYÎ(t,Ic(t))

dt

dYT (t,Ic(t))

dt




=




τYT − βYSIc(t)

βYSIc(t) + θYT − τYÎ
τYÎ − (θ + τ)YT



. (6.7)

Also,
∆(v) = max({δkv|k ∈ Ψ}) = δÎv,

as there is only a single scabies compartment in which an individual experiences an
increased hazard for skin sores infection. Following Equation (6.5), the mean-field
approximation for the coupled model for individuals susceptible to skin sores, and
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with scabies status v is

dXsv(t)

dt
= −ωδÎvβgxsvIg(t) + γxiv +

dYv(t, Ic(t))
dt

, (6.8)

or, expanding the expressions for prevalence and writing each component seperately,




dxsS

dt

dxsÎ
dt

dxsT

dt




=




− βgxsS
(
xiS + xiÎ + xiT

)
+ γxiS + τxsT − βxsS(xsÎ + xiÎ)

− ωβgxsÎ(xiS + xiÎ + xiT ) + γxiÎ + βxsS(xsÎ + xiÎ) + θxsT − τxsÎ
− βgxsT (xiS + xiÎ + xiT ) + γxiT + τxsÎ − (θ + τ)xsT



.

Similarly, for individuals infectious with skin sores,

dXiv(t)

dt
= ωδÎvβgxsvIg(t)− γxiv +

dYv(t, Ic(t))
dt

, (6.9)

or, in component form,




dxiS

dt

dxiÎ
dt

dxiT

dt




=




βgxsS
(
xiS + xiÎ + xiT

)
− γxiS + τxiT − βxiS(xsÎ + xiÎ)

ωβgxsÎ(xiS + xiÎ + xiT )− γxiÎ + βxiS(xsÎ + xiÎ) + θxiT − τxiÎ
βgxsT (xiS + xiÎ + xiT )− γxiT + τxiÎ − (θ + τ)xiT



.

The same procedure applies to the full scabies model, using the mean-field
approximation in Appendix B of Chapter 3, and with the set compartments which
result in an individual experiencing an increased force of infection being

Ψ = {IA, ÎA, Î, Ic2, Îc2, I2, Î2}

and the set of infectious compartments being

Ξ = {IA, ÎA, Î, Ic2, Îc2, I2, Î2}.

6.2.2 Parameter selection

In order to compare the SITS model coupled with the skin sores model, and the
full scabies model coupled with the skin sores model, both coupled models must
be parameterised to be as ‘similar’ as possible. In the absence of time-series data
relating directly to the models of interest, the only measure of similarity that will
be used here is the mean prevalence for each pathogen, set at 40% for skin sores and
30% for scabies. Due to the large number of compartments in each model, calcula-
tion of the likelihood functions is impractical. As such, the Approximate Bayesian
Computation Sequential Monte Carlo algorithm (Algorithm 6, page 24) is utilised.
The use of mean prevalence only to tune these models can lead to identifiability
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issues with the parameters. Considering just the SIS model for skin sores, the
equilibrium prevalence (in a deterministic setting) is known to be 1− 1/R0. Thus,
using the mean prevalence makes it possible to calculate the ratio of the two pa-
rameters of interest being estimated, but uniquely identifying each parameter may
not be possible. However, for skin sores, relatively tight estimates for the infectious
period were calculated in Chapter 5, and so it may be possible to identify values for
the transmissibility parameter, βg. For the scabies models, an analytic expression
for the equilibrium prevalence is not known, but the identifiability problem may
still remain, resulting in only the ratio of the transmissibility parameter and the
recovery/treatment parameter being estimated.

As stated in Section 2.4, the Chi-squared metric, defined as

ρ(x,y) =
∑

i

(xi − yi)2

xi
,

is used to evaluate the distance between datasets. The chosen priors are:

• β ∼ U [0.005, 0.3],

• βg ∼ U [0.01, 0.3],

• τ ∼ U [0.005, 0.04],

• γ ∼ according to the posterior distribution in Chapter 5.

The prior distributions for β, βg and τ are chosen to be uniformly distributed,
with large support, as uncertainty around the parameter values is high. Note that
the posterior distribution for the force of infection, λ, from Chapter 5 cannot be
used here, despite the fact that the force of infection is directly related to the
transmissibility parameter, βg. This is because the estimation procedure for the
force of infection, λ, undertaken in the previous chapter was performed in the
presence of scabies, but not accounting for scabies.

The Approximate Bayesian Computation Sequential Monte Carlo Algorithm
was applied for 5 waves, with 1000 parameter samples accepted per wave, and with
the tolerances at each wave set to be the 50% quantile of the previous wave. The
posterior distributions that were obtained from the algorithm (smoothed using
two-dimensional non-parametric kernel density estimation) are shown in Figure
6.5. In the full scabies model (top row), the posterior distribution for the scabies
model (left panel) show that the ratio of the transmissibility parameter, β, and the
recovery/treatment rate, τ , has been well estimated, but the parameters themselves
are not uniquely identifiable. For the skin sores model (right panel), the posterior
distribution has converged to a ‘cloud’. This is likely because of the choice of prior
for the recovery rate, which has relatively little uncertainty, meaning that although
only the ratio of the two parameters can be estimated by the algorithm, a unique
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Figure 6.5: Posterior distributions for the scabies transmission rate,
β, scabies treatment rate, τ , skin sores transmission rate, βg, and
recovery rate, γ, from (A) the full scabies model and (B) the SITS
model. All posteriors have tight credible intervals, and so are as-
sumed to have converged, although this was not tested formally.

transmissibility parameter, βg, can still be calculated. A similar conclusion can be
drawn in relation to the SITS model (bottom row).

6.2.3 Investigating the models

In order to visualise the differences between the two dynamic models, 1000 samples
were drawn from the posterior distributions shown in Figure 6.5. Two rounds of
scabies MDA were applied at 80% coverage, separated by 14 days. Note that
the MDA does not directly target skin sores. As such, any impact on skin sores
prevalence from the MDA occurs due to the associated reduction in prevalence of
scabies. Figure 6.6 shows the time-series prevalence plots of the full model (top row)
and the SITS model (bottom row) for both scabies and skin sores. The variability
in the simulations is high, due to the small population size and the variance in the
posteriors.

The impact of MDA — directly targeted only at scabies — on the prevalence
of skin sores appears substantial, despite the fact that skin sores is not directly
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Figure 6.6: Dynamics of 1000 samples drawn from the posterior
distributions, with two rounds of MDA applied at 80% coverage for

(A) the full model and (B) the SITS model.

targeted by the MDA program. Neither scabies model had any simulations die-out
out of 1000 simulations. This is not surprising, as in Chapter 3, it was shown that
even at 100% coverage, eradication of scabies using just two rounds of MDA is
highly unlikely. Nevertheless, it is reassuring that the SITS model also displayed
no scabies die-out. For skin sores, 87/1000 simulations showed die-out for the full
model, while 189/1000 showed die-out for the SITS model. This difference suggests
that approximating the life-stages of the scabies mite by a single compartment
(Î in the SITS model) may not be appropriate when calculating probabilities of
eradicating skin sores by directly targeting only the prevalence of scabies.

Conditioning on the prevalence of skin sores being non-zero for all time, Figure
6.7 shows the 95% credible interval of the dynamics from Figure 6.6. Here, the
differences in dynamics between the two models is more pronounced. For scabies,
the SITS model initially overestimates the impact of the MDA relative to the
full scabies model, but also predicts a faster rebound to the endemic equilibrium
compared to the full model. In general, the variability in the SITS model is also
higher relative to the full model post MDA (to see this, note that the full model
quantile is contained entirely within the SITS quantile). This difference translates
to an observable difference in skin sores. The reduction in skin sore prevalence in
the SITS model is greater initially than that predicted by the full model. However,
the rebound to equilibrium also occurs faster than in the full model case.

I hypothesise that the reason behind the faster rebound in the SITS model
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Figure 6.7: 95% credible intervals of the dynamics of 1000 samples
drawn from the posterior distribution, with two 80% coverage MDA
treatments, conditioned on no disease dieout for both (A) the full

model and (B) the SITS model.

compared to the full model is distributional. In the SITS model, the time available
for a successful second dose after a single dose has been administered (i.e. to
treat an individual in compartment T before they return to compartment Î) is
exponentially distributed. Because of this, there is a non-zero probability that an
individual will transition back to the Î state very quickly, meaning that the second
treatment would be unsuccessful. Comparatively, in the full model, the amount of
time until an individual transitions to a state where the second treatment would
be unsuccessful has a much smaller variance (strictly speaking, this time is hypo-
exponentially distributed with mean 1/(σ+ρ+ δ+α)), and so the likelihood of the
second treatment being successful is higher. The larger variance of the exponential
distribution possibly drives the greater variability of outcomes observed in the SITS
model compared to the full model.

6.3 Discussion

In this chapter, three different coupled models of skin sores and scabies infection
have been developed and analysed. To my knowledge, this is the first time in which
these two biologically linked infections have been modelled together.

In the first case, the dynamics of scabies were assumed to be at equilibrium. In
this system, an analytic expression for the basic reproductive ratio for skin sores,
R0, was derived. This expression was then used to calculate a target prevalence
for scabies to eradicate skin sores as a function of scabies-free basic reproductive
ratio, R⊥0 . However, the assumption of scabies dynamics being at equilibrium is
problematic, as control of scabies will surely disrupt this equlibrium.

The next two models coupled together dynamic models of scabies with the
SIS model for skin sores. The first of these models was the ‘full’ scabies model
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introduced in Chapter 3, while the second model collapsed the life-cycle of the sca-
bies mite into two compartments, simplifying the model to three compartments.
Parameters for these models were estimated using the Approximate Bayesian Com-
putation Sequential Monte Carlo algorithm, fitting to mean prevalence.

The large value of the enhanced susceptibility factor, ω, that has been assumed
to be 10 for the dynamic scabies models, means that the impact on skin sores from
a scabies MDA program is likely to be substantial. If it is assumed that the ac-
tual coupling lies somewhere between that predicted by the two dynamic models
presented herein, then the probability of eradication for skin sores is predicted to
lie somewhere between 0.09 and 0.19 if an MDA had 100% efficacy and 80% cover-
age. The observations that previous MDA programs have not achieved skin sores
eradication, despite reportedly achieving coverage close to 80% [4] suggests that
either eradication hasn’t been achieved due to the stochasticity of the system, or
some other biological factors must be at play. Further, the parameter combinations
required to achieve the estimated prevalence observed in rural communities means
that in the absence of scabies, the model predicts that skin sores would be eradi-
cated almost surely. However, there exists a number of population groups globally
that experience a high burden of skin sores, yet have no reported scabies infections
[97], suggesting that the results presented in this chapter may not be generalisable
to different populations, where other drivers of skin sore infections predominate.

Collapsing the complex life-cycle of the scabies mite into two compartments re-
sulted in clear differences in the dynamics of scabies, as expected. These differences
translated to changes in skin sores dynamics, suggesting that uncertainty around
the biology of the life-cycle of the scabies mite may be important when defining
eradication targets for skin sores.

These models provide a framework for future model-based investigations of the
impact on skin sores of an MDA that directly targets only scabies. It is important to
note that the models here do not include features such as age stratification, mixing
patterns and population mobility. Further, the models have been calibrated to the
prevalence of disease reported in remote Northern Territory communities, which is
likely to differ between populations [4, 60]. All of these factors could potentially
change the conclusions drawn from these relatively simple models. That said, this
study suggests that control of scabies is an important factor in the control of skin
sores, and that control of skin sores cannot, and should not, be considered in
isolation in settings of high scabies prevalence.
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Conclusion

In my thesis, I have developed mechanistic and statistical models of skin sores
and scabies transmission. The models were parameterised and explored in the
setting of the Northern Territory, Australia. These models qualitatively reproduced
epidemiological patterns seen in the Northern Territory, and have also provided
guidance for potential future control strategies.

7.1 Advances made in this study

The scabies model developed in Chapter 3 is the only published mechanistic scabies
model that captures the complex life-cycle dynamics of the scabies mite. I showed
that the inclusion of this life-cycle is important when considering the outcome
of treatment, particularly in the event of mass drug administration (MDA). The
model was able to qualitatively reproduce the system-level behaviour observed in
the Northern Territory — initial reduction of prevalence, followed by a period of
recrudescence — even under an optimally timed a two-dose, 100% effective, 100%

coverage MDA. The model also showed that by moving from a two-dose to a three-
dose annual strategy, substantial increases in the likelihood of eradication could be
achieved.

The statistical models considered in Chapters 4 and 5 provided the first model-
based estimates of the age of first infection, force of infection and infectious period
for skin sores, key epidemiological quantities and required parameters for construct-
ing dynamic transmission models. The age of first skin sores infection was estimated
to be 9 to 11 months. This is substantially longer than the mean time to infection
(when considering multiple exposures), which was estimated to be between 0.66 and
7 months, depending on prevalence. This suggests that the first infection may not
be indicative of future experiences. Estimates of the infectious period for skin sores
were also obtained, and were found to be between 12 and 20 days. This is the first
time this key epidemiological quantity has been estimated in a model-based con-
text. Importantly, these two models utilised historical data, which is particularly
important in settings where data collection is expensive and logistically challenging.

From a methodological standpoint, the estimation procedure introduced in
Chapter 5 is an extension of a well-established frequentist inference framework

109



110 Chapter 7. Conclusion

into a Bayesian setting. In an infectious diseases context, besides the underlying
model structure, the only assumption required to obtain these results was that
disease prevalence is at equilibrium. Simulation/estimation was used to validate
the method, and demonstrated that parameter recovery was possible as long as
the sampling interval was somewhat similar to the smallest event time of inter-
est. Further, by applying the theory of optimal experimental design, the most
informative sampling interval for inferring these parameters was determined, which
may contribute to future field studies on skin sores. Being able to utilise interval-
censored data, which is the standard amongst most survey designs, is of significant
importance and will potentially increase the value of historical datasets.

The coupled modelling performed in Chapter 6 is the first time that skin sores
and scabies — two biologically linked pathogens — have been modelled together.
The impact of an MDA program which does not directly target skin sores was con-
sidered. The potential impact of such a program was high, but recrudescence of
skin sores prevalence to pre-intervention levels was highly likely, when the contri-
bution of scabies to skin sores risk was high. By collapsing the complex life cycle
of the scabies mite into a single compartment, the variability in the predicted be-
haviour increased significantly. The initial impact of the MDA on the prevalence
skin sores was initially overstated compared to the full model, but was followed by
a shorter time to recrudescence in prevalence. The same difference was observed
on the scabies prevalence. The SITS model also resulted in a higher estimate of
the probability of eradication of skin sores following mass drug administration com-
pared to the full scabies model, prompting caution in approximating the scabies life
cycle when planning interventions. Nevertheless, both coupled models predicted a
substantial impact on the prevalence of skin sores (at least in the short term), and
with the probability of eradication estimated to be between 0.09 and 0.19, an MDA
program which only directly targets scabies could still achieve eradication of skin
sores.

7.2 Limitations

While the mechanistic models in this thesis are among the first constrsucted for
both skin sores and scabies, they are far from what could be considered ‘feature-
complete’. Households in the remote Aboriginal communities studied have a funda-
mentally different structure from non-Aboriginal households, resulting in different
contact rates between individuals [117]. This means that previous knowledge on
infectious disease control cannot be directly translated to these population settings,
without the inclusion of population structure in the models. Population mobility is
another important factor in Aboriginal populations [19, 117], further complicating
the strategies needed for effective disease control, by increasing the likelihood of
reintroduction of infection from other regions.
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Throughout this thesis, I have modelled skin sores using the SIS model. This
model construct means that immunity has been assumed to be nonexistent. The
role of immunity to GAS infection is still an area of some uncertainty, but when
immunity is better understood, it will be important to adjust the skin sores models
accordingly. Inclusion of immunity could potentially impact the estimates of force
of infection and infectious period, which in turn would be expected to modify the
results of the mechanistic models. Another important consideration in any future
model is carriage, where an individual is carrying a pathogen and is potentially
able to transmit the pathogen, but is not experiencing any symptoms. Inclusion
of carriage in transmission models has been shown to be important when assessing
disease severity [21], but as yet, the role of GAS carriage in relation to skin sores
has not been characterised in the Northern Territory setting.

7.3 Future Research

The mechanistic models contained in this thesis form a framework for future model
investigations and extensions. Incorporation of population structure and mobil-
ity, as well as the role of immunity, are obvious model-based extensions that are
important for eradication strategy planning.

In terms of the coupled models considered in Chapter 6, I believe one of the
most important future research questions is establishing the strength of the causal
relationship between skin sores and scabies. The two studies which have provided
the range for the hazard ratios used in this thesis have both only estimated associ-
ation [7, 22], and although the studies suggest there may be a causal relationship,
the attributable risk strictly due to scabies remains unknown. This is not a major
issue in a statistical model, but when explicitly modelling the dynamics of scabies,
overattribution of risk implies that the impact of a scabies-focussed MDA is over-
stated. The impact of other skin conditions that could increase the likelihood of a
skin sores infection could also be considered. Fungal skin infections, for example,
are another biologically linked condition, but case numbers in the available datasets
are low. As such, the enhanched susceptibility factor for individuals with fungal
infections is unknown.

The way in which MDA was applied to the modelled populations also has po-
tential for model-based extension. In the scabies models, treatment during an MDA
is delivered at random, meaning that for coverage of less than 100%, individuals
are not systematically excluded from recurring rounds of treatment. It has been
shown previously that systematic non-adherance in an MDA significantly affects
the likelihood of eradication [37], and so incorporating a more realistic model of
MDA compliance should be considered.

Finally, more precise modelling of scabies treatments could be considered. In
particular, it is not clear how the model introduced in Chapter 3 could be extended
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to include the treatment effects of Moxidectin, a non-ovicidal treatment which
requires only a single dose to achieve infection clearance. A possible solution may
to be move to a parasite model, in which the number of mites on an individual host
is tracked. However, doing so would increase model complexity significantly, and
in turn decrease transparency.

The methodological advances made, in particular those in Chapter 5 with in-
terval censored data, have application beyond skin sores and scabies. The method
I developed is extendable to models with many more compartments (although an
analytic expression for the matrix exponential may not be available), and is appli-
cable to a wide range of epidemiological survey data. A potential extension to this
method would be to consider a hierarchical model, where the parameters for each
individual in a population are drawn from a parent distribution. The inclusion of a
hierarchical component increases computational complexity and data requirements,
but with more surveys being proposed for skin sores, this extension may be possible
in the future.

The models in this thesis are among the first for skin sores and scabies. With
some extension, they could be utilised to help understand the dynamics of skin sores
and scabies transmission, and in turn understand why previous control programs
have largely failed to achieve sustained prevalence reductions. This knowledge could
be used to aid participatory development of more efficient and effective strategies
for sustained disease control.

It is my hope that one day the models and methods in this thesis will be utilised
and extended in such a way that the transmission of these infections is understood,
control is performed, and the burden of disease is reduced in a setting where it is
far overdue.
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Abstract

Prevalence of skin sores and scabies in remote Australian Aboriginal communities remains
unacceptably high, with Group A Streptococcus (GAS) the dominant pathogen. We aim to
better understand the drivers of GAS transmission using mathematical models. To estimate
the force of infection, we quantified the age of first skin sores and scabies infection by pooling
historical data from three studies conducted across five remote Aboriginal communities for
children born between 2001 and 2005. We estimated the age of the first infection using the
Kaplan–Meier estimator; parametric exponential mixture model; and Cox proportional
hazards. For skin sores, the mean age of the first infection was approximately 10 months
and the median was 7 months, with some heterogeneity in median observed by the commu-
nity. For scabies, the mean age of the first infection was approximately 9 months and the
median was 8 months, with significant heterogeneity by the community and an enhanced
risk for children born between October and December. The young age of the first infection
with skin sores and scabies reflects the high disease burden in these communities.

Introduction

Infections with scabies and Group A Streptococcus (GAS) remain highly endemic among
Australian Aboriginal and Torres Strait Islander peoples (hereafter referred to as Aboriginal
Australians), particularly those living in remote communities. This high disease burden
remains despite improvements in other indicators of the health of Aboriginal Australian popu-
lations over recent years and demonstrated short-term effectiveness of treatment interventions
in trials and focused programmes [1–6].

Observational studies in remote Northern Territory communities have reported skin sore
prevalence as high as 45% [7, 8], one of the highest recorded globally. Age-specific prevalence
of skin sores among children of up to 14 years of age is high, but remarkably consistent across
the age groups studied [2]. Skin sores in these settings are primarily caused by GAS, with
Staphylococcus aureus as a common secondary pathogen and are frequently associated with
scabies [9, 10]. GAS infections have the potential to become invasive and can lead to serious
post-infectious sequelae of glomerulonephritis and rheumatic heart disease, that contribute
substantially to the observed health disparity between Aboriginal and non-Aboriginal
Australians [11].

Although individual studies have reported that presentation to Aboriginal community health
centres with skin sores and scabies is common in the first year of life [9, 10, 12], the age of the first
infection has not been quantified acrossmultiple studies. Estimation of themean age of infection,
in particular, allows direct calculation of the force of infection, the primary driver of endemic and
epidemic dynamics in mathematical models of infectious disease [13].

This study aims to calculate the mean and median age of the first infection for both skin
sores and scabies, using combined data from overlapping observational studies conducted in
remote Northern Territory communities [9, 10, 12]. The potential influences of the commu-
nity of residence, gender, seasonal and temporal factors are explored.
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Methods

Study populations

Data were originally collected as part of the East Arnhem Healthy
Skin Project (EAHSP), which took place between 2004 and 2007,
by the Menzies School of Health Research, in partnership with
five remote communities. Active surveillance of skin infections
was conducted over the 3-year period, with an aim to reduce
the prevalence of skin infections including scabies and skin
sores. This active surveillance included an annual ‘healthy skin
day’, which provided mass community treatment for scabies
and referral to the public health clinic for further treatment if
required. For infants and young children whose carers provided
consent, all primary health care visits from birth up to 4.75
years of age for children born January 2001–December 2005
were retrospectively audited [2].

Analysis of three separate but overlapping cohorts has been
published previously (Table 1) [9, 10, 12]. The three studies
were merged into a single dataset, duplicate entries were removed
and children actively recruited between 2004 and 2005 included.
This synthesis resulted in a total of 365 unique children. For
each child, the earliest recorded date of infection for skin sores
and scabies was identified. For children not experiencing infec-
tion, the date of the last primary health care presentation in the
pooled dataset was used as the censoring date.

Ethics approval for reuse of existing data was obtained from
The Human Research Ethics Committee of the Northern
Territory Department of Health and Community Services and
Menzies School of Health Research (Ethics approval number
2015-2516). Permission was also obtained from the custodians of
each dataset. This project has been conducted in association with
an Indigenous Reference Group, as well as an ongoing stakeholder
group which contains Aboriginal Australian community members.

Analysis methods

We utilised three separate models to explore aspects of the
population-level age of the first infection: Kaplan–Meier estima-
tor, a parametric exponential mixture model and a Cox propor-
tional hazards model. The Kaplan–Meier estimator provides a
baseline estimate of the burden of disease by reporting the overall
proportion of the population infected by the end of the follow-up
period. The parametric exponential mixture model,

Ŝ(t) = a+ (1− a)e−lt,

provides an estimate of mean age of the first infection (1/λ) which
cannot be calculated using the Kaplan–Meier estimator. This
form of survival function allows a proportion of individuals
(1-α) to experience a constant hazard (λ) and the remainder

(α) to experience zero risk (i.e. remain uninfected) over their life-
time [14]. The median age of the first infection, Am, can be
extracted from the parametric model using the formula,

Am = − 1
l
log

0.5− a

1− a

( )
.

Note that if α = 0, this expression is equivalent to the median
of a standard exponential distribution.

The Cox proportional hazards model was fit, using the
Kaplan–Meier estimator as the baseline hazard, to determine
the impact of any covariates, such as differences between gender,
community, birth season, birth year or birth quarter on the
median age of the first infection. Healthy Skin Days were held
in these communities in September 2005 and 2006, with the
Healthy Skin Day covariate referring to whether an individual’s
date of birth was prior to their implementation. The Cox model
produces a hazard ratio (HR) for each covariate. A HR greater
than 1 implies the covariate is associated with increased infection
pressure, resulting in a shorter time to the first infection.

Both the Kaplan–Meier estimator and the Cox proportional
hazards model were computed using R v3.3.3 and the package
‘survival’ v2.40.1. Parameter estimates for the parametric model
were obtained using maximum likelihood estimation, within the
‘expsurv’ package which was developed alongside this work and
released at https://github.com/MikeLydeamore/exponentialsurvi-
val. For each model, the median age of the first infection was cal-
culated, as well as the confidence interval. For the parametric
model, these confidence intervals were obtained using bootstrap-
ping with 200 replications.

Results

Study population

There were 365 children included in the dataset with slightly more
males than females (Table 2). Individual followup time differed
based on the study protocol under which they were recruited
(Table 1). The median number of primary health care presenta-
tions for a child was 19 (interquartile range (IQR) 13-28) times
in the first year of life and 15 (IQR 8-22) in the second year of life.

Primary health care presentations

Skin sores were recorded at least once for 307 (84%) of the 365
children and scabies for 260 (71%) children. Of these, 251
(69%) child health records reported at least one episode of scabies
and at least one episode of skin sores. The most frequent age of
the first infection for skin sores and scabies was similar at 3–4
months with no new first infections reported after the age of 32
months (Fig. 1).

Table 1. Period, size and duration of the three separate studies which were pooled to form the combined dataset. The three studies conducted retrospective
clinic audits across five remote communities (here coded as A, B, C, D and E to protect community privacy), extracting information for the period of
January 2001–December 2007

Study Period Size Duration Communities

Kearns et al. January 2001–May 2007 320 0–12 months of age A, B, C, D, E

McMeniman et al. February 2002–December 2007 99 0–24 months of age C

Clucas et al. January 2002–September 2005 174 0–60 months of age A, E

2 M. J. Lydeamore et al.
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The curves showing best model fit from the Kaplan–Meier
estimates of the survival curve, the parametric model and
the Cox model by the community, reveal similarities in the age
of acquisition of skin sores across all communities, but
demonstrated differences in the age of acquisition of scabies
(Figs 2 and 3).

Skin sores

The parametric model identified the mean age of the first infection
with skin sores as 10.2 months (95%CI 9.4–11.8), with a median
seven months (95%CI 6.9–9.5). These values were remarkably con-
sistent across all communities with widely overlapping confidence
intervals and almost no children remained uninfected in the first
60 months of life (Tables 3 and Fig. 4).

Despite overlapping confidence intervals, the Cox model iden-
tified community of residence as having a marginally significant
influence on the median age of the first skin sore presentation
for children in community D (HR 1.59, CI (1.01, 2.48), P =
0.043 giving median age of the first infection of 5.68 months
(reduction by 2.3 months)) (Table 4). A clear increase in infection
hazard was observed for children born between October and
December (HR 1.50, CI (1.10, 2.04), P = 0.010 giving the median
age of the first infection of 5.5 months (reduction by 1.9 months))
(Table 4). This association was present both before and after the
healthy skin programme (September 2004 and 2005), demonstrat-
ing that the observed birth quarter effect was not due to the inter-
vention (data not shown).

Scabies

For scabies, the parametric model’s estimate of the mean age of
first infection was 8.6 months (95% CI 7.8–9.6) and the median
7.6 months (95% CI 7.1–9.0). Differences in the mean and
median ages of first scabies infection were observed by a commu-
nity of residence, with means ranging from 7.0 to 14.5 months
and medians between 6.2 and 10.1 months, with non-overlapping
confidence intervals (Fig. 5). It was estimated that more than 20%
of children remained uninfected in some communities and none
in others (Table 5).

Community was the only influential covariate in the Cox
model, with scabies infections occurring at a significantly younger
age among children living in community D (HR 1.74, 95%CI
(1.09, 2.79), P = 0.021 giving median age of the first infection of
4.86 months (reduction by 3.8 months)) (Table 6). The overall
incidence of scabies was markedly higher in this community
than all others (Fig. 3).

Discussion

We have estimated the age of the first infection for both skin sores
and scabies among children from five remote communities in the
Northern Territory, to inform the development of transmission
models of GAS and scabies [15]. Differences in the mean and
median age of first scabies infection were observed across com-
munities, revealing heterogeneity in the force of infection.

Table 2. Distribution of the individual-level covariates for individuals born
between January 2001 and December 2005 who were included in this study.
As well as gender and community of residence, we considered the influences
of enrolment before or after a regional ‘Healthy Skin Day’ intervention. The
effects of year, quarter and season of birth were explored

Gender N (%)

Male 204 56

Female 161 44

Community

A 53 14

B 91 25

C 99 27

D 40 11

E 82 23

Healthy Skin Day

Pre 287 78

Post 78 22

Birth Year

2001 50 14

2002 78 21

2003 103 28

2004 84 23

2005 50 14

Birth Quarter

January–March 103 28

April–June 91 25

July–September 85 23

October–December 86 24

Birth Season

Wet 179 51

Dry 186 49

Fig. 1. Histogram of recorded ages of the first
infection for skin sores (a) and scabies (b), using
public health network presentation data, for chil-
dren born between January 2001 and December
2005 across five remote communities.
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Despite this fact, remarkable consistency for the mean age of skin
sore infection was observed, with a lower median observed in the
one community with heightened scabies risk relative to the others.
Anecdotally, this heightened risk may have been associated with a
case of crusted scabies in that community.

Comparison of the median age of the first infection in this
study with earlier estimates obtained from single cohorts demon-
strates the importance of including all available population data,
including uninfected individuals and the value of pooling esti-
mates from related studies conducted over different timeframes.
Previous analyses of a subset of the data contained here – in
which individuals were followed for 12 months – reported the
median age of the first infection as 5 months for skin sores and
4 months for scabies [9]. Our analyses provide consistent values
utilising a similar subset of data; however, by including longer

duration of follow up and censoring, we have estimated a notably
later age of the first infection. Using a series of statistical
approaches, we have also been able to explore community-level
differences in age of the first infection. Reuse of these high-value
datasets represents a highly desirable research efficiency.

Although the data on which these findings are based were col-
lected more than a decade ago, the clinical picture of GAS and
scabies remains relatively unchanged, despite the short-term dem-
onstration of intervention effectiveness. While recent reports do
indicate some improvements in the general health of Aboriginal
populations living remotely [1, 16], contemporary prevalence esti-
mates of skin sores and scabies demonstrate an unacceptably high
ongoing disease burden [7, 8, 16].

No significant difference by season of birth (wet, dry) in the
age of first infection with either skin sores or scabies was observed

Fig. 2. Comparison of the distribution of age of
the first infection for skin sores for children born
between January 2001 and December 2005 across
five remote communities (here coded as A, B, C, D
and E to protect community privacy). The distri-
butions are estimated using the Kaplan–Meier
estimator, the parametric model and the Cox
model fitted by the community.

Fig. 3. Comparison of the distribution of age of
the first infection for scabies for children born
between January 2001 and December 2005 across
five remote communities (here coded as A, B, C, D
and E to protect community privacy). The distri-
butions are estimated from the Kaplan–Meier esti-
mator, the parametric model and the Cox model
fitted by the community.

Table 3. Presentations with skin sores, by a community of residence (here coded as A, B, C, D and E to protect community privacy). The proportion of children
remaining uninfected by the end of the study period is reported, together with the age of first skin sore clinic presentation. Ages are reported as means and
medians in months, with 95% confidence intervals calculated using the parametric model.

Community Uninfected proportion
Mean age of first infection

(months)
Median age of first infection

(months)

A <0.001 (0, 0.11) 11.0 (8.8, 14.5) 7.6 (6.7, 10.7)

B <0.001 (0, 0.08) 10.1 (8.2, 12.8) 7.0 (6.1, 9.1)

C <0.001 (0, 0.08) 9.8 (8.2, 12.5) 6.8 (6.1, 9.1)

D <0.001 (0, 0.10) 9.2 (6.8, 12.2) 6.5 (5.2, 8.9)

E <0.001 (0, 0.10) 10.1 (8.2, 12.6) 7.0 (6.0, 9.1)

4 M. J. Lydeamore et al.
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in this study. This aligns with the analysis of previous prevalence-
based studies in our study populations [2] and suggests that the
force of infection in the wet and dry season is relatively similar
[13]. It is worth noting that historical studies in more temperate
climates such as the USA have reported a higher prevalence of
GAS in the summer season [17–20], which would indicate an

increased force of infection, or conversely a lower force of infec-
tion in cooler months when skin is covered [20, 21]. Previous
observations of an impact of low humidity on the risk of some
skin conditions [22] may explain our finding of increased skin
sore (but not scabies) hazard for children born between
October and December, as the average age of the first infection

Fig. 4. Comparison of the estimated median age of the
first infection for skin sores under the Kaplan–Meier
estimator, the Cox model and the parametric model,
across five remote communities (here coded as A, B,
C, D and E to protect community privacy) using public
health network presentation data for children born
between January 2001 and December 2005.

Table 4. Estimated values for the coefficients of a Cox regression model for the age of the first infection with skin sores, using public health network presentation
data for children born between January 2001 and December 2005. Baseline covariates were Gender = Male, Community = A, After Healthy Skin Program = false, Birth
Year = 2001, Birth Quarter = 1 and Birth Season = Dry. The bold rows indicate covariates which were identified as significant at the 5% level.

Covariate Hazard Ratio 95% CI P-value

Gender Male 1.00 Reference

Female 0.92 (0.74, 1.16) 0.499

Community A 1.00 Reference

B 1.21 (0.83, 1.78) 0.299

C 1.19 (0.83, 1.70) 0.338

D 1.59 (1.01, 2.48) 0.043

E 1.33 (0.92, 1.92) 0.135

After Healthy Skin Program False 1.00 Reference

True 1.23 (0.93, 1.63) 0.146

Birth Year 2001 1.00 Reference

2002 0.90 (0.61, 1.34) 0.612

2003 0.85 (0.59, 1.23) 0.382

2004 0.91 (0.62, 1.33) 0.625

2005 1.10 (0.71, 1.71) 0.654

Birth Quarter January–March 1.00 Reference

April–June 1.07 (0.79, 1.47) 0.637

July–September 0.87 (0.63, 1.19) 0.380

October–December 1.50 (1.10, 2.04) 0.010

Birth Season Dry 1.00 Reference

Wet 0.86 (0.68, 1.07) 0.179
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for children born in this period is between March and June, which
is generally a period of lower humidity. This finding warrants
additional investigation to see whether it is reproduced in similar
clinic-based cohort studies. Similar to scabies, tinea and fungal
infections also create a break in the skin, which may facilitate
skin sore infection. There were insufficient data in this study to
explore such an association.

The ability to aggregate multiple datasets with different dura-
tions of follow up was a key strength of our study. The assembled
cohorts represented approximately 20% of all births in the study
communities over the period [9]. This analysis also accounted for
the right-censored nature of the data, allowing individuals who
did not become infected during the observation interval to still
inform the age of the first infection in the estimation procedure,
a critical step in accurately estimating the age of the first infection
[23]. This approach enabled maximal information gains from
valuable historical data resources, using a series of complementary
analytic techniques.

We acknowledge the challenges involved with the retrospective
review of medical records data, particularly where information on
clinical presentations was missing and by inference assumed to
represent the absence of disease. It is noteworthy, however, that
this study drew on information around a period of a mass com-
munity intervention that is likely to have improved both present-
eeism and reporting for skin disease. In addition, the general

consistency of skin sore findings across communities reported
here and in a companion manuscript (Cuningham et al., manu-
script under review) provided reassurance that ascertainment
was not biased by the clinic of attendance. As the involved
PHC services were community-based and governed, access to
culturally appropriate care was assumed.

The use of primary health care presentation data can under-
estimate the age of the first infection and infection burden. The
high endemic prevalence of scabies and skin sores has resulted
in ‘normalisation’ of skin infections [2, 24], leading potentially
to a delay in the child presenting to the primary health care ser-
vice with either skin sores or scabies. If true, this phenomenon
would make the true age of the first infection earlier than our
estimate, leading us to underestimate the force of infection.

The estimated early mean age of the first infection adds to
existing knowledge of the high burden and intensity of transmis-
sion of skin pathogens in remote Aboriginal communities in
Northern Australia [25]. Further, the influence of community
on the force of infection is important to explore in greater
depth when planning interventions, which may need to be tai-
lored to the particular drivers in each community. Of particular
concern in the Northern Territory are crusted scabies infections
that have been identified previously as core transmitters in com-
munities with high scabies prevalence [16, 26]. With new treat-
ments for scabies such as ivermectin and potentially moxidectin

Fig. 5. Comparison of the estimated median age of the
first infection for scabies under the Kaplan–Meier esti-
mator, the Cox model and the parametric model,
across five remote communities (here coded as A, B,
C, D and E to protect community privacy) using public
health network presentation data for children born
between January 2001 and December 2005. Note
that for Community B, the upper confidence interval
for the Kaplan–Meier model is infinite.

Table 5. Presentations with scabies, by a community of residence (here coded as A, B, C, D and E to protect community privacy). The proportion of children
remaining uninfected by the end of the study period is reported, together with the age of first scabies clinic presentation. Ages are reported as means and
medians in months, with 95% confidence intervals calculated using the parametric model

Community Uninfected proportion
Mean age of first infection

(months)
Median age of first infection

(months)

A 0.22 (0.13, 0.36) 8.3 (6.0, 11.4) 8.5 (6.3, 13.9)

B <0.001 (0, 0.15) 14.5 (11.2, 18) 10.1 (8.9, 13.6)

C 0.14 (0.09, 0.25) 8.9 (7.1, 10.6) 7.7 (6.4, 10.0)

D <0.001 (0, 0.11) 9.4 (7.1, 12.6) 6.5 (5.2, 8.9)

E 0.15 (0.09, 0.26) 7.0 (5.4, 8.8) 6.2 (4.9, 8.5)
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becoming the standard [2, 16, 27], recent efforts in controlling
disease in these communities are beginning to show some success
[1, 11], although strategies for sustained control have remained
elusive, likely due to extreme (and heterogeneous) infection pres-
sure [26–28].

Our estimate of the age of the first infection will directly
inform quantification of the force of infection in a series of trans-
mission models being developed as part of a larger project to
identify intervention strategies for sustained impact against skin
disease. These models will incorporate emerging information on
the social determinants of transmission intensity. They will pro-
vide a useful conceptual framework for the participatory develop-
ment of innovative disease control measures with affected
communities, to reduce the burden of skin disease and health
inequalities associated with its sequelae.
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