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Prevalence of impetigo (skin sores) remains high in remote Australian Aboriginal communities,

Fiji, and other areas of socio-economic disadvantage. Skin sore infections, driven primarily in
these settings by Group A Streptococcus (GAS) contribute substantially to the disease burden
in these areas. Despite this, estimates for the force of infection, infectious period and basic
reproductive ratio — all necessary for the construction of dynamic transmission models — have
not been obtained. By utilising three datasets each containing longitudinal infection information
on individuals, we estimate each of these epidemiologically important parameters. With an eye
to future study design, we also quantify the optimal sampling intervals for obtaining information
about these parameters. We verify the estimation method through a simulation estimation study,
and test each dataset to ensure suitability to the estimation method. We find that the force of
infection differs by population prevalence, and the infectious period is estimated to be between
12 and 20 days. We also find that optimal sampling interval depends on setting, with an optimal
sampling interval between 9 and 11 days in a high prevalence setting, and 21 and 27 days for
a lower prevalence setting. These estimates unlock future model-based investigations on the
transmission dynamics of GAS and skin sores.

Keywords: skin sores; pyoderma; mathematical modelling; infectious period; bayesian inference; optimal
design

1 Introduction

Infections with impetigo (commonly known as skin sores) remain highly prevalent in remote Australian
Aboriginal communities, as well as Fiji and areas of socio-economic disadvantage [3, 36]. Skin sore infections
in these settings are primarily caused by Staphylococcus aureus, and Group A Streptococcus (GAS). GAS
is associated with post-infectious sequelae such as acute rheumatic fever and rheumatic heart disease, of

which Australia has one of the highest recorded prevalences globally [3]. Despite a relatively high level of
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understanding about the specifics of the GAS bacterium [39, 30, 34, 9, 16], comparatively little is known
about the natural history of skin sore infection. Furthermore, what is known is often based on historical
studies from a generation prior and from a different, non-endemic, geographical region [12, 10, 24, 11]. We aim
to utilise a dynamic transmission model for skin sores to estimate two key quantities: the force of infection,
and the duration of infectiousness. In the absence of information relating to immunity post-infection, we
assume skin sore transmission follows the dynamics of the Susceptible-Infectious-Susceptible (SIS) model.
Calculation of these two key quantities will contribute to the development and parameterisation of models
which will in turn inform the design of intervention strategies aimed at reducing prevalence.

We analyse three separate datasets, 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 [19, 8, 26|, collected as part of the East Arnhem Healthy Skin Project;
the second contains longitudinal data for 844 individuals from three rural Australian communities, collected
during household visits [25], and the third is comprised of survey visits for 163 individuals who participated
in a mass treatment program [5], of which the primary endpoint was control of scabies infection. To analyse
these data, we linearise the SIS model about the endemic equilibrium, and derive an expression for the
likelihood of the two model parameters. By utilising Markov chain Monte Carlo (MCMC) methods, we
obtain estimates of each of the force of infection, the duration of infectiousness, the basic reproductive ratio,
Ry, and the prevalence of infection. Finally, by utilising optimal experimental design, the optimal sampling

strategy to inform estimation of these parameters for use in future studies is obtained.

2 The Susceptible-Infected—Susceptible model

We consider a stochastic representation of the Susceptible-Infectious-Susceptible (SIS) model [22]. In this
model, individuals are either susceptible (S) or infectious (I). The transition rate from susceptible to
infectious, known as the force of infection, and denoted A = I, where 3 is the transmissibility parameter,
is non-linear. This non-linearity is one of the key features of dynamic infectious disease models. However,
this means that to model a population of individuals, the state of each individual is required (to know the
prevalence, I). For the SIS model, the size of the required state space is N [21]. When constructing the
Markov chain representation of the SIS model then, the generator matrix, @, is N X N, meaning that for
large numbers of individuals, computing the matrix exponential exp(Qt), is computationally intractable.
The result of this, then, is that performing inference with infectious disease models is challenging [29, 2, 27,
23, 40, 28].

When the dynamics of the SIS model are at (or close to) equilibrium, then the force of infection, A, is

approximately constant. As such, we approximate the SIS model by a two-state process with a constant force
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of infection. By making this approximation, and assuming individuals are otherwise identical, it follows that 30
a Markov chain consisting of only two states is required, independent of the underlying population size. This 40
approximation has a straightforward likelihood calculation, which allows estimation in a Bayesian framework a1
and also the calculation of the optimal sampling interval for future study designs through the use of optimal 42

experimental design. 43

2.1 Linearisation of the SIS model 44

The standard SIS model can be described using two transitions, infection and recovery, and two parameters, 45
the transmissibility parameter, 8, and the rate of recovery, v (Table 1). Ignoring demographic processes, the 46
total number of individuals in the population is fixed. 47

One of the most important quantities in infectious disease modelling is the basic reproductive ratio, Ry, 48
defined as the mean number of secondary infection events caused by a single infectious host, in an otherwise 49
susceptible population. The basic reproductive ratio functions as a threshold parameter, where if Ry <1, an  so

outbreak of disease will not occur, while if Ry > 1, then there is a non-zero probability of a disease outbreak s

occurring. For the SIS model, the basic reproductive ratio is 52
Ry=".
gl

The quasi-equilibrium solution of the SIS model is well known [21], and the endemic prevalence of disease 53

is 54
1
I"=1-——.
Ry
Let ¢ be time of interest of the process. The force of infection, A(t) is defined as, 55
A(t) == BI(t).

At equilibrium, the prevalence is approximately constant, and so the force of infection can be approximated s6
by 57
At) =BT = A\

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

life-course of that individual is 60
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Table 1: Transitions of the SIS model. The force of infection is given by A, the transmisibility
parameter 5 and the rate of recovery by ~.

State ‘ A ‘ Rate
(S, 1) | (=1,+1) | A:=pI
(Sv I) (+17 _1) v

and the matrix exponential of @ is

Py == L |7 AeTHIHA N = xem O
= e = —
Y4+ A N — e N\ g et

(1)

The matrix in Equation (1), combined with an initial state and time ¢, gives the probability distribution for
the Markov chain. It is possible to calculate expressions for the equilibrium prevalence, I*, and the basic

reproductive ratio, Ry, in terms of A and ~. Solving for the equilibrium distribution of the linearised SIS

model
wQ =0,
gives the equilibrium prevalence
A
I"=—. 2
A+ 2)

From the standard SIS model, it is also known that the basic reproductive ratio, Ry = /7, and A = gI*. It

follows that the basic reproductive ratio, Ry, is given by

A
oo
and substituting Equation (2) gives
A+
Ry= 217 (3)
Y

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.

3 Data

Three separate datasets collected in Australian Aboriginal communities are considered in this study: data
from public health network presentation (PHN) data on 404 children from birth to five years of age, collected
as part of the East Arnhem Healthy Skin Project; 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 for
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over 25 months as part of a mass treatment program in a single rural community (RC). 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. 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 RC 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 RC data.
Kernel density estimates of the distribution of time until the next presentation, with the observed data
overlayed, are shown in Figure 1. The suitability of each of these datasets for inferring the force of infection,
A, rate of recovery, 7, and the basic reproductive ratio, Ry is investigated in Section 4.3. It is worth noting
specifically that the PHN data contains information only on children from birth to five years of age, while
the other two datasets contain information on individuals of all ages. Prevalence of skin sores is known to

be age-dependent [35] and so by not modelling any age-structure, we are ignoring these differences.

3.1 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 susceptible 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 [18]. Let the state of individual ¢ at
observation j be X; ;, and the time at which the jth observation is made be t; ;. The likelihood for a single

individual, 7, can be evaluated as

Li()‘vpy) = HPXi,j,Xi,j+1 (ti’jJrl - tiJ)?

J

which is the relevant entry of the P matrix in Equation (1), evaluated at the time difference between

observations, ¢; j4+1 — t; ;. It follows that the likelihood for the entire population is

L()H’Y) = HLZ()HV) (4)
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It is important to note that the likelihood in Equation (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 RC datasets, then the sampling times have been
proven to be ignorable [18]. 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 [15]:

o The probability of individual ¢ being in a given disease state u; ; at time ¢; ;, given all infection history
until this point, H; j_1, is independent of whether an examination is carried out at this time and past

examination times, and

e The conditional distribution of the jth observation time, ¢; ; = P(T;; = t; j|H; j—1), where T} ; is the
random variable representing the time of the jth infection for individual ¢, is functionally independent

of the transmission parameters.

The first of these conditions effectively means that the probability that an individual is either susceptible
or infectious at time ¢;, given all past information, is independent of t;, and all past examinations. As
treatment is prescribed by a 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, and almost 60% of presentations to the clinic contain
no information on skin sores (and so one could assume that the primary reason for the visit is not 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 the first 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, A, and the infectious period, v are estimated in a Bayesian context using
Markov chain Monte Carlo estimation (MCMC). The MCMC is performed using the No-U-Turn sampler
implemented in Stan [37], 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/.
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Figure 1: Distribution of time between presentations for each of the three datasets — PHN, HH
and RC — with the time between observations overlayed.

4 Analysis

We first start by verifying the methodology through the use of a simulation estimation study, whereby individ-
uals 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.

4.1 Verification of methodology

There are multiple sources of stochastic variability in this setting, including the underlying population which
is observed, the realisation from the observation distribution 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 procedure 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 2 shows the marginal posterior estimates for the force of infection, A, the rate of recovery, 7,
and the basic reproductive ratio, Ry, for populations simulated using A = 1/60 and v = 1/20. Each violin
plot shows an individual (marginal) posterior distribution for the parameter of interest from a randomly
selected 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
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observation. However, the method estimates each parameter well and in an unbiased manner. 150

Next, potential variability in the observation distribution is considered. Again, a population of 400 151
individuals is simulated, and each simulated individual observed at times drawn from the observation dis- 152
tribution obtained from the PHN dataset (shown in Figure 1) over a time horizon of 1 year (Figure 2(B)). 1s3
It is satisfying that although the sampling interval in the PHN dataset is notably longer than the daily 1s4
case shown in Figure 2(A), the estimation method is still able to recover the simulated parameters. This 1ss
suggests that oversampling the population gives little benefit to estimates of the parameters. Comparatively, 1s6
it makes sense that if the sampling interval is too large, then no information will be gained. An example 157
of this phenomenon is shown in Figure 3, where 20 samples are made of the population, separated by some 158
sampling interval. The figure shows that a short sampling interval and a relatively short time horizon means 1s9
that information about the parameters is difficult to recover. Similarly, a long sampling interval increases 160
the variance in the parameter estimates. This suggests that there exists some optimal sampling interval. 161

This concept will be returned to in Section 5. 162

4.2 Verification of linearisation procedure 163

Having established that parameters can be re-estimated from the linearised model, we now look to verify 164
whether the linearisation of the SIS model is valid. To do this, an individual-based implementation of the 165
full (non-linearised) SIS model is used. The chosen parameters are 8 = 0.067 and v = 1/20 (giving A = 1/60 166
and an endemic prevalence of 25%), and 300 individuals. The Markov chain is seeded with 125 infected 167
individuals, which is close to the equilibrium of this system. The population is simulated from the full SIS 168
model, and the estimation is performed using the linearised model. Figure 4 shows results from 64 realised 169
populations, under the observation distribution from the PHN dataset. The recovery rate, -, is estimated 170
accurately and with relatively small variance. The force of infection, A, is somewhat underestimated on 171
average with a relative error in the mean of 15%, although the variability is large. This underestimate 172
carries over to the estimate of the basic reproductive ratio, Ry. 173

The results are visually similar to those shown in Figure 2 under the same observation distribution. 174

Thus, it is concluded linearisation of the SIS model is valid when the dynamics are near equilibrium. 175

4.3 Verification of presentation distributions 176

Before estimating the force of infection, A, and the rate of recovery, -, for the three datasets discussed, the 177
frequency of presentations must be checked to determine if they are sufficient for use with the method. Figure 178
5 shows a simulation estimation study using the presentation distributions from the PHN and HH datasets. 179

Both datasets give good estimates. When considering the RC dataset, recall the presentation distributions 1so
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Force of infection, A Rate of recovery, y

Parameter Value

Figure 2: Marginal posterior distributions for the force of infection, A, the rate of recovery -, and
the basic reproductive ratio, Ry, 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
posteriors. The true value which was used to generate each population is represented by the blue
line (A = 1/60,y = 1/20). The two different observation distributions are (A): Observed daily
over 1 year and (B) observed according to the empirical presentation distribution from the PHN
data over 1 year. Both observation distributions yield good estimates of the simulated parameters.
The observation distribution from the RC dataset was tested, but has not been visualised as the
estimates were far from the true values (See Figure 3).
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Figure 3: Variance in the estimates of the force of infection, A\, and the rate of recovery, v, for a range
of sampling intervals. Estimates were performed on 64 realisations of the simulated populations,
each with parameters A = 1/60 and v = 1/20. Each realisation contains 20 observations from the
simulated population.
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Figure 4: Marginal posterior distributions for the force of infection, A, the rate of recovery -,
and the basic reproductive ratio, Ry, 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 (A = 1/60,~v = 1/20). The simulated parameters
are recovered successfully.
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shown in Figure 1. The RC 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, Ry, may still be possible. Figure 6 shows the prior distributions, with samples from the
posterior distribution overlayed, under the observation distribution from the PHN dataset (panel A) and
the RC dataset (panel B). Under the observation distribution from the PHN data, the posterior 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 observation distribution is that seen in the RC 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, A, and the rate of recovery, v. However, the posterior distribution
samples align with the simulated prevalence (and thus the basic reproductive ratio, Ry). The RC 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 each of the force of infection, A, the rate of recovery, 7, the prevalence of disease and the basic

reproductive ratio, Ry.

4.4 Estimation from Data

For the PHN and HH datasets, relatively similar estimates for the infectious period, 1/v (12 days for the
PHN dataset, and 20 days for the HH dataset) are obtained. However, notably different estimates for the
force of infection, A, were obtained. In the PHN dataset, the mean force of infection is estimated at 1/20.21,
while in the HH dataset, the estimate is 1/202.07 — an order of magnitude different. This difference follows
through to estimates of the basic reproductive ratio, Ry (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 RC dataset, Ry 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 2)[1, 25, 5], at 35.6% in the region in which the PHN dataset was collected, 13.1% in the
region where the HH dataset was collected and 35% in the region where the RC dataset was collected. These

prevalence estimates align closely with the estimates obtained using our method.

5 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 when should individuals be sampled? Aided by the simple structure of the linearised SIS model,
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Figure 5: Marginal posteriors for the force of infection, A, the rate of recovery ~, and the basic
reproductive ratio, Ry, 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 posteriors. The true
value which was used to generate each population is represented by the blue line (A = 1/60,v =
1/20). The two different observation distributions are taken from the (A): PHN dataset (1 year)
and (B) HH dataset (1 year).
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Figure 6: Prior distribution (concentric rings) with 20,000 samples from the posterior distribution
(black points) overlayed from a randomly generated population under the observation distribution
from (A) the PHN dataset, and (B) the RC 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 variance, indicating the two parameters of interest cannot be uniquely

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

Table 2: Parameter estimates for the force of infection, A, and the infectious period, 1/ from the
three different datasets. Note this method estimates the rate of recovery, -y, but the infectious

period is reported here for clarity.

Dataset Parameter [units] Mean 95% CI
PHN Force of infection () [1/days] | 0.049 | (0.042,0.059)
Infectious period (y~!) [days] | 12.19 (10.23,14.55)
Ro 1.60 (1.56,1.65)
Prevalence 37.5% (31.0,39.4)
Literature [1] Prevalence 35.6% (32.9,38.3)
HH Force of infection () [L/days] | 0.0049 | (0.0040,0.0062)
Infectious period (y~1) [days] | 19.97 | (16.19,24.56)
Ry 1.10 (1.09, 1.11)
Prevalence 9.1% (8.3,10.0)
Literature [25] Prevalence 13.1% | Not provided
RC Ro 1.42 (1.34, 1.51)
Force of infection () — Not identifiable
Infectious period (y~1) — Not identifiable
Prevalence 29.6% (25.4,33.8)
Literature [5] Prevalence 35% Not provided
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Table 3: Optimal sampling strategies (in days) using the posterior distributions obtained from the
PHN and HH datasets, as well as the union of these two posterior distributions. Two sampling
strategies are considered: variable, where the time between each observation is allowed to vary, and
fixed.

Data Source | Interval Optimal Design (days)
PHN Variable | (12.9,12.3,10.4,12.0,10.3,12.5,12.5,9.1,11.3, 10.6, 11.6, 13.2)
Fixed 9.9
HH Variable | (18.1,23.0,30.5,31.1, 31.6, 27.8, 30.0, 31.7, 30.0, 30.6, 32.6, 20.4)
Fixed 24.2
Combined | Variable | (16.2,23.5,24.3,32.0, 28.2, 26.6, 31.6, 2.2, 28.2, 28.1, 30.8, 33.9)
Fixed 23.4

this question may be answered through optimal experimental design [13]. We take the approach of robust 212
optimal experimental design, under the ED-optimality criterion [31, 33]. Let § = (d1,...,d,—1) define an 213
n-sampling design with spacing d;, i = 1,...,n — 1 between subsequent observations. Then, the optimal 214

sampling design, 8%, is given by 215

& = arggnax/det([(6,0))p(0)d0, (5)

where 8 = {\, v}, I1(§,0) is the Fisher Information matrix, det is the determinant operator, and p(0) is the 216
prior distribution. Note that the optimal sampling interval, §*, is dependent on the prior distribution, p(8). 217
Two designs are considered for each dataset. The first is termed the variable sampling interval, where the ith 218
sampling interval, §;, is unrestricted, and n = 11 design spacings are chosen. Although this design strategy 210
is optimal over a 12 visit design, adhering to the varying intervals may be difficult from an implementation 220
perspective. A more practical strategy, and the second considered here, is termed the fized sampling interval, 201
where §; = 6, Vi. This is equivalent to considering n = 1 design spacing, as the population dynamics are 222
assumed to be at equilibrium throughout the study. 223

The integral in Equation (5) is approximated using a Monte Carlo estimate with 5,000 samples. Each 224
individual is observed 12 times. We use the induced natural selection heuristic for finding optimal strategies 225

[32]. For detail on the algorithm inputs and evidence of convergence, see Appendix C. 226

5.1 Recommended sampling strategies 207

We calculate the optimal strategy using the posterior distributions obtained from the PHN dataset, HH 228
dataset and the union of the these two posterior distributions as the prior distribution in Equation (5). The 220
results for both the variable interval strategy and the fixed interval strategy are shown in Table 3. 230

Under the constraint of equal observation intervals, and restricted to whole days any sampling interval 231

between 9 days and 11 days gives a Fisher Information within 97% of the maximum for the PHN dataset. 232
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Comparatively, for the HH dataset, any sampling interval between 21 days and 28 days gives a Fisher
Information within 97% of the maximum. Combining the two posterior distributions, any sampling interval
between 21 and 28 days is within 97% of the maximum. However, it should be noted that a sampling interval
of 23.4 days achieves only 30% of the maximum Fisher information possible in the PHN dataset, but 99% of
the maximum in the HH dataset. This highlights the importance of specifying the optimal sampling strategy
according to the specific scenario.

Interestingly, the optimal design spacing for the fixed strategy is not the minimum of the optimal design
spacing for the variable strategy. We propose the following hypothesis for this phenomenon: when the
observation interval is allowed to vary, we can effectively ‘spend’ a single observation close to the previous
in order to potentially gain a lot of information. However, in the fixed interval strategy, this option is not
available, and so to avoid ‘wasting’ observations, a more conservative strategy becomes the optimal.

To understand the difference in the optimal sampling times, recall that the expression in Equation
(5) maximises the Fisher Information, which through the Cramer—Rao lower bound, can be thought of as
minimising the variance of the parameter estimates [6]. This estimate inherently depends on the under-
lying parameters of the system: when events (i.e., infection and recovery) are happening slowly (i.e., low
prevalence) then sampling should happen less often, while when events are happening frequently (i.e., high
prevalence), then sampling should happen more often. In the case where little prior information about the
system is available, then it may be more appropriate to adopt a ‘conservative’ sampling strategy, which here
is the faster of the two presented strategies. Doing this yields a Fisher Information of 53% of the maximum
for the HH dataset. The conservative strategy is presented in Appendix D. Overall, the conservative strategy
generally gives good estimation accuracy (up to 10% error in a simulation-estimation study), and so is a

viable ‘catch-all’ strategy in the absence of prior information such as the prevalence.

6 Conclusion

We have provided the first model-based estimates for the duration of a skin sore infection (between 12 and 20
days), the force of infection and basic reproductive ratio (1.1 to 1.6) in three different settings. Furthermore,
the optimal sampling interval for future strategies has been determined, assuming that a study’s primary
goal is to estimate the force of infection and duration of infectiousness.

Previous work on the duration of skin sore infection has calculated the lifetime of a single sore on an
individual under observed treatment to be less than 7 days [4]. However, the lifetime of a single sore is
unlikely to be the same as the period for which an individual is infectious, due to the presence of multiple
sores on a single individual. By performing the estimation in a modelling framework, the interval-censored

nature of the data has been incorporated. Although the frequentist version of this estimation technique has
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been utilised in other disease settings [14, 17], to our 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 often not able to be determined for traditional infectious disease dynamic models.
However, it is important to note that the assumption of equilibrium dynamics is likely to be violated in real-
world settings, particularly in the event of mass drug administration. Mass drug administration has been
implemented in these communities in the past [1, 20], and was ongoing during the period of data collection
in the RC dataset, although skin sores was not the primary outcome of the program in the RC setting [5]. 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 [25, 11] and inclusion of carriage in models has
been shown to substantially change intervention outcomes [7]. However, without longitudinal carriage data
related to skin infection, or clear evidence of the contribution of carriage to infectiousness, 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 influenced by treatment, and so is likely to be lower than
the natural infectious period. Quantification of the impact of treatment is an important research question.
Within these studies, diagnosis of skin infections was actively sought and treatment recommended. However,
actual uptake of treatment was not recorded. Nonetheless, treatment was probably more common than
outside of the study context, meaning that our estimate of the infectious period is likely an underestimate
of the infectious period outside of the study context.

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. Extrapolation from this dataset to the entire population
should be performed with caution as the prevalence of skin sores appears to be age-specific [35], although
the relative similarity of the estimates of the infectious period 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
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to improve the efficiency of future study designs, or evaluation of disease control programs.

These parameter estimates unlock future model-based investigations for skin sores. By providing esti-
mates for both the force of infection and the duration of infectiousness, more complex models which include
covariates such as scabies, non-homogenous contact patterns, and population mobility can be considered,
and the impact of treatment strategies in these settings can be evaluated. It is our hope that these models
will lead to the development of innovative disease control measures, the application of which will reduce the

burden of skin disease and health inequalities.

Data accessibility: The observation times for individuals, fitted posterior distributions for each dataset,
and the optimisation algorithm are given in the supplementary material. Simulation algorithms and estima-
tion methods are provided in the TMI package (https://github.com/MikeLydeamore/TMI).
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A MCMC Diagnostics

Here information relating to the diagnostics of the MCMC procedure is provided. Figure 7(A) shows that
the posterior distributions from the PHN data have converged far from the prior distributions (which were
N ~ (0.5,0.5)), and Figure 7(B) shows that the chains are well mixed. The same conclusion can be drawn

from Figure 8 for the HH dataset and for the RC dataset in Figure 9.

B Derivation of the Fisher Information matrix

The Fisher Information matrix is a representation of the amount of information that is contained in a model

with parameters 8, about some observable value. The Fisher Information matrix is defined as,

00, 00,

o [az(e) 8l(0)} .

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

B 821()
fi = —E { 90,0, ] '

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, §. Here, only the case of a single
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Figure 7: MCMC diagnostics for the PHN dataset. (A): Posterior density estimates of the force of
infection, A\, and the rate of recovery, 7. The solid red line is a 95% credible interval, the dashed
line a 99% credible interval. (B): Autocorrelation plots of the parameter values, for each of the
chains.

22


https://doi.org/10.1101/674663

bioRxiv preprint doi: https://doi.org/10.1101/674663; this version posted June 21, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

A Force of infection, A Rate of recovery, y
: \ 801 \ \
600 1 E E 60 - E E
> : | : :
:.: 1 1 1 1
)] 4 1 1 | |
& 400 ! ! 401 . !
) | : : \
0o : : : :
200 1 ! ! 201 : |
0.003 0.004 0.005 0.006 0.007 0.008 0.009 0.03 0.04 0.05 0.06 0.07 0.08
Parameter Value
B Force of infection, A Rate of recovery, y
1.001
c
2 0.754
L
o
< 0.50+
Q
&)
e
S 0.251
<
0.00 1
Q QO N Q QO N
Lag

Figure 8: MCMC diagnostics for the HH dataset. (A): Posterior density estimates of the force of
infection, A\, and the rate of recovery, 7. The solid red line is a 95% credible interval, the dashed
line a 99% credible interval. (B): Autocorrelation plots of the parameter values, for each of the
chains.
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Figure 9: MCMC diagnostics for the RC dataset. (A): Posterior density estimates of the force of
infection, A\, and the rate of recovery, 7. The solid red line is a 95% credible interval, the dashed
line a 99% credible interval. (B): Autocorrelation plots of the parameter values, for each of the
chains.
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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,
A — e 00+

¢s(0;,0) = P

)

to be the probability that an individual is infected at time §;, given they were susceptible at time 0. Similarly,

define,
)\ _|_ 76_6(7"")‘)

¢1(6;,0) = oY

)

to be the probability that an individual is infected at time §;, given they were infected at time 0. For
convenience, supress the dependence on @ while deriving the Fisher Information matrix.
The likelihood function in Equation (4) can then be expressed as
{Xi—1==S}
£(61,0) =TT | (1= os(6) == - gs(a¥==0)

« ((1 N QSI((Sl_)){XZ::S} . ¢I(5i){Xi——I}){X11==I}:| ’ (6)

where {X; == S} represents an indicator function. Taking the log of Equation (6) gives

1(0) =) [{Xi1 == S}({X; == S}log(1 — ¢5(8:)) + {X; == I} log(¢s(5:)))

7

+ {Xio1 == I} ({Xi == Stlog(1 — ¢1(6:)) + {Xi == I}1og(¢1(6:)))] . (7)

The only terms of Equation (7) that contain € are the functions ¢g(d;) and ¢(d;), and the log likelihood

is linear in these functions. As such, the second partial derivatives of Equation (7) are simply

210)
96,0,
> (s = 51 (1o ) 2B 0s00) Pt
2 log(1 — S 210 :
HXio1==1} <{Xz == S}a ! g(c’;eiaj)l(d ) +{X; == ]}‘fﬂagéj;lj(é)))] . (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, X; is Bernoulli, with probability of success (infection) of either

ds(;) if X;—1 = S or ¢;(d;) if X;—1 = I. Using the law of total probability, it follows that
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The first term of Equation (9) is simply the probability of failure (that is, not infected), given an individual
was previously susceptible, which is (1 — ¢g). To calculate the second term, recall that the time between the

ith and the (i 4 1)th observation is §;. Consider a discrete time Markov chain, with probability matrix

Then,

represents the probability that an individual is susceptible or infected at observation r, where iy represents
the probability that an individual is initially infected, given here by the prevalence, I*.

define ps , to be the first element of this vector, and p; , =1

1—¢s(d:i) ¢s(di)
1—¢1(6:)  ¢1(8i)

P=

1—20720 HPk

As each X; is Bernoulli, it follows from Equation (9) that the joint expectation is

E{X;==S}H{X;,-1 ==

5)] =

P(

Xi:SﬁXiflz‘S):

and the other forms of this expectation follow similarly.

Iy, 0,

Finally, taking the expectation of Equation (8) gives

The expressions for each second derivative were found using Sage, and are implemented for numeric

= Zps,(j—l) : (1 - ¢S(5j))

9% log(1 — ¢s(9))

+pi-1) - (1= ¢1(55))

06105

+ Ps,(j—1) - ¢5(65)

9*log(1 — ¢1(6;))

0010,

0% log(¢s(95))

0010,

+plj1

~¢r(5)

evaluation as part of the TMI package (https://github.com/MikeLydeamore/TMI).

B.1 Constant time between observations

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

then the P matrix in Equation (10) is independent of i. Because of this, an analytic expression for P” is

[38]a

r

1

T b5+ (1—¢1)

tiv1 —

1—¢r
1—-¢;

bs
®s

t =8 Vi,
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(61 — ¢s)"
¢s+ (1 —¢r)

¢s
or—1

—¢s
o1

— Ds,r to be the second element.

(1= &5(0:))ps,is

0108(61(6,))

06105

(10)

For convenience,
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Figure 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 analytic
expression for the Fisher Information matrix, with each curve normalised separately. The chosen
parameters were A = 1/60 and v = 1/20.

The expression for the Fisher Information in Equation (12) is verified in the constant time between ob-
servations case again through a simulation estimation approach. For a given set of parameters, 0 = {\, v},
64 populations of the SIS model are simulated, and parameters estimated under each sample spacing,
0 € {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 10.

C Optimal sampling strategy diagnostics

We utilise the induced natural selection heuristic for finding optimal sampling strategies [32]. We choose the

following parameters:

e Initial designs, D ~ U[1,40], with |D| = 2000,

Number of generations, W = 50,

Pertubation function, f(d|d’) = TN (d',1),

Acceptance criteria: retain top 40, 30, 20, 10 and 5 designs (10 times each),

Newly sampled designs, m: 5, 10, 20, 30 and 40 designs (10 times each).
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Presented here are diagnostics which give evidence of the convergence of the induced natural selection
heuristic. Figures 11, 12 and 13 show that the Fisher information matrix has converged (panel A), and that
the chosen values for the sampling intervals also appear to have converged (panel B) for the variable interval

strategies. The same conclusion is drawn for the fixed interval strategies, as shown in Figurse 14, 15 and 16.

D Conservative sampling strategy

In Section 5, it was found that the optimal sampling strategy favoured a longer sampling interval in the
absence of prevalence information. While this performed well for the relatively low prevalence observed in
the setting where the HH dataset was collected, the strategy performed poorly in the higher prevalence
setting where the PHN dataset was collected. A potential alternative strategy would be the conservative
strategy, where the population is sampled every 10.45 days (as per the high prevalence setting). This strategy
favours oversampling at the penalty of potentially broader credible intervals for parameter estimates in a
low prevalence setting. A simulation estimation study of this, with 20 observations, is shown in Figure 17.
The conservative strategy appears to perform well in the low-prevalence setting, although the variability in
estimates is high (up to a 10% estimate error, compared with a 6% estimate error in the high prevalence
setting). As this sampling strategy is optimal for the high prevalence setting, this study suggests that the

conservative strategy may be a valid ‘catch-all’ strategy.
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Figure 11: Accepted values of the sampling intervals for the PHN dataset with a variable sampling
interval, as a function of the generation of the estimation algorithm. The space appears well
explored, and the solution appears converged after 50 generations.
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Figure 14: Accepted values of the sampling intervals for the PHN dataset with a fixed sampling
interval, as a function of the generation of the estimation algorithm. The space appears well
explored, and the solution appears converged after 50 generations.
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Figure 15: Accepted values of the sampling intervals for the HH dataset with a fixed sampling
interval, as a function of the generation of the estimation algorithm. The space appears well
explored, and the solution appears converged after 50 generations.
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Figure 16: Accepted values of the sampling intervals for the combined dataset with a fixed sampling
interval, as a function of the generation of the estimation algorithm. The space appears well
explored, and the solution appears converged after 50 generations.
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Figure 17: Marginal posterior distributions for the force of infection, A, the rate of recovery ~, and
the basic reproductive ratio, Ry, from 8 randomly generated populations from the linearised SIS
model under the conservative sampling strategy (every 10.45 days, for 20 successive observations)
under (A) a high prevalence setting, and (B) a low prevalence setting. 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 (high prevalence A = 0.049, low prevalence A = 0.0049,~v = 1/19.97)
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