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Abstract
Background: Malaria is a mosquito-borne disease which caused over 400,000 deaths in 2019. The development of drug-resistant malaria strains has previously undermined front-line treatments, therefore the ability
to systematically measure treatment effect is an important tool in monitoring the threat of resistance. A
number of existing methods have been developed and three are examined in this project.
Methods: This project used Stan in an R interface to sample parameter values from an adapted version
of the Bayesian hierarchical model presented in Fogarty et al 2015. This method represented patientlevel parameters as drawn from population-level distributions with their own ‘hyper parameters’. It also
incorporated the ‘lag’ and ‘tail’ phases, where a patient’s parasite density can remain constant for a period
of time at the beginning and/or end of their profile.
Results: Sampling 4000 iterations (with 500 discarded as burn-in) from 4 chains took approximately 50
minutes. Diagnostic tools (such as Rhat values, Effective Ssample Size and trace plots) did not show any
evidence of poor convergence or highly auto-correlated draws within each chain. Plots of 95% credible
intervals illustrated the data seem to be well captured by the posterior samples. Estimates of covariate
effects calculated from the posterior distributions were not in line with previous methods, indicating the
need for further development of the model.
Conclusion: The methodology developed here is significantly faster, easier to implement and more flexible
than existing methods. Unfortunately it is not yet accurate enough to be used to produce reliable estimates
of covariate effects. Stan software is useful for increasing the accessibility of Bayesian sampling methods.
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Introduction
Malaria was rated the 6th leading cause of death in low-income countries in 2019 and continues to disproportionately impact children and infants. Although treatments exist and are considered extremely effective,
the development of resistant malaria strains threatens to significantly undermine efforts to achieve elimination
(Menard & Dondorp 2017, Ouji et al 2018). In order to track and understand resistance, there needs to be
systematic practices for quantitatively evaluating the effect of a treatment - in other words, a way to measure
how well a drug (or combination therapy) neutralises malaria parasites.
A number of existing methods are currently used to evaluate treatment effect, this paper will briefly summarise these options in the context of a data set of 110 patients from Cambodia. A Bayesian modelling
framework (created by Fogarty et al 2015) which balances group and individual level effects is then explored in
more detail. Samples of parameter values from a version of this hierarchical model are simulated in the program
Stan (Stan Development Team 2020) using an R interface RStan (R Core Team 2020).
Finally this report reviews the sampled parameter values and accompanying diagnostics, comparing the
output to that of previous sampling methods. The comparison found this adapted Stan model to be more
computationally efficient and much more flexible than methods available previously, however it is not yet able
to sufficiently reproduce previous results for covariate effects.

Statement of Authorship
This report is a summary of work influenced and shaped by a large existing body of research on the modelling
of malaria parasite clearance rates. This model presented here is an adaptation of that presented by Fogarty
et al (2015), which is itself an expansion of the methods created for the Worldwide Antimalarial Resistance
Network (Flegg et al 2011). The coding, sampling and report writing was done by Meg Tully. This work was
completed under the guidance and supervision of A/Prof Jennifer Flegg and Dr Sophie Zaloumis.

BACKGROUND:

Malaria as a Global Health Challenge
Approximately 229 million malaria infections occurred in 2019, leading to 409,000 deaths, mostly among
children under 5 (WHO 2020). Despite significant progress, the rate of mortality reduction has slowed since
2016 and more concerningly, current advancements are seriously threatened by emerging antimalarial resistance.
Currently, the most effective treatment for malaria is artemisinin-based combination therapies (ACT). However,
in Southeast-Asia, Plasmodium falciparum (the species responsible for most malaria deaths) is developing resistance to ACT treatments (Imwong et al 2017). In the past, effective antimalarial drugs have been repeatedly
undermined by wide-spread resistance, which has tended to develop in Southeast Asia and spread into Africa.
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The Dataset
The data analysed in this report is from the Pursat province of Cambodia (Amaratunga et al 2012).
Artemisinin-resistant malaria is believed to have first emerged in Cambodia (Dondorp et al 2009, Hamilton
et al 2019, Imwong et al 2017), therefore tacking treatment effect in this region is of particular interest. The
data is from 110 patients infected with Plasmodium falciparum over 2009-2010. To be included a patient had
to be over 10 years old, have an uncomplicated infection, an initial density over 10, 000 asexual parasites per
µL, and a negative pregnancy test for women 15-45 years old. It’s notable that 76.4% of presenting patients diagnosed with P. falciparum malaria during the study period were excluded due to these or other criteria. Each
patient had parasite density/µL recorded every 6 hours until the densities became too low to be measured,
any concentration below 15/mL was recorded as 0. Therefore the number of measurements recorded for each
patient vary significantly (min = 4, median = 13, max = 21). Mean parasite start count is 101,812 per µL (min
= 11,882, max = 546,461).

ANALYSIS OPTIONS:
The goal of analysing parasite clearance data is twofold: firstly we aim to evaluate how effective a treatment
is - and secondly examine the relationship between treatment impact and variables of interest. These could
include geographical location, parasite genetic markers, dosage and treatment regime, patient demographics
and date of treatment. By evaluating the year as a variable it can be possible to quantitatively define emerging
resistance over time.
So what approaches can we use to achieve these goals?

Figure 1: Log-Parasite counts (yi ) of all 110 patients from the Pursat data set, with separate regression lines
and 95% confidence intervals for a linear model with year as a factor (Equation 1)
.
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Approach 1: Linear Modelling
We can fit a basic linear regression model to the combined data set, treating each covariate as a factor. For
example year with 2 levels; 2009 and 2010, as in Figure 1. In this model yeari has a value of 0 for data from
2009 and 1 for 2010, therefore the ith indexed data point is represented by the equation:

log(yi ) = α − βti + 1.19 × yeari + i

i ∼ N (0, σ 2 )

(Equation 1)

Performing a basic linear model analysis in R, the year term was evaluated as significant (p<< 0.01) but an
interaction term (yeari × ti ) was not (p> 0.1) and is therefore excluded from the model. This suggests there
is a difference in initial parasitaemia between years, but not rate of clearance, when no other covariates are
considered.

The advantage of this method is its simplicity and the well developed theory around linear models and
their analysis. However - by treating all data points equally we are unable to represent the connection between
measurements from the same individual. This method is therefore unsuitable as it is unable to estimate the
between subject variation in treatment effects.

Approach 2: Proportion of Patients with Detectable infection

Figure 2: Percentage of patients with detectable malaria infections at the end of each treatment day, separated
by year.
Many studies use the proportion of patients with any detectable infection on each day of treatment, or
the time taken until parasite density levels are below the detection limit (Figure 2) (Stepniewska et al 2010,
Dahal et al 2015). This method is very easy to implement and can be calculated without any regular intervals
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Figure 3: Parasite clearance profiles from patients 82 and 14 with linear regression lines to demonstrate similarity
of the slopes.
of blood sampling required. The significant disadvantage however is that duration of infection has a strong
correlation with initial parasitaemia. Even with near-identical slopes of parasite clearance, an infection with a
higher density of initial parasites will take longer to clear (Figure 3).
Another concern is the reduced reliability of Microscopy measurements at low parasite densities (O’Meara
et al 2005), one study (Berzosa et al 2018) found 19.4% of blood samples assessed as clear of malaria were falsenegatives when reassessed with PCR. Alternatively using PCR diagnostics can greatly increase measurement
accuracy. Therefore percentage of infected patients is at risk of being a poor indicator of treatment effect.

Approach 3: Parasite Clearance Rate
One of the most robust measures of treatment effectiveness is the declining log-linear slope of parasite density
(Ashley et al 2014, Flegg et al 2011, White 2011). However creating a reliable and accurate method of finding
this slope is complicated by a few factors. Parasite clearance measurements may exhibit ‘lag’ and ‘tail’ phases.
The prevalence of these has been estimated as approximated 30% (Flegg et al 2011). The ‘lag’ phase occurs
when the parasite readings remain constant (or even increase by a small degree) after treatment is administered.
This phase is then followed by a period of log-linear decay, and finally a ‘tail’ with repeated measurements near
or at 0. These phases occur due a variety of biological and methodological factors and are not considered
representative of treatment effect. Therefore identifying and removing these phases from calculation of parasite
clearance slope will increase accuracy of the results.

Parasite Clearance Estimator
The Parasite Clearance Estimator is a tool developed for the Worldwide Antimalarial Resistance Network
(WWRAN) (Flegg et al 2011). This standardised system for calculating slope (or equivalently half-life) of
P. falciparum infections is easily available as an online tool. The methods include consideration of ‘lag’ and
‘tail’ phases, as well as a purpose-made outlier detection tool to identify and censor biologically improbable or
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impossible measurements.
This system has become widely used throughout malaria research. For example 68% (17 of 25) of papers
with suitable data between Nov 2011 and May 2014 used this tool (Fogarty et al 2015). Therefore the PCE
represents a significant improvement on previous methods - particularly in terms of modelling the possible presence of ‘lag’ and ‘tail’ phases, and being generally quite accessible for researchers.
Despite its usage, there are some flaws in how the PCE tool is utilised in practice. Generally, analysis is
done in 2 stages: (1) parasite half-lives are calculated using the PCE, and (2) regression is performed on these
summary statistics, in order to assess the possible impacts of covariates. As an example of the possible ways
to look at these summary statistics, Figure 4 shows the slope coefficients from patients in the Pursat data set,
separated by year.

Figure 4: Slope coefficients for log-linear parasite decay rate by year, calculated using the Parasite Clearance
Estimator tool.
A weakness of this approach is that half-life values are being treated as primary data, and therefore during
regression they are assumed to be homoscedastic (have homogeneous error or noise values). This assumption
however, does not hold for half-life estimates calculated with the PCE as the number of readings from a patient
can vary widely. For example there should be significantly less error expected for a slope calculated from a large
number measurements, than one calculated from very few. By separating the analysis into these two distinct
parts, we loose some information that could help to inform the covariate analysis.

Bayesian PCE
In 2015, Fogarty et al. proposed a Bayesian approach to modelling parasite clearance which would allow the
‘two-stage approach’ to become integrated. This method uses a hierarchical model, where each patient has their
own individual slope, intercept and lag/tail change-point parameters. Each of these patient-level parameters are
described as independent and identically distributed (iid) draws from a population-level distribution, described
by population-level hyper-parameters. This is the method adapted for the modelling in this report.
The main advantages of this method is that unlike the PCE it allows for the inclusion of patients with less than
3 measurements (the systematic exclusion of which could possibly bias results). It also enables all information
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from the slope analysis to be included in the estimation of the association between the individual slope parameters and covariates of interest

MODELLING METHODS:
A newer approach (as conceived by Fogarty et al in 2015) is to use a Bayesian hierarchical framework, this
manages to capture the individual level variation, but includes a representation of the population level effects.
This is the model adapted and implemented in this report. The following elements of relevant mathematical
theory may be helpful for understanding how it works:

Bayesian Modelling
Bayesian statistics is based upon Bayes Theorem, P (A|B) =

P (B|A)P (A)
,
P (B)

which describes probabilities in the

context of previously occurring events. Information that is already known is represented as a Prior Distribution.
Whereas the final or Posterior Distribution is a combination of this previous knowledge and the data we input.
The more data we have, the less heavily the prior influences our model. The conditional formula above can be
utilised in a modelling context where θ represents our parameters and y represents the observed data:
p(θ|y) ∝ p(y|θ)p(θ)
Hierarchical Modelling
A hierarchical model enables the modelling of more complex dependency structures. To introduce a hierarchy, we represent each individual’s parameters (eg. slope and intercept) as iid draws from a joint distribution.
In this way, ‘global’ (population level) parameters define the distributions from which ‘local’ (patient level)
parameters are drawn. This separates out population level affects from individual affects and allows both to
coexist together.

Sampling
Generally, the overall likelihood equation for a Bayesian model can be quite complex and difficult to write
in a closed form. One solution is to implement sampling algorithms which simulate draws from the posterior
distribution through a variety of methods. Summary statistics from these samples, like the mean, median and
95% credible intervals, are used to draw inference about this posterior distribution.

Stan
Stan is a software that can be interfaced through a variety of programs, for this project I used R to write
and run my Stan code. Stan allows for sophisticated sampling techniques to be implemented without the user
needing to laboriously code the sampling algorithm. The user only needs to specify the inputs and required
output: data, parameters, model (likelihood) and any generated parameters such as posterior predictive samples.

7

MODELLING IMPLEMENTATION:
The sampling was run for 4 chains with 4000 iterations each, taking approximately 50 minutes to run. The
first 500 iterations of each chain were discarded as burn-in, leaving 14 000 iterations total. Figure 5 shows 95%
credible intervals from the posterior predictive distributions of the first 20 patients.

The adapted Bayesian hierarchical model (based on that proposed by Fogarty et al in 2015) for Parasite
Clearance has the following likelihood for the ith patient at time j:
log(yij ) = αi − βi (δil I(tij < δil ) + tij I(δil < tij < δiτ ) + δiτ I(tij > δiτ )) + ij ,

ij ∼ N (0, σ2 )

The likelihood can be equivalently represented using cases:



αi − βi δil + ij , tij < δil



log(yij ) = αi − βi tij + ij , δil < tij < δiτ




α − β δ τ +  , t > δ τ
i
i i
ij
ij
i
The values δil and δiτ represent non-negative change-points for the end of the ‘lag’ phase and beginning of
the ‘tail’ phase respectively. The restriction for each patient i is that δil + δiτ ≤ max(ti j). I(·) represents the
indicator function, having a value of 1 when the given inequality is satisfied, and 0 otherwise.

Figure 5: Log-parasite counts of patients 1 to 20 over time, with 95% posterior predictive credible intervals, for
a lag-tail model. The x axes are time in hours and the y axes are log-parasitaemia densities. The median is in
black.
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The parameters for each patient are modelled as coming from these joint ‘population level’ distributions:
log(αi ) ∼ N (η, σα2 ),
log(δil ) ∼ N (2, 1),

log(βi ) ∼ N (γ, σβ2 )
log(δiτ ) ∼ N (a, 1),

With uniform priors on γ, η, σα2 , σβ2 and σ2 : p(η, σβ2 ) ∝ 1,

a ∼ Uniform(0, 4)

p(γ, σα2 ) ∝ 1,

p(σ2 ) ∝ 1

The original model uses more complex priors:
log(δil ) ∼ N (a, c),

log(δiτ ) ∼ N (b, d),

a, b ∼ N(log(6), 0.52 ),

c, d ∼ InvGamma(1, 1)

As well as additional parameters to represent the overall probability of a lag or tail phase existing. These were
excluded from the adapted model for the sake of simplicity.
Detection Limit and Censoring
Every patient has a final reading of 0 parasites and this presents 2 issues - firstly we cannot take the logarithm
of 0, and secondly we don’t actually know the value was 0 - we only know it was below an observable density
for the methods used. In this way the data in censored, meaning a value lower than the detection limit cannot
be recorded. For the Pursat data used here, the microscopist examined a blood sample of 500 white blood
cells, recorded the number of parasite cells and multiplied this by 16 to calculate the number of parasites per
8000 white blood cells, (the assumed number present in a µL). This means 1 observed parasitised cell would be
recorded as a density of 16 and 2 as 32 and so on.
There are a number of standard approaches to censored data sets. For this analysis I represented the
likelihood equation in 2 parts, one normal and one from the normal cdf (Φ). This can be called the ‘M3’
method (Bergstrand Karlsson 2009) and can reduce bias compared to simply removing or replacing the censored
values. The lowest non-zero count recorded in the data set is 15, therefore this is a suitable lower bound for the
non-censored distribution.




−1
2
exp[ 2σ
yij ≥ 15
2 (log(yij ) − log(ŷij )) ],
log(yij ) =



Φ log(15)−log(yˆij )
yij = 0
σ

Where:

1
2πσ 2

ŷij = αi − βi (δil I(tij < δil ) + tij I(δil < tij < δiτ ) + δiτ I(tij > δiτ ))

Diagnostics and Evaluation
There are a number of diagnostic tools available to evaluate the performance of the sampler. Although
absence of evidence is not evidence of absence, it’s a helpful indication that nothing is obviously incorrect.
Table 1 presents the mean values of the population-level parameters, along with their calculated Effective
Sample Size (ESS) and R-Hat. Effective Sample Size (ESS) represents an approximation of the amount of
information the sampling contains, because draws are not completely independent we expect this to be lower
than the sample size, but not too small as to be concerning. R-Hat is the ratio of between-chain residual error
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Parameter

Mean

2.5%

97.5%

ESS

R-Hat

η

14.88

14.59

15.33

2546

1.00

σα2

0.14

0.11

0.16

3466

1.00

γ

0.27

0.20

0.28

1141

1.00

σβ2

0.32

0.28

0.37

2410

1.00

σ2

1.21

1.17

1.24

14406

1.00

Table 1: Posterior Means and 95% credible intervals for key parameters, as well as the ESS (Effective Sample
Size) and R-Hat values.

Figure 6: Trace plots for 4 chains of sampling with and without burn-in iterations, note γ and η are sampled
on the log scale.
and within-chain residual error, if this value is significantly higher than 1 that would be cause for concern
because it indicates the chains do not behave similarly. The ESS values seems sufficiently high, and the R-Hat
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values sufficiently close to 1.
Figure 6 presents the trace-plots of these same parameters and demonstrates that with a range of starting
values all the chains converge, mix well and behave similarly.
Comparison with Existing Methods
The Gibbs sampler utilised by Fogarty et al in 2015 took 32 hours to process in 2015. In comparison the
methods presented here ran in approximately 50 minutes on a computer (itself purchased in 2016). It’s worth
noting that in 2019 an R package ‘bhrcr’ was released (Sharifi-Malvajerdi et al 2019) which reproduced the
methods in Fogarty et al (2015). This package should increase accessibility of the Bayesian hierarchical model,
however as of late 2020 it is no longer compatible with the latest version of R and is yet to be utilised for
published data analysis.
Figure 7 compares the distributions of 110 patients log-linear slope values across 3 methods, the PCE, the
Gibbs sampler created by Fogarty et al in 2015 and the methods developed here in Stan. The slopes are clearly
comparable but not entirely similar to those calculated previously. Therefore this may be evidence of a weakness
in the new Stan methodology.

Figure 7: Comparison of the distribution of log-linear slope values (on the log scale) for the Pursat data
set, calculated using the Parasite Clearance Estimator (PCE), a Gibbs sampler for the Bayesian Hierarchical
methods and a Stan sampler for an adaptation of the Bayesian framework.

Introducing Covariate Analysis
The next goal of the analysis is to measure the impact of relevant covariates. This is done by introducing a
matrix of covariate values X and altering γ to become a vector of length one more than the number of variables.
log(βi ) ∼ N (γX, σβ2 )
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In this way each element of the γ vector represents a variable and therefore it’s impact on the slope.
This sampler ran in 50 minutes for again 4 chains and a total of 14 000 iterations, however it did not reproduce the variable estimates calculated using previous methods. Diagnostic values like ESS and Rhat suggested
the chains converged and behaved well, which implies that the sampling was run successfully, however the altered likelihood may have weakened the model’s effectiveness.

DISCUSSION AND CONCLUSIONS:
This report explored an alternative method for modelling the parasite clearance rate for P. falciparum using
an R interface in Stan. The sampling procedure was based on that developed by Fogarty et al in 2015 and used
a Bayesian Hierarchical framework to balance out the representation of population-level and individual-level
effects. This approach should create more powerful covariate analysis by integrating the 2-stage approach, and
allowing for the inclusion of patient profiles with less than 3 measurements recorded.
The sampler ran efficiently and captured some of the profile shapes, however it failed to created reliable
parameter estimates. Future work would be adjusting the priors of the sampler in order to reliably recreate the
covariate estimates, as well as testing the analysis on a different data set.
Aside from inconsistent variable effect estimates, the Stan model is different from existing methods in terms
of the statistical knowledge and programming skills required to implement suitable Bayesian sampling. This
format is significantly more accessible than coding the sampler from scratch, and it is also easily adjustable and
customisable, allowing for the methods to be updated to try new approaches or if new information becomes
available. Therefore this report has successfully demonstrated the usefulness of the Stan software for increasing
the use of more advanced Bayesian modelling techniques.
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