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Abstract

Malaria kills hundreds of thousands of people each year, yet is entirely curable given prompt

treatment. Malaria parasites evolve resistance to antimalarial drugs, hence routine surveillance

of antimalarial resistance is vital. The surveillance of parasite genetic markers of resistance

provides an economical adjunct to clinical efficacy trials, and has the potential to resolve drug-

specific resistance ahead of clinical failure. To monitor spatiotemporal changes using genetic

markers, frequencies of alleles and/or haplotypes and genotypes spanning multiple single

nucleotide polymorphisms (SNPs) are required. However, multiclonal infections complicate

frequency estimation, especially in highly endemic regions.

With the aim of harnessing the full potential of genetic markers for the surveillance of

antimalarial resistance, a statistical model to estimate frequencies is proposed. The model builds

upon existing methods (reviewed in chapter 2), without reliance upon experimentally-derived

estimates of the sample-wise multiplicities of infection (MOIs). Its ability to generate precise

and accurate estimates within a Bayesian framework is documented in chapter 3. In chapter

4, the model is applied to data collected from a cohort of children enrolled in a longitudinal

trial in Uganda, generating valuable insight into haplotype frequency trends. In chapter 5, the

model is extended to investigate inter-child variability in the aforesaid cohort, revealing a small

amount of inter-child variation. In chapter 6, the model is modified to enable the analysis of

short-read sequencing data, with application to data from malaria patients in Northern Ghana,

providing insight into the extent of within-host diversity and anti-folate resistance in the region.

In summary, this thesis documents the development, application, extension and modification



xii

of a model designed to estimate population-level frequencies of P. falciparum alleles and multi-

SNP haplotypes and genotypes within a Bayesian framework. It is hoped that the model and its

proposed framework will provide a practical tool for surveillance of antimalarial resistance, as

well as a foundation on which to develop further methods.
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Chapter 1

Introduction

1.1 Malaria

1.1.1 Morbidity and mortality

Malaria is thought to have killed between 150 and 300 million people in the 20th century alone

[40]. Following the introduction of indoor residual spraying (IRS) with dichloro-diphenyl-

trichloroethane (DDT) in the 1940s, the World Health Assembly launched the Global Malaria

Eradication Programme (GMEP) in 1955 [171]. The mainstay of the GMEP was IRS with DDT

and other insecticides; that is to say, vector control [171]. Vector control programmes brought

success in Europe and North America, but in many endemic countries, where the goal of

eradication was infeasible given the available resources, transmission remained high [40, 171].

Ultimately, the over-optimistic, uncompromising and top-down strategy of the GMEP failed

[171]. Malaria eradication was abandoned in 1969, and international efforts to fight the disease

diminished [171]. The decades that followed saw a resurgence in malaria [122, 175, 21], as

well as the spread of resistance to the antimalarial drug chloroquine (CQ) [193]. CQ was

the linchpin of malaria control in the latter half of the 20th century. In the 1980s and 1990s,

resistance to the drug drove an escalation in mortality, especially in Africa [254, 231]. With
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a need to establish a coordinated plan to control the re-emerging disease [175], international

interest was renewed [147], and programmes such as the Roll Back Malaria campaign [165]

were initiated. At the United Nations’ summit, the Millennium Development Goal ‘to have

halted and begun to reverse the incidence of malaria’ by 2015 was set [259], followed by the

Global Malaria Action Plan [251].

Recent efforts to combat malaria have been met with considerable success [290, 27]. In

the past 15 years, the World Health Organization (WHO) reports an estimated 48% reduction

in mortality worldwide [290], while in Africa, Bhatt et al. estimate that 663 million clinical

cases have been averted (range: 542–753 million), and that there has been a 40% reduction in

endemicity, as measured by the Plasmodium falciparum (P. falciparum) positivity rate (figure

1.1) [27]1. Despite progress, almost half of the world’s population still lives at risk of malaria

[290]. The disease continues to kill hundreds of thousands of people each year, most of whom

are children in sub-Saharan Africa. According to the World Malaria Report 2015, there were

an estimated 214 million cases of malaria in 2015 (range: 149–303 million), and 438,000

deaths (range: 236,000–635,000) [290]. Of these, an estimated 88% of cases and 90% of

deaths were in Africa, with an estimated 292,000 deaths of children less than 5 years of age

(range: 212,000–384,000) [290]. Furthermore, resistance to insecticides and antimalarial drugs

threatens to exacerbate the burden and reverse the progress attained thus far [65, 290]. As

we look towards the post-2015 era, sustained concerted political commitment and increased

investment are needed to both avert a retrogression, and to move towards the current WHO

goal of a 90% reduction in malaria morbidity and mortality by 2030 [286, 291].

1Reports of malaria morbidity and mortality are hampered by incomplete and poor quality surveillance data
[147]. Consequently, estimates, rather than exact counts, are reported. Full details of the data sources and methods
used to generate the reported estimates can be found in the respective references, [290] and [27].
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(a) Year 2000 (b) Year 2015

Figure 1.1: The year 2000–2015 decline in malaria endemicity in Africa. Heat maps show the P. falciparum
parasite rate for the 2 to 10 year old age range, Pf PR2−10, in Africa in years 2000 and 2015. Image sourced from
[27].

1.1.2 Epidemiological context

Malaria is a potentially fatal mosquito-borne parasitic disease. Protozoan parasites from the

genus Plasmodium are transmitted from human to human by female Anopheles mosquitoes. Five

species cause malaria in humans: P. falciparum, P. vivax, P. ovale, P. malariae, and the monkey

malaria parasite, P. knowlesi, which occasionally infects humans [28]. The most common

species, P. falciparum, is responsible for the deadliest type of malaria, and prevails across

sub-Saharan Africa (figure 1.1). The second most common species, P. vivax, is responsible for

a type of malaria that causes relapses. In 2015, P. vivax accounted for an estimated 6% of cases

worldwide, and 51% of cases outside of Africa [290]. This thesis will focus on P. falciparum,

although the methods could be applied to other species.

Symptoms of what is sometimes termed uncomplicated malaria include fever, chills, aches

and nausea [40]. If untreated, uncomplicated malaria caused by P. falciparum can progress

to severe malaria, a term encompassing many life threatening conditions including severe
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anaemia, respiratory distress and organ failure [285]. Repeated exposure to malaria leads to the

development of naturally acquired immunity, but does not afford complete protection [197].

The lifecycle of P. falciparum is summarised in figure 1.2. The human stage of the life cycle

is initiated upon the inoculation of the host with sporozoites (see 1 , figure 1.2). Note that the

number of sporozoites inoculated per bite is thought to be small and highly variable (estimates

include median 8 (range 0–522) [208], and median 15 (range 0–978) [218]). The parasites are

haploid throughout the human phases of their lifecycle [267]; that is to say, each parasite has a

single copy of its 14 chromosomes [85]. The haploid parasites reproduce asexually, first in the

liver (exo-erythrocytic cycle, A , figure 1.2), and then over several 48-hour cycles in the blood

(erythrocytic cycle, B , figure 1.2). In the mature stages of the 48-hour cycle infected red blood

cells withdraw from peripheral blood in a process known as sequestration [152], resulting in

complex infection dynamics [77]. The mosquito phase of the lifecycle (sporogonic cycle, C ,

figure 1.2) includes an obligate sexual replicative stage ( 9 , figure 1.2).

In endemic settings people can receive 100s of infective bites per year [99], and can

consequently get infected with different species [220], and/or with genetically distinct clones

of the same species (for example, [260]). Note that following convention, we use the term

‘clone’ to denote a collection of genetically identical parasites. Like humans, mosquitoes can

harbour mixed infections comprising different species [24] and genetically distinct clones

[184]. Hence, within-host diversity may result from co-transmission (a single inoculation from

a mosquito harbouring a genetically mixed but related infection [52, 66, 238, 180]), as well

as upon receipt of successive infectious bites with genetically distinct clones (a mechanism

known as superinfection [174]). Traditionally, superinfection was thought to be the main

generative mechanism of multiclonal infections in endemic settings; however, work detailing

the genetic diversity of within-host infections, suggests the occurrence of co-transmission

has been underestimated [66]. In reality, both mechanism likely play a role, leading to an

abundance of multiclonal P. falciparum infections, especially across malaria endemic regions
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[121, 17].

1.1.3 MOI

The number of genetically distinct clones in an infection is known either as the MOI or the

complexity of infection (COI). The MOI cannot be measured directly. Typically, an estimate is

determined experimentally by polymerase chain reaction (PCR) based genotyping of one or

more established marker loci. The most commonly genotyped markers are variable number

random repeats in the genes that encode merozoite surface proteins one and two (msp1, msp2,

respectively) and the gene that encodes glutamine-rich protein, glurp, as recommended by the

WHO [282]. Experimentally determined MOI estimates are normally based on the maximum

number of distinct alleles detected per locus per sample [164]. The allelic diversity of markers

at loci such as msp1, msp2 and glurp needs to be high, to avoid two or more clones having

the same allele. Despite two or more clones potentially having the same allele, an in silico

study has shown experimentally-derived estimates to be a reasonable approximation of the

average MOI, providing there are 20 plus alleles per marker locus and a number of additional

conditions are met [219]. However, this in silico study does not take into account imperfect

detectability [219].

Akin to two or more clones having the same allele, imperfect detectability causes the

number of clones to be underestimated. Imperfect detectability may arise from the limited

sensitivity of PCR-based genotyping for the detection of minority clones in the peripheral

blood, and/or because of sequestration [219]. The sensitivity of the PCR-based method to

minority clones depends on the procedure (ranging between 80% and 99%) [114, 58]. The

extent of imperfect detectability due to sequestration can be probed by repeat sample collection

[33, 120]. Based on repeat samples, Bretscher et al. estimate that at most, one can hope to detect

50% of the diversity using PCR-based methods at a single time point. Similar estimates have

been obtained using models of infection and recovery (for example [221]). Higher detection
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Laboratory diagnosis of malaria 

Plasmodium spp. 

Life Cycle of Plasmodium spp. 

The malaria parasite life cycle involves two hosts.  During a blood meal, a malaria-infected female Anopheles mosquito 

inoculates sporozoites into the human host .  Sporozoites infect liver cells and mature into schizonts , which 

rupture and release merozoites .  (Of note, in P. vivax and P. ovale a dormant stage [hypnozoites] can persist in the 
liver and cause relapses by invading the bloodstream weeks, or even years later.)  After this initial replication in the liver 

(exo-erythrocytic schizogony ), the parasites undergo asexual multiplication in the erythrocytes (erythrocytic schizogony 

).  Merozoites infect red blood cells .  The ring stage trophozoites mature into schizonts, which rupture releasing 

merozoites .  Some parasites differentiate into sexual erythrocytic stages (gametocytes) .  Blood stage parasites are 
responsible for the clinical manifestations of the disease.  

 
The gametocytes, male (microgametocytes) and female (macrogametocytes), are ingested by an Anopheles mosquito 

during a blood meal .  The parasites’ multiplication in the mosquito is known as the sporogonic cycle .  While in the 

mosquito's stomach, the microgametes penetrate the macrogametes generating zygotes .  The zygotes in turn become 

motile and elongated (ookinetes) which invade the midgut wall of the mosquito where they develop into oocysts .  

The oocysts grow, rupture, and release sporozoites , which make their way to the mosquito's salivary glands.  Inocula-

tion of the sporozoites into a new human host perpetuates the malaria life cycle . 

Figure 1.2: The lifecycle of P. falciparum. Both the illustration and legend were sourced from [60].
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(70–80%) was reported using repeat samples over a 24-hour interval [120]. Most studies base

MOI estimates on a sample taken at a single time point, hence report the number of surveyable

clones in the peripheral blood at a given time, which is likely underestimating of the true MOI.

Typically, the number of genetically distinct clones surveyable in the peripheral blood at a

single time point ranges from one to eight [189], where eight is the maximum resolution of the

commonly used PCR-based method of analysing restriction fragment length polymorphisms

(RFLP) [80]. The MOI distribution has been shown to vary with several epidemiological

covariates including transmission intensity [121, 10, 221, 225, 258], age [183, 121, 230, 189,

157, 91] and clinical status [23, 79, 1, 209, 119, 112, 30].

Alternative methods for MOI estimation use microsatellite markers [10], genome-wide

panels of SNPs [57, 84], or whole genome sequencing data [17, 186]. Averaging over the

whole genome can generate more sensitive estimates, since it circumvents the problem of two

or more clones having the same allele at a specific locus [17]. The scenario where two or more

clones have the same allele can also be accounted for under a statistical model (as is done in

the aforementioned methods applied to genome-wide data, [17, 84]). Statistical models for

MOI estimation are discussed in chapter 2. Different marker loci and methods lead to different

estimates, both experimentally and statistically [223], but most are of the same order as those

based on msp1, msp2 and glurp.

A related metric, the Fws statistic, is a genome-wide population-normalised measure of

within-host diversity, ranging from zero (when the within-host diversity is equivalent to that

seen in the surrounding population) to one (when the infection is monoclonal) [19, 142]. The

Fws statistic can provide insight into population structure [153], has been shown to correlate

with MOI estimates (especially those based on msp1) [19], and can be related to the MOI under

a statistical model [186].
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1.1.4 Prevention and treatment

Despite killing hundreds of thousand of people each year, malaria is an entirely preventable

disease. Preventative measures that focus on vector control include insecticide treated nets

(ITNs) and IRS. Over the past 15 years, ITNs and IRS are estimated to have contributed to 68%

and 10%, respectively, of the estimated 663 million cases averted in Africa [27].

Preventative measures using antimalarial drugs aim to suppress infection in risk groups

[290]. Risk groups in endemic regions include children who have not yet acquired immunity

and pregnant women (especially primigravidae), who experience a temporary state of reduced

immunity [32], due to the specific pathology of malaria in pregnancy [215]. Preventative

measures include intermittent preventative treatment of infants (IPTi) and pregnant women

(IPTp) with sulfadoxine-pyrimethamine (SP), and seasonal malaria chemoprevention (SMC)

of children with amodiaquine (AQ) plus SP (AQ+SP) [287]. IPTi is recommended in regions

of moderate-to-high transmission in Africa where P. falciparum SP resistance is not too high,

while IPTp is recommended in all malaria-endemic regions in Africa, regardless of resistance

to SP [287]. SMC is recommended in areas of highly seasonal transmission in sub-Sahel Africa

where P. falciparum remains sensitive to both AQ and SP [287].

Work to develop a malaria vaccine has been underway for many years. The first and

only vaccine to have been approved by the European Medicines Agency is RTS,S, developed

by GlaxoSmithKline and the PATH Malaria Vaccine Initiative [104, 73]. It is only partially

effective, however, and protection deteriorates over time [252, 271]. The WHO have therefore

recommended pilot studies to assess the utility of the vaccine as a complementary tool for

malaria control [292].

Uncomplicated malaria is curable if treated with efficacious antimalarial drugs. Artemisinin-

based combination therapy (ACT) is the recommended first-line treatment for uncomplicated

malaria caused by P. falciparum [287]. ACTs are comprised of a potent fast-acting artemisinin

derivative (artemisinin, artesunate, artemether and dihydroartemisinin) with a slow-acting



1.1 Malaria 9

partner drug [270]. The role of the artemisinin derivative is to rapidly kill the vast majority of

parasites [272], leaving the partner drug to kill any that remain [270]. WHO-recommended

partner drugs currently include SP, AQ, lumefantrine, mefloquine and piperaquine [287]. Alter-

native partner drugs include naphthoquinef and pyronaridine [287]. The profile of pyronaridine

looks promising [55], but since there is insufficient evidence as to its comparative efficacy in

young children, it is not as yet WHO-recommended [287]. CQ monotherapy is still used to

treat uncomplicated malaria caused by P. vivax, P. ovale, P. malariae or P. knowlesi in regions

where the parasites susceptible to CQ [287].

1.1.5 Antimalarial resistance

Antimalarial resistance is defined as the ‘persistence or recurrence of malaria parasites after

appropriate drug treatment’ [65]; that is to say, the ability of the malaria parasites to withstand

antimalarial drugs. It arises upon the emergence of a genetic variant in the parasite genome that

confers a selective advantage in the presence of drug pressure [188], and results in partial or

complete treatment failure. Efforts to combat malaria have long been thwarted by antimalarial

resistance [198], and the emergence and spread of resistance to antimalarial drugs, such as CQ

and SP, have had a significant impact on public health [254, 40, 147].

CQ resistance is thought to have emerged independently in both Colombia and on the

Thai-Cambodia border in the late 1950s [193]. Confirmed cases were first reported in Colombia

in 1961, followed by delayed reports of cases in Thailand in 1962 (see [193] and references

therein). CQ resistance was detected in East Africa in the late 1970s [268]. Initially, the

emergence of CQ resistance in Africa was thought to be an independent event [193], but genetic

analyses later revealed that CQ resistance spread to East Africa from southeast Asia [280, 13].

In the decades that followed, CQ resistance spread across the African continent [193, 280],

driving a surge in child mortality [254, 231].

In many countries, first-line treatment with CQ was superseded by SP [270]. SP is an



10 Introduction

antimalarial comprising two synergistic, antifolate drugs, sulfadoxine and pyrimethamine,

which both act upon the folate biosynthesis pathway [188]. Reports of the capacity of P.

falciparum to spontaneously evolve in vivo resistance to pyrimethamine date back to studies in

Tanzania in the 1950s [50]. Sulfadoxine was combined with pyrimethamine in a bid to find an

effective treatment for parasites resistant to both CQ and pyrimethamine [47]. Reports of in

vivo resistance to the fixed combination SP date back to 1979 on the Thai-Cambodia border

[108], and 1981 in Colombia [71], not long after its widespread deployment as a replacement

of CQ. Case reports of combined CQ and SP resistant infections were reported in Africa in

the 1980s (for example [100]). Akin to resistance to CQ, genetic analyses showed that, in

South America, parasites with mid to high resistance to SP share a common ancestor [53],

while in Africa, parasites with a high level of resistance to pyrimethamine descend from those

in Southeast Asia [216]. Genetic mutations conferring resistance to sulfadoxine were not

reported until the 1990s in Africa, where they were detected against the prevailing backdrop of

existing pyrimethamine resistance [168]. Five distinct lineages, all thought to be of African

descent, were discerned, two conferring ‘full resistance’ to SP [195]. However, a subsequent

study implies that highly SP-resistant parasites have emerged in only two locations (South

America and Southeast Asia), and that two of the highly resistant lineages from Southeast Asia

spread to East Africa [156], following the path of parasites resistant to pyrimethamine and CQ.

SP resistance is now extensive, particularly in Southeast Asia, East Africa and across South

America [168, 296]. Despite widespread resistance, SP monotherapy is still recommended for

IPTp and IPTi in some regions of Africa [287].

Artemisinin derivatives were developed in China in the 1970s [275]. They were interna-

tionally disclosed in 1979, but universal uptake was slow [275]. Artemisinin and its derivative

did not feature globally until the 1990s [65, 16]. Initially they were administered as monother-

apies [275], but in a bid to impede the development of resistance, there was an urgent call

for artemisinin and its derivatives to be used in combination with a partner drug that has an
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independent mode of action [270, 281]. It was hoped that by using artemisinin in combination

in this way, the probability of a parasite evolving resistance to both drugs would be curtailed

[270]. Despite efforts to stave off the development of resistance and avert yet another disaster,

artemisinin resistance was reported in 2008, yet again on the Thai-Cambodia border [181, 64].

Resistance has since been reported at additional sites in Cambodia, in Thailand, Myanmar,

Vietnam, Laos and recently in China [7, 38, 201, 126, 101, 16, 288, 107].

The term ‘artemisinin resistance’ represents partial resistance to artemisinin and its deriva-

tives [288]. It is defined by ‘delayed parasite clearance following treatment with an artesunate

monotherapy, or after treatment with an artemisinin-based combination therapy (ACT).’ [288].

People infected with artemisinin resistant parasites are curable if treated with an effective part-

ner drug [288]. Nevertheless, the emergence of artemisinin resistance is viewed as a potential

public health disaster [249], since alternative treatments with equivalent tolerability and efficacy

are currently unavailable [284]. The public health ramifications of artemisinin resistance in

Africa would be catastrophic.

In 2011, the WHO launched a Global Plan for Artemisinin Resistance Containment [283],

followed by an emergency response in 2013 [284] and the Strategy for Malaria Elimination in

the Greater Mekong subregion (GMS) in 2015 [289]. The aim being to eliminate malaria in the

GMS, and therefore contain artemisinin resistance. Containment strategies to date have focused

largely on preventing the spread of resistance. However, recent studies suggests resistance has

emerged independently many times, with two main foci in Southeast Asia, suggesting differing

factors, such as the genetic background of the parasites, may play a role [242, 154, 150].

Indeed, both Takala-Harrison et al. and Miotto et al. attribute the spread of resistance to newly

emerging mutations [154, 242], raising fears of further emergence de novo. Understanding the

factors that promote the emergence of de novo resistant foci is thus critical.

Western Cambodia is the epicentre of antimalarial resistance (CQ, SP and artemisinin

resistance were first reported on the Thai-Cambodia border). Several factors are thought to play
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a role in Cambodia’s pivotal involvement, including the genetic background of the parasites

[153], the fact that Cambodia has a relatively low level of transmission [273], and its history of

indirect mass drug administration (MDA) using medicated salt [194, 263]. That is to say, low

parasite diversity and transmission result in less opportunity for outcrossing [226, 97], while

low transmission also results in more symptomatic infections on account of people developing

less immunity [273], and so, under strong drug pressure, there is more opportunity for the

emergence and propagation of drug resistant parasites in low transmission settings (although

this may be confounded by intra-host competition [97]). Of note, campaign-level drug pressure

(such as that induced by SMC, mass screening and treatment, and MDA) could also expedite

the propagation of resistance by decreasing transmission, diversity and therefore outcrossing.

As such, enduring parasites are likely to be the most resistant and it is critical that eradication

campaigns are fully realised [148].

Cambodia was the first country to adopt ACT as first-line policy in 2001 [64, 305], followed

by a ban of all artemisinin-based monotherapies in 2009 [283]. However, unlike most countries,

artemisinin-based monotherapies had been available in Cambodia for almost 30 years prior

to the ban [275]. Moreover, until recently, artemisinin-based monotherapies were still widely

available: in 2008, 78% of treatments were artemisinin-based monotherapy according to survey

by Yeung et al. [304]. A more recent survey has reported a sharp decline; however, the

availability of poor quality drugs that contain sub-therapeutic concentrations of the active

ingredients remains a problem [305]. Similar results were reported in neighbouring Laos:

a dramatic reduction in the availability of artemisinin-based monotherapies (from 22.9% to

4.8%), but a high percentage of substandard drugs (25.4%) [239].

According to the WHO’s most recent status report [288], artemisinin resistance is suspected

if 10% or more patients remain parasitemic on day three [288]. The recommended threshold in

Africa, where more people have acquired partial immunity, is 5% [295]. However, resistance

has not yet been detected in Africa [288, 150], In contrast to Southeast Asia, the selection
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of resistance is potentially forestalled in high transmission regions of Africa because there is

more parasite diversity, more opportunity for outcrossing and, in comparison with Southeast

Asia, proportionally fewer parasites exposed to drug pressure, due to the large reservoir of

asymptomatic infections [274].

As indicated above, people infected with artemisinin resistant parasites can recover if

treated with an effective partner drug [288], however doing so exposes the partner drug as

a monotherapy, promoting the selection of resistance to the partner drug, which, in turn,

promotes the selection of artemisinin resistance [288]. Hence artemisinin resistance not only

compromises the effectivity of artemisinin and its derivatives, it also jeopardises the effectivity

of the partner drugs. There is thus an urgent call for effective and timely surveillance of

resistance to both artemisinin and its derivatives, and to partner drugs [72, 286].

1.2 Monitoring antimalarial resistance

While in vivo therapeutic studies are the ‘gold standard’ for measuring the clinical efficacy

of an antimalarial drug [106], treatment failure is a late indicator of drug resistance, and is

complicated by host factors [206]. Moreover, clinical trials are costly and time consuming,

especially in resource poor settings [106]. Surveillance of genetic markers by blood sample

survey can provide a complementary approach, which is both inexpensive and efficient by

comparison [206]. Furthermore, since genetic markers are generally drug specific [188], in

contrast to surveillance by in vivo therapeutic studies, genetic surveillance is often able to

differentiate between resistance to the different components of combination therapies [217].

Had markers of artemisinin resistance been identified before reports of failing artesunate-

mefloquine on Thai-Cambodia border [279], the role of artemisinin resistance, which was

otherwise unresolved at the time because artesunate was used in combination, might have been

identified earlier.

The research community has invested much effort into the identification of resistance
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markers [198]. These efforts have been met with considerable success, and many markers have

been used to retrospectively map the spread of resistance [216, 195, 166–168]. Until recently,

most markers were identified long after resistance had spread, thus precluding their use for

real-time genetic surveillance [217]. The identification of markers of artemisinin resistance

ahead of widespread clinical failure marks a ‘golden opportunity’ for evidence based policy

[217]. We are already seeing near real-time surveillance of the artemisinin markers identified

thus far (see [16, 257, 297]).

1.2.1 Genetic markers of resistance

Markers of resistance are genetic variants in the parasite’s haploid genome that have been

associated with increased tolerance to antimalarial drugs in vivo and/or in vitro. They are the

key determinants of the resistance phenotype.

Many markers of resistance comprise alleles at one or more non-synonymous SNPs (nSNPs)

within genes that encode antimalarial drug targets. For example, PfCRT:76T, an amino acid

encoded for by a marker of CQ resistance [82, 61, 62], denotes a amino acid change from lysine

(K) to threonine (T) at position 76 in the protein PfCRT [82], which is the consequence of the

nSNP in codon 76 of the gene pfcrt. PfCRT is a transporter protein found in the membrane

of the parasite’s digestive vacuole, where CQ is thought to act [69]. The PfCRT:K76T amino

acid change has been shown to mediate the efflux of CQ from the digestive vacuole [69]. The

mutant residue, PfCRT:76T has also been associated with decreased sensitivity to AQ [105],

while the wild type, PfCRT:K76, has been associated with decreased sensitivity to lumefantrine

[162], demonstrating an anticorrelated drug response.

Anticorrelated drug responses are also associated with copy number variants (CNVs) of

the multidrug resistance 1 gene pfmdr1. More specifically, high pfmdr1 CNVs are associated

with decreased resistance to CQ and increased resistance to MQ, halofantrine, quinine and

artemisinin [278, 12]. CNVs of pfghc1, the gene that encodes the first enzyme in the pathway
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upon which SP acts, are also associated with drug resistance. It is not known if ghc1 CNVs

are the direct consequence of drug pressure or a compensatory mechanism, but they have

been shown to be prevalent in Thailand, where SP was once the first-line antimalarial and the

frequency of SP resistance markers is high, and low in Laos, where SP was seldom used and

the frequency of SP resistance markers is low [169].

SP resistance markers include mutant alleles at multiple nSNPs in the genes pfdhfr

and pfdhps, which encode dihydrofolate reductase (PfDHFR) and dihydropteroate synthase

(PfDHPS), respectively (reviewed in [188]). As mentioned previously, SP is a fixed combina-

tion comprising two synergistic drugs, sulfadoxine and pyrimethamine. Both drugs act upon

the folate biosynthesis pathway: sulfadoxine inhibits PfDHPS, whereas pyrimethamine inhibits

PfDHFR. Haplotypes linking several mutant alleles at nSNPs in pfdhfr confer comparatively

high level resistance to pyrimethamine [200, 54], while haplotypes linking several mutant

alleles at nSNPs in pfdhps confer comparatively high-level resistance to sulfadoxine [34, 255].

Genotypes linking haplotypes across both genes on the haploid genome confer high levels of

resistance to SP, both in vitro (reviewed in [228]) and in vivo [62, 264, 204, 205, 123, 243, 202].

Note that throughout this thesis, bold font is used to distinguish amino acid residues encoded

for by mutant type alleles from those encoded for by wild type alleles. The term ‘SNP’ is used

when referring to single nucleotide polymorphisms in general, while ‘nSNP’ is used only when

referring to a specific non-synonymous mutation. The term ‘marker’ is used interchangeably to

refer to variants associated with resistance, including alleles and multi-SNP haplotypes and

genotypes, and their associated amino acid residues (such as PfCRT:76T), where multi-SNP

haplotype refers to a sequence of alleles at multiple SNPs spanning a single chromosome (for

example, markers of pyrimethamine or sulfadoxine resistance), and multi-SNP genotype refers

to a sequence of alleles at multiple SNPs spanning two or more chromosomes (for example,

markers of SP resistance).

The emergence of artemisinin resistance spawned an intensive effort to elucidate the
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genetic basis of artemisinin resistance [249]. Many early studies identified putative markers on

chromosome 13 [241, 43, 29, 153]. In 2014, Ariery et al. [14] identified several mutations in

the P. falciparum propeller domain of a kelch gene on chromosome 13, pfkelch13, associated

with resistance in vivo (delayed parasite clearance) and in vitro (delayed parasite survival

rates). The association between pfkelch13 mutations and artemisinin resistance has since been

corroborated [154, 44, 242], and a plethora of pfkelch13 mutations has been reported, including

many mutations in Africa [288, 150]. However, only 13 mutations have been associated with

resistance in vitro and/or in vivo thus far, and, of those associated with resistance, all are

confined to Southeast Asia and China [154, 242, 288, 150, 297].

Natural pfkelch13 variation obscures markers of resistance, presenting a major challenge

for surveillance; effects associated with the genetic background also complicate matters. For

instance, of the validated resistance-associated markers, the in vitro resistance of the most

prevalent one in Cambodia depends upon its genetic background [236]. Furthermore, this

marker is not the most resistant, suggesting that transmission potential and/or fitness may play

a role [236], a hypothesis that is corroborated by the fact that, despite the many mutations

identified, the probability of observing two or more on the same genome is extremely low

[16, 265, 257, 150].

1.2.2 Blood sample surveys and prevalence data

As mentioned above, genetic surveillance of antimalarial resistance by blood sample survey

can provide a timely adjunct to clinical efficacy trials. The objective of most blood sample

surveys is to estimate the incidence of resistance in the within-host parasite population using

blood samples collected from many infected individuals. Typically, a single filter paper blood

sample is collected from each individual in a group belonging either to an asymptomatic or

symptomatic cross section of the population (for example, [22]), or to a cohort enrolled in a

clinical trial (for example [51]). Blood collection by filter paper is ideal for routine surveillance
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in the field [203]. Filter paper blood spots are quick and simple to obtain (capillary blood is

obtained by finger prick and spotted onto filter paper, which is air dried), storable (at 4°C,

or −20°C for more than 90 days) and easy to transport (ideally, in a cooler) [299]. Having

collected many samples, deoxyribonucleic acid (DNA) is extracted from each filter paper blood

sample in preparation for genotyping. Typically, extraction is performed using one of two

methods:

1. extraction by QIAamp® DNA Mini Kit (red blood cells are lysed enzymatically in a

protease solution, which is then filtered, leaving purified DNA) [300];

2. extraction by heating in a suspension of Chelex® 100 (an ion chelator that protects the

DNA from being destroyed by enzymes and heavy metals) [293].

Both of these methods are cheap and efficient. In general, they generate DNA suitable for

PCR-based genotyping methods.

There are many different methods for PCR-based genotyping [76, 6, 145, 75, 115]. They

all rely on PCR to amplify DNA fragments, but differ with respect to their products and the

detection thereof. One common method, RFLP PCR, involves PCR amplification, followed by

enzymatic digestion of the PCR products, then separation and identification of the digests by

electrophoresis ([78, 294]). Providing the mutation creates (or destroys) a restriction enzyme

digestion site, this method works because enzymatic digestion is allele-specific, thus digests

have different lengths, depending on the presence or absence of the mutation. Different

length digests carry different electric changes, so can be separated by electrophoresis, typically

using a gel or capillary electrophoresis, which is more sensitive [92]. One can compare the

electrophoretic results to a control, and thus identify the different digests. If electrophoresis is

performed using a gel, the digest bands might vary in intensity. However, the intensity of the

band does not necessarily correspond with the quantity of DNA [77]. Another commonly used

method is SSOP-ELISA (see [22], for example), where sequence specific oligonucleotide probes

(SSOP) hybridise to PCR products, and are detected by the enzyme-linked immunosorbent
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assay (ELISA) [6]. As with the intensity of bands on a gel, the intensity of the ELISA output

does not necessarily correlate with the quantity of DNA, since PCR amplification may be

disproportional. Quantitative PCR (qPCR), on the contrary, does generate quantitative results

[45], but qPCR is not optimised for high-throughput surveillance [240]. In summary, for a

given SNP, PCR-based methods used in routine surveillance simply identify whether or not the

blood sample tests positive for a given allele. Such data are known as prevalence data, since

they capture allele prevalence at genotyped SNPs.

Typically, in a blood sample survey, the parasite DNA is genotyped at one or more SNPs

associated with resistance to one or more antimalarial drugs. Investigators might also geno-

type MOI marker loci, we shall focus on markers of drug resistance, however. Recall that

the parasites are haploid throughout the human phase of their lifecycle [267]. Consequently,

upon genotyping DNA from a monoclonal infection, all genotyping outcomes ought to be

unambiguous. However, in areas of high endemicity, multiclonal samples are commonplace

[183, 23, 256, 140, 225]. If two or more clones differ at a genotyped SNP within a multiclonal

sample, the corresponding genotyping outcome will be heteroallelic (providing both clones

are detected); that is to say, differing alleles will be detected. An example of a small hypo-

thetical dataset comprising six samples is shown in table 1.1. Three of the six samples are

discernibly multiclonal based on one or more heteroallelic genotyping outcomes. When faced

with data such as these, investigators customarily report allele-wise sample prevalence: the

proportion of blood samples that test positive for specified alleles. According to table 1.1, the

sample prevalences of alleles corresponding the amino acids PfDHFR:51I, PfDHFR:59R and

PfDHFR:108N are 4/6, 4/6 and 3/6, respectively. Allele prevalence is a population summary

at the level of the infection. It is a measure of the probability of being infected with one or

more clones carrying a specified allele [96]. It is a potentially informative metric of resistance,

especially with a view to predicting treatment failure, since a single clone characterised by a

single allele could potentially contribute to the clinical outcome. However, in order to monitor
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Blood sample PfDHFR:51 PfDHFR:59 PfDHFR:108

1 N C S
2 N R S
3 I R N
4 N & I C S
5 I C & R S & N
6 N & I C & R S & N

Table 1.1: A hypothetical dataset based on six blood samples genotyped at three nSNPs in codons 51, 59 and 108 of
pfdhfr corresponding with amino acid changes PfDHFR:N51I, PfDHFR:C59R and PfDHFR:S108N, respectively,
which are associated with resistance to pyrimethamine (reviewed in [205]). Amino acids encoded for by mutant
alleles are highlighted in bold, while those encoded for by wild type alleles are not. Amino acid code: C, cysteine;
I, isoleucine; N, asparagine; R, arginine; S, serine.

trends in parasite resistance across time and space, and/or to monitor resistance when its genetic

basis is a haplotype or genotype, the metric of resistance must be defined at the level of the

parasite. Frequency provides such a metric, whereas single allele prevalence does not. We

explain why below, focusing first on the need for frequency when monitoring trends in parasite

resistance (section 1.2.3), and then on the problem of reconstructing haplotypes and genotypes

(section 1.2.4).

1.2.3 Frequency versus prevalence

Following Hastings et al. [96], frequency and prevalence are defined as follows,

Frequency The proportion of parasite clones in the parasite population that carry the marker.

Prevalence The proportion of infections in the host population that test positive for the marker.

Marker prevalence is a summary at the level of the infection; it does not capture resistance

at the level of the parasite clones. Moreover, prevalence is a function of both frequency and

the MOI [95], hence may vary with changes in the average MOI, rendering it unsuitable as a

comparable metric of parasite resistance across space and time. To illustrate these two points,

let us consider two hypothetical examples. In the first, let us consider a scenario where the
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prevalence is fixed while the level of resistance in the parasite population increases. In the

second example, let us consider a scenario where, based on prevalence we incorrectly conclude

that an intervention has decreased the level resistance, when, in fact, the level of resistance, as

indicated by frequency, remains the same. For the sake of illustration, in both examples, let us

assume the marker of resistance is a single allele, hence we have no problems associated with

the reconstruction of haplotypes nor genotypes (addressed in section 1.2.4 below).

Example 1: Let us compare data collected from three people in a village before

(figure 1.3a) and after (figure 1.3b) a change in treatment policy. Three of twelve

clones are characterised by the resistant marker before the intervention, while nine

of twelve clones are characterised by the resistant marker after. Hence, there has

been a three-fold increase in the frequency of the resistant marker, from 3/12 = 0.25

before the change in treatment policy to 9/12 = 0.75 after. Based on prevalence

we are unable to discern the impact of the change in treatment policy: all blood

samples are positive for the resistant marker before and after the change; prevalence

remains 1.00.

Example 2: Let us compare data collected from three people in a village before

(figure 1.4a) and after (figure 1.4b) an intervention that lowers the transmission

intensity, and therefore the average MOI. Three of twelve clones are characterised

by the resistant marker before the intervention, while one in four is characterised

by the resistant marker after. Hence, the frequency of the resistant marker before

and after the intervention is 3/12 = 1/4 = 0.25. Before the intervention, all blood

samples are positive for the resistant marker, while only one is positive for the

resistant marker after. Thus, the prevalence of the resistant marker decreases from

1.00 before the intervention to 0.33 after. Based on the decrease in prevalence, we

incorrectly conclude that the intervention has an impact upon resistance. However,

the change in prevalence is merely due to a drop in transmission, resulting in a
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(a) Malaria infected people before a change in treat-
ment policy.

(b) Malaria infected people after a change in treat-
ment policy.

Figure 1.3: A cartoon of malaria infected people before and after a hypothetical switch in treatment policy.
Each ellipse represents a unobserved malaria clone: black ellipses represent clones characterised by a marker
of resistance, while white ellipses represent sensitive clones. The switch results in a three-fold increase in the
frequency of the resistant marker from 0.25 before (1.4a) to 0.75 after (1.4b).

decrease in the average MOI, from 4.00 before the intervention to 1.33 after. The

intervention had no impact of the proportion of resistant parasites. As noted by

Alifrangis et al., a scenario such as this might explain the increase in prevalence of

the wild type markers observed in a village in Tanzania after the introduction of

bed nets [5].

These two examples illustrate why prevalence should not be used to monitor spatial or temporal

changes in parasite resistance [95, 96, 276]. Of course, sample estimates of allele prevalence

can be reported alongside frequency, but to monitor parasite resistance across space and time,

frequency should be reported. Estimates of frequency are not directly calculable, however,

since the parasite clones (ellipses in figure 1.4) are not directly observed. Several solutions

have been proposed to address this problem (outlined in section 1.3). First, let us consider the

problem of reconstructing haplotypes and genotypes.

1.2.4 Reconstructing haplotypes and genotypes

Sometimes a sequence of alleles on the parasite genome is necessary for the elaboration of

the resistant phenotype [228]. For example, parasites with the triple mutant residue marker



22 Introduction

(a) Malaria infected people before a transmission-
reducing intervention. The average MOI is
(5+3+4)/3 = 4.

(b) Malaria infected people after a transmission-
reducing intervention. The average MOI is
(2+1+1)/3 = 1.33.

Figure 1.4: A cartoon of malaria infected people before and after a hypothetical transmission-reducing intervention.
Each ellipse represents a unobserved malaria clone: black ellipses represent clones characterised by a marker of
resistance, while white ellipses represent sensitive clones. The intervention results in a three-fold reduction in the
average MOI from 4.00 (1.4a) to 1.33 (1.4b).

IRN (corresponding to amino acid residues encoded for by nSNPs in codons 51, 59 and 108 in

pfdhfr) have been shown to be 16 to 32-fold more resistant than those with the single mutant

residue marker NCN [199]. If the determinant of resistance is an allelic sequence, as in the

aforesaid example, we need to reconstruct the haplotypes at the level of the parasites in order to

investigate resistance.

Because parasites are haploid throughout the human phase of their lifecycle [267], recon-

structing the sequences of alleles on the genomes of parasites residing in monoclonal infections

is trivial. All one need do is genotype the SNPs of interest and reconstruct the sequence from

the series of observed alleles. For example, the amino acid sequences encoded for by the

haplotypes of the clones in samples one, two and three in the hypothetical dataset shown in

table 1.1 are NCS, NRS and IRN, respectively, while sample four must contain clones with

haplotypes encoding NCS and ICS, since only the outcome corresponding to the nSNP in

codon 51 is heteroallelic (as indicated by the detection of both alleles encoding both amino

acid residues). Determining the haplotypes when the constituent clones differ at two or more

genotyped SNPs is non-trivial. Sample five, for example, could contain clones with haplotypes

encoding ICS and IRN, or ICN and IRS, or a mixture of three, or a mixture of all four. All
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possible haplotypes are compatible with sample six; it could contain clones with haplotypes

encoding NCS and IRN, haplotypes encoding ICS and NRN, haplotypes encoding NCN and

IRS, haplotypes encoding ICN and NRS, or a mixture of three, up to a mixture of all eight.

Given the high level of resistance associated with the triple mutant residue marker IRN

[199], if this example were true, we would likely be interested in the prevalence and/or frequency

of the haplotype encoding IRN. Some authors report the sample prevalence of the combination

of markers, for example the proportion of samples that test positive for alleles encoding I, R

and N (see [22], for an example with markers of SP resistance). But the prevalence of the

alleles encoding a combination of markers I, R and N is not the same as the prevalence of the

haplotype encoding IRN, since samples that test positive for alleles encoding I, R and N do not

necessarily contain haplotypes encoding IRN (as explained above). Reporting the prevalence

of the combination of markers can thus lead to confusion. For example, if one noted a 100%

prevalence of the combination of alleles encoding I, R and N and zero incidences of clinical

failure, one might conclude that this is evidence that IRN is not correlated with resistance in

vivo, when in fact, the haplotype encoding IRN might not be present in the sample. Moreover

to monitor changes in resistance in the parasite population across space or time, we need to

estimate the frequencies of the haplotypes and genotypes (as explained in section 1.2.3 above).

1.3 Estimating haplotype and genotype frequencies

In order to monitor parasite resistance, we would like to estimate frequencies and be able

to reconstruct haplotypes and genotypes. Frequency is a measure of resistance defined at

the level of the parasite clones, many of which reside in multiclonal infections, particularly

in high transmission settings. Using standard experimental methods, we cannot observe the

individual clones within multiclonal infections (see section 1.1.3). To address the problem,

several experimental protocols, counting methods and statistical models have been proposed;

these are discussed in more detail below and in chapter 2.
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1.3.1 Experimental methods

Blood collection by filter paper is the mainstay or routine genetic surveillance of antimalarial

resistance. Most filter paper blood samples are analysed using non-quantitative PCR-based

genotyping methods, generating prevalence data, which do not capture the clonal proportions

within multiclonal infections. Methods that generate allele frequencies from multiclonal

infections include real-time qPCR, pyrosequencing and high-throughput Illumina sequencing.

Real-time qPCR involves monitoring the amplification of the PCR products using clone

specific primers. It has been shown to accurately resolve allelic proportions in biclonal

infections of Plasmodium chabaudi chabaudi (a malaria parasite that infects mice) [45], and

to identify major and minor alleles in artificial clonal mixtures of P. falciparum [57]. The

qPCR method is highly sensitive [111], but not optimised for widespread surveillance of highly

multiclonal infections. Pyrosequencing is a sequencing-by-synthesis method for genotyping

short DNA fragments surrounding known genetic variants. It involves real-time monitoring of

the sequencing reaction by tracking the intensity of a light signal that is emitted upon synthesis

[240]. If calibrated, pyrosequencing can generate accurate allele frequency estimates from

multiclonal P. falciparum mixtures, but a haplotype-reconstruction algorithm (described in

detail in chapter 2) is required to reconstruct allelic sequences [240]. High-throughput Illumina

sequencing generates millions of short template reads from which allele frequencies are directly

attainable (see chapter 6 for more details). Despite rapidly decreasing costs [269], Illumina

sequencing remains prohibitively expensive for large scale surveillance. Moreover, Illumina

sequencing generally requires a comparatively large quantity of uncontaminated parasite DNA

[37]. Obtaining a large quantity of uncontaminated parasite DNA requires a comparatively high-

volume of infected blood, thereby necessitating blood collection by venipuncture [111], which

is not readily deployable for routine surveillance, and technical expertise to decontaminate

the blood. In a bid to reduce overheads, pooling protocols (whereby samples from different

individuals in the survey are pooled) have been proposed [247]. Pooling provides low-cost
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single-allele frequencies. However, like traditional PCR-based methods, short-read sequencing

methods cannot resolve long-range allelic sequences, hence are not directly amenable for the

surveillance of haplotypes and genotypes.

Experimental methods capable of distinguishing haplotypes and genotypes within multi-

clonal mixtures typically work by separating the clones. Clonal aggregates can be separated

and the haplotypes ascertained using PCR cloning [70], yeast transformation [41] or single

cell/molecular genotyping [170]. PCR cloning can be difficult and is labour intensive [180],

while the method of transformation requires optimisation [41]. Moreover, both methods are

prone to amplification bias [41, 98], impeding frequency estimation. Although technically

feasible and potentially groundbreaking, single-genomics for malaria is extremely challenging

at present [170]. Consequently, none of the clonal-separations methods currently available

are amenable for routine surveillance. An alternative strategy, amplicon sequencing, has been

used to resolve P. falciparum haplotypes spanning the C-terminal of the gene that encodes

circumsporozoite protein in multiclonal infections [177]. Amplicon sequencing involves PCR

amplification of targeted regions using customised probes. The amplicons are then tagged with

uniquely identifiable indexes prior to sequencing [110]. This method is very powerful, and

could be used more widely. Amplicon sequencing, and alternative methods generating increas-

ingly long reads [127, 211], will ultimately render statistical haplotype frequency estimations

methods redundant, although statistical methods will remain necessary for dealing with the

errors generated by these methods and for estimating genotype frequencies where genotypes

span genes on different chromosomes.

1.3.2 Counting methods

Prevalence is not the same as frequency (see section 1.2.3), but the two are often conflated [96].

Not only can this lead to wholly inaccurate frequency estimates (for example, in the figure

1.3a, the difference between the prevalence and frequency of the resistant marker is four-fold),
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it can also lead to misleading assertions regarding haplotypes and genotypes. For example,

the prevalence of the combination I, R, and N in table 1.1 is 3/6. This does not mean to say

the prevalence of the haplotype encoding IRN is 3/6 (samples five and six need not contain

haplotype IRN).

If the intensity of detection is graduated, investigators sometimes discount the minority

allele at heteroallelic SNPs [9, 11, 86, 138, 37, 140]. Even if the genotyping method is

quantitative, reconstructing sequences by discounting minority alleles can sometimes lead to

spurious haplotype and genotype reconstruction. Consider the following example. Suppose

that a person is infected with three clones with pfdhfr-51-59-108 haplotypes encoding NCN,

NRS and ICS. The minority residues at positions 51, 59 and 108 are I, R and N, respectively.

Discarding the minority residues thus leaves N, C and S, respectively. We would therefore

score this sample as having a majority clone with haplotype encoding NCS, despite not one

of the clones actually having the NCS marker. Discounting minority alleles can also lead to

divergent trends between prevalence and frequency at a single allele. For example, in figure

1.4, we would discount the resistant clones in all three blood samples before the intervention

(figure 1.4a) and count the resistant clone once after the intervention (figure 1.4b), leading to

an increase in estimated frequency from 0.00 to 0.33, despite a decrease in prevalence from

1.00 to 0.33 and a true frequency of 0.25.

Another frequently documented approach is to discard samples that are discernibly multi-

clonal [96]. Doing so circumvents the problem of haplotype and genotype reconstruction, but

leads to large losses of data in highly endemic regions, and is disposed to generate inaccurate

frequency estimates, since rare variants are likely to be underrepresented in the remaining

sample.

In summary, all of the conventional counting methods result in inaccurate and potentially

biased estimates of frequency, they are also liable to generate spurious haplotypes and genotypes

[96].
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1.3.3 Statistical methods

To address the problems associated with counting methods and overcome the challenge pre-

sented by multiclonal infections, various statistical methods for estimating P. falciparum allele,

and haplotype and genotype frequencies have been proposed [39, 102, 224, 129, 95, 276, 125,

223]. Statistical methods are desirable, since they make use of all the information in the data,

while taking into account the uncertainty in the output, with no additional experimental cost.

However, every model is built upon a set of assumptions and is restricted in its application by an

inherent set of limitations. Indeed, as George Box famously said, ‘all models are wrong, some

are useful.’ [31]. The merits and limitations of the existing statistical methods are discussed in

detail in chapter 2.

1.4 Objective and outline

With a view to harnessing the full potential of genetic markers for the surveillance of antimalarial

resistance in high transmission settings where multiclonal samples are common place, we

sought to develop a statistical model that complements and builds upon existing methods for P.

falciparum genetic marker frequency estimation.

The proposed model uses prevalence data and a single estimate of the average MOI to

generate a posterior density estimate of single-allele and multi-SNP haplotype and genotype

frequencies. It is presented in chapter 3. First, we present an exhaustive review of the statistical

methods capable of generating population-level allele or multi-SNP haplotype and genotype

frequency estimates that have been documented within the field of malaria (chapter 2). In

chapters 4, 5 and 6, we demonstrate, respectively, the application of the model, its extension

to account for repeat sampling within a cohort of children and its modification to analyse

short-read sequencing data. The thesis ends with a discussion of the progress made and avenues

for further work.





Chapter 2

Literature review

2.1 Statistical estimation of P. falciparum allele, haplotype

and genotype frequencies using prevalence data

The difficulty in estimating P. falciparum allele, haplotype and genotype frequencies is due

to the occurrence of multiclonal infections [276]. Statistical modelling of multiclonal malaria

infections began in the 1950s, prior to the advent of molecular genetics. The British epidemi-

ologist George Macdonald believed that people could be ‘superinfected’ (and thus harbour

multiclonal infections) upon receipt of successive infectious bites ([137] described in [174]).

Macdonald was interested in the effect of superinfection on rates of infection and recovery.

Following Macdonald, the phenomena of superinfection was incorporated into several models

of infection and recovery rates, using, for example, a Poisson process [178], a binomial distri-

bution [173], or a Poisson distribution [174] to model the MOI. To the best of our knowledge,

the first model designed to estimate the average MOI was also the first to generate P. falciparum

allele frequencies [39]; it was published in 1973, before the confirmation of multiclonal infec-

tions, and is described in more detail below. Only a small number of statistical methods capable

of generating P. falciparum allele, haplotype and genotype frequencies using prevalence data
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have been described since; they are outlined in detail below.

2.1.1 Carter and McGregor, 1973

In 1973, Carter and McGregor published a paper featuring a model designed to estimate the

average MOI and the frequencies of alleles at a single biallelic locus [39]. Carter and McGregor

used prevalence data derived from the analyses of bivariate enzymes with electrophoretically

distinct variants to study the genetic diversity of the within-host P. falciparum population in the

Gambia. Note that under the model of Carter and McGregor, an enzyme with two variants is

equivalent to a biallelic SNP.

Under the model of Carter and McGregor, the expected prevalence of a given allele is equal

to one minus the probability of a blood sample containing zero clones characterised by the

given allele, normalised by the probability of a zero valued MOI. The probabilities of a blood

sample containing zero clones characterised by a given allele and of a zero-valued MOI are

calculated assuming that the MOI is distributed according to a Poisson distribution, and that

the variant of each clone within the blood sample is a Bernoulli variable with probability equal

to its frequency. By solving equations for expected prevalence (described above) equal to

observed prevalence for alleles one and two simultaneously, estimates of the allele frequencies

and the average MOI are retrieved.

The pioneering approach of Carter and McGregor is limited to a single biallelic locus.

Nevertheless, its publication paved the way for subsequent models of P. falciparum allele,

haplotype and genotype frequencies.

2.1.2 Hill and Babiker, 1995

Hill and Babiker extended the model of Carter and McGregor to two multiallelic loci [102]. Hill

and Babiker were interested in the rate of recombination in the P. falciparum population. The

rate of recombination depends upon the likelihood of a mosquito ingesting multiple genetically
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district clones, which, in turn, depends upon the average MOI [102]. Hence, the model of Hill

and Babiker was presented with a view to estimating the average MOI. It is, however, capable

of generating two-SNP haplotype frequency estimates.

Under the model of Hill and Babiker, the assumption that MOIs are either distributed

according to a Poisson or negative binomial distribution is adopted. Zero is removed from the

support of the MOI distribution if uninfected blood samples are excluded from the sampling

procedure. Note that henceforth, we shall refer to distributions from which the zero valued

support as been removed as non-zero conditioned. The likelihood is calculated as a function of

the expected frequencies of the sample-wise genotyping outcomes and their respective counts.

For a given MOI, an expression for the expected sample-wise genotyping outcome frequency is

derived assuming the allele or haplotype of each clone within the corresponding blood sample

is a Bernoulli variable with probability equal to its frequency. When two loci are considered,

the haplotype frequencies are either modelled assuming linkage equilibrium (independence

between loci) or disequilibrium, whereby each sequence of two alleles is attributed its own

frequency. Since the MOI is unknown, the expected frequency is calculated by summing over

the distribution on the MOI. Maximum likelihood estimates of the parameters of interest (the

parameters of the distribution over the MOI and the allele or haplotype frequencies) are either

available in closed form or found by iteration using the numerical method of Nelder and Mead

[179]1.

Hill and Babiker applied the model to two datasets, each with two bi or triallelic loci

based on prevalence data derived from the analyses of enzymes with electrophoretically

distinct variants (akin to Carter and McGregor [39]). Using the standard log-likelihood ratio

test, they found that the negative binomial distribution provided the best fit to data derived

from the analysis of a single triallelic locus. They did not find evidence against linkage

equilibrium between the alleles of the merozoite surface proteins 1 and 2, however, nor between

1The numerical method of Nelder and Mead is a downhill simplex routine for estimating the minimum of a
multivariate function [179], such as a multivariate log-likelihood.



32 Literature review

alleles of glucose phosphate isomerase and lactate dehydrogenase. The statistical estimates

were experimentally corroborated using data derived from diploid P. falciparum oocysts.

Statistical estimates of the average MOI and allele frequencies were in agreement with their

experimentally-derived counterparts.

The major difference between the model of Hill and Babiker and its predecessor ([39]) is

the ability to reconstruct the sequences of two-SNP haplotypes. The model by Hill and Babiker

was the first to address P. falciparum haplotype frequency estimation. It requires an expression

for each sample-wise genotyping outcome, limiting its application to a small number of loci,

since both the number of expressions and their complexity increase exponentially with the

number of loci.

2.1.3 Schneider et al., 2002

In 2002, Schneider et al. published a paper featuring a Bayesian approach to P. falciparum

allele frequency estimation [224]. The aim of the study was to ascertain the association between

CQ resistance in vivo and markers of resistance at nSNPs in codons pfcrt-76 and pfmdr1-86.

Under the model proposed by Schneider et al., the likelihood is calculated as a function of

the expected frequencies of the sample-wise genotyping outcomes and their respective counts,

akin to that of Hill and Babiker [102]. For a known MOI (equal to an experimentally-derived

estimate), the expected frequency of a sample-wise genotyping outcome is calculated assuming

that the allele of each clone within the blood sample is a Bernoulli variable with probability

equal to its frequency. Since the two allele frequencies sum to unity, we need only estimate

one. The model is constructed within a Bayesian framework, hence requires the specification

of a prior distribution on the allele frequency. A uniform prior between zero and one is opted

for. The posterior distribution of the allele frequency given the data is sampled using a Markov

chain Monte Carlo (MCMC) sampler (see [90] for more details).

To the best of our knowledge, the model developed by Schneider et al. was the first
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constructed within a Bayesian framework using an MCMC sampler. The Bayesian framework

allows for full and formal treatment of the uncertainty in the estimates, while the MCMC

algorithm generates a sample that approximates the posterior distribution and thus contains a

wealth of information compared to a single point estimate. The approach of Schneider et al.

was therefore innovative in the field of P. falciparum allele frequency estimation, despite the

specified model being limited to data from a single biallelic SNP with known MOI.

2.1.4 Li et al., 2007

In 2007, Li et al. [129] published details of the first fully statistical model designed specifically

to estimate multi-SNP haplotype frequencies. The model is an extension of an earlier model

by Excoffier and Slatkin [74]. The model of Excoffier and Slatkin was designed to estimate

haplotype frequencies in a diploid population. Estimating haplotype frequencies in a diploid

population is analogous to estimating P. falciparum haplotype frequencies from a population of

individuals each infected with exactly two clones. Li et al. extended the model by Excoffier

and Slatkin by allowing individuals to be infected with a variable number of clones.

Under the model by Li et al., each sample-wise genotyping outcome is modelled by a

haplotype count summarising the haplotypes of the unobserved clones within the infection.

The haplotype count vector is modelled as a realisation of size equal to an unobserved MOI

from a multinomial distribution. The probability vector of the multinomial distribution is set

equal to the haplotype frequencies. The unknown MOIs are modelled according to either

an unconditioned or non-zero conditioned Poisson distribution, depending on whether or

not samples from non-infected individuals are included in the sampling design of the data,

respectively.

Maximum likelihood estimates of the haplotype frequencies are found using the expectation

maximisation (EM) algorithm (formalised by Dempster et al. [59]). The EM algorithm is

commonly used to estimate parameters in models involving unobserved variables (such as the
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haplotype counts and MOIs) [63]. It breaks the problem down by iterating over two steps: first,

the distribution over the unobserved variables given the current estimate of the parameters is

approximated by calculating expected probability densities; second, the parameter estimate is

updated by maximising the log-likelihood given the expected probability densities from the

previous step. Under the model of Li et al., solutions to the step-wise calculations are either

available in closed form or found using the Newton-Raphson method (an iterative method for

maximising a function [159]). Confidence intervals are constructed using an estimate of the

asymptotic variance-covariance matrix of the haplotype frequencies, which is computed within

the EM framework. Given the variance-covariance matrix, one can also test hypotheses. Li et

al., for example, tested the hypothesis that frequency estimates for a given haplotype are the

same in Uganda, Cameroon and Sudan.

The model by Li et al. was embedded within a generalised linear model designed to test

associations between haplotypes and clinical traits [130]. It was later incorporated into an R

package called malaria.em [131], which, unfortunately, is no-longer available. Ross et al.

demonstrated the use of malaria.em, using it to obtain unbiased estimates of the average MOI

from simulated data on a single highly polymorphic locus [219].

The publication of the model by Li et al. marked an important development in P. falciparum

haplotype frequency estimation. The major advantage of the method is its ability to analyse

multiple SNPs (up to ten demonstrated in [129]) and/or highly multi-allelic SNPs (see [219]) in

a computationally efficient manner. The efficiency follows from the use of the EM algorithm to

iteratively average over latent variables. Moreover, the likelihood is guaranteed to monotonically

increase under the EM algorithm. However, this also means the algorithm is in danger of

getting stuck on a local maximum. The danger of getting stuck can be mitigated and assessed

by running the algorithm multiple times from different starting points. The use of an alternative

algorithm, such as an MCMC sampler, would also mitigate the prospect of getting stuck, since

the likelihood does not monotonically increase under an MCMC sampler. A MCMC sampler
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does not negate the need to run the algorithm multiple times from different starting positions to

check convergence, however.

2.1.5 Hastings and Smith, 2008

As early as 1998, Hastings and Smith recognised the need for an open-source software for

malaria haplotype frequency estimation and so began the development of a program, Mal-

HaploFreq, which was launched in 2008 (see [95], additional file 1). In contrast to the preceding

methods [39, 102, 224, 129], Hastings and Smith put onus on the incorporation of an indicator

to account for imperfect detectability of minority clones [95].

The default model underpinning MalHaploFreq assumes prevalence data are accompanied

by sample-wise MOI estimates, akin to the scenario considered by Schneider et al. [224]).

For all samples with a given MOI, the vector of observed sample-wise genotyping outcome

counts is modelled as a realisation from a multinomial distribution of size equal to the number

of samples with the specified MOI value. The probability vector of the multinomial distribution

is equal to the expected frequencies of the sample-wise genotyping outcomes. For a given

sample-wise genotyping outcome, the expected frequency is calculated by summing over all

compatible haplotype count vectors given the specified MOI2. The probability of an unobserved

haplotype count vector is captured by two terms. First, a probability density assuming the

haplotype count vector is a realisation of size equal to the specified MOI from a multinomial

distribution with probability vector equal to the haplotype frequencies. Second, an indicator

variable, which is equal to one if the haplotype combination is compatible with the sample-wise

genotyping outcome given a user-specified threshold for detectability, and zero otherwise. The

likelihood of the entire dataset is calculated by summing over the multinomial densities of the

sample-wise genotyping outcome counts for each observed MOI level.

2Note that by summing over all compatible haplotype count vectors given all possible MOIs, it is theoretically
possible to fit a modification of the model without knowing the MOIs [95]. Under the modified model the MOIs
are modelled according to either a negative binomial, Poisson or zero-conditioned Poisson distribution. Since the
analyses using said modification have not been validated, we proceed assuming a specified MOI.
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MalHaploFreq generates maximum likelihood estimates of the haplotype frequencies using

a hill climbing routine, which proceeds as follows. First the probability of the dataset under

the model given an initial guess at the haplotype frequencies is calculated. The initial guess

is then perturbed and the probability recalculated. If the dataset is more probable given the

new frequencies, the frequencies are retained, otherwise the initial guess is considered the

current best estimate. The process is reiterated until the algorithm finds the set of haplotype

frequencies that produces the greatest probability of observing the dataset. Confidence intervals

are constructed using the profile log-likelihood.

Two key distinctions set MalHaploFreq apart from the existing methods [39, 102, 224, 129],

first its ability to deal with imperfect detectability, and second its availability as an open-

source software. The computational expense of summing over all possible haplotype count

vectors limits its application to three or fewer SNPs, however, while the hill climbing routine is

computationally inefficient.

2.1.6 Smith and Penny, 2008

In the current version of the MalHaploFreq user manual ([95], additional file 1)3, an alternative

model courtesy of Smith and Penny is described. Under the model of Smith and Penny,

the likelihood is calculated as a function of the expected frequencies of the sample-wise

genotyping outcomes and their respective counts. The expected frequency of a given sample-

wise genotyping outcome is an algebraic expression derived under the assumption that the allele

or haplotype of each clone within an infection is a Bernoulli trial with probability equal to its

frequency, akin to Carter and McGregor [39], Hill and Babiker [102] and Schneider et al. [224],

but with extension to three SNPs. The algorithm by Smith and Penny was not incorporated

into MalHaploFreq, however, as it is cumbersome to implement for more than two loci, for the

same reasons noted by Hill and Babiker [102].

3At the time of writing, the MalHaploFreq user manual ([95], additional file 1) corresponds with MalHaploFreq
version 1.1.1.
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2.1.7 Wigger et al., 2013

In early 2013, Wigger et al. published a Bayesian method specifically constructed for P.

falciparum multi-SNP haplotype frequency estimation using prevalence data [276]. The model

of Wigger et al. was principally designed for prevalence data derived from microarray SNP

assays. As such, Wigger et al. put onus on the inclusion of a random error term representing

the probability of miscalls (when one allele is misinterpreted for another), which is set equal

to a fixed quantity based on experimental estimates. The authors also sought to address the

triple-SNP limitation of MalHaploFreq, using a computationally efficient MCMC algorithm.

Wigger et al. model the sample-wise genotyping outcome data given an experimentally-derived

estimate of the MOI, which is treated as fixed (as in [95] and [224]).

The model of Wigger et al. is described in terms of a multinomial mixture model. Each

infection is modelled as a clonal conglomerate characterised by a vector of counts describing a

collection of potentially error-ridden haplotypes. The probability of an error-ridden haplotype

is calculated assuming that it is an imperfect copy of an error-free haplotype, where each

allele copied is a Bernoulli variable with probability equal to the probability of a miscall.

In the parlance of mixture models, the error-free haplotypes are the mixture components,

while the density of the component distribution is equal to the probability of the error-ridden

haplotype given the error rate and the error-free haplotype. For a given sample-wise genotyping

outcome, the vector of error-free haplotype counts is modelled as a realisation, of size equal

to the specified MOI, from a multinomial distribution, whose probability vector is equal to

the haplotype frequencies. A uniform Dirichlet prior is placed over the error-free haplotype

frequencies, taking advantage of the fact that the Dirichlet is conjugate to the multinomial

distribution.

An MCMC sampler is used to sample from the posterior density of the error-free haplotype

frequencies in an computationally efficient manner. More specifically, a Gibbs sampler is

used, a type of MCMC algorithm whereby samples are drawn from the target distribution
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by iteratively updating the parameters in blocks [90]. In each block, the updated parameters

are sampled from their full conditional distribution given all parameters outside the block at

their current values. Under the sampler of Wigger et al., there are three blocks: error-ridden

haplotypes, error-free haplotypes and haplotype frequencies. In the first block, for each sample,

a collection of error-ridden haplotypes of size equal to the experimentally-derived MOI is drawn

from the set of haplotypes compatible with the observed sample-wise genotyping outcome.

Doing so does not ensure the collection complies with the observed data (for example, all

haplotypes are theoretically compatible with an entirely heteroallelic sample-wise genotyping

outcome, but a random draw of two identical haplotypes does not comply with heteroallelic

genotyping outcomes); thus, incompatible draws are resampled. In the second block, for each

sample, the vector of error-free haplotype counts is updated conditional on the newly updated

error-ridden haplotypes and the existing error-free haplotype frequencies. In the third block, the

error-free haplotype frequencies are updated by drawing from a Dirichlet distribution whose

parameter vector is based upon the updated error-free haplotype counts.

The Gibbs sampler generates an MCMC sample that approximates the full posterior dis-

tribution of the frequencies and haplotypes (both error-ridden and error-free). Wigger et al.

compared analyses of simulated data under the model with and without error. Inclusion of

the random error was shown to be favourable for errors that exceed 1–2%. The results of the

models with and without random error applied to real data were not statistically different unless

a large number of samples (in excess of 500) were analysed.

The main advantages of the model by Wigger et al. are its ability to deal with up to

seven SNPs, the inclusion of a random error term (albeit fixed and equal for all SNPs), the

computationally efficient implementation, and its construction within a Bayesian framework,

allowing for full posterior summaries, in contrast to singular point estimates. Its main limitation

is the dependency on SNP-wise MOI estimates, which are not always readily available.
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2.1.8 Kum et al., 2013

In late 2013, Kum et al. published a model from which P. falciparum multi-SNP haplotype

frequencies can be derived [125]. The model was designed with a specific application in mind:

to compare triple-SNP pfdhfr haplotype prevalence (the probability of being infected with one

or more clones characterised by a particular haplotype) before and after treatment with two

different antimalarial drugs in two different clinical trial sites. Although single allele prevalence

is easy to estimate (by simply calculating the proportion of blood samples that test positive for

a given allele), haplotype prevalence is not, because of the problem of reconstructing the allelic

sequences of the haplotypes. Haplotype prevalence estimates are therefore generated under a

model. However, estimates of frequencies and the average MOI (referred to as the expected

number of infection times by Kum et al.) can be obtained as byproducts of the haplotype

prevalence model.

Akin to Carter and McGregor [39], Hill and Babiker [102], Schneider et al. [224] and

Hastings and Smith [95], under the model by Kum et al., the likelihood is calculated as

a function of the expected frequencies of the sample-wise genotyping outcomes and their

respective counts. Unlike the aforementioned models, for a given sample-wise genotyping

outcome, the expected frequency is calculated as a function of haplotype prevalence, not

frequency. The functions are derived from combinatorial expressions, by first assuming the

probability of not being infected with a clone characterised by a specific haplotype is one minus

the haplotype prevalence. Kum et al. showed that, by assuming a Poisson distribution over

the MOI, one can equate the probability of not being infected with a clone characterised by a

specific haplotype with the density of a zero-valued realisation from a Poisson distribution with

a haplotype-specific parameter; algebraic expressions for the haplotype frequencies and the

average MOI follow.

Maximum likelihood estimates of the haplotype prevalences are generated using the method

of Nelder and Mead [179]. The model does not require sample-wise MOI estimates, however,
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akin to the aforesaid methods [39, 102, 224, 95], it is limited to three SNPs.

2.1.9 Schneider and Escalante, 2014

Akin to Carter and McGregor and Hill and Babiker [102], Schneider and Escalante [223]

proposed a model with a view to estimating the average MOI. The model by Schneider and

Escalante is an extension of that of Hill and Babiker in the direction of the number of alleles at

a single multiallelic locus, rather than multiple loci. It was not designed to analyse multiple

loci simultaneously, hence does not generate multi-SNP haplotype frequencies.

Akin to the majority of the foregoing models [39, 102, 224, 95, 125], under the model

of Schneider and Escalante the likelihood is a function of the expected frequencies of the

sample-wise genotyping outcomes and their respective counts. An expression for the expected

frequency is derived by first assuming the expected frequency it is equal to a summation over

the distribution of unobserved allele counts and MOIs compatible with the observed allele

prevalence. Schneider and Escalante assume a non-zero conditioned Poisson distribution

over the MOIs, while describing how the framework might be generalised under different

assumptions. They assume the allele counts are realisations, of size equal to the MOI, from a

multinomial distribution whose probability vector is equal to the vector of allele frequencies.

Maximum likelihood estimates and confidence intervals are found using Newton-Raphson’s

method (the EM algorithm and least-squares were proposed as alternatives).

Schneider and Escalante applied their model to three datasets on MOI markers from Kenya,

Cameroon and Venezuela. Confidence intervals were used to test the statistical significance of

differences between MOI estimates based on different marker loci. Allele frequencies were

not reported since they were treated as nuisance parameters (the objective being to estimate

the MOI). In summary, this method is capable of analysing highly polymorphic SNPs, but is

limited to only a single locus.
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2.1.10 Overview

In total, we have identified eight published articles and nine methods either designed for or

capable of generating population-level P. falciparum frequency estimates using prevalence data

[39, 102, 224, 129, 95, 276, 125, 223]. Three of these methods are restricted to prevalence data

from a single locus [39, 224, 223], while the remaining six address the problem of phasing

haplotypes and genotypes [102, 129, 95, 276, 125].

Of the three methods restricted to prevalence data restricted to a single locus [39, 224, 223],

two were designed with a view to generating estimates of the average MOI [39, 223]. The most

recent, [223], is capable of analysing a highly-polymorphic locus.

Of the six models that address the problem of phasing, two are capable of analysing data

from more than three SNPs in a computationally efficient manner [129, 276]; they are sum-

marised in table 2.1. Both of these methods approach the problem as one of data augmentation,

using latent variables to model unobserved haplotype counts. The number of haplotype count

vectors compatible with a given sample-wise genotyping outcome grows exponentially with the

number of SNPs. Consequently, summing over the unobserved haplotype counts is computa-

tionally expensive beyond three SNPs. To avoid explicit summation, both algorithms iteratively

average over the latent variables, either by iteratively recalculating their expected probability

densities [129] or by recursive sampling [276]. With the exception of MalHaploFreq, the

remaining methods [39, 102, 224, 125, 223] derive an algebraic expression for the expected

frequency of each sample-wise genotyping outcome under an assumed model. The likelihood

is then a function of the expected frequencies of the sample-wise genotyping outcomes and

their respective counts. The number of sample-wise genotyping outcomes grows exponentially

with the number of SNPs, hence the aforesaid methods are limited to three of fewer SNPs.

The likelihood underpinning MalHaploFreq (also summarised in table 2.1) is also a function

of the expected frequencies of the sample-wise genotyping outcomes and their observed counts.

However, given a specified MOI, the expected frequencies of the sample-wise genotyping
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Li et al. 2007 [129] Hastings and Smith 2008 [95] Wigger et al. 2013 [276]

Input
Genotyping outcomes derived from
prevalence data on ≈ 10 or fewer
multiallelic SNPs.

Genotyping outcomes derived from
prevalence data on ≤ 3 biallelic
SNPs plus MOIs.

Genotyping outcomes derived from
prevalence data on ≈ 7 of fewer
biallelic SNPs plus MOIs.

Missing data
(genotyping
failures) and
errors

No mention of either.

Samples with genotyping failures
ignored. Option to account for
imperfect detectability of minor-
ity clones given a user-defined de-
tectability threshold.

No mention of genotyping failures.
SNP miscalls are modelled using a
fixed error.

Likelihood

The observed sample-wise geno-
typing outcomes are modelled
given unobserved haplotype counts,
which in turn are modelled as
realisations from a multinomial
distribution with size equal to an
unobserved MOI and probability
vector equal to the haplotype
frequencies.

For a given MOI value, the ob-
served genotyping outcome counts
are modelled as realisations from a
multinomial distribution whose size
is equal to the number of samples
with MOI equal to the specified
value, and whose probability vec-
tor is calculated by summing over
the probabilities of the haplotypes
counts possible given the specified
MOI value. The haplotype counts
are modelled as realisations of a
multinomial distribution with size
is equal to the MOI and probability
vector equal to the haplotypes fre-
quencies, multiplied by an indicator
variable that accounts for imperfect
detectability.

The sample-wise genotyping out-
comes are modelled given error-
ridden haplotypes, which in turn
are modelled as imperfect copies of
error-free haplotypes given a fixed
error. Counts of the error-free hap-
lotypes are modelled as realisations
of a multinomial distribution with
size equal to the MOI and proba-
bility vector equal to the error-free
haplotype frequencies.

Model on MOIs

Several options. Of those relevant
to malaria, the MOIs are either as-
sumed to be realisations from a
Poisson distribution or from a non-
zero conditioned Poisson distribu-
tion if non-infected individuals do
not feature in the dataset.

Assumed given and fixed (theoret-
ically, it is possible to sum over
unknown MOIs, in which case the
MOIs are modelled as realisations
from either a negative binomial,
Poisson or zero-conditioned Pois-
son distribution, but this option has
not been validated).

Assumed given and fixed.

Model on fre-
quencies Frequencies are treated as parameters of a multinomial distribution.

A uniform Dirichlet prior is used
to model the frequencies, which in
turn are treated as parameters of a
multinomial distribution.

Implementation

EM algorithm with solutions to
the step-wise calculations available
either in closed form or via the
Newton-Raphson method.

Hill climbing algorithm that evalu-
ates the log likelihood upon perturb-
ing the frequencies.

Gibbs sampler with rejection sam-
pling.

Output

Maximum likelihood estimates of
the haplotype counts and frequen-
cies, and the parameters of the
model over the MOIs. Confidence
intervals are constructed using an
estimate of the asymptotic variance-
covariance matrix of the haplotype
frequencies, which is calculated
within the EM framework.

Maximum likelihood estimates of
the frequencies with approximate
confidence intervals constructed us-
ing the profile log-likelihood.

Posterior density estimates of the
sample-wise haplotypes (with and
without errors) and frequencies.

Table 2.1: A table summarising the three most competitive statistical multi-SNP haplotype and genotype frequency
estimation methods published in the field of malaria.
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outcomes are calculated by marginalising out all possible haplotype count vectors compatible

with the observed data. Hence, MalHaploFreq treats unobserved haplotype counts as latent,

akin to Li et al. and Wigger et al. [129, 276], but does not avoid explicit summation, rendering

MalHaploFreq computationally less efficient. Despite being computationally less efficient,

MalHaploFreq is the only method with functioning open-source software, and it has been

used by numerous investigators to estimate haplotype and allele frequencies (for example,

[256, 144, 182, 246, 51]).

All the models described above either generate posterior density estimates [224, 276] or

maximum likelihood estimates [39, 102, 129, 95, 125, 223]. Maximum likelihood estimates

are point estimates [277]. Typically, confidence intervals surrounding the maximum likelihood

estimates are derived using either the profile-likelihood or asymptotic assumptions of normality.

The paper by Schneider and Escalante includes detailed derivations and proofs for expressions

relating to the maximum likelihood estimates (proving both the existence and uniqueness of

the estimates under the non-zero conditioned Poisson distribution), confidence intervals (both

profile-likelihood and asymptotic), as well as three different hypothesis tests (one based on the

profile-likelihood confidence intervals, and two based on the asymptotic confidence intervals).

The methods of Schneider et al. [224] and Wigger et al. [276] output posterior density

estimates using an MCMC sampler. Posterior density estimates approximate distributions,

hence capture more information than a singular point estimate. They are generated within a

Bayesian framework, the construction of which provides a straightforward yet comprehensive

treatment of uncertainty [88]. The Bayesian framework also enables the incorporation of spe-

cialist knowledge [88]. Typically, MCMC samplers are used to sample from target distributions

that do not belong to standard families of distributions [90]. As we have seen for the model by

Wigger et al., recursive sampling within the MCMC scheme efficiently averages over latent

variables. Posterior summaries, including point estimates and credible intervals (which can be

used to assess statistical significance), are readily available given the MCMC sample set.
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2.2 Related work

2.2.1 Statistical MOI estimation

As we have seen already, P. falciparum allele and multi-SNP haplotype and genotype frequency

estimation is inherently linked to P. falciparum MOI estimation [219]. In fact, all of the afore-

said models that do not rely on experimentally-derived MOI estimates, were either designed

specifically to estimate the average MOI [39, 102, 223] or are capable of generating average

MOI estimates as a byproduct of frequency estimation [129, 125]. In general, standalone MOI

estimation is less complex than multi-SNP haplotype frequency estimation, because allelic

sequences do not require phasing [219]. Allelic sequences do not require phasing because

MOI estimates are normally based on either one highly polymorphic locus (see, for example,

[223]), or on a panel of independent SNPs (see, for example, [84]). Statistical models designed

specifically to estimate within-sample MOIs include estMOI [17] and COIL [84]. Both estMOI

and COIL are designed to estimate sample-wise MOIs using genome-wide data. The model

underpinning estMOI generates a genome-wide average based on local multi-SNP haplotype

phasing. It is therefore related to the models for multi-SNP haplotype phasing in malaria. It

does not generate frequency estimates, however, and requires whole genome sequencing data

with a high density of SNPs. The model underpinning COIL does not address the problem of

phasing. Instead, MOI estimates are based on data from a panel of 96 independent biallelic

SNPs, ideally, with minority allele frequencies equal to 0.4. If the frequencies are unknown (if

the data are prevalence data, for example), one can model them using an uninformative prior.

The implementation of COIL therefore has the capacity to generate a posteriori sample-wise

single allele frequency estimates. This is not the intended purpose of the model, however, since

there is very little information in the prevalence of a single SNP in a single sample. Neither

estMOI nor COIL take into imperfect detection due to complex infection dynamics. MOI

estimates that do take into account detectability can sometimes be derived from models of
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within-host infection dynamics (for example, [229, 221, 222]). Realistic models of within-host

dynamics are comparatively complex [46], however, and they do not lend themselves directly

to allele, haplotype and genotype frequency estimation.

2.2.2 Statistical within-sample haplotype frequency estimation

Another closely related area of research is within-sample P. falciparum haplotype frequency

reconstruction. In fact, to the best of our knowledge, the first high-throughput P. falciparum

‘haplotype-estimating algorithm’ was designed to reconstruct within-sample P. falciparum

six-SNP haplotypes in multiclonal samples collected from a vaccine-testing site in Mali. It

was published by Takala et al. in 2006 [240]. We do not include it above because it relies

heavily on an experimental protocol requiring pyrosequencing data. More recently, O’Brien

et al. published a model designed to infer the identity of a set of haplotypes in a population,

their joint phylogeny and their within-sample frequencies using short-read deep sequencing

data derived from multiple metagenomic samples [185]. The model was applied to data

derived from P. falciparum plastids extracted from samples collected in Ghana, as well as

data from green sulfur bacteria and Neisseria meningitidis bacteria. It is broken down into

two components, a phylogenetic component (details of which are beyond the scope of this

chapter), and within-sample haplotype frequency estimation. The method of Takala et al. and

the haplotype frequency estimation of O’Brien et al. are described in more detail below.

Takala et al., 2006

As indicated above, the method of Takala et al. [240] relies heavily upon pyrosequencing

data, but is partly based upon a statistical model. In summary, for a given blood sample, the

likelihood of a proposed vector of haplotype counts is calculated given the observed data

and a set of reference haplotypes. The reference set is determined by PCR cloning of blood

samples in which only one haplotype sequence has been detected. The likelihood is based
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on the difference between the observed and expected allele frequencies, where the former are

determined by pyrosequencing and the latter are computed given the proposed haplotype counts.

The smaller the difference, the bigger the likelihood that the proposed vector of haplotype

counts represents the true collection of clones in the blood sample. Because the accuracy

of pyrosequencing varies with both the allele’s identity and its frequency, the raw-observed

frequencies are calibrated using standard curves. Standard curves are constructed using clones

from the reference haplotypes. To account for residual variation in the calibration, the difference

is normalised by the mean residual error of the standard curve. The likelihood function is

equal to the sum over the normalised differences minus the probability density of the MOI

of the proposed haplotype count vector, which is calculated assuming a Poisson distribution

over the MOI minus one (to account for non-zero realisations). The maximum likelihood is

found by cycling over all haplotype count vectors compatible with the observed data. For a

given sample, the proposed haplotype count vector corresponding to the maximum likelihood

represents the most probable collection of clones given the observed data and the reference set.

Multiple proposals may have the same likelihood given the observed data and the reference

set. In other words, there is sometimes a problem of identifiability. Takala et al. validated their

model experimentally using artificial clonal mixtures with known combinations of haplotypes.

The method works well given an MOI less than or equal to three, but breaks down thereafter on

account of the problem of identifiability.

This method lends itself to accurate within-sample haplotype reconstruction given experimentally-

derived allele frequencies and an MOI less than or equal to three. Its main advantage over

alternative methods lies in its thorough treatment of experimental error, namely the use of

standard curves to correct for variation in the accuracy of the experimentally-derived allele

frequencies. Its use for population-level frequency estimates is not optimal: it does not borrow

information across samples. Borrowing information across samples would help address the

identifiability problem. To generate a reference set of haplotype clones, this method requires
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PCR cloning, which is expensive and time consuming. Moreover, the reference set is generated

using blood samples in which only one haplotype is detected. In a high transmission setting, the

construction of a reference set in this way might overlook rare haplotypes, since rare haplotypes

are unlikely to be found in isolation, especially if the sample-wise MOI exceeds one.

O’Brien et al., 2014

Under the model of O’Brien et al. [185], each multiclonal malaria infection is modelled

as a meta-genomic sample. For a given sample, the data comprise wild and mutant read

counts for a set of biallelic SNPs. For a given SNP within a sample, the mutant read count is

modelled as a realisation, of size equal to the total read count, from a binomial distribution

with probability equal to an error-prone mutant allele frequency. The error-prone mutant

allele frequency is calculated in two stages as follows. First, the error-free allele frequency is

calculated by summing over the allele states of the haplotypes at the specified SNP weighted by

their corresponding sample frequencies. The error-prone frequency is then calculated assuming

the probability of a miscalled read and the error-free frequency. Conditional upon the allele

sequences of the haplotypes, O’Brien et al. assume independence between samples. The allele

sequences of the haplotypes are modelled using a phylogenetic tree with constant mutation rate

and noise (to account for recent mutation and rare variants, for example). Inference is performed

within a Bayesian framework. The within-sample haplotype frequencies are modelled using a

uniform Dirichlet prior. Samples are drawn from the full posterior distribution using an MCMC

algorithm. The model is fit assuming a fixed number of haplotypes, then refit assuming an

alternative number. The number that provides the best fit to the data is chosen using a model

selection criterion.

Compared with the models described in this chapter hitherto, the model by O’Brien et al. is

relatively complex due to the phylogenetic component. However, the noise in the phylogenetic

tree allows O’Brien et al. to analyse 1000s of SNPs assuming a small number (≤ 20) of
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haplotypes. Moreover, the noise in the tree allows variation due to recent mutation in the taxa.

This is especially important for multi-genomic samples containing organisms that mutate on

a timescale close to that of the duration of infection (see the section on tumour diversity and

quasispecies spectrum reconstruction below).

2.2.3 Statistical methods beyond malaria

The problem of estimating of P. falciparum multi-SNP haplotype frequencies for antimalarial

surveillance is related to several other fields of research including haplotype assembly (reviewed

in [36]), characterising tumour diversity (for example, [237, 109, 3]), quasispecies spectrum

reconstruction (reviewed in [18]) and metagenomics (for example, [185]). All of these fields are

united in their aim to estimate the frequencies and/or reconstruct the sequences of genetically

distinct components within a mixture. There is no general purpose method, however, since

each has its own set of challenges.

All of the aforementioned fields of research collectively differ to that of estimating frequen-

cies for routine antimalarial surveillance on account of the data. In the field of antimalarial

surveillance, the usual aim is to characterise diversity using prevalence data derived from

blood sample surveys. There is little information in prevalence data from a single sample to

inform within sample frequencies, but, by borrowing information across multiple filter-paper

blood samples, inference is possible at the level of the population. Typically, the aim in the

aforesaid related fields is to estimate diversity within a sample of genetically distinct com-

ponents using next generation sequencing data. In fact, it is the ability to rapidly generate

lots of reads from a single sample at low cost that has made the analysis of within-sample

diversity possible [18]. Unfortunately, next generation sequencing requires a comparatively

large volume of uncontaminated DNA, rendering it impractical for routine surveillance of

antimalarial resistance.
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Haplotype assembly

The problem of reconstructing haplotypes is a standalone field known as ‘phasing’ or haplotype

assembly [36]. Typically, the goal of haplotype assembly is to reconstruct long-range haplotypes

for a given organism with fixed ploidy (for example, [26]). The problem of phasing samples

derived from multiple multiclonal P. falciparum infections is equivalent to that of phasing

multiple polyploid organisms with unknown variable ploidy. The fact that the ploidy is

known and fixed in most haplotype assembly applications, renders the problem more tractable.

Another major difference is the number of SNPs analysed. The goal of most phasing methods

is to reconstruct haplotypes across hundreds of thousands of SNPs or the entire genome,

necessitating highly scalable methods, that borrow information across large sample sets [36].

In the field of antimalarial resistance surveillance, we are primarily interested in the frequency

of a marker corresponding to a single SNP (for example, PfCRT:76T) or multi-SNP haplotypes

and genotypes (for example, markers of resistance to sulfadoxine-pyrimethamine (SP) [168]).

In fact, the ideal genetic marker of antimalarial resistance would be a single allele at a decisive

SNP [61].

Tumour and viral quasispecies spectrum reconstruction

A viral quasispecies refers to a family of closely related viral variants within an infected host

[18]. Viral diversity evolves within the host resulting in a family of related offspring, some

members of which may withstand antiviral therapy or contribute to vaccine failure [18]. In

oncology, diversity also evolves within the individual, sometimes leading to cell lines that

are resistant to anticancer agents. The problem of reconstructing tumour diversity and the

quasispecies spectrum is that of reconstructing the genomic sequences of the related variants and

estimating their relative abundance using next generation sequencing data, the objective being

to understand within-patient diversity, in a bid to provide efficacious personalised treatment.

The major difference compared to haplotype frequency estimation for antimalarial surveillance
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is the focus on patient-specific diversity. Sharing information across individuals is not fruitful

in tumour and quasispecies spectrum reconstruction due to individuality following from high

mutation rates (as high as one per 1000 base pairs per replication cycle for viruses [18],

compared with one per 109 base pairs per replication cycle for malaria [216]). In contrast, most

methods for antimalarial resistance surveillance assume the mutation rate is low compared

with the time of infection [223]. Nevertheless, following [185], it would be interesting to

incorporate mutation rates into prior distributions over haplotypes of interest in antimalarial

resistance surveillance, especially in view of recent evidence highlighting the importance of de

novo mutations in the spread of artemisinin resistance [242, 154].

Metagenomics

The term ‘metagenomics’ is broad, encompassing many methods designed to reconstruct

biodiversity within genetically diverse mixtures using next generation sequencing data [134].

Samples of genetically diverse mixtures are often referred to as ‘pools’ in the metagenomic

literature (see [185], for example). Pools include naturally diverse samples (ecological samples

[261], for example) as wells samples that have been intentionally pooled [247, 44]. The problem

of reconstructing within-host P. falciparum haplotype frequencies thus falls within the scope

of metagenomics. Many methods labelled as metagenomic, however, aim to resolve species

in environmental pools, rather than clones within species [117]. Methods that are capable of

reconstructing within-host P. falciparum haplotype frequencies are detailed above (section

2.2.2).



Chapter 3

Frequency estimation using prevalence

data

3.1 Background

Considerable progress has been made in the fight against malaria in the past 15 years, manifest

in a reduction in transmission in many regions [290, 27]. Nevertheless, there is a continued

need for genetic surveillance of antimalarial resistance [286], and the changing landscape of

transmission renders comparable measures of antimalarial resistance more important than ever.

To assess spatiotemporal trends, we require estimates of the frequencies of the key determinants

of parasite resistance [95, 96, 276], including alleles at individual SNPs and haplotypes and

genotypes spanning multiple SNPs (for example, the quintuple mutant genotype associated

with clinical resistance to SP [123]).

In areas of high endemicity people are often infected with multiple parasite clones [225,

258]. Multiclonal infections pose an analytical challenge, since standard analyses of blood

sample surveys cannot resolve the clones within multiclonal infections, nor reconstruct the

allelic sequences that comprise the haplotypes and genotypes of the constituent clones [276].

Instead, most blood sample surveys generate prevalence data, summaries at the level of the
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blood samples [96].

Several statistical models have been designed to overcome the challenge of multiclonal

infections and estimate allele, haplotype and genotype frequencies using prevalence data

[39, 102, 224, 129, 95, 276, 125, 223]. They are described in detail in chapter 1. With the

aim of harnessing the full potential of genetic markers for the surveillance of antimalarial

resistance, we present a model that complements and builds upon the existing methods. Several

differences set our model apart from existing methods of malaria haplotype and genotype

frequency estimation using prevalence data [102, 224, 129, 95, 276, 125]. First, in contrast

to all previously published methods, the model makes use of all available data, including

those that are incomplete due to unsuccessful genotyping outcomes or study design (see, for

example, [83]). Second, in contrast to the Bayesian method by Wigger et al. [276] and the

model underpinning the freely available online software MalHaploFreq [95], our model is not

reliant upon experimentally-derived estimates of sample-wise MOIs. Third, in contrast to most

existing approaches [39, 102, 224, 95, 125, 223], it enables rapid analysis of data from three or

more SNPs.

Akin to Wigger et al. [276], we construct our model within a Bayesian framework. Con-

struction as such provides a straightforward yet comprehensive treatment of uncertainty [88].

We model each infection as an unobserved clonal conglomerate, while taking into account

the sample-wise uncertainty in the population-level frequency estimates. Inference within a

Bayesian framework also allows the incorporation of specialist knowledge [88], enabling the

MOIs to be modelled as random variables whose prior distributions are centred about a reported

average.

Also similar to Wigger et al. [276], we use a Markov chain Monte Carlo (MCMC) algorithm

to sample from the posterior distribution of the haplotype frequencies conditional on the

prevalence data. MCMC samplers are of great consequence because they allow sampling from

distributions that do not belong to standard families of distributions [90]. Recursive sampling
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within the MCMC scheme enables the sampler to efficiently average over the unobserved clonal

conglomerates, allowing the analysis of prevalence data for more than three SNPs. Unlike

methods designed to generate point estimates, the MCMC method generates a sample set that

approximates the full posterior distribution. Posterior summaries, including mean estimates

and credible intervals, are readily available given the MCMC sample.

The aim of this chapter is to provide full details of the model and its implementation. For

exposition, we focus on results based on simulated data (which also feature in Additional

file 2 of [248]). A full demonstration of the model’s utility using data from the field can be

found in [248] and in chapter 4. In the next section we introduce our notation. In section

3.2.2 we provide a hypothetical example to illustrate the challenge associated with multiclonal

infections. We provide full details of the model and its implementation in sections 3.2.3 and

3.2.4, respectively, followed by details of the simulated data (section 3.2.5), convergence

(section 3.2.6) and sensitivity analyses (section 3.2.7). Results can be found in section 3.3. The

chapter ends with a discussion (section 3.4).

3.2 Methods

3.2.1 Notation

Suppose that I P. falciparum positive blood samples, each derived from an independent episode

of malaria, are genotyped at J SNPs associated with antimalarial resistance. Due to the

multiclonal nature of malaria, when the ith blood sample is genotyped at the jth SNP, the

observed datum, yi j, is a summary of all the alleles at the jth SNP belonging to all ≥ 1 clones

within the sample. Let yi j = w denote the detection of wild type alleles only, yi j = m denote the

detection of mutant type alleles only, yi j = h denote the detection of both wild and mutant type

alleles (a heteroallelic SNP) and yi j =? represent a missing genotyping outcome (due to assay

failure, for example). For example, yyyi = (h,?,w) denotes the detection of both wild and mutant
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I is the number of blood samples in the dataset (each from a distinct episode of
malaria).

J is the number of SNPs genotyped.

R≤ 2J is the number of haplotypes compatible with the data.

πππ = (π1, · · · ,πR) is a vector of haplotype frequencies. πππ ∈ SR, where SR denotes the
R dimensional simplex, and hence ∑

R
r=1 πr = 1.

yyy = (yyy1, . . . ,yyyI)
T is the collection of data for the i = 1, . . . , I blood samples, where

yyyi = (yi1, · · · ,yiJ) is the vector of sample-wise genotyping outcomes for the ith blood
sample and yi j is the genotyping outcome of the ith blood sample at the jth SNP,
where yi j ∈ {w,m,h,?} ∀ i = 1, . . . I and j = 1, . . .J.

mmax is the global maximum MOI set by the user.

mimin is the minimum MOI possible for the ith blood sample.

aaa = (aaa1, · · · ,aaaI)
T is the collection of unobserved haplotype counts for the i = 1, . . . , I

blood samples, where aaai = (ai1, . . . ,aiR) is the vector of haplotype counts for the
ith blood sample, and air denotes the number of clones in the ith blood sample
characterised by the rth haplotype, where air ∈ {0, . . . ,mmax} ∀ i = 1, . . . , I, r =
1, . . .R.

mmm = (m1, . . . ,mI) is the collection of unobserved MOIs for i = 1, . . . , I blood samples,
where the sample-wise MOI, mi ∈ {1, · · · ,mmax} ∀ i = 1, · · · , I, is the total number of
clones in the ith blood sample, mi = ∑

R
r=1 air.

HHH is a R× J matrix summarising the allelic sequences of the R haplotypes over the J
SNPs.

pi j is the proportion of mutant type alleles at the jth SNP in the ith blood sample.

ααα = (α1, . . . ,αR) is the hyperparameter of the Dirichlet prior on the haplotype fre-
quencies, πππ .

λ is the hyperparameter for the prior on the MOI, mi.

φ is an additional hyperparameter for the prior on the MOI, mi.

Table 3.1: Model notation.
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type alleles at the first SNP in the ith blood sample, a missing genotype outcome at the second

SNP and two or more wild type alleles at the third (since the first SNP is heteroallelic, the ith

blood sample must comprise two or more clones). If J > 1 (as in the above example), the vector

yyyi = (yi1, . . . ,yiJ) is a summary of the all the haplotypes or genotypes of the clones within

the clonal conglomerate. Recall that the term haplotype applies if the SNPs are in the same

gene, whereas the term genotype applies if the SNPs belong in multiple genes. Henceforth,

haplotypes are referred to exclusively, noting that the same methods apply for genotypes.

Let air denote the unobserved haplotype count for the rth haplotype (the number of clones

characterised by the rth haplotype) in the ith blood sample and aaai = (ai1, . . . ,aiR) denote the

vector of R haplotype counts for the ith blood sample, where R is the total number of haplotypes

compatible across the dataset. Note that ∑
R
r=1 air = mi is the total number of clones in the ith

blood sample, henceforth referred to as the MOI. Finally, let πππ = (π1, . . . ,πR) denote the vector

of R haplotype frequencies (the proportions of parasite clones in the P. falciparum population

characterised by haplotypes 1 to R). For reference, a full list of model notation can be found

in table 3.1. To illustrate the structure of the data, let us consider the hypothetical example

outlined below.

3.2.2 Running example

Suppose parasite DNA extracted from I = 5 blood samples is genotyped at J = 3 SNPs

generating prevalence data (table 3.2) which can be represented by the 5×3 matrix yyy,
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Blood sample SNP 1 SNP 2 SNP 3
1 w w w
2 w m m
3 h h h
4 w h ?
5 w h h

Table 3.2: A hypothetical prevalence dataset based on five samples genotyped at three SNPs. For a given blood
sample and SNP, w denotes the detection of wild type alleles only, m denotes the detection of mutant type alleles
only, h denotes the detection of both wild and mutant type alleles and ? indicates the genotyping outcome is
missing.

yyy =



j = 1 . . . j = 3

i = 1 w w w
... w m m

h h h

w h ?

i = 5 w h h


. (3.1)

Since both wild and mutant type alleles are detected at all three SNPs (see equation (3.1)),

R = 23 = 8 haplotypes are compatible with the observed data. The allele sequences of the R
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haplotypes are stored in the rows of the R× J matrix HHH,

HHH =



j = 1 . . . j = 3

r = 1 0 0 0
... 1 0 0

0 1 0

0 0 1

1 1 0

1 0 1

0 1 1

r = 8 1 1 1



, (3.2)

where, arbitrarily, ‘0’ denotes a wild type allele and ‘1’ denotes a mutant type allele. Note

that under the model, R ≤ 2J , because only haplotypes that are possible given the data are

considered. Haplotypes that are impossible given the data are assigned zero frequency and do

not feature in the HHH matrix. For example, if the hypothetical data are instead yyy1 = (w,w,h) and

yyy2 = (m,w,m), the matrix of haplotypes would be,

HHH =



j = 1 . . . j = 3

r = 1 0 0 0
... 1 0 0

0 0 1

r = 4 1 0 1


, (3.3)

since the second SNP ( j = 2) is homoallelic (y12 = y22 = w). Returning to the data in table

3.2 and equation (3.1), suppose the unobserved underlying haplotype count vectors for blood
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samples i = 1, . . . ,5 are

aaa =



000r=1 100 010 001 110 101 011 111r=8

i = 1 1 0 0 0 0 0 0 0
... 0 0 0 0 0 0 4 0

0 1 1 1 0 0 0 0

0 0 3 1 0 0 1 0

i = 5 2 0 0 0 0 0 1 0


, (3.4)

where air denotes the number of clones with the rth haplotype in the ith sample. For reference,

the allele sequences of haplotypes r = 1, . . . ,R are shown as column headings. For example,

aaa5 = (2,0,0,0,0,0,1,0) indicates that the 5th blood sample contains three clones, two with

haplotype ‘000’ and one with haplotype ‘011’, such that when the first SNP is genotyped pure

wild type alleles are detected and when the second and third SNPs are genotyped both wild and

mutant type alleles are detected, giving rise to yyy5 = (w,h,h), as seen in equation (3.1). Given aaa,

the empirical sample haplotype frequencies are directly calculable,

πππ = (π1, . . . ,πR)≡ (π000,π100,π010,π001,π110,π101,π011,π111),

=
∑

I
i=1 aaai

∑
I
i=1 ∑

R
r=1 air

,

=
∑

I
i=1 aaai

∑
I
i=1 mi

,

=

(
3

16
,

1
16

,
4

16
,

2
16

,
0

16
,

0
16

,
6

16
,

0
16

)
.

In this hypothetical example, the vector of haplotype frequencies is trivial to estimate because

the sample haplotype counts are known. In reality, the haplotype counts are not observed. To

estimate the vector of haplotype frequencies, the following model is proposed.
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3.2.3 The model

We propose the following model (figure 3.1) to estimate the vector of haplotype frequencies,

πππ , conditional on prevalence data. A number of simplifying assumptions are made in its

construction:

1. blood samples are independently distributed;

2. clones are independently distributed (for example, the probability of being infected with

two clones with allelic sequences ‘000’ and ‘011’ is π000×π011);

3. perfect detection (for example, if a person is infected with ten clones, nine of which are

characterised by ‘000’ and one by ‘100’, the mutant allele is detected);

4. alleles are error-free (for example ‘0’ is correctly identified as ‘0’ and not as ‘1’).

The terms in which these assumptions are introduced are indicated below; their implications

are discussed in section 3.4. Latent variables include the MOIs, mi for i = 1, . . . , I, and the

haplotype count vectors, aaai for i = 1, . . . I. The prevalence data for the ith blood sample, yi j for

j = 1, . . . ,J, are modelled directly upon the unobserved haplotype count vector, aaai. Since the

model is constructed within a Bayesian framework, we put prior distributions on πππ , aaai and mi

for i = 1, . . . I. The priors are specified according to the dependencies in figure 3.1. The joint

posterior density is,

ρ (πππ,aaa,mmm | yyy) = ρ (yyy|aaa)ρ (aaa|mmm,πππ)ρ (mmm)ρ (πππ)

ρ(yyy)

∝

I

∏
i=1

{
J

∏
j=1

{
ρ
(
yi j|aaai

)}
ρ (aaai|mi,πππ)ρ (mi)

}
ρ (πππ) , (3.5)

where the product over i = 1, . . . , I results from the assumptions of independence between

blood samples, and the product over j = 1, . . . ,J results from an assumption of conditional

independence between SNPs within the ith blood sample given the haplotype counts, aaai. The
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Sample, i = 1,…,I  

 SNP, j = 1,…,J

€ 

ai 

α

π

mi

yij  

λ

Figure 3.1: Haplotype frequency estimation model for prevalence data. The graph shows the model quantities and
their conditional dependencies. The data yi j for I = 1, . . . , I and j = 1 . . . ,J are represented by a square. Ellipses
denote unobserved variables: the vectors of haplotype counts, aaai for I = 1, . . . , I; the MOI, mi for I = 1, . . . , I; and
the haplotype frequency vector, πππ . The diamonds represent the hyperparameters of the priors on mi and πππ (λ and
ααα , respectively). The density of the joint distribution is ρ (πππ,aaa,mmm,yyy) = ρ (yyy | aaa)ρ (aaa | mmm,πππ)ρ (mmm)ρ (πππ).
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likelihood, ρ
(
yi j|aaai

)
, is specified as follows,

ρ
(
yi j|aaai

)
=



1 if yi j = w and pi j = 0,

1 if yi j = m and pi j = 1,

1 if yi j = h and 0 < pi j < 1,

1 if yi j is missing,

0 otherwise,

(3.6)

where pi j is the proportion of mutant type alleles at the jth SNP in the ith blood sample. That

is, the number of haplotypes with a mutant type allele at the jth SNP, aaai ·hhh j, where hhh j is the

jth column vector of the matrix HHH, enlisting all the allele states (mutant ‘1’ or wild type ‘0’) of

the R possible haplotypes at the jth SNP, normalised by the total number of haplotypes in the

ith blood sample (mi = ∑
R
r=1 air),

pi j =
aaai ·hhh j

∑
R
r=1 air

. (3.7)

Note that in equation (3.7) above, 100% detectability of the minority allele is assumed. For

example, if the ith blood sample is infected with ten clones, nine with haplotype ‘000’ and

one with haplotype ‘100’, pi1 > 0. That is, the clone with haplotype ‘100’ is detected despite

constituting only 10% of the total haplotype count for the ith blood sample. The correct

identification of each allele is also assumed. For example, the alleles of both haplotypes at

the second and third SNPs are identified correctly as ‘0’ not ‘1’, hence pi 2 = pi 3 = 0. As

mentioned above, we discuss the implications of these assumptions in section 3.4.

The priors on aaai and πππ are specified as follows,

ρ (aaai|mi,πππ) = M ultinomial(aaai | mi,πππ), (3.8)
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which implies independence between clones, and

ρ (πππ) = D irichlet(πππ | ααα), (3.9)

where ααα = (α1, . . . ,αR) is the hyperparameter of the prior on πππ . We set αr = 1 for r = 1, . . . ,R

with the effect that all R haplotypes are regarded a priori as biologically feasible and equally

probable. Doing so provides an objective basis against which the validity of the results can

be compared. Alternatively, one can incorporate prior knowledge about the viability of the

different haplotypes by varying the elements of ααα . Instead of specifying one definitive prior

for the MOI, we propose four options (equations (3.10) to (3.13)), with a view to selecting the

one that provides the best fit to the data. All four are probability distributions (which assume

independence between clones) on the set of integers {mimin, . . . ,mmax}, where mimin = 2 if the

ith blood sample is discernibly multiclonal (if for some j ∈ {1, . . . ,J}, yi j = h) and 1 otherwise,

while mmax is a global maximum set by the user and based on auxiliary data where available.

All four follow classic distributions,

111... ρ(mi) = U niform(mi | mimin,mmax); (3.10)

222... ρ(mi) = Poissontruncated(mi | λ ,mimin,mmax),

=
Poisson(mi | λ )(

∑
mmax
mi=mimin

Poisson(mi | λ )
) ; (3.11)

333... ρ(mi) = G eometrictruncated(mi | λ ,mimin,mmax),

=
G eomtric(mi | λ )(

∑
mmax
mi=mimin

G eometric(mi | λ )
) ; (3.12)

444... ρ(mi) = N egative Binomialtruncated(mi | λ ,φ ,mimin,mmax),

=
N egative Binomial(mi | λ ,φ)(

∑
mmax
mi=mimin

N egative Binomial(mi | λ ,φ)
) ; (3.13)

where λ denotes the mean of the Poisson, geometric and negative binomial distributions and

can be interpreted as an approximate a priori average MOI; and φ denotes the dispersion
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parameter of the negative binomial distribution whose density is parameterised as follows,

N egative Binomial(mi | λ ,φ) =
Γ(mi +φ)

Γ(φ)mi!

(
φ

λ +φ

)φ (
1− φ

λ +φ

)mi

(3.14)

The parameter λ is set by the user and based on auxiliary data where available. In this chapter,

the Poisson prior is used for the sensitivity analyses based on simulated data. Upon analysing

real data, the prior providing the best fit is selected using posterior predictive checks (see

section A.2 for example).

3.2.4 The sampler

One cannot evaluate the posterior density given by equation (3.5) directly: it does not belong

to a standard family of distributions and evaluating the normalising constant, ρ(yyy), requires

integrating over all possible aaai, mi and πππ . Nevertheless, it is a distribution whose density can

be evaluated pointwise up to a normalising constant. We therefore use a MCMC algorithm to

sample from the distribution whose density is given by equation (3.5). More specifically, we

use a Gibbs sampler. The Gibbs sampler works by breaking the problem down into blocks of

variables which are iteratively sampled. For a given block, the variables within it are sampled

from their full conditional distribution given the data and all variables outside the block at their

current values. The variables under our model are πππ , aaai and mi ∀ i = 1, . . . , I; the target density

is ρ(πππ,aaa,mmm | yyy) (equation (3.5)); and the blocks are

111... aaai and mi given πππ and yyy for each i = 1, . . . , I independently,

222... πππ given aaa,mmm and yyy.

In other words, on each iteration of the sampler, for each i = 1, . . . , I, we update the MOI

and haplotype count vector, aaai and mi, conditional on the current estimate of the haplotype

frequency vector, πππ , and the data, yyy. Second, we update the haplotype frequency vector, πππ ,
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given the collection of all the haplotype count vectors, aaa, the collection of all the MOIs, mmm,

and the data, yyy. The full conditional distribution of the variables in the first block, aaai and mi,

does not belong to a standard family of distributions, hence we use a Metropolis-Hastings

step to update aaai and mi. Due to conjugacy, the full conditional distribution of πππ is a Dirichlet

distribution whose parameter vector is based on the haplotype count vectors. Hence we can

Gibbs sample haplotype frequency vectors exactly. The mathematical details of the updates

within both blocks are outlined in detail below. Starting at iteration t = 0, initial estimates, πππ(t),

mmm(t) and aaa(t), are either drawn from their respective priors (see section 3.2.3) or set equal to

some specified values. For t > 0, the sampler proceeds as follows.

Update MOI and haplotype counts

The density of the joint conditional distribution of aaai and mi is given by

ρ

(
aaai,mi | πππ(t−1),yyy

)
∝

J

∏
j=1

{
ρ
(
yi j | aaai

)}
ρ

(
aaai | mi,πππ

(t−1)
)

ρ (mi) ∀ i = 1, . . . , I, (3.15)

where ρ
(
yi j | aaai

)
and ρ

(
aaai | mi,πππ

(t−1)
)

are given by equations (3.6) and (3.8), respectively,

and ρ (mi) depends on the choice of MOI prior (equations (3.10) to (3.13)). Regardless of

the MOI prior choice, the joint conditional distribution (equation (3.15)) does not belong

to a standard family of distributions, hence cannot be sampled directly. Instead we use a

Metropolis-Hastings update to sample from the joint conditional distribution whose density is

given by equation (3.15). The Metropolis-Hastings step relies on the availability of a proposal

distribution whose density can be evaluated. To ensure the MCMC algorithm only explores

space compatible with the observed data, we use a proposal, q, conditioned upon the current

vector of haplotype counts and the current MOI,

(aaa⋆i ,m
⋆
i )∼ q

(
· | aaa(t−1)

i ,m(t−1)
i

)
. (3.16)
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The joint proposal (equation (3.16)) is broken down into two stages, m⋆
i ∼ qm

(
· | aaa(t−1)

i ,m(t−1)
i

)
and aaa⋆i ∼ qa

(
· | m⋆

i ,aaa
(t−1)
i ,m(t−1)

i

)
, described in detail below.

Propose a new MOI: The proposal qm is implemented as follows. For, i = 1, . . . , I, m⋆
i is

generated by either adding or subtracting a clone to the existing MOI,

m⋆
i =


m(t−1)

i ±1 with probability = 1/2 if m(t−1)
maskedi > 0 and m(t−1)

i < mmax,

m(t−1)
i +1 with probability = 1 if m(t−1)

maskedi = 0,

m(t−1)
i −1 with probability = 1 if mi

(t−1) = mmax,

(3.17)

where

m(t−1)
maskedi =

R

∑
r=1

a(t−1)
maskedir and (3.18)

aaa(t−1)
maskedi = f (aaa(t−1)

i | yyyi). (3.19)

The function, f : aaa(t−1)
i → aaamasked

(t−1)
i conditional on yyyi, ensures that the proposed MOI, m⋆

i , is

compatible with yyyi. Essentially, aaamasked
(t−1)
i is a template of aaa(t−1)

i , but with all counts whose

removal would render aaa(t−1)
i incompatible with yyyi set equal to zero, thus ‘masked’, preventing

their removal. The counts whose removal would render aaa(t−1)
i incompatible with yyyi include

those that contribute either a solitary mutant allele or a solitary wild type allele. The function f

is determined algorithmically as follows.

First assign aaamasked
(t−1)
i ← aaa(t−1)

i . Second, if aaa(t−1)
i ·h j = 1, locate the solitary

mutant count (r for which a(t−1)
ir × hr j = 1) and, if yi j ̸= ?, set amasked

(t−1)
ir ←

0 (see footnote1). Third, if aaa(t−1)
i · h j =

(
∑

R
r=1 a(t−1)

ir

)
− 1, locate the solitary

wild type count (r for which a(t−1)
ir > 0 and a(t−1)

ir × hr j = 0) and, if yi j ̸= ?, set

1As an aside, in section 6.2.4 we encounter an application where mimin = 2 for all i = 1, . . . , I. In this case, if
m(t−1)

i = 2, amasked
(t−1)
ir ← 0 for all r corresponding to a(t−1)

ir > 0.
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amasked
(t−1)
ir ← 0.

For example, if the hypothetical aaa given by equation (3.4) were our estimate at iteration t−1,

aaa(t−1)
masked would be given by

aaa(t−1)
masked =



000r=1 100 010 001 110 101 011 111r=8

i = 1 000 0 0 0 0 0 0 0
... 0 0 0 0 0 0 4 0

0 000 000 000 0 0 0 0

0 0 3 000 0 0 1 0

i = 5 2 0 0 0 0 0 000 0


, (3.20)

where the elements that have been ‘masked’ are highlighted in bold, leading to,

mmm(t−1)
masked =

R

∑
r=1

aaa(t−1)
maskedr =



i = 1 0
... 4

0

4

i = 5 2


. (3.21)

For any m⋆
i , m(t−1)

i and aaa(t−1)
i , we can calculate qm

(
m⋆

i | m
(t−1)
i ,aaa(t−1)

i

)
, which is equal to

1/2 or 1 as described by equation (3.17) and equation (3.22) below,

qm

(
m⋆

i | m
(t−1)
i ,aaa(t−1)

i

)
=



1/2 if m(t−1)
maskedi > 0 and m(t−1)

i < mmax,

1 if m(t−1)
maskedi = 0,

1 if mi
(t−1) = mmax.

(3.22)
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The probability density of the reverse step, qm

(
m(t−1)

i | m⋆
i ,aaa

⋆
i

)
, is given by

qm

(
m(t−1)

i | m⋆
i ,aaa

⋆
i

)
=



1/2 if m⋆
maskedi > 0 and m⋆

i < mmax,

1 if m⋆
maskedi = 0,

1 if mi
⋆ = mmax,

(3.23)

where m⋆
maskedi is derived from aaa⋆i following equations (3.17) and (3.19). Note that the proba-

bility density of the forward step does not necessarily equal the probability of the reverse step,

see for example figure 3.2, where qm

(
m⋆

i | m
(t−1)
i ,aaa(t−1)

i

)
= 1, but qm

(
m(t−1)

i | m⋆
i ,aaa

⋆
i

)
= 1/2.

Propose a new haplotype count The proposal qa is implemented as follows. For i = 1, . . . I,

the newly proposed haplotype count vector, aaa⋆i , is generated by either adding or subtracting a

haplotype count vector representing a single clone, aaasingle clone, to or from the current haplotype

count vector, aaa(t−1)
i , conditional upon m⋆

i :

aaa⋆i =


aaa(t−1)

i −aaasingle clone, where aaasingle clone ∼M ultinomial
(

1, pppsub
(t−1)
i

)
if m⋆

i = m(t−1)
i −1,

aaa(t−1)
i +aaasingle clone, where aaasingle clone ∼M ultinomial(1, pppaddi) if m⋆

i = m(t−1)
i +1.

(3.24)

The probability vectors pppsub
(t−1)
i and pppaddi are calculated as follows,

pppsub
(t−1)
i =

aaa(t−1)
maskedi

∑
R
r=1 a(t−1)

maskedir

and pppaddi =
aaacompatiblei

∑
R
r=1 acompatibleir

, (3.25)

where aaa(t−1)
maskedi is given by equation (3.19) above. The vector aaacompatiblei is the ith row of the

look up matrix aaacompatible in which the compatibilities of the r = 1, . . . ,R haplotypes with yyyi are
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recorded. For example, for the hypothetical dataset (equation (3.1)),

aaacompatible =



000r=1 100 010 001 110 101 011 111r=8

yyy1 = (w,w,w) 1 0 0 0 0 0 0 0

yyy2 = (w,m,m) 0 0 0 0 0 0 1 0

yyy3 = (h,h,h) 1 1 1 1 1 1 1 1

yyy4 = (w,h,?) 1 0 1 1 0 0 1 0

yyy5 = (w,h,h) 1 0 1 1 0 0 1 0


(3.26)

where ‘1’ denotes compatible and ‘0’ denotes incompatible, and compatibility is defined as

follows. If only wild or mutant type alleles are detected at the jth SNP of the ith sample

(yi j = w or yi j = m, respectively) only allele sequences with wild or mutant type alleles at

the jth SNP are compatible, respectively; whereas if both wild and mutant type alleles are

detected at the jth SNP of the ith sample, or if the datum is missing (yi j = h or yi j = ?), allele

sequences with both wild and mutant types alleles at the jth SNP are compatible. Akin to the

dependence of pppsub
(t−1)
i upon aaamasked

(t−1)
i , the dependence of pppaddi upon aaacompatiblei ensures

the compatibility of aaa⋆i with yyyi.

Note that given any aaa⋆i , m⋆
i , aaa(t−1)

i and m(t−1)
i , we can compute qa

(
aaa⋆i | m⋆

i ,aaa
(t−1)
i ,m(t−1)

i

)
following the multinomial distribution described above (equation (3.24)). That is to say,

qa(aaa⋆i | m⋆
i ,aaa

(t−1)
i ,m(t−1)

i ) =


paddir if m⋆

i = m(t−1)
i +1,

psub
(t−1)
ir if m⋆

i = m(t−1)
i −1,

(3.27)

where the r specifies the rth element corresponding to asingle cloner = 1 (the only element of

aaasingle clone not equal to zero). The probability density of the reverse step, qa

(
aaa(t−1)

i | m(t−1)
i ,aaa⋆i ,m

⋆
i

)
,
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is also governed by equation (3.24), leading to

qa(aaa
(t−1)
i | m(t−1)

i ,aaa⋆i ,m
⋆
i ) =


paddir if m(t−1)

i = m⋆
i +1,

p⋆subir if m(t−1)
i = m⋆

i −1.
(3.28)

Acceptance probability: Having generated m⋆
i and aaa⋆i , the newly proposed parameters are

either rejected, in which case
(

m(t)
i ,aaa(t)i

)
←
(

m(t−1)
i ,aaa(t−1)

i

)
, or accepted with probability,

P
((

aaa(t)i ,m(t)
i

)
← (aaa⋆i ,m

⋆
i )
)
=min

1,
ρ (aaa⋆i ,m

⋆
i | πππ,yyyi)

ρ

(
aaa(t−1)

i ,m(t−1)
i | πππ,yyyi

) q
(

aaa(t−1)
i ,m(t−1)

i | aaa⋆i ,m⋆
i

)
q
(

aaa⋆i ,m
⋆
i | aaa

(t−1)
i ,m(t−1)

i

)
 ,

(3.29)

where

ρ (aaa⋆i ,m
⋆
i | πππ,yyyi)

ρ

(
aaa(t−1)

i ,m(t−1)
i | πππ,yyyi

) =
ρ (aaa⋆i | m⋆

i ,πππ)

ρ

(
aaa(t−1)

i | m(t−1)
i ,πππ

) ρ (m⋆
i )

ρ

(
m(t−1)

i

) , (3.30)

since ∏
J
j=1
{

ρ
(
yi j | aaa⋆i

)}
= ∏

J
j=1

{
ρ

(
yi j | aaa(t−1)

i

)}
= 1 by construction, and

q
(

aaa(t−1)
i ,m(t−1)

i | aaa⋆i ,m⋆
i

)
q
(

aaa⋆i ,m
⋆
i | aaa

(t−1)
i ,m(t−1)

i

) =
qm

(
m(t−1)

i | aaa⋆i ,m⋆
i

)
qm

(
m⋆

i | aaa
(t−1)
i ,m(t−1)

i

) qa

(
aaa(t−1)

i | m(t−1)
i ,aaa⋆i ,m

⋆
i

)
qa

(
aaa⋆i | m⋆

i ,aaa
(t−1)
i ,m(t−1)

i

) . (3.31)

Each term on the right hand sides of equations (3.30) and (3.31) can be computed: ρ (aaa⋆i | m⋆
i ,πππ)

is a multinomial distribution (equation (3.8)), ρ (m⋆
i ) is one of the four prior distributions on the

MOI (equations (3.10) to (3.13)), qm

(
m(t−1)

i | aaa⋆i ,m⋆
i

)
is equal to 1 or 1/2 according to equation

(3.23), qa

(
aaa(t−1)

i | m(t−1)
i ,aaa⋆i ,m

⋆
i

)
is equal to paddir or p⋆subir according to equation (3.28), and

likewise for the terms in the denominators (see, for example, figure 3.2). Note that although

the notation does not make it explicit, the joint proposal (equation 3.16) is parameterised by

yyyi, mmax, HHH and mimin. These values do not feature in the notation, however, because they are

fixed. Also note that there are no tuning parameters in the stage-wise proposals (equations
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(3.17) and (3.24)), hence, under the Gibbs sampler described above, the acceptance rate of the

update cannot be adjusted.

Update the vector of haplotype frequencies:

πππ is updated by sampling from its full conditional distribution with density,

ρ(πππ | aaa(t),mmm(t),yyy) ∝

I

∏
i=1

{
ρ

(
aaa(t)i | m

(t)
i ,πππ

)}
ρ(πππ | ααα),

=
I

∏
i=1

{
M ultinomial

(
aaa(t)i | m

(t)
i ,πππ

)}
D irichlet(πππ | ααα),

= D irichlet

(
πππ | α1 +

I

∑
i=1

a(t)i1 , . . . ,αR +
I

∑
i=1

a(t)iR

)
.

Overview

The sampler is run for T iterations until convergence (see section 3.2.6). To spare computer

memory, we sometimes set a thinning interval, meaning that only traces for each multiple

of the thinning interval are retained. Following the general recommendation of Gelman

et al. [88], we discard the first t = 1, . . . ,T/2 traces as burnin, leaving the MCMC sample,

{πππn,aaan,mmmn}N
n=1, which approximates the joint posterior (equation (3.5)), where N is the size

of the MCMC sample post burnin and thinning. The sample {πππn}N
n=1, which approximates

ρ(πππ | yyy), is obtained by discarding aaan and mmmn from the joint sample, {πππn,aaan,mmmn}N
n=1. Note that

the inverse of the likelihood function (equation (3.6)) maps {0,1} onto w, m or h conditional

on pi j = (aaai ·hhh j)/∑
R
r=1 air. By specifying an initial estimate of aaa(t)i at t = 0 for i = 1, . . . , I, p(t)i j

is also specified for j = 1, . . . ,J, and thus each missing datum is assigned an initial estimate,

ŷ(t)i j . Each time a new set of haplotypes is sampled for t = 1, . . . ,T , new imputed values for the

missing data, ŷ t
i j, are assigned. Imputation in this way assumes that the probability that a datum

is missing does not depend on its value and that the missing mechanism is ‘ignorable’. In other

words, the parameters governing the missingness mechanism (for example, DNA quantity) are
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mi
t-1 = 3 
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* = 4mi*
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ai
* = (0,1,1,1,0,1,0,0)

1

⅛

Forward step

(a) Forward step. At iteration t−1 of the sampler, an individual with sample data yyyi = (h,h,h)
is thought to be infected with m(t−1)

i = 3 clones with haplotypes ‘100’, ‘010’ and ‘001’, hence
aaa(t−1)

i = (0000,1100,1010,1001,0110,0101,0011,0111). The proposal involves the addition of a clone
with probability one (subtraction is prohibited since mmasked

(t−1)
i = 0, see i = 3 equation (3.21)),

hence m⋆
i = 4. All eight haplotypes are compatible with the observed data, hence pppaddi =

(1/8, . . . , 1/8), again see i = 3 equation (3.26)). We propose haplotype ‘101’ (yellow ellipse),
resulting in aaa⋆i = (0000,1100,1010,1001,0110,1101,0011,0111,).

mi
* = 4  

ai
* = (0,1,1,1,0,1,0,0) 

mi
t-1 = 5 mi

t-1 = 3

ait-1
 = (0,1,1,1,0,0,0,0)

½

⅓

Backward step

(b) Backward step. The reversal of the above proposal involves removal of the clone
with haplotype ‘101’ to recover aaa(t−1)

i . Following equations (3.18), (3.19) and (3.25), we
have aaamasked

⋆
i = (0000,1100,000010,1001,0110,1101,0011,0111), mmasked

⋆
i = ∑

R
r=1 amasked

⋆
ir = 3 and

pppsub
⋆
i =

aaamasked
⋆
i/∑

R
r=1 amasked

⋆
ir = (0, 1/3,0, 1/3,0, 1/3,0,0). In other words, the probability of removing

a clone is 1/2 since addition is also possible (we could go down the lefthand branch resulting in
m⋆

i = 5, since mmasked
⋆
i > 0 and mi

⋆ < mmax). We want to go down the righthand branch resulting
in m(t−1)

i = 3. Having chosen to remove a clone, the probability that we remove the clone with
haplotype ‘101’ (the yellow ellipse) is 1/3, since we could also remove the clone with haplotype
‘100’ (darkest blue ellipse) or the clone with haplotype ‘001’ (lightest blue ellipse) without
invalidating the compatibility of the ensuing vector of haplotype counts with the observed data.

Figure 3.2: A schematic of the proposal for the MOIs and haplotype counts. Malaria clones are represented by
ellipses, colour-coded by haplotype (see stacked ellipse legend, subplot 3.2a). Branches with zero probability
are depicted in red. They have zero probability because their outcomes violate compatibility with the observed
data yyyi = (h,h,h). Proposed branches are depicted by solid black lines. Alternative branches, that the proposal
could have but did not take, are depicted by dashed lines. Each proposed branch is labeled by its probability,
P(proposed branch) = 1/number of available branches. The probabilities are equivalent to the terms in the proposal ratio,
qm

(
m(t−1)

i | aaa⋆i ,m⋆
i

)
/qm

(
m⋆

i | aaa
(t−1)
i ,m(t−1)

i

)
× qa

(
aaa(t−1)

i | m(t−1)
i ,aaa⋆i ,m

⋆
i

)
/qa

(
aaa⋆i | m⋆

i ,aaa
(t−1)
i ,m(t−1)

i

)
= 1/2/1× 1/3/1/8.
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not related to the parameters of interest (the frequencies) [132]. This assumption, does not hold

if genotyping fails because of an unanticipated allele. Since sequencing is often used to identify

de novo mutations before genotyping, the ignorable assumption is likely to hold. However, if

the proposed model is used to analyse genotyping data in which failed assay attempts are likely

due to unanticipated alleles, samples with missing data should be discarded.

3.2.5 Simulated data

Data are simulated to enable assessment of model performance. A haplotype frequency vector

is drawn from a uniform Dirichlet distribution. A stated number of blood samples per dataset

are then generated as follows. Unless otherwise stated, for each blood sample, a MOI is drawn

from a non-zero conditioned Poisson distribution with λ = 3. For each blood sample, the

haplotype count vector is drawn from a multinomial distribution with size equal to the MOI and

probability vector equal to the vector of haplotype frequencies. The haplotype frequencies in the

simulated dataset are calculated. Unless otherwise stated, for each blood sample, an observation

is generated assuming 100% detectability using the inverse of the likelihood function (equation

(3.6)).

3.2.6 Convergence

For every run of the sampler, log-posterior and frequency trace plots are visually inspected to

monitor convergence. In addition to habitual visual inspection, a preliminary study to assess

the number of iterations required for convergence is performed using 50 simulated datasets

comprising one to five SNPs and 100 blood samples. For each dataset, the sampler is for 10,000,

20,000 and 50,000 iterations (50×3 = 150 analyses in total). For each analysis, the within and

between sequence variances of three parallel chains, initialised at different initial frequency

vectors, are compared. Initial frequency vectors are generated by setting all but one of the

initial frequencies (selected at random) to 0.02. The remaining frequency is fixed such that the
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frequencies sum to unity. For datasets with only one SNP, one of the chains is initialised from

a frequency vector equal to (0.5, 0.5). Comparison is based on the potential scale reduction

factor (PSRF), a metric of convergence recommended by Gelman et al. [88]. The PSRF is an

indicator of the factor by which the discrepancy in variation might be reduced if the current

chains are continued for an infinite number of iterations. A value close to one supports the

conjecture that the chain has converged. Gelman et al. advise running the chain long enough

such that every PSRF < 1.1, with higher precision for final analyses. The PSRF values reported

in this chapter are calculated for each haplotype frequency according to the equations on pages

303 and 304 of [88]. In total, 50,000 iterations are found to be sufficient, taking approximately

five minutes to analyse a dataset comprising 100 blood samples and five SNPs.

3.2.7 Sensitivity analyses

Model performance is assessed using a series of simulated datasets, investigating the precision

and accuracy of the frequency point estimates as a function of the data. For each dataset,

frequency point estimates are defined by the medians of the MCMC sample. Their 95% credible

intervals range from the 2.5th to the 97.5th percentiles of the MCMC sample. Accuracy is

defined as the absolute error between the point estimate and the true frequency in the simulated

sample, while precision is defined by the standard deviation of the marginal MCMC sample.

Note that this is non-standard counterintuitive (in that lower values correspond to more accurate

and precise estimates), and that both accuracy and precision decrease with the number of SNPs

because the frequency mass is shared over a greater number of haplotypes. We also investigate

the sensitivity of the frequency estimates to missing data, their initial values, the MOI prior

and the assumption of perfect detectability. It is important to note that the tabulated results in

the following section are averaged over the frequency estimates within each analysis, as well

as across the analyses of ten different datasets for each combination of variables investigated.

Doing so accounts for variation in the haplotype frequencies and datasets, but may also mask
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haplotype specific effects. To see how average results translate into specific estimates, for each

dataset we plot the frequency point estimates and their 95% credible intervals (see for example

figure 3.3). Additional details of the specific sensitivity analyses are outlined below.

Precision and accuracy as a function of the data: In total, 150 simulated datasets varying

in both width (one to five SNPs) and height (50, 100 and 1000 blood samples) are analysed and

the average frequency and precision of the point estimates calculated as outlined above. For

comparison, the datasets are also analysed using an approximate method: all blood samples with

one or more heteroallelic SNPs are discarded, leaving a dataset with no discernibly multiclonal

blood samples from which frequencies could be directly calculated using proportions. The

frequencies of any unobserved sequences are set to zero to ensure accuracy is averaged over

the same number of haplotypes as under the model.

The sensitivity of the frequency point estimates to missing data: From each of the 50

datasets used to assess convergence (section 3.2.6) data are erased from 0, 25, 50 and 75 of

the blood samples selected at random. The number of genotyping outcomes erased per blood

sample is selected at random, so too are the outcomes erased. Given each level of erosion, the

datasets are analysed twice: first opting to impute missing data and second opting to discard

blood samples with incomplete data.

The sensitivity of the frequency point estimates to their initial values: Each of the 50

datasets used to assess convergence (section 3.2.6) are reanalysed. For datasets with only one

SNP, results generated post running three parallel chains with initial frequency vectors equal

to (0.02, 0.98), (0.08, 0.98) and (0.5, 0.5) are compared. For datasets with two to five SNPs,

results from five different chains are compared. The initial frequency vectors are selected at

random from a set of frequency vectors containing a vector of uniform frequencies and all

vectors generated by setting all but one of the frequencies to 0.02.
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The sensitivity of the frequency point estimates to the MOI prior specification: Each

of the 50 datasets used to assess convergence (section 3.2.6) are reanalysed another three

times: first incorrectly assuming the distribution over the MOI is uniform; second, incorrectly

assuming it is a truncated negative binomial (with λ = 3 and φ = 0.5); and third, incorrectly

assuming it is truncated geometric (with λ = 3). The same 50 datasets are further reanalysed

twice, this time correctly assuming a Poisson prior, but with λ = 1, and then λ = 5, instead of

λ = 3.

The sensitivity of frequency point estimates to the assumption that all clones are detected

equally: For one to five SNPs, ten cohorts of 100 blood samples are generated as outlined

above (section 3.2.5) but with parameter λ equal to one, three, five and seven. Observations

are then calculated: first assuming 100% detectability; second, assuming 90% detectability

(minority alleles that contributed less than 10% to a given SNP are ignored); and finally

assuming 70% detectability (minority alleles that contributed less than 30% to a given SNP

are ignored). All the datasets (5× 10× 4× 3 = 600 in total) are analysed assuming 100%

detectability.

3.3 Results

Precision and accuracy as a function of the data: As one would hope from a valid model

and functioning sampler, for a given number of SNPs, precision and accuracy increase with

the number of samples in the dataset (table 3.3). Importantly, for any given dataset, the

accuracies of the estimates generated under the statistical model are superior to those generated

by discarding multiclonal samples (table 3.3).

The sensitivity of the frequency point estimates to missing data: Unsurprisingly, for a

given number of SNPs, the impact of missing data on the mean accuracy and precision of
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Number of SNPs Number of blood samples
Statistical model Approximate method

Precision Accuracy Accuracy

50 0.034 0.015 0.075
1 100 0.027 0.016 0.101

1000 0.010 0.006 0.083

50 0.038 0.022 0.092
2 100 0.034 0.022 0.058

1000 0.011 0.007 0.046

50 0.039 0.035 0.074
3 100 0.029 0.022 0.047

1000 0.010 0.007 0.026

50 0.032 0.024 0.053
4 100 0.024 0.017 0.040

1000 0.008 0.007 0.014

50 0.021 0.017 0.040
5 100 0.017 0.013 0.028

1000 0.007 0.006 0.010

Table 3.3: Precision and accuracy as a function of the width (number of SNPs) and height (number of samples) of
the simulated datasets. Lower values are indicative of higher accuracy and precision. Note that due to the way
accuracy and precision are defined (see the introductory paragraph to section 3.2.7), neither accuracy nor precision
is comparable across different numbers of SNPs.
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Accuracy Number of blood samples with incomplete data

Number of SNPs 0 25 50 75

1 0.16 0.20 (0.20) 0.34 (0.33) 0.42 (0.43)
2 0.23 0.28 (0.28) 0.32 (0.33) 0.40 (0.42)
3 0.23 0.26 (0.26) 0.24 (0.28) 0.37 (0.46)
4 0.17 0.20 (0.20) 0.22 (0.25) 0.31 (0.30)
5 0.13 0.14 (0.15) 0.15 (0.16) 0.17 (0.19)

Table 3.4: The impact of incomplete data upon the mean accuracy of the frequency estimates. Lower values
indicate higher accuracy. For those datasets with missing data, the mean accuracy obtained from analyses based
on only the blood samples with complete data are included in parentheses.

Precision Number of blood samples with incomplete data

Number of SNPs 0 25 50 75

1 0.27 0.31 (0.31) 0.38 (0.38) 0.54 (0.54)
2 0.35 0.39 (0.40) 0.42 (0.45) 0.54 (0.64)
3 0.29 0.32 (0.33) 0.36 (0.39) 0.45 (0.53)
4 0.24 0.26 (0.27) 0.29 (0.31) 0.33 (0.38)
5 0.17 0.18 (0.18) 0.19 (0.20) 0.21 (0.23)

Table 3.5: The impact of incomplete data upon the mean precision of the frequency estimates. Lower values
indicate higher precision. For datasets with missing data, the mean precision obtained from analyses based on
only the blood samples with complete data are included in parentheses.

the frequency point estimates is unfavourable (compare column two with columns three, four

and five, tables 3.4 and 3.5, respectively). However, in general, estimates are more accurate

and precise upon imputation (compare the numbers within and outside the parenthesis). In

summary, imputation enables use of all available data, whereas, for datasets with two or more

SNPs, partial data are squandered when blood samples with incomplete data are discarded.

The sensitivity of the frequency point estimates to their initial values: Frequency point

estimates are robust to their initial values. The mean difference between estimates obtained

from chains initiated at different values is < 0.01, while the maximum is 0.02 (haplotype 00000,

dataset B, figure 3.3).
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Figure 3.3: The sensitivity of a frequency point estimate to different initial values. The plot shows frequency
point estimates (dots) with 95% credible intervals (vertical lines) for the haplotype with the allele sequence 00000,
generated by five chains (five different colours) initiated at a different initial frequency vectors) for ten different
datasets (A–J). For each dataset, the frequency of the haplotype with the allele sequence 00000 in the simulated
sample is depicted by a black horizontal bar.

The sensitivity of the frequency point estimates to the MOI prior distribution: Unsur-

prisingly, the model with the correctly specified Poisson distribution over the MOI gives rise

to the most accurate haplotype frequencies on average (table 3.6). At the level of the individ-

ual point estimates, the differences between estimates generated under the uniform, Poisson

and negative binomial distributions are relatively small and the prior had little to no effect

on precision (for example, see figure 3.4). Likewise, on average, the correct λ parameter

specification gives rise to the most accurate frequency estimates (table 3.7). The detrimental

effect of overestimating λ appears to be slightly less than that of underestimating it, but the

range tested is small. In fact, it seems that no λ specification is preferable to misspecification

(compare values in columns three and four of table 3.7 to values under the uniform prior in

table 3.6). Overestimation has a spuriously favourable effect on precision, probably because

overestimation augmented the number of clones per blood sample, thus leading to a greater

number of haplotype assignments on which to base the haplotype frequencies. Sensitivity of

the model to the parameter λ motivates the repeat analysis of field data, each time varying λ in

order to establish the sensitivity of the results (for example, see section 4.2.3). Based on the

accuracy when λ is unspecified compared with misspecified, if the a priori average MOI is

unknown, a uniform prior is to be worth investigating.
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Number of SNPs
MOI prior distribution

Uniform Poisson N. Binomial Geometric

1 0.051 0.016 0.016 0.024
2 0.032 0.023 0.027 0.028
3 0.027 0.022 0.023 0.023
4 0.017 0.018 0.017 0.018
5 0.013 0.013 0.013 0.013

Table 3.6: The impact of MOI prior misspecification on the mean accuracy of the frequency estimates. All data
are generated under a model with a MOI Poisson prior with λ = 3. Note that N. Binomial refers to a negative
binomial distribution. Lower values (highlighted in bold) indicate higher accuracy.
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Figure 3.4: The impact of MOI prior misspecification on the frequency estimates of a single haplotype. The plot
shows frequency point estimates (dots) and their 95% credible intervals (vertical lines) for the haplotype with
allele sequence 11, colour-coded by the MOI prior distribution, across ten different datasets (A–J). The frequency
in the simulated data set is denoted by the black horizontal bar. Note that N. Binomial refers to a negative binomial
distribution. The data are simulated under the Poisson prior.
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Number of SNPs
MOI prior parameter λ

Correct (λ = 3) Underestimate (λ = 1) Overestimate (λ = 5)

1 0.016 0.060 0.058
2 0.023 0.044 0.032
3 0.023 0.028 0.026
4 0.017 0.021 0.017
5 0.013 0.014 0.013

Table 3.7: The impact of the MOI prior parameter misspecification on the mean accuracy of the frequency
estimates. Lower values indicate higher accuracy.

The sensitivity of frequency point estimates to the assumption that all clones are detected

equally: Estimates are robust to suboptimal detectability when data are generated using MOI

parameter, λ , of one or three (for example see figure 3.5). For data generated using λ ≥ 5,

estimates are robust to 90% detectability, but the accuracy decreases when the detectability

drops to 70%, (figure 3.5). Unsurprisingly, the detrimental effect of suboptimal detectability

has more impact upon datasets generated under a comparatively large MOI parameter, λ , since

blood samples with a large number of clones are more likely to qualify as blood samples

in which alleles might be in a minority. Suboptimal detectability appears to have a small

spuriously positive effect on precision, seemingly due to the relative decline in the number of

heteroallelic alleles. Suboptimal detectability primarily affects datasets comprised of three or

fewer SNPs (table 3.8). In addition to the method used to define accuracy (see introductory

paragraph to section 3.2.7), this may, in part, be due to the method used to generate the data,

explained as follows. The data are generated using a frequency vector drawn from a uniform

Dirichlet distribution. Since the number of possible haplotypes increases exponentially with the

number of SNPs, haplotypes frequencies tend to be more uniform in datasets comprised of four

or more SNPs. Since the likelihood that a single SNP is dominated by a single allele is smaller

in a dataset comprising a large number of haplotypes over which mass is evenly distributed,

suboptimal detectability primarily affects datasets comprised of three or fewer SNPs, especially
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Number of SNPs MOI parameter, λ
Limit of detection

100% 90% 70%

1

1 0.011 0.011 0.012
3 0.015 0.015 0.051
5 0.012 0.012 0.107
7 0.033 0.029 0.160

2

1 0.017 0.017 0.017
3 0.018 0.018 0.041
5 0.028 0.028 0.081
7 0.035 0.031 0.123

3

1 0.011 0.011 0.011
3 0.019 0.019 0.025
5 0.028 0.025 0.049
7 0.039 0.04 0.065

4

1 0.010 0.010 0.010
3 0.016 0.016 0.017
5 0.023 0.023 0.028
7 0.033 0.033 0.031

5

1 0.009 0.009 0.009
3 0.013 0.014 0.014
5 0.017 0.017 0.016
7 0.019 0.019 0.018

Table 3.8: The impact of suboptimal detectability on the accuracy of the frequency estimates. For one to five
SNPs, ten datasets are generated given detectability equal to 100%, 90% and 70%. The datasets are analysed
assuming optimal detectability (100%). Lower values indicate higher accuracy.

when mass is unevenly distributed (for example, see the estimate for haplotype 010, cohort 26,

λ = 5, figure 3.5).

3.4 Discussion

In this chapter, we present a statistical model designed to estimate population-level frequencies

of P. falciparum allele and multi-SNP haplotype and genotype frequencies using prevalence

data from malaria endemic regions where multiclonal infections are commonplace. Multiclonal
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Figure 3.5: The impact of suboptimal detectability on the frequency estimates for a single haplotype with allele
sequence 010. The plot shows haplotype frequency estimates (points) and their 95% credible intervals (vertical
lines), given suboptimal detectability. Ten cohorts of one hundred infected blood samples are generated per
specified MOI parameter, λ (40 cohorts in total: 1–10, λ = 1; 11–20, λ = 3; 21–30, λ = 5; 31–40, λ = 7). To
enable comparison between results given different limits of detectability, three datasets are generated per cohort:
one given 100% detectability (blue), another given 90% detectability (pink), and another given 70% detectability
(orange). Each of the three datasets generated from a common cohort have the same frequencies in the simulated
datasets (black horizontal bar), since the haplotypes in the infected blood samples remained the same despite
changing the detectability. The datasets are all analysed assuming 100% detectability.
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infections hamper the genetic surveillance of antimalarial resistance. The model is designed

to overcome the problems associated with multiclonal infections. Its application generates

comparable frequency estimates, allowing markers of resistance to be tracked in malaria

endemic regions, yielding important information on the dynamics of resistance.

Importantly, the model does not require measurements of the sample-wise MOIs. Instead,

it uses an a priori estimate of the average MOI (based on auxiliary data where available), an

initial estimate of the vector of haplotype frequencies, and all available prevalence data to infer

the haplotypes of the unobserved clones within individual blood samples. The initial frequency

estimates are then revised based on clonal assignments. The implementation algorithm cycles

over the aforementioned steps thousands of times until convergence. Application of the model

reconstructs haplotypes within samples, provides a consistent method of frequency estimation,

and avoids the loss of information that results from the usual adjustments made for multiclonal

blood samples and unsuccessful genotyping outcomes.

To assess the impact of various model choices a suite of sensitivity analyses is performed

using simulated data. The simulation study demonstrates that the frequencies estimated using

the model are more accurate than estimates based on simply calculating proportions after

discarding discernibly multiclonal blood samples. The model is robust to changes in the initial

frequency estimates, but sensitive to deviations in the prior on the MOI. In light of these results,

we recommend an investigation to find the MOI prior distribution that provides the best fit to

the data (see section A.2 for an example), followed by repeat analyses of the data, each time

varying the MOI prior parameter value within a reasonable range (such as the limits of its 95%

confidence interval), to establish the sensitivity of the results to its value (see section 4.2.3 in

the following chapter).

A number of simplifying assumptions are made in the construction of the model; they are

listed below. As with any model, it is important to note that although the assumptions are likely

to be violated in practice, the model may still be useful, as famously remarked upon by George
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Box [31]. The assumptions include

1. blood samples are independently distributed;

2. clones are independently distributed (for example, the probability of being infected with

two clones with allelic sequences ‘000’ and ‘011’ is π000×π011);

3. perfect detection (for example, if a person is infected with ten clones, nine of which are

characterised by ‘000’ and one by ‘100’, the mutant allele is detected);

4. alleles are error-free (for example ‘0’ is correctly identified as ‘0’ and not as ‘1’).

The first two assumptions are common to all of the existing statistical methods of P. falciparum

haplotype frequency estimation [102, 224, 129, 95, 276, 125], while more realistic assumptions

regarding detectability and SNP miscalls are incorporated into alternative models ([95] and

[276], respectively). We now discuss each assumption in turn.

Depending on the study design, the assumption of independence between samples is a valid

one. For example, blood samples surveyed in a cross sectional study (such as [22]) should be

independent. On the contrary, repeat sampling from the same child (for an example, see [51])

might lead to dependence. In chapter 4, we analyse the data from [51] under the assumption of

independence. In chapter 5, we relax the assumption by adding an extension to our model.

The assumption that clones are independent depends on the manner in which multiclonal

infections are acquired. An individual infected with clones obtained from multiple successive

bites in a high transmission setting is likely to harbour independent clones, whereas the

assumption is unlikely to hold for a person infected with multiple clones following a single

inoculation from a mosquito harbouring a multiclonal infection [102]. Since both mechanisms

are likely to occur, especially in high transmission settings, the assumption that clones are

independently distributed is questionable. Reasons as to why the assumption might not harm

inference are discussed in length by Hill and Babiker [102]. Perhaps the most compelling

argument put forward by Hill and Babiker is the agreement between the experimentally-derived

within-vector diversity (based on diploid oocysts from dissected mosquitoes collected in
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the same village as the prevalence data), and the within-host diversity estimated under the

assumption of independence. We agree with Hill and Babiker that the assumption is tenuous

but pragmatic, noting (as do they) that there is not enough information in the data to support

a model that distinguishes between inoculation with recombinant and independent clones

[102]. In addition, we note that dependence between haplotypes will unlikely harm average

estimates, since correlation typically leads to over-dispersed but unbiased realisations (see

binomial example in [84]).

The validity of the assumption that all SNPs are correctly identified depends on the tech-

nology used to generate the data and differs for different SNPs. For example, concordances

between calls based on microarray technology and calls based on RFLP analyses ranging from

63.9% (for pdfhfr-51) to 100% (for pfmdr1-86 and pfdhps-581) have been reported [145]. The

model by Wigger et al., includes an error probability term, which is fixed and equal for all SNPs

[276] (see chapter 2 for a full description). Based on simulated data, Wigger et al. conclude that

the error model is beneficial if the miscall rate exceeds 1–2%. Following Wigger et al., it would

be interesting to incorporate an error term into our model to account for miscalled SNPs. It is

noted, however, that when analysing microarray data from the field (in which the probability of

an error is thought to be 0.05 based on SNP-wise comparison with RFLP base calls [145]), the

frequency estimates are statistically indifferent unless a large number of samples (> 500) are

analysed [276]. If a large number of samples are analysed, omission of a fixed random error

is likely to cause the model to overfit noise, hence underestimate dominant frequencies and

overestimate rare frequencies [276]. A simple way to avoid overfitting noise without adding an

error term, is to analyse the data twice, setting rare frequencies to zero in the second analysis

[276].

The assumption that all clones in the blood sample are perfectly detected is almost certainly

violated, especially when analysing data generated by PCR based methods [96]. Detection

limits are thought to range between 80% and 99% [133, 113, 114, 58]. To assess the impact
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of this assumption, simulated data are generated under imperfect detectability. Our model is

robust to imperfect detection, providing the MOI prior parameter, λ , is less than or equal to

three, or the limit of detectability is 90% or more.

Further to the problem of imperfect detection, is the fact that the blood sample itself might

not contain a representative sample of the infection. This might occur because of low parasite

numbers and/or because P. falciparum infections undergo complex cycles of sequestration

[77]. Even when imperfect detection due to experimental procedures is taken into account

(see [95], for example), what actually is estimated is the proportion of accessible parasite

clones among the within-host parasite population. However, if the parameters of sequestration

are independent to the frequencies of interest, which we assume they are, the inaccessible

clones are ignorable and the estimates based on the accessible clones should be accurate; that

is to say, collectively, the blood samples should equitably represent the host-infecting parasite

population.

Following Hastings et al. [95, 96], we define frequency in terms of parasite clones (recall

that, following convention, we use the word clone to denote a collection of genetically identical

parasites). Alternatively, one could define frequency in terms of the proportion of parasites.

In fact, one could see the former definition as an approximation of the latter, assuming clones

represent populations of equal size. Unfortunately, there is not enough information in prevalence

data to support a model that accommodates estimates in terms of biomass. Hence, all models

that generate P. falciparum allele, haplotype and genotype frequencies based on prevalence

data either define frequency in terms of parasite clones, or assume clones represent clones of

equal size [39, 102, 224, 129, 95, 276, 125, 223].

As outlined in the introduction, several differences set our model apart from existing

methods of P. falciparum allele, haplotype and genotype estimation using prevalence data. In

contrast to preceding methods, the model presented here is able to analyse prevalence data

for more than three SNPs, using all available data, including those that are incomplete due
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to unsuccessful genotyping assays, without reliance upon experimentally-derived estimates

of the sample-wise MOI, within a Bayesian framework, thus providing a readily extendable

framework in which uncertainty is captured in a straightforward yet comprehensive manner.

However, superior assumptions regarding detectability and experimental error are incorporated

into alternative models [95, 276] (see above). It is especially important to take into account

the suboptimal detectability of minority clones, addressed by Hastings et al. [95], when the

experimentally-derived MOI estimates are regarded as fixed [96]. The latter is not the case in

the current model (patient-level MOIs are treated as unobserved random variables), perhaps

explaining why our model is comparatively robust to imperfect detectability.

In summary, genetic monitoring of P. falciparum plays an important role in the timely

surveillance of antimalarial drug resistance. However, multiclonal infections present an analytic

challenge, especially in areas of high transmission. We provide a full description of a model

designed to overcome the challenge of multiclonal infections and estimate the frequencies of P.

falciparum allele, multi-SNP haplotypes and genotypes. Its validity is demonstrated using a

suite of sensitivity analyses, while its utility is demonstrated elsewhere using prevalence data

for markers of resistance to SP [248]. Its applicability, however, extends beyond markers of SP

resistance, as demonstrated in the following chapter. To the best of our knowledge, this is the

first model that combines rapid analysis of three or more SNPs, using all available data without

reliance upon measurements of the MOI in individual blood samples.





Chapter 4

Frequency trends in Uganda

4.1 Background

Artemether-lumefantrine (AL) is the recommended first-line treatment for uncomplicated

malaria in Uganda, the country estimated to have the fourth highest burden of malaria in the

world [290]. National first-line treatment policy switched to AL in 2004 [139], following poor

efficacy of the preceding first-line treatment, CQ plus SP (CQ+SP) [234, 301]. The policy was

not launched until 2006, however, and its implementation was thwarted by frequent AL stock

outs, low public confidence and prohibitively high private sector costs [172]. Efforts to increase

coverage have improved uptake in recent years [302].

AL is an ACT, comprising artemether, a fast acting artemisinin derivative, and lumefantrine,

a slower acting partner drug [89]. Resistance to artemisinin has been reported in Southeast Asia,

but not yet in Africa [288]. Concordantly, the efficacy of AL is high in Uganda [250, 266, 116].

That said, a recent study by Yeka et al. reports that, in contrast to previous findings, the rate of

recurrent infections following treatment with AL is now higher than that after treatment with

artesunate-amodiaquine (AS/AQ) [303], possibly reflecting decreased parasite sensitivity to

lumefantrine. Effective surveillance of both artemisinin and partner-drug resistance is therefore

critical to ensure the provision of efficacious treatment in Uganda, and has been heralded as a
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mainstay of malaria control in the country [244].

Definitive markers of lumefantrine resistance are yet to be identified. High-level, but unsta-

ble resistance following selection in vitro has been associated with the differential expression of

many genes, while markers of reduced sensitivity identified in field isolates include nSNPs in

the genes pfmdr1 and pfcrt [163]. More precisely, wild type amino acid residues PfMDR1:N86

and PfCRT:K76 have been associated with decreased sensitivity to lumefantrine, contrarily to

the mutant type amino acid residues associated with reduced sensitivity to CQ, PfMDR1:86Y

and PfCRT:76T [162]. (Note that throughout this thesis a bold font is used to distinguish amino

acids encoded for by mutant type alleles.) Observations in vivo also attest to PfMDR1 and

PfCRT markers of decreased sensitivity to lumefantrine. A recent study in Uganda by Conrad

et al., for example, reported an increase in wild type markers PfMDR1:N86, PfMDR1:184F,

PfMDR1:D1246 and PfMDR1:K76 following treatment with AL, similar to observations re-

ported elsewhere in Africa (see [51], and references therein). In addition, Conrad et al. report a

yearly decrease in the prevalence and frequency of PfMRP1:I876 associated with AL, while a

study in Tanzania found AL selected for PfMRP1:I876 [56],

Numerous studies have reported trends in the prevalence of PfMDR1 and PfCRT markers

in Uganda [298]. Most recently, Mbogo et al. published a study summarising trends based

on prevalence data collected between 2003–2012 in Tororo [149], a region of very high

transmission intensity [302]. A gradual increase in the prevalence of several markers including

PfMDR1:N86, PfMDR1:184F and PfMDR1:D1264 was observed, as well as a sudden increase

in PfCRT:K76 in 2012, consistent with national treatment policy switching from CQ to AL.

The trends are also consistent with yearly trends reported previously by Conrad et al. [51], and

are based, in part, on the same data.

Conrad et al. [51] reported changes in the prevalence and frequency of single alleles using

data collected from a longitudinal trial of AL versus dihydroartemisinin-piperaquine (DP) in

Tororo [15, 266]. Like AL, DP is an ACT and has been shown to be highly efficacious in
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Uganda [250, 266]. The DP partner drug, piperaquine, has a longer half-life than lumefantrine

(estimates range from 23–80 days for piperaquine and 3–5 days for lumefantrine[89]), which

protects against recurrent infection [250, 266]. Definitive markers of piperaquine resistance

have yet to be identified [42]. Resistance following selection in vitro has been associated

with copy number variations on chromosome five, as well as a previously unreported amino

acid change, PfCRT:C101F [68]. Reduced sensitivity to piperaquine based on field isolates

analysed in vitro has been associated with parasites characterised by PfCRT:76T [161], with

a novel PfCRT amino acid change, PfCRT:C350R [196], and in regions where parasites with

multiple pfmdr1 copies abound, with clones that carry a single copy of pfmdr1 [42]. Conrad

et al. observed a positive correlation between immediacy since last treatment with DP and

PfMDR1:86Y, PfMDR1:Y184, PfMDR1:1246Y and PfCRT:76T, opposite to trends following

treatment with AL [51]. The inverse trends associated with immediacy since last treatment

with AL and DP seem to explain why yearly trends consistent with national AL policy are less

marked in the DP arm of the study.

In the study by Conrad et al., single nSNPs are analysed separately since there is a high

proportion of heteroallelic genotyping outcomes, precluding haplotype assignment [51]. Single

SNP analyses overlook important synergistic effects between alleles on the same genome. The

aim of this chapter is to build upon the study by Conrad et al. [51], by investigating changes in

the frequencies of haplotypes, rather than single alleles, thereby enhancing our understanding

of resistance. To this end, we seek to estimate frequencies using the model introduced in

chapter 3, and further investigate any frequencies displaying notable trends. To the best of our

knowledge, this is the first study to characterise trends in P. falciparum haplotype frequencies

in Uganda.

The outline of this chapter is as follows. The following section includes a brief description

of the previously published data (subsection 4.2.1), a description of how the data are partitioned

in order to estimate frequencies (subsection 4.2.1), an outline of the study-specific details
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regarding frequency estimation under the previously described model (subsection 4.2.3) and a

description of the regression model (subsection 4.2.4). In the results section, we focus first on

the frequency estimates (subsection 4.3.1) and then on the results of the regression (subsection

4.3.3). The results are discussed in (subsection 4.4).

4.2 Methods

4.2.1 Previously published data

In this chapter, haplotype frequencies are estimated using previously published prevalence data

[51], which also feature in [149]. The data are derived from P. falciparum positive filter paper

blood spots collected between 2007–2012 from a cohort of children enrolled in a longitudinal

trial of AL versus DP in Tororo, Uganda [15, 266]. In total, 312 children, aged between 4

and 12 months, were randomised to either AL or DP when first diagnosed with uncomplicated

malaria. They were followed for five years and treated according to their initial randomisation

for all episodes of uncomplicated malaria. A subset of episodes was selected (as described

below) for genetic analysis, leading to a total of 291 children contributing one or more samples.

To illustrate this sampling framework, for each child, the selected episodes are plotted with

respect to time and colour-coded by drug arm (figure 4.1). Since only the episodes selected

for genetic analysis are plotted, the number of days since prior treatment (hence episode) is

indicated by the saturation of the coloured points, which decreases with time (catgorised by

days), as does residual drug pressure. The subset of episodes was selected as follows. Of the

312 episodes of uncomplicated malaria first diagnosed, 50 were randomly selected from each

drug arm for baseline genetic analysis (crosses, figure 4.1). To generate longitudinal data, 50

episodes per quarter from January 2008 to December 2012 were randomly selected from each

drug arm (in the final quarter of 2012 there are only 39 episodes in DP arm, hence all were

selected), amounting to 1889 longitudinal episodes (coloured circles, figure 4.1), each preceded
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by at least one prior episode 4 or more days ago. Of the 1889 episodes, 17 were treated with

quinine due to either treatment failure or severe malaria (black dots, figure 4.1). To generate

data, a blood spot was collected from each of 100 baseline, plus 1889 longitudinal, episodes

selected for genetic analysis. P. falciparum DNA was extracted from each and genotyped at

eight nSNPs in codons 86, 184, 1034, 1042 and 1246 in pfmdr1, codons 876 and 1466 in

pfmrp1, and codon 76 in pfcrt. Genotyping outcomes were classified as either pure wild type

if only wild type alleles are detected, pure mutant type if only wild type alleles are detected,

heteroallelic if both wild and mutant type alleles are detected, or missing if the assay failed.

The outcomes for all 1989 samples are depicted in figure 4.2. Successful outcomes at codons

1034 and 1042 in pfmdr1 are exclusively pure wild type (figure 4.2) hence do not feature in

this chapter hereafter. To estimate the MOI, Conrad et al. also genotyped ten blood spots per

quarter, per drug arm (plus 11 baseline blood spots upon request) at pfmsp1 and pfmsp2 [51].

Per sample MOI estimates were defined as the maximum number of alleles at either gene. They

range from 1 to 7 (see figure A.1 in section A.1).

4.2.2 Partitioning the data

To estimate baseline frequencies and investigate the impact of drug pressure upon pfcrt allele

and pfmdr1 and pfmrp1 haplotype frequencies in different drug arms, the data (figure 4.2)

are partitioned as follows. First the data are separated by gene (panel A, figure 4.3) and the

data from nSNPs in codons pfmdr1-1034 and pfmdr1-1042 are removed. Data derived from

baseline samples are then set apart from the data derived from longitudinal samples (panel

B, figure 4.3). Data obtained from children randomised to the DP arm are separated from

those derived from children randomised to AL arm (panel C, figure 4.3). To investigate yearly
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Date

2008 2009 2010 2011 2012

Baseline AL
Quinine
4−28 days AL
29−42 days AL
43−56 days AL
57−70 days AL
>70 days AL

Baseline DP
Quinine
4−28 days DP
29−42 days DP
43−56 days DP
57−70 days DP
>70 days DP

Figure 4.1: A graphical summary of the malaria episodes selected for genetic analysis. The plot shows 1989 of
5564 malaria episodes selected for genetic analysis over the course of a clinical trial [51, 266]. A single blood
sample is collected per malaria episode. In total, samples are obtained from 291 children, 259 of whom provided
two or more samples. Green horizontal lines represent children randomised to the AL drug arm who provided two
or more samples. Blue horizontal lines represent children randomised to the DP drug arm who provided two or
more samples. Malaria episodes are plotted with respect to time on the horizontal axis. Vertical lines delineate
years. The episodes are either categorised as episodes treated with quinine, either because of treatment failure or
severe malaria (black dots); baseline episodes, for which no prior treatment is given (crosses); or longitudinal
episodes (episodes following one or more episodes in the same child). Longitudinal episodes are colour coded by
drug arm (DP blue, AL green), and by days since last treatment (saturation of the coloured points — see legend).
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Figure 4.2: A graphical representation of the
prevalence data. The coloured grid shows
genotyping outcomes for 1989 samples geno-
typed at eight nSNPs. The data for each sam-
ple are stored on the rows (one row per sample).
The outcomes for each nSNP genotyped are
stored in the columns (one column per nSNP).
For a given sample and nSNP, blue represents
the detection of wild type alleles only, grey
represents the detection of mutant alleles only,
black represents the detection of both wild and
mutant type alleles, and white represents miss-
ing data due to a failed assay.

changes in haplotype frequencies, longitudinal data are grouped by year (panel D, figure 4.3).

To investigate changes in haplotype frequencies associated with immediacy since treatment,

longitudinal data are categorised by the number of days since last treatment (panel E, figure 4.3).

In total, partitioning results in 66 subdivisions of the data: 6 corresponding to baseline samples

(coloured endpoints, panel C, figure 4.3), each comprising 50 samples; and 60 corresponding

to longitudinal samples (coloured endpoints, panels E and D, figure 4.3), comprising different

numbers of samples depending on the division (table 4.1). Data derived from episodes treated

with quinine (black dots, figure 4.1) are included in both yearly subdivisions and subdivisions

partitioned by days since last treatment. In hindsight, data points associated with quinine

should have been discarded since they do not exert the same drug pressure as DP or AL. Their

inclusion is unlikely to bias the results, however, since they constitute < 1% of the longitudinal

episodes.
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pfmdr1 86,	184,	1246

Baseline
DP
AL

Longitudinal	

DP

2008 4	- 28
2009 29	- 42
2010 43	- 56
2011 57	- 70
2012 >	70

AL

2008 4	- 28
2009 29	- 42
2010 43	- 56
2011 57	- 70
2012 >	70

pfmrp1 876,	1466

Baseline
DP
AL

Longitudinal	

DP

2008 4	- 28
2009 29	- 42
2010 43	- 56
2011 57	- 70
2012 >	70

AL

2008 4	- 28
2009 29	- 42
2010 43	- 56
2011 57	- 70
2012 >	70

pfcrt 76

Baseline
DP
AL	

Longitudinal

DP

2008 4	- 28
2009 29	- 42
2010 43	- 56
2011 57	- 70
2012 >	70

AL

2008 4	- 28
2009 29	- 42
2010 43	- 56
2011 57	- 70
2012 >	70

Figure 4.3: A schematic summarising how the prevalence data are partitioned. Panel A, the marker data are
separated by gene. Panel B, data from baseline and longitudinal samples are separated. Panel C, samples are
segregated by drug arm. Panel D, longitudinal samples are categorised by year (2008–2012). Panel E, longitudinal
samples are categorised by days since last treatment (>70, 57–70, 43–56, 29–42 and 4–28 days). In total, the 66
colour-coded subdivisions (panels C, D and E) are analysed separately using the haplotype frequency estimation
model (section 3.2.3).
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Drug arm
Days since last treatment

>70 57–70 43–56 29–42 4–28
DP 252 163 310 181 33
AL 200 79 150 236 285

Drug arm
Year

2008 2009 2010 2011 2012
DP 200 200 200 200 139
AL 200 200 200 200 150

Table 4.1: Numbers of blood samples in data subdivisions based on days since last treatment and year.

4.2.3 Estimating frequencies

Vectors of pfcrt allele frequencies encoding amino acid residues πππPfCRT = (πK,πT), and vectors

of pfmrp1 and pfmdr1 haplotype frequencies encoding amino acid sequences,

πππPfMRP1 = (πIK,πIR,πVK,πVR) and

πππPfMDR1 = (πYYD,πYFD,πYYY,πYFY,πNYD,πNFD,πNYY,πNFY,) ,

respectively, are estimated using the haplotype frequency estimation model (equation (3.5)),

described previously (chapter 3). In estimating frequencies under the aforesaid model, the

simplifying assumption that all malaria episodes within a given subdivision are independent

is made. In other words, structure due to repeat infections from multiple children is ignored.

Note that the impact of this assumption is explored in chapter 5. The model is fit to each of the

66 subdivisions of the data (coloured end points, panels C, D and E, figure 4.3) in turn. The

data are analysed using a truncated geometric prior on the MOI (equation (3.12)). The choice

of prior is based on a study of auxiliary MOI data (see section A.2). The minimum MOI is

two if the sample-wise data are discernibly multiclonal (included one or more heteroallelic

genotyping outcomes) and one otherwise. The maximum MOI is eight, based on auxiliary

data (figure A.1). The MOI prior parameter, λ , is equal to the mean of the auxiliary MOI data

(2.94).
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To assess the sensitivity of the results to λ , the data are reanalysed as follows using values

derived from the study of the auxiliary MOI data (section A.1). All 60 longitudinal subdivisions

are reanalysed with λ = 2.80 and 3.08 (the lower and upper bounds of the 95% confidence

interval of the overall mean, 2.94). Yearly subdivisions are further reanalysed with λ equal

to the yearly average MOIs per drug arm (table A.1), while baseline subdivisions are further

reanalysed using the baseline mean (3.30) and the bounds of the 95% confidence interval on

the baseline mean (2.62–3.98).

The model is implemented using the previously described Gibbs sampler (section 3.2.4).

The sampler is initialised by a uniform frequency vector. Initial haplotype count vectors and

MOIs are drawn from their respective priors (equations (3.8) and (3.12), respectively). Missing

data (white cells, figure 4.2) are imputed. The sampler is run for 50,000 iterations, found to

be sufficient for convergence1, with thinning interval equal to 10. Each run of the sampler

generates a MCMC sample of frequency vectors. The first 40% are discarded as burnin. For a

given subdivision of data, yyy, the MCMC sample post thinning and removal of burnin, {πππn}3000
n=1 ,

approximates the posterior with density ρ(πππ | yyy). For each of the 66 subdivisions, the marginal

posterior density estimates generated under the model with λ = 2.94 are plotted (figures 4.4

to 4.7). The significance of differences between marginal density estimates is based on a

comparison of the 2.5th to 97.5th percentile intervals: if the intervals do not overlap, the

marginal posterior density estimates are deemed significantly different from one another at the

5% level.

4.2.4 Fitting a regression model to estimated frequencies

Notable trends are observed for pfmdr1 haplotypes encoding YYD, YYY, NYD and NFD (fig-

ures 4.7a to 4.7p). To further investigate pfmdr1 haplotype frequency trends, yearly frequencies

1To check convergence, three preliminary chains initiated at different initial frequency vectors were run on
each subdivision of the data. Trace plots of the frequencies were visually inspected and πr PSRFs calculated [88].
After 50,000 iterations, the trace plots and πr PSRFs indicated convergence for all datasets.
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are regressed onto categorical covariates for drug arm and year, while frequencies categorised

by days since last treatment are regressed onto categorical covariates for drug arm and the

number of days since last treatment. Henceforth we refer to both regression exercises (that for

the yearly frequencies, and that for frequencies categorised by days since last treatment) as

regression onto drug type (AL and DP arm) and pressure (categorical variables for years and

for days since last treatment). A separate regression is fit to each of the eight pfmdr1 haplotypes

in turn.

The following subsections include a description of the regression model, a subsection

regarding prior specification, a subsection about propagating uncertainty and a description of

the sampler used to implement the model.

Notation

For the rth haplotype, let πππr = (πr1, . . . ,πrK)
T denote the vector of frequencies that feature in

a given regression exercise, where there are two regression exercises per haplotype (one for

yearly frequencies and another for frequencies categorised by days since last treatment) and

πrk ∈ (0,1) for k = 1, . . . ,K. For example, for the yearly estimates of the haplotype encoding

YYD,

πππr ≡ πππYYD = (πYYD DP 2008, . . . ,πYYD DP 2012,πYYD AL 2008, . . . ,πYYD AL 2012)
T .

Note that πππr ̸= πππ = (π1, . . . ,πR)
T , the latter being a vector of frequencies for the different

haplotypes r = 1, . . .R (see section 3.2.3). Let θθθ r = (θr1, . . . ,θrK)
T denote the vector πππr

mapped onto the real line,

θrk = log
(

πrk

1−πrk

)
for k = 1, . . .K. (4.1)
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Regression

The vector θθθ r is regressed onto correlates of drug type and pressure following,

θθθ r = XXXβββ r + εεεr, (4.2)

where XXX denotes the K×P design matrix, where P = 4 (see below); βββ r = (β1, · · · ,βP)
T is a

vector of regression coefficients2; and εεεr = (εr1, . . . ,εrK)
T a vector of errors. The errors are

assumed to be independently and identically distributed according to a normal distribution with

mean zero and variance σ2:

εrk ∼N ormal(0,σ2
r ) for k = 1, · · · ,K. (4.3)

2On the logit scale, β1 is the expected haplotype frequency for children in the DP arm with zero drug pressure;
β2 is the expected difference in the frequency between children in the DP and AL arm with zero drug pressure; β3
is the expected difference in the frequency between children in the DP arm who vary by a unit change in drug
pressure (the slope of the DP arm); and β4 is the expected difference between the slope of the DP arm (β3) and the
slope of the AL arm (β3 +β4).
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Two inputs (drug type and drug pressure) and P = 4 predictors (intercept, drug type, drug

pressure, and an interaction term) are encoded in the R×P design matrix,

XXX =



Intercept Drug type Drug Pressure Interaction

1 0 0 0

1 0 1 0

1 0 2 0

1 0 3 0

1 0 4 0

1 1 0 0

1 1 1 1

1 1 2 2

1 1 3 3

1 1 4 4

.



, (4.4)

where for k = 1, . . .K, xk1 = 1 allows estimation of the intercept; xk2 is an indicator variable

for drug type (0 for randomisation to the DP arm, 1 for randomisation to the AL arm); xk3 is

an ordered categorical variable for drug pressure (0–4 for years 2008–2012, respectively, for

the regression with yearly frequencies; or 0–4 for treatment >70 days ago to 4–28 days ago,

respectively, for the regression with frequencies categorised by days since last treatment)3;

and xk4 = xk2× xk3 allows estimation of the interaction between drug type and drug pressure,

permitting the effect of drug pressure to differ depending on the drug arm.

3We count backwards in terms of days since treatment more that 70 days ago, since 70 days ago is thought to
exert ‘zero’ drug pressure, while treatment 4–28 days ago is thought to exert maximum drug pressure.
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Bayesian inference

The regression model is fit within a Bayesian framework,

ρ(βββ r,σ
2
r |θθθ r) ∝ ρ(θθθ r|βββ r,σ

2
r )ρ(βββ r,σ

2
r ). (4.5)

where βββ r and σ2
r are the regressions parameters and θθθ r is the ‘data’ vector. The term ‘data’

is quoted since the elements of θθθ r are not, in actuality, observed. Instead they are inferred

using the haplotype frequency estimation model (see section 4.2.3). Moreover, the haplotype

frequency estimation model generates MCMC samples, not point estimates (although point

estimates are obtainable from the MCMC sample). The manner in which we reconcile θθθ r and

the MCMC sample is described below, in the subsection entitled ‘Propagating uncertainty’.

Note that in equation (4.5), we treat the design matrix, XXX , as non-stochastic, as is typically the

case when the parameters governing XXX are thought to be independent to those of interest [88].

Following equations (4.2) and (4.3),

ρ(θθθ r | βββ r,σ
2
r ) = N ormalK(θθθ r | XXXβββ r,σ

2
r IIIK), (4.6)

where IIIK is the K×K identity matrix. To assess the robustness of the results to the prior on the

regression parameters, ρ(βββ r,σ
2
r ), four conjugate priors are used, each giving rise to a normal

inverse gamma posterior with density

ρ
(
βββ r,σ

2
r |θθθ r

)
= N ormalK(βββ r | µµµr,σ

2
r VVV r)×I nverse G amma(σ2

r | ar,br) (4.7)

where µµµr is the mean, σ2
r VVV r is the covariance matrix of the conditional posterior on βββ r given

σ2
r , and ar and br are the scale and shape parameters, respectively, of the marginal posterior on

σ2
r . The analytical expressions for µµµr, VVV r, ar and br under the four different priors are listed in

the appendix (section A.3).
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Prior specification

As previously mentioned, four conjugate priors are fit, including a standard improper flat prior,

Zellner’s g prior and two normal inverse gamma priors. The two normal inverse gamma priors

differ only in terms of a single hyperparameter. All four priors are described below.

1. A standard improper flat prior (see [4], page 206), with density

ρ(βββ r,σ
2
r ) ∝

1
σ2

r
. (4.8)

2. Zellner’s g prior (see [4], page 217), with density

ρ(βββ r,σ
2
r ) ∝ N ormalK

(
βββ r | µµµ0,cσ

2(XXXT XXX)−1)× 1
σ2

r
, (4.9)

where

• c = K, such that prior information has equal weight to that of a single θrk; and

• µµµ0 = (log(1/7),0,0,0)T , such that exp(xxxkµµµ000)/(exp(xxxkµµµ0)+1) = 1/8 for k = 1, . . .K (in

other words, all eight haplotypes are thought to be equally likely a priori).

3. A normal inverse gamma prior (see [187], page 246), with density

ρ(βββ r,σ
2
r ) = N ormalP(βββ r | µ0,σ

2VVV 0)×I nverse G amma(σ2
r | a0,b0), (4.10)

where

• µµµ0 = (log(1/7),0,0,0)T , as for Zellner’s g prior above;

• VVV 0 = 10× IIIP, where IIIP is the P×P identity matrix, representing a scenario in

which confidence in the prior mean µµµ0 is small compared with β̂ββ r; and

• a0 = 2 and b0 = 1/3000 ∑
3000
n=1 {Sn

r/(K− p)} where

Sn
r =

(
θθθ

n
r −XXX β̂ββ

n
r

)T (
θθθ

n
r −XXX β̂ββ

n
r

)
and β̂ββ

n
r =

(
XXXT XXX

)−1
XXXT

θθθ
n
r , (4.11)
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such that E[σ2
r ] = b0/(a0−1) is equal to the residual variance of the MCMC sample

averaged over n = 1, . . . ,3000.

4. Another normal inverse gamma prior with density identical to that above (equation

(4.10)) but with

VVV 0 =

{
16.592× a0

b0
, 4.152× a0

b0
, 4.152× a0

b0
, 4.152× a0

b0

}
× IP, (4.12)

chosen such that 70% of the prior mass for the non-intercepts is between 0.01 and

0.99 (on the frequency/probability scale) based on a recommendation for a weakly

informative default prior distribution for logistic regression [87]. Also following the

recommendations of [87], the binary input (drug type) is standardised such that it has

mean equal to zero and differs by one in its upper and lower conditions, while drug

pressure (encoded 0 to 4 in equation (4.4)) is standardised such that it has mean equal to

zero and standard deviation equal to 0.5.

Propagating uncertainty

Since the haplotype frequency estimation model (chapter 3) is fit to each of the 20 pfmdr1

data subdivisions (top ten coloured boxes, panels D and E, figure 4.3) separately, we have 20

MCMC samples, each approximating a different posterior distribution given a specified pfmdr1

data subdivision. We now want to perform a regression of pfmdr1 haplotype frequencies. We

could regress posterior point estimates; however, doing so would ignore uncertainty in the

haplotype frequency estimation. To take full account of the uncertainty, one ought to fit the

joint model that both estimates pfmdr1 haplotype frequencies and regression coefficients. The

joint model is likely to be computationally complex, due to the joint distribution over the

pfmdr1 haplotypes (we cannot estimate frequencies for each haplotype separately, because

estimation relies upon information borrowed across the haplotypes). Using the meta-analytic
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approach proposed by Lunn et al. [136], the complexity can be circumvented, in part, by

fitting the regression to each haplotype separately. The approach of Lunn et al. is essentially a

two-stage approximation of the joint model. In our case, frequency estimation is the first stage,

while regression is the second stage. We propagate the uncertainty from the first stage into the

second stage by iteratively drawing frequencies from the MCMC sample generated following

haplotype frequency estimation. Following [136], we use a Gibbs sampler to iteratively update

the regression parameters given the frequencies, then the frequencies given the regression

parameters and the data. The frequency update requires a Metropolis-Hastings step. The idea of

Lunn et al. is to use the posterior from the first stage as a proposal in the Metropolis-Hastings

step and to use the MCMC samples to approximate it [136] (see equation (4.13), below).

The sampler

For the rth haplotype and the kth subdivision, let
{

θ̄ n
rk

}3000
n=1 denote the posterior summary

of frequencies mapped onto the real line according to equation (4.1). Note that in section

4.2.3, we use yyy to denote any given subdivision of the data, whereas here we use yyyk to

particularise the kth subdivision, despite yyyk and yyy being the same by definition. At t = 0, for

k = 1, . . . ,K, we sample θ
(t)
rk uniformly at random from

{
θ̄ n

rk

}3000
n=1 . We generate βββ

(t)
r and σ2

r
(t)

given θθθ r
(t) =

(
θ
(t)
r1 , . . . ,θ

(t)
rK

)
by sampling directly from the normal inverse gamma posterior

whose density is given by equation (4.7). For t = 1, . . . ,T , the sampler then proceeds as follows.

1. For k = 1, . . .K, generate θ
(t)
rk given βββ

(t−1)
r ,σ2(t−1)

r and yyyk as follows. First sample

θrk
⋆ with replacement uniformly at random from

{
θ̄ n

rk

}3000
n=1 . Second, accept θrk

⋆

(θrk
(t)← θrk

⋆), or reject θ ⋆
rk (θ (t)

rk ← θ
(t−1)
rk ), using a Metropolis-Hastings update with

acceptance probability given by equation (4.13). Since
{

θ̄ n
rk

}3000
n=1 ≈ ρ(θrk | yyyk), calculate
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the acceptance probability assuming Proposal(θrk)≈ ρ (θrk | yyyk),

P(θ (t)
rk ← θ

⋆
rk) = min

(
1,

T arget(θ ⋆
rk)

T arget(θ (t−1)
rk )

Proposal(θ (t−1)
rk )

Proposal(θ ⋆
rk)

)

≈min

(
1,

ρ(θ ⋆
rk | βββ

(t−1)
r ,σ2(t−1)

r ,yyyk)

ρ(θ
(t−1)
rk | βββ (t−1)

r ,σ2(t−1)
r ,yyyk)

ρ(θ
(t−1)
rk | yyyk)

ρ(θ ⋆
rk | yyyk)

)

= min

(
1,

ρ(yyyk | θ ⋆
rk)ρ(θ

⋆
rk | βββ

(t−1)
r ,σ2(t−1)

r )

ρ(yyyk | θ
(t−1)
rk )ρ(θ

(t−1)
rk | βββ (t−1)

r ,σ2(t−1)
r )

ρ(yyyk | θ
(t−1)
rk )ρ(θ

(t−1)
rk )

ρ(yyyk | θ ⋆
rk)ρ(θ

⋆
rk)

)

= min

(
1,

ρ(θ ⋆
rk | βββ

(t−1)
r ,σ2(t−1)

r )

ρ(θ
(t−1)
rk | βββ (t−1)

r ,σ2(t−1)
r )

ρ(θ
(t−1)
rk )

ρ(θ ⋆
rk)

)

= min

(
1,

ρ(θ ⋆
rk | βββ

(t−1)
r ,σ2(t−1)

r )

ρ(θ
(t−1)
rk | βββ (t−1)

r ,σ2(t−1)
r )

ρ(π
(t−1)
rk ) | dπ

(t−1)
rk /dθ

(t−1)
rk |

ρ(π⋆
rk) | dπ⋆

rk/dθ ⋆
rk |

)
,

(4.13)

where ρ(θrk | βββ r,σ
2
r ) is given by equation (4.6); πrk = exp(θrk)/(1+ exp(θrk)) (the inverse

of the logit function in equation (4.1)); ρ(πrk) = Beta(1,R− 1), because ρ(πrk) is

the marginal of a R dimensional uniform Dirichlet distribution (see section 3.2.3); and

dπrk/dθrk = exp(θrk)/(1+ exp(θrk))
2.

2. Generate βββ
(t)
r and σ2

r
(t) given θθθ

(t)
r =

(
θ
(t)
r1 , . . . ,θ

(t)
rK

)
by sampling directly from the

normal inverse gamma posterior whose density is summarised by equation (4.7).

Four chains of the sampler are run for T = 10,000 iterations for each regression. The

first 50% per chain is removed as burnin. The output of the sampler post removal of burnin

approximates the joint posterior with density ρ
(
βββ r,σ

2
r ,θθθ r|yyy1, . . . ,yyyK

)
. In total, the regression

is performed 64 times: two regression exercises (one for yearly frequencies, and another for

frequencies categorised by days since last treatment) for each of the eight pfmdr1 haplotypes

under four different priors. Standard diagnostic plots4 are used to assess the performance

4Standard diagnostic plots include trace plots, plots of PSRFs and autocorrelation plots to assess the mixing,
convergence and autocorrelation, respectively, of βββ r,σ

2
r and the resampled θθθ r; percentile percentile plots to assess

the difference between θθθ r samples before and after resampling; and density plots to assess the posterior samples
of βββ r,σ

2
r , as well as the overlap between θθθ r samples before and after resampling.
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of the sampler. To assess difference between trends, posterior summaries of the slopes are

compared. The significance of a trend is based on the 2.5th to 97.5th percentile interval of the

posterior distribution over the slope: if the interval does not contain zero, the trend is deemed

significantly non-zero at the 5% level.

4.3 Results

4.3.1 Frequency estimates

Sensitivity to the mean MOI

The difference between haplotype frequencies estimated using λ = 2.94,2.80 and 3.08 is less

than 0.01. The maximum difference between baseline and yearly haplotype frequencies re-

estimated using the mean baseline MOI (λ = 3.30) and yearly MOIs (table A.1), respectively,

is less than 0.01. Hence, we conclude that the frequency estimates are robust over the λ range

based on the observed MOI data.

4.3.2 Baseline frequencies

As controls for comparison, baseline frequencies are estimated. There are no notable differences

between the frequencies associated with PfCRT:K76 in the different drug arms at baseline

(figure 4.4a). The baseline frequencies of all but one of the pfmrp1 haplotypes (represented by

their corresponding amino acid sequences) differ notably between the two drug arms (figure

4.4b), but the differences are not significantly different from zero. The posterior frequencies

of the pfmdr1 haplotypes range from 0.0 to 0.5 (figure 4.4c). Markers NYY and NFY are

comparatively rare, while markers YYD, YYY, and NFD have relatively high frequencies that

differed between the two drug arms; the differences are not significantly different from zero,

however.
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Figure 4.4: Marginal posterior density estimates of baseline frequencies colour coded by drug arm (DP blue, AL
green). Black horizontal lines denote the median posterior estimates. Black vertical lines denote the 95% credible
intervals ranging from the 2.5th percentile to the 97.5th percentile.

Longitudinal pfcrt allele frequencies

Estimated frequencies associated with PfCRT:K76 frequencies vary little from 2008 to 2011

(figure 4.5a). There is a notable increase in 2012, accompanied by a concomitant drop in the

frequency associated with PfCRT:76T (result not shown). The increase is more marked in the

AL arm, but the difference between the drug arms is not significantly different from zero. There

does not appear to be any notable trends with respect to immediacy since last treatment (figure

4.5b).

Longitudinal pfmrp1 haplotype frequencies

There are no notable trends in pfmrp1 haplotype frequencies (figure 4.6). The variability

between drug arms is similar to that seen at baseline (figure 4.4b).

Longitudinal pfmdr1 haplotype frequencies

Four of the eight pfmdr1 haplotypes (encoding YYD, YYY, NYD and NFD) have relatively

large frequencies that change over time (figures 4.7a to 4.7d, respectively) and with immediacy

since last treatment (figures 4.7e to 4.7h, respectively). Haplotypes encoding YFD, YFY, NYY
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Figure 4.5: Marginal posterior density estimates of longitudinal frequencies encoding PfCRT:K76 colour coded
by drug arm (DP blue, AL green). Black horizontal lines denote the median posterior estimates. Black vertical
lines denote the 95% credible intervals ranging from the 2.5th percentile to the 97.5th percentile.
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Figure 4.6: Marginal posterior density estimates of longitudinal pfmrp1 haplotype frequencies (represented by
their corresponding amino acid sequences) colour coded by drug arm (DP blue, AL green). Black horizontal lines
denote the median posterior estimates. Black vertical lines denote the 95% credible intervals ranging from the
2.5th percentile to the 97.5th percentile.
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and NFY (figures 4.7i to 4.7l, respectively, and 4.7m to 4.7p, respectively) are comparatively

rare (posterior median estimates all less than 0.1), and there are no notable trends associated

with the latter two. There are clear differences between drug arms: the frequencies of haplotypes

encoding YYD, YYY and YFD, and all but one frequency encoding YFY (figures 4.7a, 4.7b,

4.7i, 4.7j, respectively, and 4.7e, 4.7f, 4.7m, 4.7n, respectively) are consistently higher in the

DP arm; whereas, the frequencies of haplotypes encoding NYD and NFD are consistently

higher in the AL arm (figures 4.7c and 4.7d, respectively, and 4.7g and 4.7h, respectively). The

frequencies of haplotypes encoding NYY and NFY look to be roughly the same across the

two drug arms (figures 4.7k and 4.7l, respectively, and 4.7o and 4.7p, respectively) relative to

baseline variation (figure 4.4c).

On the whole, yearly trends appear to be consistent across the two drug arms (figures 4.7a

to 4.7d and 4.7i to 4.7l). There appear to be positive yearly trends associated with haplotypes

encoding NYD and NFD (figures 4.7c and 4.7d, respectively) and negative yearly trends with

haplotypes encoding YYY and YFY (figures 4.7b and 4.7j, respectively), and haplotypes

encoding YYD and YFD in the AL (but not the DP) arm (figures 4.7a and 4.7i, respectively).

With respect to immediacy since last treatment, trends are consistent with AL selection for

haplotypes encoding NFD (figure 4.7h) and NYD (figure 4.7g) and against haplotypes encoding

YYD (figure 4.7e), YYY (figure 4.7h) and YFD (figure 4.7m). DP trends, on the contrary,

are seemingly consistent with selection for YYY (figure 4.7f) and against NFD (figure 4.7h).

To further evaluate the trends, yearly pfmdr1 haplotype frequencies are regressed onto yearly

covariates, while frequencies categorised by days since last treatment are regressed onto

covariates representing categories of days since last treatment.

4.3.3 Regression

Before examining the fitted regression trends, let us consider the performance of the regression

sampler under the different priors and the sensitivity of the trends to the prior.
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Figure 4.7: Marginal posterior density estimates of longitudinal pfmdr1 haplotype frequencies (represented by
their corresponding amino acid sequences) colour coded by drug arm (DP blue, AL green). Black horizontal lines
denote the median posterior estimates. Black vertical lines denote the 95% credible intervals ranging from the
2.5th percentile to the 97.5th percentile.
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Performance of the regression sampler under the different priors

In general, the diagnostic plots for the regression parameters βββ r and σ2
r indicate convergence.

Under all four prior models, there are examples of misalignment between the density estimates

of the samples of θrk before and after resampling (for example, figure 4.8). Misalignment

of θrk is coupled with relatively low θrk acceptance rate. Low acceptance is also paired with

non-normality of
{

θ̄ n
rk

}3000
n=1 , detected by normal quantile-quantile plots. Non-normality is

not always paired with low acceptance, however. Misalignment is an inherent problem due

to the discrete proposal. The extent of the problem varies with the different priors. Under

Zellner’s g prior there are only 11/160 instances of θrk misalignment5. The worst example of

misalignment under Zellner’s g prior (figure 4.8) is coupled with a relatively high acceptance

rate of approximately 40%. There are more instances of misalignment under the normal inverse

gamma priors, coupled with lower θrk acceptance rates. Nevertheless, the diagnostic plots of

βββ r and σ2
r indicate convergence. The sampler does not converge under the flat prior and there

are numerous instances of misalignment. In hindsight, difficulty to converge under the flat prior

is inevitable because the trace-wise variance is entirely dependent upon the data (equations

(A.8) and (A.9)). Under the informative priors (especially Zellner’s g prior), incorporation of

prior information leads to more diffuse marginal posterior distributions on σ2
r . Consequently, if

θ ⋆
rk is not close to xxxkβββ

(t)
rk , θ ⋆

rk is more likely to be rejected under the model with the flat prior on

ρ
(
βββ r,σ

2
2
)

compared with the model with an informative prior.

Sensitivity of the regression trends to the prior

To assess the sensitivity of the reported trends to the prior on the regression parameters, posterior

summaries of the slopes under the different priors are compared (figures 4.9 and 4.10). There

is a notable difference in precision, mostly due to the flat prior (under which the sampler does

5There are 160 sets of {θ̄ n
rk}3000

n=1 (K = 10 haplotype frequencies per regression, two regressions exercises per
haplotype (one corresponding to yearly frequencies, another corresponding to frequencies categorised by days
since last treatment) and R = 8 haplotypes).
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Figure 4.8: Density estimates of θrk before (proposal) and after (posterior) resampling under the regression model
using Zellner’s g prior. The plot shows estimates for the haplotype encoding YYD (r = 1) and 4–28 days (k = 5).

not converge), but also due to Zellner’s g prior (under which the sampler does converge). There

are some small differences in the significance of the trends (summarised below), mainly due to

the difference in precision. Despite small differences, the scientific interpretation is consistent:

there are no differences that lead to a different interpretation of the direction of trend.

Summary of trends based on regression

The trends under all four priors are summarised in figures 4.9 and 4.10 on the logit scale. For

the sake of illustration, the results on the probability scale generated under Zellner’s g prior are

depicted in figures 4.11 and 4.12. As 4.9 and 4.10 suggest, the results under Zellner’s g prior

are almost identical to those under the alternative priors (figures A.5 to A.4).

Yearly trends (figures 4.9 and 4.11). Under all four priors, regression supports a signifi-

cantly non-zero negative trend for haplotypes encoding YYD in the AL arm and YYY in both

drug arms, and a non-zero positive trend for the haplotype encoding NFD in the DP arm. Under

all but Zellner’s g prior, there is evidence of a non-zero positive trend for haplotype encoding

NYD and a non-zero negative trend for that encoding YFY in both drug arms. Furthermore, in
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Figure 4.9: Sensitivity of the yearly trend (slope) to the prior. Haplotypes are denoted by their corresponding
amino acid sequences. The sampler is run for 10,000 iterations using the informative priors and 50,000 iterations
for the flat prior. The former converges but the latter does not. For each violin motif, the results corresponding to
the DP drug arm are on the left hand side, while the results corresponding to the AL drug arm are on the right
hand side. ‘Normal Inverse Gamma prior v.1’ refers to the first of the two normal inverse gamma priors listed in
section 4.2.4 (equation (4.10), with prior matrix VVV 0 = 10× IIIp), while ‘Normal Inverse Gamma prior v.2’ refers to
the second of the two normal inverse gamma priors listed in section 4.2.4 (equation (4.10), where the prior matrix
VVV 0 is given by equation (4.12)). In order to generate a plot on a common scale, in the case of Normal Inverse
Gamma prior v.2, the slope is divided by twice the standard deviation of the second input (the third column of the
unnormalised design matrix, equation (4.4)).
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Figure 4.10: Sensitivity of the immediacy since last treatment trend to the prior. Haplotypes are denoted by their
corresponding amino acid sequences. The sampler is run for 10,000 iterations using the informative priors and
50,000 iterations for the flat prior. The former converges but the latter does not. For each violin motif, the results
corresponding to the DP drug arm are on the left hand side, while the results corresponding to the AL drug arm
are on the right hand side. Normal Inverse Gamma prior v.1 refers to the first of the two normal inverse gamma
priors listed in section 4.2.4 (equation (4.10), with prior matrix VVV 0 = 10× IIIp), while Normal Inverse Gamma prior
v.2 refers to the second of the two normal inverse gamma priors listed in section 4.2.4 (equation (4.10), where
the prior matrix VVV 0 is given by equation (4.12)). In order to generate a plot on a common scale, in the case of
Normal Inverse Gamma prior v.2, the slope is divided by twice the standard deviation of the second input (the
third column of the unnormalised design matrix, equation (4.4)).
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the AL drug arm, there is evidence of a non-zero positive trend for the haplotype encoding NFD

and a non-zero negative trend for that encoding YFD. There appear to be no net changes year

on year for haplotypes encoding YYD, YFD and NFY in the DP arm, nor for the haplotype

encoding NYY in the AL arm.

Trends with respect to immediacy since last treatment (figures 4.10 and 4.12). Under all

four priors, regression supports a non-zero negative trend with AL treatment for the haplotype

encoding YYY. Under all but Zellner’s g prior, there is evidence for an inverse trend with

DP treatment. A trend reversal is seen for that encoding NFD (both AL and DP trends are

significantly non-zero under all but Zellner’s g prior). Regression also suggests significantly

non-zero negative trends with immediacy since last treatment with AL for haplotypes encoding

YYD and YFD. The frequency of the haplotype encoding NYD increases with immediacy

since last treatment with AL (although the trend is not significantly different from zero). There

is also partial evidence for a non-zero trend with immediacy since last treatment with DP for

the haplotype encoding NYY and with AL for the haplotype encoding NFY. Both haplotypes

encoding NFY and NYY are comparatively rare throughout, however. Median point estimates

of at least six trends (YYD, YFD, YFY, NFY and NYD in the DP arm, and NYY in the AL

arm) are zero (figure 4.12).

4.4 Discussion

In this chapter we report estimates of pfcrt allele and pfmrp1 and pfmdr1 haplotype frequencies

(represented by the corresponding amino acid sequencies) to investigate trends over the course

of clinical trial in Uganda. Estimates are based on previously published data [51], collected

between 2007–2012 from children enrolled in a longitudinal trial of AL versus DP in Tororo,

Uganda [15, 266]. This chapter builds upon the study by Conrad et al. [51], by investigating

haplotype frequencies as well as allele frequencies. The estimates imply that there are notable
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Figure 4.11: Pfmdr1 haplotype frequency trends with year. The plots show pfmdr1 haplotype frequencies
(represented by the their corresponding amino acid sequences) categorised by drug arm and year regressed onto
covariates of drug arm and year. Dots denote the MCMC sample estimates of the posterior median haplotype
frequencies (DP blue, AL green) before resampling. Vertical black lines denote 95% credible intervals, ranging
from the 2.5th percentile to the 97.5th percentile of the MCMC sample before resampling. The regression is
performed using Zellner’s g prior on the regression parameters. The thick blue and green lines (DP and AL,
drug arms respectively) denote the trends constructed using the posterior median estimates of the regression
coefficients. The thin blue and green lines represent trends based on 100 traces from the MCMC sample of
regression coefficients.



118 Frequency trends in Uganda

Days since last treated

F
re

qu
en

cy

>70 57−70 43−56 29−42 4−28

0.00

0.11

0.22

● ●

●

●

●●
● ●

●
●

●
●

DP
AL

Y Y D

Days since last treated

F
re

qu
en

cy

>70 57−70 43−56 29−42 4−28

0.00

0.08

0.16

●

●
● ● ●

● ●

●
● ●

●
●

DP
AL

Y F D

Days since last treated

F
re

qu
en

cy

>70 57−70 43−56 29−42 4−28

0.00

0.23

0.45

●
●

●

●

●
●

●
● ●

●

●
●

DP
AL

Y Y Y

Days since last treated

F
re

qu
en

cy

>70 57−70 43−56 29−42 4−28

0.00

0.08

0.16

●

●

● ●

●
●

●

● ●
●

●
●

DP
AL

Y F Y

Days since last treated

F
re

qu
en

cy

>70 57−70 43−56 29−42 4−28

0.00

0.25

0.50

● ●
● ●

●● ●

● ●
●

●
●

DP
AL

N Y D

Days since last treated

F
re

qu
en

cy

>70 57−70 43−56 29−42 4−28

0.00

0.26

0.51

● ●
●

●

●
●

●
●

● ●

●
●

DP
AL

N F D

Days since last treated

F
re

qu
en

cy

>70 57−70 43−56 29−42 4−28

0.00

0.07

0.14

●

● ●
●

●

●
●

●
●

●

●
●

DP
AL

N Y Y

Days since last treated

F
re

qu
en

cy

>70 57−70 43−56 29−42 4−28

0.00

0.07

0.14

● ●
●

●

●
●

●
● ●

●

●
●

DP
AL

N F Y

Figure 4.12: Pfmdr1 haplotype frequency trends with immediacy since last treatment. The plot shows pfmdr1
haplotype frequencies (represented by their corresponding amino acid sequences) categorised by drug arm and
days since last treatment regressed onto covariates of drug arm and duration since last treatment. Dots denote the
MCMC sample estimates of the posterior median haplotype frequencies (DP blue, AL green) before resampling.
Vertical black lines denote 95% credible intervals, ranging from the 2.5th percentile to the 97.5th percentile of
the MCMC sample before resampling. The regression is performed using Zellner’s g prior on the regression
parameters. The thick blue and green lines (DP and AL, drug arms respectively) denote the trends constructed
using the posterior median estimates of the regression coefficients. The thin blue and green lines represent trends
based on 100 traces from the MCMC sample of regression coefficients.
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trends associated with the pfmdr1 haplotype frequencies. To further examine the trends, pfmdr1

haplotype frequencies are regressed onto drug pressure and drug type, using a meta-analysis

approach (see [136]) to propagate the uncertainty in the frequency estimates into the regression.

To the best of out knowledge, this is the first study to report P. falciparum multi-nSNP haplotype

frequency trends in Uganda.

We observe an increase in the frequency of PfCRT:K76 in 2012 (figure 4.5a), consistent

with prior reports based on the same data [51, 149]. Since PfCRT:K76 is associated with

decreased sensitivity to lumefantrine [162], while PfCRT:76T is associated with CQ resistance

[162], an increase in the frequency of PfCRT:K76 is consistent with an uptake in the use of AL,

as well as a decrease in CQ use. Increases in PfCRT:K76 have been seen upon cessation of CQ

use in many countries including Malawi [155, 124], Kenya [118, 135], Tanzania [158, 141],

Senegal [176], and Mozambique [253]. Given effective national policy switched from CQ+SP

to AL in 2006 in Uganda, an increase in PfCRT:K76 prior to 2012 might have been expected.

Mbogo et al. posit that the delay might reflect recent use of CQ [149].

We detect no notable pfmrp1 haplotype frequency trends (figure 4.6), while Conrad et al.

report a yearly decrease in the prevalence and frequency of PfMRP1:I876 in the AL arm [51],

and Dahlström et al. report an increase in PfMRP1:I876 following treatment with AL [56]. It

seems that more work is required to better understand the pfmrp1 haplotype frequency trends.

With the availability of more data, we might hope to elucidate more subtle trends.

We detect notable pfmdr1 haplotype frequencies trends, including trends consistent with

those based on single allele trends [51, 149]. More specifically, the haplotype encoding NFD

increases year on year and is more prevalent in the AL arm, while the marker YYY decreases

year on year and is more prevalent in the DP arm (figure 4.11). With respect to prior treatment,

trends consistent with AL selecting for NFD and against YYY, and DP selecting for YYY and

against NFD are observed (figure 4.12).

In addition to the pfmdr1 haplotype frequencies trends summarised above, trends that cannot
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be extrapolated directly from single allele trends are observed. For example, the frequencies

of haplotypes encoding YYD, YFD and YFY decrease year on year (the former two in the

AL arm only), while the frequency of that encoding NYD increases year on year (figure 4.11).

Note that the increase in the NYD associated frequency seemingly explains why the previously

reported trends in the prevalence and frequency of the single alleles at codon 184 are not as

marked as those for alleles at codons 86 and 1246 [51]. We also see trends compatible with

AL treatment selecting for NYD (although the trend is not significantly different from zero)

and against YYD, YFD and YFY (although the trend for the latter is not significantly different

from zero) (figure 4.12).

In summary, DP treatment appears to select for YYY and against NFD, whereas almost

all haplotype frequencies vary with immediacy since last treatment with AL, with selection

acting against all those with PfMDR1:86Y (figure 4.12). The fact that numerous haplotypes

are found to vary with immediacy since last treatment with AL, seemingly explains why we

see yearly trends in haplotypes beyond those predicted from nSNP-wise allele trends (figure

4.11). It also seemingly explains why previously reported single allele trends for codon 86 are

more marked than those for codons 1246 and 184 [51, 149]. The fact that trends are consistent

with DP selection primarily upon YYY and NFD (figure 4.12), suggests that the sequence of

specific alleles on the haploid genome might be critical for determining piperaquine sensitivity,

perhaps explaining why some studies do not see trends at the level of the single allele [232].

In generating the aforementioned results, several simplifying assumptions are made. First,

frequencies are estimated using a model that assumes data are derived from independent malaria

episodes. This is thought to be true for almost all episodes due to a low estimated frequency of

recrudescence [51]. Nevertheless, in assuming independence we ignore inter-child variability.

An extension to accommodate inter-child variability is proposed in the following chapter. Based

on results reported in chapter 5, we conclude that the assumption of independence will likely

not affect the trends reported here.
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To enable regression of pfmdr1 haplotypes frequencies, errors are assumed to be inde-

pendently and identically distributed according to a normal distribution, no attempt is made

to model the dependence between the haplotypes and a two stage approximation is used to

propagate the error from the frequency estimates to the regression. Residual plots suggest

the independently and identically distributed normal assumption is satisfactory, while summa-

tion summaries suggest that overlooking dependence between haplotypes leads to only small

deviations from summation to unity (results not shown).

To fully capture the uncertainty in the frequencies in the regression, one ought to fit a model

that jointly estimates a matrix of frequencies and a matrix of regression coefficients. The joint

model would require the specification of prior distributions over matrices: a matrix normal

prior over the matrix of regression coefficients and an inverse Wishart prior over a covariance

matrix capturing the dependence between the pfmdr1 haplotypes. Given our experience fitting

variations of the current model using Gibbs sampling (see upcoming chapters 5 and 6), fitting

a model with matrix-valued random variables is likely to be computationally challenging.

Moreover, it is uncertain whether the inferential gain will merit the additional complexity. The

complexity is primarily due to the joint distribution over the pfmdr1 haplotypes. It can be

circumvented, in part, by fitting the regression to each haplotype separately using the two-stage

approximate approach proposed by Lunn et al. (see [136]). The two stage approximation is not

without its limitations, however. If the posterior on the haplotype frequencies post regression

is far away in parameter space from the discrete proposal, the MCMC sample post regression

will not represent the true posterior on the frequencies. It is easy to identify cases where the

proposal and posterior may be misaligned (for example, figure 4.8), but not easy to discern

whether of not the posterior is sufficiently supported. Hence we proceed with caution, noting

that the least number of cases of misalignment are seen under Zellner’s g prior, and that the

results are consistent across the specified priors.

In summary, despite a number of model assumptions described above, the results reported
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in this chapter support previous findings based on single alleles, namely that AL and DP exert

inverse selection pressure [51]. The results reported here also build upon those based on single

alleles, providing insight into haplotype trends. They suggest AL and DP drug pressures are

unequal due to haplotypic effects, which has potentially important implications for any policy

hoping to exploit the inverse pressure for averting widespread resistance.



Chapter 5

Accounting for inter-child variability

5.1 Background

In the previous chapter (chapter 4), the haplotype-frequency estimation model (equation (3.5))

is fit to marker prevalence data collected from a cohort study in Uganda (see section 4.2.1 for a

detailed description of the data). Before applying the model, the data are heavily partitioned.

More precisely, genotyping outcomes are partitioned by gene (panel A, figure 4.3), baseline

samples are separated from longitudinal samples (panel B, figure 4.3), samples are divided by

drug arm (panel C, figure 4.3), and then either by year (panel D, figure 4.3) or by days since last

treatment (panel E, figure 4.3). With the exception of baseline data, the subdivisions contain

repeat samples from children who suffered multiple episodes of malaria (table 5.1). However,

when the model is fit to a given subdivision, the samples within it are treated as independent

observations, discarding the fact that they are indexed by children (note that we henceforth refer

to the treatment of samples as independent observations as the independence assumption). The

frequencies are then plotted against correlates of time in order to examine trends (for example,

figure 4.5). The aim of this chapter is to investigate the impact of the independence assumption

on the frequencies, and therefore trends, via extension of the original haplotype-frequency

estimation model (equation (3.5)).
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Subdivision
Number of samples that feature in the genetic analysis per child
1 2 3 4 5 6 7 8 9 10 11 12 13 14

2008 DP 28 31 12 9 4 3 0 0 0 0 0 0 0 0
2009 DP 42 30 17 5 4 1 0 0 0 0 0 0 0 0
2010 DP 48 23 23 4 3 1 0 0 0 0 0 0 0 0
2011 DP 48 33 15 8 2 0 0 0 0 0 0 0 0 0
2012 DP 21 25 9 5 2 0 0 0 0 0 1 0 0 0
2008 AL 27 22 11 10 6 2 2 0 0 0 0 0 0 0
2009 AL 39 26 15 7 5 2 0 0 0 0 0 0 0 0
2010 AL 36 28 15 10 2 1 1 0 0 0 0 0 0 0
2011 AL 31 28 17 6 5 2 0 0 0 0 0 0 0 0
2012 AL 21 15 9 8 3 3 1 0 0 0 0 0 0 0
4–28 days DP 17 3 0 0 0 0 0 0 0 1 0 0 0 0
29–42 days DP 33 13 17 8 2 1 2 0 1 0 0 0 0 0
43–56 days DP 26 22 14 13 11 8 5 1 0 0 0 0 0 0
57–70 days DP 38 26 10 5 2 1 1 0 0 0 0 0 0 0
> 70 days DP 45 37 23 8 4 2 0 0 0 0 0 0 0 0
4–28 days AL 31 19 13 5 4 4 6 2 3 0 0 0 0 2
29–42 days AL 35 23 14 7 9 4 0 2 0 0 0 0 0 0
43–56 days AL 44 18 15 5 1 0 0 0 0 0 0 0 0 0
57–70 days AL 42 12 3 1 0 0 0 0 0 0 0 0 0 0
> 70 days AL 46 36 17 5 1 1 0 0 0 0 0 0 0 0

Table 5.1: The table entries list the number of children, partitioned by the numbers of samples that feature in the
genetic analysis per child (columns) and subdivision (rows). For example, 28 children each provided one sample
per child in the DP 2008 subdivision (top, leftmost entry), while 31 children each provided 2 samples per child in
the DP 2008 subdivision (top, second-left entry). Subdivisions are separated by drug arm (DP and AL), year or by
days since last treatment category.
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Before embarking upon the model extension, a preliminary study (section B.1) was un-

dertaken to investigate evidence of inter-child variation. In the preliminary study, inter-child

variation was defined in terms of the propensity to present with parasites with different levels of

‘mutatedness’ at the level of individual nSNPs. By fitting a model with a random effect for each

child, an estimate of the inter-child variability was obtained. Statistically significant inter-child

variability was detected for two of the six nSNPs investigated: pfmdr-86 and pfmrp-876. In

both instances, the estimate of inter-child variance was small (0.12 and 0.08, respectively)

and statistical significance modest (p-values 0.02 and 0.05, respectively). Nevertheless, the

detection of inter-child variance reinforced the call for an investigation into the impact of the

independence assumption on the frequency estimates.

From a practical viewpoint, one of major advantages of a Bayesian framework is the natural

manner in which hierarchical structure can be built into it [88]. The obvious extension to

account for repeat samples from multiple children, therefore, is to add a level of hierarchy to

the original haplotype-frequency estimation model (equation (3.5)) to accommodate structure

at the level of the child.

The outline of this chapter is as follows. In the following section, we present details of the

extended model (section 5.2) and its accompanying sampler (section 5.3), followed by a study

based on simulated data (section 5.4), before focusing on the Ugandan data (section 5.5.2). The

chapter concludes with a discussion (section 4.4).

5.2 The extended model

The framework of the extended model (figure 5.1) is based on the original model (figure

3.1), but with an additional level of hierarchy (see box encapsulating πππchild, figure 5.1). The

notation of the extended model follows that of the original model (see section 3.2.1 and

table 3.1), but with the addition of the subscript ‘child’, which particularises child specific

variables. For example, yi j child represents the genotyping outcome at the jth SNP for the
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Child, child = 1,…, nc
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Figure 5.1: Haplotype frequency estimation model with inter-child variation. The graph shows the dependence
structure of a haplotype frequency estimation model that accommodates structure at the level of the child.
Diamonds depict fixed parameters, ellipses depict inferred parameters and the square depicts the data.
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ith malaria episode experienced by the specified child; mi child represents the MOI of the ith

episode experienced by the specified child; while aaai child represents the haplotype count vector

of the clones that constitute the ith episode experienced by the specified child. The variable

πππchild = (πchild 1, . . . ,πchild R), where πππchild ∈ SR, is unique to the extended model. It denotes a

child specific frequency vector. Under the extended model, child specific frequency vectors

are conditionally independent given the population-level frequency vector πππpopulation (which

is equivalent to πππ under the original model), and another new parameter σ ∈ (0,∞), which

captures the relatedness between πππchild and πππpopulation. More precisely, when σ is large, πππchild

for child = 1, . . . ,nc (where nc denotes the number of children) are closely related to πππpopulation.

When σ is small, πππchild for child = 1, . . . ,nc, are highly dispersed and non-uniform, but with

expectation equal to πππpopulation. The posterior density under the extended model is given by

ρ
(
πππpopulation,πππchildren,aaa,mmm|yyy

)
∝

nc

∏
child=1

{
Ichild

∏
i=1

{
J

∏
j=1

{
ρ
(
yi j child|aaai child

)}
×ρ (aaai child|mi child,πππchild)ρ (mi child)

}

×ρ
(
πππchild | σ ,πππpopulation

)}

×ρ
(
πππpopulation

)
ρ (σ) , (5.1)

where,

• πππchildren denotes the collection of πππchild for child = 1, . . . ,nc;

• aaa and mmm denote the collections of aaai child and mi child, respectively, for child = 1, . . . ,nc

and i = 1, . . . , Ichild;

• Ichild denotes the number of malaria episodes for a specified child;

• The densities ρ
(
yi j child | aaai child

)
, ρ (aaai child | mi child,πππchild), ρ (mi child) and ρ

(
πππpopulation

)
are equivalent to those defined previously for ρ

(
yyyi j | aaai

)
, ρ (aaai | mi,πππ), ρ (mi) and ρ (πππ)

(equations (3.6), (3.8), (3.10) to (3.13), and (3.9), respectively).
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In addition,

ρ
(
πππchild | σ ,πππpopulation

)
= D irichlet(πππchild | σ ×πππpopulation), (5.2)

ρ (σ) = G amma(σ | a,s), (5.3)

where a is the shape and s is the scale parameter of a gamma prior parameterised as follows,

ρ(σ) =
1

Γ(a) sa ·
σa−1

exp(σ/s)
for σ > 0, and a,s > 0, (5.4)

where Γ denotes the gamma function. Since preliminary evidence of a inter-child variation was

found for some nSNPs but not all (section B.1), values of a and s (2 and 100, respectively), are

chosen such that the prior on σ extends over a wide range, such that P(σ < 600) = 0.98.

5.3 The sampler

The proposed model (equation (5.1), figure 5.1) is implemented iteratively using a Gibbs

sampler. At iteration t = 0, initial parameter values, πππ
(t)
population, πππ

(t)
children, aaa(t), mmm(t), are sampled

from their respective priors. Thereafter, within each iteration of the sampler, the parameters

are successively updated in blocks by sampling from their full conditional distributions with

density ρ(paramupdate | paramother,yyy), where paramupdate denotes the parameters in the block

to update and paramother denotes all the parameters outside the block at their current values.

For a given t ≥ 1, the sampler proceeds as follows.
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Update genotype counts and MOIs

For malaria episode i = 1, . . . , Ichild and child = 1, . . . ,nc , a Metropolis-Hastings update is used

to sample from the full conditional distribution on both aaai child and mi child with density,

ρ(aaai child,mi child | paramother,yyy) ∝

J

∏
j=1

{
ρ(yi j child | aaai child)

}
ρ

(
aaai child | mi child,πππ

(t−1)
child

)
ρ(mi child).

The Metropolis-Hastings update is equivalent to that documented in section 3.2.4, but with

aaai child replacing aaai, mi child replacing mi and πππ
(t−1)
child replacing πππ(t−1).

Update child-specific frequencies

For child = 1, . . . ,nc, πππchild is updated by sampling directly from its full conditional distribution

with density,

ρ(πππchild | paramother,yyy) ∝

Ichild

∏
i=1

{
ρ

(
aaa(t)i child | m

(t)
i child,πππchild

)}
ρ(πππchild | σ (t−1),πππ

(t−1)
population),

=
Ichild

∏
i=1

{
M ultinomial

(
aaa(t)i child | m

(t)
i child,πππchild

)}
D irichlet(πππchild | σ (t−1)×πππ

(t−1)
population),

= D irichlet

(
σ
(t−1)

{
πpopulation

(t−1)
1 +

Ichild

∑
i=1

ai child
(t)
1 , . . . ,πpopulation

(t−1)
R +

Ichild

∑
i=1

ai child
(t)
R

})
.

Update population-level frequencies

A Metropolis-Hastings update is used to sample from the full conditional distribution on

πππpopulation with density,

ρ(πππpopulation | paramother,yyy) ∝

nc

∏
child=1

{
ρ

(
πππ
(t)
child | σ

(t−1),πππpopulation

)}
ρ(πππpopulation),

=
nc

∏
child=1

{
D irichlet(πππ(t)

child | σ
(t−1)×πππpopulation)

}
D irichlet(πππpopulation | ααα).

First, a proposed update, πππ
(⋆)
population, is sampled from a proposal distribution. Two alterna-

tives are considered: a proposal distribution on the simplex (equation (5.5)) and a proposal
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distribution on the real line (equation (5.6)),

πππ
(⋆)
population ∼D irichlet

(
· | ξ ×πππ

(t−1)
population

)
, (5.5)

θθθ
(⋆)
population ∼N ormalR−1

(
· | θθθ (t−1)

population, ξ ×ΣΣΣ

)
, (5.6)

where ξ is a tuning parameter set such that the acceptance rate of πππ
(⋆)
population is between 0.05

and 0.30; θθθ
(⋆)
population is equal to the first R−1 elements of πππ

(⋆)
population mapped onto the real line,

θθθ
(⋆)
population = fff

(
πππ
(⋆)
population1:R−1

)
,

=
(

f1

(
πππ
(⋆)
population1:R−1

)
, . . . , fR−1

(
πππ
(⋆)
population1:R−1

))
, where

fr(πππ
(⋆)
population1:R−1

) = log

 π
(⋆)
populationr

1−∑
R−1
i=1 π

(⋆)
populationi

 , for r = 1, . . .R−1; (5.7)

and ΣΣΣ is a covariance matrix computed using 10,000 draws from the prior on πππpopulation

(equivalent of equation (3.9)), mapped onto the real line using equation (5.7). When the

proposal on the real line is used (equation (5.6)), θθθ
(⋆)
population is subsequently mapped back to

πππ
(⋆)
population following,

πππ
(⋆)
population =

(
fff−1(θθθ

(⋆)
population),1−

R−1

∑
r=1

f−1
r

(
θθθ
(⋆)
population

))
, where

fff−1(θθθ
(⋆)
population) =

(
f−1
1 (θθθ

(⋆)
population), . . . , f−1

R−1(θθθ
(⋆)
population)

)
, and

f−1
r (θθθ

(⋆)
population) =

exp
(

θ
(⋆)
populationr

)
1+∑

R−1
i=1 exp

(
θ
(⋆)
populationi

) for r = 1, . . . ,R−1. (5.8)

Having generated πππ
(⋆)
population, the proposal is either rejected (πππ(t)

population ← πππ
(t−1)
population) or

accepted with probability,

P(πππ(t)
population← πππ

(⋆)
population) = min

1,
T arget

(
πππ
(⋆)
population

)
T arget

(
πππ
(t−1)
population

) ·Proposal
(

πππ
(t−1)
population

)
Proposal

(
πππ
(⋆)
population

)
 ,
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where

T arget
(

πππ
(⋆)
population

)
T arget

(
πππ
(t−1)
population

) =
∏

nc
child=1

{
D irichlet

(
πππ
(t)
child | σ (t−1)×πππ

(⋆)
population

)}
D irichlet

(
πππ
(⋆)
population | ααα

)
∏

nc
child=1

{
D irichlet

(
πππ
(t)
child | σ (t−1)×πππ

(t−1)
population

)}
D irichlet

(
πππ
(t−1)
population | ααα

) ,
and

Proposal
(

πππ
(t−1)
population

)
Proposal

(
πππ
(⋆)
population

) =



D irichlet
(

πππ
(t−1)
population | ξ ×πππ

(⋆)
population

)
D irichlet

(
πππ
(⋆)
population | ξ ×πππ

(t−1)
population

) if the proposal is on the simplex,

N ormalR−1

(
θθθ
(t−1)
population | θθθ

(⋆)
population, ξ ×ΣΣΣ

)
N ormalR−1

(
θθθ
(⋆)
population | θθθ

(t−1)
population, ξ ×ΣΣΣ

) | det
(

J
(

θθθ
(⋆)
population

))
|

| det
(

J
(

θθθ
(t−1)
population

))
|

otherwise.

Here J(·) denotes the Jacobian:

J(θθθ) =


∂ π1

∂ θ1
· · · ∂ π1

∂ θR−1
... . . . ...

∂ πR−1

∂ θ1
· · · ∂ πR−1

∂ θR−1

 .

Update the relatedness parameter

Finally, the following Metropolis-Hastings update is used to sample from the full conditional

distribution on σ , with density

ρ(σ | paramother,yyy) ∝

nc

∏
child=1

{
ρ

(
πππ
(t)
child | σ ,πππ

(t)
population

)}
ρ (σ) , (5.9)

=
nc

∏
child=1

{
D irichlet

(
πππ
(t)
child | σ ×πππ

(t)
population

)}
G amma(σ | a,s) . (5.10)

First, ε(⋆) is sampled from a univariate normal distribution with mean equal to ε(t−1) =

log(σ (t−1)) and variance equal to one (chosen such that the acceptance rate of σ (⋆) = exp(ε(⋆))

is approximately 0.15 discounting burnin.), then mapped onto R+: exp(ε(⋆))→ σ (⋆). Second,

σ (⋆) is either rejected (σ (t)← σ (t−1)) or accepted with probability,

P
(

σ
(t)← σ

(⋆)
)
= min

{
1,

T arget
(
σ (⋆)

)
T arget

(
σ (t−1)

)Proposal
(
σ (t−1)

)
Proposal

(
σ (⋆)

) } ,
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where

T arget
(

σ (⋆)
)

T arget
(
σ (t−1)

) = ∏
nc
child=1

{
D irichlet

(
πππ
(t)
child | σ (⋆)×πππ

(t)
population

)}
G amma

(
σ (⋆) | a,s

)
∏

nc
child=1

{
D irichlet

(
πππ
(t)
child | σ (t−1)×πππ

(t)
population

)}
G amma

(
σ (t−1) | a,s

) ,
and

Proposal
(

σ (t−1)
)

Proposal
(
σ (⋆)

) =
N ormal

(
ε(t−1) | ε(⋆),1

)
N ormal

(
ε(⋆) | ε(t−1),1

) · | det(dε(t−1)/dσ (t−1)) |
| det(dε(⋆)/dσ (⋆)) |

=
σ (⋆)

σ (t−1) .

Performance indicators

To assess convergence and general performance of the sampler, multiple chains of the sampler

are run per analysis and numerous diagnostic plots generated for visual inspection. Diagnostic

plots included

• chain-wise trace, density, and autocorrelation plots of πpopulationr for r = 1, . . .R, and σ ;

• chain-wise log-likelihood and log-posterior trace plots;

• chain-wise trace plots of the acceptance rates for all Metropolis-Hastings updates;

• chain-wise trace and density plots of a randomly sampled πππchild;

• child-wise trace and density plots of 16 randomly sampled πππchild;

• trace plots and plots of posterior mass estimates of the discrete latent variables, aaa and mmm.

In addition, the respective potential scale reduction factors (PSRFs) of πpopulationr for r = 1, . . .R,

and σ are calculated to further assess convergence [88].

5.4 Simulated data study

To assess the performance of the extended model (equation (5.1)) and its sampler (section 5.3),

four datasets are simulated (figures 5.2a, 5.2b, 5.2c and 5.2d) and analysed as follows.
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5.4.1 Methods

Data generation

Four simulated datasets are simulated, including three individual-SNP datasets with σ =

200, 20 and 2 (figures 5.2a, 5.2b and 5.2c, respectively), and one triple-SNP dataset with

σ = 681 (5.2d). Each individual-SNP dataset has nc = 90 children, whereas the triple-SNP

dataset has nc = 50 children. The number of episodes, and therefore samples, per child is

drawn from a non-zero conditioned Poisson distribution with parameter equal to two, leading

to datasets with variable numbers of samples in total (198, 217, 212 and 104 for datasets

depicted in figures 5.2a, 5.2b, 5.2c and 5.2d, respectively). Given the specified values of σ

and numbers of episodes per child, the genotyping outcomes are generated under the extended

model (equation (5.1)), with a uniform Dirichlet prior on the population vector of haplotype

frequencies and a non-zero conditioned Poisson prior with parameter equal to three on each

MOI.

Data analysis

The model (equation (5.1)) is fit to the simulated data by running the sampler for T iterations

(the first t = 1, . . . ,T/2 are discarded as burnin), with hyperparameters assigned as follows:

a = 2, s = 100, ααα = (11, . . . ,1R), λ = 3 and mmax = 8. To assess convergence, multiple chains

are run per analysis. Results generated using the πππ
(⋆)
population proposal on the simplex (equation

(5.5)) and the πππ
(⋆)
population proposal on real line (equation (5.6)) are compared.

5.4.2 Results

In summary, computation is efficient for individual-SNP data but prohibitively slow for triple-

SNP data. The results are described in more detail below, focusing first on the analysis of the

triple-SNP dataset.
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(a) σ = 200 (b) σ = 20 (c) σ = 2 (d) σ = 681

Figure 5.2: A graphical representation of data simulated under the model with inter-child variation. The figure
shows four simulated datasets (subplots 5.2a, 5.2b 5.2c and 5.2d) with repeat samples from multiple children.
For a given subplot, each row of equal height represents a sample, where samples are grouped by children. The
child indexes are depicted in red (odd indices) and off-white (even indices) on the left of the main rectangle. A
contiguous block of red or white spanning multiple rows depicts multiple samples from the same child. The
prevalence data are depicted in blue (detection of wild type markers only), grey (detection of mutant type markers
only) and black (detection of both wild and mutant type markers). There are no missing genotyping outcomes.
Figures 5.2a, 5.2b and 5.2c, each represent individual-SNP datasets with 90 children and variable numbers of
samples (198, 217, 212, respectively.) Figure 5.2d represents a triple-SNP dataset with 50 children and 104
samples in total.
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(a) πππpopulation proposal on the real line
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(b) πππpopulation proposal on the simplex
Figure 5.3: Frequency estimates generated using the proposal on the simplex versus that on the real line. Plots
show chain-wise haplotype frequency posterior density estimates, colour-coded by chain. Black dots mark the
haplotype frequencies in the simulated sample.

Triple-SNP data

The Gibbs sampler is extremely slow to converge. After 100,000 iterations, the sampler with

the πππpopulation proposal on the real line (equation (5.6)) appears to perform marginally better

than that with the proposal on the simplex (equation (5.5)) (compare figure 5.3a and figure

5.3b, respectively), hence use of the proposal on the simplex is discontinued. After 1,000,000

iterations the results for πππpopulation and σ are accurate (figures 5.4a and 5.4b, respectively), but

the chains have not formally converged (see, for example, the trace of haplotype 000, which

has the highest PSRF (1.26), figure 5.5).

As a quality control check, the model is fit to a set of entirely missing data. As anticipated,

the model returns the priors for both michild (figure 5.6a) and σ (figure 5.6b), and looks to be

venturing towards the prior on πππpopulation (figure 5.6c) despite not having converged. Thus, the

algorithm appears to sample from the correct posterior, but at a prohibitively slow rate, calling

for a more efficient sampler for the analysis of triple-SNP data (see section 4.4).
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(a) Chain-wise posterior density estimates of the
marginal haplotype frequencies, colour-coded by
chain. Black dots mark the haplotype frequencies in
the simulated sample.
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Figure 5.4: Posterior density estimates based on triple-SNP simulated data. The density estimates are generated
using the sampler with the πππpopulation proposal on the real line run for 1,000,000 iterations.

Figure 5.5: Chain-wise frequency trace plot for the haplotype 000, which has the highest PCRF (1.26). Traces are
colour-coded by chain.
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Figure 5.6: Quality control check: posterior density estimates when the model is fit to a set of entirely missing
data. The plots show posterior density estimates obtained when the model is fit to triple-SNP data that have been
erased (all the data are replaced by missing genotyping outcomes). The model is fit using the sampler with the
πππpopulation proposal on the real line run for 1,000,000 iterations.

Individual-SNP data

Based on the πpopulationr trace plots and PSRFs, all chains converge after 100,000 iterations

when run on individual-SNP data (log-posterior and πpopulationr trace plots are stable and mixing

well, and πpopulationr PSRFs are < 1.01). The overlap of the πpopulationr chain-wise marginal

posterior density estimates is almost exact and the estimates are accurate (figure 5.7). Based

on the σ trace plots and corresponding PSRFs, the chains run on the dataset with σ = 200

and 20 converge (PSRFs < 1.02), but not those run on the dataset with σ = 2 (PSRF point

estimate 1.27), seemingly on account of the second chain (yellow line, figure 5.8c). These

results demonstrate the viability of the sampler for individual-SNP data. They also highlight

the need to check convergence for each parameter of interest.

To assess the results when the same data are analysed assuming no inter-child variation, the

individual-SNP datasets are analysed under the original model (equation (3.5)). Only when

σ is low (σ = 2) does the assumption have a bearing on the estimated frequency (left violin

motif, figure 5.9). For σ = 2, the model without a random effect underestimates the minor
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(c) σsample = 2

Figure 5.7: Frequency estimates based on individual-SNP simulated data. The plots show chain-wise marginal
posterior density estimates of the allele frequencies (colour-coded by chain), obtained by running the sampler with
the πππpopulation proposal on the real line for 100,000 iterations.
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Figure 5.8: Estimates of relatedness parameters based on individual-SNP simulated data. The plots show chain-
wise posterior density estimates (colour-coded by chain) of the relatedness parameter, σ , for three simulated
datasets with σ = 200,20 and 2, after for 100,000 iterations using the πππpopulation proposal on the real line. The
vertical, dashed black line marks the value of σ used to simulate the data.
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allele frequency. Moreover, the variance of the marginal posterior density estimate generated

under the model without the child effect is comparatively small, namely because the model

without a child effect ignores intra-child dependence.

5.5 Ugandan data study

5.5.1 Methods

Outline of data analysed

To investigate the impact of the independence assumption on the frequencies reported in

the previous chapter, the original aim was to re-estimate frequencies for all 60 gene-wise

longitudinal subdivisions of the Ugandan data (see panels D and E, figure 4.3) under the

extended model (equation (5.1)), and then compare the results with those generated under

the original model (equation (3.5)). However, the sampler proposed for the extended model

(section 5.3) does not formally converge when run on triple-SNP data (see section 5.4.2). As

such, we are able to analyse all the subdivisions pertaining to pfcrt (since they comprise a single

nSNP only), but not those pertaining to pfmrp1 and pfmdr1. To enable indirect consideration

of the pfmrp1 and pfmdr1 haplotype frequency trends, the longitudinal pfmrp1 and pfmdr1

subdivisions are further divided by nSNP, leading to 100 individual-SNP pfmrp1 and pfmdr1

subdivisions (5 nSNPs × 5 years × 2 drug arms) plus (5 nSNPs × 5 days since last treatment

× 2 drug arms, AL and DP). Instead of reanalysing all pfmrp1 and pfmdr1 individual-SNP

subdivisions, a subset is selected on prior evidence of a child effect. Prior evidence of a

child-effect is based on auxiliary study (section B.2), in which subdivisions are ranked by

the p-value representing the statistical significance of inter-child variation. Nine pfmrp1 and

pfmdr1 single-nSNP subdivisions with p-values < 0.15 are selected; in order of increasing

p-values, these are

1. pfmdr1-86, 29–42 days since last treatment, AL (p-value 0.01),
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2. pfmdr1-86, 2010, AL (p-value 0.01),

3. pfmrp1-876, 29–42 days since last treatment, DP (p-value = 0.03),

4. pfmdr1-86, 2009, AL (p-value 0.03),

5. pfmdr1-1246, 2012, AL (p-value = 0.08),

6. pfmdr1-184, 57–70 days since last treatment, AL (p-value = 0.08),

7. pfmdr1-86, 2008, DP (p-value = 0.08),

8. pfmdr1-1246, 2009, AL (p-value = 0.10),

9. pfmdr1-1246, 2008, AL (p-value = 0.12),

Hence, in total, 29 individual-SNP subdivisions are analysed under the extended model: 20

pertaining to pfcrt (see panels D and E, figure 4.3) and nine pertaining to pfmrp1 and pfmdr1

(listed above). Of the 20 pertaining to pfcrt, three are found to have statistically significant

inter-child variation based on the auxiliary study (section B.2). In order of increasing p-values,

these are

1. pfcrt-76, 29–42 days since last treatment, AL (p-value = 0.06),

2. pfcrt-76, 43–56 days since last treatment, AL (p-value = 0.06),

3. pfcrt-76, 2011, AL (p-value = 0.13).

Data analysis

For each of the 29 individual-SNP subdivisions selected for analysis, five chains are run for

10,000 iterations using the πππpopulation proposal on the real line, since it is found to be marginally

more efficient than that on the simplex (see section 5.4.2). The hyperparameters are a = 2,

s = 100, ααα = (1,1), λ = 2.94 and mmax = 8. The prior on mi child is a truncated geometric prior

(identical to that used to analyse the Ugandan data in the previous chapter).
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5.5.2 Results

Based on trace plots and PSRFs, the analyses of all 29 individual-SNP Ugandan data subdivi-

sions converge. In general, the diagnostic plots are exemplary. Overlap between the chain-wise

posterior density estimates is virtually-perfect for all but three subdivisions, for which overlap

is near-perfect. There are numerous cases of high πpopulationr and σ auto-correlation, however.

The worse case scenarios for pfcrt and pfmrp1 are mentioned in the text below. For pfmdr1,

very high πpopulationr autocorrelation is observed for pfmdr1-184, AL, 57–70 days since last

treatment; relatively high πpopulationr and σ autocorrelation for pfmdr1-86, DP, 2008; and

medium πpopulationr autocorrelation for pfmdr1-1246, AL, 2012. In addition, it is noted that,

for all but five of the pfcrt-76 subdivisions (AL, 2012; DP, 2012; and DP 43–56, 57–70 and

> 70 days since last treatment), the log-posterior densities are bottom heavy with high spikes

(ranging 100s of log-posterior units), suggesting the posterior might be highly concentrated but

with heavy tails.

pfcrt subdivisions

A moderate child effect is detected in one of the 20 subdivisions pfcrt subdivisions: AL, 29–42

days since last treatment (orange dashed line, figure 5.10). The child effect also appears to

impact the posterior density estimate of the PfCRT:K76 frequency (grey violin motif, 29–42

days, top left subplot, figure 5.11). However, comparatively high πpopulationr and σ auto-

correlation caution against too much confidence in the result. In any case, the estimate for

AL, 29–42 days has little bearing on the overall trend (figure 5.11a). In fact, the independence

assumption appears to have little bearing on any of the trends (figure 5.11).

pfmdr1 individual-SNP subdivisions

Based on posterior support for low values of σ (figure 5.12a), there is evidence of a child effect

for five of the eight pfmdr1 data subdivisions analysed:
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Figure 5.10: Posterior density estimate of the relatedness parameter, σ , for each of the 20 pfcrt subdivisions. The
lines depict posterior density estimates colour-coded by subdivisions.
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Figure 5.11: Posterior density estimates of the PfCRT:K76 marker frequencies estimated under the models with
(equation (5.1)) and without (equation (3.5)) the child effect taken into account plotted against correlates of time.

1. pfmdr1-86, 29–42 days since last treatment, AL,

2. pfmdr1-86, 2010, AL,

3. pfmdr1-86, 2009, AL,

4. pfmdr1-1246, 2009, AL,

5. pfmdr1-1246, 2008, AL,

four of which are also associated with a shift in the corresponding marginal posterior densities

(figure 5.12b). As anticipated, under the independence assumption, the posterior density

estimates of the majority allele frequencies are more precise and less uniform (closer to one).

The child effect for pfmdr1-1246, AL, 2008, has no impact upon the allele frequency (far

right, figure 5.12b), perhaps because the σ posterior (purple solid line, figure 5.12a) is shifted

rightwards just enough to render the child effect undetectable with respect to the frequency

estimates.
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Figure 5.12: Posterior density estimates based on selected individual-SNP pfmdr1 and pfmrp1 subdivisions. The
data subdivisions are ordered with respect to increasing p-values (see list above, section 5.5.1)
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pfmrp1 individual-SNP subdivision

The yellow, solid line in figure 5.12 suggests there is a relatively moderate child effect for the

one pfmrp1 subdivision analysed. However, high σ auto-correlation cautions against too much

confidence in the result. In any case, the child effect has no impact upon the marginal posterior

density estimate of the minor allele frequency (leftmost blue violin motif, figure 5.12b).

5.6 Discussion

The aim of this chapter is to investigate an assumption made in the previous chapter, namely

that all malaria episodes within a given subdivision of the data are independent, with a view

to assessing of how it might shape our scientific interpretation of the results. To assess the

impact of the assumption, results generated under the original haplotype-frequency model

(equation (3.5)) are compared with results generated under an extended model (equation (5.1)).

Implementation of the extended model is viable for individual-SNP data, enabling direct

assessment of the allele frequency trends corresponding to PfCRT:K76, but prohibitively slow

for triple-SNP data. Consequently, nSNP-wise pfmdr1 and pfmrp1 data are analysed, allowing

for indirect assessment of the impact of the assumption on the pfmdr1 and pfmrp1 haplotype

frequencies. The results suggest the independence assumption is reasonable with regards to

the pfcrt-K76 frequency trends. For the pfmdr1 haplotype frequency trends, the assumption is

likely to have a small effect, but unlikely to change the overall trend. The results are discussed

in more detail below.

The impact of the independence assumption upon the allele frequencies corresponding to

PfCRT:K76 is either negligible or small, with only one exception (29–42 days, top subplot,

figure 5.11), which has no bearing on the overall trend. Similarly, the assumption has little

impact upon the pfmrp1-876 allele frequencies of the one pfmrp1 subdivision analysed (leftmost

blue violin motif, figure 5.12). On the contrary, the independence assumption has a notable
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impact upon the population-level allele frequencies of four of the eight pfmdr1 subdivisions

analysed (figure 5.12). These are

1. pfmdr1-86, 29–42 days since last treatment, AL,

2. pfmdr1-86, 2010, AL,

3. pfmdr1-86, 2009, AL,

4. pfmdr1-1246, 2009, AL.

Since pfmdr1 subdivisions pertaining to AL, 2009, 2010, and 29–42 days since last treatment

are impacted by the independence assumption at the level of a single nSNP (figure 5.12), it is

posited that the same three subdivisions will be impacted at the level of the haplotype. More

specifically, given the allele frequencies (figure 5.12) and the prior impact of σ on πππchild,

the pfmdr1 AL, 2009 and 2010 and 29–42 days since last treatment haplotype frequencies

(figures 4.12 and 4.12, respectively) are likely to be spuriously precise, and some may be

underestimated. The impact upon the haplotype frequencies is expected to be less than that

on allele frequencies, however, since for AL, 2010 and 29–42 days since last treatment, only

one of three pfmdr1 nSNP (codon 86) is affected, while for AL 2009, two of three (codons 86

and 1246) are affected (figure 5.12). Of course, without testing each and every subdivision, the

impact on the analyses of the remaining pfmrp1 and pfmdr1 subdivisions cannot be established

with certainty. There is little ancillary evidence of a child effect in the remaining subdivisions

(see table B.2), however.

The above conjecture assumes that the ancillary study has enough power to detect all

subdivisions for which a child effect is likely to have an impact upon the population-level allele

frequencies. From the ordering of individual-SNP subdivisions (in order of their respective

p-values) in figures 5.12a and 5.12b, it is clear that evidence of a child effect based on the

posterior support of σ is associated with an impact on the posterior frequency estimate, but does

not agree entirely with evidence derived from the ancillary study. To test the power assumption,
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each and every subdivision could be analysed. Ideally, however, one would focus on improving

the implementation of the model to enable direct analysis of triple-nSNP data.

As indicated above, the failure to converge for triple-SNP data calls for a more efficient

sampler. It is well known that posterior correlation between parameters restricts the mobility

of the Gibbs sampler [213], because the sampler takes smaller steps and therefore more time

to explore the posterior distribution as demonstrated in Figure 5.13, which is adapted from

figures 11.2 and 11.3 in [88]. As such, a measure that reduces correlation (for example, a

parameter transformation or the addition of an auxiliary variable) could accelerate convergence

[245, 192, 88]. Similarly, a joint update (of πππchild and πππpopulation, say) could improve efficiency

[213]. With regards to the existing Metropolis-Hastings update, one could replace ΣΣΣ (equation

(5.6)) with a scaled estimate of the covariance at the mode of the target density (which can

be updated along the run of the algorithm as in [93]), or utilise the Langevin algorithm to

manoeuvre the proposal in a favourable direction (as dictated by the gradient of the log target

density) [214]. Alternatively, a more advanced sampler could be employed. Parallel tempering,

for example, makes use of auxiliary chains with dampened modes to improve the mobility

of the target chain [146], whereas Hamiltonian Monte Carlo uses a ‘momentum’ variable

to propel the sampler through the parameter space [67] (also see [35]). A variation of the

Hamiltonian Monte Carlo algorithm [103] can be implemented in STAN [235], a probabilistic

programming language. However, given the spiky posteriors seen for the pfcrt subdivisions,

parallel tempering might be the sensible next option.

Returning to the results obtained for pfmdr1, there is clear evidence of a child effect for

pfmdr1-86, AL, 29–42 days since last treatment; pfmdr1-86, AL, 2010 and 2009; and pfmdr1-

1246, AL, 2009 and 2008 (figure 5.12). It is tempting to suggest that there may be some

intrinsic relationship between the host immune system and the drug resistant nSNPs pfmdr1-86

and pfmdr1-1246. However, to the best of our knowledge, there is no evidence to support this.

Prevailing wisdom appears to endorse the view that, “The immune response kills parasites
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Figure 5.13: Posterior correlation and the Gibbs sampler. The plots show two different Gibbs samplers (black
lines), both simulating from bivariate unit normal distributions (grey contours), one with zero correlation, ρ = 0
(5.13a and 5.13b) and one with ρ = 0.996 (5.13c and 5.13d) after 50 (5.13a and 5.13c) and 500 (5.13b and 5.13d)
iterations. Both samplers start at 2 (black points). Neither have converged after 50 iterations, but the sampler
simulating from the distribution with zero correlation has explored more of its target distribution (5.13a). After
500 iterations the sampler simulating from the distribution with zero correlation is nearer to convergence (5.13b),
while the sampler simulating from the distribution with high correlation is yet to fully explore its target distribution
(5.13d).
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irrespective of their sensitivity to antimalarial drugs.” [273]. Moreover, if an innate interaction

between the drug resistant nSNPs and the host immune system does exist, one might expect

all pfmdr1-86 and pfmdr1-1246 subdivisions to show evidence of a child effect, regardless of

the drug arm, year or immediacy since last treatment. Nonetheless, inter-individual variation

in immunity may play a role. Imagine, for example, a child who suffers more frequent bouts

of malaria than the average child. He or she will receive more frequent treatment, thus spend

more time with sub-therapeutic residual drug in his or her blood. Sub-therapeutic residual drug

acts as a filter upon reinfection, selecting resistant parasites [273]. Consequently, the child who

is more frequently sick is more likely to present with the resistant parasites upon reinfection.

As such, we might expect biases in favour of pfmdr1-N86 and pfmdr1-D1246 in the AL arm

under the model that does not take the child effect into account, consistent with the results

observed (figure 5.12b). Of course, other factors that lead to inter-child diversity might also

play a role (for example, drug metabolism [94], sickle cell trait [227] or sleeping under a bed

net [49]). Recrudescence is also possible, although less that 1% of infections are classified

as recrudescent in the Ugandan study [51]. It can therefore be safely assumed that almost all

recurrent episodes are due to reinfection.

Finally, it is noted that, in the previous chapter, the pfmdr1 haplotype frequencies are

regressed onto correlates of time. The obvious next step would be to repeat the regression

but with frequencies estimated under the extended model (equation (5.1)). In the previous

chapter, a separate regression is fit for each of the R haplotypes, and conditional independence is

assumed between the frequencies, πr1, . . . ,πrK , that featured in the regression (equation (4.2)).

Yet within a given drug arm, children not only feature multiple times within a subdivision, they

also feature multiple times across the K subdivisions (figure 4.1). At the population level, one

could model dependence between the πr1, . . . ,πrK using a K×K covariance matrix that is not

proportional to the identity matrix. This does not capture dependence between the R haplotypes,

however, nor does it take into account dependence between the K subdivisions at the level of
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the child (between πππchildAL,2008 and πππchildAL,2009 say). To capture dependence between the

haplotypes and at the level of the child, a joint model that both estimates frequencies and

regression coefficients is required.





Chapter 6

Frequency estimation using short-read

sequencing data

6.1 Background

The data that have featured in this thesis thus far are prevalence data (categorical variables

indicating whether or not wild and/or mutant type alleles have been detected at genotyped SNPs

(see section 1.2.2 for more details)). Prevalence data are routinely generated for surveillance of

antimalarial resistance, hence most models capable of generating estimates of malaria haplotype

frequencies have been designed to analyse prevalence data [39, 102, 224, 129, 95, 276, 125, 223,

248]. Other types of data include sequencing data [143]. Sequencing methods are numerous,

including many next generation technologies capable of generating an unprecedented volume

of highly resolved genomic data [143]. For reasons explained below, sequencing is not yet

amenable for routine surveillance of antimalarial resistance. Nevertheless, with a view to what

lies ahead, we present a modification of our original model to accommodate Illumina short-read

sequencing data, a common type of next generation sequencing data [151]. This chapter is

intended as an exploratory study with the expectation of future elaboration.

In the field of malaria, sequencing data are commonly used in genome-wide association stud-
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ies [14, 44, 154, 242] and to study population genetics [262, 142]. Despite rapidly decreasing

costs [269], they remain prohibitively expensive for routine surveillance. Moreover, sequencing

typically requires a comparatively large quantity of uncontaminated parasite DNA, which, in

turn, requires a comparatively high-volume of blood. High volumes of blood necessitate blood

collection by venipuncture [111], which is not readily deployable for routine surveillance in

the field. Furthermore, high volumes of blood necessitate thorough decontamination, requiring

technical expertise [37]. Despite the challenges facing sequencing for routine surveillance,

sequencing plays a critical role in the surveillance of artemisinin resistance [217]. This is

because the list of pfkelch13 mutations associated with prolonged parasite clearance is still

evolving, and sequencing can detect unanticipated mutations, whereas genotyping generally

cannot [217]. Given the wealth of information in next generation sequencing data, innovative

methods to sequence DNA extracted from filter paper blood samples are being developed [177].

Positive rapid diagnostic tests have also proven to be valuable source of P. falciparum DNA for

monitoring resistance [191], their retention for sequencing has been proposed [217].

Illumina sequencing of P. falciparum DNA extracted from a blood sample generates millions

of reads of the genetic template [151], which are typically mapped onto a reference genome

such as that of clone 3D7 (see figure 6.1 for an example of mapped reads). Since there is more

than one genetically distinct template in a multiclonal sample, reads from a multiclonal blood

sample will differ at heteroallellic SNPs (for example, positions 2, 4, 8 and 11, figure 6.2). For

a given heteroallelic SNP, the within-sample frequency (termed probability in figure 6.2) of a

particular allele is equal to the allele read count divided by the total read count. For example,

in figure 6.2, the adenine frequency at position 2 is between 0.3 and 0.4.

Although allele frequencies can be obtained directly from short-read sequencing data,

long-range haplotype frequencies cannot [247]. Many statistical models have been proposed to

estimate haplotype frequencies from short-read data generated by sequencing metagenomic

pools [306, 134, 117, 185]. Most aim to estimate within-pool haplotype frequencies. O’Brien
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Figure 6.1: An example of the total read count per position in the genomic region of pfdhfr. The total read count
per position is depicted by a blue line. It is calculated using the function coverage from the R package IRanges
[128]. It is based on thousands of short-reads (represented by grey/black stacks) mapped to the canonical P.
falciparum genome 3D7 [85]. The reads are generated by Illumina sequencing of P. falciparum DNA extracted
from a blood sample collected from a malaria patient in Northern Ghana (see [8] for details). They are plotted
using the function plotRanges, which can be found in the vignette of the R IRanges package [128]. The coding
region of pfdhfr is indicated by a white horizontal line. The central positions of codons 51, 59 and 108 are denoted
by white vertical lines.
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Figure 6.2: Nucleotide assignment and allele frequencies determined by Illumina sequencing of P. falciparum
DNA extracted from a blood sample collected from a malaria patient in Northern Ghana (see [8] for details). The
genomic positions correspond to position 1 to 3 of codons 51, 59, 108 in pfdhfr and codons 437 and 540 in pfdhps.
Letters represent nucleotides (Adenine, Guanine, Cytosine and Thymine). At each position, the height of a given
letter is equal to the corresponding nucleotide allele frequency (labelled probability on the vertical axis). The
allele frequency is equal to the allele read count dived by the total read count. The figure is generated in R [210]
using the function seqLogo from the package seqLogo [25].

et al. [185], for example, infer sample-wise haplotype frequencies for numerous samples, each

of which is treated as a pool. O’Brien et al. model read counts using a binomial likelihood.

Following [185], we replace the original likelihood function of our original model (equation

(3.6)) with a binomial likelihood, thereby accommodating short-read data.

To demonstrate the utility of the modified model, pre-existing short-read sequencing data

from Ghana are analysed. The data are described in detail elsewhere [8]. In summary, they were

generated by Illumina sequencing of P. falciparum DNA purified from blood samples collected

between August 2009 and November 2011 from all-age patients presenting with uncomplicated

malaria at the Kologo Health Clinic in the Kassena-Nankana District (KND) of Northern Ghana

[8]. To assess the extent of anti-folate resistance in the KND, the genomes were sequenced in

the regions of pfdhfr and pfdhps (positions 748088 to 749914 on chromosome 4, and positions

548200 to 550616 on chromosome 8, respectively, of version 3.0 of Pf 3D7) (see PlasmoDB

[20]). The reads were mapped to the canonical reference, 3D7 [85] (see figure 6.1 for an

example of mapped reads).

The modified model proposed here (figure 6.3) has practically the same framework as

http://www.plasmodb.org/plasmo/
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that of the original model (figure 3.1), including the prior on the MOI with parameter λ

and maximum MOI mmax. In previous chapters, λ and mmax are set equal to estimates of

the average and maximum MOI, respectively, based on auxiliary MOI data. Auxiliary MOI

data are not available for the 50 Ghanaian samples. Instead, Amenga-Etego found high

within-host genetic diversity based on Fws scores [8], population-normalised measures of the

genome-wide proportions of heteroallelic SNPs [142]. Due to the reportedly high within-host

genetic diversity, MOI estimation by conventional PCR methods was deemed to be extremely

challenging [8]. As such, MOI data are not available, leading us to base values of λ and

mmax on literature derived estimates. We identified five studies concerning estimates of MOI

in the KND [189, 221, 75, 33, 81]. All five relate to subsets of the data described in [221],

which are derived from samples collected between July 2000 and May 2001 from all-aged,

asymptomatic P. falciparum positive individuals. Based on the full dataset, estimates of the

average and maximum MOIs are 3.16 and 8, respectively, the latter being the upper limit of the

experimental method [221]. That said, due to complex infection dynamics, at any given point

in time, the fraction of detectable clones circulating in an infected individual is thought to be

≈ 50% of the total [33], suggesting the true all-age average is approximately 2×3.16 = 6.32.

Moreover, when MOI estimates are stratified by age, sample means vary considerably, and

inferred estimates are thought to reach as high as 19 [81]. Given the wide range of possible

values for λ and mmax, in this chapter the data are analysed under three different hyperparameter

assignments (see section 6.2.4). The fit is compared using model checks based on deviance

(outlined in section 6.2.5).

The aim of this chapter is to expand the statistical toolbox for the genetic surveillance

of antimalarial resistance. More specifically, we plan to modify the model documented in

chapter 3 to enable analysis of short-reading sequencing data. In addition, we aim to assess the

performance of the model using simulated data, and to apply the modified model to previously

published data from Ghana, thereby demonstrating the capacity for model checking under the
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modified model, while garnering insight into the level of anti-folate resistance in Ghana.

This chapter is outlined as follows. In the next section we describe the likelihood modifi-

cation (subsection 6.2.1), the sampler used to implement the modified model (6.2.2), the data

simulated to assess model performance (6.2.3), the formatting of the Ghanaian data required to

fit the modified model (6.2.4) and a suite of model checks (6.2.5). In the results section (section

6.3), we concentrate first on the simulated study (6.3.1), then on the Ghanaian results (6.3.2).

The chapter ends with a discussion (section 6.4)

6.2 Methods

6.2.1 The modified model

The model designed to analyse short-read data is a modification of the original model (equation

3.1), the only difference being the likelihood. Details of the original model can be found in

chapter 3. Herein we focus on the modified likelihood (equation (6.2)), followed by a summary

of the posterior decomposition in light of the modified likelihood (equation (6.4)).

Let yi j denote the read count of the mutant type allele in the ith blood sample at the jth

SNP and zi j denote the total read count. Treating zi j as a non-stochastic observation and yi j

as a datum, the framework of the modified model (figure 6.3) is almost identical to that of the

original model (figure 3.1), the only difference being the dependence upon zi j. To capture the

dependence upon zi j, a binomial likelihood following [185] is proposed,

ρ(yyyi | aaai) =
J

∏
j=1

{
ρ
(
yi j | zi j, pi j

)}
(6.1)

=
J

∏
j=1

{
Binomial

(
yi j | zi j, pi j

)}
, (6.2)

where aaai is the vector of haplotype counts for the ith sample (see table 3.1 for a full list of

notation), and where pi j is the proportion of a mutant alleles. That is, the number of haplotypes
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in the ith blood sample with the mutant type allele at the jth SNP (aaai ·hhh j, where hhh j is a column

vector enlisting the allele states of the R possible haplotypes at the jth SNP), normalised by the

total number of haplotypes in the ith blood sample (mi = ∑
R
r=1 air),

pi j =
aaai ·hhh j

∑
R
r=1 air

. (6.3)

Note that equation (6.3) is the same as equation (3.7), hence we retain the simplifying assump-

tion that all haplotypes are unequivocally detected (see the note under equation (3.7) for an

illustrative example). Also note that under the proposed likelihood (equation (6.2)), yi j are

conditionally independent given zi j and pi j, hence any information captured on reads spanning

multiple SNPs (for example, reads spanning nSNPs in codons 51 and 59, figure 6.1) will be

lost. The joint posterior density of the modified model is still captured by equation (3.5), but

with likelihood given by equation (6.2) above. For example, the joint posterior density of the

modified model with a truncated Poisson prior on the MOI is1,

ρ (πππ,aaa,mmm | yyy) ∝

I

∏
i=1

{
J

∏
j=1

{
Binomial

(
yi j | zi j, pi j

)}
M ultinomial(aaai | mi,πππ)

×Poissontrunctated (mi | λ ,mimin,mmax)

}
D irichlet(πππ | ααα) , (6.4)

where πππ = (π1, . . . ,πR) is the vector of R population-level haplotype frequencies; aaa denotes the

collection of sample-wise haplotype count vectors, aaai for i = 1, . . . I; mmm denotes the collection

of sample-wise MOIs, mi for i = 1, . . . I; mimin and mmax denote the lower and upper bounds of

the prior on the MOI; and λ and ααα = (α1, . . . ,αR) are hyperparameters of the distributions on

mi and πππ , respectively (see section 3.2 for a full list of notation). Note that we could specify a

different distribution on the MOI (see equation (6.6) for example).

1Note that zi j for i = 1, . . . I and j = 1, . . . ,J do not feature in the notation ρ (πππ,aaa,mmm | yyy) since they are treated
as non-stochastic observations.
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Figure 6.3: Haplotype frequency estimation model for short-read sequencing data. The graph shows the model
quantities and their conditional dependencies. The data, yi j for I = 1, . . . , I and j = 1 . . . ,J, are represented
by a square with hard edges. The total read counts, zi j for I = 1, . . . , I and j = 1 . . . ,J, are represented by
a square with round edges. Ellipses denote unobserved parameters: the vectors of haplotype counts, aaai for
I = 1, . . . , I; the MOIs, mi for I = 1, . . . , I; and the vector of haplotype frequencies, πππ . The diamonds represent
the hyperparameters on mi and πππ (λ and ααα , respectively). The density of the full model factorises as follows:
ρ (πππ,aaa,mmm,yyy) = ρ (yyy | aaa)ρ (aaa | mmm,πππ)ρ (mmm)ρ (πππ). Note that zi j for i = 1, . . . I and j = 1, . . . ,J do not feature in the
notation since they are treated as non-stochastic observations.
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6.2.2 The sampler

The sampler described previously (section 3.2.4) is used to sample from the full posterior of

the modified model (equation (6.4)), the only difference being Binomial
(
yyyi j | zi j, pi j

)
instead

of equation (3.6) is plugged into equation (3.15). To assess convergence, five chains of the

sampler are run for each analysis and trace plots visually inspected. In addition, PSRFs are

calculated using the function gelman.diag from the package CODA [207]. Each chain is run

for T iterations per analysis and the first half discarded as burnin. Initially the sampler was run

for T = 10,000 iterations, but the sampler did not converge, hence, herein, the sampler is rerun

for T > 10,000 with different thinning intervals (see section 6.3 for final values of T ). A full

suite of diagnostic plots is generated and examined for each MCMC run.

6.2.3 Simulated data

For one to five SNPs, three different datasets are simulated, each with 100 blood samples. A

vector of haplotype frequencies is drawn from a uniform Dirichlet prior. MOIs are drawn from

a non-zero conditioned Poisson distribution with mean equal to three. Total read counts are

based on those from the Ghanaian dataset sampled with replacement with added Poisson noise.

Haplotype counts vectors are drawn from the multinomial prior (equation (3.8)), mutant allele

proportions calculated according to equation (6.3), and mutant read counts drawn from the

binomial likelihood (equation (6.2)). All 15 simulated datasets are analysed under the modified

model (equation (6.4)), as well as the original haplotype-frequency estimation model (equation

(3.5)), with ααα = (1, . . . ,1), λ = 3, and mmax = 8. For the analyses under the original model
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(equation (3.5)), the short-read sequencing data are summarised as prevalence data as follows,

f
(

yi j

zi j

)
=


0 if yi j/zi j = 0

1 if yi j/zi j = 1

0.5 otherwise.

(6.5)

6.2.4 Formatting the Ghanaian data

To demonstrate the utility of the modified model (equation (6.4)), data derived from I = 50

Ghanaian samples are analysed (see [8] for full details of the data). A brief overview of the

Ghanaian data can be found in section 6.1. Here we focus on how the data are formatted

in preparation for fitting the model. The data are formatted in R [210] using a suite of

functions from the packages Rsamtools [160], GenomicAlignments [128], IRanges [128],

GenomicRanges [128] and Biostrings [190]. In summary, the mapped reads are extracted

from the BAM files in which they are stored (one file per blood sample). A pile-up matrix of

reads per nucleotide base per position is generated for each genomic region per blood sample.

Base calls with mapping qualities less than 30 are ignored when summarising the pile-up

matrix, as are reads with mapping qualities less than 30. The minority read threshold is set

equal to 2. Reads corresponding to nSNPs associated with amino acid changes N51I, C59R

and S108N in PfDHFR and amino acid changes A437G and K540E in PfDHPS are extracted.

(Note that throughout this thesis bold font is used to distinguish mutant type alleles from wild

type alleles.) Read counts are characterised as either mutant type or wild type according to the

amino acids they encode. There are no unidentified base calls nor missing data. For the ith

blood sample at the jth nSNP, the mutant allele read count is stored in yi j and the total read

count stored in zi j. The Ghanaian data are analysed under the modified model (equation (6.4)).

To determine the best distribution for the prior on mi, four different distributions are considered:
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λ mmax Reason for choice of hyperparameter values
3.16 8 Sample estimates reported by Sama et al. [221]
6.32 16 On account of the 50% detectability reported by Bretscher et al. [33]
15 20† λ based on model inference reported by Felger et al. [81]

Table 6.1: Three hyperparameter assignments (one per row). The reason for the choice of λ and mmax is stated.
†Standard errors are not reported in [81], hence the upper bound is somewhat arbitrary.

equations (3.10) to (3.13), summarised below,

ρ(mi) =



U niform(mi | mimin,mmax),

Poissontruncated(mi | λ ,mimin,mmax),

G eometrictruncated(mi | λ ,mimin,mmax) and

N egative Binomialtruncated(mi | λ ,φ = 10,mimin,mmax).

(6.6)

Of 50 samples, 26 are heteroallelic at one or more of the J = 5 nSNPs listed above, but all

50 samples have at least one heteroallelic loci across the genomic regions sequenced, hence

mimin = 2 for i = 1, . . .50. Given the wide range of possible values for λ and mmax (see section

6.1), three different sets of λ and mmax are considered (table 6.1). In total, the Ghanaian

dataset is thus analysed under 12 different prior combinations (once for each of the three sets

of hyperparameter assignments summarised in table 6.1, under each of the four distributions

listed in equation (6.6)). Posterior predictive checks (section 6.2.5) are used to assess fit of

each prior combination to the data.

6.2.5 Model checking

Following [88], posterior predictive checks are used to assess the adequacy of the model fit.

More specifically, replicate data are compared to observed data (replicate data that resemble the

observed data are indicative of model fit, since they imply that data that resemble the observed

data are feasible under the model). To assess the similarity between observed and replicate
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data, graphical summaries are plotted side by side. The discrepancy between the replicate and

observed data is measured quantitatively using an a posteriori diagnostic, the deviance at the

posterior means of the haplotype count vectors. Deviance can also be incorporated into an

estimator of model selection, the deviance information criterion (DIC) [233]. The DIC is a

measure of the tradeoff between the fit of the model and its complexity. It is easily calculable

given the MCMC output and deviance at the posterior means [233], and therefore is a natural

complement to posterior predictive checks based on deviance. Replicate data, their graphical

summaries, the deviance test statistic and the DIC are outlined in detail below.

Replicate data: For each of the 12 prior combinations, ten thousand replicate datasets,

{yyyrepl}10,000
l=1 , are generated as follows. Recall that aaa denotes a collection of haplotype vectors,

aaai for i = 1, . . . , I, where I = 50 in the Ghanaian dataset. Ten thousand aaa are drawn uniformly

at random from the MCMC samples of all five chains combined, {πππn,aaan,mmmn}25,000
n=1 . Let{

aaal}10,000
l=1 denote the sample of ten thousand aaa. For each aaal

i ∈ aaal , pl
i j =

(
aaal

i ·hhh j
)
/∑

J
j=1 al

i j is

calculated. The elements of the lth replicate dataset, yrepl
i j , are sampled according to,

yrepl
i j ∼Binomial

(
· | zi j, pl

i j

)
for j = 1, . . .5 and i = 1, . . .50. (6.7)

Graphical summaries of replicate data: To visually compare the replicate and observed

data, a graphical summary of the observed dataset is plotted alongside graphical summaries

of the replicate datasets. Under each prior combination, the replicate datasets are sampled

uniformly at random from the 10,000 generated. To highlight any patterns in the data, graphical

summaries are constructed as follows. First, the mutant read counts are normalised by the

total read counts, yi j/zi j, for j = 1, . . .5 and i = 1, . . .50. The columns and rows of the 50×5

matrix yyy/zzz are then arranged in order of decreasing column and row sums. The ordered matrix

is plotted as a heat map with greyscale ranging from white to black proportional to yi j/zi j ∈ [0,1].

Heat maps of normalised replicate datasets are then plotted alongside the observed data. The
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columns and rows of the heat maps of the normalised replicate datasets are arranged in the

same order as the columns and rows of the heat map of the observed dataset. Hence, cells

across multiple heat maps are comparable to one another.

The deviance at the posterior means of the haplotype count vectors: A quantitive mea-

sure of the difference between the observed and replicate data is based on the deviance, D, at

the posterior means of the haplotype count vectors, âaai =
1

25,000
∑

25,000
n=1 aaan

i for i = 1, . . . ,50.

Deviance is a measure of prediction error, equal to twice the negative log-likelihood (page 185

[88]). For l = 1, . . . ,10,000, the deviance of the replicate datasets at the posterior means, âaai for

i = 1, . . . ,50, is calculated as follows,

D(yyyrepl , âaa) =−2log{ρ(yyyrepl , âaa)} ,

=−2 log

{
I

∏
i=1

{
J

∏
j=1

{
ρ(yrepl

i j | âaai)
}}}

,

=−2 log

{
I

∏
i=1

{
J

∏
j=1

{
Binomial

(
yrepl

i j | zi j, p̂i j

)}}}
(6.8)

where p̂i j = (âaai ·hhh j)/∑
J
j=1 âi j. The deviance of the replicate data at the posterior means (equation

(6.8)) is compared with the deviance of the observed data at the posterior means,

D(yyy, âaa) =−2 log

{
I

∏
i=1

{
J

∏
j=1

{
Binomial

(
yi j | zi j, p̂i j

)}}}
, (6.9)

by plotting a density estimate of the distribution over
{

D(yyyrep l, âaa)
}10,000

l=1 and a vertical line at

the point D(yyy, âaa) for each of the 12 prior combinations considered. If the vertical line falls in

the tail of the density estimate, the check implies the probability of a replicate dataset having a

deviance as extreme as the observed data is low under the model, hence inadequate fit with

respect to the deviance at the posterior means of the haplotype count vectors.
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DIC: Model selection is based on the DIC,

DIC = E[D(yyy,aaal)]+ pD. (6.10)

The DIC measures the tradeoff between model fit and model complexity [233, 212]. Under the

DIC, model fit is measured by expected deviance averaged over the entire MCMC sample,

E[D(yyy,aaan)] =
1

25,000

25,000

∑
n=1
{−2 log{ρ(yyy | aaan)}}

=
1

25,000

25,000

∑
n=1

{
−2 log

{
I

∏
i=1

{
J

∏
j=1

{
ρ(yi j | aaan

i )
}}}}

=
1

25,000

25,000

∑
n=1

{
−2 log

{
I

∏
i=1

{
J

∏
j=1

{
Binomial(yi j | zi j, pn

i j)
}}}}

, (6.11)

where pn
i j =

(aaan
i ·hhh j)/∑

J
j=1 an

i j. Model complexity is measured by the difference between the

expected deviance (equation (6.11)) and the deviance of the observed data at the posterior

means (equation (6.9)),

pD = E[D(yyy,aaan)]−D(yyy, âaa). (6.12)

The model with the lowest expected deviance can be seen to provide the best fit to the data,

whereas the model with the lowest DIC is considered the best model in light of model complexity

[233, 212].

6.3 Results

6.3.1 Simulated data

Based on both visual inspection of trace plots and PSRFs being≤ 1.1, the sampler converges for

datasets with J = 1 and for two of the three datasets with J = 2. For J = 1 the diagnostic plots

are exemplary, aside from some autocorrelated mi trace plots, and the posterior density estimates
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of the frequencies, πr, are highly accurate (blue violin motifs, figure 6.4a). As J increases, so

too does πr autocorrelation, leading to autocorrelated πr trace plots. Based on visual inspection

of log-posterior trace plots and PSRFs, the sampler fails to converge for J > 2. Trace plots of

the log-likelihood are stable, however. The stability of the log-likelihood versus the instability

of the log-posterior suggests the sampler explores regions of differing probability under the

prior but equal probability under the likelihood. Hence, despite not having formally converged,

the πr density estimates (blue violin motifs, figure 6.4b) concentrate around the simulated

πr values (black dots, figure 6.4b). Plots of the posterior MOI samples suggest the posterior

MOI mass is highly concentrated on the simulated values, generating autocorrelated MCMC

samples but relatively accurate mi point estimates (figure 6.5a). When the log-likelihood is

set equal to zero and the sampler run on datasets with entirely missing genotype outcomes

for J ∈ {1, . . . ,5} the model returns both the prior on mi and πr as anticipated. In conclusion,

the sampler appears to be drawing from the correct distribution but inefficiently. When the

original model designed for prevalence data (equation (3.5)) is fit to the short-read data mapped

to prevalence data, the corresponding sampler (see section 3.2.4) converges after ≤50,000

iterations. Aside from moderate πr autocorrelation for J ∈ {2,3,4,5}, the diagnostic plots are

exemplary. Under the model designed for prevalence data, the posterior density estimates of πr

are practically the same as those generated under the modified model (compare blue and red

violin motifs, figure 6.4), while mi posterior point estimates are improved (compare figure 6.5a

with figure 6.5b).

6.3.2 Ghanaian data

First the data are analysed under the model with

ρ(mi) = Poissontruncated(mi | λ = 3.16,mmin = 2,mmax = 8).
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(b) Data simulated with three SNPs

Figure 6.4: Frequency estimates based on simulated data analysed under the original haplotype frequency
estimation model (the prevalence model, equation (3.5)) and the model modified to accommodate short-read
sequencing data (equation (6.4)). The plots depict chain-wise marginal posterior density estimates. The density
estimates generated under the prevalence model (depicted in red) are shifted to the left to aid visibility. Under the
prevalence model (equation (3.5)), the short-read data are summarised as prevalence data using equation (6.5).
Since the data are simulated, the sample frequencies (black dots) are known.
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Figure 6.5: MOI estimates based on simulated data analysed under the original model designed for prevalence data
and the model modified to accommodate short-read sequencing data. The plots show the ‘True’ simulated MOI,
mi, versus the posterior modal estimates for 15 datasets, each with i = 1, . . . ,100 blood samples hence MOIs. The
MOIs are jittered to aid visibility. The transparency of the points is inversely proportional to the posterior mass.
Both plots are based on the same data. Before applying the prevalence model (equation (3.5)), the short-read data
are mapped to prevalence data using equation (6.5).
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Figure 6.6: Frequency estimates for the Ghanaian data analysed using the sampler run for different numbers of
iterations. The plot shows chain-wise marginal posterior density estimates of the genotype frequencies, πr for
r = 1, . . . ,17, generated under the short-read model with a truncated Poisson prior on the MOI with λ = 3.16,
mmin = 2 and mmax = 8. Genotypes are denoted by their corresponding amino acid sequences.

The sampler is run for 10,000 to 25,000,000 iterations yet fails to converge based on log-

posterior trace plots and PSRFs (4 of 17 πr PSRFs are between 1.1 and 1.5, when, ideally, they

should be ≤ 1.1 [88]), similar to results based on simulated data (section 6.3.1, above). Also

similar to results based on simulated data, visual inspection reveals that the log-likelihoods

are stable for 10,000 iterations plus, explaining why posterior density estimates of πr (figure

6.6), posterior modal estimates of the MOI (figure 6.7) and deviance summaries (figure 6.8)

are stable. In summary, it seems that the sampler rapidly converges upon a set of parameter

values that have high explanatory power with regards to the data, while proceeding to explore

space that has higher probability under the prior. Consequently, the sampler appears not to have

converged when, for the purposes of frequency estimation, it has. Based on this understanding,

for the 12 analyses under the different prior combinations proposed for comparison (see section

6.2.4), five chains of the sampler are run for 10,000 iterations each.
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Figure 6.7: MOI estimates for the Ghanaian data analysed using the sampler run for different numbers of iterations.
For each sample, the plot shows the posterior mode generated under the short-read model (equation (6.4)) with
a truncated Poisson prior on the MOI with λ = 3.16, mmin = 2 and mmax = 8. The transparency of the points is
inversely proportional to the posterior mass. The MOI estimates are jittered slightly for visibility.
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Figure 6.8: Deviance summaries versus iterations. The deviance summaries are generated by fitting the short-read
model with a truncated Poisson prior on the MOI with λ = 3.16, mmin = 2 and mmax = 8 to the Ghanaian data.
The model is fit using the sampler run for different numbers of iterations.

As anticipated, not one of the 12 analyses proposed for comparison formally converges

after 10,000 iterations, but the log-likelihood is stable and the πr traces mix well, leading to

near-perfect overlap of the marginal posterior density estimates of πr. Many of the mi trace plots

are strongly autocorrelated (some acceptance rates approach zero), suggesting the posterior

MOI distributions might be highly concentrated. Moreover, numerous posterior modes equal

mmax, suggesting mmax might be too restrictive. In fact, of the 12 analyses performed, the prior

combination

ρ(mi) = Poissontruncated(mi | λ = 15,mmin = 2,mmax = 20)

provided the best fit the data in terms of posterior predictive checks based on deviance evaluated

at the point estimates of the haplotype count vectors (figure 6.9), and most preferable in

terms of the DIC (table 6.2). To check if the result holds after more iterations, the data
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Prior distribution
Hyperparameter assignment

λ = 3.16, mmax = 8 λ = 6.32, mmax = 16 λ = 15, mmax = 20
Truncated Poisson 518 (34) 427 (35) 381 (33)
Truncated negative Binomial 510 (34) 422 (35) 395 (35)
Truncated Geometric 506 (33) 425 (36) 413 (36)
Uniform 489 (32) 412 (36) 409 (36)

Table 6.2: DIC with complexity (pD) in parentheses. The table shows the DIC and pD for twelve models differing
with respect to four different prior distributions on the MOI and three different hyperparameter assignments. Each
model is fit to the Ghanaian dataset using the sampler run for 10,000 iterations.

are reanalysed under the model with prior combination ρ(mi) = Poissontruncated(mi | λ =

15,mmin = 2,mmax = 20), by running the sampler for 25,000,000 iterations. The analysis is also

repeated under the model with prior combination ρ(mi) = U niform(mmin = 2,mmax = 20).

Both samples under the prior combinations with mmax = 20 formally converge after 25,000,000

iterations (that is to say, they converge based on the log-posterior traces plots and PSRFs, as

well as the log-likelihood trace plots), and the diagnostic plots are exemplary (the πr traces

mixed well and autocorrelation is low). The prior combination Poissontruncated(mi | λ =

15,mmin = 2,mmax = 20) remains the best fitting option and most preferable in terms of the

DIC. Graphical summaries of replicate data (figure 6.10) show little difference between the

model with a uniform prior with mmax = 20 and a Poisson prior with λ = 15 and mmax = 20.

To assess the sensitivity of the posterior estimates to the hyperparameter assignment, the

results under the best and worst fitting models are compared (figure 6.11). Unsurprisingly given

the vastly different prior support for the MOI, the πr posterior density estimates differ. Note,

however, that the difference in the marginal estimates is statistically insignificant, in that there

is considerable overlap between the 95% credible intervals of the marginal density estimates.

With regards to the posterior point estimates of the sample-wise MOIs (figure 6.12), some of

the point estimates under the Poisson prior with mmax = 8 (green points) are equal to mmax = 8

with high modal mass (depicted by low transparency), suggesting that the upper bound may be

too low. Under the Poisson prior with mmax = 20, posterior mass encompasses most, if not all,

available space (plot not shown), but the modal estimates (blue dots, figure 6.12) are all less
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count vectors (vertical line) for twelve prior combinations, differing with respect to the prior on the MOI.

(a) Observed data, yyy/zzz (b) Replicate data, yyyrep/zzz;
Uniform MOI prior with
mmin = 2, mmax = 20
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Figure 6.10: Visual posterior predictive check: graphical representations of the Ghanaian data (left-most plot),
versus randomly selected replicate datasets generated under three different prior combinations (see subplot
captions), each with mmin = 2. The replicate datasets are generated from random traces drawn from the MCMC
sample having run five chains of the sampler each for 25,000,000 iterations on the Ghanaian data.
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Figure 6.11: Ghanaian genotype frequency estimates. The plot shows chain-wise marginal posterior density
estimates of the genotype frequencies, colour coded by model. Each model is fit by running five chains of the
sampler for 25,000,000 iterations. Genotypes are denoted by their corresponding amino acid sequences.

than the upper bound of 20, with many equal to eight. Under the uniform prior, the posterior

mass is concentrated upon lower MOIs compared to those generated under the Poisson prior

with mmax = 20 (plot not shown), with many modal estimates (red dots, figure 6.12) at the

lower bound (mmin = 2), but some as high as 14.

As an aside, to assess the impact of further increasing the mean and maximum MOI,

additional models with unrealistically high mean and maximum MOIs are run. Under the

uniform distribution, increasing mmax beyond 20 has little effect on the results nor fit (the

extra support being superfluous). Under the Poisson distribution, increasing λ beyond 30 and

mmax beyond 40 has a detrimental effect of the fit (the fit for λ = 30 and mmax = 40 being

approximately the same as that for λ = 15 and mmax = 20).
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Figure 6.12: Ghanaian MOI estimates. For each sample, the plot shows the posterior mode, colour coded by prior
combination (see legend). Each model is fit by running five chains of the sampler for 25,000,000 iterations. The
transparency of the points is inversely proportional to the posterior mass. The MOI mode estimates are jittered
slightly for visibility.
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6.4 Discussion

In this chapter we present a modification to the likelihood of our original model (chapter 3),

to enable the analysis of short-read sequencing data. It is an exploratory chapter, with a view

to developing methods for analysing anticipated P. falciparum sequencing data from samples

collected in regions of high transmission, where multiclonal samples are ubiquitous. Formal

convergence of the sampler is not achieved, but the log-likelihood and posterior estimates are

stable, hence convergence is deemed sufficient for practical purposes. The modification to the

likelihood has little impact upon the posterior density estimates of the haplotype frequencies,

but does affect the posterior estimates of the MOIs. Under the modified model, we are able

to demonstrate the added capacity for model checks, and garner potential insights into the

haplotype frequencies and MOIs of samples collected in Ghana. These findings are explored in

more detail below.

Formal convergence (based on visual inspection of the log-posterior trace plots and PSRFs

of the frequency estimates) proves prohibitively slow for the sampler run both on simulated

data with three or more SNPs, and on the Ghanaian data under the model with prior support

for MOIs less than or equal to eight. Nevertheless, the log-likelihood trace plots are stable

throughout, as are the results for the Ghanaian data (figures 6.6 and 6.7). It seems that the

sampler finds regions of the parameter space that are equal in terms of the likelihood, but

not when the prior is factored in. A more sophisticated sampler is needed to understand and

improve formal convergence. The existing sampler is considered adequate for the exploratory

investigation.

The likelihood modification has little impact upon the posterior density estimates of the

haplotype frequencies, suggesting there is little information to gain from the read counts over

the prevalence data, and that the haplotype frequency estimates are robust to the likelihood

modification. It is worth noting that information regarding multiple variants on the same read

(for example, numerous reads overlap both nSNPs at codons 51 and 59 in dhfr in sample 18
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— see figure 6.1) is ignored. Assuming each count is derived from an independent read is

computationally convenient, but neglects valuable information in the data. As longer reads

become more feasible with advances in sequencing technologies, exploiting such information

will become paramount [185].

Despite no striking differences, density estimates under the modified model are more precise

(figure 6.4). Under the binomial likelihood (equation (6.2)) one would expect a gain in precision

as the total read count per position (zi j) increases. Increased coverage does not necessarily

concord with increased confidence in the biological makeup of the infection, however, since

variation in the number of reads might represent an artefact of the data generating process. A

natural extension to the model framework (figure 6.3) would be to build a probability model

over zi j, incorporating errors in the data generating process. A probability model over zi j

would also enable the analysis of datasets with missing zi j (although, this is not a problem

in our current application). A more realistic model would also incorporate errors in yi j (see,

for instance, the phylogenetic model proposed by O’Brien et al. [185], which is described in

section 2.2.2).

In contrast to the frequency estimates, the impact of the likelihood modification upon the

MOI estimates is notable. There appears to be more information in short-read sequencing data

compared with prevalence data to support posterior MOI estimates (compare figures 6.5a and

6.5b). Because of the paucity of information in the prevalence data, the MOI is treated as a

nuisance parameter in previous chapters. Nonetheless, the MOI is itself the subject of much

research. It is an important measure in the study of population structure [102, 19], and has been

associated with transmission intensity [183, 121, 221, 225, 258], age [183, 121, 230, 189, 157,

91] and clinical status [23, 79, 1, 209, 119, 112, 30]. Consequently, there have been numerous

efforts to statistically estimate the MOI [102, 129, 219, 17, 223, 84, 186] (a number of which

are integrally linked to haplotype frequency estimation [102, 129, 17]). Most recently, a model

by Galinsky et al. [84] set out to estimate the MOI from prevalence data derived from a panel
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Figure 6.13: MOI estimates based on simulated quintuple-SNP data analysed under the modified model. The plot
shows simulated ‘True’ MOIs (horizontal axis) versus posterior modal estimates (vertical axis). Results for three
datasets, each with five SNPs and i = 1, . . . ,100 samples are depicted, hence 300 MOI estimates in total. The
MOIs are jittered to aid visibility. The transparency of the points is inversely proportional to the posterior mass.

of 96 independent SNPs. The results presented here compare favourably with those reported by

Galinsky et al. (compare figure 6.13 with figure 2 in [84]), noting that the results reported here

are based on simulated read data from only five nSNPs associated with drug resistance. Our

results suggest preferential estimates could be obtained if MOI estimation models are adapted

to capture information in short-read sequencing data.

Expanding upon the discussion of the MOI, we turn to the analysis of the Ghanaian data.

Similar to the analyses based on simulated data, the analyses of the Ghanaian data under models

with prior support for MOIs of eight or less do not formally converge, but given the stability of

the log-likelihood trace plots, frequency estimates and MOI estimates, convergence is deemed

sufficient for practical purposes. The model with the support for high MOIs afforded the best

fit to the data in terms of deviance, in support of high MOI estimates reported in the literature

[81], as well as the high level of genetic diversity reported in [8]. In light of the age stratified

results reported in [81], it would be interesting to see if the Ghanaian samples with the highest
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MOI estimates correspond with the age brackets with the highest inferred MOI in [81] (5–9

years and > 60 years) and with the Fws scores reported in [8].

The analyses of the Ghanaian data also demonstrate the added potential for model checks

under the binomial likelihood (equation (6.2)) compared with the likelihood under the model

designed to analyse prevalence data (equation (3.6)). We base model checks on deviance,

however deviance is not the only model check [88], hence additional checks to corroborate

these results would be valuable. The frequency estimates are sensitive to λ and mmax (figure

6.11). The genotype frequency estimates based on our model framework could be anywhere in

the range depicted in figure 6.11, although model checks based on deviance favour the results

depicted in blue. In any case, the conclusion remains: of the 25 = 32 possible genotypes,

there is evidence in the data to support 17, and of those 17, the frequency of the quadruple

genotype IRNGK dominates. There is no evidence in this dataset to support the quintuple

mutant genotype IRNGE.

The aim of this chapter is to modify the framework of the original model with a view

to analysing anticipated sequencing data. More specifically, the likelihood of the original

model is modified to accommodate short-read Illumina sequencing data. Formal convergence

is imperfect, but deemed sufficient for practical purposes. Results based on simulated data

imply that, compared to prevalence data, there is little to gain from short-read sequencing with

regards to frequency estimation, but some information to inform MOI estimates. Using the

model, we are able to make interesting insights regarding the Ghanaian data, including the

estimation of sample-wise MOIs, previously deemed to be too challenging by conventional

PCR methods [8]. Much work remains to develop the model beyond the exploratory stage,

however, the first step being to investigate the barriers to formal convergence. One could also

build complexity (base call and alignment errors, for example) into the model to make it more

realistic and to use all available information.

To conclude, based on the results of this exploratory study, we believe the analysis of
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short-read sequencing data summarised as prevalence data (see [2]) using existing methods

designed for prevalence data [39, 102, 224, 129, 95, 276, 125, 223, 248] is apt for frequency

estimation. On the contrary, our results suggest models designed to estimate MOIs should

exploit short-read sequencing data where available, yielding more accurate MOI estimates,

with important implications for our understanding of the complex dynamics of multiclonal

infections.





Chapter 7

Conclusion

7.1 Thesis overview

In this thesis the development, application, extension and modification of a model designed

for P. falciparum allele and multi-SNP haplotype and frequency estimation is documented,

with a view to harnessing the full potential of data for the genetic surveillance of antimalarial

resistance. More precisely, in chapter 2, existing statistical methods are reviewed. To the best

of our knowledge, this is the first exhaustive review of statistical methods for P. falciparum

allele and multi-SNP haplotype and frequency estimation. In chapter 3 the development of

a model that complements and builds upon the existing methods is documented. Its capacity

to generate accurate and precise frequency estimates is demonstrated, and assumptions and

limitations discussed. To the best of our knowledge, this is the first model, constructed within

a Bayesian framework, capable of generating multi-SNP haplotype and genotype frequency

estimates, using all available data and without reliance upon experimentally-derived MOI

estimates. In chapter 4, the utility of the model is illustrated, revealing informative trends in

haplotype frequencies, which are consistent with national policy in Uganda. To the best of

our knowledge, this is the first study of haplotype frequency trends in Uganda. In chapter 5

the model documented in chapter 3 is extended to investigate inter-child variation. Potential
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evidence of small and selective variation was identified. To the best of knowledge, this is

the first study to investigate inter-child variation within the field of statistical estimation of

P. falciparum allele and haplotype frequencies for the genetic surveillance of antimalarial

resistance. In chapter 6 the model introduced in chapter 3 is modified to accommodate short-

read sequencing. The modified model is applied to data from Ghana, yielding insight into

within-host diversity and anti-folate resistance. The modified model marks a first step towards

the estimation of P. falciparum multi-SNP haplotype and genotype frequencies for routine

genetic surveillance of antimalarial resistance using anticipated short-read sequencing data.

7.2 Future work

Ultimately, it is hoped that the model documented in chapter 3 will provide a practical tool for

monitoring antimalarial resistance, and that the proposed framework (the versatility of which is

demonstrated in chapters 5 and 6) will provide a foundation for further development. With a

view to providing a practical tool for the malaria community, we hope to integrate the model into

a user-friendly, open-source program, using the online platform Shiny by RStudio. Regarding

further development, there are many attributes of the model and its proposed framework that

could be improved. Those that are believed to be top-priority are outlined below.

Under the proposed model perfect detectability of minority clones and correct SNP identifi-

cation is assumed. More realistic assumptions are incorporated into alternative models of P.

falciparum allele, haplotype and genotype frequencies [95, 276]. More precisely, Hastings et

al. model imperfect detectability using an indicator variable and a user-defined detectability

threshold [95], while Wigger et al. model SNP miscalls, by incorporating error-ridden haplo-

type assignments into the hierarchy of the Bayesian framework [276]. Following Wigger et al.,

the hierarchical framework could be extended to accommodate undetected minority clones and

error-ridden haplotypes, akin to what is done in chapter 5 to investigate inter-child variation.

The addition of further hierarchy will likely exhaust the computational feasibility of the current
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sampler, however.

The computational feasibility of the inclusion of error-ridden haplotypes in the method

of Wigger et al. is partly because the method does not capture uncertainty in MOI estimates.

Instead it relies on experimentally-derived MOI estimates, which are considered fixed ob-

servations. Adaptation of our model to allow the incorporation of experimentally-derived

sample-wise MOI estimates is an important consideration. However, in contrast to the aforesaid

methods, which regard the MOI as a fixed quantity [95, 276], any extension of our model would

preserve the current treatment of MOIs as random variables, perhaps using experimentally-

derived sample-wise MOI estimates to inform sample-wise MOI prior distributions.

In chapter 4, allele and haplotype frequencies were estimated using the model documented

in chapter 3, then regressed onto correlates of drug pressure and type using the meta-analysis

approach proposed by Lunn et al. [136]. This approach is a two stage approximation of a joint

model that both estimates frequencies and performs regression. As indicated in chapter 4, a

joint model would potentially be preferable but complex, requiring prior distributions over

matrices. Given our experience of fitting the extended and modified models documented in

chapters 5 and 6, respectively, a more sophisticated sampler would likely be required to fit the

joint model.

As discussed in section 5.6, more advanced samplers include parallel tempering [146],

Hamiltonian Monte Carlo [67] (also see [35]), and variations thereof [103]. Parallel tempering

works by switching between the target chain and parallel chains with diminished modes. Given

the spiky posteriors reported in chapter 5, parallel tempering might be the sensible next option to

explore. More investigation needs to be done to better understand the behaviour of the sampler

documented in chapter 6 before an appropriate sampler can be identified for the modified

model.

The model modification documented in chapter 6 describes an exploratory investigation

into the adaptation of the original model with a view to analysing anticipated sequencing
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data. Much could be done to improve the model, including the incorporation of miscall error

rates as described above, as well as specific characteristics pertaining to short-read sequencing

data, such as the information captured on reads spanning multiple SNPs. One could also

incorporate mutations rates, borrowing from related fields, such as viral quasi-species spectrum

reconstruction. Doing so would most certainly call for more a sophisticated implementation, as

described above.

7.3 Closing remark

The identification of markers of artemisinin resistance ahead of widespread clinical failure

marks a ‘golden opportunity’ for evidence-based policy using real-time genetic surveillance

[217]. Markers of artemisinin resistance have thus far been documented in regions of low

transmission. In high transmission settings, analyses of markers of resistance are comparatively

complex, due to the abundance of multiclonal infections. Large amounts of valuable data have

either been squandered or not used to their full potential in the past. It is imperative that the

analytical toolbox is ready to avert a similar scenario if (or when) artemisinin resistance spreads

to high transmission settings. The development of statistical methods that generate reliable and

comparable frequency estimates provides a means to harness the full potential of current and

prospective markers of antimalarial resistance. Here we present one such method, which builds

upon existing methods and will hopefully provide a foundation for further development.
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Appendix A

Frequency trends in Uganda

A.1 Auxiliary study of the MOI

To ascertain the appropriate summaries of the MOIs for the sensitivity analyses described

in section 4.2.3, a brief exploratory study of auxiliary MOI data is performed. Note that

the data were generated by Conrad et al., and are described in detail elsewhere [51]. In

summary, to estimate average MOIs across two drug arms of a longitudinal drug trial, Conrad

et al. genotyped ten blood spots per quarter, per drug arm at msp1 and msp2 using capillary

electrophoresis [51]. Per sample MOI estimates were based on the maximum number of alleles

at either gene. To estimate baseline MOIs, ten baseline blood spots were also genotyped at

msp1 and msp2.

All 380 longitudinal MOI estimates are depicted in figure A.1. They range from 1 to 7 with

mean 2.94 (black horizontal line, figure A.1). The confidence intervals depicted in figure A.1

and summarised below are constructed using the student t distribution with n−1 degrees of

freedom, while average MOI summaries are compared using the Kruskall Wallis test.

There is little difference between the average MOI in the AL drug arm (2.80, green

horizontal line, figure A.1) and the average MOI in the DP drug arm (3.07, blue horizontal

line, figure A.1) (Kruskal-Wallis χ2 = 3.37, 1 degree of freedom, p-value 0.07). In fact, the
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Year
2008 2009 2010 2011 2012

DP 3.50 (3.05–3.95) 2.98 (2.54–3.41) 2.85 (2.41–3.29) 3.17 (2.71–3.64) 2.80 (2.25–3.35)
AL 3.08 (2.60–3.55) 3.00 (2.60–3.40) 2.80 (2.29–3.31) 2.48 (2.14–2.81) 2.60 (2.14–3.06)

Table A.1: Experimentally-derived yearly average MOI estimates per drug arm (95% confidence interval).

averages per drug arm are almost identical to the 95% confidence bounds (2.80 and 3.08,

black dashed lines, figure A.1) of the overall mean (2.94, black solid line, figure A.1). There

is weak evidence of a difference between the yearly average MOIs (black bars, figure A.1,

Kruskal-Wallis χ2 = 9.52, 4 degrees of freedom, p-value = 0.05), but not when the data are

categorised by drug arm (table A.1 and coloured bars, figure A.1, Kruskal-Wallis χ2 = 9.02, 5

degrees of freedom, p-value = 0.11, AL arm; Kruskal-Wallis χ2 = 10.81, 5 degrees of freedom,

p-value = 0.06, DP arm). There is a significant difference between the MOI estimates associated

with the AL and DP arms in 2011 (Kruskal-Wallis χ2 = 4.74, 1 degree of freedom, p-value =

0.03). The baseline mean is 3.30 (95% confidence interval, 2.62–3.94).

A.2 Determining of the prior on the MOI

The choice of prior distribution on the MOI described in section 4.2.3 is based on a prelimi-

nary study using posterior predictive (see [88] for more details regarding posterior predictive

checking). The prior that provides the best fit to the data is used in the final analyses.

The haplotype frequency estimation model (section 3.2.3) is fit to each of the 66 subdivisions

of the data (coloured endpoints, panels C, D and E, figure 4.3) four times using four different
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Figure A.1: Experimentally-derived MOI estimates. Crosses (+) represent sample-wise estimates, colour-coded
by drug arm (blue DP, green AL). Each sample was obtained from a single episode of malaria. However, not all
were derived from different children. Multiple samples obtained from the same child are joined by diagonal lines
colour-coded by drug arm (blue DP, green AL). The overall average MOI (2.94) is depicted by a black horizontal
line. The bounds of the 95% confidence interval surrounding the overall average (2.80 and 3.08) are depicted
by dashed horizontal black lines. The average MOI per drug arm (2.80 AL, 3.07 DP) is depicted by a coloured
horizontal line (blue DP, green AL). Yearly average MOIs (table A.1) are depicted by black bars, while yearly
average MOIs per drug arm are depicted by coloured bars (blue DP, green AL).
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priors on the MOI,

ρ(mi) =



Poissontruncated (mi | λ ,mimin,mmax) ,

U niformtruncated (mi | mimin,mmax) ,

G eometrictruncated (mi | λ ,mimin,mmax) ,

N egative Binomialtruncated (mi | λ ,φ ,mimin,mmax) ,

(A.1)

where λ denotes the mean of the Poisson, geometric and negative binomial distributions, mimin

and mmax denote the minima and maxima of the prior support and φ is the dispersion parameter

of the negative binomial prior (parameterised according to equation 3.14). Under all four priors,

λ = 2.94, mimin = 2 if yi j = h for some j ∈ {1, . . . ,J} and 1 otherwise, and mmax = 8. Under

the negative binomial prior, φ = 0.5.

As described in section 4.2.3, the MCMC sampler is run for 50,000 iterations with thinning

interval equal to 10 and the first 40% discarded as burnin, generating an MCMC sample,

{πππn,aaan,mmmn}3000
n=1 , which approximates the joint posterior with density ρ (πππ,aaa,mmm | yyy). Since

the model is fit to each of the 66 subdivisions of the data four times using each of the priors

listed above, we have 66× 4 = 264 MCMC sample sets {πππn,aaan,mmmn}3000
n=1 , one for each data

subdivision under each prior. Posterior predictive checks based on 3000 replicate datasets,

{yyyrepn}3000
n=1 , generated from each of the 264 MCMC samples are used to assess model fit. For

each MCMC sample set, the nth replicate dataset, yyyrepn , is generated by drawing replicate

vectors of haplotype counts, aaarepn
i , one patient at a time, from a multinomial distribution,

aaarepn
i ∼M ultinomial(mn

i ,πππ
n) for i = 1, . . . , I. (A.2)

(A.3)
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The proportion of mutant alleles at jth SNP per blood sample is then calculated,

prepn
i j =

aaarepn
i ·hhh j

∑
R
r=1 arepn

ir
(A.4)

where hhh j is a column vector enlisting the alleles at of the R haplotypes at the jth SNP, and the

replicate data generated according to,

yrepn
i j =


w if prepn

i j = 0

m if prepn
i j = 1

h otherwise.

(A.5)

To assess the similarity between real and replicate data, for each of the 66 data subdivisions,

one replicate dataset per prior is selected at random and plotted alongside the real data (for

example, figure A.2). The visual checks suggest replicate data that resemble the real data

are probable under all four priors. To quantitatively compare real and replicate data for a

given MCMC sample a test statistic is calculated as follows. For a given MCMC sample, we

calculate the fraction of replicate datasets for which the proportion of discernibly multiclonal

samples (samples with one or more heteroallelic genotyping outcome) exceeds the proportion

of discernibly multiclonal samples in the real data. A fraction close to zero or one suggests that

data that resemble the real data (with respect to the fraction of discernibly multiclonal samples)

are improbable under the model, while a fraction close to 0.5 is indicative of model fit [88]. We

generated 264 fractions in total (one for each of the MCMC samples), plotted in figure A.3.

The truncated negative binomial and truncated geometric appear to provide the best fit to the

data. The average distances from 0.5 per gene are summarised in table A.2. On the whole, the

truncated geometric prior provides the best fit for the data.
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Figure A.2: An example of a visual posterior predictive check for a single data subdivision (pfmdr1, year 2011,
DP drug arm) analysed under four different priors on the MOI. The real data are depicted in the left-most panel.
Panels two to five (left to right) correspond to replicate datasets generated under models with four different
prior distributions on the MOI (equation (A.1)). For each dataset, be it real or replicate, data for a given sample
are stored on a given row (see vertical axis of left-most panel for the total number of samples per subdivision).
The genotyping outcomes for codons 86, 184 and 1246 in pfmdr1 are stored in the columns from left to right
respectively. For a given sample and codon, blue represents the detection of wild type alleles only, grey represents
the detection of mutant type alleles only, black represents the concurrent detection of both wild and mutant type
alleles and white represents a missing genotyping outcome. To aid visibility of any patterns in the data, the
samples are ordered such that the samples with the most heteroallelic genotyping outcomes are at the top, while
the samples with the most pure wild type genotyping outcomes are at the bottom.
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Figure A.3: Graphical summaries of the test statistic (based on the fraction of discernibly multiclonal samples)
for all 66 subdivisions fit using four different priors on the MOIs: a uniform, a truncated Poisson, a truncated
geometric and a truncated negative binomial (equation A.1), colour-coded by drug arm (DP blue, AL green). Note
that for brevity, the term truncated has been dropped from the legends, and nBinomial is shorthand for negative
binomial. Test statistics for all 22 subdivisions per gene are represented within a single plot. Different points
represent the different priors. Values close to 0.5 are indicative of model fit.
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Gene Uniform Truncated Poisson Truncated Geometric Truncated Negative Binomial
Pfmdr1 0.37 0.41 0.20 0.18
Pfmrp1 0.48 0.49 0.20 0.26
Pfcrt 0.33 0.33 0.29 0.30

Table A.2: Average absolute difference between the test statistic (based on the fraction of discernibly multiclonal
samples) and 0.5. A small difference is indicative of model fit with respect to the attributes of the test statistic.
The lowest difference per gene is highlighted bold.

A.3 Analytical expressions for posterior quantities

In section 4.2.4 pfmdr1 haplotype frequencies are regressed onto correlates of drug pressure

and drug type. The regression is fit within a Bayesian framework (equation 4.5). Four different

prior models are considered, one standard flat prior (equation 4.8), Zellner’s g prior (equation

4.9) and two models both based on the normal inverse gamma prior (equation 4.10). Hence,

despite there being four prior models, there are only three named distributions, each of which

gives rise to a normal inverse gamma posterior with density,

ρ
(
βββ r,σ

2
r |θθθ r

)
= N ormalK(βββ r | µµµrrr,σ

2
r VVV r)×I nverse G amma(σ2

r | ar,br)

where µµµrrr is the mean and σ2
r ×VVV r is the covariance matrix of the posterior on βββ r given σ2

r ,

and ar and br are the scale and shape parameters, respectively, of the marginal posterior on σ2
r .

The analytical expressions for µµµrrr, VVV r, ar and br under the three different distributions are listed

below.
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1. Under the standard improper flat prior with density ρ
(
βββ r,σ

2
r
)

∝
1

σ2
r

(see [4], page 206),

µµµr = β̂ββ r =
(
XXXT XXX

)−1
XXXT

θθθ r, (A.6)

VVV r = (XXXT XXX)−1, (A.7)

ar =
K−P

2
, (A.8)

br =
Sr

2
, where (A.9)

Sr = (θθθ r−X β̂ββ r)
T (θθθ r−X β̂ββ rrr) (A.10)

2. Under Zellner’s g prior with density ρ(βββ r,σ
2
r ) ∝ N ormalK

(
βββ r | µµµ0,c σ2(XXXT XXX)−1)×

1
σ2

r
(see [4], page 217) ,

µµµr =
1

(c+1)

(
µµµ0 + cβ̂ββ r

)
, (A.11)

VVV r =
c

(c+1)
(XXXT XXX)−1, (A.12)

ar =
K
2
, (A.13)

br =
Sr

2
+

1
2

1
(c+1)

(µµµ0− β̂ββ r)
T (XXXT XXX)(βββ 0− β̂ββ r), (A.14)

where β̂ββ r and Sr are defined above (equations (A.6) and (A.10) respectively), c← K and

µµµ0← (log(1/7),0,0,0)T for reasons explained in section 4.2.4.

3. Under the normal inverse gamma priors with density ρ(βββ r,σ
2
r )=N ormalP(βββ r | µ0,σ

2VVV 0)×
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I nverse G amma(σ2
r | a0,b0) (see page 246 [187]),

µµµr =
(
XT X +VVV−1

0
)−1 (

XT
θθθ r +VVV−1

0 µµµ0
)
, (A.15)

VVV r =
(
XT X +VVV−1

0
)−1

, (A.16)

ar = a0 +
K
2
, (A.17)

br = b0 +
1
2

(
θθθ

T
r θθθ r +µµµ

T
0 VVV−1

0 µµµ0−µ
T
r VVV−1

r µµµr

)
. (A.18)

where µµµ0← (log(1/7),0,0,0)T as above, and VVV 0, a0 and b0 are additional hyperparame-

ters also set by the user (see section 4.2.4 for details).

A.4 Plots of trends under different priors
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(b) Zellner’s g prior
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(c) Informative prior with VVV 0 = 10× IP
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(d) Informative prior based on recommendation in
[87]

Figure A.4: Pfmdr1 haplotype frequencies (represented by their corresponding amino acid sequences) categorised
by drug arm and year regressed onto covariates of drug arm and year under four different priors. Dots denote the
MCMC sample estimates of the posterior median haplotype frequencies (DP blue, AL green) before resampling.
Vertical black lines denote 95% credible intervals, ranging from the 2.5th percentile to the 97.5th percentile of
the MCMC sample before resampling. The regression is performed using four different priors on the regression
parameters (see subplot caption). The thick blue and green lines denote the trends constructed using the posterior
median estimates of the regression coefficients. The thin blue and green lines represent trends based on 100 traces
selected at random from the MCMC sample of regression coefficients.
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(a) Standard noninformative prior
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(c) Informative prior with VVV 0 = 10× IP
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(d) Informative prior based on recommendation in
[87]

Figure A.5: Pfmdr1 haplotype frequencies (represented by their corresponding amino acid sequences) categorised
by drug arm and days since last treatment regressed onto covariates of drug arm and days since last treatment under
four different priors. Dots denote the MCMC sample estimates of the posterior median haplotype frequencies (DP
blue, AL green) before resampling. Vertical black lines denote 95% credible intervals, ranging from the 2.5th
percentile to the 97.5th percentile of the MCMC sample before resampling. The regression is performed using
four different priors on the regression parameter (see subplot captions). The thick blue and green lines denote the
trends constructed using the posterior median estimates of the regression coefficients. The thin blue and green
lines represent trends based on 100 traces selected at random from the MCMC sample of regression coefficients.





Appendix B

Model extension

B.1 Evidence of inter-child variation

Introduction

To investigate inter-child variation in the propensity to be infected with different levels of

‘mutatedness’, cumulative link mixed models are fit to prevalence data collected from a cohort

of children in Uganda (see section 4.2.1). By fitting a model with a random effect for each

child, an estimate of the inter-child variability is obtained.

Methods

Data: For a given SNP, the genotyping outcome can either be fully wild type (w), partially

wild and partially mutant type (h), or fully mutant type (m) (missing data are excluded). Hence,

the genotyping outcome for the ith malaria episode, yi, can be modelled as a multivariate

ordinal response: yi = 1,2 or 3 corresponding to not mutated (w), partially mutated (h) or fully

mutated (m), respectively.
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Model: The genotyping outcomes, yi for i = 1, . . . , I, where I = 1889, are regressed onto

covariates of drug arm and year using the following cumulative link mixed model,

logit{P(yi ≤ j)}= θ j−βdrug×drugi−βyear×yeari−βdrug:year×drugi×yeari−µchild× childi,

for i = 1, . . .n and j = 1, . . . ,J−1. (B.1)

where

• j denotes the ‘mutatedness’ category: 1 for not at all mutated, 2 for partially mutated and

J = 3 for fully mutated.

• θ j is a baseline threshold parameter for the jth mutatedness category. For the average

child (a child for whom µchild = 0) in the dihydroartemisinin-piperaquine (DP) drug arm

in 2008:

– P(not mutated) = logit−1(θ1)

– P(partially mutated) = logit−1(θ2)− logit−1(θ1)

– P(fully mutated) = 1− logit−1(θ1)− logit−1(θ2).

• The β parameters are regression coefficients, each representing the expected change in

the outcome for the average child upon a unit increase in the corresponding covariate.

• µchild is a random effect associated with each child, µchild ∼N ormal(0,σ2
child), where

σ2
child represents the inter-child variability.

• drugi, yeari and childi are indicator variables for the drug arm, year and child of the ith

malaria episode.

Fitting the model: The above model (equation B.1) is fit in R [210], using the clmm2 function

from the R package ordinal [48]. Based on the condition number of the Hessian (a measure

of identifiability, which, when > 104, suggests a model is ill-defined and can be simplified),
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SNP θ1 θ2 βdrug βyear βdrug: year σ2
child

pfmdr1-86 -1.27 (0.12) -0.16 (0.11) -0.73 (0.16) -0.27 (0.05) -0.38 (0.07) 0.12
pfmdr1-184 0.15 (0.09) 2.14 (0.10) 0.42 (0.09) 0.16 (0.03) - -
pfmdr1-1246 -0.79 (0.09) 0.10 (0.09) -0.75 (0.09) -0.32 (0.03) - -
pfmrp1-876 -0.30 (0.09) 0.86 (0.09) - 0.10 (0.03) - 0.08
pfmrp1-1466 -0.87 (0.05) 0.33 (0.05) - - - -
pfcrt-76 -4.78 (0.29) -4.18 (0.28) -0.69 (0.22) -0.42 (0.08) - 0.24

Table B.1: Parameter estimates (with standard errors in parentheses) of cumulative link mixed models based on
equation (B.1). All β and σ2

child parameters included in the models are statistically significant at the 5% level aside
from σ2

child for pfcrt-76 (p-value = 0.13).

the full model does not fit the data for all but one nSNP. Consequently, small and statistically

insignificant parameters are dropped. The log-likelihood ratio test is used to assess the statistical

significance at the usual 5% level.

Results and conclusion

The maximum likelihood estimates of the parameters of the selected models are summarised

in table B.1. Intra-child variability is found to be statistically significant at the 5% level for

two of the six nSNPs investigated: pfmdr1-86 (p-value = 0.02) and pfmrp1-876 (p-value =

0.05). For three nSNPs (pfmdr-184, pfmdr-1246 and pfmrp1-1466), inter-child variability is

negligible (σ̂2
child < 0.01) and statistically insignificant (p-values≥ 0.30), thus dropped from the

fitted models. For pfcrt-76, intra-child variability was comparatively large (σ̂2
child = 0.23), but

statistically insignificant at the 5% level (p-value = 0.13). In conclusion, inter-child variability,

and therefore inter-child variation in the propensity to be infected with different levels of

‘mutatedness’, is detected, but is either negligible or small.

B.2 Selection of individual SNP subdivisions

The aim of this exercise is to select a set of approximately ten individual-SNP data subdivisions

based on evidence of intra-child variability. The individual-SNP data subdivisions are based on
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the gene-wise data subdivisions depicted in panels D and E of figure 4.3, further subdivided by

SNP. There are 120 subdivisions in total (see row and column headings, table B.2). Following

the preliminary study described above (section B.1), evidence is based on fitting a model

with a random effect for each child, and assessing the statistical significance of the inter-child

variability. More specifically in this exercise, the following two models, one with a random

effect for each child (equation B.2) and another without (equation B.3),

logit{P(y j ≤ j)}= θ j−µchild× childi for i = 1, . . . , I and j = 1, . . . ,J−1, (B.2)

logit{P(yi ≤ j)}= θ j for i = 1, . . . , I and j = 1, . . . ,J−1, (B.3)

(where yi, j and J, θ j, µchild and childi are defined above in section B.1, and I is the number

of episodes per data subdivision), are fit to each of the 120 individual-SNP subdivisions and

the fit compared using the standard log-likelihood ratio test. Off all 120 subdivisions, 12 had

statistically significant inter-child variability estimates at the 15% level (p-values highlighted in

bold, table B.2).
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Subdivision pfmdr-86 pfmdr-184 pfmdr-1246 pfmrp1-876 pfmrp1-1466 pfcrt-76
2008 DP 0.08 (0.75) 1.00 (0.00) 0.57 (0.19) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
2009 DP 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 0.94 (0.02) 1.00 (0.00) 1.00 (0.00)
2010 DP 0.59 (0.18) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
2011 DP 1.00 (0.00) 0.30 (0.39) 0.68 (0.13) 1.00 (0.00) 0.73 (0.09) 1.00 (0.00)
2012 DP 0.42 (0.35) 1.00 (0.00) 0.55 (0.28) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
2008 AL 1.00 (0.00) 0.25 (0.32) 0.12 (0.39) 0.17 (0.41) 1.00 (0.00) 0.67 (0.54)
2009 AL 0.03 (0.88) 0.75 (0.07) 0.10 (0.62) 1.00 (0.00) 0.98 (0.01) 1.00 (0.00)
2010 AL 0.01 (1.42) 0.33 (0.32) 1.00 (0.00) 0.24 (0.36) 1.00 (0.00) 0.79 (0.30)
2011 AL 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 0.46 (0.21) 0.75 (0.09) 0.13 (2.31)
2012 AL 1.00 (0.00) 0.91 (0.04) 0.08 (1.15) 0.68 (0.12) 1.00 (0.00) 0.61 (0.26)
> 70 days DP 1.00 (0.00) 1.00 (0.00) 0.60 (0.13) 1.00 (0.00) 0.84 (0.05) 1.00 (0.00)
57–70 days DP 1.00 (0.00) 0.93 (0.03) 0.82 (0.06) 1.00 (0.00) 0.31 (0.42) 1.00 (0.00)
43–56 days DP 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 0.60 (0.11) 0.89 (0.02) 1.00 (0.00)
29–42 days DP 0.84 (0.05) 0.40 (0.33) 0.96 (0.01) 0.03 (0.93) 1.00 (0.00) 1.00 (0.00)
4–28 days DP 0.55 (0.82) 0.69 (0.41) 0.55 (0.89) 1.00 (0.00) 0.75 (0.21) 0.93 (0.13)
> 70 AL 0.96 (0.01) 0.42 (0.26) 0.96 (0.01) 0.34 (0.31) 0.55 (0.19) 0.57 (0.74)
57–70 days AL 1.00 (0.00) 0.08 (3.57) 1.00 (0.00) 0.33 (1.11) 1.00 (0.00) 1.00 (0.00)
43–56 days AL 0.94 (0.03) 1.00 (0.00) 1.00 (0.00) 0.87 (0.06) 1.00 (0.00) 0.06 (6.47)
29–42 days AL 0.01 (1.10) 1.00 (0.00) 1.00 (0.00) 0.16 (0.31) 1.00 (0.00) 0.06 (2.18)
4–28 days AL 0.33 (0.28) 0.91 (0.02) 0.21 (0.30) 0.41 (0.16) 1.00 (0.00) 1.00 (0.00)

Table B.2: Tail probabilities of cumulative link mixed models fit to nSNP-wise subdivisions. More specifically,
the p-values (and inter-child variability estimates, σ̂2

child, in parentheses), derived from the log-likelihood ratio
test comparing the model with (equation B.2) and without (equation B.3) a random effect fit to each of the 120
individual-SNP subdivisions of the Ugandan data, where subdivisions are defined by either the year, or the number
of days since last treatment, and the drug arm (DP, dihydroartemisinin-piperaquine; AL, artemether-lumefantrine).
Values corresponding to ill defined random effect models (models with Hessian condition number > 104) are
crossed out. There were no ill defined intercept only models (the maximum condition number was 25). Values for
which the p-value < 0.15 are highlighted bold.
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