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Abstract

In this thesis I ask, how can the study of genome variation within malaria vector populations

contribute to the control of malaria in sub-Saharan Africa.

In the first chapter I provide an introduction to the current situation in malaria control

in sub-Saharan Africa, and the role played by large-scale mosquito control programmes

using insecticide-based interventions. I also introduce high-throughput whole-genome

sequencing and its potential applications to the study and surveillance of malaria vectors.

In the second chapter I introduce the Anopheles gambiae species complex, and provide

historical context by describing how the species complex was discovered, which marked the

introduction of genetic methods into the study and surveillance of African malaria vectors.

I conclude that there are important parallels between past and present efforts towards

malaria elimination, but also new opportunities afforded by genomic epidemiology.

In the third chapter I describe the production of a genome variation data resource

derived from whole-genome sequencing of Anopheles gambiae and Anopheles coluzzii

mosquitoes from 8 African countries, carried out as part of the first phase of the Anopheles

gambiae 1000 Genomes (Ag1000G) Project. This chapter establishes and validates methods

for robust discovery of nucleotide variation from Illumina deep whole-genome sequencing

of individual mosquitoes, and confirms that Anopheles mosquitoes are among the most

genetically diverse organisms in the natural world. Subsequent chapters all perform analyses

using this data resource.

In the fourth chapter I identify genetically distinct populations among the mosquitoes

sampled in Ag1000G phase 1, and quantify genetic diversity within and differentiation

between these populations. I show that there is strong population structure and marked

differences in diversity between populations, suggesting important heterogeneities in popu-
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lation size and rates of gene flow. These results are an essential foundation on which to

build analyses of recent evolution in subsequent chapters.

In the fifth chapter I search for signals of recent positive selection among the populations

sampled in Ag1000G phase 1, to identify which genes are most important in generating an

adaptive response to the use of insecticides in malaria vector control. I show that there

are strong signals of recent selection both at known insecticide resistance genes and at

previously unknown genes with a plausible link to insecticide resistance.

In the sixth chapter I perform a detailed analysis of the voltage-gated sodium channel

gene, where genetic changes cause target-site resistance to pyrethroid insecticides, the main

ingredient in insecticide-treated bednets. I identify previously unknown mutations within

this gene, and use haplotype data to show that resistance mutations have spread over large

geographical distances and between mosquito species.

In the final chapter, I discuss the potential translation of genome sequencing into

operational malaria vector surveillance and insecticide resistance management systems.

4



Acknowledgments

The work described in this thesis was carried out in the context of a broader collaboration

involving the members of the Anopheles gambiae 1000 Genomes Consortium and the

MalariaGEN Resource Centre team. I would like to thank everyone involved in this

collaboration for patiently educating me in the field of malaria vector biology, and for many

enlightening conversations and discussions of analytical approaches and results. Chapters 3,

4, 5 and 6 include content published in The Anopheles gambiae 1000 Genomes Consortium

(2017). Chapter 6 also includes content published in Clarkson et al. (2018). All the content

included in this thesis was written/produced entirely by myself, except where specifically

indicated within the corresponding section.

I would like to thank my supervisor Dominic Kwiatkowski for the unique opportunity

to work on the Anopheles gambiae 1000 Genomes Project, for the continuous support

and faith, and for sharing a wealth of experience and perspective. I would like to thank

Victoria Cornelius, whose unfailing enthusiasm for this thesis helped to sustain me on

many occasions. I would like to thank my wife Laura and my three daughters Eva, Lola

and Ruby, two of whom arrived while this thesis was under construction, for travelling

with me on this journey, and for their love and support.

Source code files for this thesis are available from GitHub1.

References

The Anopheles gambiae 1000 Genomes Consortium (2017). ‘Genetic diversity of the

African malaria vector Anopheles gambiae’. In: Nature 552.7683, pp. 96–100. doi:

1https://github.com/alimanfoo/dphil

5

https://github.com/alimanfoo/dphil


10.1038/nature24995

CS Clarkson et al. (2018). ‘The genetic architecture of target-site resistance to pyrethroid

insecticides in the African malaria vectors Anopheles gambiae and Anopheles coluzzii’. In:

bioRxiv. doi: 10.1101/323980

6

https://doi.org/10.1038/nature24995
https://doi.org/10.1101/323980


Contents

1 General introduction 9

Malaria vector control in sub-Saharan Africa . . . . . . . . . . . . . . . . . . . . 9

The threat of insecticide resistance . . . . . . . . . . . . . . . . . . . . . . . . . . 11

Insecticide resistance management . . . . . . . . . . . . . . . . . . . . . . . . . . 12

Surveillance as a core intervention . . . . . . . . . . . . . . . . . . . . . . . . . . 14

New vector control tools are needed . . . . . . . . . . . . . . . . . . . . . . . . . 16

Next-generation sequencing as a tool for genomic epidemiology and infectious

disease surveillance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

Genomic epidemiology of malaria vectors: opportunities and challenges . . . . . 18

The Anopheles gambiae 1000 Genomes Project . . . . . . . . . . . . . . . . . . . 20

Structure of this thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2 Historical context: correspondence on the discovery of the Anopheles gam-

biae species complex 25

Anopheles gambiae Giles . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

George Davidson . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

Hugh Paterson . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

1962: Species A and B . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

1963: Species C . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

1964: The species debate . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

1965-1971: Anopheles gambiae, a complex of species . . . . . . . . . . . . . . . . 39

Anopheles coluzzii . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

7



Contents

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3 The Anopheles gambiae 1000 Genomes Project phase 1 nucleotide variation

data resource 45

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

Population sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

Whole-genome sequencing . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

SNP discovery and genotyping . . . . . . . . . . . . . . . . . . . . . . . . . 48

Sample quality control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

Variant quality control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

Production of an analysis-ready genome variation dataset . . . . . . . . . . 63

Validation with Sanger sequencing . . . . . . . . . . . . . . . . . . . . . . . 64

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

Nucleotide variation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

Gene architecture and genetic diversity . . . . . . . . . . . . . . . . . . . . . 67

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

Supplemental figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

Supplemental tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

4 Population structure and genetic diversity 77

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

The influence of genome architecture on population structure . . . . . . . . 78

Population structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

Population differentiation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

Genetic diversity within populations . . . . . . . . . . . . . . . . . . . . . . 86

Genetic variation within Cas9 gene drive targets . . . . . . . . . . . . . . . 88

Gene flow between species . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

8



Contents

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

Genetic distance analyses . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

Principal components analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 94

Population differentiation analyses . . . . . . . . . . . . . . . . . . . . . . . 95

Genetic diversity analyses . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

Admixture tests . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

Supplemental figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

Supplemental tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

5 Recent positive selection 101

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

Genome-wide selection scans . . . . . . . . . . . . . . . . . . . . . . . . . . 105

Selection signals at known insecticide resistance loci . . . . . . . . . . . . . 106

Selection signal discovery and mapping . . . . . . . . . . . . . . . . . . . . . 108

Signal discovery and mapping performance . . . . . . . . . . . . . . . . . . 111

A Web application for exploring selection signals . . . . . . . . . . . . . . . 112

Discovery of a novel candidate insecticide resistance gene . . . . . . . . . . 114

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

Genome-wide selection scans . . . . . . . . . . . . . . . . . . . . . . . . . . 117

Signal discovery and mapping . . . . . . . . . . . . . . . . . . . . . . . . . . 118

Web application development . . . . . . . . . . . . . . . . . . . . . . . . . . 118

Supplemental figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

Supplemental tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

6 The evolution and spread of target-site resistance to pyrethroid insecticides 129

Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

Pyrethroids in malaria vector control . . . . . . . . . . . . . . . . . . . . . . 130

9



Contents

Pyrethroid resistance in the Anopheles gambiae complex . . . . . . . . . . . 130

The pyrethroid mode of action . . . . . . . . . . . . . . . . . . . . . . . . . 131

The molecular basis of pyrethroid target-site resistance in An. gambiae . . 131

The spread of pyrethroid target-site resistance in An. gambiae and An.

coluzzii . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

Scope of this chapter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

Non-synonymous SNPs within the Vgsc gene . . . . . . . . . . . . . . . . . 133

Associations between non-synonymous SNPs . . . . . . . . . . . . . . . . . 136

Geographical spread of pyrethroid resistance alleles . . . . . . . . . . . . . . 138

Positive selection for pyrethroid resistance alleles . . . . . . . . . . . . . . . 140

Genetic surveillance of pyrethroid resistance . . . . . . . . . . . . . . . . . . 142

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

Ascertainment of non-synonymous SNPs within the Vgsc gene . . . . . . . . 144

Additional phasing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

Haplotype clustering and gene flow analyses . . . . . . . . . . . . . . . . . . 146

Positive selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

Decision tree analyses . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

Supplemental figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

7 Discussion: Towards genomic surveillance systems for malaria vectors 155

Genomic surveillance in the time of a pandemic . . . . . . . . . . . . . . . . . . . 155

Next-generation malaria vector control needs next-generation surveillance . . . . 156

A roadmap for malaria vector genomic surveillance systems . . . . . . . . . . . . 158

Expanded genome variation data resources . . . . . . . . . . . . . . . . . . 158

Contemporary time series . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

Optimised and standardised protocols for a faster response . . . . . . . . . 159

Decentralised sequencing and analytical capacity . . . . . . . . . . . . . . . 160

Data sharing and cooperation . . . . . . . . . . . . . . . . . . . . . . . . . . 161

10



Contents

Further technology and analytical methods development . . . . . . . . . . . 162

Investment in entomological surveillance capacity . . . . . . . . . . . . . . . 164

Bridging the gap from surveillance to impact . . . . . . . . . . . . . . . . . . . . 165

11





1 General introduction

In this chapter I provide an overview of the present situation regarding malaria control in

sub-Saharan Africa, the critical role played by large-scale mosquito control programmes,

and the current challenges of insecticide resistance. I then introduce whole-genome se-

quencing and describe its potential role in malaria mosquito surveillance and accelerating

efforts towards the development of new mosquito control tools. These factors provided the

background and motivation for the establishment of the Anopheles gambiae 1000 Genomes

(Ag1000G) Project, an international collaboration to study genetic variation among malaria-

transmitting mosquitoes collected from natural populations across sub-Saharan Africa.

Malaria vector control in sub-Saharan Africa

Malaria is an infectious disease caused by eukaryotic parasites of the genus Plasmodium

and transmitted by blood-feeding mosquitoes of the genus Anopheles. The vast majority of

malaria occurs in sub-Saharan Africa, with more than 200 million cases and 400,000 deaths

annually (WHO, 2019). The most effective methods of controlling malaria prevent disease

transmission by targeting the mosquito vector (malaria vector control). Two methods

of malaria vector control are widely used in public health programmes in Africa: mass

distribution of long-lasting insecticidal bednets (LLINs) (Carnevale and Gay, 2019; Okumu,

2020) and indoor residual spraying of houses with insecticides (IRS) (WHO, 2006; Pluess

et al., 2010; Choi et al., 2019). At the turn of the millennium, a concerted international

campaign and partnership was launched with the goal of dramatically increasing the scale

and scope of malaria vector control programmes in sub-Saharan Africa (Nabarro and Tayler,

1998). Since then, more than 2 billion LLINs have been distributed in total, exceeding 100
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1 General introduction

Figure 1.1. Long-lasting insecticidal bednets (LLINs) distributed in sub-Saharan
Africa. Bar colours denote countries, ordered vertically by the total number of nets distributed
since 2000, largest at the bottom. The eight countries with the largest numbers of nets are: Nigeria
(dark blue); Democratic Republic of the Congo (light blue); Ethiopia (dark orange); Kenya (light
orange); Uganda (dark green); Tanzania (light green); Ghana (dark red); Madagascar (light red).
Data from AMP (2020).

million LLINs annually (AMP, 2020) (Fig. 1.1) with more than 40% of the population at

risk sleeping under an LLIN from 2014 onwards (Bhatt et al., 2015; WHO, 2019). IRS

programmes are more targeted and reserved for focal areas of higher malaria transmission,

but are nevertheless substantial, protecting more than 10% of the population at risk in

2010, although declining to lower levels since (Bhatt et al., 2015; WHO, 2019; Tangena

et al., 2020). The impact of these vector control programmes has been substantial. The

prevalence of Plasmodium falciparum malaria infections in Africa halved between 2000 and

2015, averting approximately 663 million clinical cases, of which 68% can be attributed to

LLIN and IRS interventions (Bhatt et al., 2015).
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The threat of insecticide resistance

The threat of insecticide resistance

All LLINs approved for public health use by the World Health Organization (WHO) use

a pyrethroid insecticide (Elliott, 1989) as the primary active ingredient (WHO, 2020).

The majority of countries with IRS programmes have also primarily used pyrethroid

insecticides (WHO, 2019; Tangena et al., 2020). The heavy reliance on a single insecticide

class has inevitably led to a substantial increase in the prevalence of resistance to pyrethroid

insecticides among African malaria vectors (Hemingway et al., 2016). Pyrethroid resistance

is conventionally monitored via standardised bioassays, and resistance is detected when the

proportion of mosquitoes killed by a diagnostic dose falls below a standard threshold (WHO,

2018). Many countries routinely perform these insecticide resistance bioassays as part of

entomological monitoring programmes. When these bioassay data have been aggregated,

there is a clear trend of increasing pyrethroid resistance since 2000 within the major African

malaria vector species (Hancock et al., 2020). This trend is particularly acute in West

Africa where, for example, it is estimated that more than 80% of the region has resistance

to the pyrethroid deltamethrin since 2010.

Resistance to pyrethroid insecticides in malaria vectors clearly has the potential to

reduce the efficacy of LLIN and IRS programmes. In practice, however, it has not been

straightforward to demonstrate or measure this reduction in efficacy. A WHO-coordinated

observational study in four African countries and India found no evidence that pyrethroid

resistance had any effect on malaria infection prevalence or disease incidence in areas

using pyrethroid LLINs as the primary intervention (Kleinschmidt et al., 2018). On the

other hand, several studies have found that switching IRS programmes from pyrethroids

to a different insecticide class has led to a significant reduction in disease (Hargreaves

et al., 2000; Kafy et al., 2017). Using non-pyrethroid IRS in addition to pyrethroid

LLINs, or using newer LLINs that combine a pyrethroid with the synergist piperonyl

butoxide (PBO) that counteracts some forms of pyrethroid resistance, have also been

shown to reduce disease relative to pyrethroid-only LLINs alone (Protopopoff et al., 2018).

Mathematical modelling of aggregated data from bioassays and experimental hut trials

has also provided evidence that non-pyrethroid IRS substantially reduces malaria relative
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1 General introduction

to pyrethroid IRS (Sherrard-Smith et al., 2018) and that PBO LLINs are more effective

than pyrethroid-only LLINs in areas with pyrethroid resistance (Churcher et al., 2016).

There is a growing consensus that pyrethroid resistance now poses a significant threat to

malaria vector control programmes, and is at least in part responsible for the fact that

malaria prevalence has not substantially reduced in sub-Saharan Africa since 2014 and has

increased in some countries (Hemingway et al., 2016; WHO, 2019).

Insecticide resistance management

Recognising this trend of rising pyrethroid resistance and anticipating the threat to malaria

vector control, the WHO developed a global plan for insecticide resistance management

(GPIRM) (WHO, 2012). The ultimate goal of insecticide resistance management (IRM) is

to maintain the effectiveness of insecticides by preventing or delaying the evolution and

spread of resistance mutations in mosquito populations. IRM principles and strategies have

been developed and established in agricultural pest management, and these have largely

formed the basis for malaria vector IRM recommendations (Georghiou, 2005; Sternberg

and Thomas, 2018). In general, there are three main IRM strategies:

1. Management by moderation. Reducing insecticide use by using them in conjunc-

tion with a range of non-insecticide-based control measures. For malaria vectors, this

is also known as integrated vector management (IVM), and includes measures such

as larval source management.

2. Management by saturation. Ensure that insecticides are delivered in a way that

overwhelms the insect’s natural defenses. For malaria vectors, this includes using

synergists such as PBO that inhibit resistance mechanisms within LLINs, and IRS

formulations that use microencapsulation to increase the dose received on contact.

3. Management by multiple attack. Employ multiple insecticides with different

modes of action. Specific strategies available for malaria vectors include LLINs

impregnated with two different insecticides, IRS formulations that are mixtures of

two different insecticides, and IRS programmes that regularly rotate treatments
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Insecticide resistance management

between different insecticides. This can also include deployment of both LLINs and

IRS in the same location using different insecticides.

These strategies form pillar I of the GPIRM.

When the GPIRM was published in 2012, there were practical limitations on the range

of possible IRM strategies for malaria vector control, because the only LLIN products

available all used a single pyrethroid active ingredient, and a limited range of IRS products

were available spanning four insecticide classes and two modes of action. More recently, a

“next-generation” of dual active ingredient LLIN products have been approved for public

health use, including PBO LLINs (Gleave et al., 2018) and LLINs that combine a pyrethroid

with a second insecticide with a different mode of action (Bayili et al., 2017; Tiono et al.,

2018). A “next-generation” of IRS products have also become available, including a microen-

capsulation formulation of the organophosphate insecticide pyrimiphos methyl (Oxborough

et al., 2014), and products using the neonicotinoid insecticide clothianidin not previously

used in public health (Oxborough et al., 2019). These new products have opened up

new possibilities for malaria vector IRM. Malaria control programmes began rotating IRS

programmes to use next-generation IRS products from 2016 (Tangena et al., 2020) and

several initiatives are working to accelerate the deployment of next-generation LLINs1,2.

These changes represent the most significant upheaval in malaria vector control strategy

since the turn of the millennium, and present both new opportunities and new challenges.

In particular, the use of new insecticides will inevitably exert new selective pressures on

malaria vector populations, and the emergence and spread of new forms of resistance is

a major concern. Also, next-generation LLIN and IRS products are more expensive and

can be logistically more demanding (ten Brink et al., 2018). Thus, choices need to be

made about where, when and how to deploy these new products to get maximum impact

from limited resources without reducing the number of people protected from malaria

infection (WHO, 2017).

1http://unitaid.org/call-for-proposal/catalyzing-market-introduction-next-generation-long-lasting-
insecticidal-nets-llins/

2https://www.ivcc.com/market-access/new-nets-project/
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1 General introduction

Surveillance as a core intervention

Data are thus needed to guide decisions regarding optimal vector control strategies in

different settings, to evaluate the success and impact of interventions and resistance

management strategies, and to provide early warning of new evolutionary adaptations

in response to the deployment of next-generation LLIN and IRS products. Recognising

this need, the WHO Global Technical Strategy for Malaria 2016–2030 advocates that

malaria surveillance should be transformed into a core intervention as one of three pillars

of the strategy (WHO, 2015). Here “surveillance” covers a broad range of data gathering

activities, encompassing both epidemiological and entomological variables, in addition to

intervention coverage, available resources, trends in health service utilisation, and more.

Vector surveillance, also known as entomological monitoring, is a critical component of

this, gathering data on malaria vector populations. Vector surveillance programmes are

established to a varying degree in most malaria-endemic countries and typically collect

data on which malaria vector species are present, their abundance and seasonality, their

behaviour in terms of time and location of biting and host preference, as well as the

susceptibility of each vector species to different insecticides (Russell et al., 2020). The

GPIRM emphasizes the need for insecticide resistance monitoring as pillar II of its action

plan (WHO, 2012).

Current malaria vector surveillance programmes have two key limitations. The first

is that surveillance programmes are not sufficiently resourced, and thus there is a lack

of trained personnel and facilities (Russell et al., 2020). The second is that surveillance

programmes generally do not have the capability to gather molecular data on malaria

vector populations, and where they do the data are limited in resolution. These data gaps

mean that a number of key operational questions cannot be effectively answered, including

but not limited to the following:

1. Detecting cryptic vector species. Malaria vector species occur within cryptic

species complexes, where morphological identification is not sufficient to resolve

species identity (Davidson, 1964; Coetzee et al., 2013). Failure to differentiate known

species or recognise the presence of previously unknown species means that other
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data variables become muddled, because different species within the same complex

may have different behaviours and/or insecticide resistance adaptations.

2. Differentiating molecular mechanisms of insecticide resistance. The pres-

ence of insecticide resistance can be detected by standard WHO or CDC bioassays,

but these do not provide information regarding the underlying molecular mechanisms

of resistance that are present in a given malaria vector population (WHO, 2018).

Given that a number of new vector control products such as PBO LLINs are designed

to target a specific mechanism of resistance, the absence of these data means there is

no way to determine whether such a product should be deployed.

3. Providing early warning of novel insecticide resistance adaptations. There

is limited ability to obtain early warning of novel insecticide resistance adaptations,

such as those emerging in response to deployment of a new IRS or LLIN products,

because resistance typically has to reach a relatively high frequency within a mosquito

population before it becomes evident via conventional bioassays (Roush and Miller,

1986; Sternberg and Thomas, 2018).

4. Monitoring of insecticide resistance allele frequencies. IRM strategies such

as IRS rotation depend on managing the frequency of insecticide resistance alleles

within mosquito populations, switching products at the right time and using them for

the right duration to ensure resistance does not reach fixation (South and Hastings,

2018). However, without any data on resistance allele frequencies, there is no way to

know if IRM strategies are working as intended.

5. Tracking the spread of insecticide resistance. Mosquitoes move and have the

capability to spread insecticide resistance over the course of multiple generations of

movement and reproduction (Service, 1997; Huestis et al., 2019). Without genetic

data, it is not possible to resolve whether resistance has originated locally or spread

from elsewhere. Thus, it is hard to determine which interventions or conditions are

driving the emergence of resistance, and whether IRM strategies can be designed

locally or need to be coordinated nationally or even internationally to be effective.

19



1 General introduction

While these limitations remain, it is difficult for malaria control programmes to adapt

vector control strategies to different settings or respond to changing circumstances, and it

is equally difficult for advisory agencies such as WHO to formulate clear criteria for policy

change (WHO, 2017). An awareness of these gaps, coupled with the rapid advancement of

high throughput technologies for genome sequencing and other molecular diagnostics, and

the development and maturation of genomic epidemiology as a field of research, has driven

an interest in the development of molecular methods and particularly genome sequencing

for malaria vector surveillance.

New vector control tools are needed

Even if next-generation LLIN and IRS products are widely deployed, IRM strategies are

implemented, and these are supported by improved vector surveillance capabilities, there is

a consensus that this will not be sufficient to reach malaria elimination. New vector control

tools will be required, and the need for expanding research to accelerate the development

of new tools is recognised as pillar III of the GPIRM (WHO, 2012) and as supporting

element 1 of the WHO Global Technical Strategy for Malaria 2016–2030 (WHO, 2015).

This includes further repurposing of agricultural insecticides, as well as the development

of new insecticides with novel modes of action designed specifically for public health

use (Hemingway et al., 2006; Lees et al., 2019). This also includes the development of

novel control tools that do not rely on insecticides, such as genetic control tools (Davidson,

1974; Burt, 2003). In particular, CRISPR/Cas9 gene editing technology had enabled

the development of highly effective gene drives, which are selfish genetic elements with

the capability to spread through mosquito populations via super-Mendelian inheritance

and cause population suppression or modification (Burt, 2003; Kyrou et al., 2018). The

development of these novel vector control tools has benefited greatly from and continues

to rely upon high throughput molecular tools such as whole-genome sequencing, and

the availability of high quality open access molecular data resources such as reference

genome sequences for malaria vectors (Holt et al., 2002; Sharakhova et al., 2007; Lawniczak

et al., 2010; Neafsey et al., 2014). Increasingly, the value of and need for data on natural
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genetic variation in targeted mosquito populations is also becoming evident. For example,

CRISPR/Cas9 gene drives need to target regions of low genetic diversity to minimise the

evolution of resistance (Kyrou et al., 2018).

Next-generation sequencing as a tool for genomic epidemiology

and infectious disease surveillance

High throughput “next-generation” genome sequencing (NGS) technologies have advanced

rapidly in the last two decades, opening up new applications for the study and control

of infectious diseases (Goodwin et al., 2016). The fundamental innovation of NGS is to

perform sequencing of up to billions of small fragments of DNA in parallel. For example, in

2005 the Illumina Genome Analyzer was the first commercially available NGS instrument,

capable of generating 1 gigabase (Gb) of data per run. The Illumina HiSeq instruments

available from 2011 extended this capability by two orders of magnitude, generating up

to 600 Gb per run (Illumina, 2017). These leaps in data generating capability, coupled

with the corresponding reduction in per-unit sequencing costs, allow for the sequencing

of many individuals of a given species, and thus the study of genetic variation within

and between natural populations. The 1000 Genomes Project pioneered the use of NGS

for the study of genetic variation, sequencing the genomes of 2,504 individuals from 26

human populations, and making the data openly available as a resource for the research

community (The 1000 Genomes Project Consortium, 2015). Applied to infectious diseases,

NGS allows pathogen genomes from many individual infections to be sequenced and

compared, providing opportunities to discover genetic variation underlying important traits

such as virulence or drug resistance (Armstrong et al., 2019). Comparing genome sequences

also reveals patterns of relatedness between pathogens in different hosts, which can be used

to investigate outbreaks of bacterial and viral diseases, or the transmission dynamics of

endemic parasite diseases such as malaria (Robinson et al., 2013; Daniels et al., 2015; Wohl

et al., 2016; Neafsey and Volkman, 2017; Wesolowski et al., 2018; Armstrong et al., 2019).

To promote the application of genomics to malaria research, the Malaria Genomic
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Epidemiology Network (MalariaGEN)3 was established in 2005, and provides a framework

for equitable collaboration and data sharing between multiple research centres and public

health laboratories with access to different sampling and sequencing capabilities. The first

large-scale study of genome variation in malaria parasites carried out by MalariaGEN

sequenced 227 samples from three continents and discovered 86 thousand polymorphisms

within gene coding regions (Manske et al., 2012). Subsequent studies expanded this dataset

and applied it to identify multiple populations of drug resistant parasites in Cambodia

and discover genetic variants associated with antimalarial drug resistance (Miotto et al.,

2013; Miotto et al., 2015). The most recent data release includes high quality genotype

calls on 3 million single nucleotide polymorphisms (SNPs) and short insertion/deletions

(indels) in 7,000 worldwide samples of P. falciparum infection (MalariaGEN et al., 2019).

Given these successes with use of NGS to study infectious disease pathogens, it is natural

to ask whether a similar approach could be used to study disease vectors such as Anopheles

mosquitoes that transmit malaria.

Genomic epidemiology of malaria vectors: opportunities and

challenges

The genome of the major Afrotropical malaria vector species, Anopheles gambiae, was

sequenced in 2002 and updated in 2007 (Holt et al., 2002; Sharakhova et al., 2007). This

reference sequence, scaffolded to complete chromosomes, spans a total of 230 Mb across the

two autosomes and the X sex chromosome, with an additional 42.6 Mb in unplaced contigs.

The availability of a high quality reference sequence makes possible the analysis of natural

genome variation via NGS, because short reads from individual mosquitoes can be aligned

to the reference genome and variants identified by comparison with the reference sequence.

Many questions could be investigated using such data. For example, although the general

mechanisms of insecticide resistance in malaria vectors are reasonably well established,

the specific genes and genetic variants underlying these resistance mechanisms are for the

most part unknown. Analogous to the discovery of drug resistance variants in malaria
3https://www.malariagen.net

22



Genomic epidemiology of malaria vectors: opportunities and challenges

parasites or antimicrobial resistance variants in bacteria, NGS could be used to discover

and build a more complete picture of the genetic basis of insecticide resistance in malaria

vectors (Donnelly et al., 2016). Analogous to the analysis of pathogen outbreaks, NGS

could be used to analyse the geographical origins and movements of different insecticide

resistance mutations between malaria vector populations. The analysis of genetic variation

can also be used to make demographic inferences about populations, including patterns

of migration and changes in population size. Of particular relevance to malaria vectors

would be investigating demographic changes in response to vector control interventions.

Many of the gaps in vector surveillance data described above could in principle be filled

by NGS of malaria vectors. Open data resources of natural genetic variation could also

accelerate many forms of research, including the research and development of new vector

control tools.

Although there are parallels between genomic epidemiology of pathogens and vectors,

there are also fundamental differences which present unique challenges, including:

1. Genome size. Whereas viral genomes are typically less than 50 kb, bacterial

genomes less than 5 Mb, and eukaryotic pathogen genomes such as Plasmodium less

than 30 Mb, Anopheles genomes are an order of magnitude larger at ~300 Mb in

size (Neafsey et al., 2014).

2. Genome complexity. Viral genomes typically have 10–100 genes, bacteria 100–

5,000 genes, Anopheles gambiae has 13,057 annotated protein-coding genes (Vector-

Base, 2019; Giraldo-Calderón et al., 2014). The Anopheles gambiae genome also has

a diversity of repetitive elements including various classes of transposable element,

not generally found in viruses, bacteria or eukaryotic parasites (Tu and Coates, 2004;

Fernández-Medina et al., 2011).

3. Sexual reproduction and frequent recombination. Viral and bacterial

pathogens are not sexually reproducing, and although some do undergo a form

of recombination under certain circumstances, it is much less frequent than that

which occurs in sexually reproducing eukaryotes. The recombination rate of Anophe-
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les gambiae is estimated at 1 cM/Mb, approximately one recombination event per

chromosome per generation (Pombi et al., 2006).

4. Diploidy. Anopheles gambiae is diploid and has a heterogametic sex determination

system, in common with other dipteran insects, mammals and many other eukaryotic

phyla. This means that sequencing the genomic DNA from a single individual

provides information about both of the genome sequences present within that diploid

individual.

5. Large effective population size and high levels of genetic diversity. Previous

studies of diversity within Anopheles species based on sequencing of individual genes

have found nucleotide diversity at synonymous coding sites in the range 0.4-2.9 %

depending on species, with Anopheles gambiae being the highest among these (Leffler

et al., 2012). This is indicative of very large effective population size and is at the

extreme end of diversity found across the tree of life (Leffler et al., 2012).

These factors require that analytical methods need to be established and validated that are

appropriate to malaria vectors, in order to provide a solid foundation for epidemiological

inferences to be made.

The Anopheles gambiae 1000 Genomes Project

In 2013, the cost of Illumina whole-genome deep sequencing of individual Anopheles

mosquitoes had reached the level at which sequencing upwards of 1000 individuals was

a feasible goal. MalariaGEN, supported by the Malaria Programme at the Wellcome

Trust Sanger Institute, established a project to sequence the genomes of mosquitoes in

the Anopheles gambiae species complex, collected from natural populations across sub-

Saharan Africa. To support this venture, a consortium was established, bringing together

representatives from 20 different research institutions, including groups with expertise in

field sampling, malaria vector biology and population genomics. The project was named

“The Anopheles gambiae 1000 Genomes Project”, abbreviated to “Ag1000G”. The primary

goal of the Ag1000G Project was to generate a high quality open access data resource
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on natural genetic variation within Anopheles gambiae populations, and to make these

data available to the research and public health communities. The Ag1000G Project also

aimed to use these data to investigate the demography and evolution of Anopheles gambiae

populations, particularly in relation to malaria vector control interventions. The ultimate

aim was to establish a foundation comprising both a high quality data resource and a

collection of proven analytical methods, that could then be used as a platform to develop

and scale up NGS as an operational tool for malaria vector surveillance.

For practical purposes, the Ag1000G Project was divided into three phases:

• Ag1000G phase 1 sequenced 765 individual mosquitoes sampled from natural

populations in 8 African countries, with representation of two major malaria vector

species within the Anopheles gambiae complex, Anopheles gambiae and Anopheles

coluzzii. This phase focused on the genome-wide discovery and analysis of single

nucleotide polymorphisms (SNPs) and SNP haplotypes. Primary analyses of those

data were published in The Anopheles gambiae 1000 Genomes Consortium (2017).

• Ag1000G phase 2 expanded the resource to include 1,142 wild-caught mosquitoes

from 13 countries, with increased representation of Anopheles coluzzii. This phase

also studied SNPs and added genome-wide discovery and analysis of copy number

variation (CNV). Primary analyses were published recently in The Anopheles gambiae

1000 Genomes Consortium (2020).

• Ag1000G phase 3 is expanding the resource to include 2,784 wild-caught mosquitoes

from 19 countries, with representation of a third vector species, Anopheles arabiensis.

Analyses of those data are ongoing, with data scheduled for release in 2021.

My role within the Ag1000G Consortium is to coordinate the project as a whole, and to

lead data production, curation and analysis. Although this work has been carried out in

collaboration with other members of the Ag1000G Consortium, there are specific areas

where I made individual contributions, and those are the focus of this thesis. In particular,

the majority of this thesis describes contributions I made during first project phase.
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Structure of this thesis

In the next chapter I take a brief historical detour, in order to introduce the Anopheles

gambiae species complex, which is the biological subject of this thesis. Whilst working on

the Ag1000G project I was fortunate to come into possession of a collection of previously

unpublished letters between entomologists George Davidson and Hugh Paterson, docu-

menting their collaboration during the 1960s which led to the discovery of the Anopheles

gambiae complex. Their discovery marked the introduction of genetic methods into malaria

entomology, and their correspondence provides a unique historical perspective on present

malaria elimination efforts, as well as the potential role for genomic epidemiology in future

vector control programmes.

In the third chapter I describe the production of the Ag1000G phase 1 genome vari-

ation data resource, which comprises high quality data on 52 million single nucleotide

polymorphisms (SNPs). The aim of the chapter is to establish robust methodologies

for genome-wide discovery and genotyping of SNPs from Illumina high throughput deep

sequencing of individual Anopheles mosquitoes, and to evaluate the accuracy and sensitivity

of the data produced in Ag1000G phase 1 using those methods. The chapter concludes by

describing the level of genetic diversity within the Ag1000G phase 1 cohort as a whole,

and provides confirmation that Anopheles gambiae mosquitoes are indeed among the most

genetically diverse organisms in the natural world.

In the fourth chapter I analyse the Ag1000G phase 1 data resource to investigate genetic

population structure among wild-caught mosquitoes. I also compare genetic diversity

within these populations and quantify genetic differentiation between them. Ag1000G

phase 1 sampled mosquito populations from a broad geographical range, crossing the entire

span of continental Africa from coast to coast, and there are many contrasts between the

ecosystems inhabited by Anopheles gambiae mosquitoes across this range, including coastal

to inland locations, deep forest to savannah, and urban to rural settings. The aim of

the chapter is to uncover heterogeneities among the mosquito populations sampled across

these diverse settings, and to begin to form an understanding of how major geographical

and ecological features have influenced the shape, size and connectivity of contemporary
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populations.

In the fifth chapter I continue the analysis of the Ag1000G phase 1 resource, performing

genome-wide scans for signals of recent positive selection. The aim of the chapter is

to identify genes experiencing the most extreme selection pressures, and thus which are

likely to be involved in the adaptive response to the scale-up of malaria vector control

interventions within the last two decades. I discover strong signals of selection at six

functionally-validated insecticide resistance genes, providing confirmation that these genes

are the central drivers of insecticide resistance in these mosquito populations. I also describe

the design and implementation of a web resource to allow exploration and fine-mapping

of novel selection signals, and illustrate its use to investigate a novel selection signal at a

diacylglycerol kinase gene, a novel candidate with potential links to insecticide resistance.

In the sixth chapter I focus on a single gene encoding the voltage-gated sodium channel

protein, which is the physiological binding target of pyrethroid insecticides, and where

amino acid substitutions have been shown to cause target-site insensitivity to pyrethroids.

I describe the discovery of novel non-synonymous substitutions within the Vgsc gene, and

present population-genetic evidence that these substitutions are unlikely to be neutral

and should be studied further for evidence of an insecticide resistance phenotype. I also

use haplotype data from Ag1000G phase 1 to analyse the genetic backgrounds on which

known resistance alleles are found, and make inferences about the spread of resistance

alleles between different countries and mosquito species.

In the final chapter I look forward to future applications of genome sequencing within

operational vector surveillance programmes, exploring the potential pathway to translation.
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2 Historical context: correspondence on the

discovery of the Anopheles gambiae

species complex

In this chapter I look back to a series of discoveries that were made during the first global

malaria eradication campaign of the 1960s, which uncovered the fact that Anopheles gambiae

is not a single mosquito species but rather a complex of multiple morphologically-identical

species, with important differences in their ecology, behaviour and feeding preferences.

Two entomologists, George Davidson and Hugh Paterson, were at the forefront of these

discoveries. I draw on both the published literature of the time, and a collection of 45

previously unpublished letters, to tell the public and private stories of their collaboration.

These events provide an introduction to our current understanding of the Anopheles gambiae

complex, which includes the mosquito species responsible for the majority of malaria

transmission in sub-Saharan Africa. They also mark the introduction of genetic methods

into the operational surveillance of malaria vectors, and provide a valuable perspective on

present day challenges in malaria vector control. The full correspondence between Davidson

and Paterson is provided as a supplementary file.

Anopheles gambiae Giles

The species Anopheles gambiae was first described in 1902 in the second edition of Robert

M. Giles’ handbook on mosquitoes (Giles, 1902). As with all anopheline mosquitoes, An.

gambiae has a life cycle that involves aquatic egg, larval and pupal stages, and an adult
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stage where both males and females feed on nectar but females also require a blood meal

to complete egg development. This blood feeding behaviour provides the opportunity

for transmission of parasites between hosts, such as the Plasmodium parasites causing

malaria. However, entomologists studying malaria in Africa during the early part of the

20th century discovered that, among the more than one hundred Anopheles mosquito

species they encountered, only a handful were able to transmit human malaria, and of

those, An. gambiae Giles was most often the dominant vector (de Meillon, 1947; de Meillon,

1950; Gillies and de Meillon, 1968).

Following the advent of chemical insecticides, there were early demonstrations during

the 1940s that malaria vectors could be effectively controlled by indoor residual spraying of

insecticides. Optimism spread that malaria could be eradicated by eliminating its mosquito

vector, and a global malaria eradication programme (GMEP) was launched by the WHO

in 1955 (Nájera et al., 2011). However, spraying campaigns met with mixed success in

sub-Saharan Africa. Insecticide resistance quickly emerged at several locations where

spraying had been carried out, and mosquitoes in some areas appeared to change their

behaviour to avoid the insecticides. Two entomologists, George Davidson in London and

Hugh Paterson in Johannesburg, were at the forefront of operational research seeking to

understand these events. Learning of each other’s work via preliminary reports published

by the WHO, Davidson and Paterson established a long-distance collaboration.

George Davidson

George Davidson was based at the Ross Institute of Tropical Hygiene in London, and was

involved during the 1940s in early trials of indoor residual spraying to counter malaria in

Sierra Leone, Democratic Republic of Congo, Tanzania and Kenya. In 1954, the Western

Sokoto malaria control pilot project in Northern Nigeria began indoor residual spraying of

the insecticides DDT and dieldrin (Bruce-Chwatt and Archibald, 1959), but less than two

years later the first reports emerged of resistance to these insecticides among anopheline

mosquitoes in sprayed regions (Elliott and Ramakrishna, 1956). Eggs of resistant and

susceptible mosquitoes were sent to Davidson in London, where they were used to establish
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Anopheles gambiae Giles

Figure 2.1. George Davidson (left), tending mosquito colonies at the London School of Hygiene
and Tropical Medicine (right).

mosquito colonies and study resistance under controlled conditions. Davidson confirmed

that mosquitoes from Western Sokoto were indeed resistant, particularly to dieldrin, which

had been sprayed in approximately half of the study area (Davidson, 1956).

Davidson and colleagues continued to investigate the genetic basis of dieldrin resistance,

using crosses between resistant and susceptible parents from colonies of mosquitoes identified

as An. gambiae Giles originating from different locations throughout Africa. As they

did so, they began to find that crosses between certain pairs of colonies always yielded

male offspring that were unable to reproduce, although the female offspring were fully

fertile. Recognising sterility in one sex as a hallmark of interbreeding between different

species (Haldane, 1922), Davidson and colleagues began to suspect that An. gambiae Giles

may in fact be more than one species.

Hugh Paterson

At the time that Davidson was performing crosses in London, Hugh Paterson was engaged

as a WHO consultant at the East African Institute of Malaria and Vector-borne Diseases

in Amani, Tanzania. Anopheles larvae are generally found in fresh water only, but reports
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Figure 2.2. Hugh and Shirley Paterson, circa late 1980s.

had emerged from East Africa of An. gambiae Giles mosquitoes able to breed in estuarine

salt-water environments (de Meillon, 1947; Muirhead-Thomson, 1948), and Paterson took

the opportunity to investigate. He performed crosses between three colonies, finding

male sterility and other evidence of reproductive incompatibility between fresh-water and

salt-water-breeding parents.

After completing his tenure in Tanzania, Paterson joined Peter Mattingly, an entomologist

and taxonomist from the British Museum, on a tour of several countries in Southern Africa

including Swaziland, Mozambique, Zimbabwe and Mauritius. The purpose of the tour was

to investigate reports alleging that An. gambiae mosquitoes had changed their behaviour in

response to insecticide spraying campaigns, preferring to feed outdoors instead of indoors

in order to avoid contact with insecticides (Mattingly, 1963). Paterson collected eggs whilst

on his travels and, on his return to his permanent position at the South African Institute

for Medical Research in Johannesburg, used them to establish colonies and conduct crossing

experiments. These crosses, like those being performed by Davidson in London, suggested

that the status of An. gambiae Giles as a single biological species needed to be reconsidered.

38



1962: Species A and B

1962: Species A and B

Davidson first described the results of his crossing experiments in a WHO/Mal technical

report in 1962. The report, entitled “Incipient speciation in Anopheles gambiae Giles”,

provided the first evidence for two distinct fresh-water forms of An. gambiae, which

Davidson named “Group A” and “Group B” (Davidson and Jackson, 1962). A draft of

this paper reached Paterson whilst on tour, and he wrote to Davidson from Mauritius in

March 1962:

“I have just received your recent WHO/Mal report and have read it with the

greatest interest. I have also had the privilege this week of discussing the

work we have been doing on gambiae with Peter Mattingly. May I say that I

agree with you that your evidence is best interpreted as indicating that your

two groups are separate species, especially when one takes Coronel’s evidence

of the presence of both at Diggi. I believe it will be shown that at Muheza,

Tanganyika, both forms are present.” (Letter 1)

Paterson’s own work on crosses between fresh and salt water-breeding mosquitoes in

Tanzania also first appeared as a WHO/Mal report (Paterson, 1962a), and Davidson

replied:

“Thank you for your letter of March 9th last. I had read the account of your

work at Amani with great interest [. . . ] I think our strains, which are all fresh-

water strains, are probably more closely-related than were your fresh-water and

salt-water strains. I am now trying to get eggs of Melas from Liberia, and of

salt-water tolerant gambiae from Amani, to try some crosses here in London.”

(Letter 2)

Davidson’s letter also discussed the search for morphological characteristics which could

be used to distinguish the different species. Such characteristics were highly desirable

because, if they could be found, they would provide a means of identifying mosquitoes in the

field, rather than having to transport them to the lab and identify them via cross-mating
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Figure 2.3. A card labelling a mosquito colony, found together with the Davidson-Paterson letters.
Presumably this card labelled a colony established in London by Davidson using eggs sent by
Paterson from Southern Africa.

with colonies of known types. This was highly relevant to the ongoing malaria eradication

campaigns of the time, where field entomologists needed practical methods to investigate

issues such as insecticide resistance and mosquito behaviour, which could differ between

species. However, early studies suggesting differentiating characteristics between group A

and group B (Coronel, 1962) proved to be premature, as Davidson wrote:

“I have been looking through Miss Coronel’s detailed figures on sector spot

measurements and find considerable differences between strains within a group.

[. . . ] We have just identified a recently acquired gambiae strain from the Ivory

Coast as belonging to group B from sector spot measurement and pupal spine

characters, whereas from crossings it obviously belongs to group A. Therefore

the morphological method may not always be reliable.” (Letter 2)

Davidson followed up Paterson’s work, performing crosses between the two freshwater

groups A and B and salt-water tolerant strains from both East and West Africa, publishing

the results later that year, confirming male sterility between all four forms (Davidson,

1962). For Davidson, however, the fact that sterility was restricted only to males, and

therefore that there remained the possibility of gene flow between these different forms,

created doubt whether they should be considered separate species.
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By May 1962, Paterson had completed his tour and returned to Johannesburg. Paterson

wrote to Davidson to discuss his results, and his letter illustrates one of the technical

challenges that both entomologists were confronting at the time. Repeating each other’s

experiments required establishing and maintaining a consistent set of reference colonies

between two different research institutes, but achieving that was a logistical challenge,

not least because establishing colonies required posting of mosquito eggs between two

continents. Paterson wrote:

“I would like to suggest to you that all of us working on gambiae complex

studies should standardize our reference colonies. I should like to see the

Kisumu colony used as the “type” of group A since it is the most widely used

colony of A. gambiae. I hope you will agree with this and suggest a colony

as a reference colony for group B. [. . . ] I should be very pleased if you would

help us by sending us eggs of the group B colony you choose so that we may

establish it here.” (Letter 3)

Davidson wrote back in June to discuss the issue of reference colonies, and with further

news on the search for distinguishing morphological characteristics, which continued to

be fruitless (Letter 4). Paterson responded at the end of June, acknowledging successful

receipt and hatching of eggs from group B sent by Davidson. He also shared findings from

experiments using colonies established from eggs obtained in Mauritius:

“I have now found evidence of both group A and group B on Mauritius. [. . . ]

This is very interesting in any case since it is one more spot where group A and

group B are sympatric. Of course, what I assume to be group B may be a new

group, but I think this is unlikely.” (Letter 5)

The evidence that two reproductively isolated groups could be found living together at

the same location (sympatric) was the key criterion for Paterson to support the elevation

of these groups to species rank, because it would establish that although gene flow was

possible under lab conditions, in nature the two groups remained genetically distinct.

In the final letter from 1962, Paterson wrote in July with some intriguing results:
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“I obtained some curious results with a cross I made the other day. I managed

to get a couple of wild caught gambiae from Southern Rhodesia to lay some

eggs. From these we got adults which we set up in both directions against

Kisumu adults. The results obtained differ strikingly from results obtained

from crosses between groups A & B. [. . . ] Although one cannot base much on

an isolated case like this it does suggest that there may be yet another member

of the freshwater complex.” (Letter 7)

Here was the first hint of a further species discovery in Southern Africa.

1963: Species C

In Paterson’s initial publications on the East African salt-water An. gambiae, he argues

that it is a distinct species, but he does not put forward any suggestions for a new species

name (Paterson, 1962a; Paterson, 1962b). However, in 1962, the German entomologist

F. Kuhlow also published work showing this to be a distinct species, proposing the name

“Anopheles tangensis” (Kuhlow, 1962). Mattingly published a paper in the same year

pointing out that “Anopheles merus”, a previous synonym of “Anopheles gambiae”, might

be applicable (Mattingly, 1962). Paterson followed up Mattingly’s suggestion, examining

the remaining type specimens for An. merus, and must have shared his work with colleagues,

because in January 1963 he received a letter from R. C. Muirhead-Thomson of the WHO

Division of Malaria Eradication, who wrote:

“Normally, I think there would be every justification to raise “salt water

gambiae” to a specific rank, but as it is the implications of your findings are

closely interwoven with Davidson’s current work on the mating groups of the

gambiae complex, work which is being continued and which will undoubtedly

lead to further re-thinking on the whole A. gambiae taxonomy. [. . . ] I would

consider that it is perhaps rather premature and untimely to introduce a new

specific name for any one of this complex without close consultation with the

other parties concerned.” (Letter 8)
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Muirhead-Thomson had authority here, because in addition to his WHO role, he had

previously confirmed a West African salt-water form An. melas to be a distinct species from

fresh-water An. gambiae via crossing experiments (Muirhead-Thomson, 1948), as well as

studying the East African salt-water form (Muirhead-Thomson, 1951). Muirhead-Thomson

had sent a copy of this letter to Davidson, and in March Davidson replied:

“Thank you for the copy of your letter to Paterson on speciation in A. gambiae.

Having just read Dobzhansky’s “Genetics and the Origin of Species”, and

White’s “Animal Cytology and Evolution”, and I am now in a position to make

a few comments.” (Letter 10)

Davidson referred to Dobzhansky’s description of speciation in Drosophila pseudoobscura

and D. persimilis (Dobzhansky, 1951), highlighting the parallels with An. gambiae:

“Evidence of crossing in nature is “very rare” and reproductive isolation consid-

ered more or less complete. This is Dobzhansky’s criterion of a species. [. . . ] It

would thus appear at first sight that we have a strong case for calling all four

forms of gambiae separate species on the grounds that reproductive isolation is

indicated.” (Letter 10)

On the subject of naming, Davidson remained cautious:

“However, there seems little point in calling them species if it is not possible

for “the man in the field” to recognise them from morphological characters.

[. . . ] Until such time as absolute differences are forthcoming we should leave

the question of specific naming in abeyance.” (Letter 10)

Davidson also exchanged letters with Kuhlow in February and March, making the same

points (Letter 9, Letter 11). In a further effort to rein in the taxonomists, Muirhead-

Thomson wrote to Mattingly in April, again copying Davidson. Urging for a united front,

he emphasized the practical impact of these decisions on the ongoing efforts towards malaria

eradication:
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“While not wishing in any way to curb or restrict the rights of research workers

to give free voice to their own findings and opinions, the case in point is one in

which so many interests are concerned - malaria eradication in particular - that

all efforts are called for to avoid confusion, dissension or disharmony.” (Letter

12)

Paterson moved in 1963 from South Africa to the zoology department at the University

College of Rhodesia and Nyasaland in what was then Southern Rhodesia, now Zimbabwe.

He continued working throughout 1963 on both the salt-water form and on the third

fresh-water form in Southern Africa. Towards the end of the year, he compiled three papers,

which were published together as WHO/Mal/421. In the second these papers, Paterson

laid out the evidence he had collected that “Anopheles merus” is an appropriate name for

the East African salt-water An. gambiae (Paterson, 1963). In the third of these papers,

Paterson presented his evidence for a new member of the An. gambiae complex, which he

referred to as “Species C” (Paterson et al., 1963). This was a third fresh-water species,

found in Southern Africa, with a strong preference for feeding outdoors on livestock, in

contrast to the known fresh-water species A and B whose preference is to feed indoors on

humans. Regarding the significance of species C, he wrote:

“The programme, of which these studies form a part, has as its main object,

the elucidation of the apparent behaviour changes which occurred in Swaziland

and in the Mazoe Valley following antimalaria spraying campaigns using the

insecticide BHC.” (Paterson et al., 1963)

He concluded that in these areas the original vector was probably either An. gambiae

species A or species B, and that it was effectively eliminated by the spraying campaign

because of its preference for feeding indoors. Because species C preferred feeding outdoors,

it evaded the insecticide and came to predominate. Thus, the previous reports of behaviour

change were in fact a change in the relative abundance of different mosquito species.

44



1964: The species debate

1964: The species debate

Throughout 1963, Davidson was performing crosses between colonies of all the mating

types so far suggested, in all completing some 200 crossings between 36 mosquito colonies.

This work led up to the publication, “Anopheles gambiae, a complex of species” in the

Bulletin of the WHO, in which he confirms “the existence of five mating-types in what was

until recently considered a single species” (Davidson, 1964). The results themselves were

indisputable, but their interpretation left room for debate, and this gave rise to a colourful

exchange between Davidson and Paterson. In particular, Davidson reiterated a theory

that the divergence between species A and B “may be occurring independently in different

parts of Africa”, originally put forward in Davidson and Jackson (1962). The driver behind

this view appears to be the fact that both species A and B had a very broad geographical

distribution, spanning much of continental Africa, although the logic is not stated.

Paterson did not agree with this theory. Davidson sent Paterson an early draft of his

new paper, and Paterson responded in January 1964:

“Perhaps I could start by explaining why I am so unenthusiastic about the

possibility of A and/or B having multiple origins. [. . . ] Sympatric speciation

is enormously improbable and for it to occur independently more than once

is astronomically remote. From your paper I gather that you now agree with

this point, but you substitute the suggestion that sp. A (or sp. B) could have

evolved independently on several occasions by geographical speciation. I feel

that the improbabilities involved in the arrival at a single species by convergent

evolution on several occasions are just as great as in the case I dealt with and,

I am sure you will not easily find an evolutionist who will support you in this

view.” (Letter 15)

Paterson also argued for the practical implications for entomologists working in the field:

“We must never forget that at present the importance of the work in which

we are engaged is mainly practical. I feel very strongly therefore that every
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effort should be made to avoid confusing the applied worker with theoretical

arguments.” (Letter 15)

Davidson replied in February:

“I don’t think a little discussion on theoretical aspects of speciation (which you

started, not I) will do any harm. Am I not entitled to express my views or have

I to accept the word of Paterson as the last on the subject [. . . ] ?” (Letter 16)

Davidson was also adamant that field workers would not make use of the knowledge of

existence of multiple species until they had the tools to recognize them. Returning to the

“species” question, Davidson continued:

“It seems to me that there are so many gaps in our knowledge of this A. gambiae

complex that it is too soon to be as dogmatic as you are. I would prefer to

keep a more open mind on the subject and await further facts; particularly

with regard to the status of the A and B forms. These seem to be so intimately

mixed, and both have been recorded from areas of holoendemic malaria, that

differences in their vectorial capacity can only be slight. Apparent changes

in the predominance of one or the other forms has occurred over the years in

Upper Volta and Western Sokoto, for example.” (Letter 16)

On whether two species can have multiple origins, Davidson invoked the geographical

distribution of insecticide resistance as evidence, although again the logic of his argument

is not stated:

“One final point on this A and B issue: if they have a single origin how do you

account for the fact that resistance in both A and B forms is confined to West

Africa, or has this no relevance?” (Letter 16)

In March, Paterson responded:

“I must point out that you asked me to comment on your manuscript. This

I did. Naturally I did not expect you to accept my views unless you were
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convinced they were correct. [. . . ] Of course I have noted the distribution of

genes determining dieldrin resistance in Africa. I have not yet attempted to

explain them as I cannot do so on the available evidence.” (Letter 18)

Paterson’s arguments were not enough to persuade Davidson, and Davidson submitted

his paper to the Bulletin of the WHO including the theory of multiple origins of species A

and B. Despite this debate, the willingness to collaborate was not diminished. In addition

to continuing to exchange eggs, Davidson wrote to Paterson in May with an invitation

to join him in writing a chapter for a book on vector genetics being prepared by WHO.

Attempting to forge a consensus, Davidson wrote:

“It seems to me to be a golden opportunity for combining our various versions

of the gambiae situation. [. . . ] Will you agree to a conclusion on the following

lines:- On present evidence A. melas, A. merus and form C are probably species

and A and B are possibly species, but more information on the extent or absence

of hybridization in the field is required and more cytogenetic investigation is

necessary before the precise status can be given.” (Letter 19)

Here “cytogenetics” refers to the study of chromosomal inversions as a means of genetically

identifying species, which was new technique emerging at the time. Paterson stood firm,

however, replying:

“With regard to your proposed statement on the status of the forms, I find

myself in a difficult position. Your statement starts “On present evidence. . . ”.

As you know I have argued on this same evidence that the forms should be

regarded as separate species on the basis of workers including Mayr, Cain and

Mattingly. [. . . ] I realize the difficulty fully. I therefore think that the best

that can be done is to state your own position and to add a note that your

opinion is not universally accepted.” (Letter 20)

In July, Davidson attended the international congress of entomology in London, presenting

his results on the An. gambiae complex. Davidson wrote to Paterson afterwards with the

final draft of the paper (Letter 21), to which Paterson responded, perhaps somewhat wryly:
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“Many thanks for your letter and the copy of your paper. I am glad to hear

that it aroused some discussion. Perhaps some interesting new suggestions

came from the general evolutionists present?” (Letter 22)

There may have been some discussions in London which helped to sway Davidson.

Paterson also published a short paper containing data from a study in Southern Zimbabwe

at a location where species A, B and C were all found together, in which no evidence was

found for any hybridisation between the forms, strengthening the argument for separate

species (Paterson, 1964). In November, Davidson wrote to Paterson:

“I enclose a copy of a paper I was invited to contribute to the coming number of

the Rivista di Malariogia. In it you will see I have now come to your conclusion

that all five mating types should be considered full species [. . . ]” (Letter 23)

Davidson held on to his views on the potential for hybridisation, however, writing:

“I think we must recognize [. . . ] that hybridization does occur on occasion, not

only between A and B, but also between melas and A (or ?B). Perhaps such

hybridization occurs when high densities of the two forms overlap at certain

times of the year.” (Letter 23)

Concerning the paper submitted earlier in the year to the WHO, Davidson added:

“The article I wrote in September last year (“Anopheles gambiae: A Complex

of Species”) [. . . ] still lies in Geneva awaiting publication. I have now sent a

postscript to this article pointing out that evidence accumulated since it was

written now points to all the forms being full biological species [. . . ]” (Letter

23)

The postscript reached Geneva in time and was published at the end of the article (David-

son, 1964). This must be one of the few examples in the scientific literature where an

author puts forward a theory and then retracts it within the same publication.

48



1965-1971: Anopheles gambiae, a complex of species

fl

Figure 2.4. Photograph of mosquito specimen collection in Zimbabwe, found together with the
Davidson-Paterson letters. On the back of the photograph is written, “Lundi River (Hippo Valley
Estates). Habitat of larvae A. gambiae species C. 24th September, 1967 (dry season).”

1965-1971: Anopheles gambiae, a complex of species

By the beginning of 1965, Davidson and Paterson were in full agreement regarding the

status of the five mating types as distinct species. The focus of their correspondence

then switched to preparing material for the chapter on the An. gambiae complex for

the upcoming WHO book on vector genetics. This article was to include a map of the

geographical distribution of the five species, which required pulling together all available

records of the species from sites where they had been genetically identified via crossing

against colonies of known species. During the second half of 1964 and throughout 1965 they

exchanged letters requesting, commenting on and correcting species distribution records.

Both hoped the map would be of considerable practical value to the ongoing malaria

eradication efforts, and would be sufficiently complete to serve as a standard for some

time. It would take a further two years to complete this work, but the chapter, including

the map, was finally published in 1967 (Davidson et al., 1967). Although the map was
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limited by the methods and data available at the time, it is remarkably complete and

concordant with current species distribution maps (Wiebe et al., 2017). For example, the

geographical limits of the coastal salt-water species were already well-established. Also,

although Species A and Species B overlapped considerably, it was clear that the range of

Species B extended further north in East Africa, including the Arabian peninsula. The

general preference of Species B for more arid conditions was also evident.

Davidson and Paterson also continued to send each other eggs during 1965, particularly

of species C, as both struggled to establish a robust colony which could be used to

further study the species and type field specimens via crossing. Laboratory crosses were

difficult and laborious, and the search continued for morphological characters that could

separate the species, led by Mario Coluzzi in Rome. Coluzzi published initial findings in

1964 (Coluzzi, 1964) which were extended and included in Davidson et al. (1967). However,

although some combinations of features could be used to differentiate species to some

extent, no reliable classifications could be made, a finding corroborated by a comprehensive

morphological analysis of the An. gambiae complex published later (Coetzee, 1989). Given

these difficulties, attention shifted towards direct genetic methods of species identification.

The most promising approach, cytogenetics, involved examining the banding patterns

of polytene chromosomes examined under a microscope. The first cytogenetic map of

An. gambiae had been published some years earlier (Frizzi and Holstein, 1956), and

characteristic differences were ultimately found that could differentiate all five species in

the An. gambiae complex (Coluzzi and Sabatini, 1967; Coluzzi and Sabatina, 1968; Coluzzi

and Sabatina, 1969). This was a major methodological breakthrough, and Davidson wrote

to Paterson in 1968 with some excitement:

“You may not have heard of the latest development in the A. gambiae complex

situation. Coluzzi can now definitely tell A from B by the X-chromosome and

can also distinguish melas and merus by the X-chromosome and autosomes.

I tested him on 14 of our colonies (A, B, melas, merus) and he got them all

right. Now, of course, we are itching to adopt this cytogenetic technique. It

will take a much shorter time and much less trouble than our present crossing
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technique.”

Although a definitive account of the five species had been published in 1967, the naming

of the species remained unresolved. In 1968, Paterson completed a PhD thesis, which

included carefully researched proposals for naming all five species, although the thesis was

not published. Paterson planned a trip to England in 1970, and Davidson took this as an

opportunity to resolve the naming issue, writing to Paterson in February 1970:

“We all think it would be a good idea if we took advantage of your visit to

have a little get-together on the naming of the A. gambiae complex. By all I

mean Peter Mattingly, Mick Gillies, Mario Coluzzi (if we can get him here) and

possibly John Reid and Professor Bertram.” (Letter 39)

After some to-and-fro, the meeting was arranged, and came to a consensus, adopting

the names as proposed in Paterson’s thesis. However, it would take a further seven years

for the resolution to be published (Mattingly, 1977). Species A became Anopheles gambiae

sensu stricto, species B became Anopheles arabiensis, and species C was named Anopheles

quadriannulatus. Anopheles melas was retained for the West-African salt-water breeding

species, and Anopheles merus was confirmed for the East-African salt-water species.

Anopheles coluzzii

The story of the Anopheles gambiae species complex does not end there. Following the

work of Davidson and Paterson, Mario Coluzzi and colleagues made a number of further

discoveries, reviewed in detail by Powell et al. (2014). They used the new cytogenetic

methods to perform surveys of An. gambiae populations across Africa, identifying a

number of polymorphic chromosomal inversions, which in turn revealed further structuring

within the An. gambiae species complex. Several distinct “chromosomal forms” were

identified within An. gambiae sensu stricto, distinguished by characteristic combinations

of chromosomal inversions, and certain heterozygous combinations were rarely observed,

indicating non-random mating between genetically distinct populations (Toure et al., 1998;

Coluzzi et al., 2002). In particular, several chromosomal forms were commonly found in
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sympatry, suggesting a further species divisions. Molecular markers were subsequently

found which demonstrated the existence of two genetically distinct populations with a

broad and overlapping geographical distribution, named M and S molecular forms (della

Torre et al., 2001). Despite clear genetic segregation of natural populations, mosquitoes of

these two molecular forms were fully fertile when crossed in the lab, creating hesitation

about whether these forms were distinct species. However, following the demonstration of

genome-wide patterns of sequence divergence between M and S forms (Lawniczak et al.,

2010), the M form was recognised as a distinct species in 2013 and given the name Anopheles

coluzzii (Coetzee et al., 2013).

Conclusions

An. coluzzii, An. gambiae and An. arabiensis together account for the majority of malaria

transmission in sub-Saharan Africa, and remain the subject of intense scrutiny. Because of

their epidemiological importance, these three species are the primary subject of study by

the Anopheles gambiae 1000 Genomes (Ag1000G) Project. However, the first phase of the

Ag1000G project sequenced only An. gambiae and An. coluzzii, and thus these two species

are the focus of this thesis. In the next chapter I describe whole-genome sequencing of 888

individual specimens of An. gambiae and An. coluzzii, and the genome-wide discovery of

nucleotide polymorphisms both within and between these species.
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3 The Anopheles gambiae 1000 Genomes

Project phase 1 nucleotide variation data

resource

In this chapter I describe the production and curation of a data resource of nucleotide

variation obtained from whole-genome sequencing of 888 individual mosquitoes wild-caught

from natural populations, and a further 80 individuals from colony crosses. Production

of this data resource was a collaborative effort involving members of multiple research

teams within the Ag1000G Consortium. My contribution, described in this chapter, was to

analyse the raw variant calls, define and carry out quality control and validation analyses,

investigate genome accessibility and define quality filters, and produce the final analysis-

ready data resource. I also report analyses of these data to quantify the levels of nucleotide

variation found, and to explore how genomic features such as protein-coding genes affect

the genomic landscape of nucleotide variation.

Introduction

As described in chapter 1, the Ag1000G Project aims to use whole-genome deep Illumina

sequencing to explore natural genetic variation among populations of malaria vectors

within the An. gambiae complex. For logistical reasons the project was divided into three

phases, and a total of 888 mosquito specimens sampled from natural populations were

included in the first project phase. A further 80 mosquito specimens comprising parents

and progeny of four colony crosses were also sequenced within this project phase. This
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chapter is primarily methodological, describing the processes and analyses developed and

used to identify, genotype and validate single nucleotide polymorphisms (SNPs) among

these specimens. For completeness, I have included some brief methodological information

regarding population sampling and whole-genome sequencing which were performed by

members of the Ag1000G Consortium. However, the main focus of this chapter is the

work I contributed to production and validation of a high quality genome-wide resource

of SNP data from sequencing of these specimens. Where work was carried out by or in

collaboration with other members of the Ag1000G Consortium I have indicated that within

the relevant subsection.

Methods

Population sampling

Population sampling was performed by members of the Ag1000G Consortium. Below is

a brief description of the cohort of mosquito specimens obtained for sequencing. A more

detailed description is available in The Anopheles gambiae 1000 Genomes Consortium

(2017).

A total of 888 mosquito specimens collected from natural populations were included in

the Ag1000G phase 1 cohort. This included mosquitoes representing two major malaria

vector species An. gambiae and An. coluzzii. Mosquitoes were sampled from 8 countries

in sub-Saharan Africa representing a broad geographical range spanning the continent:

Guinea-Bissau, Guinea, Burkina Faso, Cameroon, Gabon, Angola, Uganda and Kenya

(Fig. 3.1). Mosquitoes had been collected prior to the initiation of the Ag1000G Project

as part of previous field studies, and were collected at different times, with the earliest

collections being in 2000 (Gabon) and the most recent in 2012 (Burkina Faso). Because

these mosquitoes were collected in the context of different studies, a number of different

collection methods were used, including light traps, pyrethrum spray catch and larval

collection. In addition to the wild-caught specimens, a further 80 mosquitoes were obtained

from four colony crosses, each cross comprising two parents and up to 20 progeny, where
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Figure 3.1. Map of sampling locations. Numbers of specimens are shown by gender. Parental
colonies and numbers of offspring for colony crosses are shown inset. Numbers of samples are
shown after removing samples that failed any of the quality control steps described in this chapter.
Colours in the map denote ecosystem classes, see Sayre et al. (2013) Fig. 9 for a complete colour
legend. This figure was produced in collaboration with Chris Clarkson.

parents were drawn from established reference colonies (Fig. 3.1 inset). The main rationale

for including colony crosses was to provide a mechanism for calibrating and measuring the

accuracy of variant calling methods, because colony crosses allow for the analysis of genetic

inheritance and Mendelian inconsistencies between parents and offspring, which can be a

useful proxy of variant calling errors (Saunders et al., 2007; Laurie et al., 2010; Pilipenko

et al., 2014). DNA extraction was performed on individual mosquitoes and genomic DNA

samples were shipped to the Wellcome Sanger Institute for sequencing.
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Table 3.1. Depth of coverage. Coverage column shows median (interquartile
range) depth coverage for all samples by country and species. Numbers of
samples and coverage values are shown after removing samples that failed
any of the quality control steps described in this chapter. Species status
is uncertain for samples from Guinea-Bissau and Kenya, see Chapter 4 for
further explanation.

Country Species No. samples (�, �) Coverage
Angola An. coluzzii 60, 0 30 (22-38)
Burkina Faso An. coluzzii 66, 3 33 (26-44)
Burkina Faso An. gambiae 61, 20 31 (22-68)
Cameroon An gambiae 232, 43 29 (19-53)
Gabon An. gambiae 56, 0 31 (21-37)
Guinea An. gambiae 31, 0 29 (19-39)
Uganda An. gambiae 103, 0 31 (27-39)
Guinea Bissau uncertain 46, 0 30 (24-41)
Kenya uncertain 44, 0 31 (18-57)

Whole-genome sequencing

Whole-genome sequencing was performed by staff at the MalariaGEN Resource Center

and the Wellcome Sanger Institute sample logistics, sequencing and informatics facilities.

Below is a brief description of sequencing methods. A more detailed description is available

in The Anopheles gambiae 1000 Genomes Consortium (2017).

Sequencing was performed on the Illumina HiSeq 2000 platform at the Wellcome Sanger

Institute. Paired-end multiplex libraries were prepared using the manufacturer’s protocol,

with the exception that genomic DNA was fragmented using Covaris Adaptive Focused

Acoustics rather than nebulization. Multiplexes comprised 12 tagged individual mosquitoes

and three lanes of sequencing were generated for each multiplex to even out variations

in yield between sequencing runs. Thus, after sequencing data were demultiplexed, data

for each individual sample were available from three separate sequencing runs. Cluster

generation and sequencing were undertaken per the manufacturer’s protocol for paired-end

100 bp sequence reads with insert size in the range 100–200 bp. Target coverage was 30×

per individual. The median depth of coverage obtained per individual was at least 29× for

all the sample sets contributed (Table 3.1).
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SNP discovery and genotyping

SNP discovery and genotyping was performed in collaboration with the MalariaGEN Re-

source Center data production team. Below is a brief description of SNP calling methods. A

more detailed description is available in The Anopheles gambiae 1000 Genomes Consortium

(2017).

SNP discovery and genotyping was performed following best practices defined for the

Genome Analysis Toolkit (GATK) version 2 (McKenna et al., 2010; Depristo et al., 2011;

Van der Auwera et al., 2013). Sequence reads from each sample were aligned to the AgamP3

reference genome (Holt et al., 2002; Sharakhova et al., 2007) using BWA version 0.6.2 (Li

and Durbin, 2009). A BAM file for each individual was constructed by merging alignments

from multiple lanes, and duplicate reads were marked using Picard version 1.96. Reads

were then re-aligned around putative indels found within the alignments using GATK. SNP

discovery and genotyping was performed using GATK UnifiedGenotyper. UnifiedGenotyper

was run within non-overlapping 10 kb chunks, and the results were combined into a single

variant call format (VCF) file for each chromosome arm using the vcf-concat command

from vcftools version 0.1.10. SNP discovery was performed using the 888 wild-caught

samples. The colony crosses samples were then genotyped at the same set of SNPs using

GATK UnifiedGenotyper.

Sample quality control

A number of issues can arise in the process of sample and library preparation and high-

throughput sequencing which result in data of insufficient quality to perform robust variant

discovery and genotyping. These issues include:

• Low yield. The number of sequence reads generated for an individual sample is not

sufficient to achieve the desired depth of coverage.

• Low library complexity. If the input DNA quantity is insufficient, the DNA

amplification process can generate sufficient material for sequencing, but there may

be significant bias, in the sense that some genome regions are overrepresented and
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A

B

C

Figure 3.2. Sequencing data quality diagnostics. Each marker represents an individual sample.
Mean coverage is computed as total number of sequenced bases divided by genome size. Percent
genome covered is percent of nucleotides in reference genome with at least one read aligned.
Highlighted groups A, B and C indicate different quality issues, described in the text.

others are underrepresented or not covered at all (Head et al., 2014).

• Cross-contamination. During specimen handling, sample preparation and library

preparation, material and thus DNA from one sample may contaminate another. In

this case the sequencing data generated will include a mixture of reads from the

original sample and the contaminating sample.

• Metadata errors. Errors may arise during the recording and transfer of metadata

about specimens and samples between information systems. This can lead to situations

where the identity of one sample becomes swapped with that of another sample.

• Unexpected taxa. In Ag1000G phase 1 only An. gambiae and An. coluzzii

mosquitoes were to be included. However, not all specimens had the conventional

diagnostic species assays performed prior to selection, and thus were only identified

morphologically.

In this subsection I describe analyses performed to identify and exclude samples affected

by one or more of these issues.
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Sequencing data quality

I analysed summary statistics generated from the sequence read alignments to identify

samples with sequencing data quality issues such as low yield or low library complexity.

These statistics included the number of sequence reads, mean coverage, percentage of reads

mapped to the reference genome, percentage of reads marked as duplicates, and percentage

of aligned bases mismatching the reference genome. I plotted various combinations of these

statistics to investigate their distributions and identify outliers. A particularly informative

plot was to compare the mean coverage with the percentage of genome covered by at least

one read (Fig. 3.2). Most samples obtained greater than 80% of the genome covered, but

a set of 13 samples had both mean coverage below 7× and less than 80% of the genome

covered, indicating insufficient coverage due to low sequencing yield (Fig. 3.2 group A).

There were also four samples with high mean coverage but less than 80% genome covered.

Two of these samples had a high rate of duplicate reads, and thus poor genome coverage

was likely due to low library complexity (Fig. 3.2 group B). The remaining two samples

had a higher mismatch rate, thus poor genome coverage was likely due to an unexpected

taxon with higher divergence from the reference genome (Fig. 3.2 group C). On the basis of

these analyses, the percentage of genome covered appeared to be a useful metric capturing

multiple quality issues, and I excluded 17 samples with less than 80% genome covered.

Cross-contamination

Cross-contamination between samples of the same species can be detected by analysing the

fractions of reads supporting genotypes in each sample. Several tools have been developed

to detect cross-contamination in sequencing data, such as verifyBamID (Jun et al., 2012).

Previous human sequencing projects have used verifyBamID and excluded samples with

an estimated contamination fraction above 2% (The 1000 Genomes Project Consortium,

2015). To analyse evidence for cross-contamination in the Ag1000G phase 1 samples,

verifyBamID was run on all samples by the MalariaGEN data production team. Because

this tool had been developed for and previously only applied in human sequencing studies, I

performed additional analyses to confirm that the contamination predictions were reliable in
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a b

Figure 3.3. Cross-contamination diagnostics. Each plot shows an allele balance diagnostic plot for
a single sample. Each marker within a plot is a genotype call (blue = homozygous reference; green
= heterozygous; red = homozygous alternate). a, Example of sample with predicted contamination
< 2%. b, Example of sample with predicted contamination > 4%.

Anopheles. I generated a set of diagnostic allele balance plots for each of the 888 mosquito

samples in phase 1 which plotted data from genotypes across all autosomes, showing the

genotype called, and the numbers of reads supporting the reference and alternate alleles

(e.g., Fig. 3.3). I then visually inspected these plots and cross-referenced them against the

contamination fraction predicted by verifyBamID. In uncontaminated samples there was

clear separation between the different possible genotype calls (e.g., Fig. 3.3a) and cases of

contamination were evident as a lack of a clear separation between genotype calls (e.g.,

Fig. 3.3b). In all cases where verifyBamID predicted contamination > 4% I confirmed a

signal of contamination via allele balance plots, and conversely I found no cases of allele

balance plots indicating contamination but verifyBamID predicted contamination < 4%,

providing confidence that verifyBamID predictions were reliable. To be conservative, I

excluded all samples with verifyBamID contamination > 2% from the final dataset.

Sex metadata concordance

Both male and female mosquito specimens were contributed to Ag1000G phase 1 (Table 3.1)

and the morphologically-identified gender was included in the sample metadata contributed

by the Ag1000G consortium partners who collected the specimens. To confirm metadata
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A

B

Figure 3.4. Sex metadata concordance checks. Each marker represents a sample. The left panel
(labelled F) shows samples from mosquitoes reported in metadata as female, the right panel (labelled
M) shows samples reported as male. n_het_x = No. of heterozygous genotype calls on the X
chromosome. n_missing_y = No. of missing genotype calls on the Y_unplaced chromosome.
Groups labelled A and B are described in the text.

records were correct, I compared the reported specimen gender with a gender call made

directly from the sequencing data. To call gender for each sample I computed the counts

of homozygous, heterozygous and missing genotype calls separately for the X and Y

chromosomes. Sex determination is similar in mosquitoes to humans in that females are

homogametic XX and males are heterogametic XY. Thus, in females we expect to observe

heterozygous genotype calls on the X chromosome and missing genotype calls on the Y

chromosome. Conversely, in males we expect only homozygous genotype calls on the X

chromosome and non-missing genotype calls on the Y chromosome. Plotting these data it

was evident that some samples had genotype counts not consistent with their reported sex

(Fig. 3.4). This included six samples reported as female but with male genotype counts

(Fig. 3.4 group A) and four samples reported as male but with female genotype counts

(Fig. 3.4 group B). I excluded these ten samples from further analyses. There were also a

further six samples with apparently androgynous genotype counts on sex chromosomes.

Cross-checking against the contamination analysis showed these apparently androgynous

samples to have predicted contamination > 2%, explaining the unusual sex chromosome

genotype counts.
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a b

Figure 3.5. Example of population outlier analysis for Guinea An. gambiae. Six samples are
evident as outliers, having elevated genetic distance and appearing as outliers in PCA. a, Pairwise
genetic distance between samples, visualised as a heatmap. b, PCA showing first and second
principal components.

Population outliers

Mosquitoes in the phase 1 cohort represented 8 countries and two species. In Burkina

Faso, both An. gambiae and An. coluzzii were represented, whereas in all other countries

only a single species was represented (either An. gambiae or An. coluzzii), except for

Guinea-Bissau and Kenya where the species status was uncertain (Chapter 4). In some

countries, specimens had been collected from multiple sites, but in all cases the sites were

within a relatively small geographical distance (Fig. 3.1). Thus, in general we would expect

to see little or no genetic structure among the specimens of any given species sampled

from within a single country. To confirm that the country of origin reported for each

specimen in the sample metadata provided by Ag1000G consortium partners was consistent

with the patterns of genetic population structure present in the data, I performed an

outlier analysis using both pairwise genetic distance and principal components analysis

(PCA) (Patterson et al., 2006)). In this analysis I used SNPs from Chromosome 3, then

grouped samples by reported country and species, then performed both PCA and pairwise

distance analyses on each group in turn (e.g., Fig. 3.5). If any samples were present in

a group because of incorrect geographical or species metadata, they would be expected

to appear as an outlying group of samples, with elevated genetic distance from other
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Figure 3.6. Coverage and heterozygosity. Each marker represents a sample, coloured by country of
collection. No. het. genotypes = number of heterozygous genotype calls on autosomal chromosomes.

samples, and appearing as outliers in PCA. In total, I identified and excluded 55 samples

as population outliers.

Minimum depth of coverage

In the analysis of sequence data quality described above I excluded samples with less than

80% of the reference genome covered by at least one read, which is a conservative way

to remove samples that are highly likely to have excessive levels of missingness in their

genotype calls. However, for accurate genotyping calling, particularly of heterozygous

genotype calls, it is necessary to have sufficient depth of coverage. Previous studies of

SNP calling from whole genome sequencing data have found that coverage of 12× is

sufficient for calling heterozygous genotypes accurately (Meynert et al., 2014). I examined

the total number of heterozygous genotype calls on autosomal chromosomes among the

Ag1000G phase 1 samples, plotted against the genome-wide average depth of coverage, for

the remaining samples not previously excluded in other sample QC analyses (Fig. 3.6).

Although there are clear differences in the degree of heterozygosity in samples from different

countries, which likely reflects differences in genetic diversity of the sampled populations,

below 14× there is a clear trend towards lower heterozygous genotype calls. This could
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indicate an effect such as a bias in the underlying genotype calling, whereby heterozygous

genotypes are undercalled at lower coverage. To mitigate this I excluded samples with

coverage < 14× from the final dataset.

Variant quality control

Variant calling algorithms such as GATK UnifiedGenotyper are typically configured by

default for high sensitivity, which means that the raw variant calls they emit contain a high

rate of false positive variants. Errors in variant calling can occur due to a variety of causes:

• Sequencing errors. With high depth of coverage, given the low error rate of

Illumina sequencing, it is unlikely that sequencing errors will generate false SNP calls,

because sequencing errors are generally random and unlikely to co-occur at the same

genomic location in read alignments. However, in some cases sequencing errors can

be systematic, such as in the vicinity of mononucleotide repeats.

• Alignment errors. Errors can occur in the alignment process, where reads originat-

ing from one genomic location are improperly aligned to a different genomic location.

Any differences between the sequences at the two genomic locations then appear as

variants in the misaligned reads. Alignment errors are particularly likely to occur

in repetitive genome regions, where sequences at different locations are identical

or share a high degree of homology. Several types of repetitive DNA are common

throughout eukaryotic genomes:

– Low complexity regions, e.g., sequences with a very high (A+T) content.

– Tandem repeats, where some short sequence of nucleotides is repeated adja-

cently many times.

– Interspersed repeats, where similar sequences are located at dispersed regions

throughout the genome, commonly due to mobile genetic elements such as

retrotransposons (Tu and Coates, 2004; Fernández-Medina et al., 2011).

• Large structural variation. Large copy number amplifications or deletions can

cause errors when attempting to call smaller variants such as SNPs within the same
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genomic region or in close vicinity. In particular, if a sample has a copy number

amplification relative to the reference genome, sequence reads from both copies of

the amplified region will be aligned to the same location in the reference genome. If

there is any sequence divergence between the different copies of the amplified region,

this can appear as heterozygous SNPs within the sample.

• Sequence divergence. If individuals contain sequence within their genomes with a

higher degree of divergence from the reference genome, some or all reads may fail to

be aligned at all at that location. This results in a failure to observe some alleles,

and a bias towards calling true heterozygous genotypes as homozygous, also known

as allelic dropout.

• Reference genome assembly errors. In any region where the reference genome

has been incorrectly assembled, attempting to align sequences reads to that region

may lead to spurious variant calls.

In this subsection I describe analyses performed to reduce the false discovery rate within a

raw variant callset by designing and applying variant filters.

Genome accessibility

As a first step towards designing variant filters, I performed an analysis of genome accessi-

bility, which determines which positions throughout the genome support unambiguous read

alignments, and where there is minimal evidence for structural variation between samples.

In this analysis I first computed detailed alignment statistics from read pileups for each

sample at each position in the reference sequence, including the total depth of coverage,

the fraction of reads aligned in a proper pair, the fraction of reads aligned ambiguously

(mapping quality zero), and the root-mean-square mapping quality. In order to accelerate

this computation I developed the software package pysamstats1. I then aggregated these

data across all samples, to obtain the following genome accessibility metrics at each genome

position:

1https://github.com/alimanfoo/pysamstats
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• No Coverage. The number of samples in which there were no reads aligned at the

site (0-100%).

• Low Coverage. The percentage of samples in which depth of coverage was less

than half the modal coverage for the whole genome (0-100%).

• High Coverage. The percentage of samples in which the depth of coverage was

more than twice the modal coverage for the whole genome (0-100%).

• Ambiguous Alignment. The percentage of samples in which more than 10% of

aligned reads are aligned with mapping quality zero, indicating they could equally

well have been aligned at another genomic location (0-100%).

• Low Mapping Quality. The percentage of samples in which the root-mean-square

mapping quality was less than 30 (0-100%).

• Low Read Pairing. The percentage of samples in which less than 90% of reads

were flagged as being aligned in a proper pair, meaning that the read and its mate

pair were aligned in the correct orientation within a reasonable distance of each other

(0-100%).

I also obtained repeat annotations for the AgamP3 reference genome for VectorBase.

These comprise annotations from three algorithms: RepeatMasker, Tandem Repeat Finder

(TRF) and DUST. The DUST algorithm was originally a module within BLAST (Altschul

et al., 1990) and is designed to mask low complexity sequences only. The RepeatMasker

software (Smit et al., 2013) is primarily designed for masking interspersed repeats matching

a library of known repeat sequences (transposable elements etc.). TRF (Benson, 1999)

specializes in locating tandem repeats. These provided three additional genome accessibility

metrics:

• TRF. The genome position is within a region annotated as a tandem repeat by the

tandem repeat finder software (True/False).

• RepeatMasker. The genome position is within a region annotated as a repeat by

the RepeatMasker software (True/False).
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Figure 3.7. Example of using Mendelian error to calibrate thresholds for genome accessibility
metrics. Plot shows the Mendelian error (ME) rate for the No Coverage metric which measures the
number of samples with no coverage at a given variant site. Bars and left axis show the numbers
of variants found for each value of the metric (black = variants with at least one ME; white =
variants with no ME). Line and right axis show the percentage of variants found with ME for each
value of the metric.

• DUST. The genome position is within a region marked as low complexity by the

DUST software (True/False).

In previous population sequencing projects such as The 1000 Genomes Project Consortium

(2015) the criteria used to determine which positions of the reference genome are considered

accessible were decided theoretically, without any empirical validation. The availability

of colony crosses in the Ag1000G project afforded the opportunity to select and calibrate

appropriate genome accessibility criteria using Mendelian error in the crosses as an indicator

of poor accessibility. The rationale here is that true variants will segregate within a cross

according to Mendelian inheritance, whereas as false positive variants due to any of the

above mentioned error modes would not in general be expected to segregate according to

Mendelian inheritance, and thus be enriched for Mendelian errors. A very small number

of Mendelian errors are expected due to de novo mutation, but the vast majority will be

due to spurious variant calling, and hence Mendelian errors are a good indicator of poor

quality variant calls (Saunders et al., 2007; Laurie et al., 2010; Pilipenko et al., 2014).

As a secondary means of empirically investigating genome accessibility, I also studied the

ratio of transition to transversion substitutions (Ti/Tv). Most organisms have mutation

bias leading to an excess of transitions over transversions relative to that which would be
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expected if substitution mutations occurred randomly (Guo et al., 2013). A low Ti/Tv

ratio (approaching 0.5 expected if variants were called randomly) is an indicator of poor

variant quality. For each of the genome accessibility metrics listed above, I divided the

range of possible values into bins, and then for each bin computed (1) the rate of Mendelian

error as the fraction of variants in one or more crosses with genotypes not consistent with

Mendelian segregation (ME); and (2) the Ti/Tv rate for biallelic SNPs. I then plotted

these results to identify bins within which ME was elevated and/or Ti/Tv was depressed

(e.g., Fig. 3.7).

All the genome accessibility metrics displayed some structured association with Mendelian

error and Ti/Tv, with higher metric values being associated with higher ME rates and

lower Ti/Tv. This was strongest for the No Coverage and Ambiguous Alignment metrics.

E.g., at positions where zero samples had No Coverage, the ME rate was 20%, whereas

at sites where three or more samples had No Coverage, the ME rate was 60% or greater

(Fig. 3.7). Because some of these accessibility metrics would be expected to be correlated

with each other to some extent, such as Ambiguous Alignment and Low Mapping Quality,

I repeated the above analyses for each accessibility metric, but conditional on thresholds

applied to all other metrics, to look for any marginal and thus unique contribution of a

single metric. In this analysis, all metrics remained informative, except for the Low Read

Pairing metric. I then decided the following criteria for genome positions to be classified

as accessible:

• No Coverage <= 0.2% (at most one sample with no coverage)

• Ambiguous Alignment <= 0.2% (at most one sample with 10% MQ0 alignments)

• High Coverage <= 2% (at most 15 samples with high coverage)

• Low Coverage <= 10% (at most 76 samples with low coverage)

• Low Mapping Quality <= 10% (at most 76 samples with RMS MQ < 30)

• DUST = False (position not annotated as a repeat by DUST)
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Figure 3.8. Results of genome accessibility analysis. Upper plot (blue) shows the percentage of
bases classified as accessible. Lower plot (green) shows the percentage of bases within gene exons
classified as accessible. Schematic of chromosomes at the bottom shows predicted chromatin state
from Sharakhova et al. (2010).

After applying these criteria, 141 Mbp (61% of the reference genome) was classified as

accessible, including 91% (18Mbp) of the exome and 60% (123Mbp) of non-coding positions

(Fig. 3.8). There were some clear associations between broad-scale patterns of accessibility

and major features of genome architecture. In particular, the pericentromeric regions

of all three chromosomes, within regions predicted to be heterochromatic (Sharakhova

et al., 2010), all displayed substantially lower accessibility. This is likely due to a higher

content of repetitive DNA sequence. The region on chromosome arm 2L within the known

polymorphic chromosomal inversion 2La (Coluzzi et al., 2002), which spans from 2L:20.5–

42.2 Mb, also displayed lower accessibility. This inversion is known to be segregating in

many populations, and the inverted karyotype displays higher levels of divergence with

respect to the standard karyotype represented in the reference genome sequence, thus this

is likely an effect of divergence.

Variant filters

The raw variant callset produced by GATK UnifiedGenotyper comprised a total of 95,335,499

SNPs distributed across the whole genome. I designed a set of filters to annotate those

SNPs likely to be false discoveries, and thus provide a means of excluding them from
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downstream analyses. I first filtered SNPs using the genome accessibility criteria defined

above. I.e., a SNP was filtered if any of the accessibility criteria for the corresponding

genome position were not met. I then examined a set of variant metrics produced by

UnifiedGenotyper for each SNP, including the following metrics:

• QD. “Quality by depth”, calculated as the evidence for an alternate allele at the

site (QUAL, phred-scaled probability of no variant) divided by the total depth of

coverage in samples where the alternate allele was observed.

• FS. Fisher’s exact test for strand-bias. Phred-scaled probability of observing the

given numbers of reads aligned to the forward and reverse strand if these were equally

likely.

• ReadPosRankSum. Rank sum test for relative positioning of reference and alter-

nate alleles within reads. Some sequencing errors tend to occur towards the ends of

reads, and this metric quantifies the extent of any bias in read positioning between

reference and alternate alleles.

• HRun. The length of any adjacent homopolymer run. Homopolymer runs are

enriched for sequencing errors in Illumina sequencing data.

Taking a similar approach to the genome accessibility analysis, I used Mendelian error in

the crosses and Ti/Tv ratios to investigate which variant metrics appeared to be informative

with respect to variant calling errors, and where filter thresholds should be set (e.g., Fig. 3.9).

Based on these analyses I filtered SNPs that failed any of the following criteria: QD < 5;

FS > 60; ReadPosRankSum < −8; HRun > 4. Of 95,335,499 SNPs reported in the raw

callset, 52,525,957 passed all filters. Prior to filtering, the rate of Mendelian error in

genotype calls expected to be heterozygous (0/1) in the progeny of the crosses (where

parental genotypes were 0/0 x 1/1 or vice versa) was between 13.0-21.7% depending on

the cross. After filtering, this error rate was 0.3-0.9%.
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a b

c d

Figure 3.9. Examples of variant filter calibration analyses using Mendelian error and transi-
tion/transversion (Ti/Tv) ratio. a, Analysis of QD and Mendelian error in a colony cross. Histogram
shows the numbers of variants segregating in the cross on chromosome arm 3R, line shows percentage
of those variants with at least one Mendelian error. b, Analysis of QD and Ti/Tv. Histogram
shows the number of variants segregating in the wild-caught samples, line shows the Ti/Tv ratio. c,
Joint analysis of QD, MQ and Mendelian error in a colony cross. Colour denotes the percentage of
SNPs with at least one Mendelian error. d, Joint analysis of QD, MQ and Ti/Tv. Colour denotes
the Ti/Tv ratio for SNPs within each bin.

Production of an analysis-ready genome variation dataset

I produced an analysis-ready dataset in variant call format (VCF) for each chromosome arm

by applying the sample and variant QC results described above as follows. From all stages

of sample QC a total of 123 samples were excluded, leaving 765 samples from wild-caught

specimens passing all sample QC checks. Taking the raw variant calls as input, I first

removed all non-SNP variants, then removed genotype calls for individuals failing sample

QC, then removed any SNPs that were no longer variant after excluding samples, using

GATK SelectVariants. I then added INFO annotations with genome accessibility metrics,

and added FILTER annotations recording the variant QC decisions, using bcftools annotate.

Finally, I added INFO annotations with information about functional consequences of
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SNPs using SNPEFF version 4.1b (Cingolani et al., 2012). After building VCF files, I

also performed a conversion of these data to the HDF5 format, which is a general-purpose

binary file format for scientific data that provides a significantly more performant way to

load the variation data for downstream analysis. I developed the software package vcfnp2

for performing this VCF to HDF5 format conversion.

In order to support a broader range of population genetic analyses, the SNP genotypes

in the 765 wild-caught individuals were also phased into haplotypes at the 41,476,870

biallelic sites. In order to maximise the quality of the haplotypes, the phasing pipeline

made use of both read-backed and statistical phasing methods (Delaneau et al., 2013).

Implementation and validation of the phasing pipeline was performed by Nick Harding from

the MalariaGEN Resource Centre team, and is described in more detail in The Anopheles

gambiae 1000 Genomes Consortium (2017). I supported this effort by developing an efficient

algorithm for phasing the parents of the colony crosses using pedigree information, allowing

the parents’ haplotypes to be used as a gold standard for quantifying phasing error rates.

All the analysis-ready data files were uploaded to the Wellcome Sanger Institute public

FTP site and are available at ftp://ngs.sanger.ac.uk/production/ag1000g/phase1/.

Sequence read alignments and analysis-ready variant calls were submitted to the European

Nucleotide Archive (ENA; http://www.ebi.ac.uk/ena) under ENA study PRJEB18691.

I also collaborated with members of the MalariaGEN Web Application development team

to design a web application to allow interactive exploration and browsing of these data,

available at http://www.malariagen.net/apps/ag1000g. Briefly, this web application

provides the following features: queryable tables of variants and samples; interactive

plotting of variants and samples; genome browser allowing visual exploration of tracks

against their physical position within a chromosome arm, including genome accessibility

metrics, variant quality metrics, various population genetic metrics, and visualisation of

genotype calls within individual samples.

2https://github.com/alimanfoo/vcfnp
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Validation with Sanger sequencing

To provide an independent estimate for the SNP false discovery rate (FDR) and sensitivity,

Sanger sequencing was performed of five loci in 58 individual mosquitoes that were also

analysed using whole genome sequencing. The primers were provided by the Liverpool

School of Tropical Medicine, and the Sanger sequencing was performed by the MalariaGEN

Resource Center team at the Wellcome Centre for Human Genetics. The individuals used

in the validation analysis included representatives of all sampling locations except Kenya.

Loci were sequenced using the following sets of forward and reverse primer pairs:

• 3R:6,906,804-6,908,373

ACTGATCGAGGTAGGGCATC/CGCATCGAGTCCAATCTTTT

• 3L:22,022,788-22,024,835

ACCCTCGTCTTTCACCACAC/CATCCACCGGAGTACTTGCT

• 3L:39,820,960-39,822,628

GGTAGCAGTCGCCAGTTTTT/CTTGAGCGCCACCTTAAGTC

• 2L:46,845,944-46,847,857

GGAGTTTTACGTGGCCGTTA/CTTCAAAGTGCGGATCCATT

• 2R:28,491,415-28,493,141

TTCAAGTAGTTGCCCGCTTT/AATCGAGCTATTGCGGAGAA

For each primer set, I aligned forward and reverse traces and called SNPs and genotypes

using NovoSNP version 3.0.1 (Weckx et al., 2005). I analysed only individuals which had

high quality traces for both forward and reverse reads spanning at least 90% of the distance

between primers. I also excluded individuals where there was evidence for heterozygous

indel variation. I defined true positives, false positives and false negatives by comparing

variant calls derived from the Illumina and Sanger data for the individuals sequenced with

both technologies. I defined a false positive as a SNP called from Illumina sequence data for

which there was no evidence on either forward or reverse Sanger traces in any individuals.

I defined a false negative as a SNP for which there was evidence in at least one individual
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Figure 3.10. Density of variant alleles discovered across the genome. Main plot shows the density
of variant alleles per accessible base, computed in 200 kb moving windows. Chromosome schematic
below shows chromatin state predictions from Sharakhova et al. (2010). Cyp6p3, Vgsc, Gaba and
Gste2 are genes known to be involved in insecticide resistance.

on both forward and reverse Sanger traces but which was not called from Illumina sequence

data. A SNP present in the Illumina calls for these individuals and in the Sanger calls was

defined as a true positive. FDR was computed as the number of true positives divided by

the number of true positives plus false positives. In total, there were 261 true positives and

1 false positive, an FDR of 1/262 = 0.4%. The false positive SNP was observed in only a

single individual, as a heterozygous genotype. Sensitivity was computed as the number of

true positives divided by the number of true positives plus false negatives. There were 15

false negatives at genome positions classified as accessible, a sensitivity of 261/276 = 94.6%.

Sensitivity across the five loci ranged from 88.5%-100%. I also compared genotype calls,

finding that 984/1000 (98.4%) of heterozygous genotype calls and 6881/6884 (99.96%) of

homozygous genotype calls were concordant between Sanger and Illumina data.

Results

Nucleotide variation

52,525,957 SNPs were discovered in the Ag1000G phase 1 dataset passing all quality filters.

Of these, 41,476,870 (79%) were biallelic and 11,049,087 (21%) were multiallelic (more

than one variant allele), giving a total of 64,481,991 variant alleles. 21,783,339 variant

alleles were singletons (only observed as a heterozygous genotype in a single individual),

31,228,996 were observed only in a single country and species (private to a population),
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17,144,828 were found in multiple countries but observed only in An. gambiae, 1,252,245

were found in multiple countries but only in An. coluzzii, and 14,688,252 were shared

between the two species.

On average one variant allele was discovered every 2.2 bases of the accessible genome,

but variant alleles were not evenly distributed throughout the genome (Fig. 3.10). Vari-

ant allele density was lower towards the centromeres on all chromosome arms, and es-

pecially low within regions of pericentromeric heterochromatin where recombination is

reduced (Pombi et al., 2006; Zheng et al., 1997). Diversity is also lower near centromeres

in D. melanogaster (Langley et al., 2012) and correlated with recombination rate across

a variety of species due to selection at linked sites (Charlesworth, 2012a; Elyashiv et al.,

2016; Corbett-Detig et al., 2015; Burri et al., 2015; Chan et al., 2012; Spencer et al., 2006).

Chromatin state was not always associated with lower variant density, however, as the

region of intercalary heterochromatin on chromosome arm 3R had noticeably elevated

variant density. Drops in variant allele density, and particularly the density of singleton

alleles, were visible at genome regions containing the insecticide resistance genes Cyp6p3

and Gste2, suggesting the presence of selective sweeps in those genome regions, investigated

further in Chapter 5.

Individual samples carried between 1.6 and 2.7 million variant alleles (Fig. 3.12). There

was no systematic difference between the two species, An. gambiae and An. coluzzii,

in terms of the number of variant alleles discovered in each sample, indicating that the

AgamP3 reference genome is not biased towards one species or the other. However, there

was a clear difference in the level of variation between the two species within the centromeric

region of the X chromosome, where An. gambiae populations had higher levels of variation

than An. coluzzii, and thus the reference genome within that region is more representative

of An. coluzzii (Fig. 3.13). The 2La inversion also created a notable difference between

individuals both within and between populations, consistent with polymorphism and

substantial sequence divergence between the two karyotypes.

79



3 The Ag1000G phase 1 data resource

Figure 3.11. Nucleotide diversity (π) in relation to gene architecture.

Gene architecture and genetic diversity

Gene architecture is expected to exert a strong influence on the genomic landscape of

nucleotide variation, because different components of protein-coding sequences are under

different types and degrees of selective pressure. For example, in general, exons of protein-

coding genes will be under purifying selection, because the protein is under some functional

constraint (Ohta, 1996). Thus, genetic diversity within exons is expected to be lower

than within introns or intergenic sequence. However, the level of constraint will depend

on whether nucleotides occur in the first, second or third codon position, because third

codon positions have some degeneracy and nucleotide substitutions are less likely to cause

an amino acid substitution than at the first or second codon position. Although these

phenomena are common to all eukaryotic genomes, there will be differences between species

due to differences in their biology, genome size, mutation rate, recombination rate and

effective population size. The Ag1000G data resource provides an opportunity to investigate

some of these features of genome biology in the context of a eukaryotic species with large

effective population sizes.

Of the 52,525,957 SNPs discovered, 4,404,390 (8.4%) occurred within a gene coding

region (Table 3.2). Of the SNPs within gene coding regions, 1,809,532 (41.1%) were
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non-synonymous (missense) SNPs that altered the amino acid sequence of the gene, and

the remaining 2,594,858 (58.9%) were synonymous. To further investigate the impact of

gene architecture on levels of nucleotide variation, I computed nucleotide diversity (π) in

the phase 1 cohort within different types of coding and non-coding sites (Fig. 3.11). I

computed diversity separately within the X chromosome and the autosomal Chromosome 3,

because the X chromosome is hemizygous in males and thus has a lower effective population

size as well as experiencing less frequent recombination than the autosomes, both of which

may affect genetic diversity. The lowest diversity was found within intronic splice sites,

consistent with a high degree of purifying selection, because any change in gene splicing is

likely to have major functional consequences. The reduction of diversity at splice sites was

strongest within the first 2 bp of the intronic sequence, but also extended up to 9 bp into the

intron at the 5’ end, although not at the 3’ end (Fig. 3.14). Diversity was also low within

exons at non-degenerate first and second codon positions, where any nucleotide substitution

will cause an amino acid substitution, also consistent with strong purifying selection. In

contrast, diversity was much higher at fourfold degenerate coding sites, reaching 3.2% on

Chromosome 3, consistent with a lack of purifying selection. The only sequence class where

diversity was higher was within short (<100 bp) introns, where π on Chromosome 3 was

approaching 3.5%.

Two other results of this analysis are interesting. Firstly, on Chromosome 3 diversity

was more than twice as high in short (<100 bp) introns than long (>200 bp) introns. This

suggests that longer introns are in general subject to greater functional constraint, for

example, due to the presence of regulatory sequences. Shorter introns might be too small to

contain regulatory sequences, or might be younger and thus have had less time to evolve a

regulatory function. A similar pattern is seen in other insects and arthropods (Singh et al.,

2013; Martin et al., 2016; Lynch et al., 2017), and is consistent with evidence in Drosophila

that longer non-coding sequences are more likely to contain functional elements (Casillas

et al., 2007). Secondly, diversity in intergenic regions >10 kb distant from a gene was

1.5%, similar to that in longer introns, and much lower than short introns or degenerate

coding positions. Diversity in intergenic regions was similar regardless of distance to a
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gene, suggesting that lower diversity is not due to genetic linkage and linked purifying

selection, but reflects some substantial selective constraint on intergenic sequence.

There were also notable differences between the autosomal Chromosome 3 and the X

chromosome in these patterns of diversity in relation to gene architecture. Diversity was

generally lower on the X chromosome across all site classes, as expected due to the fact

that males carry only a single X chromosome and thus the effective population size is lower

for the X chromosome than for the autosomes. However, the ratio of diversity between

sex chromosomes and autosomes (X/A ratio) differed between site classes (Fig. 3.15). The

X/A ratio was highest within intergenic regions >10 kb from a gene, with values between

0.63-0.76, close to the theoretical expectation of 0.75 due to reduced effective population

size. In contrast, the X/A ratio was lowest (0.27-0.32) at degenerate coding positions.

This suggests that genetic linkage and purifying selection at linked sites is a substantially

stronger force reducing diversity on the X chromosome than the autosomes, because the

X/A ratio is highest at sites furthest from genes. This is consistent with the fact that

meiotic recombination occurs only in females and is less frequent on the X chromosome

than autosomes where recombination occurs in both sexes. The X/A ratio can also be

influenced by demographic factors, including population size fluctuations and sex biases in

reproductive success and migration (Corbett-Detig et al., 2015; Webster and Wilson Sayres,

2016; Pool and Nielsen, 2007; Charlesworth, 2012b), and these may also be playing a role,

although the X/A ratios were relatively stable across the different species and populations

sampled in Ag1000G phase 1.

Conclusions

In this chapter I have described the discovery and genotyping of more than 50 million single

nucleotide polymorphisms from deep whole genome sequencing of individual mosquitoes

from natural populations of An. gambiae and An. coluzzii. This is a unique data resource,

providing opportunities to study both fundamental genome biology and the evolution and

demography of natural malaria vector populations. I have shown that this is a highly

robust data resource, with low rates of false discovery and highly accurate genotype calls.
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I have also used this resource to show that nucleotide diversity is extremely high within

these mosquito species, confirming that they are among the most genetically diverse

organisms studied to date (Leffler et al., 2012). In the next chapter I will use these data to

investigate genetic structure among the populations sampled, and to quantify, characterise

and compare genetic diversity within these populations in more detail.
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Supplemental figures

Figure 3.12. Number of variant alleles by sample. Each marker represents an individual sample,
coloured by country and species. Number of variant alleles is computed over the whole genome.
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Supplemental figures

Figure 3.13. Variant allele density by sample. Each individual line plots variant allele density
(number of variant alleles per accessible base) for a single sample in 200 kb windows across the
genome. Individuals are grouped by country and species to facilitate comparison within and between
populations.
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Figure 3.14. Nucleotide diversity (π) in relation to intron/exon boundaries. Plots show diversity
averaged across all genes on chromosome arm 3R, error bars show results from bootstrapping over
sites.
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Supplemental figures

Figure 3.15. Ratios of nucleotide diversity between the sex chromosome (X) and the autosomes
(represented by Chromosome 3). Error bars computed by bootstrapping over sites. The theoretical
expectation for a diploid species with one sex hemizygous for the X chromosome is 0.75 (shown as
dashed line) due to differences in effective population sizes.
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Supplemental tables

Table 3.2. Number of SNPs discovered, grouped by sequence ontology annotation
class as determined by SNPEFF (Cingolani et al., 2012).

Annotation No. SNPs
intergenic_region 21,932,312
intron_variant 11,040,938
upstream_gene_variant 8,960,291
downstream_gene_variant 5,012,563
synonymous_variant 2,594,858
missense_variant 1,809,532
3_prime_UTR_variant 480,546
5_prime_UTR_variant 325,007
intragenic_variant 280,084
splice_region_variant 186,102
5_prime_UTR_premature_start_codon_gain_variant 60,784
stop_gained 15,744
splice_donor_variant 3,946
splice_acceptor_variant 3,117
stop_retained_variant 2,472
stop_lost 1,546
start_lost 1,444
initiator_codon_variant 257
non_canonical_start_codon 10
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4 Population structure and genetic diversity

In this chapter I investigate genetic population structure and diversity among the 765

wild-caught mosquitoes sequenced in Ag1000G phase 1, using the genome-wide data resource

on nucleotide variation described in the previous chapter. I explore evidence for genetic

differentiation between populations from different species and geographical locations, and

investigate heterogeneity in rates of gene flow between these populations. I quantify and

characterise genetic diversity within these populations, and provide evidence for contrasting

population size histories. I also explore the impact of nucleotide variation within these

populations on the availability of potential gene drive targets. These analyses provide new

insights into the complex demography of An. gambiae and An. coluzzii populations, and a

firm foundation from which to explore the evolution of insecticide resistance in subsequent

chapters.

Introduction

In the previous chapter I described the Anopheles gambiae 1000 Genomes Project (Ag1000G)

phase 1 data resource, which comprises genome variation data from 765 individual

mosquitoes sampled from 8 countries spanning sub-Saharan Africa, and includes rep-

resentation of both An. gambiae and An. coluzzii. The availability of genomic data from

multiple species and geographical locations provides an opportunity to investigate many

facets of their population biology and demography. In this chapter I describe analyses of

the Ag1000G phase 1 data investigating genetic population structure among the mosquito

populations sampled, and characterising levels of genetic diversity within and differentiation

between populations. These analyses are interesting because they allow us to begin to
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build a picture of the underlying demography of these populations, including variation in

population size over time and space, and in the degree of connectivity and hence gene flow

between populations. Exploring these heterogeneities is particularly relevant because An.

gambiae and An. coluzzii both have an extremely broad geographical and ecological range

(della Torre et al., 2001; Tene Fossog et al., 2015; Wiebe et al., 2017). An. coluzzii is found

from the West Coast throughout West and Central Africa. The range of An. gambiae

overlaps that of An. coluzzii and extends across the Great Rift to the East coast, stretching

down to South Africa. Both species’ ranges span the equator and encompass a remarkably

diverse range of environments, including coastal, savanna, sahel and rainforest. Human

population density and land use, and the history and current coverage of malaria vector

control interventions, also vary substantially throughout this range (Binswanger-Mkhize

and Savastano, 2017; WHO, 2019). While we do not have the sampling resolution to

attempt to correlate any of these individual variables with genetic features of mosquito

populations, we can begin to highlight major variations between populations and generate

hypotheses for further investigation.

These analyses of population structure and diversity were carried out as part of a broader

investigation of population history and demography performed by the Ag1000G Consortium

Analysis Working Group. In this chapter I focus on the analyses that I led and performed

individually. However, to provide some additional context I also mention some analyses in

which I worked together with other Consortium members, and indicate the contributions

of others in the relevant sections.

Results

The influence of genome architecture on population structure

Investigating genetic population structure means studying the extent to which individual

mosquitoes are genetically related to each other, and identifying groups of individuals which

are more or less related. The Ag1000G phase 1 resource comprises data on more than 52

million single nucleotide polymorphisms (SNPs) distributed throughout the genome, and

96



Results

a b c d

e 2R 2L 3R 3L X

Figure 4.1. Variation across the genome in patterns of relatedness between individual mosquitoes.
Panels a-d each show a neighbour-joining tree computed from pairwise genetic distances within a
specific 200 kb genomic window, illustrating the four most common patterns of relatedness found
throughout the genome. Each node in the tree represents a single individual, coloured by population.
a, Example of tree within the 2Rb inversion. b, Example of tree within the 2La inversion. c,
Example of tree from euchromatic region of Chromosome 3. d, Example of tree pericentromeric
region of the X chromosome. e, Painting of the genome illustrating where the four major patterns
of relatedness are found. Each 200 kb window is painted with a colour to indicate which of the four
major patterns of relatedness it is most strongly correlated with.

thus provides an extremely rich and high-resolution source of information with which to

investigate population structure. However, a complication arises because previous genomic

studies of An. gambiae and An. coluzzii have shown that different regions of the genome

can convey different information about how individuals are related to each other (Fontaine

et al., 2014). In particular, several studies have found that differentiation between the

two species An. gambiae and An. coluzzii is particularly high within certain genome

regions but lower or almost absent elsewhere (Turner et al., 2005; White et al., 2010;

Weetman et al., 2011; Cruickshank and Hahn, 2014). There are also a number of large

chromosomal inversions that are polymorphic within both of these species (della Torre

et al., 2001; Coluzzi et al., 2002). Chromosomal inversions cause a greatly reduced rate of

recombination between different karyotypes (Stump et al., 2007), which in turn will affect

patterns of relatedness between individuals. Any analysis of population structure that fails

to take these heterogeneities into account will struggle to present a clear picture.

To explore the relationship between genetic population structure and genome architecture,

I divided the genome into non-overlapping 200 kb windows, and then computed pairwise

genetic distance between individuals within each window separately. For each window I
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computed a neighbour-joining tree and visualised each of the resulting trees as an unrooted

dendrogram. Several qualitatively different tree topologies were evident in different genome

regions (e.g., Fig. 4.1a-d). For example, within the pericentromeric region of the X

chromosome, trees showed extremely strong clustering by species (e.g., Fig. 4.1d). In

contrast, trees from euchromatic regions of Chromosome 3 showed some clustering by

geographical location, but no clustering by species at all (e.g., Fig. 4.1c). Trees within the

2Rb and 2La inversions also had unique topologies, consistent with clustering by inversion

karyotype (e.g., Fig. 4.1a,b).

To analyse these variations in tree topology systematically, I computed the Pearson

correlation coefficient between genetic distance matrices from all pairs of genomic win-

dows. I then performed dimensionality reduction on the resulting correlation matrix via

multidimensional scaling, to identify common patterns of relatedness found in multiple

genome windows. The first three principal coordinates (PCs) from this analysis displayed

a strong association with specific patterns of relatedness and genome regions. To visualise

these results, I devised a transformation from these first three PCs to different colours

representing the different patterns of relatedness, and used these to paint the associated

genome windows (Fig. 4.1e). The first PC identified the common pattern of relatedness

found throughout the 2La inversion. The third PC identified the pattern of relatedness

found within the 2Rb inversion. The second PC identified the contrast between the

highly species-driven patterns of relatedness found generally in pericentromeric regions,

particularly of the X chromosome, and the more geographically-driven patterns found in

euchromatic regions of X chromosome and Chromosome 3. There were also a minority of

genome windows which did not display a strong correlation any of the four major patterns

of relatedness, shown in Fig 4.1e as paler colours. These included the windows spanning the

insecticide resistance gene Vgsc which is found near to the centromere of chromosome arm

2L, and which is known to have experienced adaptive introgression between An. gambiae

and An. coluzzii (Clarkson et al., 2014; Norris et al., 2015). This provides a clue that

windows affected by strong positive selection may display unusual patterns of relatedness

due to adaptive gene flow between countries and/or species, explored further in Chapter 6.
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It is still not clear why we observe such a stark contrast between the pericentromeric

and euchromatic regions of the X chromosome, and to a lesser extent Chromosome 3. One

factor that undoubtedly plays some part is the reduction in the rate of recombination

towards the centromeres (Cruickshank and Hahn, 2014). Reduced recombination means

that selection at linked sites will play a stronger role. This includes purifying selection,

which acts to reduce genetic diversity and could accelerate the fixation of different alleles

between the two species. In the previous chapter we saw clearly that the level of nucleotide

variation was much reduced towards pericentromeric genome regions. This could also

include divergent selection acting on speciation genes (Wolf and Ellegren, 2017). The genes

involved in maintaining reproductive isolation between An. gambiae and An. coluzzii still

remain a mystery, but if one or more key genes were located towards the pericentromeric

region of the X chromosome, then they would be expected to have a substantial effect

on the surrounding genome region. Experimental studies have found a key role for the

pericentromeric region of the X chromosome in determining assortative mating behaviour

in these species (Aboagye-Antwi et al., 2015). An. gambiae and An. coluzzii hybrids

are fully fertile, and the two species are known to undergo some hybridisation in natural

populations, the degree of which may vary over both space and time (Weetman et al., 2011;

Lee et al., 2013). However, genome regions linked to speciation genes would display very

little if any evidence for gene flow between the species due to selection against hybrids,

whereas unlinked regions would be much less constrained and alleles could move more freely.

In any case, resolving the causes of these contrasting patterns of relatedness is beyond the

scope of this thesis, and remains an area of active research and debate. For the present

purposes, I continued my investigation of population structure, diversity and differentiation

using only the euchromatic regions of Chromosome 3, because this is unaffected by large

polymorphic inversions or regions of reduced recombination.

Population structure

To further explore patterns of genetic population structure I used SNPs from euchromatic

regions of Chromosome 3 to perform a principal components analysis (PCA) (Patterson
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a b c

fed

Figure 4.2. Principal components analysis of SNP genotypes in the 765 wild-caught mosquitoes
in the Ag1000G phase 1 cohort. a–e, Scatter plots show principal components (PCs) 1–10, each
marker is an individual mosquito. f, Bar plot shows the variance explained by the first 15 PCs.

et al., 2006) (Fig. 4.2). This analysis is a form of dimensionality reduction, and condenses

the information present in the hundreds of thousands of SNPs into a smaller number of

principal components (PCs) that explain the maximum amount of variance within the

data. When applied to genetic variation data, each principal component usually identifies

two or more groupings of individuals, such that genetic relatedness is higher within groups

than between them. PCA in fact has a direct genealogical interpretation, and under

certain conditions each principal component will capture a historical divergence between

populations (McVean, 2009). In practice the interpretation of PCA is not always so simple,

because demographic complexities such as admixture events and technical factors such as

variations sample size will affect the shape of the result. Nevertheless, PCA allows us to

identify genetically distinct populations, by examining how samples group together within

the highest PCs.

100



Results

The first four PCs were clearly elevated above lower PCs in the amount of variance

explained, and between them revealed six distinct groupings of individuals (Fig. 4.2).

These six groups highlighted both geographical and species divisions. Within An. gambiae,

individuals from Gabon formed a distinct group, and the remaining individuals from Guinea,

Burkina Faso, Cameroon and Uganda grouped together. Within An. coluzzii, individuals

from Burkina Faso and Angola each formed a distinct group. The two remaining groups

comprised individuals from Guinea-Bissau and Kenya respectively. The species status

of these two groups was uncertain, because individuals from Guinea-Bissau displayed a

mixture of species genotypes according to conventional molecular assays, and those assays

were not performed on the Kenyan samples. I return to the question of species assignment

for these groups below. PC5 revealed a further split within An. gambiae between Uganda

and the remaining individuals. PC6 emphasized the distinction between Burkina Faso An.

coluzzii and Guinea-Bissau, which were visibly distinct also in higher components but to a

lesser degree. PCs 7–10 all displayed some structuring among the Cameroon An. gambiae,

with individuals from the southern-most collection site spreading out away from the main

group of individuals collected from the other more northerly sites.

Population differentiation

To further investigate genetic population structure, I computed the pairwise average FST

between all pairs of populations defined by species and country (Fig. 4.3a). The FST

statistic summarises the extent to which allele frequencies differ between two groups of

individuals, and provides information about the degree of differentiation between the two

sampled populations (Rousset, 1997; Holsinger and Weir, 2009; Bhatia et al., 2013). In

general, higher FST values indicate a lower rate of gene flow and greater genetic drift

between two populations. I also computed the rate of doubleton (f2) variant sharing

between the same pairs of populations (Fig. 4.3b). Doubleton variants are those where

the alternate allele is only observed twice. In general, doubleton variants are likely to

be enriched for recent mutations, because it takes longer time for alleles to reach higher

frequencies. Thus patterns of sharing of doubleton variants between individuals are more
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a b

Figure 4.3. Measures of genetic differentiation between pairs of populations defined by species
and country of collection, using SNPs from euchromatic regions of Chromosome 3. a, Pairwise
average FST . The lower triangle shows FST values, the upper triangle shows Z scores computed
using the block-jackknife process described by Bhatia et al. (2013). b, Doubleton (f2) variant
sharing between populations. Each bar shows the number of doubleton variants shared between
two populations (or found within a single population on the diagonal). Bar heights are normalised
within each row to show the relative rate of doubleton sharing with other populations. Grey bars
at the right margin show the total numbers of doubleton variants found for each population.

indicative of recent patterns of relatedness (The 1000 Genomes Project Consortium, 2012).

These analyses confirmed relatively strong differentiation between Gabon and other An.

gambiae populations, with FST > 0.051. In contrast, FST values between the other four

An. gambiae populations were an order of magnitude smaller, at most 0.007. The degree of

differentiation between Gabon and other An. gambiae populations was greater than that

found between the two species within Burkina Faso, where both species were sampled at

the same location (FST = 0.031). The higher FST values involving Gabon cannot simply be

a reflection of greater geographical distance, because the distance between Uganda and An.

gambiae populations to the west is greater, yet FST values are much lower. These results

indicate that the Gabon individuals are separated by other An. gambiae populations to

the north by some significant barrier to gene flow. The obvious candidate for such a barrier

is the equatorial rainforest, which represents a major ecological discontinuity. Similarly,

An. coluzzii from Angola were highly differentiated from An. coluzzii from Burkina Faso

(FST = 0.102). Again, the level of differentiation was greater than that between the

two species within Burkina Faso. Angola is the southern-most sampling location in the

Ag1000G phase 1 cohort, and provides further support for a north/south ecogeographical
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barrier between mosquito populations, affecting both species.

A surprising result was the near-total lack of differentiation between the An. gambiae

populations from Guinea, Burkina Faso and Cameroon, with FST reaching at most 0.001

and barely achieving statistical significance (Fig. 4.3a). This result was also supported

by the doubleton analysis, with near-equal rates of doubleton sharing both within and

between these populations (Fig. 4.3b). The lack of differentiation indicates high rates

of gene flow, but this is surprising because the physical distances are considerable, with

2,170 km separating sampling sites in Cameroon and Burkina Faso, and 640 km separating

sampling sites in Burkina Faso from Guinea. Previously, accepted wisdom was that

anopheline mosquitoes disperse at most 5 km during their lifetime (Service, 1997), and

therefore we would expect to see some geographical isolation by distance between these

locations (Rousset, 1997). This is being challenged by recent observations of anopheline

mosquitoes including An. coluzzii engaging in what appears to be purposeful wind-assisted

long-distance migration (Huestis et al., 2019). However, the evidence is conflicting, as

studies in the same geographical region indicate that An. gambiae is more likely to engage in

migratory behaviour, whereas An. coluzzii appears to cope with highly seasonal availability

of breeding habitat by aestivation (Dao et al., 2014). Unfortunately, Ag1000G phase 1

includes only limited geographical sampling of An. coluzzii, and so it is not possible to

make a comparison between the two species at this stage. Subsequent project phases will

expand sampling of both species and provide richer opportunities to investigate gene flow

questions.

The Kenyan population displayed a high level of differentiation (FST > 0.207) with

all other populations, with similar FST values against populations of both species. The

Kenyan samples were expected to be genetically isolated to a certain degree, being sampled

on the coast at the most easterly location among the collection sites, and being the only

samples collected to the east of the Rift Valley, which presents a natural geographical

barrier to gene flow. However, the magnitude of this difference was surprising, being more

than twice that found between most other population pairs. This could indicate extremely

low rates of gene flow, but could also be an effect of strong genetic drift within the Kenyan
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population, which would be consistent with analyses of genetic diversity presented below.

The fact that the Kenyan population was equally differentiated from both An. gambiae

and An. coluzzii was also surprising, given that the Kenyan samples were believed to be

An. gambiae, explored further below in the sub-section on gene flow between species.

Genetic diversity within populations

In the previous chapter I performed an initial analysis of genetic diversity, computing

nucleotide diversity (π) within the Ag1000G phase 1 cohort as a whole. This analysis of

course ignored the fact that different populations within a species may exhibit different levels

of genetic diversity, due to differences in their demographic history such as contractions or

expansions in population size. To investigate population differences in genetic diversity I

performed four further analyses within each of nine populations defined by country and

species (Fig. 4.4). The first of these analyses computed π, which summarises the fraction

of nucleotide differences between pairs of chromosomes within a population (Fig. 4.4a).

The second analyses computed Tajima’s D, which summarises the distribution of allele

frequencies within a population (Fig. 4.4b). The third analysis computed the full site

frequency spectrum (SFS) for each population, which provides information about how many

SNPs are observed at different allele frequencies (Fig. 4.4c). The final analysis examined

the decay of linkage disequilibrium, which summarised the degree to which genotypes are

correlated at pairs of SNPs at different physical distances from each other (Fig. 4.4d).

These analyses revealed strong contrasts between populations in both the magnitude

and architecture of genetic diversity. All the populations to the north of the equatorial

rainforest, from Guinea-Bissau in the West to Uganda in the East, including both species,

displayed very similar results, with the highest genome-wide average π = 1.5%, Tajima’s

D < −1.5, SFS with a strong excess of SNPs at low minor allele frequency, and LD

decaying to background levels within 2 kb. These characteristics indicate large effective

population size and are also consistent with a major population expansion at some point

within their history. In both Gabon An. gambiae and Angola An. coluzzii, π was lower,

Tajima’s D was approaching zero, SFS were more balanced and LD decay was > 10 kb.
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a b
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Figure 4.4. Genetic diversity within populations, computed using SNP genotypes from Chromo-
some 3. a, Nucleotide diversity, computed for each population in 20 kb windows. b, Tajima’s D,
computed in 20 kb windows. c, Folded site frequency spectra, normalised such that a population
with stable population size is expected to show equal SNP density across all minor allele frequencies.
d, Decay of linkage disequilibrium, averaged over pairs of randomly sampled SNPs at different
physical distances.

These characteristics are consistent with an effective population size that is both smaller

and has been more stable over time. The Kenyan population displayed the most extreme

patterns of diversity, with the lowest π, Tajima’s D > 2, SFS with a deficit of SNPs at

lower minor allele frequencies, and LD not decaying to background until > 10 Mb. These

characteristics indicate a strong and recent reduction in effective population size. Further

examination of levels of heterozygosity within individuals revealed that Kenyan mosquitoes

displayed long runs of homozygosity, in some cases affecting almost entire chromosome

arms, a pattern not observed in mosquitoes from any other population (Fig. 4.6). Such

patterns of homozygosity are usually only observed after multiple generations of inbreeding,

similar to patterns found in domesticated animals (e.g. Purfield et al., 2012) and mosquitoes

maintained in lab colonies for several years.
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a b c

Figure 4.5. Genetic diversity and its impact on the availability of conserved Cas9 targets for the
design of gene drives. a, Numbers of sites with nucleotide variation across the whole genome. b,
Numbers of Cas9 targets with no nucleotide variation. c, Numbers of genes containing at least one
conserved Cas9 target site.

Genetic variation within Cas9 gene drive targets

The high level of nucleotide diversity within many of the mosquito populations sampled

in Ag1000G phase 1 is interesting in its own right, but also has practical consequences

for the development of new vector control tools based on gene drives. Gene drives are a

promising future technology for mosquito control, whereby an engineered genetic element is

integrated into the mosquito genome that has the capability to be transmitted to progeny

with super-Mendelian inheritance (Burt, 2003). Because of this biased inheritance, a gene

drive will propagate itself within a mosquito population, even if it is in some way deleterious

to its carrier. For example, gene drives have been engineered and proven effective under

lab conditions which cause population suppression by biasing the sex ratio among offspring

to be almost all male (Kyrou et al., 2018). Current gene drives make use of CRISPR/Cas9

homing endonucleases, which can be engineered to target almost any gene, because they

include a guide RNA which matches a 21 bp sequence in the target genome. The guide

RNA can be designed to match any sequence of 18 nucleotides, then must terminate with

the protospacer adjacent motif (PAM). However, any natural genetic variation in the target

sequence within the mosquito population could reduce efficacy of a gene drive, because it

will affect binding of the Cas9 guide RNA.

I explored the impact of nucleotide variation on the availability of highly conserved Cas9

target sequences, in collaboration with Ag1000G Consortium members Mara Lawniczak

and Krzysztof Kozak. I was particularly interested to explore the impact of sample size and
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of population differences in levels of genetic diversity on the ascertainment of viable Cas9

gene drive target sites. I performed an analysis whereby I identified all 21 bp sequences in

the reference genome terminating in a PAM motif, within which no nucleotide variation

was found within a given Ag1000G phase 1 population. I repeated this multiple times with

successively greater down-sampling of individuals from each population. I then plotted

for each population the number of variant sites (Fig. 4.5a), the number of conserved Cas9

targets (Fig. 4.5b) and the number of genes containing at least one viable Cas9 target

(Fig. 4.5c), and how these metrics varied with increasing sample size. These analyses

showed that the higher levels of nucleotide diversity among the populations sampled to

the north of the equatorial rainforest had a dramatically greater impact on the reduction

of available Cas9 targets, compared with the more southerly populations from Gabon

and Angola, and the Kenyan population. At a sample size of 50, more than 1.5 million

Cas9 targets remained conserved in Kenya, and more than 1 million were conserved in

Angola and Gabon, whereas less than 0.5 million were conserved in any of the remaining

populations. Within the whole cohort, less than 3% of Cas9 targets were fully conserved

at the nucleotide level. Clearly some An. gambiae and An. coluzzii populations will be

more naturally resistant to gene drives than others due to higher diversity, and will require

more intensive sampling in order to survey existing variation and design gene drives to

accommodate this.

Gene flow between species

A long-standing question in the field is the extent to which gene flow occurs via hybridisation

between species within the An. gambiae complex. I investigated genome-wide evidence

for gene flow between species using data from Ag1000G phase 1, combined with data

from An. arabiensis and outgroup species from Neafsey et al. (2014). I used the f3 and

f4 statistics which test for evidence of admixture, as defined by Patterson et al. (2012).

The f3 statistic tests if allele frequencies in a population with suspected admixture are

on average intermediate between two donor populations. The f4 statistic, also known

as the ABBA-BABA test or Patterson’s D, tests for unbalanced allele sharing in a four

107



4 Population structure and genetic diversity

population tree. In this subsection to be concise when describing different f4 tests I use

population abbreviations of the form {country code}-{species}, e.g., “BF-gam” is Burkina

Faso An. gambiae, “AO-col” is Angola An. coluzzii, “GW” is Guinea-Bissau, etc., and “O”

denotes the outgroup species An. christyi.

Hybrids between An. gambiae and An. coluzzii are fully fertile and several studies have

found evidence suggesting that hybridisation occurs at a rate that varies over both time

and space (Lee et al., 2013; Weetman et al., 2011). In Ag1000G phase 1, the samples

from Guinea-Bissau displayed a mixture of species genotypes according to conventional

molecular diagnostics, including individuals with an apparent hybrid genotype. Similar

results have been obtained from previous studies in the Far West region, and have been

interpreted as evidence for a localised breakdown in reproductive isolation between An.

gambiae and An. coluzzii (Oliveira et al., 2008; Marsden et al., 2011; Weetman et al., 2011;

Gordicho et al., 2014; Vicente et al., 2017). Ag1000G Consortium member Giordano Botta

investigated this further using data from Ag1000G phase 1, showing that Guinea-Bissau

individuals had a mixture of species genotypes across ancestry-informative markers on all

chromosome arms (The Anopheles gambiae 1000 Genomes Consortium, 2017). There are

several possible explanations for these data, however, including contemporary or historical

admixture between species, and retention of ancestral variation. The results from PCA

suggest that the Guinea-Bissau individuals are not the result of ongoing hybridisation

between species, because all individuals form a single group distinct from groups of each

species from nearby countries (Fig. 4.2), rather than being spread out between them as

would be expected under recent admixture. Consistent with this, results of f3 tests with

Guinea-Bissau as putatively admixed and Burkina Faso An. gambiae and An. coluzzii as

donor populations were significantly positive, indicating allele frequencies in Guinea-Bissau

were not intermediate and arguing against a simple admixture scenario. The Guinea-Bissau

population was most closely related to the Burkina Faso An. coluzzii population in PCA,

FST and doubleton sharing analyses (Figs. 4.2, 4.3). f4 tests of the form D(GW, BF-col;

GN-gam; O) were balanced and did not provide any significant evidence for admixture

between Guinea-Bissau and Guinea An. gambiae on any chromosome, except for the
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pericentromeric region of the X chromosome (Table 4.2; Fig. 4.7). Taken together, these

results show that the origins of the Guinea-Bissau population and its relationships with

An. gambiae and An. coluzzii populations are more complex than previously appreciated,

and caution against over-interpretation of data from conventional species diagnostics.

A surprising result from the AIM analysis was that the Kenyan individuals also had

a mixture of An. gambiae, An. coluzzii and heterozygous genotypes, similar to Guinea-

Bissau (The Anopheles gambiae 1000 Genomes Consortium, 2017). The range of An.

coluzzii is not known to extend to the east of the Rift Valley, and so the Kenyan population

cannot be the result of any recent admixture between species. f3 tests with Kenya as

putatively admixed and all other pairs of populations as putative donors did not support

evidence for admixture. I also computed f4 statistics for the Kenyan population, using

An. gambiae and An. coluzzii from Burkina Faso as potential sibling populations and

An. Christyi as the outgroup. These analyses gave conflicting results depending on which

chromosome arm was analysed, with 3R indicating that Kenya was sister with An. coluzzii

(D(KE, BF-col; BF-gam, O); Z = 0.1), 3L indicating Kenya was a cryptic taxon ancestral

to both species (D(BF-gam, BF-col; KE, O); Z=-0.7) and the X chromosome not providing

clear support for any one hypothesis. Thus, the origins and species status of the Kenyan

population are also uncertain. These results reinforce the fact that reliance on a single

diagnostic marker to identify species is very limiting and may be missing important signals

of introgression or cryptic taxa.

Among the remaining populations, the AIMs supported a clear assignment of An. gambiae

or An. coluzzii species status, in agreement with conventional molecular diagnostics (The

Anopheles gambiae 1000 Genomes Consortium, 2017). However, this does not rule out low

level gene flow between species, and among these populations there was clear evidence for

a greater degree of gene flow in some populations relative to others. All f4 tests with An.

coluzzii from Angola and Burkina Faso as sister populations provided significant evidence

for admixture between Angola and An. gambiae, with the strongest signal obtained for

Gabon (e.g., D(AO-col, BF-col; GA-gam, O); Z = 14.0). Conversely, all tests with two

An. gambiae populations as sisters provided evidence for admixture between Gabon An.
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gambiae and An. coluzzii, with the strongest signal obtained for Angola (e.g., D(GA-gam,

GN-gam; AO-col, O); Z = 11.1). These results show that gene flow between the two species

has been stronger in southerly populations than northerly populations, and that it has

been bidirectional.

Hybridisation between An. gambiae and An. arabiensis is also known to occur in nature

but thought to be less common (White, 1971; Coluzzi et al., 1979; della Torre et al., 1997).

I used f4 tests of the form D(X, Y; A, O), where X and Y were all pairs of Ag1000G phase

1 populations, and A was An. arabiensis from Neafsey et al. (2014), to investigate whether

gene flow with An. arabiensis is greater for some populations relative to others. These

tests were significant in some cases (e.g., D(BF-gam, BF-col; A, O); Z = 8.0; D(UG-gam,

BF-gam; A, O); Z = 6.9) but not others, allowing for a partial ordering of populations

by relative degree of introgression . This partial ordering was GW < {AO-col, BF-col} <

{GN-gam, BF-gam, CM-gam, GA-gam} < UG-gam < KE, indicating that introgression

with An. arabiensis is higher in An. gambiae relative to An. coluzzii, and higher in easterly

populations relative to westerly populations.

Conclusions

In this chapter I have showed that there are clear patterns of genetic structure among

the populations sampled in the Ag1000G phase 1 cohort. These patterns of population

structure are also associated with differences in the magnitude and architecture of genetic

diversity within populations. Taken together, these results point to complex and varied

demographic histories, and multiple biological and geographical factors affecting population

size and rates of gene flow between populations and species. Within both species there is a

strong north/south divide, with high differentiation between populations on either side

of the equatorial rainforest. There is higher genetic diversity and evidence for a major

population expansion in northerly but not southerly populations. Within An. gambiae

there appears to be an extremely high rate of gene flow between the northerly populations,

despite substantial physical distance, raising important questions about the rate and range

of migration within this species. There are also unusual populations in both the far West
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and far East, where individuals carry an apparent mixture of species ancestry, but this

cannot be explained by a simple model of recent admixture between species. We also see an

extreme contrast between populations on either side of the East African Rift, with evidence

for a recent and substantial population bottleneck in the Kenyan population. Clearly there

are limits to the extent to which these findings can be generalised, because geographical

sampling is limited particularly within An. coluzzii, and much remains to be learned about

both of these species throughout their complete geographical ranges. However, these results

show that there are important heterogeneities within these species, which are of basic

biological interest, but also relevant to malaria vector population surveillance, because

they will affect factors such as the efficacy of gene drives for population suppression, or the

speed, direction and extent to which insecticide resistance mutations spread. In the next

chapter I investigate each of these populations in more detail, focusing on their evolutionary

history and searching for genome regions evolving rapidly due to positive selection for

insecticide resistance.

Methods

In order to facilitate the population genetic analyses described in this chapter on the

relatively large Ag1000G SNP variation data, I developed a new software package named

scikit-allel1 for the Python programming language. scikit-allel aims to support a range

of standard data manipulations and statistical functions that are useful for exploratory

analysis of large-scale genome variation data, with implementations that are sufficiently

performant and scalable such that those analyses can be run interactively, allowing rapid

iteration and hypothesis generation. To achieve this, scikit-allel builds on several high-

performance general-purpose scientific computing libraries, including NumPy (Harris et al.,

2020), SciPy (Virtanen et al., 2020), Cython (Behnel et al., 2011), Pandas (McKinney,

2010) and Matplotlib (Hunter, 2007). The sub-sections below provide further details of

specific analyses. Unless otherwise stated, analyses were performed using scikit-allel and

custom Python notebooks.

1https://github.com/cggh/scikit-allel
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Genetic distance analyses

To investigate variations in patterns of relatedness between individuals across the genome,

I divided the genome into 1,418 contiguous non-overlapping windows, where each window

contained 100 kb of accessible positions (equally-accessible windows). Within each window

I computed the city-block distance between all pairs of individuals, producing a 765 × 765

distance matrix. I used these distance matrices to compute and plot a neighbour-joining tree

for each window via the ape package version 3.5 for R (Popescu et al., 2012). To compare

these distance matrices systematically, I computed the Pearson correlation coefficient

between all pairs of distance matrices, producing a 1418 × 1418 correlation matrix. I

converted this to a distance matrix by computing
√

(1 − r2) where r is the correlation

coefficient, and performed a singular value decomposition (SVD) on this matrix. I then

plotted the first ten components from this transformation against position in the genome.

To provide a visual representation of this transformation in Fig. 4.1b I painted the genome

as follows. Within the 2La inversion I painted with one colour, using the value from

the first SVD component rescaled between 0 and 1 as the alpha value. Within the 2Rb

inversion I painted with a second colour, using the value from the third SVD component

rescaled between 0 and 1 as the alpha value. Within the remainder of the genome I painted

with either a third or a fourth colour, depending on whether the value of the second SVD

component was positive or negative. Positive and negative values were separately rescaled

between 0 and 1 to provide alpha values.

Principal components analysis

SNPs for inclusion in principal components analysis were chosen by selecting biallelic

variants from within the regions 3R:1-37 Mbp and 3L:15-41 Mbp. Only variants with

minor allele frequency >= 1% were retained and each chromosome arm was randomly

down-sampled to 100,000 variants. I then pruned to remove SNPs in linkage disequilibrium,

excluding SNPs above an r2 threshold of 0.01 in moving windows of 500 SNPs with a step

size of 250 SNPs. SNPs from both chromosome arms were then concatenated, and PCA

was run following methods described in Patterson et al. (2006).
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Population differentiation analyses

Average FST was computed between all pairs of 9 populations defined by country of origin

and species, except for Guinea-Bissau and Kenya which were each treated as a single

population with uncertain species status. Hudson’s FST estimator was used, and the

ratio of averages computed following Bhatia et al. (2013). Only SNPs within the regions

3R:1-37 Mbp and 3L:15-41 Mbp and which were segregating in both populations were

used. Standard error for each average was computed using a block-jackknife with block

size 10,000 SNPs.

The 765 individuals from natural populations were grouped into 9 populations as

described above for FST analysis. Each population was then randomly down-sampled to

the size of the smallest population (Guinea An. gambiae, N=31). After down-sampling,

I ascertained SNPs from Chromosome 3 with an alternate allele count of 2 (doubletons).

For each population, I identified the set of doubletons with at least one allele originating

from an individual in that population. I then computed the fraction of those doubletons

shared with each other population including itself.

Genetic diversity analyses

To compute a genome-wide average value for nucleotide diversity (π) I divided the genome

into non-overlapping contiguous windows where each window contained 20 kb accessible

positions. For each SNP (including multiallelic SNPs) I used allele counts to compute the

mean number of allelic differences between all pairs of individuals within each population.

A value of π was computed for each window for each population by summing the mean

pair-wise differences over all SNPs in the window and dividing by the number of accessible

positions.

From SNP validation experiments I estimated an FDR of 0.4% and a sensitivity of 94.6%

(Chapter 3). To explore the impact of error rates on estimates of diversity, I computed

conservative lower bounds on π and Watterson’s θ for each population under an assumption

of 1% FDR and 100% sensitivity by randomly sampling 99% of SNPs in the dataset without

replacement. I computed conservative upper bounds under an assumption of 0% FDR and
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94% sensitivity by randomly sampling 106% of SNPs from the dataset with replacement.

Values for chromosome arm 3R excluding pericentromeric regions are given in Table 4.1. I

report unadjusted values in the results section above.

For each population, a site frequency spectrum (SFS) was computed using allele counts in

SNPs from Chromosome 3 excluding pericentromeric regions. Folded SFS were multiplied

by the scaling factor k(n− k)/n where k is the minor allele count and n is the number of

chromosomes, to facilitate comparison with theoretical SFS for a population with constant

size (expected to have constant scaled frequency for all values of k).

SNPs from Chromosome 3 excluding pericentromeric regions were used for LD decay

analyses. For each population, the genotype correlation coefficient r2 (Rogers and Huff,

2009) was computed for randomly sampled pairs of SNPs at a range of physical distances.

Only biallelic SNPs with a minor allele frequency greater than 10% within the population

were used. Values were corrected for sample size by subtracting 1/n where n is the number

of sampled chromosomes.

Admixture tests

The f3 and f4 tests were performed using a block size of 100,000 SNPs to estimate standard

error via a block jackknife procedure (Patterson et al., 2012). Z scores reported in the

results are computed by dividing the test statistic by the estimated standard error, and

thus indicate the number of standard deviations from zero.
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Figure 4.6. Screenshot from the Panoptes Web application showing runs of homozygosity on
chromosome arm 3R in a selection of seven individuals from Kenya.
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Figure 4.7. Results of the f4 test D(GW, BF-col; GN-gam, O) for admixture between Guinea-
Bissau (GW) and Guinea An. gambiae (GN-gam). Values for each block of 100,000 SNPs are
plotted over the genome, to assess whether any particular genome regions provide evidence for
admixture. The only region providing strong support for admixture is the pericentromeric region of
the X chromosome.
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Table 4.1. Genome-wide average values for π and θW

with upper and lower bounds computed as described in
Methods.

Population π (%) θW (%)
AO coluzzii 1.16 (1.14-1.23) 1.24 (1.23-1.32)
BF coluzzii 1.45 (1.44-1.54) 3.11 (3.08-3.31)
GW 1.49 (1.48-1.59) 2.80 (2.78-2.98)
GN gambiae 1.50 (1.49-1.60) 2.82 (2.79-3.00)
BF gambiae 1.50 (1.48-1.59) 3.58 (3.54-3.80)
CM gambiae 1.50 (1.49-1.59) 4.60 (4.56-4.90)
GA gambiae 1.35 (1.34-1.44) 1.61 (1.60-1.71)
UG gambiae 1.50 (1.48-1.59) 3.51 (3.48-3.74)
KE 0.87 (0.86-0.93) 0.55 (0.55-0.59)
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Table 4.2. Results of the f4 test D(GW,
BF-col; GN-gam, O) for admixture between
Guinea-Bissau (GW) and Guinea An. gambiae
(GN-gam).

Chromosome D SE Z

2R 0.007 0.0048 1.4
2L 0.021 0.0093 2.3
3R -0.011 0.0039 -2.7
3L -0.029 0.0067 -4.4
X 0.078 0.0361 2.2
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5 Recent positive selection

In this chapter I continue analysing the Ag1000G phase 1 data resource by performing

genome-wide scans for signals of recent positive selection. I apply three selection scan

methods to each of the mosquito populations in the Ag1000G phase 1 cohort, and develop

a systematic approach to identifying and mapping selection signals within these scans. I

use this approach to build a catalog of 289 putative selection signals, including signals at

five loci containing genes that have a functionally-validated role in insecticide resistance in

An. gambiae and/or An. coluzzii. I describe a web application that provides a means for

exploring these selection signals, and illustrate its use by discovering selection signals at a

diacylglycerol kinase gene with a potentially novel role in resistance to organophosphate

insecticides. Selection for insecticide resistance has clearly been the major driver of recent

selection in these species, and the capability for further adaptation remains a significant

threat to the control of malaria vectors in sub-Saharan Africa. The data and methods

described in this chapter provide a means to discover which genes are driving this adaptive

response.

Introduction

As described in Chapter 1, malaria vector control programmes have massively expanded

since the turn of the millennium, with a heavy reliance on insecticide-based interven-

tions (Cibulskis et al., 2016; Bhatt et al., 2015; WHO, 2019). Human population distribu-

tions and patterns of land use have also changed dramatically, including rapid urbanisa-

tion (Awumbila, 2017; OECD and Sahel and West Africa Club, 2020) and the expansion

and intensification of agriculture, where insecticides are also used extensively (Otsuka
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and Place, 2014; Binswanger-Mkhize and Savastano, 2017; Sternberg and Thomas, 2018).

Thus, the environment in which natural malaria vector populations seek food and suitable

habitats throughout their multi-stage life cycle has radically altered in recent decades,

generating new and complex selection pressures. At the heart of this transformation

is the massive scale-up of long-lasting insecticidal bednet (LLIN) distribution (WHO,

2005; RBM, 2008; WHO, 2017a; Bhatt et al., 2015; Okumu, 2020). The proportion of

the population at risk sleeping under an LLIN has increased from less than 2% to more

than 50% of the population by 2015 (Cibulskis et al., 2016; Bhatt et al., 2015), although

coverage varies substantially between countries (WHO, 2019). All LLINs are treated with

a pyrethroid insecticide which serves both to repel mosquitoes and to kill mosquitoes that

come into physical contact with the net (WHO, 2020; Okumu, 2020). LLINs target malaria

vector species that are highly anthropophilic, in particular An. gambiae and An. coluzzii.

Unsurprisingly, pyrethroid resistance has become widespread in these species and increased

in intensity over the time period of LLIN scale-up (Hemingway et al., 2016; Hancock et al.,

2020).

Several molecular mechanisms of pyrethroid resistance are known in malaria vectors (Hem-

ingway et al., 2016). Yet there remain substantial gaps in our knowledge of the genetic

changes that have occurred in natural An. gambiae and An. coluzzii populations in

response to pyrethroid selection pressure. For example, adaptations affecting cytochrome

P450 (CYP) enzymes are known to have occurred in some mosquito populations, inducing

pyrethroid resistance by increasing the metabolism of insecticide molecules within the

mosquito (Ranson and Lissenden, 2016; Hemingway et al., 2016). This form of metabolic

resistance is perceived as a significant threat to the efficacy of LLINs (Churcher et al.,

2016; WHO, 2017b). There are currently 108 CYP genes annotated in the An. gambiae

reference genome (Giraldo-Calderón et al., 2014; VectorBase, 2019), of which several have

been shown to have the potential to metabolise pyrethroids, but it is still not clear which

CYP genes are the primary drivers of adaptation to pyrethroids in natural mosquito

populations (Mohammed et al., 2017). It is also not clear which populations currently carry

CYP-mediated pyrethroid resistance adaptations, and whether the same CYP genes are
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involved across multiple populations or not. Furthermore, other classes of enzyme such as

glutathione S-transferases also have the potential to metabolise insecticides, but their role in

the evolution of pyrethroid resistance is unclear (Adolfi et al., 2019). Additionally, entirely

new molecular mechanisms of pyrethroid resistance have recently been discovered (Ingham

et al., 2019), opening up the possibility of a much larger adaptive landscape than previously

appreciated.

Malaria vectors may also encounter a range of other insecticides during their lifetime,

either because of malaria vector control interventions or agricultural use. Indoor residual

spraying of insecticides (IRS) coverage has not reached the same level as LLINs, but has

nevertheless had a measurable impact on malaria transmission (Bhatt et al., 2015), with

10.1% of the population at risk protected by IRS in 2010, although this has fallen back to

4.5% in 2019 (WHO, 2019). There is even greater spatial heterogeneity in IRS coverage than

for LLINs, with IRS generally reserved for use in high transmission regions (WHO, 2019).

Part of the reduction in IRS coverage in recent years can be attributed to the introduction

of more expensive insecticides. In 2010, most IRS programmes used pyrethroids, but

by 2018 many had switched to use organophosphates because of pyrethroid resistance,

although pyrethroids, carbamates and organochlorines all remain in use (WHO, 2019). All

insecticides used in public health either have been or continue to be used in agriculture,

and a major open question remains whether agricultural pesticide use is driving selection

for insecticide resistance in malaria vectors (Georghiou, 1990; Nkya et al., 2013; Philbert

et al., 2014; Reid and McKenzie, 2016). As IRS programmes continue to switch away

from pyrethroids to use other insecticides, it is important to understand which resistance

adaptations exist in malaria vector populations, either because of prior use in agriculture

or because of prior public health use of insecticides with a similar mode of action (Fouet

et al., 2020).

Given the variety and heterogeneity of these new selection pressures, evolution is likely

to be occurring at multiple loci throughout the genomes of malaria vector species, many of

which may be unknown. The availability of data from the Ag1000G project on genetic

variation in natural malaria vectors provides a unique opportunity to study the full genomic
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landscape of recent selection, to discover new adaptations to insecticide resistance, and to

compare the genomic profile of adaptation between different species and populations. A

number of statistical methods have been developed for performing genome-wide selection

scans using high quality whole genome variation data from individuals sampled from

natural populations (Oleksyk et al., 2010; Haasl and Payseur, 2015; Vatsiou et al., 2016;

Pavlidis and Alachiotis, 2017; Booker et al., 2017). These methods work in different ways,

but all leverage the fact that recent positive selection leaves a characteristic signature at

affected loci, which can be detected against a genomic background where the majority

of genes have not experienced recent positive selection. For example, H12 (Garud et al.,

2015) detects a localised decrease in haplotype diversity, IHS (Voight et al., 2006) and

XPEHH (Sabeti et al., 2007) detect a localised increase in haplotype sharing, either within

or between populations respectively, and PBS (Yi et al., 2010; Crawford et al., 2017)

detects a localised increase in genetic differentiation between populations. These methods

are not perfect, having varying power to detect different types of selection under different

population demographic scenarios (Haasl and Payseur, 2015; Vatsiou et al., 2016; Pavlidis

and Alachiotis, 2017; Booker et al., 2017). They may also correctly detect a signal of

selection but fail to provide enough precision to narrow down the target of selection to a

single gene. Nevertheless, genome-wide selection scans can provide valuable information

about genomic regions under selection, within which candidate genes can be identified and

prioritised for further study.

In this chapter I use data from Ag1000G phase 1 to explore the genomic landscape

of recent positive selection in An. gambiae and An. coluzzii populations from multiple

countries. I integrate results from multiple genome-wide selection scans in mosquito

populations representing different species and geographical locations. I also describe an

online resource where all selection signals can be searched and browsed, and investigate

the strongest selection signals to identify candidate genes driving novel forms of insecticide

resistance. The analyses described in this chapter were performed in the context of a

broader collaboration with the Ag1000G Analysis Working group, and particularly with my

colleague Nick Harding from the MalariaGEN Resource Centre team. Here I focus on those
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analyses that I devised and performed, but include some results from analyses performed

jointly for additional context, and indicate joint contributions within the relevant sections.

Results

Genome-wide selection scans

Genome-wide selection scans were performed using nucleotide variation data from Ag1000G

phase 1, which comprises genotypes in 765 individuals at 41,476,870 biallelic SNPs, phased

into haplotypes as described in Chapter 3. Three selection scan methods were chosen

because of their power to detect recent positive selection: H12 (Garud et al., 2015),

IHS (Voight et al., 2006) and XPEHH (Sabeti et al., 2007). The Ag1000G phase 1

resource includes data on nine mosquito populations, with two An. coluzzii populations,

five An. gambiae populations, and two further populations of uncertain species status,

described in Chapter 4. However, the Kenyan population exhibited extremely low levels of

genetic diversity across the whole genome when compared with other populations, and in

exploratory analyses it was evident that this low diversity was associated with increased

noise in genome-wide selection scans. The Kenyan population was therefore excluded

from further selection analyses. Population structure analyses also revealed evidence for

structure among the Cameroon An. gambiae mosquitoes, associated with the different

collection sites. Only the Cameroon mosquitoes from the savannah collection sites were

therefore included. Thus, eight populations were analysed, with sample size ranging from

N=31 (Guinea An. gambiae) to N=103 (Uganda An. gambiae).

H12 and IHS genome-wide selection scans were computed for each population, and

XPEHH scans were computed for selected pairs of populations. The XPEHH method

is designed to identify genome locations where selection is acting in some populations

but not others, and therefore combinations of populations were chosen for these scans

to allow for comparisons between species and between geographically distant locations.

All together, this comprised a total of 40 genome-wide selection scans. To facilitate the

rapid computation of these selection scans on the relatively large Ag1000G data resource,
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Figure 5.1. H12 selection scans. Each track shows results from H12 selection scan in a single
population. AO = Angola; BF = Burkina Faso; GW = Guinea-Bissau; GN = Guinea; CM =
Cameroon; GA = Gabon; UG = Uganda. H12 values range between 0 and 1, where a value of
zero indicates high haplotype diversity within a genomic window, and a value of one indicates low
haplotype diversity (at most two distinct haplotypes observed within the sampled individuals).
Validated insecticide resistance genes (Vgsc, Gaba, Cyp9k1 ) or gene clusters (Cyp6p, Gste) are
labelled at the bottom. Tep1 is an immune system gene previously found to be under selection in
An. coluzzii (White et al., 2010).

I reimplemented the H12, IHS and XPEHH methods in the scikit-allel software package1,

making use of general purpose high-performance scientific computing libraries for the

Python programming language. I calibrated and ran the H12 scans, and the IHS and

XPEHH scans were run by Nick Harding. Each of these scans produced a test statistic

for each segregating SNP or for each of a set of genomic windows, where higher absolute

values of the statistic indicate stronger evidence for recent positive selection.

Selection signals at known insecticide resistance loci

To provide an initial view of these data, I plotted the results of the H12 scans over the

genome (Fig. 5.1). There were a number of clear peaks within these scans that were

replicated across multiple populations, including at the following five loci containing genes
1https://github.com/cggh/scikit-allel
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that have been functionally validated as playing a role in insecticide resistance in An.

gambiae and/or An. coluzzii:

• 2L:2.4 Mb - This locus contains the voltage-gated sodium channel gene (Vgsc;

AGAP004707) which encodes a nervous system protein that is the binding target of

DDT and pyrethroid insecticides (Dong et al., 2014). Amino acid substitutions in

this gene confer resistance to DDT and pyrethroids in An. gambiae (Martinez-Torres

et al., 1998; Ranson et al., 2000b; Davies et al., 2007; Lynd et al., 2010; Jones et al.,

2012; Wang et al., 2015).

• 3R:28.6 Mb - This locus contains a cluster of eight glutathione S-transferase genes,

which encode enzymes involved in detoxification of xenobiotic substances. In An.

gambiae this locus was initially discovered as a major locus of DDT resistance (Pra-

panthadara et al., 1993; Ranson et al., 2000a; Ranson et al., 2001; Ding et al., 2003).

An amino acid substitution in one of the genes in this cluster, Gste2 (AGAP009194)

was subsequently shown to confer elevated DDT resistance (Mitchell et al., 2014).

Increased expression of Gste2 has also been shown experimentally to confer resistance

to DDT and organophosphates (Adolfi et al., 2019).

• 2R:28.5 Mb - This locus contains a cluster of ten genes, nine of which encode

cytochrome P450 enzymes. This includes Cyp6p3 (AGAP002865) which is associated

with pyrethroid resistance in An. gambiae and is capable of metabolising multiple

pyrethroid insecticides (Müller et al., 2008). Increased expression of Cyp6p3 has also

been shown experimentally to confer resistance to both pyrethroids and carbamates

in An. gambiae (Adolfi et al., 2019).

• X:15.2 Mb - This locus contains the cytochrome P450 gene Cyp9k1 (AGAP000818). A

selection signal has previously been found at this locus in An. coluzzii in Mali (Main et

al., 2015). Evolution of Cyp9k1 has also been observed in An. coluzzii on Bioko Island

in response to combined use of pyrethroids in IRS and LLIN programmes (Vontas

et al., 2018). Cyp9k1 metabolises the pyrethroid deltamethrin, but also pyriproxyfen,

a non-pyrethroid insecticide (Vontas et al., 2018).
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• 2L:25.4 Mb - This locus contains the Gaba gene (AGAP006028) and is also known

as the resistance to dieldrin (Rdl) locus. This gene encodes another component of the

nervous system, the gamma-aminobutyric acid receptor subunit, which is the binding

target for the insecticide dieldrin. Dieldrin use ceased in the 1970s, but resistance has

remained persistent in Anopheles for decades afterwards (Du et al., 2005). Amino

acid substitutions are known in An. gambiae and An. coluzzii to confer dieldrin

resistance (Du et al., 2005; Lawniczak et al., 2010).

Although these five loci contain genes with a known role in insecticide resistance, the

fact that there are strong signals of selection in multiple populations in the Ag1000g phase

1 cohort provides valuable confirmation that these loci are indeed playing an important

role in adaptation to insecticide pressure in natural malaria vector populations. Because

we have a strong prior expectation for selection at these loci, they also provide us with

valuable positive controls, allowing us to study the character of true selection signals in

more detail. This in turn can guide the design and calibration of algorithms for discovering

signals of selection for insecticide resistance at novel loci.

Selection signal discovery and mapping

To learn more about the character of signals of selection for insecticide resistance, I studied

the selection scan statistics in more detail at the five known insecticide resistance loci listed

above. A common feature of selection signals at these loci was a clear peak architecture,

with a maximum (peak) value close to the target gene, and values of the selection statistic

decaying to background levels both upstream and downstream of the gene. In the H12

selection scans in particular, values on either side of the target gene appeared to decay

asymptotically, and it occurred to me to model this decay by fitting exponential functions

to each flank of a selection signal via least-squares regression. This exponential peak model

provided a good fit to the selection signals at many of the known insecticide resistance loci

(e.g., Fig. 5.2a-g). I also tested several other peak models, and found that a Gaussian peak

model provided a better fit in a minority of cases (e.g., Fig. 5.2h-l). At the Vgsc locus

the peaks were highly skewed when plotted against physical genome coordinates, but this
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Figure 5.2. Examples of peak models fitted to H12 selection scans at known insecticide resistance
loci. Dashed lines show model fit, markers show data. a, Cyp6p, Uganda An. gambiae. b, Cyp6p,
Burkina Faso An. gambiae. c, Cyp6p, Burkina Faso An. coluzzii. d, Gste, Cameroon An. gambiae.
e, Gste, Burkina Faso An. gambiae. f, Gste, Uganda An. gambiae. g, Cyp9k1, Burkina Faso An.
gambiae. h, Cpy9k1, Burkina Faso An. coluzzii. i, Cyp9k1, Guinea An. gambiae. j, Vgsc, Burkina
Faso An. coluzzii. k, Vgsc, Burkina Faso An. gambiae. l, Vgsc, Uganda An. gambiae.
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locus lies on the border of pericentromeric heterochromatin, and this skew could be almost

entirely corrected by assuming the heterochromatin recombination rate is four times lower

than euchromatin. I devised a way to quantify the support for these peak models by also

fitting a null constant model at the same locus and computing the difference in Akaike

Information Criterion (∆i) between the peak and null models. In general, when comparing

two models, ∆i > 10 is considered sufficient evidence to reject the model with higher

AIC (Burnham and Anderson, 2002), and at many of the known insecticide resistance loci

I observed ∆i > 1000, indicating strong support for the exponential peak model.

Previous studies performing genome-wide selection scans, such as Garud et al. (2015),

have identified peaks by first choosing a fixed significance threshold, and then defining

peaks to be contiguous genome regions where selection scan values exceed this threshold.

Such an approach, however, can have several shortcomings, illustrated in the Ag1000G data

in Fig. 5.3. Firstly, determining an appropriate significance threshold is not straightforward,

and requires knowledge of the demographic history of the population being studied, which

may be unknown or difficult to infer with any certainty. Secondly, different types of noise

within the data can lead to incorrect inferences, such as mistakenly inferring a signal from

an isolated high statistic value, or mistakenly splitting a peak into two signals due to an

isolated low statistic value. Thirdly, from inspecting another known insecticide resistance

gene, Ace1 (AGAP001356), it was also clear that signals might be small in magnitude

despite having a clear peak architecture, and so fall below a fixed significance threshold.

Examining the Ag1000G selection scans at known insecticide resistance loci suggests how

these issues could be overcome by leveraging the information provided by the shape of peaks

at true selection signals. At a locus under recent positive selection, genetic hitchhiking

of neutral variants on either flank of the locus is expected due to linkage disequilibrium,

and the probability of linkage is an exponential function of the genetic distance between

them (Maynard Smith and Haigh, 1974). Wiener and Pong-Wong (2011) showed that

this theory could be used as a tool for mapping selection signals, by fitting exponential

functions to heterozygosity data on either flank of a locus under positive selection via least

squares regression. The primary benefit of this type of approach to modelling support for
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a
b b c

d

Figure 5.3. Illustration of potential problems with peak identification using consecutive windows
exceeding a fixed threshold, as applied by Garud et al. (2015). Blue markers show H12 values from
selection scan in Burkina Faso An. gambiae. Red line shows an arbitrary significance threshold,
chosen to illustrate potential problems in these data (these problems are associated with the use
of a fixed threshold and can arise regardless of the actual threshold value chosen). a, This locus
contains the known insecticide resistance gene Ace1, and a small peak is visible in the selection
scan, but the magnitude of the peak falls below the threshold and so would not be discovered. b,
Isolated high values of the selection statistic are probably false positives due to noise, such signals
are never observed at known insecticide resistance genes. c, Some genome regions can be inherently
noisier than others, i.e., background levels of the selection statistic are higher. d, Isolated low
values of the selection statistic could falsely lead us to break up a single peak into two peaks, such
as at this selection signal at the Vgsc insecticide resistance gene.

a selection signal is that it integrates evidence not just at the locus under selection, but

from the flanking regions as well.

Developing this idea further, I devised an algorithm to systematically identify selection

signals within each of the Ag1000G selection scans, quantify their support, map the most

likely focus of selection, and provide some indication of the relative uncertainty surrounding

the mapped focus. The algorithm uses non-linear least squares regression to fit peak and

null models to the selection scan values at regular 20 kb intervals throughout the genome.

After performing a complete scan through the genome, the peak model with the highest ∆i

is called as a signal. To deal with cases where true selection signals occur in close proximity

and peaks may be partially overlapping, the algorithm then subtracts the fitted peak values

from the data, and refits peaks in adjacent regions. This process is then applied iteratively,

until no more peak models with ∆i above a given level are found. After applying this

algorithm to all Ag1000G selection scans, I found all peaks overlapping known insecticide

resistance genes had ∆i > 90, and so only called signals above this level. This generated a

catalog of 289 selection signals (Figs. 5.5, 5.6, 5.7, 5.8, 5.9), which I then ranked by ∆i.
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Signal discovery and mapping performance

To provide some assessment of the performance of the signal discovery algorithm, I took

an empirical approach, making use of the five known insecticide resistance genes described

above, in addition to the Ace1 gene where variants are known to confer resistance to

carbamate and organophosphate insecticides (Weill et al., 2003; Weill et al., 2004; Djogbénou

et al., 2008).

To estimate sensitivity I analysed the Vgsc, Gaba, Ace1 and Gste2 genes, where SNPs

conferring insecticide resistance are known from previous studies. For each of these genes I

ascertained the populations in which a known resistance variant was at 5% allele frequency

or greater, and used these as a truth set. I then determined a true positive to be a

population in which a selection signal was found overlapping the gene, and a false negative

to be a population in which no overlapping selection signal was found. Across all four loci

and three selection scan methods, the overall sensitivity was 100% (Table 5.1). Sensitivity

was highest in the H12 and XPEHH scans (both 79%) and lowest in the IHS scans (37%).

To estimate signal mapping accuracy I used all six known insecticide resistance genes.

For each selection signal overlapping one of these genes, I computed the mapping error

(ME) as the distance from the fitted peak centre to the gene center, then summarised these

values across multiple scans and loci by computing the median and 25 − 75th percentiles

(Table 5.2). Across all six loci, median mapping error was lowest in the H12 scans (78 kb)

and highest in the IHS scans (258 kb). To estimate a confidence interval for the focus

of selection within each peak I computed the region within which peak models obtained

∆i within 95% of the best peak model. This confidence interval was correlated with the

mapping error in the H12 and XPEHH signals but not IHS (Fig. 5.10). This confidence

included the target gene in 33–63 % of cases depending on scanning method, and increased

to 56–68 % if extended by 50 kb. Clearly there is room for improvement here in estimating

a confidence interval for the focus of the selection signal, but at least for the H12 and

XPEHH scans there is an indication that some uncertainty is being captured.
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A Web application for exploring selection signals

Of the 289 selection signals identified, 229 did not overlap any of the known insecticide resis-

tance loci described above. To facilitate an exploration of these potentially novel selection

signals, and an investigation of the genes that might be driving them, I developed a prototype

Web application, available at https://malariagen.github.io/agam-selection-atlas/.

Each selection signal can span multiple genes, and thus it can be time-consuming to explore

signals and generate hypotheses about the most likely candidate genes under selection.

The purpose of the Web application is to accelerate this investigation process, by providing

a visual interface to the data, with tools for comparing selection signals across populations

and selection scans, and for zooming into individual signals and inspecting genes. The

Web application provides several entry points to the data, including:

• All selection signals. A table of selection signals, ranked by the degree of supporting

evidence (∆i). For each signal, the table provides the selection statistic, the population

in which the signal was found, the focal region, and whether the signal overlaps any

known loci.

• Signals by population. One page for each population, with an interactive genome

plot for each chromosome arm providing a means to view and browse the selection

signals, and an associated table of selection signals.

• Signals by chromosome arm. One page for each chromosome arm, with an

interactive genome plot showing signals from all populations, and an associated table

of signals (Figs. 5.5, 5.6, 5.7, 5.8 and 5.9 are screenshots from these pages).

• Signals by scanning statistic. One page for each scanning method used (H12,

XPEHH, IHS), with a table of associated selection signals from all populations and

chromosome arms.

• Known loci. A set of pages for functionally-validated insecticide resistance loci

where there is a strong expectation for observing selection signals in at least some

populations.
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• Insecticide resistance candidate genes. Pages providing catalogues of a priori

candidate insecticide resistance genes based on gene function, organised into four

lists: metabolic, target-site, behavioural and cuticular.

From these entry points, a user can access a dedicated signal page for each individual

selection signal. Each signal page includes an interactive genome plot for the region

containing and surrounding the peak, showing the selection statistic values, and the fitted

peak model (Fig. 5.4 panels a-d are screenshots of this feature from four signal pages).

This plot can be zoomed and panned to allow inspection of the genes nearest to the peak

centre. The set of genes overlapping the inferred focal region are also listed below the plot.

There is also a table of overlapping selection signals, which can be useful to assess the

degree of replication across both populations and selection methods. Finally, there are a

collection of diagnostic plots, and a model fit report, providing detailed information to

allow assessment of how well the peak model fitted the data. If a user wants to investigate

a particular gene of interested, then can click through to a dedicated gene page. Each

gene page as summary information about the gene, with links through to VectorBase, and

a table of all overlapping and adjacent selection signals.

Discovery of a novel candidate insecticide resistance gene

To illustrate the potential of these selection scans to identify novel candidate insecticide

resistance genes, I provide an example of selection signals at a novel locus on the X

chromosome (Fig. 5.4). Selection signals were found at this locus in both species from

Burkina Faso, and were replicated in both populations across all three selection scan

methods. Selection peaks were also relatively narrow, and only a single gene overlapped the

peak focus in all H12 and XPEHH scans. This gene was AGAP000519, a diacylglycerol kinase.

This gene is intriguing because its function does not obviously fit any of the established

categories of insecticide resistance gene. I performed a literature search and could not find

any previous studies associating diacylglycerol kinase enzymes with insecticide resistance

in any insect species. I did, however, find two lines of evidence suggesting a potential role

in adaptation to malaria vector control interventions.

136



Results

a

b

c

d

Figure 5.4. Selection signals at a novel locus on the X chromosome. The gene shown in blue in
all subplots is AGAP000519, a diacylglycerol kinase. a, Burkina Faso An. coluzzii, H12. b, Burkina
Faso An. gambiae, H12. c, Burkina Faso An. coluzzii, XPEHH versus Guinea-Bissau. d, Burkina
Faso An. gambiae, XPEHH versus Guinea-Bissau.

In C. elegans, the diacylglycerol kinase DGK-1 is involved in regulating release of the

neurotransmitter acetylcholine at synaptic junctions (Miller et al., 1999). This discovery

was made by using genetic screens for mutants with resistance to aldicarb, a carbamate

insecticide. Carbamates bind to acetylcholinesterase and prevent its normal function in
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inactivating acetylcholine, causing a toxic accumulation of acetylcholine at synapses. Muta-

tions in the upstream regulatory pathway that reduce the normal amount of acetylcholine

present in synapses can thus alter sensitivity to carbamates. Miller et al. (1999) found

mutations in several genes that confer aldicarb resistance by this means. They also found

that DGK-1 is a component of this regulatory machinery, and normally acts to negatively

regulate synaptic transmission. A loss of function in DGK-1 results in hypersensitivity

to aldicarb, in addition to hyperactive locomotion. If synaptic transmission is regulated

via a similar pathway in Anopheles mosquitoes, then this suggests a hypothesis that a

gain of function mutation in a diacylglycerol kinase gene could confer some degree of

resistance to carbamate and organophosphate insecticides, which share the same mode of

action. Carbamates have been used for indoor residual spraying (IRS) fairly extensively,

and organophosphates are increasingly being used, thus any novel mechanism of resistance

to these insecticides in malaria vectors would be of high importance.

There is also a second hypothesis, concerning a possible role in behavioural adaptation.

AGAP000519 is a one-to-one homolog of the D. melanogaster gene rdgA. In D. melanogaster,

rdgA is an eye-specific diacylglycerol kinase involved in vision via the phototransduction

signalling cascade (Masai et al., 1993). rdgA loss-of-function mutants have constitutive

activation of light-sensitive ion channels, causing retinal degeneration during develop-

ment (Raghu et al., 2000). These observations have demonstrated that rdgA is required

for light signalling response termination via the phosphoinositide cycle (Katz and Minke,

2009). Thus, any modulation of the activity of rdgA has the potential to affect sensitivity

to light. In An. gambiae, genes in this visual signalling pathway, including AGAP000519,

are expressed rhythmically under circadian clock control (Rund et al., 2011). Expression

peaks just before dusk, suggesting a role in tuning the An. gambiae visual system ahead of

nocturnal activities such as flight and biting. The increase in coverage of insecticide-treated

bednets has long been hypothesised to create a selective pressure for individuals that

initiate host-seeking behaviour earlier in the night, but no genetic changes have so far been

found affecting this behaviour.

Diacylglycerol is a signalling molecule used in a variety of other roles, and there may
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be other causes for selection at this locus in An. gambiae and An. coluzzii. Nevertheless,

the presence of clear selection signals at this locus in both species, the high degree of

confidence regarding the target gene, and the presence of compelling and plausible links to

adaptation to vector control interventions, strongly advise for the further study of this gene.

Furthermore, although the two hypotheses presented above are different, the underlying

molecular pathways are the same on both cases, with diacylglycerol kinase enzymes serving

to modulate the excitability of neurons. This in turn argues for a deeper study of this

pathway in malaria vectors.

Conclusions

In this chapter I have explored the genomic landscape of recent selection within the

mosquito populations sampled in the first phase of the Ag1000G project. There are strong

signals of selection at multiple loci with clear links to insecticide resistance, demonstrating

that malaria vector control interventions have driven a strong adaptive response. It is also

clear that this adaptive response is both polygenic and heterogeneous over both species and

geography, with different genes under selection in different combinations of populations.

Furthermore, a substantial number of selection signals are present at genes not previously

known to be involved in insecticide resistance, where signals are of comparable shape and

statistical support to those found at validated insecticide resistance genes. This strongly

suggests that the molecular landscape of insecticide resistance in An. gambiae and An.

coluzzii is not fully understood and there are major gaps in our current knowledge. The

Ag1000G data provide a unique opportunity to fill some of these gaps, generating new

candidate genes under selection for further investigation and validation through lab and

field work.
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Methods

Genome-wide selection scans

Selection scans using the H12 statistic were performed following methods described in

Garud et al. (2015) as implemented in scikit-allel version 0.21.1. H12 was computed in

non-overlapping windows over the genome, where each window contained a fixed number of

SNPs. The extent of linkage disequilibrium was different in different populations (Chapter

4) and so I calibrated the window size independently in each population. To calibrate

the window sizes I ran the H12 scans with a range of different window sizes, and chose

the smallest window size for which the mean value of H1 over all windows was below

0.01. XPEHH scans were computed following methods described in Sabeti et al. (2007)

as implemented in scikit-allel version 0.21.1. For each population comparison, SNPs

with a minor allele frequency greater than 5% in the union of both populations were

used. XPEHH scores were normalised within each chromosome (2, 3, X). IHS scans were

computed following methods described in Voight et al. (2006) as implemented in scikit-allel

version 0.21.1. For each population, SNPs with minor allele frequency above 5% were used.

IHS scores were normalised within each chromosome (2, 3, X).

Signal discovery and mapping

Signal discovery was performed for each genome-wide selection scan by fitting peak models

using non-linear least squares regression, via the lmfit package version 0.9.7. The exponential

peak model had the following parameters: centre (genomic position where the peak is

centred), amplitude (maximum value of the peak), decay (exponential rate at which values

decay on each flank), skew (variation in rate of decay between left and right flanks), baseline

(constant noise term). The Gaussian peak model had the same parameters, except for a

sigma (width) parameter instead of a decay parameter. The constant (null) model had a

single baseline parameter. The peak-finding algorithm first stepped through the genome

in increments of 20 kb, fitting both peak models and the null model, centered at each

step, storing the resulting model fits. For each peak model, ∆i was computed as the
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difference between the peak and null model AIC values. After the first complete pass

through a chromosome, the peak model with the highest ∆i was located and called as

a selection signal. The fitted peak model was then subtracted from the selection scan

values, and peak models refitted within the surrounding region, to improve fitting of

nearby peaks where flanks overlap. Selection scan data were converted to genetic distance

prior to signal discovery and mapping, assuming a recombination rate of 0.5 cM/Mb

in heterochromatin and 2.0 cM/Mb elsewhere. All source code files are available from

https://github.com/malariagen/agam-selection-atlas.

Web application development

The Web application was developed using the Sphinx package version 1.6.5. Python scripts

were written which generated a Sphinx documentation site in markdown format from

the input data on selection scans and fitted selection signals. Sphinx was then used to

generate a static HTML site, and this was deployed to GitHub pages. The dynamic plotting

components (interactive genome plots) were implemented using Bokeh version 0.12.13 and

exported as JavaScript to be embedded in the HTML.
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Supplemental figures

Figure 5.5. Selection signals discovered on chromosome arm 2R. Each horizontal bar represents
a selection signal. The full width of the bar shows the span of the peak, where the fitted peak
model is above 20% of the peak amplitude. The red region within each bar shows the peak focus,
representing the peak center plus a region of uncertainty.
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Figure 5.6. Selection signals discovered on chromosome arm 2L. See Fig. 5.5 for figure legend.
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Figure 5.7. Selection signals discovered on chromosome arm 3R. See Fig. 5.5 for figure legend.
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Figure 5.8. Selection signals discovered on chromosome arm 3L. See Fig. 5.5 for figure legend.
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Figure 5.9. Selection signals discovered on the X chromosome. See Fig. 5.5 for figure legend.
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Figure 5.10. Analysis of mapping error and estimated signal focus confidence intervals at known
insecticide resistance genes. Each marker represents a selection signal. Each plot compares the
confidence interval for the focus of each selection interval, estimated by comparing peak model fits
within the vicinity of a signal, and the mapping error, computed as the distance from the fitted
peak focus to the known resistance gene. r is the Pearson correlation coefficient.
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Supplemental tables

Table 5.1. Analysis of sensitivity of selection signal discovery using genes with known
insecticide resistance variants.

Gene Statistic No. true No. positive No. true positive Sensitivity (%)

Vgsc H12 7 7 7 100
Vgsc XPEHH 7 6 6 86
Vgsc IHS 7 0 0 0
Vgsc all 7 7 7 100
Gaba H12 6 5 5 83
Gaba XPEHH 6 5 5 83
Gaba IHS 6 2 2 33
Gaba all 6 6 6 100
Ace1 H12 2 0 0 0
Ace1 XPEHH 2 1 1 50
Ace1 IHS 2 2 2 100
Ace1 all 2 2 2 100
Gste2 H12 4 5 3 75
Gste2 XPEHH 4 5 3 75
Gste2 IHS 4 5 3 75
Gste2 all 4 6 4 100
all H12 19 17 15 79
all IHS 19 9 7 37
all XPEHH 19 17 15 79
all all 19 21 19 100
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Table 5.2. Analysis of mapping error using selection signals at known insecticide resistance genes. N =
no. of selection signals found overlapping the gene. MEn = nth percentile of mapping error (distance
from signal center to gene) in all selection signals spanning the gene. Within CI = percentage of signals
where the gene was within the estimated focus confidence interval.

Gene Statistic N ME25 ME50 ME75 Within CI (%) Within CI + 50 kb (%)

Ace1 IHS 2 244 280 316 50 50
Ace1 XPEHH 1 92 92 92 100 100
Cyp6p3 H12 7 12 32 42 43 86
Cyp6p3 IHS 6 77 100 348 67 67
Cyp6p3 XPEHH 8 31 42 174 62 62
Cyp9k1 H12 6 81 210 552 33 50
Cyp9k1 IHS 4 224 320 392 75 75
Cyp9k1 XPEHH 10 139 162 394 30 40
Gaba H12 5 46 46 174 0 60
Gaba IHS 2 198 270 342 50 100
Gaba XPEHH 8 26 86 133 12 88
Gste2 H12 5 2 18 58 60 80
Gste2 IHS 5 78 258 278 60 60
Gste2 XPEHH 10 26 42 243 30 60
Vgsc H12 7 422 472 620 43 43
Vgsc XPEHH 8 757 1162 4326 25 25
all H12 30 35 78 427 37 63
all IHS 19 85 258 388 63 68
all XPEHH 45 42 142 428 33 56
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6 The evolution and spread of target-site

resistance to pyrethroid insecticides

Resistance to pyrethroid insecticides is a serious challenge for malaria vector control in

Africa, because pyrethroids remain a vital component of all long-lasting insecticidal bed-nets

currently available for public health use. Target-site resistance to pyrethroids involves

nucleotide substitutions in the voltage-gated sodium channel gene (Vgsc), which encodes

an essential component of the insect nervous system and the binding target for pyrethroid

molecules. In this chapter, I use genome variation data from phase one of the Ag1000G

project to study the molecular evolution and geographical spread of pyrethroid target-site re-

sistance among nine mosquito populations. I describe non-synonymous nucleotide variation

throughout the entire gene coding sequence, including both known and novel polymorphisms,

and report population allele frequencies and patterns of linkage disequilibrium. I then

analyse the genetic backgrounds on which resistance alleles are found, to look for evidence

of the geographical spread of resistance via contemporary gene flow, and to confirm positive

selection for resistance alleles. I conclude by identifying a smaller subset of marker SNPs

which could be used to track the further spread of resistance via low-cost high-throughput

genetic assays. These analyses show that the molecular basis of pyrethroid target-site resis-

tance is substantially more complex and diverse than previously appreciated in these species,

and demonstrate that long-distance gene flow between countries and adaptive introgression

between species are both playing a major part in the rising prevalence of resistance alleles.
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Introduction

Pyrethroids in malaria vector control

Pyrethroids are a class of synthetic insecticides, based on a natural compound pyrethrin

found in the flowers of pyrethrum (Chrysanthemum) plants (Elliott, 1989). Pyrethroids

suitable for commercial use in agriculture and public health were discovered in the 1970s, and

fall into two major groups based on chemical structure, either type I (e.g., permethrin (Elliott

et al., 1973)) or type II (e.g., deltamethrin (Elliott et al., 1974)). These compounds have a

high toxicity to insects but relatively low toxicity to mammals, and are photostable but do

not accumulate to contaminate the environment unlike insecticides used previously such as

DDT or dieldrin. Pyrethroids were approved for use in public health by the WHO pesticide

evaluation scheme (WHOPES) in 1978 (Quélennec, 1988). Landmark studies during the

1980s and 1990s showed that the use of pyrethroid-treated bed-nets caused a significant

reduction in malaria prevalence (Carnevale and Gay, 2019). Advances in net manufacturing

during that period allowed the development of long-lasting insecticidal nets (LLINs), which

retain insecticidal activity for up to 3 years without re-treatment. Pyrethroid LLINs have

become the cornerstone of efforts to control malaria in Africa, with more than 100 million

nets distributed in Africa each year since 2013 (Bhatt et al., 2015; AMP, 2020).

Pyrethroid resistance in the Anopheles gambiae complex

The first reports of pyrethroid resistance in An. gambiae originated from Côte

d’Ivoire (Elissa et al., 1993) and Kenya (Vulule et al., 1994). Subsequently, a study of six

countries found pyrethroid resistance in Burkina Faso, Côte d’Ivoire and Benin (Chandre

et al., 1999). In parallel with the major scale-up of LLIN distributions from 2000 onwards,

malaria control programmes have routinely performed bioassays to monitor pyrethroid

resistance (WHO, 2018b; WHO, 2017). As those data have accumulated, it has become

clear that both the prevalence and intensity of pyrethroid resistance have increased (Ranson

et al., 2011; Hemingway et al., 2016; WHO, 2012; WHO, 2018a; Implications of Insecticide

Resistance Consortium, 2018). Geostatistical modelling of bioassay data has supported

158



Introduction

this, showing a dramatic increase in the prevalence of resistance across sub-Saharan Africa

over the period 2005–2017, although the picture remains complex, with considerable spatial

heterogeneity (Hancock et al., 2020).

The pyrethroid mode of action

Pyrethroid molecules interact with the voltage-gated sodium channel (VGSC), an essential

membrane protein which propagates nerve impulses via action potentials (Dong et al., 2014).

In all insects, the VGSC protein comprises four homologous domains (I-IV), each of which

has six transmembrane segments (S1-S6), which together form a gated pore that is sensitive

to changes in membrane potential. Under normal function, the channel opens during the

rising phase of an action potential, allowing sodium ions to flow into the cell, then closes

shortly afterwards, to allow re-polarisation of the membrane. The structure of the protein

creates some rotational symmetry, and it is believed that pyrethroids can bind to either

of two analogous sites within the pore, referred to as PyR1 and PyR2 (Du et al., 2013).

Pyrethroid binding alters gating behaviour, enhancing activation and inhibiting inactivation,

causing the channel to remain open, which at the cellular level causes continuous firing of

nerve impulses (Dong et al., 2014). The VGSC protein of An. gambiae comprises 2139

amino acids and has a high degree of homology with other insects, sharing the same overall

topology (Davies et al., 2007).

The molecular basis of pyrethroid target-site resistance in An. gambiae

Any variations within the VGSC protein which alter the action of pyrethroids are known

collectively as pyrethroid target-site resistance. Prior to the present study, the molecular

basis of pyrethroid target-site resistance in An. gambiae appeared relatively straightforward.

An L995F substitution, initially found in West Africa (Martinez-Torres et al., 1998), and

an L995S substitution, initially found in East Africa (Ranson et al., 2000), have both been

shown to confer resistance to pyrethroids and DDT1. A third substitution, N1570Y, was

subsequently found in West and Central Africa, occurring exclusively in combination with

1Codon numbering is given relative to An. gambiae transcript AGAP004707-RA in gene annotation set
AgamP4.4. A mapping to Musca domestica codon numbers is given in Table 6.1.
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L995F (Jones et al., 2012). In vitro, VGSC double mutants carrying either L995F or L995S

together with N1570Y are substantially more resistant to pyrethroids than L995F or L995S

alone (Wang et al., 2015). In other insects, the molecular basis of pyrethroid target-site

resistance is more varied. For example, in the invasive mosquito species Aedes aegypti,

11 amino acid substitutions have been found in natural populations and associated with

pyrethroid resistance (Du et al., 2016; Haddi et al., 2017). Across all arthropods, more than

50 sodium channel SNPs or combinations of SNPs have been associated with pyrethroid

resistance (Dong et al., 2014). Since discovery of the L995F and L995S substitutions,

studies in An. gambiae have mostly focused on typing those polymorphisms, or sequencing

a small region of the gene, and thus the full coding sequence has not been fully surveyed

for variation in natural populations.

The spread of pyrethroid target-site resistance in An. gambiae and An.

coluzzii

The L995F and L995S alleles have now been observed in multiple countries in both West

and East Africa, with L995F being widespread particularly in West Africa (WHO, 2018a).

These alleles have also been found in both An. gambiae and An. coluzzii (Clarkson et al.,

2014; Norris et al., 2015; Djouaka et al., 2018). In West Africa, L995F has spread from An.

gambiae to An. coluzzii (Clarkson et al., 2014; Norris et al., 2015). However, for each of

these alleles, it is not clear whether it is spreading between countries via contemporary gene

flow, or whether there are multiple geographical origins of resistance. Pinto et al. (2007)

genotyped Vgsc codon 995 and performed partial sequencing of the upstream intron in An.

gambiae from 15 African countries, finding two common haplotypes carrying L995F, and

a further two haplotypes associated with L995S. Some of these haplotypes where shared

between countries, but there were only four informative SNPs within the 438 bp region

sequenced, and so resolution was not sufficient to infer gene flow with confidence.
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Scope of this chapter

In this chapter I analyse data from phase 1 of the Ag1000G project to investigate the

molecular evolution and geographical spread of target-site resistance to pyrethroids. I

report non-synonymous SNPs within the Vgsc gene that occur at appreciable frequency

within one or more populations. I also investigate the linkage between these SNPs, to

determine whether some alleles occur in combination with others, and thus may have a

synergistic effect. I then use data on non-coding SNPs both within the gene introns and in

the flanking intergenic sequences to investigate the haplotypes on which resistance alleles

occur. I use analyses of genetic relatedness between haplotypes to make inferences about

gene flow events between populations from different geographical locations and species.

The work described in this chapter was performed as part of a broader collaboration

within the Ag1000G Consortium analysing insecticide resistance genes, particularly with

MalariaGEN Resource Center team colleague Chris Clarkson. My contributions, described

in this chapter, were to investigate the population-genetic aspects of resistance. Any work

carried out jointly is noted in the relevant section.

Results

Non-synonymous SNPs within the Vgsc gene

There were 63 non-synonymous SNPs within the Vgsc gene (AGAP004707) that were

polymorphic within the Ag1000G phase 1 dataset. For these SNPs, I computed the

frequency of each non-synonymous variant allele within each of nine populations defined

by species and country of origin. If an allele has a resistance phenotype and has been

under positive selection, then it will occur at some appreciable frequency in one or more

populations. I therefore filtered the SNPs to remove any rare variants, retaining only those

SNPs with a variant allele occurring at a frequency above 4% in at least one population.

This resulted in a set of 21 SNPs, including two multiallelic SNPs (Table 6.1).

The two known pyrethroid resistance variants in codon 995 were at the highest overall

frequency in the cohort. L995F was at high frequency in both An. coluzzii populations,
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Table 6.1. Non-synonymous SNPs in the Vgsc gene. AO=Angola; BF=Burkina Faso;
GN=Guinea; CM=Cameroon; GA=Gabon; UG=Uganda; KE=Kenya; GW=Guinea-Bissau; Ac=An.
coluzzii; Ag=An. gambiae. Species status of specimens from Kenya and Guinea-Bissau is uncertain.
All variants are at 4% frequency or above in one or more of the 9 Ag1000G phase 1 populations, with
the exception of 2,400,071 G>T which is only found in the CMAg population at 0.4% frequency but
is included because another mutation (2,400,071 G>A) is found at the same position causing the
same amino acid substitution (M490I).

Variant Population allele frequency (%)

Position1 Ag2 Md3 AOAc BFAc GNAg BFAg CMAg GAAg UGAg KE GW

2,390,177 G>A R254K R261 0 0 0 0 32 21 0 0 0
2,391,228 G>C V402L V410 0 7 0 0 0 0 0 0 0
2,391,228 G>T V402L V410 0 7 0 0 0 0 0 0 0
2,399,997 G>C D466H - 0 0 0 0 7 0 0 0 0
2,400,071 G>A M490I M508 0 0 0 0 0 0 0 18 0
2,400,071 G>T M490I M508 0 0 0 0 0 0 0 0 0
2,416,980 C>T T791M T810 0 1 13 14 0 0 0 0 0
2,422,651 T>C L995S L1014 0 0 0 0 15 64 100 76 0
2,422,652 A>T L995F L1014 86 85 100 100 53 36 0 0 0
2,424,384 C>T A1125V K1133 9 0 0 0 0 0 0 0 0
2,425,077 G>A V1254I I1262 0 0 0 0 0 0 0 0 5
2,429,617 T>C I1527T I1532 0 14 0 0 0 0 0 0 0
2,429,745 A>T N1570Y N1575 0 26 10 22 6 0 0 0 0
2,429,897 A>G E1597G E1602 0 0 6 4 0 0 0 0 0
2,429,915 A>C K1603T K1608 0 5 0 0 0 0 0 0 0
2,430,424 G>T A1746S A1751 0 0 11 13 0 0 0 0 0
2,430,817 G>A V1853I V1858 0 0 8 5 0 0 0 0 0
2,430,863 T>C I1868T I1873 0 0 18 25 0 0 0 0 0
2,430,880 C>T P1874S P1879 0 21 0 0 0 0 0 0 0
2,430,881 C>T P1874L P1879 0 7 45 26 0 0 0 0 0
2,431,019 T>C F1920S Y1925 0 0 0 0 1 4 0 0 0
2,431,061 C>T A1934V A1939 0 12 0 0 0 0 0 0 0
2,431,079 T>C I1940T I1945 0 4 0 0 7 0 0 0 0
1 Position relative to the AgamP3 reference sequence, chromosome arm 2L.
2 Codon numbering according to Anopheles gambiae transcript AGAP004707-RA in gene annotations

AgamP4.4.
3 Codon numbering according to Musca domestica EMBL accession X96668.
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at fixation in both West African An. gambiae populations, and also present in the two

central African An. gambiae populations. L995S was at high frequency in the Kenyan

population, fixed in the Uganda An. gambiae population, and also present in both central

African An. gambiae populations. The combined frequency of L995F and L995S mutations

in countries where both variants co-occurred was 68% in Cameroon and 100% in Gabon.

The other SNP with a known resistance phenotype in An. gambiae, N1570Y, was present

in An. gambiae samples from Guinea and Cameroon and both species from Burkina Faso.

None of the remaining SNPs have a known phenotype in An. gambiae or An. coluzzii.

Among these, the following SNPs are of particular interest, based on observations in other

studies:

• P1874L/S - P1874L was the most common allele after the known resistance alleles,

being found at 45% and 26% frequency in An. gambiae from Burkina Faso and

Cameroon respectively. Both P1874L and P1874S were present in An. coluzzii from

Burkina Faso, and the combined allele frequency of codon 1874 variants was 28%.

P1874L was also present in sequencing data reported by Jones et al. (2012) in samples

of both An. gambiae and An. coluzzii from Burkina Faso. P1874S has not been

reported elsewhere in mosquitoes, but was found in pyrethroid-resistant field strains

of the diamond-back moth Plutella xylostella (Sonoda, 2010).

• I1527T - Previously reported by Jones et al. (2012) at low frequency in An. coluzzii

from Burkina Faso, this allele was at 14% frequency in the Ag1000G An. coluzzii

from Burkina Faso. Recently, Collins et al. (2019) reported I1527T in An. gambiae

from Guinea and found it was associated with resistance to permethrin. I1527T has

also been recently found in Aedes albopictus (Auteri et al., 2018).

• V402L - The SNP at 2L:2,391,228 had two variant alleles which both conferred

V402L, and which were each at 7% frequency in Burkina Faso An. coluzzii, but

not found elsewhere. Mutations in codon 402 have been shown to cause pyrethroid

resistance in multiple insect species, and the pyrethroid resistance phenotype has

also been confirmed and characterized in vitro (Dong et al., 2014). Recently, V402L
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has been found in Aedes aegypti where it confers high levels of resistance both type I

and type II pyrethroids (Haddi et al., 2017; Villanueva-Segura et al., 2019).

Associations between non-synonymous SNPs

In several insect species, two or more non-synonymous variants in the Vgsc gene have

been observed occurring together on the same haplotype. For example, N1570Y is only

found in An. gambiae in combination with L995F (Jones et al., 2012). Similarly, in the

German cockroach Blatella germanica, the combinations L993F+E434K, L993F+C764R and

L993F+E434K+C764R have been found (Tan et al., 2002). In the diamond back moth, the

alleles A1101T+P1879S are found in combination (Sonoda, 2010). In Aedes aegypti, the

combination V410L+F1534C has been observed (Haddi et al., 2017), as well as each allele sep-

arately. The occurrence of alleles in combination is interesting because these alleles may act

synergistically to enhance a pyrethroid resistance phenotype. For example, in An. gambiae

the L995F+N1570Y combination is approximately ten times more resistant to permethrin

than L995F alone (Wang et al., 2015). Similarly, in the German cockroach, L993F+E434K

and L993F+C764R are each approximately 20 times more resistant to deltamethrin than

L993F alone (Tan et al., 2002), and the triple mutant L993F+E434K+C764R is 100 times

more resistant.

To investigate associations between non-synonymous variants within the Ag1000G phase

1 dataset, I calculated the D′ linkage disequilibrium (LD) statistic between all pairs of

variant alleles (Lewontin, 1964). I then combined these data with allele frequencies, to

identify three possible types of association:

• Complete association - Two alleles are only ever found in combination (D′ ≈ 1,

equal allele frequencies).

• Subordinate association - A primary allele, sometimes found alone, and a sec-

ondary allele, only ever found in combination with the primary allele (D′ ≈ 1, with

one allele at higher frequency than the other).

• Partial association - Two alleles, each observed alone and in combination (−1 <
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D′ < 1).

The computed LD values are shown together with overall allele frequencies within the

Ag1000G phase 1 cohort in Fig. 6.1. Fourteen variant alleles were in subordinate association

with L995F (D′ > 0.91) including N1570Y, P1874S and P1874L. There were also two triple-

mutant combinations, L995F+D466H+I1940T and L995F+T791M+A1746S. In contrast, there

were no non-synonymous variant alleles in any kind of association with L995S. Thus,

substantial molecular evolution appears to be occurring on haplotype backgrounds carrying

L995F. Each of the two V402L alleles was in subordinate association with I1527T, but at

the amino acid level, V402L and I1527T were in near-complete association, indicating a

strong mutual dependence between them.

Geographical spread of pyrethroid resistance alleles

To investigate evidence for geographical spread of pyrethroid resistance alleles, I analysed

patterns of genetic similarity between the 1530 haplotypes in the Ag1000G phase 1 dataset.

The Ag1000G haplotypes were phased across the whole genome, and incorporate data

on non-synonymous SNPs, both within the Vgsc introns and in the flanking intergenic

regions, which provide high resolution to identify different degrees of similarity between

haplotypes. I firstly analysed the region spanning the Vgsc gene itself, which spans 73.5

kb and contains a total of 1,710 biallelic SNPs (1,607 intronic, 103 exonic) phased in the

Ag1000G dataset. I performed a hierarchical clustering of these haplotypes, based on

the number of SNP differences between them, and constructed a dendrogram, shown in

Fig. 6.2. The likely presence of recombination events within the genomic interval bounded

by the Vgsc gene, and the use of a simple distance metric and clustering method, means

that this dendrogram cannot be interpreted as a complete phylogeny. However, there

were some clear patterns within these data. In particular, there were several large clusters

of near-identical haplotypes, each of which was strongly associated with either L995F or

L995S. To provide a means of navigating these data, I cut the dendrogram at a maximum

distance of 12 SNPs. I then labelled the five largest clusters containing the L995F allele

as F1-F5, and the five largest clusters containing the L995S allele as S1-S5. The clusters
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6 Target-site resistance to pyrethroids

Figure 6.1. Linkage disequilibrium (D′) between non-synonymous variant alleles. A value of 1
indicates that two alleles are in perfect linkage, meaning that one of the alleles is only ever found
in combination with the other. Conversely, a value of -1 indicates that two alleles are never found
in combination with each other. The bar plot at the top shows the frequency of each allele within
the Ag1000G phase 1 cohort. See Table 6.1 for population allele frequencies.

F1-F5 together accounted for 96% of haplotypes carrying the L995F allele, and the clusters

S1-S5 together accounted for 99% of haplotypes carrying the L995S allele.

Five of these haplotype clusters carrying resistance alleles contained haplotypes from

different countries and/or species. Cluster F1 contained haplotypes from Burkina Faso,

Guinea, Cameroon and Angola, and from both An. gambiae and An. coluzzii. Clusters

F4, F5 and S2 each contained haplotypes from both Cameroon and Gabon An. gambiae.

Cluster S3 contained haplotypes from both Uganda An. gambiae and Kenya. To confirm

that this degree of haplotype similarity between different populations is unusual, and
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Figure 6.2. Clustering of haplotypes within the Vgsc gene. The upper panel shows a dendrogram
obtained by hierarchical clustering of haplotypes from wild-caught individuals. The colour bar below
shows the population of origin for each haplotype. The lower panel shows alleles carried by each
haplotype at non-synonymous SNPs (white=reference allele, black=alternate allele, red=previously
known resistance allele). At the lower margin, F1–F5 label clusters carrying the L995F allele, and
S1–S5 label clusters carrying the L995S allele.

likely represents the result of contemporary gene flow driven by selection for resistance

alleles in the Vgsc gene, I analysed patterns of haplotype sharing between populations

across the whole of chromosome arm 2L (Fig. 6.7). For all pairs of populations which

were both found within the same Vgsc haplotype cluster, I also observed a clear signal

of between-population haplotype homozygosity at the Vgsc gene, which was not present

elsewhere on the chromosome arm. Conversely, for pairs of populations never found in the
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same Vgsc haplotype cluster, levels of between-population haplotype homozygosity were

similarly low across the whole chromosome arm. Taken together, these results provide

strong support for adaptive gene flow of pyrethroid resistance alleles between countries

and species, in some cases separated by large geographical distances.

Positive selection for pyrethroid resistance alleles

To investigate evidence for positive selection on non-synonymous alleles, I performed an

analysis of extended haplotype homozygosity (EHH) (Sabeti et al., 2002). Haplotypes

under recent positive selection will have increased rapidly in frequency, thus have had less

time to be broken down by recombination, and should on average have longer regions of

haplotype homozygosity relative to haplotypes carrying wild-type alleles. I defined a core

region spanning Vgsc codon 995, and an additional 6 kb of flanking sequence, which was

the minimum required to find core haplotypes corresponding to the haplotype clusters

F1-F5 and S1-S5 identified via the clustering analysis described above. I found 18 distinct

haplotypes within this core region that were at a frequency above 1% within the cohort.

These included core haplotypes corresponding to each of the 10 haplotype clusters carrying

L995F or L995S alleles, as well as a core haplotype carrying I1527T which I labelled as

L1 (due to it carrying the wild-type leucine at codon 995). I also found a core haplotype

corresponding to a group of haplotypes from Kenya carrying a M490I substitution, which I

labelled L2. All the other core haplotypes were labelled as wild-type (wt). I then computed

EHH decay for each core haplotype up to 1 Mb upstream and downstream of the core

locus (Fig. 6.3).

Haplotypes carrying either L995F or L995S all experienced slower decay of EHH relative

to wild-type haplotypes, indicating positive selection for these resistance alleles. Previous

studies have reported evidence for different rates of EHH decay between L995F and L995S

haplotypes, suggesting a difference in the timing and/or strength of selection. I found

no systematic difference in the extent of haplotype homozygosity when comparing F1-F5

(carrying L995F) against S1-S5 (carrying L995S) (Fig. 6.8). There were, however, some

differences between core haplotypes carrying the same allele. For example, haplotypes
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Figure 6.3. Evidence for positive selection on haplotypes carrying known or putative resistance
alleles. Each panel plots the decay of extended haplotype homozygosity (EHH) for a set of core
haplotypes centred on Vgsc codon 995. Core haplotypes F1–F5 carry the L995F allele, S1–S5 carry
the L995S allele, L1 carries the I1527T allele, L2 carries the M490I allele. Wild-type (wt) haplotypes
do not carry known or putative resistance alleles. A slower decay of EHH relative to wild-type
haplotypes implies positive selection (each panel plots the same collection of wild-type haplotypes).

were significantly longer for S1 (median 1.091 cM, 95% bootstrap CI [1.076 - 1.091]) versus

other core haplotypes carrying L995S (e.g., S2 median 0.699 cM, 95% bootstrap CI [0.696 -

0.705]). Longer shared haplotypes indicate a more recent common ancestor, and thus some

of these core haplotypes may have experienced more recent and/or more intense selection

than others.

The L1 haplotypes carrying I1527T+V402L exhibited a slow decay of EHH on the

downstream flank of the gene, similar to haplotypes carrying L995F or L995S, indicating

that this combination of alleles has experienced positive selection. EHH decay on the

upstream flank was faster, similar to wild-type haplotypes, but there were two separate

SNPs conferring V402L within this group of haplotypes, and a faster EHH decay on this
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flank is consistent with recombination events bringing V402L alleles from different genetic

backgrounds together with a haplotype carrying I1527T. The L2 haplotype carrying M490I

exhibited EHH decay on both flanks comparable to haplotypes carrying known resistance

alleles. This could indicate positive selection on the M490I allele, but these haplotypes

are derived from a Kenyan mosquito population where there is evidence for a severe

recent bottleneck as described in Chapter 4. There were not enough wild-type haplotypes

from Kenya with which to compare, thus this signal could also be due to the extreme

demographic history of this population.

Genetic surveillance of pyrethroid resistance

Entomological monitoring programmes supporting malaria vector control in Africa do in

some cases genotype mosquitoes for known resistance alleles in Vgsc codon 995, and use

those results as an indicator for the presence of pyrethroid resistance, alongside results

from resistance bioassays. They typically do not, however, sequence the gene or genotype

any other polymorphisms within the gene. Thus, if there are other polymorphisms within

the gene that cause or enhance pyrethroid resistance, these will not be detected. Also, if a

codon 995 resistance allele is observed, there is no way to know whether the allele is on a

genetic background that has also been observed in other mosquito populations, and thus

whether resistance alleles are emerging locally or spreading from elsewhere. Whole-genome

sequencing (WGS) of individual mosquitoes clearly provides data of sufficient resolution to

answer these questions, and could be used to provide ongoing resistance surveillance. The

cost of WGS continues to fall and could feasibly be used for deep genomic surveillance of

mosquitoes from a network of sentinel sites across multiple countries. However, to achieve

higher spatial and temporal coverage of mosquito populations within countries, it would

currently be necessary to also develop targeted genetic assays for resistance surveillance.

Technologies such as amplicon sequencing could scale to tens of thousands of mosquitoes

at low cost, and could be implemented in local laboratories.

To explore the feasibility of designing amplicon sequencing assays for tracking the spread

of pyrethroid resistance, I investigated the minimum number of SNPs that would be
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Figure 6.4. Ascertainment of informative SNPs for tracking resistance haplotypes. a, Each data
point represents a single SNP. The information gain value for each SNP provides an indication
of how informative the SNP is likely to be if used as part of a genetic assay for testing whether
a mosquito carries a resistance haplotype, and if so, which haplotype group it belongs to. b,
Number of SNPs required to accurately predict which group a resistance haplotype belongs to.
Each data point represents a single decision tree. Decision trees were constructed using either
the LD3 (left) or CART (right) algorithm for comparison. Accuracy was evaluated using 10-fold
stratified cross-validation.

required to differentiate the different resistance haplotype clusters discovered above. I

used the Ag1000G haplotype data to construct decision trees that could classify which of

the haplotype clusters a given haplotype belongs to (Fig. 6.4). For each of two different

tree-construction algorithms, I constructed decisions trees with a limit on the depth of the

tree, repeating the process for progressively larger depths. I then scored the classification

performance of each tree via 10-fold stratified cross-validation. These analyses suggested

that it should be possible to classify haplotypes with > 95% accuracy using a decision tree

with 20 SNPs or less. In practice, more SNPs would be needed to provide some redundancy,

and also to type non-synonymous polymorphisms in addition to identifying the genetic

background. However, it is still likely to be well within the number of SNPs that could be
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assayed in a single amplicon sequencing multiplex. Thus, it should be feasible to produce

low-cost, high-throughput genetic assays for tracking the spread of pyrethroid resistance.

If combined with a limited amount of whole-genome sequencing at sentinel sites across a

broad geographical range, this could also allow targeted assays to be continuously updated

to track newly emerging resistance outbreaks.

Conclusions

Molecular evolution of pyrethroid target-site resistance is clearly far more complex than

previously appreciated. Secondary evolution is occurring on haplotypes carrying the

primary L995F allele, leading to double and triple mutant haplotypes. The phenotype of

these combined mutants needs to be urgently characterised, because Vgsc combination

mutants in other insect species have far higher levels of pyrethroid resistance than single

mutants. The operational significance of these mutants for malaria vector control also needs

to be urgently characterised, to investigate any effect on LLIN efficacy. Resistance alleles

are also clearly spreading between countries, in some cases reaching countries separated

by up to 4,000 km. This includes alleles spreading between countries on both sides of the

equatorial rainforest, and on both sides of the East African Rift, which was surprising given

the relatively high levels of genome-wide differentiation between these populations observed

in Chapter 4. Thus, the Vgsc gene reveals how mosquito populations are connected across

the continent, and how resistance alleles can spread even where rates of gene flow might

otherwise appear low. In the next and final chapter I discuss the implications of these and

other findings from this thesis for the future of malaria vector control, and review both

the opportunities and challenges involved in developing genomic surveillance systems for

malaria vectors.
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Methods

Ascertainment of non-synonymous SNPs within the Vgsc gene

I extracted all single nucleotide polymorphisms (SNPs) within the Vgsc gene from the

Ag1000G phase 1 data resource, and annotated each SNP according to its effect on the

protein coding sequence. Within the gene, a total of 63 non-synonymous SNPs were found,

of which 51 passed and 12 failed genome-wide quality filters (Chapter 3). One of the

SNPs that failed quality filters was the known N1570Y resistance variant, but genome-

wide SNP filters were generally conservative, erring on the side of minimising the false

discovery rate at the expense of some sensitivity. Because any non-synonymous SNP

in the Vgsc gene could potentially cause an important phenotypic effect, I performed a

manual examination of genome accessibility metrics within all coding regions of the gene

(Fig. 6.5). All the non-synonymous SNPs within the gene that failed quality filters were

close to the thresholds set, and there was no evidence of structural variation, alignment

ambiguity or other accessibility issues in any of the gene exons. I therefore included all 63

non-synonymous SNPs in subsequent analyses.

The Vgsc gene is also known to undergo splicing variation in multiple insect species

including An. gambiae, and this is believed to be an important factor enabling insects to

achieve phenotypic variation in different tissues (Dong et al., 2014; Davies et al., 2007).

For An. gambiae, at the time this analysis was performed, three transcripts were present

in the AgamP4.4 gene annotations provided by VectorBase, which derived primarily from

automated gene predictions (Curwen et al., 2004). However, the canonical study of the Vgsc

gene in An. gambiae is Davies et al. (2007), where substantially greater splice variation was

reported. A difficulty of the data from Davies et al. (2007) is that there are no complete

transcript sequences, only separate cDNA sequences from the first and second halves of

the transcript. To allow for all possibilities, I constructed a set of transcripts from all

possible combinations of the first and second half cDNA sequences (Fig. 6.6). Some of

these transcripts included optional exons or exon regions not represented in the VectorBase

transcripts. I then reran SNP effect predictions for all SNPs discovered within the Vgsc
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gene with each of these alternative transcripts, to determine whether any non-synonymous

SNPs had occurred within an exon or exon segment not present in the canonical AgamP4.4

AGAP004707-RA transcript. Three additional non-synonymous variants were found in these

other transcripts, one in each of exons 2j, 3 and 20d, but none of these occurred at above

3% allele frequency in any population, and so were not analysed further.

Additional phasing

The haplotype data from Ag1000G phase 1 only include biallelic SNPs passing all quality

filters, and thus did not include N1570Y due to failing genome-wide filters, nor the multiallelic

SNPs at positions 2L:2,391,228 and 2L:2,400,071. To incorporate these additional SNPs

into the analysis, I phased these SNPs onto the Ag1000G haplotype scaffold using MVNcall

version 1.0.

Haplotype clustering and gene flow analyses

Haplotypes spanning the Vgsc gene (AGAP004707, 2L:2,358,158–2,431,617) were extracted

from the genome-wide dataset. I computed the Hamming distance between all pairs of

haplotypes, then performed hierarchical clustering of haplotypes and visualised the results

as a dendrogram. These analyses were performed using SciPy version 0.16.1 (Virtanen

et al., 2020). To identify haplotype clusters, I cut the dendrogram at a distance of 12

SNPs and studied the largest clusters carrying L1014F/S resistance alleles. A non-zero

cutting distance allows for a small number of SNP differences within each cluster, which is

expected as new mutations begin to occur on haplotypes that are increasing in frequency

under positive selection. I used the complete linkage clustering method to generate the

dendrogram and clusters reported here, but I repeated the analysis using the single and

average linkage methods, finding highly concordant results.

To investigate whether recombination events within the Vgsc gene might have affected

the clustering of haplotypes carrying resistance alleles, I performed an additional analysis

using data from regions flanking the gene. I repeated the clustering analysis separately

on non-overlapping windows upstream and downstream of the Vgsc gene, using the same
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window size (1,718 SNPs) as used for the clustering analysis within the gene. I then

compared the resulting haplotype clusters by computing the set intersection between all

pairs of clusters across all pairs of windows. If recombination events happened, this would

affect the haplotype clustering in some windows but not others, causing some discordance

between clustering in adjacent windows. In the window immediately upstream of the

gene I found clusters with at least 93% intersection with the clusters identified within the

gene, except for clusters S4 and S5 which merged into a single cluster. In the window

immediately downstream of the gene I found clusters with at least 93% intersection, again

except for S4 and S5 which merged into a single cluster, and except for F1 which split

into a major cluster carrying 402/465 (86%) of the F1 cluster and a minor cluster carrying

60/465 haplotypes. The most parsimonious explanation for the S4/S5 clustering together

on both flanks of the gene is that these are both derived from the same haplotype, but

experienced a gene conversion or sequence of crossover events within the Vgsc gene to bring

some portion of a different haplotype into the original genetic background. The region of

differentiation between S4 and S5 is limited to a 13 kb region upstream of codon 995, and

these two clusters share haplotype homozygosity spanning codon 995.

To confirm evidence of resistance allele gene flow between populations, I performed

a between-population analysis of haplotype homozygosity, implemented via a custom

Python script. Briefly, this analysis extracts haplotypes from each of two populations in

moving windows of 2000 SNPs across chromosome arm 2L, and computes the fraction of

haplotype pairs that are identical (haplotype homozygosity), considering only pairs with

one haplotype from each population. A value of 0 indicates no haplotype pairs are identical

between populations, and a value of 1 indicates all haplotype pairs are identical between

populations.

Positive selection

Core haplotypes were defined on a 6,078 bp region spanning Vgsc codon 995, from chromo-

some arm 2L position 2,420,443 and ending at position 2,426,521. This region was chosen

as it was the smallest region sufficient to differentiate between the ten haplotype clusters
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carrying either of the known resistance alleles L1014F or L1014S. Extended haplotype

homozygosity (EHH) was computed for all core haplotypes as described in Sabeti et al.

(2002) using scikit-allel version 1.1.9, excluding non-synonymous and singleton SNPs.

Decision tree analyses

To explore the feasibility of identifying a small subset of SNPs that would be sufficient to

identify each of the genetic backgrounds carrying known or putative resistance alleles, I

started with an input data set of all SNPs within the Vgsc gene or in the flanking regions

20 kbp upstream and downstream of the gene. Each of the 1530 haplotypes in the Ag1000G

phase 1 cohort was labelled according to which core haplotype it carried, combining all core

haplotypes not carrying known or putative resistance alleles together as a single "wild-type"

group. Decision tree classifiers were then constructed using scikit-learn version 0.19.0 for

a range of maximum depths, repeating the tree construction process 10 times for each

maximum depth with a different initial random state. The classification accuracy of each

tree was evaluated using stratified 10-fold cross-validation.
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Figure 6.5. Accessibility of the Vgsc gene. Upper plot shows coverage traces for all individuals in the Ag1000G phase 1 cohort, coloured by population,
normalised by genome-wide coverage. Schematic below shows locations of Vgsc gene exons (black) and different classes of repetitive or low complexity
sequences. Tracks at the bottom show plots of various genome accessibility metrics.
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Figure 6.6. Alternative transcripts for the Vgsc gene, inferred from cDNA sequences reported by Davies et al. (2007).
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Figure 6.7. Chromosome-wide scans for between-population haplotype homozygosity (HH). Each
track plots the fraction of between-population haplotype pairs that are identical within moving
windows of 2,000 SNPs. A value of 1 indicates all haplotype pairs are identical. A value of 0
indicates no haplotype pairs are identical.

180



References

F1 F2 F3 F4 F5 S1 S2 S3 S4 S5 L1 L2 wt1 wt2 wt3 wt4 wt5
Core haplotype

0.0

0.5

1.0

1.5

2.0

Sh
ar

ed
 h

ap
lo

ty
pe

 le
ng

th
 (c

M
)

Figure 6.8. Analysis of shared haplotype lengths. Each bar shows the distribution of shared
haplotype lengths between all pairs of haplotypes with the same core haplotype. For each pair
of haplotypes, the shared haplotype length was computed as the region extending upstream and
downstream from the core locus (Vgsc codon 995) over which haplotypes are identical at all
non-singleton variants. The Vgsc gene sits on the border of pericentromeric heterochromatin and
euchromatin, and I assumed different recombination rates in upstream and downstream regions.
The shared haplotype length is expressed in centiMorgans (cM) assuming a constant recombination
rate of 2.0 cM/Mb on the downstream (euchromatin) flank and 0.6 cM/Mb on the upstream
(heterochromatin) flank. Bars show the inter-quartile range, fliers show the 5 − 95th percentiles,
horizontal black line shows the median, notch in bar shows the 95% bootstrap confidence interval
for the median. Haplotypes F1–5 each carry the L995F resistance allele. Haplotypes S1–5 each
carry the L995S resistance allele. Haplotype L1 carries the I1527T allele. Haplotype L2 carries the
M490I allele. Wild-type (wt) haplotypes do not carry any known or putative resistance alleles.
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7 Discussion: Towards genomic surveillance

systems for malaria vectors

Genomic surveillance in the time of a pandemic

As of Saturday 19 December 2020, the county of Berkshire in which I live has been placed

under Tier 4 COVID-19 restrictions, alongside counties across the South and East of

England. These new restrictions have been imposed in an effort to limit the spread of

the newly discovered SARS-CoV-2 lineage B.1.1.7, which carries an unusual number of

mutations in the spike protein, and appears to be out-competing other virus strains because

of increased transmissibility (Rambaut et al., 2020; Davies et al., 2020). International

borders have closed, people have been cut off from friends and family days before Christmas,

and further restrictions seem inevitable given rising cases and hospital admissions in many

areas. At the same time, another unusual SARS-CoV-2 lineage 501Y.V2 has been discovered

in South Africa, which is phylogenetically unrelated to B.1.1.7 but shares a common N501Y

mutation in the receptor binding domain of the spike protein, and also carries an unusually

high number of other mutations within the spike protein (Tegally et al., 2020). The full

implications of these discoveries have yet to unfold, but they have demonstrated beyond

question the value of genomic surveillance systems, which were established in the UK and

South Africa early in the COVID-19 pandemic (The COVID-19 Genomics UK (COG-UK)

consortium, 2020a; Msomi et al., 2020). These surveillance systems have been regularly

sequencing a subset of viral samples from infected individuals, sharing data openly with

scientists both nationally and internationally. The UK currently leads the world in the

scale of its genomic surveillance operation, having sequenced 137,540 SARS-CoV-2 genomes
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up to 12th December (The COVID-19 Genomics UK (COG-UK) consortium, 2020b).

Although the SARS-CoV-2 virus and Anopheles mosquitoes are fundamentally different

forms of life, they share in common the fact that they are both experiencing new selective

forces, which are driving their evolution in a way that has major consequences for human

health. In the case of SARS-CoV-2, passage from an animal reservoir to human hosts has

created a selective pressure to adapt infection pathways and immune evasion mechanisms

to their new host’s biology. In the case of malaria vectors, our efforts to eradicate malaria

in sub-Saharan Africa through large-scale vector control programmes have created a strong

selective pressure to evolve insecticide resistance. However, unlike SARS-CoV-2, we do not

have genomic surveillance systems in place for malaria vectors. This means that, as new

forms of insecticide resistance emerge and spread within malaria vector populations, we

have no means to detect these events, nor to design and coordinate any kind of effective

response or mitigation.

Next-generation malaria vector control needs next-generation

surveillance

Sequencing the genomes of Anopheles mosquitoes from the field and accurately detecting

genetic variation presents a number of challenges. In contrast to pathogens like SARS-

CoV-2, the Anopheles genome is orders of magnitude larger and has greater complexity. In

contrast to human populations where large-scale genome sequencing efforts have also been

undertaken, Anopheles mosquito populations are an order of magnitude more genetically

diverse. In this thesis I have shown that these challenges can be addressed, and that it is

possible to robustly call nucleotide variation using Illumina whole-genome sequencing of An.

gambiae and An. coluzzii mosquitoes collected from natural populations, discovering more

than 52 million single nucleotide polymorphisms in these species. I have used these data

to confirm that malaria vectors are among the most genetically diverse species on Earth.

Much of this variation is shared between species and geographically distant populations,

but there is also population structure, with both the equatorial rainforest and the East
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African Rift appearing to play a major role in partitioning populations within both species.

There are strong signals of recent selection in most of the mosquito populations sampled,

affecting multiple insecticide resistance genes, and leading us towards new loci that may

harbour novel forms of insecticide resistance or other adaptations to malaria vector control

interventions. In spite of population structure, alleles conferring resistance to pyrethroid

insecticides have found a way to spread between species and across large geographical

distances, revealing hidden connections between mosquito populations, and demonstrating

that managing insecticide resistance cannot be a local concern but will require international

coordination.

The work described in this thesis was carried out in the context of the Anopheles gambiae

1000 Genomes Project, which is laying the foundations for a new genomic approach to

malaria vector surveillance. It comes at a time when malaria vector control undergoing its

most significant change in 20 years. In an attempt to mitigate the impact of pyrethroid

resistance, malaria control programmes have begun using and rotating “next-generation”

indoor residual spraying (IRS) formulations, which use the organophosphate pyrimiphos

methyl and the neonicotinoid clothianidin (Oxborough et al., 2014; Oxborough et al., 2019;

WHO, 2019). “Next-generation” long-lasting insecticidal bednets (LLINs) incorporating

the synergist piperonyl butoxide (PBO) have been shown to be effective, and large scale

procurements are planned in multiple countries (Protopopoff et al., 2018; Staedke et

al., 2020). Other next-generation LLIN products combining a pyrethroid with a second

insecticide are also approved and will surely be deployed at scale (Bayili et al., 2017;

Tiono et al., 2018). Malaria vectors are thus beginning to experience a variety of new

selective pressures as they encounter these new insecticides and synergists. We know from

experiences of the first global malaria eradication campaign of the 1950s, and of the Roll

Back Malaria campaign of the last two decades, that the clock is now ticking, and an

evolutionary response will follow (Elliott and Ramakrishna, 1956; Hancock et al., 2020).

Now, more than ever, we need a next-generation of surveillance systems for malaria vectors,

so that we can observe new evolutionary events as they occur, and can change course early,

rather than waiting until resistance is entrenched, and the efficacy of these new control
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tools is irreversibly undermined.

A roadmap for malaria vector genomic surveillance systems

What, then, is the roadmap for translation of genome sequencing technologies into oper-

ational malaria vector surveillance systems? A comprehensive answer to that question

is beyond the scope of this thesis, but I would like to highlight the following necessary

elements.

Expanded genome variation data resources

First and foremost, we need to expand our knowledge of genetic variation within natural

populations of all the major malaria vector species in sub-Saharan Africa. The first phase

of the Ag1000G project sequenced An. gambiae and An. coluzzii mosquitoes from eight

countries, but representation of An. coluzzii was limited to only two countries, and there

was no representation of An. arabiensis, the third major vector species in the Anopheles

gambiae complex. The second phase of the Ag1000G project is now nearing completion,

and has increased sampling to 1,142 mosquitoes from 13 countries, including An. coluzzii

from five countries (The Anopheles gambiae 1000 Genomes Consortium, 2020). The third

phase of the Ag1000G project is in progress, and will shortly release nucleotide variation

data for 2,784 wild-caught mosquitoes from 18 countries, including An. arabiensis from four

countries. Beyond the Anopheles gambiae complex, An. funestus is also a major malaria

vector in many parts of Africa. Studies have begun surveying natural genetic variation

in this species, and have found several novel insecticide resistance adaptations that are

increasing in frequency and spreading geographically (Weedall et al., 2020). A new project

has been established within MalariaGEN to survey genetic variation in An. funestus and

is sequencing mosquitoes from a broad geographical range, expecting to release data in the

next year.

In this thesis I have investigated single nucleotide polymorphisms, but we also need to

expand our data resources to include other types of genetic variation. In particular, copy

number variation (CNV) has long been suspected to play a major role in the evolution of
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insecticide resistance (Devonshire and Field, 1991; Hemingway et al., 1998; Bass and Field,

2011). In the second phase of the Ag1000G project we have expanded our analysis to include

CNVs, finding CNV hotspots at several loci containing genes involved in metabolic resistance

to insecticides (Lucas et al., 2019). Short insertion/deletion (indel) polymorphisms are

also likely to be abundant in Anopheles genomes and could have important functional

consequences (Montgomery et al., 2013). Indels could also be valuable markers of recent

evolutionary and demographic events, given their higher mutation rates (Redmond et al.,

2018). Unfortunately, indels remain difficult to discover and genotype with accuracy, and

further work is needed to improve indel calling and filtering methods for Anopheles.

Contemporary time series

Second, we need to bring these genomic data resources up to date, by sequencing mosquitoes

collected within the last year, and by establishing partnerships in order to regularly collect

and sequence mosquitoes from sentinel sites. By establishing a time series of genomic data

from multiple locations, we would gain the ability to observe significant changes as they

occur, and to provide early warning of new evolutionary events of public health relevance,

such as the emergence of a new form of insecticide resistance. We would also be able to

learn more about the dynamics of malaria vector populations, including both annual and

seasonal fluctuations in population size due to natural environmental factors, as well as

the demographic impact of vector control interventions. Such data could help us learn

more about which vector control interventions are more effective, and work towards better

estimates of contemporary effective population size (Hui and Burt, 2015). It could also help

to resolve fundamental behavioural questions such as whether some mosquitoes undergo

aestivation (Dao et al., 2014) or intentional wind-assisted long-distance migration (Huestis

et al., 2019). These questions are not only of academic interest, but are central to the

planning of future vector control programmes using gene drives (North et al., 2019).
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Optimised and standardised protocols for a faster response

Third, we need to substantially reduce the time taken to go from mosquito collection to

genomic insights, so that information can be delivered in a timely manner. Returning

to the COVID-19 analogy, the preliminary report on the B.1.1.7 lineage was published

on 18th December 2020, and draws on sequence data from samples collected up to 30th

November (Rambaut et al., 2020). In comparison, if a new form of insecticide resistance

was spreading in malaria vector populations, we would not currently be able to match

anything like this turnaround time of less than three weeks from samples collection to

analysed sequence data. There are bottlenecks at all stages of the process, including

study approval, sample collection, sample shipping, DNA extraction, library preparation,

whole-genome sequencing, variant calling, data curation, and analysis. In particular, many

aspects of population-genomic data analysis remain something of an art for non-model

species like Anopheles mosquitoes that are sexually recombining with large and diverse

genomes, requiring specialised training and time to set up and perform correctly. We need

to establish standardised analytical protocols and well-engineered supporting software tools

for a core suite of malaria vector genomic surveillance analyses, such as scans for genes

under selection, or analyses of insecticide resistance outbreaks. The work I have done

to develop robust and performant analytical software packages like scikit-allel1 for the

scientific Python ecosystem is a small step in this direction, but there is much more to do.

Decentralised sequencing and analytical capacity

Fourth, the need for increased geographical and temporal coverage, and for faster turnaround

times from samples to data, means that sequencing and analytical capabilities need to be

decentralised and developed within multiple public health laboratories and institutions,

particularly those on the African continent. This need is now widely recognised, and efforts

to develop these capabilities have been accelerated by the COVID-19 pandemic, which

will hopefully benefit other diseases as well. In October 2020, The Africa Centres for

Disease Control and Prevention (CDC) received a $100 million investment for pathogen

1https://github.com/cggh/scikit-allel

192

https://github.com/cggh/scikit-allel


A roadmap for malaria vector genomic surveillance systems

genomics research and development, through the Africa Pathogen Genomics Initiative

(PGI) (Makoni, 2020). This initiative will support the development of next-generation

sequencing capability in multiple public health laboratories, and will hopefully trigger

further investments from both domestic and international funders.

A key question is whether pathogen genomics initiatives can be expanded to include

capacity for malaria vector sequencing. A particular challenge for malaria vectors relative

to pathogens is the size of the genome. Whole-genome sequencing (WGS) of malaria

vectors has the potential to reveal a wealth of new insights, as demonstrated by this

thesis, and could serve as a valuable surveillance tool because genes and variants of public

health relevance do not need to be known a priori. However, performing WGS at high

throughput and low cost requires additional up-front investment in infrastructure and

personnel, which may be hard to achieve in the near term outside of specialised sequencing

centres. Targeted sequencing of amplicons in known insecticide resistance genes could offer

a viable alternative, which is more amenable to implementation within a decentralised lab

network. I have shown that tracking of important insecticide resistance variants can be

done with a relatively small number of markers, demonstrating the potential value of this

approach. Some WGS will still be required, however, to discover new genes and variants of

concern, and the challenge will be to design, validate and deploy new assays with sufficient

speed to track new events.

In addition to lab capacity, bioinformatics and data analysis capacity is also a critical

resource. Initiatives such as H3ABioNet (Kumuthini et al., 2019), providing general

bioinformatics support and capacity development for genomics, are essential. These need to

be expanded to include analytical capacity for genomic epidemiology of disease pathogens

and vectors.

Data sharing and cooperation

Fifth, as multiple sequencing centres come online and begin generating genomic surveillance

data, networks will be needed to coordinate these efforts and to integrate the data in

order to provide a coherent transnational view. The Ag1000G project was carried out
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within the context of MalariaGEN, a data-sharing network intended to provide an equitable

framework for multi-institution collaboration on large-scale genomic epidemiology studies.

MalariaGEN, H3Africa and others have demonstrated the potential for international

cooperation in genomics (Mulder et al., 2018). A key challenge when establishing genomic

surveillance networks is to find a balance between the needs of surveillance and academic

research. Effective surveillance requires data to be shared quickly and openly in order

to coordinate a rapid response to emerging threats. Academic research also benefits

from open data, but requires attribution and protection for those who generate data

and wish to publish deeper analyses in peer-reviewed journals. In emerging situations,

the line between surveillance and research can become blurred, and clear policies on

data sharing and publication are needed. Statements on data sharing in public health

emergencies by Wellcome and WHO are positive developments and will hopefully provide

a platform to establish appropriate data sharing frameworks for malaria vector genomic

surveillance (WHO, 2015; Dye et al., 2016; Wellcome, 2016; Wellcome, 2020).

Further technology and analytical methods development

A key insight from this thesis, and from the broader programme of work carried out by the

Ag1000G project, is that current genome sequencing technology and analytical methods are

mature and ready for translation into operational genomic surveillance systems for malaria

vectors. In other words, implementation of malaria vector genomic surveillance systems

should not wait for further research and development. Nevertheless, further development

of both sequencing technology and analytical methods could enhance the capabilities

of genomic surveillance systems in several ways. There are many avenues for potential

development, but I would like to highlight two areas in particular.

Sequencing technology itself is still a rapidly developing field, with long-read sequencing

technologies from Pacific Biosciences and Oxford NanoPore reaching maturity and demon-

strating the capability to sequence DNA from smaller organisms such as mosquitoes (Kingan

et al., 2019; Ghurye et al., 2019; Zamyatin et al., 2020). Although long-read sequencing

is currently being applied primarily for the construction of improved reference genomes,
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as costs fall it will also become applicable to population-scale sequencing and analysis

of natural genome variation. At that point it could become a valuable surveillance tool,

because it will allow for much improved discovery and genotyping of structural variation,

which we know plays a major role in insecticide resistance (Lucas et al., 2019). There are

also new sequencing technologies based on high-throughput Illumina short read sequencing

but using linked-reads to allow reconstruction of long-range haplotypes (Mostovoy et al.,

2016). Accurate haplotypes are beneficial for surveillance because they increase power to

perform a variety of demographic and evolutionary inferences, including identifying genes

under recent selection, and investigating the origins and spread of insecticide resistance

outbreaks. In both cases, they key to making these sequencing technologies accessible

for malaria vector surveillance will be to reduce costs sufficiently to allow sequencing of

samples at an informative spatial and temporal scale.

On the analytical side, based on my experience of working on the Ag1000G project, my

impression is that the field of population genomics is still young, and there is much room for

improvement in the available statistical and machine learning methods for demographic and

evolutionary inference. In some ways, genomic surveillance of infectious disease pathogens

and vectors shares something in common with the field of conservation genetics, because

important decisions may be influenced by analyses of genomic data, and therefore inferences

must be robust (McMahon et al., 2014; Supple and Shapiro, 2018). A particular area

for development is the analysis of the emergence and spread of new insecticide resistance

variants. Here there are strong parallels with the analysis of outbreaks of an infectious

pathogen, and many of the questions we might like to ask are common, such as where

and when did the outbreak begin, are there multiple simultaneous outbreaks occurring,

where and how are outbreaks spreading between different locations, and are some variants

spreading more rapidly than others. In the case of pathogen outbreak investigation,

analytical methods based on phylogenetic inference are reasonably well-developed (De

Maio et al., 2015; Grubaugh et al., 2018). Standard phylogenetic methods cannot be

applied directly to insecticide resistance outbreaks, however, because Anopheles mosquitoes

are sexually recombining, and thus there is no single phylogeny for any given pair of
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haplotypes, rather there is a sequence of phylogenies that varies along the genome. In

my analysis of the Vgsc gene in Chapter 6, I used relatively simple heuristic methods

based on fixed genomic windows to show that there is a clear structuring among the

haplotypes carrying pyrethroid resistance alleles, and that resistance is spreading between

countries and species. Developing these analyses further to answer other questions, such

the origins, timing and direction of spread of resistance variants, will require methods

that can infer a phylogeny accurately at a specific locus of interest within a recombining

genome, such as an insecticide resistance variant. Several new methods have recently been

developed in this direction (Kelleher et al., 2019; Speidel et al., 2019). In particular, it

may be valuable to leverage information about recombination when inferring phylogenies,

because recombination events may provide greater resolution to resolve recent genealogical

relationships, whereas mutations may take longer to accumulate (Albers and McVean,

2020; Mathieson and McVean, 2014). To build a coherent statistical framework for the

investigation of insecticide resistance outbreaks, a synthesis is required that brings together

inference methods from phylogeography and phylodynamics and applies them to genealogies

inferred at a recombining insecticide resistance locus.

Investment in entomological surveillance capacity

As noted in the introduction, current malaria vector surveillance programmes are not suffi-

ciently resourced, and there is a lack of trained personnel and facilities (Russell et al., 2020).

No amount of technological innovation can compensate for this. Molecular surveillance

methods cannot stand by themselves, but rather add value to and complement existing

entomological surveillance activities, which collect and publish data on the bionomics and

phenotype of malaria vectors and other relevant variables such as intervention coverage.

Significant investment is thus essential to develop a strong foundation of entomological

surveillance capability. It is also increasingly important to standardise surveillance methods.

Standardisation is particularly important for the measurement of insecticide resistance

phenotypes, and especially for new insecticides and synergists, where rapid confirmation

of any genetic signatures of emerging resistance will be needed. Finally, we will need an
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improved capability to make predictions about operational outcomes based on surveillance

data, with sufficient confidence to justify changes in vector control policy. This is a complex

challenge and an important area for further research and policy development (Churcher

et al., 2016; Sherrard-Smith et al., 2018; South and Hastings, 2018; Lines, 2019), explored

further below.

Bridging the gap from surveillance to impact

I would like to conclude by briefly discussing the broader context, and some of the other

challenges that will need to be addressed before genomic surveillance systems for malaria

vectors could contribute to achieving a real impact on improved public health. In the

emerging field of genomic surveillance, the term “actionable information” is often used to

articulate the idea that genomic data should generate insights that policy-makers and public

health agencies can act on. However, in general, genomic data will only become actionable

when integrated with many other sources of data, via mathematical or computational

models that predict the outcome of a given course of action with sufficient accuracy. To

restate, making informed decisions requires (1) multiple data streams, and (2) models to

make predictions from data.

To illustrate this point, consider again the example of the novel SARS-CoV-2 lineage

B.1.1.7. This lineage was detected via genomic surveillance, which showed that it carried

an unusual number of mutations in functionally-relevant genomic locations, and also

showed that it appeared to be replacing other lineages, suggesting it carried a selective

advantage (Rambaut et al., 2020). However, the genomic data did not tell us why the

lineage was expanding, or whether new public health measures would be required. Providing

answers to these questions requires fitting mathematical transmission models to other data

including hospital admissions, hospital and ICU bed occupancy, deaths, PCR prevalence

and seroprevalence, in addition to genetic data on strain frequency (Davies et al., 2020).

Deciding an appropriate course of action then requires consideration of many other factors,

including logistics, economics, political and social impact, etc.

Adapting this example to malaria vectors, consider the scenario where a next-generation
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PBO LLIN product is deployed at scale in a particular country. Now assume that a new

genetic variant emerges in a major malaria vector species which restores full pyrethroid

resistance by somehow subverting the action of the PBO synergist or utilising a different

mechanism of resistance. Genomic surveillance would detect this variant, because it would

rise rapidly in frequency and begin spreading to multiple locations. However, these data

would not tell us to what extent the efficacy of the new LLINs was reduced due to the

new variant, nor what effect this would have on disease prevalence. To do that, genetic

data would need to be integrated with data from insecticide resistance bioassays and other

entomological variables, in addition to any and all available epidemiological data. Even

then, no fully developed models exist for predicting efficacy from these data, and some

form of experimental trials would be needed to link genotype to phenotype in order to

parameterize models. Finally, given the long lead times for LLIN procurement, it remains

questionable whether sufficient evidence could be generated in time for an effective course

correction to be made.

Consider also a scenario where a country has an IRS programme targeting regions of

high transmission, which is rotating annually between three next-generation IRS products.

The efficacy of IRS rotation relies on the management of resistance allele frequencies,

where each insecticide is used for a period of time that allows resistance alleles to the

other insecticides to fall but does not allow resistance alleles to the insecticide in use

to reach fixation. Genomic surveillance could track the frequencies of all known alleles

conferring resistance to the insecticides used in the rotation, and provide information

regarding whether any alleles have reached fixation. Observing fixation of a resistance

allele would indicate in theory that a particular insecticide should be removed from the

rotation, and might also suggest that the duration of the rotation should be altered.

However, insecticide resistance in malaria vectors is polygenic, and so observing fixation

of one resistance allele might not justify removing an entire product from use if other

resistance alleles remain at lower frequencies, and the product remains effective. Thus,

data on changes in efficacy in response to genetic changes would also be needed to reach

an informed decision. Determining whether the rotation strategy was well-designed would
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also require modelling of multiple alleles, which would require estimation of parameters

such as selection coefficients. Furthermore, financial constraints might limit choices, or

there may simply not be any other suitable products available to fill a gap in the rotation.

Improving malaria vector control through improved surveillance is thus a multifaceted

challenge, where genome sequencing can play an important role, but where a holistic

approach is needed. The entomologist Peter Mattingly wrote in 1963, during the first

global malaria eradication campaign:

“Every eradication campaign is, at all stages, a piece of operational research

and our ignorance is such that we must be prepared in all cases to learn as we go

along. The usefulness of the entomologist in the final phases of an eradication

campaign must largely depend on the amount they have been able to learn

during the preceding phases and the extent to which they have been willing

and able to peer ahead into the future.”

Despite the passage of nearly sixty years, these words remain relevant today. They

remind us that the value of new technologies such as genome sequencing resides in their

ability to confront us anew with our own ignorance, and to help us learn as we act in this

next phase of the journey towards a world without malaria.
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