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Abstract

Background: More than century, malaria is qualified as a mortal infectious disease, worldwide

causing high morbidity and mortality. The World Health Organization (WHO) has shown that,

Distribution of Malaria in Africa takes a major part, it’s accounting for 95% (about 229 million)

and 67% (about 274000) of reported cases and death respectively. One of solutions for reducing

this threat is to find drugs or to develop vaccines which can resist and adapt to populations.

Unfortunately, despite several efforts, malaria parasites are still developing resistance to the

frontline antimalarials.

Objectives: Our aim in this project is to conduct a systematic Meta-analysis and various functional

analysis across three study populations in Africa ( Kenya, Malawi and Gambia ).

Method and Materials: Our first analysis is directed to the Genome Wide Association Study

(GWAS) of three study populations (Kenya, Malawi and Gambia) using the Emmax tool to

identify the genetic variants associated with severe malaria. We then conducted GWAS based

meta-analysis on the summary statistics from the three studies using Metasoft and Metal. Further,

we implemented Functional GWAS (FGWAS) to re-weight the GWAS meta-analysis using func-

tional genomic information software (fgwas-tool). Using results from fgwas-tool, we performed

biological interpretation using Functional Mapping (FUMA) tool. We mapped the significant SNPs

to the genes, and elucidated their functions and their associated cell types. We then performed

pathway analysis and enrichment analysis of the genes using Genemania and Enrichr.

Additionally, we performed a polygenic risk score for individuals in each study population using

PRSice, and evaluated the level of risk exposure for each individual based on the best predictive

threshold. Finally, we filtered the rare variants from each study, and performed SKAT analysis to

aggregate the effect of the rare variants

Results: We identified 29 significant SNPs (14 replicates and 15 novels) reweighted from FGWAS

2
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based on GWAS Meta-Analysis. The SNPs mapped to 15 genes (HBB, HBD, ATP2B4, ABO, CBLB,

EYA2, HERPUDI, IQCJ, MPP7, NAVI, NUP210, SAMD5 , TCERG1L ,TMEM229B, C4orf19) at gene

level. Five of these genes (HBB, HBD, ATP2B4, ABO, CBLB) had been reported by different studies

to be associated with malaria. In the PRS analysis we have shown the best prediction based on the

best threshold estimated of each population. We found best-fit prediction best-fit PRS for Gambia

is 0.00443458 at PT = 0.00165005, for Kenya is 8.4666e-158 at PT= 1 and for Malawi is 1.5151e-55 at

PT = 1 predict the risk of an infectious disease like severe malaria. However, the prediction rate is

very low and may fail to distinguish the cases from the controls.

Conclusion: The functional analysis based on fgwas result have shown that 5 genes (ATP2B4, ABO,

HBD, HBB, CBLB) are highly associated to malaria across these 3 studies populations (Gambia,

Malawi and Kenya) and 10 candidate novel genes, including high number of mutations in the

gene C4orf19 which will constitute one of the future major studies. Also, we have shown the best

prediction based on the best threshold estimated of each population. The results have shown that

the prediction rate is very low and may fail to distinguish the cases from the controls.
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Chapter 1

INTRODUCTION

1.1 Historical and Overview

More than a century, malaria has been qualified as a mortal infectious diseases , the major factor

leading to the causality of this disease is the infection of protozoan parasites including the genus

Plasmodium. In 1880, the parasite in the blood of malaria patients was discovered by Alphonse

Laveran, hence the study of malaria became clear and relevant [6]. While, in 1897 the birds infected

by Plasmodium relictum and the cycle of transmission in culicine mosquitoes were elucidated by

Ronald Ross [7].

In 1898, researchers such as Giovanni Battista Grassi and other malarialogists discovered that

mosquitoes (especially Anophelines) can be vectors of human malaria [8]. In 1948, Cyril Garnam

and Henry Shortt showed that the malaria parasite is initially developed in the liver and finally

enters the bloodstream [9]. However, Wojciech Krotoski has shown that the last stage of life

cycle is the dormant stages in the liver [10]. The wide spread and damages of malaria are

claimed as a serious global health attack. More than a million of human lives are exposed to

malaria [11]. According to the World Health Organization(WHO), the african region represents

the largest part of malaria cases in the world. Recent statistics (2019) estimated 229 million cases

of malaria worldwide, where 94% of malaria cases and deaths in Africa. Therefore, malaria is

by far the leading cause of death in sub-Saharan African countries. Children under 5 years are

highly exposed to malaria; they accounted for 67% (274 000) for global malaria deaths, and also

malaria claims the lives of many pregnant women [12]. Due to the increasing death toll caused by

malaria,there are attempts to reduce this burden. However, malaria parasites keep on developing

resistance to the antimalaria drugs [13, 14, 15].
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To identify mutations that are responsible for drug resistance in malaria parasites, research has

proven that genetic mapping is one of the most powerful tools. Moreover, with a large number of

SNPs( single nucleotide polymorphisms) based on high throughput genotyping, a method was

developed and is available: genome wide association studies(GWASs) [16]. As stated by [16],

malaria in human beings is caused by Plasmodium parasites such as:

• Plasmodium vivax

• Plasmodium malariae

• Plasmodium knowlesi

• Plasmodium ovale

• Plasmodium falciparum

Where Plasmodium vivax and Plasmodium falciparum are the most widespread and the deadliest

respectively[17, 18, 19].

1.2 Life Cycle of Malaria Parasite

The life cycle of malaria parasites is observed in the host and Anopheles mosquitoes. Each

infection produces thousands of antigens( Proteins ) in the human immune system, which explains

its large capacity and complexity [1]. The focus of this study is based on life cycle stages.

During the life cycle of Plasmodium, Anopheles (primary host) acts as a vector by transmitting

sporozoite to secondary host (human). The transmitted sporozoite moves through blood vessels to

hepatocytes which are liver cells, where thousands of merozoites are produced asexually [20]. The

merozoite initiates a serie of asexual multiplication cycles to yield 8 to 24 new infective merozoites

resulting in cells explosion to begin a new infective cycle [20].

Immature gametocytes are developped by merozoites. During a mosquito’s bite to an infected

person, immature gametocytes in the blood mature in the mosquito’s gut and the male and female

gametocytes interact to form ookinete [21].

New sporozoites are formed from ookinete and they move to the mosquito’s salivary glands

therefore, available for a new infection [21].

Somewhere, the malaria parasite is uncommonly shared by transfusion. . We can summarize these

steps of life cycle malaria parasites on the Figure 1.1 here below.
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Figure 1.1: The life cycle of malaria parasites is presented as follows: First, sporozoites enter the bloodstream, and

migrate to the liver. They infect liver cells, where they multiply into merozoites, rupture the liver cells,

and return to the bloodstream. The merozoites infect red blood cells, where they develop into ring forms,

trophozoites and schizonts that in turn produce further merozoites. Sexual forms are also produced, which,

if taken up by a mosquito, infect the insect and continue the life cycle. "Life Cycle of the Malaria curtoisie

of "National Institutes of Health (NIH)" [1].

1.3 Genetic Susceptibility and Resistance of Malaria

1.3.1 Overview

Malaria represents a serious burden in Africa, the infected person could be asymptomatic, nor-

mally observed without complication and severe [22]. The effectiveness of malaria is influenced

by the lack of Key immune system element regulation and parasites in the small brain blood

vessels. The molecular regulatory mechanisms and cellular directing the pathogenesis of disease

are certainly, not really understood. The available knowledge is highly related to genetics. It

has been shown that genetic factors can address the clear understanding of the relevant role of

severity and outcome of the disease. Many epidemiological studies have been elucidated for

genetic control of human malaria caused by Plasmodium falciparum. The idea is to investigate the

genes associate with susceptibility or resistance to malaria, this will be a major option for the

curative treatment or vaccine [23].

The prior knowledges for host genetics susceptibility under Plasmodium falciparum malaria were

studied over decades, this brought the human genome endemic regions stratifications imposed
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by malaria parasite [24]. Many genes have been identified to malaria phenotype, and factors

leading to the severity of malaria [25]. The investigation of genetic variants associated with malaria

will result in a deeper understanding of malaria pathophysiology and in the elaboration of new

treatment [26]. Also, the understanding of environmental effects due to several endemic regions

can help to the new investigations of therapy development and management against malaria [26].

The human genetic polymorphisms play a major role for susceptibility and resistance to malaria

[27]. Familial and epidemiological studies showed that malaria protection and/or susceptibility

have substantial genetic components with estimated heritability of 25% [27]. However, only few of

these associations were replicated in different populations and several conflicting findings were

reported [28, 29, 30]. Some variants that are associated with protections in one population were

found neutral in another population. In some instances, polymorphisms that were associated

with protection against severe malaria in the initial population were found to be associated with

increased risk in the second population when replication is attempted [28]. For instance, in a

recent multi-center case-control association study conducted in Malaria endemic countries, forty

percent of the previously reported loci, failed to replicate. Even though there could be many

explanations for these inconsistencies, it is plausible to argue that the root cause is largely the

limitations of the study approaches [31].

1.3.2 Gene mutations involved in susceptibility and resistance to Plasmodium

falciparum Malaria

The different disease aetiology of Malaria is variable and unstable, this can be caused by the parasite

virulence, host genetics and environmental factors. The mutation leading severity of Plasmodium

falciparum infections take in account the phenotypes such as hyper or asymptomatic parasitaemia,

cerebral Malaria and severe Malaria anaemia [32]. Polymorphisms and gene mutations in the

human, present major benefit, also over generation their frequencies have increased due to the

natural selection, this is case of HbAS, thalassaemias, glucose-6-phosphate dehydrogenase (G6PD)

deficiency and haemoglobinopathies [33]. In the last decade, The human genome project and other

institutions have identified most common loci affected malaria susceptibility are observed directly

or indirectly by modulating immune response and interfering with host-parasite interactions

[32, 33]. The intensity of severe malaria (SM) is characterized by interaction between populations

and between individuals. Different prior discovers addressing gene mutation inherited in the

severe malaria has been reported . However, these gene mutations have been discovered to be
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erythrocytes( in Hb variants) including haemoglobin (Hb) variants, haptoglobin and Nitric Oxide

metabolism. This is the case for HbAS (sickle cell trait) known as gene responsible for protection

against severe malaria in the region highly affected by malaria due to the natural selection, this

has been known over centuries.

Many studies reveal that the catabolism of free haem in the body is due to the insufficient rate of

the enzyme haem oxygenase I, this has a major function in the pathologies like (Malaria, Sickle cell,

Haemolytic disease, ... ). Also, the co-inheritance of alpha-thalassaemia can lead the heterozygote

protection against malaria caused by absence of sickle cell. Then it’s summarized on the figure 1.1.

Table 1.1: Genetic mutations involved in susceptibility -resistance to Plasmodium falciparum Malaria, with SMA:

severe malaria anaemia; CM: cerebral Malaria; Hb: Haemoglobin; HbAS: Haemoglobin AS or sickle cell

trait; G6PD: glucose-6-phosphate dehydrogenase; SM: Severe Malaria, UM : Uncomplicated Malaria

Gene (Symbol) Phenotype Proposed protective mecha-

nisms

References

Haemoglobin-

C(HbC)

UM and SM Decreased cyto-adherence of ery-

throcytes that are infected

[34]

Haemoglobin E

(HbE)

SM parasitaemia Reduction of invasion of ery-

throcytes by merozoites, de-

creased development of intra-

erythrocytic parasites and in-

creased phagocytosis of infected

erythrocytes

[35]

Haemoglobin S

(HbS)

UM and SM Selective sicking of erythrocytes

with the infected sickle trait

contributes to improved spleen

clearance. Reduced invasion of

erythrocytes, early phagocytosis

and suppressed development of

parasites in venous micro vessels

under oxygen tension. Innate

and acquired immune enhance-

ment

[36]
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α −

thalassaemia(α −

thal)

SM and SMA Decreased reset. The increased

number of micro-erythrocytes in

homozygotes lowers the amount

of haemoglobin lost due to

the density of the parasite,

thereby defending against ex-

treme anaemia.

[37]

β −

thalassaemia(β −

thal)

SM [38]

Glucose-6-

Phosphate de-

hydrogenase

(G6PD)

UM and SM The increased susceptibility to

oxidant stress of the G6PD defi-

cient erythrocyte triggers its de-

fense against parasitization

[39]

Pyruvate kinase

(PKLR)

parasitaemia Erythrocyte invasion defect and

ring-stage-infected erythrocyte

preferential macrophage clear-

ance.

[40]

Ovalocytosis

(SLC4A1)

SM and CM Inhibition of the entrance of

merozoites into the red cell, in-

hibition of development of the

intracellular parasite and preven-

tion of erythrocyte lysis that oc-

curs with maturation of the par-

asite, resulting in the release of

merozoites into the bloodstream

[41]

Elliptocytosis SM [35]
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Glycophorins A (

GYPABC )

SM [42]

Blood

Groups(ABO)

SM Reduced Plasmodium falciparum

rosetting

[43]

Haptoglobin (HP) SM In HP polymorphic individuals,

oxidative damage to uninfected

cells can be more marked as HP

proteins bind less effectively to

Hb, increasing premature ery-

throcyte degradation and pro-

moting the release of cytokines

by these circulating cells

[44]

Nitric oxide syn-

thase 2 (NOS2)

SM The enhanced development of

NO induces Th1 cytokines that

activate macrophages and may

therefore be a mechanism of anti-

malarial resistance.

[45]

haem oxygenase I

(HO-1)

CM Free haem is produced in the

blood stream

[46]

1.4 Main Concepts in Genetic Variation

1.4.1 Mutations

DNA sequence is in permanent alteration, we define the mutations in the DNA as modification,

variation or change of single or several basis. This can have some advantages and disadvan-

tages into the organism (have effect or not effect ) ( https://www.ebi.ac.uk/training/online/

course/), illustration in Figure1.2 . The Mutation is limited for modifying the allele frequencies,

but able to improve the new alleles in population genetics. This leads to genetic drift, population

bottleneck, founder effect, etc ...
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Figure 1.2: This illustres the Mutation during the cellular division

http://evolution.berkeley.edu/evolibrary/article/evo_20

1.4.2 Genetic Distance ( Fst )

Population genetics provide several information about different layers of populations, this last may

be due to population ancestry or the different mutations occurring over time. Genetic distance is

defined as a metric explaining the difference between species or populations, maybe the distance

measures time from the same ancestry or degree of differentiation [47].

We can illustrate this definition by Figure 1.3 , evidence from genetic distance between euro-

pean populations based on their ancestors.

Figure 1.3: This illustrate Genetic distance between european population, the European genetic structure (based on

273,464 SNPs). Three levels of structure as revealed by PC analysis are shown. https: // www. reddit.

com/ genetic_ distance

The general insight of the origin of biodiversity can be explained by Genetic distance( for

example breeds of domesticated animals ).
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Let define X,Y two randomly mating diploids populations (with segregation of multiple al-

leles at locus). We consider fi ( resp. gi) a frequency of ith alleles in X ( resp. Y), also we define the

identity probability to choose two genes randomly jX = ∑i fi
2 ( resp. jY = ∑i gi

2) in population X

(resp. Y), also the probability of a gene identity from X and Y is jXY = ∑i figi

If there is no selection and each allele came from a single mutation in an ancestral genera-

tion, then the expected values of jX and jY are equal to the Coefficient of Wright in inbreeding of

X and Y [48], also jXY is defined as a coefficient of Malecot of the Kinship [49].

So, We can normalise identity of genes between X and Y to this locus by:

Ij =
jXY√
jX jY

(1.1)

Ij =

1, for X, Y having the same alleles identical frequencies

0, if no common alleles

Thus, we can normalize the genes of identical genes from X,Y with respect all loci by :

I =
MXY√
MX MY

(1.2)

with MX =
1
n ∑ jX , MY =

1
n ∑ jY and MXY =

1
n ∑ jX jY, given n loci studied.

By theory, it is easy to find the arithmetic mean of IJ rather than equation 1.2 , but the ex-

planation genetic of the arithmetic mean remains a challenge despite the closeness of numerical

values of these two quantities. Therefore we define genetic distance of X and Y by:

D = ln(
1
I
) (1.3)

The equation 1.3, can make sense if for all loci the rate of gene substitution remains the same per

locus. But in case of different rates for all loci, D underestimates the number of gene substitutions

per locus. When the rate of substitution for genes varies with locus and all Ij are large. Therefore,

we calculate the genetic distance by the geometrical mean [50], given by:

G =
1
n

n

∑
j=1

hj (1.4)

where hj is the value of −ln(Ij) in jth locus , and n represent the number of loci studied.
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From 1.2, The minimum genetic difference will be given by :

Dm =
(MX + MY)

2
−MXY (1.5)

If Ij = 0, D is estimated by :

D = 2αt (1.6)

with α is the rate of gene substitution per locus per year and t number of the years.

1.4.3 Fixation Index (FST)

We define Fixation Index as a measure of difference in the population caused by genetic structure.

It’s based on SNP estimation. It is given by :

FST =
σS

2

p̄ ∗ (1− p̄)
(1.7)

p̄ = The average frequency of an allele in the global population.

σS
2 = The Variance two allele frequencies of allele between two subpopulations weighted by sizes

of populations. Also we express FST by [51] :

FST =
p̄(1− p̄)−∑i ai pi(1− pi)

p̄(1− p̄)
(1.8)

ai = Relative size of the ith population.

pi = Allele frequency of ith population

1.4.4 Single Nucleotide Polymorphism (SNP)

SNP is a genetic variation of length 1 ( 1 base ), Figure 3 is an example of SNP 1.4.

Figure 1.4: Represent Single Nucleotide Polymorphism (SNP) plays a role in a wide variety of diseases such as sickle

cell anemia and cystic fibrosis Nucleotide

https://bioviva-science.com/blog/
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It’s important to know that SNPs are normally occurring between individuals . It’s estimated

to be appeared once within every 1,000 nucleotides. A SNP is identified by rs number, attributed

from specifical database. So, a SNP defining a risk locus identified through GWAS( Genome wide

association study ) is called Lead single-nucleotide polymorphism (LeadSNP)

1.4.5 Gene Mapping

The main goal of gene mapping is to find the association from genes related to the traits, so the

need is to use a tool able to find a gene and precise its region. Gene mapping has been defined

as a tool having the role to localize and identify a specific gene region into the chromosome and

investigate the distance between genes.

So,In Gene mapping there is two types of mapping such as linkage mapping and physical

mapping. The linkage mapping use to find a distance between genes (tight or large distance) in

the chromosome, physical mapping used to precise the location of the gene in the chromosome,

find illustration in Figure 1.5 here below.

Figure 1.5: Genetic maps have been used successfully to find the gene responsible for relatively rare, single-gene

inherited disorders such as cystic fibrosis and Duchenne muscular dystrophy. Genetic maps are also useful

in guiding scientists to the many genes that are believed to play a role in the development of more common

disorders such as asthma, heart disease, diabetes, cancer, and psychiatric conditions [2].

1.4.6 Linkage Disequilibrium (LD)

The genetic variation of different loci is structurally correlated. From genotype information in one

locus, we can predict the genotype information in locus nearby, this linkage requires nonrandom

mating [52]. The aim of LD is to investigate the related genes associated with the disease. Also, to

define the difference between observed frequency and expected frequency for random effect of 2
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alleles to loci. [52].

Let A,B two alleles occur with the respectives frequencies PA, PB and we define the haplotype

frequency of AB (The frequency in the same gamete of both A and B occurs together) PAB [53].

The level of LD or Coefficient of linkage disequilibrium is given by :

D = PAB − PAPB (1.9)

∗ A and B are in LE (linkage equilibrium) if DAB = 0.

∗ Otherwise , A and B are in LD . Which means A and B are nonrandomly associated.

Generally, Linkage disequilibrium is used to identify the non-random association between two

alleles at two specifical loci on a chromosome in a natural breeding population. Let Consider

an SNP marker with alleles A and a, where PA denotes the allele frequency of A. If this SNP

marker is not in LD with second marker having alleles B and b with allele frequency PB for allele

B, the frequency PAB of the haplotype AB equals PAPB . If there is LD, haplotype frequencies are

disorder recombination by D that is the covariance between the two SNP markers. Then we need

the LD probability[54].

λ =
D

PA(1− PB)
(1.10)

λ represent a LD probability between markers.

If PAB = PAPB, then λ = 0

1.4.7 Minor allele frequency (MAF)

Analysis of disease in genetics is based on understanding of variants from their characteristic,

proportion, and so all given in the population study. Intuitively, among the variants , some are

common and some not. MAF takes the second frequency of most common allele occurs in a given

population.

The reason for using MAF Minor allele frequency is due to its high capacity of providing

information which can differentiate common and rare variants in population genetics.

1.4.8 TagSNP

Generally, the searching of association region to complex diseases (such as trisomy21, diabetes,

... ) is a challenge. Millions of DNA variations may allow the fine dissection of associations.

Unfortunately, these studies seeking disease associations become limited, due to SNP genotyping

costs. The idea of taking or defining a subset of informative SNPs called (tag SNPs) becomes huge,
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used as representatives of the others in LD (Linkage disequilibrium) [55].

Therefore, TagSNP Is defined as a SNP representative of a particular genomic region in high

linkage disequilibrium. This portion of SNPs represented by TagSNP is called haplotype, find the

illustration in Figure 1.6 here below.

Figure 1.6: LD plot of SNPs with top-ranked bayes factors in CHB of 1000 Genome Phase I. The colors indicate the

strength of pairwise LD according to r2 metrics. The SNPs marked with asterisks represent independent

strong associations. Tag SNPs are shadowed in pink)

https://en.wikipedia.org/wiki/Tag_SNP

1.5 Genome Wide Association Study (GWAS) in Malaria

1.5.1 Overview of Genome Wide Association Study (GWAS)

The genetics is developing with a high level of technology, most human diseases have genetic

components,these genetic components vary by disease [56], Some can be determined by the

complete genome,whereas most of the common diseases are determined by interaction of many

genes, environment and randomly. The understanding of disease susceptibility and resistance

contributed by the genome may provide the relevant information which can help for developing an

efficient therapeutic. To discover these genetic factors or components, different new technologies

were implemented to accurately and improve the qualities of precision, these technologies based

on study designs and analytical tools were established to identify the genetic risk factors.

The statistical approach of Genome Wide Association Study (GWAS) is explained as genetic

variants set of individuals having variant associated to the traits wikipedia.org/GWAS, the ultimate

goal after identifying new genetic associations is to use these information for developing the

different strategies for detecting a better treatment and prevent the disease [57].
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Its use linkage disequilibrium, such significant associations are due to the migration of small

segments of chromosomes from the same shared ancestor into the population,these segments will

carry identical alleles or haplotype without recombination. In case QTL(Quantitative trait loci)

in segment, we will observe the identical quantitative trait loci alleles. The analysis of hundred

of thousand SNPs and linking them to clinical analysis and observable characteristics GWAS is

facilitated by high-throughput genotyping technologies.

More than a decade, nearly 100 loci for some common diseases have been identified , many in

unknown genes associated with the disease not previously suspected , and also some particular

genomic regions including unknown genes. This shows many advantages of using GWAS in terms

of genetic variants discovering, But despite these advantages GWA studies have some challenges,

such as their capacity for false positive and false negative, error due genotyping mechanism and

biases due to choice of study [58]. GWAS has several applications, this new technology can be

applied not only in human genetics but in the field such as criminology, biomedical, phytology,

psychology ...

1.5.2 Application of GWAS in Severe Malaria of African’s Population

The resistance of Malaria is one of the challenges facing by the world, especially in Africa, the

research is still pursuing for reducing the risk of this disease in the community. Some of the factors

of genetics can lead to reduce the risk of developing severe malaria. The most common variant

associated with severe malaria is sickle cell HbS variant, this last was not enough to study and

provide more information about resistance of Malaria, It was relevant to improve the researches

and find the new strategies, Many technologies and advanced studies was performed to investigate

the different variant causal severe resistance of Malaria[59].

The aim of using GWAS in malaria susceptibility study is to extend the limitation of the conven-

tional approaches and bring an explanation elucidated by genetics in terms of genome wide scale,

fundamentals consideration in planning to evaluate the influence of genetics in the trait interested

. [60], The deep understanding of genetic resistance and susceptibility for severe malaria can lead

to relevant information for molecular mechanisms between host-parasites. In large context,these

information will build new insights to human physiology and genetics susceptibility for other

disease. GWASs have recently been introduced in malaria endemic regions as the underlying

genetics, the findings were efficient due to replication of known variants like HbS and ABO

blood group. Unfortunately, this achievement has established just a few novel variants; indicating

the attenuation of some of the real association signals. This may be the resulted from different
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confounding factors ( Large population genetic variation in malaria-endemic regions, variations in

defensive allele frequencies and effect sizes, Among other aspects, through populations and the

intrinsic shortcomings of approaches to GWAS).

The observation shows that some variants are underpowered for association based on GWAS

threshold;it brings the idea of polygenic effects. This comes out several questions related to

the genetic architecture of malaria protection, polygenic effects, contribution of distribution of

heritability. This improves the amount of novel genetic variants, which can help to identify the

novel inherited factors of risk that rely upon high-resolution.

The discovery of some gene mutation has been identified as a sickle cell trait that can decrease

the risk of severe malaria , and this has modified the allele frequency over generations through

natural selection.

However, the study aims to discover the new genetic mutations. GWAS and fine-scale molecular

genotyping tools have simplified the analysis for identification.

In this paragraph we are going to illustrate the first GWAS analysis of severe malaria performed

in the Tanzanian population. The study recorded a sample size of 914 individuals, the analysis

is based on association and identifies the new gene targets in terms of immunological pathways.

The method has shown the potential of using GWAS to classify unidentified susceptibility genes

for malaria phenotypes in endemic populations.

Many studies have shown that the genetic factors of host and sickle cell trait have been associated

with effectiveness to decrease the developing risk of severe malaria.

GWAS results of severe malaria performed in this population ( with n = 914 and 15.2 million

SNPs) have described Table 1.2 as very relevant. Despite the well-known association of sickle

cell HbS variant, they identified the association to protective host from two genes interleukin

receptors IL-23R and IL-12RBR2, also they find KLHL3 known as kelch-like protein all with p-value

( P < 10−6).

Their analysis has identified SYNJ2BP,GCLC and MHC as potential loci detected under positive se-

lection, these are detected based on extra haplotype homozygote. from whole genome sequencing

of this population with Tanzanian cohort ( family study n=247),They verified the allele frequencies

of the underlying associations of common polymorphisms, as well as the range and existence of

several structural variants that could be related to these SNPs.

From the imputed structural variants in a chromosome 4 known as the region encompassed by

glycophorin genes, more than 50 unusual variants were characterized, and no clear evidence of

associations with extreme malaria was found individually in our primary dataset (P>0.3). Their

technique reveals the promise of a joint genotyping-sequencing method to classify unknown
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susceptibility loci in an African population with well-characterized phenotypes of malaria.

The areas containing these locations are potential priorities for the implementation of much-needed

steps to prevent or cure malaria disease. The protective associations were established as genes

interleukin receptors IL-23R and IL-12RBR2, also KLHL3 known as kelch-like protein, as well

as near-significant effects on haplotypes of the Main Histocompatibility Complex(MHC). We

observed prolonged homozygosity of the haplotype, identified SYNJ2BP, GCLC, and MHC. USP38,

FREM3, glycophorins, gypA/B/E, DDC, MARVELD3 and ATP2B4 are novel polymorphisms that have

been identified.

Table 1.2: Tanzania Study Population https: // journals. plos. org/ plosgenetics/ article/ figure? id=

10. 1371/ journal. pgen. 1007172. t001

The summary result found in 1.3 GWAS Analysis is described as:

Table 1.3: GWAS Result

The result can be visualized in Manhattan plot in the figure 1.7 as:
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Figure 1.7: https: // journals. plos. org/ plosgenetics/ article/ figure? id= 10. 1371/ journal.

pgen. 1007172. t001

The genome-wide association analysis was recorded in 17,000 extreme malaria cases and

population controls from 11 countries, notified by family triple sequencing and direct typing of

candidate loci in an additional 15,000 samples. [3]. The study identified 5 replicable interactions

with genome-wide proof levels, including a new allele on chromosome 6 that was newly involved.

Such variations account for around 0.1 of severe malaria heritability, which was calculated to be

23 percent using genome-wide genotypes [3].

They discovered an erythroid-specific transcription start site underlying the known relationship in

ATP2B4 after interrogating available functional evidence, but can not establish a possible causal

mechanism at the locus of chromosome 6. HLA correlations previously recorded do not replicate

in these samples. They have identified a new locus on chromosome 6 the genes MAP3K7 and

EPHA7, also ABO, HBB, ATP2B4, the glycophorin region on chromosome 4 in a broad dataset that

will provide a base for more studies on the genetic determinants of malaria resistance in different

populations in Africa, we can see in Table 1.4 here below:
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1.6 Advantage and limitations of Genome Wide Association Study

(GWAS)

Genome-wide association studies (GWAS) have soon become a common methodology for the

detection of disease genes. It includes screening thousands of samples (Case-Control), using hun-

dreds of thousands of SNP markers found in the human genome, and comparing the frequencies

between disease and control cohorts of single SNP alleles, genotypes, or multimarker haplotypes

to distinguish these loci by applying statistical methods.

One of the advantages of using GWAS settles on investigation of the entire whole human genome

and genotyping the single nucleotide polymorphism at cheapest cost.

Also, genome wide association study approaches present the possibility of testing a very large

number of SNPs at the same time, from the result,It has identified a significant number of genetic

positions associated with different diseases.

As a limitation, GWAS present huge cases of limitation, Among them we have Lack of well-defined

case and control groups, inadequate sample size, multi-test control, and population stratification

control are common concerns.

As we know that Genome wide association study provides the information about the identifying

of SNP with different traits(we find only association between SNPs and trait), but not accurately

the really causal variant of phenotype ( disease, trait, ... ).

Most GWAS also established genes that only clarify small amounts of the genetic variation that

exists with certain characteristics.

GWAS is focused on a simplistic study of the genotype - phenotype, unable to provide substan-

tial knowledge of the biological and biochemical roles of essential genetic variants needed for

therapeutic applications.

1.7 Overview of Post-GWAS

GWAS is performed to find the association between genetic variants and traits or disease. But this

study was not enough for analysing this association between disease or trait and variant, Since

the aim is to recognise the particular genetic variant(s) from a risk-related locus that expresses

phenotypic variations depending on the functional biology modulated by it. This expectation

target is to detect the real variant causing the trait and investigate function of elements targeted

by genetic risk variants[61]. So we need to improve the enrichment power of SNP by increasing
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the effect size and try to find the leadSNPs. The heterogeneity presents at risk-associated loci,

which is not probably the true causal genetic variations underlying the interaction, is captured by

these leadSNPs. Therefore, each risk-related locus consists of a set of genetic variants, all likely

causal, related to the initial leadSNP in the linkage disequilibrium (LD). Also, any genetic variant

in strong LD with LeadSNP has much probability to influence the different phenotype. Therefore,

it becomes very important after GWAS to target the specific genetic variants from a risk-associated

locus to observe phenotype differences based on the functional biology, this is what Post-GWAS

study involves[62].

1.7.1 Overview of Functional Genome Wide Association Study (FGWAS)

Given the success of research from the Genome-wide association (GWASs) for identifying risk

loci of common diseases and complex traits, the approach remains limited due to the limitations

evoked on 1.6 , the need is to improve power for these variants with low effect and find the optimal

strategy safeguard against false positive associations.

The progress of researches have shown by different genomics that certain categories of variants

enriched for disease heritability based on functional genomics data information improve the

statistical power [63], This approach conducts the incorporation of prior functional genomic

information into association analyses which can potentially lead to increase GWAS power. However,

these functional genomic information are related to functional annotation of gene structures and

regulatory elements, which means the description of statistical models using association statistics

computed across the genome is to identify classes of genomic elements that are enriched or

depleted for loci able to influence a trait. This approach becomes one of popular methods used in

case of GWAS limitations, it has been implemented in FINDOR-tool (functionally informed novel

discovery of risk loci) [63], FGWAS-tool (Functional Genome wide association study) of JOSEPH

PICKRELL [64].

1.7.2 Motivation

The deep understanding of the genetic basis of resistance and susceptibility to severe malaria

could shed lights into molecular mechanisms of pathogenesis and protection that will inform

development of treatments and vaccines. GWA studies have been proven to be powerful tools to

investigate the genetic architecture of human diseases including Malaria. However, the method is

challenged by:

1. The lack of translation into relevant biological theories of related loci [65].
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2. The well-known question of heritability lacking [65].

3. The lack of understanding of how many modestly related loci interact within genes, among

others, to affect a phenotype.

Those challenges bring out the limitation or weakness to use GWAS for studying the causal

and association variant in the population. It becomes more sufficient to perform novel methods

studying after GWAS called post-GWAS, but those latter are several. But, the recent advances

in capturing polygenicity through post-GWAS, methods for risk prediction, detecting new risk

loci,from GWAS summary statistics and LD information under specific reference panel of popula-

tion studying imputing untyped associated variants and fine-mapping for causal variants [66], are

also playing an increasingly critical role in genomic studies. Given a rich source of information on

both Malaria GWAS and reference panels, it is now an intriguing time to investigate the genetic

architecture of Malaria resistance and susceptibility using advanced tools and leveraging GWAS

summary statistics in efficiently carrying out whole-genome analysis of functional phenotypes

such as Malaria.

1.7.3 Objectives

We hypothesize that full-genome functional analysis will greatly improve the diagnostic ability to

identify major genetic variants impacting malaria tolerance or susceptibility. The main objective

of this project is to conduct a systematic meta-analysis across three Africans-specific Malaria

GWAS datasets (Kenya, Malawi and Gambia) and perform functional analysis of GWAS summary

statistics. To achieve this objective, the specific objectives have to be met.

• We propose to access all Malaria genome-wide association studies (GWAS) data in African

populations ( Kenya, Malawi and Gambia) from MalariaGEN.

• Conduct Meta-analysis across Africa-specific Malaria genome-wide association study (GWAS)

predict global Malaria risk/resistance and genetic heterogeneity in order to understand

Malaria-specific genetic architecture.

• To carry out the functional study of GWAS summary statistics, we will apply techniques

based on the gene list enrichment principle, According to this, as a proxy, a broad over-

representation of genes candidates associated to biological pathway can be used to infer

overrepresentation of biological pathway of candidate SNPs [29].
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Chapter 2

Mathematical Approaches used in

Functional Genome wide Association

(FGWAS)

2.1 Overview

The strategies of GWAS are focused on associations and FGWAS ultimately analyzes phenotype

genetic regulation by incorporating biological concepts through mathematical and computational

bridges into the GWAS system [67], Which can answer a variety of basic issues, such as genetic

control trends over growth, the time of genetic effects,the causal of evolution. Also, functional

Genome Wide Association Study impacts increased power for gene detection by capitalizing on

cumulative phenotypic variation[67].

The objectives of this section is to provide some specific statistical methods useful in FGWAS :

• The detection of genetic markers that are significantly associated with the functional pheno-

type.

• The detection of the sub-region(s) (or compact set(s)) of the functional phenotype that are

significantly associated with some genetic marker(s).

It was precise and observed by different researchers involved in GWAS methods that most of

causal SNPs or multi-factorial causing traits fall on non coding part of Genome i.e outside of

protein-coding exon [64]. This issue brings the researchers to provide a new genetics catalogue
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based on those non coding part, which is the case of "Histone Modification", "Transcription factor

binding", in "Regulation mechanism part", this latter was generated by ENCODE project.The idea

of combining the different resources rich information of functional genomic data can provide

and improve the necessary information leading to the causal variants of trait [64]. Therefore,

one of the appropriate methods is "Enrichment", this consists of examining the most probable

associated variant from GWAS, and proceeding to the different tests, trying to check if they fall

disproportionately in specific genomic regions [68]. Therefore, we will explain:

• Linear Mixed Model for Genetic Association

• Bayesian GWAS Model

• Hierarchical Model

• Bayes factor for GWAS

• Cross-Validation

2.2 Linear Mixed Model for Genetic Association

In order to allow both fixed and random results, an expansion of simple linear models is linear

mixed models, and are particularly used in case of non independence between data, which could

arise from a hierarchical structure, longitudinal data[69].

The nonindependence of observations may result from serial correlation or clustering of the

observations, cluster correlation is presented when the observations are grouped in various

ways[70]. In genome wide association studies, the use of linear mixed models (LMMs) becomes

common because of the high capacity of methods for correcting the confoundings created by

genetic relatedness, such as population structure, familial relatedness. Linear mixed model is

more generalized by the expression here below:

Y = Xβ +
h

∑
i=1

Ziui + ε (2.1)

Where Y is column vector of output, response or phenotype of N × 1, and ∀ yi component of Y. X

represent predictor variables matrix or covariate matrix with N × P dimensions.

β is a column vector for fixed effects regression coefficients with P × 1 dimension, with β ∼

N(µ, σ2).

Let consider Zi a matrix for random effects of N× q, (q random effect), ui is column vector of

random effects, in q× 1 dimension with ui ∼ N(0, σi
2) from equation 2.1, we can calculate E(Y)
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and cov(Y,Y). Infact,

E(Y) = E(Xβ +
h

∑
i=1

Ziui + ε)

= E(Xβ) + E(
h

∑
i=1

Ziui + ε) by linearity o f Expectation

= Xβ + E(
h

∑
i=1

Ziui) + E(ε)

= Xβ +
h

∑
i=1

ZiE(ui) + E(ε)

As ui ∼ N(0, σi
2) and ε ∼ (0, σ2), then we have:

E(Y) = Xβ

Same procedure for cov(Y,Y), and using Auto-covariance matrix of real random vectors notion, we

have:

cov(Y, Y) = cov(Xβ +
h

∑
i=1

Ziui + ε)

Because Xβ is a fixed effect, then cov(Xβ) = 0, then we have

cov(Y, Y) = cov(
h

∑
i=1

Ziui + ε)

=
h

∑
i=1

cov(Ziui) +
h

∑
i 6=j

cov(Ziui, Zjuj) +
h

∑
i=1

cov(Ziui, ε) +
h

∑
i=1

cov(ε, Ziui) + cov(ε)

=
h

∑
i=1

Zicov(ui)Zi
′
+

h

∑
i 6=j

Zicov(ui, uj)Zj
′
+

h

∑
i=1

Zicov(ui, ε) +
h

∑
i=1

cov(ε, ui)Zi
′
+ cov(ε)

=
h

∑
i=1

ZiZi
′
σi

2 + σ2 In

Therefore, cov(Y,Y) and E(Y) is given by :

cov(Y, Y) =
h

∑
i=1

ZiZi
′
σi

2 + σ2 In and E(Y) = Xβ

We realize that only X provides the mean of Y. Also the covariance of Y is structured by Z, i.e Z is

only entered into the covariance structure [71].

Mixed model analysis provides a general, flexible approach in linear model, he allows a wide

variety of correlation patterns (or variance and covariance structures) to be explicitly modeled, Is

defined by:

Y = Xβ + Uγ + ε (2.2)
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with Y =


y1

y2
...

ym

 ∈ Rm, X =


x11 . . . x1p

x21 . . . x2p
...

. . .
...

xm1 . . . xmp

 ∈ Rm , β =


β1

β2
...

βp

 ∈ Rp,

ϕ =


D

. . .

D

 , U =


U1 On1×q . . . On1×q
...

...

Onm×q . . . Um

 ∈ Rn×(mq) , γ =


γ1
...

γm

 ,

ε =


ε1
...

εm

, R =


Σ1 . . . O
...

...

O . . . Σn

 ∈ Rn×n

And,γ

ε

 ∼ N
O

O

 ,

 ϕ Omq×n

On×mq R

,

We can use Hierarchical models to write.

Y|γ ∼ Nn (Xβ + γU, R) and γ ∼ Nmq (O, R)

if We call ε∗ = Uγ + ε, then we get :

ε∗ =
(

U In×n

)γ

ε

 (2.3)

A =
(

U In×n

)
(2.4)

Then we have, ε∗ ∼ N (O, V), with:

V = A

ϕ O

O R

 At

=
(

U In×n

)ϕ O

O R

 Ut

In×n


= UϕUt +R

This model is best written under matrix form:

Y = Xβ + ZU + e (2.5)
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Where: Y = (Y1, ..., Yn)t is a response, trait or phenotype vector, β = (β1, ..., βp) is a fixed effects, X

is a n× p covariates or predictors matrix, with random effects U = (u1, ..., uq) ∼ N (0, τ Iq) and

then n× q random effects matrix Z. Also the residual error vector e = (e1, ..., en)t ∼ N (0, σ2 In). So

to simplify this model we can write:

Y = Xβ + ω + e (2.6)

Therefore, ω = ZU , thus ω ∼ N (0, τK) with K = ZZt. From 2.5, Y is multilinear, Y fol-

lows normal distribution, so our expectation is to define mean and variance, therefore we have

Y ∼ N (Xβ, τK + σ2 In)

To conduct genetic association using linear mixed model can be useful:

• In the case of SNPs, the number of SNPs greater than the sample of individuals.

• In the case of population structure.

• In case of related of individuals.

Let assume the additive model:

Y = Xβ + ε, ε ∼ N (0, Iqσe
2) (2.7)

with β = {βi : i ∈ {1, ..., M}} set of SNPs effect sizes. From multi-linear regression, we can define

the conditional probability of Y knowing X, β and σe.

P(Y|X, β, σe
2) =

M

∏
i=1

f (Y; βi, σe)

Then we have:

P(Y|X, β, σe
2) =

1
n
√

2πσe2
exp

(Y− Xβ)t(Y− Xβ)

2σe2 (2.8)

The estimation β̂ is given by:

ln P(Y|X, β, σe
2) = −N

2
ln(2πσe

2)− (Y− Xβ)t(Y− Xβ)

2σe2

Therefore, to optimize β̂,

∂ ln β

∂β
= 0

⇐⇒ ∂((Y− Xβ)t(Y− Xβ))

∂β
= 0

⇐⇒ YtX = (XtX)β

⇐⇒ β = (XtX)−1YtX
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M� N

* The case of M� N, we can describe the test SNP marginally . and for each i SNP, we get

βi = (xi
txi)
−1(xi

tY)

χi
2 ≈ ρ(xi, Y)2 ∗ N

Where N is a sample size.

Population Structure

Let’s apply linear mixed model in population structure [72] :

Y = Pλ + Xβ + ε (2.9)

Consider the population structure.

• P = {Pi, i number of population }

• λ specifies the phenotypic mean of each population .

• A SNP with different means between 2 populations will be associated with Y

We can use PCA to estimate P and include it as a fixed effect in our regression. if P alters

phenotypic variant then variance is a function [72] e.g error follows N (O, f (P)), therefore the

linear regression and principal components will not produce a uniform p-value distribution.

Related Individuals

Our natural assumption predicts that ε ∼ N (0, Iσe
2), unfortunately this assumption is insufficient

for providing more information because of environmental effect and family relatedness [72].

Therefore we have

Y = Xβ + ε ; ε ∼ N (0, FσF
2 + Iσe

2) (2.10)

With F a matrix of family members and σF
2 is the covariance of shared environmental effect on Y.

Also (Zj
TZj)

−1(Zj
TY)2 will be inflated.

To increase power by joint modelling all variants and account non i.i.d due to structure, we

consider the following phenotypic model [72].

Y = Xiβi + ε; ε ∼ N (O, Ω), With Ω = Hσg
2 + Iσe

2
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Then we have estimation likelihood and log likelihood:

L(λ, σg
2, βi) = N (Y, Xiβi, σg

2(T + λI)) with λ =
σg

2

σe2

= −N
2

log 2πσg
2(H + λI)− 1

2σg2 (Y− βiXi)
T(H + λI)−1(Y− Xiβi)

From this model, the score test χi
2 is :

χi
2 = (Xi

TΩ−1Xi)
−1(Xi

TΩ−1Y)2

In Linear mixed model, we have 3 important components :

• Defining and Building H

• Estimating parameters (βi, σg
2, σe

2)

• Test statistics:

H0 : βi = 0

H1 : βi 6= 0

The choice of H is the major problem in linear mixed models, the condition is to find a coefficient

of σe
2.

Let’s consider the case of accounting polygenicity. We want to gain the power by choosing H. So

in case, we define linear mixed models by:

Y = Xβ + giβi + Zb + ε b ∼ N (0,
σg

2

M
I) , ε ∼ (0, σe

2)

X is a covariate matrix including intercept term Z centered and scaled G. The effects size b for

SNPs in Z are random effects, thus:

Zb ∼ N (0, var(Zb))

=⇒ ∼ N (0, ZE[bbT ]ZT)

=⇒ ∼ N (0,
σg

2

M
ZZT)

Therefore, H =
ZZT

M
Consider the case of Relatedness. In this case the goal is to determine the relatedness between

individuals sharing the same environment. We assume a linear mixed model define as :

Y = Xβ + ε, ε ∼ N (0, FσF
2 + Iσe

2) (2.11)

F represents a family matrix membership. So, F[i,j] is a fraction of the genome recently shared IBD

between individual i and j.
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2.3 Bayesian Lasso GWAS Model

Bayesian in probability typically reflects a degree of confidence in a case.The degree of confidence

in any outcome may be dependent on historical experience about the event, such as the outcomes

of past studies, or on personal assumptions about the event [73, 74]. From statistical Bayesian, The

Lasso estimation for linear regression parameters has independent Laplace priors when regression

parameters have described as a Bayesian posterior approximation [74]. Gibbs sampling from this

posterior is possible using an advanced hierarchy of conjugate normal priors on the regression

parameters and distinct exponential priors on their variances. Tractable complete conditional

distributions are given by a relationship with the inverse-Gaussian distribution. Interval forecasts

(Bayesian credible intervals) are given by the Bayesian Lasso that can direct variable collection.

In addition, for choosing the Lasso parameter, the hierarchical form model uses Bayesian and

probability approaches [74].

Our interest about this notion is to define prediction according to current information that we

have [74]. Using the Bayesian model in GWAS will help us to make predictions and analyze the

significant SNPs.

We define a Linear regression:

Y = Xb + ε (2.12)

with X a n× p matrix, a regression coefficient b = (b1, ..., bp)T and ε is n-vector normal distribution

N (0, σ2 In). Linear regression coefficients are calculated by L1-constrained least squares. To

approximate regression parameters, the Lasso is commonly used β = (β1, ..., βn) in the model

Y = µ + Xβ + ε (2.13)

To make the prediction in our model, it’s important to reduce matrix X such that the estimated

regressions coefficients exceed a threshold λ absolutely positive.

X′ a submatrix o f X, such that |b̂j| > λ (2.14)

Lasso projections are also interpreted as estimates of L1-penalized least squares. They achieve

min(Ŷ− Xβ)T(Ŷ− Xβ) + λ
p

∑
j=1
|β j|

To find λ we can use cross-validation (we will talk about it later). And then we would define

the estimator of Y by the model, called Preconditioning Model, for a phenotypical analysis and

genotypes information.
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Preconditioning Model :

Ŷ = µ + Xi
Tα + Zi

T β + γi
Ta + vi

Td + εi f or i ∈ {1, ..., n} (2.15)

with µ = mean Xi = i-column vector of covariate within X means Xi ∈ Nd for i phenotype.

α ∈ Rd and Zi ∈ Rs, βi ∈ Rs also and d are respectively additive effects of SNP for phenotype

i and dominant effects of SNPs for phenotype i. and εi represents the residual error follows

normal distribution centered to 0 and σ2. We define the indicator γi and ξi for additive effects and

dominant effects of SNPs [73, 74] . Therefore, we have:

γik =


1, if SNP k genotype is AA

0, if SNP k genotype is Aa

−1, if SNP k genotype is aa

(2.16)

Also ξik is defined as :

ξik =

1, if SNP k genotype is AA

0, if SNP k genotype is Aa or aa
(2.17)

Although SNPs number is greater than sample size in association study, common of that the

regression coefficient presents unstable effects in the phenotype i.e either weak or strong. Thus, to

target those SNPs responsible of effects and enhance the prediction performance, we integrate

lasso penalties, having the same dimension that ξ and γi. Then we have:

p

∑
k=1
|ak| 6 m

p

∑
k=1
|dk| 6 n, with ∀m, n ∈ R+ (2.18)

m and n are selected to penalize the dominant and additive effects. Therefore, we can apply

estimate the parameters in 2.15 using the Ordinary least square, then we have:

1
2
‖Ŷ− µ− Xi

Tα− Zi
T β− γi

Ta−vi
Td‖2 + Ψ

p

∑
k=1
|ak|+ Ψ∗

p

∑
k=1
|dk| (2.19)

with Ψ and Ψ∗ are lasso parameters able to control the shrinkage degree in the estimation of

genetic effects.
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2.4 Mathematical Approach applied in Functional Genome wide

association (FGWAS)

The relevant information used in functional genome wide association study is resulted from two

notions which is GWAS and Genomic annotation using the hierarchical model. It consists of

splitting a genome into individual blocks, so that the blocks in the population are greater than the

size of the linkage disequilibrium. [64]. In each block we have either a causal SNP or not, Thus we

are going to use Bayes’s approach by defining the prior probability as probability of any given

block containing an association and the conditional prior probability as probability of having at

least one causal given SNP in the block.

Those probabilities can change depending on the functional annotations.

2.4.1 Bayes Factors

Generally, For the ranking of associations, the Bayes factor is defined as a summary measure

which provides an alternative to the P-value [75].

Let’s consider a linear regression model. We define an additive model

E[yi] = βgi + α (2.20)

with yi i-phenotype, component of ~y and i ∈ {1, ..., N}. ~g is a genotype matrix in P × N

dimensions. β is the effect size. The model is tested by:

H0 : β = 0 (2.21)

H1 : β 6= 0 (2.22)

To compare those models 2.21 and 2.22 we use bayes factor, defined :

B =

∫
P(~y|~g, H0)∫
P(~y|~g, H1)

(2.23)

From Wakefield approach [76], the approximation of Bayes factor consist to find the estimator

of maximum-likelihood β called β̂ with standard error ( se =
√

V). This estimator of maximum

likelihood is given by:

β̂ ∼ N (β, Se) (2.24)

from Wakefield [76], β becomes a normal prior with β ∼ N (0, T), then we get:

B =

√
1− K

exp[
−Z2

2
K]

with K =
T

V + T
and Z =

β̂√
V

(2.25)
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Z represents a standard Z-score, T is a prior variance of β. T is determined using prior specification,

using relative risk of interest and MAF. There are 2 steps to define T.

* Effect-MAF independence

We define variance T independent of MAF, and we define the prior distribution of relative risk (R),

we consider relative risk upper (Ru) such that this probability occurs with lower value. Then T is

defined as :

T = (log(
RRu

Φ−1(1− q)
))2 (2.26)

* Effect-MAF dependence

We know that large genetic effects is associated to smaller MAFs [77]., T will get the form:

T = ϑ exp(−ιM) (2.27)

With M a MAF, ι and ϑ are positive parameters chosen in advance.

Also, we define variance of β by a given expression V :

V =
n + n

′

n.n′ [(1−M)2x02 + 2M(1−M)x1 + M2x22 − ((1−M)2x0 + 2M(1−M)x1 + M2x2)2]
(2.28)

From 2.25, we realize that from Z-score our V and T, we can use one of them to obtain a Bayes

factor measuring the SNPs associated or not to the traits. Also xi , i = {0, 1, 2} depend on the

model.

2.4.2 Hierarchical Model

The General idea of Hierarchical model in GWAS is to build a model able to define the correct

characteristic of causal SNPs or responsible for traits [64]. Unfortunately, in the genome there are

some SNPs strongly correlated according to their Linkage Disequilibrium (LD). It becomes more

relevant to split the genome by different blocks and to construct the different site containing the

true association [64].

Let’s consider the M set of SNPs genotyped from N individuals in GWAS. We split M by t parts

having K sizes, t = E[
M
K
], means we have t blocks of size K.Therefor e, Interpretation by Bayesian

becomes more relevant to define the probability of data [64].

P(ŷ) =
t

∏
k=1

[(1− Ck)Rk
0 + CkRk

1] (2.29)
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Rk
0 represents the data probability of block k in case of no SNPs associated .

Rk
1 represents data probability block k for one SNP association.

Ck represents a prior probability of block k containing a causal associated SNP, is expressed by :

Rk = ∑
i∈Hk

CikRik (2.30)

with Hk = SNPs set in block k

Cik = of SNP i Prior probability in block k being the causal in the region.

Rik is a probability that SNP i in block k being associated with the trait.

Therefore, we can join two prior probabilities such that a single association in block k exist.

Use data set remain inefficient to precise, so we will integrate the genomic annotation. Therefore,

we have novel model according to [67] , we have a regional probability:

ln(
Ck

1− Ck
) = d +

A

∑
j=1

λj Ikj (2.31)

And

Iik =

1, region k is annotated by j

0, region k is not annotated by j
where

A = The size of region-level annotations from the model.

λj = Effect associated with annotation j. Therefore, from 2.4.2, 2.31 and 2.30 we can find a likelihood

of data fitting model:

L(ŷ|θ) =
t

∏
k=1

[(1− Ck)Rk
0 + Ck

K

∑
i=1

CikRik
1] (2.32)

Because we are going to compare the models defining the causal SNPs, we have to compare the

models using the Bayes factor. Thus, we get:

Bi =
Pik

1

Pk
0 (2.33)

L(ŷ|θ) =
t

∏
k=1

Rk
0[(1− Ck) + Ck

K

∑
i=1

CikBi] (2.34)

θ represent all parameters of the model.
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2.5 Meta-Analyses of Genome-Wide Association Studies

2.5.1 Introduction

An increasingly common method for detecting associations between SNPs and phenotypic char-

acteristics is genome-wide association studies (GWAS). [78] . This method is commonly used

within the different disciplines, very useful in social sciences, pharmacogenomics, microbiology,

etc . However, despite the celebrity and importance of the method in several fields, the challenge

of finding out the large number of variants and true positive remains a problem [78]. Find a

significant variant according to GWAS method we use two parameters ( P-value and effect size),

more your sample is small, more the possibility of finding significant variants is weak, capacity to

detect variant with small effect is low. These lacks are maybe dues to several reasons:

• Environmental diversity.

• Genetic factors.

• Genotyping errors

• Participant consent has the issues of sharing genotype data.

To improve these effects and find the significant variants, it’s more important to enlarge the sample

size. Unfortunately, It’s not always obvious due to the cost, the possibility for having access

sharing to different raw data is limited. One of new strategies that we can use to figure out into

this challenge is to combine different GWAS studies from several population studies based on the

same phenotype, the idea is to aggregate the effects of variant across all studies and pooling in

single study, this strategy is called "GWAS Meta-Analyses" [79].

2.5.2 Aim of Using GWAS Meta-Analysis

GWAS Meta-analysis is a mathematical method used to integrate the outcomes of various experi-

ments in order to see whether there is a major overall effect. The aim of this method is:

• To increase the statistical power by enlarging the sample size.

• To estimate the average effect size for total samples

• To aggregate the effects from different and independent GWAS studies.

• To assess the heterogeneity of studies.

Due to its broad potential to integrate numerous genome-wide interaction studies in a single

study, this methodology becomes common instruments, leading to the identification of association
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of SNPs having previously small effect sizes, also the capacity to decrease false positives and

improve statistical power of true positives causal [80]. These effect sizes between populations

in a meta-analysis may differ, these are due to many factors ( geographical positions, ancestry,

environment, etc ..) will conduct the "Heterogeneity", if the heterogeneity is observed during

this GWAS meta-analysis studies, the understanding of its causal is relevant. Because, the better

understanding of correct interpretation can conduct the better understanding of the phenotype

(disease, trait, etc ..) and a more accurate to the replication study.

It’s quite tricky to interpret the heterogeneous result, That the conventional approach to an-

alyzing the studies’ correlation p-values does not accurately predict whether in each sample

the impact or effects occurs. We would suggest a structure in this section that promotes the

understanding of the meta-analysis process. Our method would be under new metric reflecting

the posterior probability in each sample the effect occurs, which is calculated using cross-study

results. We will apply the real data in our approach, the studies predicted not to have an impact

and the uncertain studies that are under-powered, which will essentially segregate the studies

predicted to have an effect. This method will increase the power of significant SNPs under study

from GWAS studies.

2.5.3 Fixed Effect (FE) Method

Fixed-effect model is a common approach used in statistics. Assume that for both experiments,

the real result is the same (meaning that, in FE method the extent of the effect size remains the

same or fixed within the studies), and in case of variations, the estimates between studies are

caused by sampling errors.

The simplest GWAS Meta-analysis is based on Fisher’s method. He tries to combine P-values from

different populations across all studies. Let assume, we have n studies, we define:

∀ P1...Pn of each study. then, we get:

X2 = −2
n

∑
i=1

Log(Pi) (2.35)

where X2 follows χ2(2n) ( means chi-squared distribution with 2n degrees of freedom). This

approach is powerful and simple, but it presents some limitations, such that:

• The weights of all studies are equal, this will conduct high sub-optimal when we will

combine GWAS studies with different sample sizes.

• The direction of effect in each study is not considered.
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• The differences observed are due to chance.

• Study size of each population is not taken into account.

To improve this method, we propose two types of GWAS Meta-Analysis approaches, which are

able to consider study sample size, we have:

a) Z-test Meta-Analysis

b) Inverse Variance Meta-Analysis

To use these above methods we need information of each study i and for each SNP.

a) Z-test Meta-Analyses

To perform Z-test for GWAS Meta-analysis, we need for each study i and each SNP:

• Study population size will use to define the weight

• Significance and sign of effect : Zi

We use this approach when the effect estimates values can not be combined.

Therefore, we have: ∀i ∈ {1, ..., N},

• Study population size : ni, ( i=1,...,N ).

• Z-test ( with sign indicating effect direction) Zi ( i=1,...,N )

We weight each study by:

Wi =
√

ni (2.36)

We pooled test statistics:

Z =
∑N

i=1 WiZi√
∑N

i=1 Wi
2

(2.37)

Zi = Φ−1(1− Pi
2
) ∗ ei (2.38)

Z has a standard normal distribution

ei = effect direction for study i

Pi is the P-value for the ith study

b) Inverse-variance weighted in GWAS Meta-Analysis

Z statistic is calculated as the inverse normal of a p-value from any appropriate statistical test and

given the direction sign of the association. The Inverse-variance for GWAS Meta-analysis needed

for each study i ( with i = 1,...,N) and each SNP:
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• Effect size estimate of each study : βi (i ∈ 1, ..., N).

• Standard errors of estimates effect size βi : Si

In the fixed-effects model, the inverse-variance combines regression results as a weighted sum

rather than test statistics. The weights are the opposite of the variance of the impact predictions

for this model. Then we have, ∀ i ∈ {1, ..., N}

• Weight is given by :

Wi =
1

Si
2 (2.39)

• Pooled estimate of effect:

β =
∑N

i=1 Wiβi

∑N
i=1 Wi

(2.40)

If your traits are dichotomous βi is given by βi = log(Oi)

• Pooled estimation of standard errors:

S2 =
1

∑N
i=1 Wi

(2.41)

Then we can combine pooled β and S, pooled test statistics:

T2 =
β2

S2 ∼ χ1
2 (2.42)

2.5.4 Random Effect Method

The idea of combining different GWAS studies and aggregate them in single analysis remains a

major goal of GWAS meta-analysis. This method increases our understanding of variant power

improvement of GWAS study with small effects. Despite these advantages, it’s important to notice

that combining GWAS studies may solve problems of sample size but it will conduct heterogeneity

issues because of respective effect sizes from different GWAS studies. Therefore, finding out a

new approach that takes account of the heterogeneity issue is very relevant. The random effect

method in Meta-analysis comes with a new approach considering the heterogeneity as one of the

factors responsible for genetic effects incapacity in the variants.

The objective is to approximate the mean and variance of effect sizes for the underlying population.

The traditional way for proceeding the analysis in Random Effect has 2 steps:

1. Estimate the scale of the impact and its confidence interval by taking account of heterogeneity.

2. The magnitude of the effect size is normalized to a z-score that is translated to a p-value (

Equivalent under the null hypothesis of heterogeneity).

Here, it is important to know that in each sample the mean result of each SNP is different from µ

(mean).
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2.5.5 Heterogeneity

Heterogeneity is the key of decision between fixed model and random effect, this phenomenon is

due factors, such as sampling error, genetic environmental which can lead to the genetic effect of

each study. Some experiments have shown that where the effect size is the same, variability may

still exist, but the linkage disequilibrium structures within studies are different [81].

To examine the heterogeneity test we assume:

• Ho : No differences ( or by chance) of genetic effects existing between studies using cochran’s

Q test.

• H1 : There is variation of genetic effects between different studies based on cochran’s Q test.

This Cochran’s Q test is a non-parametric statistical test to verify whether inter-studies analysis

have identical effects or not [82].This Cochran Q significance test is determined by summing the

squared deviations of the estimation of each sample from the overall estimate and then comparing

it with the distribution of chi-squared with degrees of freedom of k-1 (df) (where k is the number

of studies).’ [83, 84], we use:

Q =
N

∑
i=1

Wi(β̂i − β̂avg)
2 (2.43)

with β̂avg =
∑N

i=1 Wi β̂i

∑i Wi
(2.44)

and β̂i = log(ORi), also Wi =
1

Si
2 (2.45)

Then we have the weight of each analysis integrating the variance of heterogeneity between studies,

is given by:

λ2 =
Q− (k− 1)

M
(2.46)

with M = ∑
i

Wi − (
∑i Wi

2

∑i=1 Wi
) (2.47)

Therefore, the weight for the random effects model is calculated by:

Wi
r =

1

(
1

Wi
+ λ2)

(2.48)

Qr =
N

∑
i=1

Wi
r(β̂i − β̂avg)

2 (2.49)

We use Qr to check heterogeneity, from this test if P-value <0.010 indicates the presence of

heterogeneity.
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Remark Cochran’s Q test is reliable if we have a large number of studies included in our GWAS

meta-analysis.

In the case of a small number of studies, Q test becomes under-power to assess heterogeneity.

Then, In addition to sampling error I2, we have the percentage of variance in impact estimates

across studies due to heterogeneity, given by:

I2 = max(0,
100 ∗ (Q− (k− 1))

Q
) (2.50)

This I2 is calculated by SNP. If I2 is close to 0, effect sizes across studies for this SNP are

reasonably consistent, it means we have low heterogeneity. If I2 is close to 100% then there is high

heterogeneity between study in that SNP, we have:

I2 is in



[0%, 25%[, We have low effects

[25%, 50%[, The effect is small

[50%, 75%[, The effect is moderated

[75%− 100%], We have high effect

(2.51)

2.5.6 Binary Effect Method

Binary effect method is one of the popular methods used to perform GWAS Meta-analysis. This

approach is based on posterior probability using Bayesian approach to predict the effect of variants

in our study called "M-value" [85]. The methodology is a weighted sum of the z-scores formula

that applies a higher weight to the studies that are supposed to have an impact and a lower weight

to the studies that are expected to have no effect.[85].

Heterogeneity remains challenge in GWAS Meta-analysis among studies, to come out with this

issue this present method propose two assumptions [85]

1. The effect is either present in the studies or missing.

2. If the effect occurs, then the effect sizes between experiments are identical.

We try to emphasize in the first assumption that in some studies the effect sizes are often found

to be much smaller than in others. This tendency can be caused by multiple factors such as

Gene-environmental interactions, sampling error,etc ..

2.5.7 Estimate M-value

In each meta-analysis study, the M-value is a posterior probability that the effect occurs [85]. Let

Ki is an effect size of study i, with i ∈ {1, ..., N} and ηi variance of Ki. Notice that Ki is normally
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distributed because of large sample size. Let Consider K = {Ki} as observed data, then we have:

P(Ki|E) =

N (Ki; 0, ηi), if E = No effect

N (Ki; µ, ηi), E = There is effect
(2.52)

Bayesian approaches require prior probability to perform posterior probability [85]. So, the prior

for effect size is:

µ = N (0, σ2) (2.53)

With σ2 ≤ 0.2 for small effect and ≥ 0.4 for large effect.

Let Ei ∈ {0, 1}:

Ei =

1, There is effect

0, There is no effect
(2.54)

Now we can define the prior probability of study i having effect:

P(Ei = 1) = v, with i ∈ {1, ..., N} and v ∼ B(α, β) (2.55)

As we have N studies, then the possible number of Ei for N studies is 2N . Let Assume r = 2N , we

have a new set of possible values of Ei designed by L = {y1, ..., yr}.

Therefore, we can estimate the m-value of study i having effect using Bayes’ Theorem.

mi = P(Ei = 1|K) = P(K|Ei = 1)P(Ei = 1)
P(K|Ei = 0)P(Ei = 0) + P(K|Ei = 1)P(Ei = 1)

(2.56)

If we consider G ⊂ L, with G set of effect value, then our m-value becomes:

mi =
∑y∈G P(K|E = y)P(E = y)

∑y∈L P(K|E = y)P(E = y)
(2.57)

Therefore, we just need to know the posterior probability of E for each, then we have:

g(y) = P(K|E = y) ∗ P(E = y) ∝ P(E = y|K) (2.58)

Then the prior of E :

P(E = y) =
∫ ∞

−∞
P(E = y)P(v)dv

=
∫ ∞

−∞
v|y|(1−v)N−|y| 1

B(α, β)
p(v)dv

=
∫ ∞

−∞
v|y|(1−v)N−|y| 1

B(α, β)
vα−1(1−v)β−1dv

=
1

B(α, β)

∫ ∞

−∞
v|y|+α−1(1−v)N−|y|+β−1dv

=
B(|y|+ α, N − |y|+ β)

B(α, β)
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We can also calculate P(K|E=y):

P(K|E = y) = ∏
i∈yo

N (Ki; 0, ηi)
∫ ∞

−∞
∏
i∈y1

N (Ki; µ, ηi)p(u)du

= D.N (K; 0, V + σ2)

with D scaling factor, given by:

D =
1

(
√

2π)N−1

√
∏i Wi

∑i Wi
e
{−

1
2
(∑i WiKi

2−
∑i WiKi

2

∑i Wi
)}

(2.59)

Now, if our assumptions are held. Then, we can weight sum of z-score method based on m-values

into the weight

Sbe =
∑i miZi√
∑i mi

2Wi
, with Zi =

βi√
ηi

(2.60)

Also
√

Wi ≈
√

Np(1− p), p is a minor allele frequency.

2.5.8 Tools for Conducting GWAS Meta-Analysis

a) METAL tool ( Meta-Analysis)

Goncalo Abecasis, Yun Li and Cristen Willer [4] developed METAL, the most common GWAS

Meta-Analysis, and the first version was produced in 2007. It has since become a very common

instrument for the study of GWAS scans. This method is particularly suitable because results from

individual research can not be evaluated together because of variations in race, distribution of

phenotypes, gender or sharing restrictions placed on individual level data [86]. Either test statistics

and standard errors may be mixed, or p-values through studies (Consideration of sample size and

direction of effect.), the approach used is Fixed effect Method [84]. The method implemented in

METAL was based on two strategies:

• A weighted method of Z-score in each study based on sample size, P-value and direction of

effect.

• An effect-size dependent methodology weighted by the standard error unique to the sample.

This technique is computationally effective for meta-analysis of genome-wide association scans,

a widely used method to facilitate gene mapping studies of power-complex traits. In order to

facilitate the study of very broad data sets and to accommodate a range of input file formats, it

provides a rich scripting interface and implements effective memory management [4]. Asymptoti-

cally, where the distribution of the trait is similar across samples, the two methods are equal (such
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that standard errors are a predictable function of sample size). The table below 2.1 is a summary

of approaches to analytics.

Table 2.1: Key formulae for both approaches [4]

Despite its famous popularity, these approaches have some disadvantages in terms of effects,

one of them is that the tool assumes that the effects across the studies are the same, this assumption

remains a challenge because of heterogeneity issue between-study.

b) GWAMA ( Genome-Wide Association Meta Analysis )

Despite the success of GWAS for detecting the loci associated with the trait, the low effect is still a

challenge. Meta-analysis of studies from the same population is one way to boost the ability to find

more novel loci, increasing the sample size over each particular study. [5]. Despite proliferation of

different tools implemented for GWAS Meta-Analysis, most of them presented the challenges here

below:

• Memory efficient data manipulation [5].

• Due to population structure, and between sample differences, over-dispersion of GWA test

data, all of which must be accounted for in the meta-analysis [5].

• Computational problems that can be aligned to separate strains in merging findings obtained

using different GWA genotyping materials [5].
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To overcome some of these issues, a new GWAS Meta-Analysis software was developed for

answering these challenges, the software was called "GWAMA". Where appropriate, it has

implemented tools to align studies with the same reference strand, regardless of the GWA

genotyping result, and optionally carries out genomic control based on summary statistics to

correct the population structure for each study and possible difference between [5, 87] studies

and potential variation within studies. Some of advantages of using this tool based on method

implemented is that, With both direct genotyped and imputed SNPs, fixed effect and random

effect meta-analyses are conducted using allelic odds ratio figures of 95% confidence intervals for

binary characteristics, allelic effect size estimates, and standard error for quantitative phenotypes.

[5]. This tool present several advantages than others:

• The ability to exchange supplementary scripts with software to allow study summary

statistical files created by commonly used GWA analysis tools to be pre-processed, also

visualize graphical summaries results of the meta-analysis

• The possibility of calculation two metrics of heterogeneity (I2 and Q) of allelic effects

between studies.

• Capacity for performing random effects meta-analysis in case of heterogeneity

• Allow the population structure, genomic control correction of the correlation findings of

each sample, and the overall meta-analysis.

The only challenge with this tool is about space.

c) MetABEL

For the meta-analysis of genome-wide correlation scans between quantitative or binary traits and

SNPs, MetABEL is a R package, extracted from the GenABEL package. It has been developed

by Maksim Struchalin and Yurii Aulchenko. This package uses a fixed effect method to analyse

GWAS Meta-Analysis [88] .

d) Metasoft ( Meta-analysis Software)

METASOFT is a genome-wide association analysis meta-analysis software, designed to effectively

perform a variety of simple and advanced meta-analytical approaches, is able to analyse huge

amounts of studies.

This tool is more advanced than many GWAS Meta-analysis software [85] , its has been developed

based on :

- Fixed Effect Method ( based on inverse-variance-weighted effect size)
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- Random Effects model (RE)

- The binary Effects model ( The new model of random effects is optimized to recognize

associations whether the studies have effect and some not)

In this tool, Estimates of summary effect size Beta and standard error for both models ( fixed

effects and random effects). Also, from heterogeneity it expected to estimate Cochran’s Q statistic,

p-value, and I2.

The tool prevents the effect by integrating the Bayesian notion, the assume M-values as Posterior

probability designing the existing effect for each study.

The decisions are made according to m-values results. So, we have:

• If m-value < 0.1, there is no predicted effect in the study.

• If m-value > 0.9): The effect is predicted in the study.

• Otherwise, the prediction effect becomes ambiguous in the study. To visualize the results

they use ForestPMPlot, this plot can include the component such as p-value, study name,

log odds ratio, standard error and summary statistic [85].

We can summarize these GWAS Meta-analysis software information and methods in this Table

below

Table 2.2: Summary of Meta-Analysis tool with their specificity [5].

Software Pack METAL MetABEL METASOFT GWAMA

Pre-processing of

GWA analysis files

No *ABEL SNPTEST SNPTEST, PLINK

Strand flipping for

aligning effect di-

rections

Yes Yes Yes Yes

Fixed effect analy-

sis

Yes Yes Yes Yes

Random effect anal-

ysis

No No Yes Yes

Heterogeneity

statistics

(Cochran’s Q

statistic, I2)

Q Q Q, I2 Q, I2
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Automated ge-

nomic control

for population

structure

Yes Yes Yes Yes

Graphical vi-

sualisation of

meta-analysis

results

No Forest-plot Forest-plot M Separate scripts for

Manhattan and QQ

plots
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2.6 SKAT-Analysis( Sequence Kernel Association Tests ) for the

Combined Effect of Rare and Common Variants

Over the decades, genome-wide association studies (GWASs) have led to the identification of a

large scale of thousand genetic variants associated with several risks of complex traits. However,

for a given trait, certain variants have typically explained only a small to moderate portion of the

predicted heritability. For many traits, it has been shown that a large proportion of heritability

could be described cumulatively by several common variants with limited effects. [89].

To challenge this issue, the researchers have committed new statistical approaches based on

assessment of each variant individually with univariate test statistics ( case of Cochran-Armitage

test trend). After performing the univariate test in each variant, we recorded variants under power

for rare variants. This conduct to the new groupwise association test called "SKAT" based on

improvement of genetic variant effect for rare variants by using burden and variance component

[89]. It has been shown that for any disease-related gene, the various influences of uncommon and

common variants are not established a priori, and such a weighting scheme may lead to loss of

power when common variants are often associated with disease in an area under investigation [90].

It is better to screen for the cumulative influence of uncommon and common variants using

a mixed statistical test that enables rare variants and common variants to completely contribute

to the overall test statistics in order to eliminate the unclear outcome of the overall purpose of

defining genes comprising disease risk variants, either from rare or common variants.

Combining rare variant and common variants together is the strategy required to first divide

in 2 subgroups which are group identifies rare variant and group for common variants, then

combining results from association tests these variants resulted in these groups, we will use the

combining multivariate collapsing (CMC).

In the CMC method, rare variants ( i.e variants with minor allele frequency MAF < 0.01) are

collapsed together, therefore each common variant forms a separate group [91]. But, it becomes

quite difficult to accept the minor allele frequency of variant less than 0.01 to be the threshold

of rare variant, means the hypothesis makes sense if the sample size of population is small ( e.g

200 individuals), the variants with maf < 0.01 have defined as rare variant, but if we have a large

sample size of population ( e.g 300.000 individuals) the variants with maf less than 0.01 are not

rare. To avoid this problem, the theory has defined a new approach of T-test by: [92].

T =
1√
2n

(2.61)
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and

ei = MAFi − T (2.62)

if ei > 0, then the i variant is a rare variant. Otherwise, it is a common variant. with MAFi is

the minor allele frequency of each variant in study and n is the sample size. There are several

potential ways to run a test for the overall influence of uncommon and common variants, but

the simplest one is based on Fisher’s method of integrating p-values from the rare and common

variant analyses. Alternative methods are based on using weighted-sum statistics to combine the

test statistics explicitly. Let’s consider k variants for n subjects sequenced in the genomic region.

We partitioned k variants by 2 groups of variants of dimension k1 ( resp. k2 ), we consider X as a

genotype matrix with n× k dimensions. Then, we define a regression model by:

f (E[Yi]) = α0 +


c11 . . . c1p
...

. . .
...

ck1 . . . ckp

 ∗


α1
...

αp

+


x11 . . . x1p

...
. . .

...

xk1 . . . xkp

 ∗


β1
...

βp

 (2.63)

with Yi is a phenotype value ( cont. or dichotomous) with i ∈ {1, ..., k}, Ci = (ci1, ..., cip) is

covariate vector, αi ∈ {1, ..., p} coefficient of covariate and X is a genotype matrix (xij)16i6k,16j6p

and βi ∈ {1, ..., k} regression coefficient for genetic variants. This βi follows normal distribution:

βi ∼ N (0, wj
2τ), cov(βs, βz) = ρ with s 6= z

Ho : β = 0. The variance component score is given by:

Qρ = (Y− m̂0)
′
Fρ(Y− m̂0), with Fρ = XWTρWX

′
(2.64)

and Tρ = (1− ρ)I + ρI
′
, we define the matrix of weight W = diag(w1, ..., wk)

Therefore, we can calculate SKAT and Burden by:

- If ρ = 1, we have Burden test which is given by:

Qρ=1 =
k

∑
j=1

wj
2(

k

∑
i=1

(Yi − m̂i,0)xij)
2 (2.65)

- If ρ = 0, we have SKAT test which is given by:

Qρ=0 =
k

∑
j=1

wj
2(

k

∑
i=1

(Yi − m̂i,0)xij)
2 (2.66)

So, the weights of rare and common variants are given by:

wj = β( ˆMAFj, 1, 25) (2.67)

with :

50



Functional Genome Wide Association Analysis in Malaria Resistance and Susceptibility

- ˆMAFj = Estimated based on the all subject for variant j.

- wj = Weight of variant j.

- m̂0 represents estimate probabilities vector of Y under the null model.

Therefore, we can join the effects of rare and common variants in genomic regions, therefore the

score test statistics for uncommon and common variants are combined as a weighted sum, we

define the test as convexity of Q under φ,by:.

Q = φQcommon + (1− φ)Qrare (2.68)

with φ =
σrare

σrare + σcommon
(2.69)

2.6.1 Fisher’s Combination Method

The present approach conduct the combination of P-values from rare variant (Prare) and common

variants (Pcommon) test instead of using test statistics

Let’s Consider two p-values (Prare, Pcommon), we have:

QF,ρ1,ρ2 = −2ln(Prare)− 2ln(Pcommon) (2.70)

Under null hypothesis −2ln(Prare),−2ln(Pcommon) follow χ2(2) and QF,ρ1,ρ2 follows χ2(4), then

we have:

E[QF,ρ1,ρ2 ] = 4 (2.71)

var(QF,ρ1,ρ2) = 4 + 2cov(−2ln(Prare),−2ln(Pcommon)) (2.72)

In case cov is quadrature function.

cov(−2ln(Prare),−2ln(Pcommon)) =

 r(3.25 + 0.75r), 0 6 r 6 1

r(3.27 + 0.71r), −0.5 6 r 6 0
The distribution can be

approximated by

QF,ρ1,ρ2 ∼ cχ2
f (2.73)

with c =
QF,ρ1,ρ2

2 ∗ E[QF,ρ1,ρ2 ]
and f =

2E[QF,ρ1,ρ2 ]

var[QF,ρ1,ρ2 ]
(2.74)

- If ρ1 = ρ2 = 1, we have burden-F (Burden fisher’s test)

- If ρ1 = ρ2 = 0, we have SKAT-F (SKAT fisher’s test)
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Chapter 3

Materials and Methods

This section is based on methods and materials used during our analysis. From the European

Phenome Genome Archive (EGA) described in Table 3.1, Following the basic data access protocols

outlined in the standard data access protocols. From three African populations ( including Kenya,

Gambia and Malawi), we handled a severe Malaria GWAS dataset (N = 11,000) [93]. From

international protocol defined by WHO, it has been decided as follows:

• Children with severe cases of malaria were admitted to hospital using WHO protocol

definitions for cerebral malaria (Blantyre coma score < 3 for children or Glasgow coma score

< 11 for adults)[94].

• Severe malaria anaemia (haemoglobin < 5 g/100 mL or haematocrit < 15%) and other

symptoms associated with malaria [94].

So,the control cohorts were taken from representative cases of the ethnic groups or from certain

local population research sites [93]. The Illumina Omni 2.5M array and QC samples were

genotyped and filtered as defined in Table 3.1 as :
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Table 3.1: Represent the raw-data collected from European Phenome Genome Archive

S/N Description Sample size EGA Dataset ID

1 Kenya 1944 cases, 1708 controls, 180

parents & 33 other

EGAD00010000904.

2 Gambia 2807 cases, 2786 controls & 1 par-

ents

EGAD00010000902

3 Malawi 1194 are cases and 1322 are con-

trols

EGAD00010000903

So, the workflow of our work is presented in Figure 3.1 as following:

Figure 3.1: Workflow of Analysis
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3.1 Genome Wide Association Study Analysis

3.1.1 Quality Control (QC)

We then performed basic quality controls (QCs) including SNP missingness, Hardy-Weinberg

equilibrium, sample missingness, heterozygosity rate and minor allele frequencies(MAF) using

Plink1.9 Software. These include

• We removed SNP with missing proportion greater than 0.05 ( means < 95 % of no missing

markers ( geno 0.05) ).

• The individuals having genotype missingness greater than 0.05% ( mind 0.05 ) are excluded.

• SNPs with a low number of minor alleles are rare variants (with a frequency of minor alleles

< 0.01), so there is a lack of ability to identify associations of SNP phenotypes. These SNPs

are also more prone to genotype errors. We therefore filtered SNPs having MAF(Minor

Allele Frequency) greater than 0.01.

• It is usually considered in GWAS that deviations from HWE (Hardy Weinberg Equilibrium)

are the cause of errors in genotyping [95]. Thresholds are also less strict in cases than in

controls, as in cases the breach of the HWE law may be representative of a real genetic

association with the risk of disease. In our case, Markers that deviate from HWE(Hardy-

Weinberg equilibrium) using p-value <1e-10 in cases and <1e-6 in controls would be omitted

We performed the Emmax method for the GWAS analysis. Currently, Emmax is one of the

best tools used to perform GWAS, Many GWAS studies have demonstrated the success of Emmax,

this can be attributed to the fact that only a small fraction of complex traits are described by each

loci, which helps us to escape redundant variance component estimation process, resulting in a

substantial increase in interaction mapping computational time using mixed model [96].

We therefore performed GWAS analysis then we found 8,133,118 variant SNPs for Gambia,

8,834,631 variant SNPs for Kenya and 7,761,423 variant SNPs for Malawi in our summary statistics.

Based on the p-value threshold of 5e-7, we got 5 SNPs in Malawi populations, 10 SNPs in Kenya

population and 0 SNPs in Gambia population (see result section 4.1). So, because of the small

number of significant SNPs based on p-value threshold ( < 5e-7), it becomes more relevant to

improve the statistical power of variants to increase the number of significant SNPs associated

with severe malaria by using Meta-Analysis approach. Then we have QC results filtered:
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Table 3.2: QC Result after filtering

S/N Study Name Sample size Size of SNP variant

1 Kenya Population

data set for severe

Malaria

1944 cases, 1708

controls, 180 par-

ents & 33 other

15845917 variants

have passed.

2 Gambia Population

data set for severe

Malaria

2807 cases, 2786

controls & 1 par-

ents

8138576 variants

have passed

3 Malawi Population

data set for severe

Malaria

1194 are cases and

1322 are controls

7786624 variants

have passed

3.2 Cross Populations Meta-Analysis

We performed GWAS meta-analysis using tools including Metal and Metasoft. Briefly, using

METAL the approach combines either test statistics and standard errors or p-values across studies

(taking sample size and direction of effect into account).

MEtASOFT is considered to be a powerful method due to the integration of Binary effect method,

usage of Random, Fixed effect method and Evaluation of Heterogeneity. To use it, we consider

only SNPs that were common in all the data sets (Kenya, Gambia and Malawi) were retained for

meta-analysis. We used METASOFT tool, which has the potential of carrying out meta-analysis

using both fixed, random effect, binary effect and the Han and Eskin random-effects model. We

used an in-house python script to obtain the set of SNPs that were common among the data sets

in each case. To control any possible confounding from population stratification, we first run

all the SNPs without -lambdamean and -lambdahetero parameters in the METASOFT. We then

obtained the values as -lambdamean = 0.904629 and -lambdahetero = 0.62 from the log files of

the meta-analysis run for the raw genotypes GWAS data. We then repeated the meta-analysis by

supplying these values to the METASOFT as recommended. Variants with meta-analysis p-values

less than < 5e-08 were considered significant.

From our three GWAS summary statistics, we performed GWAS Meta-Analysis using Metasoft.

Then we got 5,942,350 SNP variants , the effects are assessed based on posterior probability of

association called "M-value". We will filter the variant SNP with M-value>0.9 across these 3 studies

(Gambia, Malawi and Kenya), we will therefore consider variants that have passed threshold (see
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Table 4.7). We will compare the results from these tools (Metal and Metasoft) and consider the

replication variants, also we will observe the novel significant SNPs. .

3.3 Functional Genome Wide Association Study (FGWAS) Anal-

ysis

The detection of the genetic polymorphisms causing phenotypic variation in humans and iden-

tifying the target molecular mechanisms by which these variations exert their effects is a main

goal of research in human genetics [97]. Although, GWAS has answered many questions related

to trait and variant, to find causal variant it was always a challenge. Recent researches have

improved these difficulties, It has been proven that from regulatory elements and Annotations of

gene structures we can inform GWAS [57]. Unfortunately, despite the insurance and significant

advances of this method, we always have challenges to find the relevant annotations able to

interpret the association study related to the trait.

In the present study, we applied the specific model used in statistics using association computed

across the genome to identify groups of genomic elements enriched or depleted for loci influencing

the trait based on functional genomic information. This approach is called "FGWAS". To perform

FGWAS in our study, we have used "FGWAS-tool" under the statistical model described by Pickrell

JK (2014) [64].

To perform FGWAS approach using ("FGWAS-tool"), the tool requires at least 20 significant

SNPs for the whole study. However, in our meta-analysis study we had 35 significant SNPs (see

Table 4.7 ), then we will use this GWAS meta-analysis summary statistics to perform FGWAS.

3.3.1 Functional Genomics

A separate branch of genomics called functional genomics has developed to analyze genomic pro-

files of genes and their functions.Eventually, the elements of a genome express the characteristics

to understand the function of genes or proteins. Scanning genomic regions to encoded proteins,

SNPs may be detected by putative genes, based on features such as long open reading frames,

transcriptional initiation sequences, and sites of polyadenylation. Further evidence would validate

a sequence known as a putative gene, such as the similarity of the same organism to cDNA or EST

sequences, from known proteins we can predict protein sequence, The association of sequences

with promoters or the evidence that an identifiable phenotype is created by mutating the sequence.
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The require database analysis contains 451 functional genomics annotated from genome, described

the annotations (450 annotations for presence/absence and distance to the closest start point for

transcription) which is presented as following:

• DNase-I hypersensitivity data (containing 116 blood cells samples )

• Chromatin State data

• Gene Models

These Annotations are downloaded from 1000 Genomes variants (ftp://ftp.1000genomes.ebi.

ac.uk/vol1/ftp/release/20110521/).

There is a number of chromosomes, location (hg19 coordinates), and rs for each variant, accompa-

nied by annotations. "1" indicates that the variant comes inside the annotation, and "0" implies that

it does not. The "tssdist" annotation also exists, which is the gap in the "Ensembl gene databases"

the closest to transcription start point [64].

3.3.2 Explanation of Analysis

The genome is segmented per block, such as each block contains 5,000 SNPs. from our meta-

analysis, then extracted the significant SNP from each blocks. Thus,we reported the Z-score of

each SNP from our Meta-Analysis summary statistics. So, the SNP with smallest P-value is called

’causal SNP’, is tested into the annotations regions. We then test the annotations by putting all

"non-causal" SNPs with annotation c1, and “causal” SNPs with rate of the annotation c2 . We

considered different numbers of blocks included in the model.

For each simulation, the SNPs were assigned randomly to annotations based on determined rates.

Therefore, the model was ran under the assumption that there is association, that is, all blocks

include a causal SNP. We then measured power as the proportion of simulations in which there

was no overlap of zero in the confidence intervals of the annotation effect.

In this Analysis, we have extracted the relevant functional genomics related to Severe Malaria (

Brain and red blood ), non-coding part, Binding site, transcription start site,etc ...

To proceed the analysis we have established a workflow that presents the different steps of the

analysis.

1. GWAS and Genomic :

Extraction of genotype information of our target data to the reference data. This new file will

contain the following SNPID, CHR, BP, Z-Score, NCase, NControl and Functional Genomics

information.
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2. Test the annotation individually , it means we will test for each variant if it is depleted or

enriched.

3. We will find the annotation able to increase the likelihood of the model, then test it in

combination with all other significant annotations.

4 We will keep adding annotations in this manner until there are no annotations that improve

the likelihood.

5 Because of over-fitting problems in the model sometimes, it’s relevant to use cross-validation

for the best fit model. We apply the cross-validation likelihood, and find the penalty with

the best cross-validation likelihood.

STEP1

It’s important to notice that, in Severe malaria there is 2 genomic annotations interested regions

( Brain region and Red blood region), because as infection disease caused by parasite, most of

pathogenesis is developing in red blood, also as severe malaria it has been shown that at the high

stage this disease can cause and lead a cerebral Malaria, Which is the most significant neurological

complication of Plasmodium falciparum infection, these attack the brain. We therefore decided to

extract our genotype information using our target summary statistics to the reference annotation

data integrated in the tool, only for Brain and Red blood, also to use binding site information (

TSS, enhancer, promoter, etc ...). Then we have recorded 17 annotations, presented as following:

1. Non-Synonymous.

2. Enhancer (K562).

3. DNase ( CMK Leukemia line )

4. TSS-dist ( 0-5 Kb, 5-10 Kb)

5. Repressed K562

6. Ens-exon coding

7. Ens-exon noncoding

8. CD3+ Cells

9. CD4+ Cells

10. CD56+ Cells

11. TH1 T Cells

12. Ens-utr3-exon

13. Ens-utr5-exon

14. TSS-distance
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15. CD8+Cells

17. Brain-microvascular

We are going to test among these annotations, which one has a best likelihood. Find an annotation

able to increase the likelihood of the model, then test it in combination with all other significant

annotations.

The conclusion is made by 2 factors:

- If PPA (posterior probability of association) > 0.9 and p-value < 5e-8, then we have a true

positive.

- Otherwise, we have true negatives.

3.4 Functional mapping and annotation of genetic associations

(FUMA)

We will use the summary statistics of our GWAS meta-analysis across 3 populations to perform

the functional annotations and mapping . The pipeline that recognizes genomic risk loci and

prioritizes possible causal genes, has been introduced by integrating data from several sources (

such as ENCODE, GTE, Roadmap Epigenomics Project and chromatin interaction information).

From 1000 Genome version 3 of the African population, a pre-calculated LD structure has been

used to test the risk loci and significant SNPs independent of GWAS summary statistics. These

independent significant SNPs are classified as genome-wide significant SNPs (P-value < 5e-7)

within (LD threshold r2 > 0.6), near proximity SNPs (< 250 kb) are known to be a single locus,

such that multiple independent significant SNPs and lead SNPs can be found in each genomic

locus. We will identify the different genes mapped from our SNPs, and we will map the genes

to cell-type tissue, and find their respective gene functions. Also will use GSEA to evaluate the

statistical significant of different genes and to concorde differences between two biological states

3.5 GeneSet and Enrichment Analysis Using GENEMANIA

For Geneset analysis, we used GENEMANIA which has an aim to provide an affordable interface

to query genomic [98], functional interpretation of gene data and proteomic. It can be used for

several of single gene queries [99]. In our study GeneMANIA will help us to find the genes closely

related to the networks and weighted these data based on gene co-annotation patterns from the

biological function hierarchy of Gene Ontology . We will evaluate the interaction between genes,
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their pathways.

For further enrichment analysis we used Enrichr, this database tool is highly worthy and flexible,

it contains background libraries providing relevant information to pathways analysis,transcription

regulation, protein proteins interactions, ontologies including GO(Gene Ontology) for human

phenotype ontologies. Its cover signatures treat cells with drugs, gene expressions of different

cells and tissues. This library covers over 200,000 sets of annotated genes from over 70 resources.

The tool is accessible through the API and offers multiple ways to simulate the performance.

From our FUMA results, we used the gene-set result into Enrichr to identify the group of genes

and proteins which are over-represented in a large set of genes and proteins database, verify the

disease associated [100]. Transcriptomics tools and proteomics outcomes also classify thousands

of genes that are used for study, using statistical methods to identify substantially enriched or

deficient classes of genes.

Similarly as above the FUMA results, was analysis further analysis using Enrichr analysis to find

the different pathways and disease related to our gene-list

3.6 Data Analysis for Rare and Common Variants

The hypothesis of GWAS is based on common variants and common disease. So,this hypothesis

limitate the potential power for association of variants with lowest or smallest minor frequency (

case of rare variants ). To analyze rare variants, we applied the robust unified sequence kernel

association test (SKAT-O), this test combine burden and variance component analysis to GWAS

dataset.To harmonize genotype, we moved trash SNPs with strand and position different, we

phased using SHAPEITv2. To improve the quality of data, we imputed our data using impute2,

the result was ∼ 20 millions in each population. After quality control and imputation accuracy, we

retained approximately 15,000 SNPs in each population. We filtered data based on SKAT-O proce-

dure. To conduct the analysis of rare variants is important to filter the variants with MAF< 1%,

and from these filtered variants we will aggregate the effects by combining the different tests,

using SKAT and Burden.

We have collected different samples from 3 study populations (Kenya, Malawi and Gambia)

based on Malaria phenotype. We recorded the below information:

- 3142 Kenya samples and 8834631 variants

- 2516 Malawi samples and 7786624 variants.

- 4920 Gambia samples and 8133118 variants
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From these above information, we merged the genotype data using plink, then we obtained a

merge file containing the information of these 3 studies, in plink formats, we found merge files

with 5658 samples and 9573062 variants. To perform SKAT analysis. We need 2 important files

(SetID file and SSD file). To get a SetID file, we have to extract SNPs information from the bim

file and we map these variants into the corresponding genes using dbSNP, this file will contain 2

columns (GeneSetid and SNPid). From the SetID file, you can generate an SSD file. then we got:

• 163 samples have either missing phenotype or missing covariates.

• 1276043 Number of SNPs.

• 5658 Number of Individuals.

• 1416 decoded.

• 40825 total number of sets.

• 30806 sets

• 22334 genes uniquely sorted.

We performed linear regression under the null hypothesis. As we are using binary traits, the

phenotype information contains the binary values (1 and 0), then we run this model, by testing

the model under "SKAT" and "SKAT-O". We will use the output to evaluate the MAPs (minimum

achievement p-value) and map then at the gene-level.

3.7 Polygenic Risk score Analysis (PRS)

The present part is focused on analysis of PRS. This approach is based on summation of traits

associated with alleles across many genetic loci, which we weighted the effect sizes estimated

from GWAS. Using this method we are expecting to find out genetic signals of studies with low

power, to infer a trait’s genetic architecture, to screen for Malaria in clinical trials, and to act as

a Malaria biomarker. Our PRS analysis will use PRSice (‘precise’) software. Its use to calculate,

apply, evaluate and plot the results of PRS. It will also perform the best-fit PRS, as well as come out

the results based on calculation at broad P-value thresholds. We use this study in each population.

From GWAS, we have k SNPs, with i = 1, 2, ...,k. Each SNP is associated with the trait with

P-value Pi, we define SNP genotype Wi,j = {0, 1, 2} with j represent individual, where j = 1, 2, ... ,

N and the phenotype. Thus, based on the additive assumption made by GWAS, effect size for

each variant is estimated by βi , this is the effect of a unit able to increase in genotype, Wij , on the

phenotype.

We use SNPs for inclusion in polygenic risk score based on the degree of evidence, P-value, for
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their association to base phenotype in a GWAS. For Pi smaller than a threshold we will consider

SNPi to be included in a PRS. We therefore calculate PRS by a different number of P-value

thresholds PT .

Thus, PRS for individual j based on threshold PT is calculated as:

PRSPT j =
k

∑
i=1

βiWi,j (3.1)

Let’s evaluate PRS on Malawi Data. To perform PRSice, we need to run the standard quality

control using plink.

Generally, Polygenic risk scores (PRS) are calculated across a large number of individuals from the

"Target phenotype" dataset uses n associated SNPs, the genotypes of which have either effect (or

not) on the "Base phenotype". We therefore evaluate the distribution of genetic overlap phenotype

between population using base and target dataset. This genotype results can be inferred from a

univariate regression of the base phenotype on each SNP, such as from a genome-wide association

study (GWAS).

3.7.1 Base Phenotype Dataset

Our base data set was downloaded from MalaGen, which is a Genome-wide study of resistance

to severe malaria in eleven populations summary statistics, we recorded 18429068 variants from

case-control added per population. From this data set, we extracted each GWAS summary statistics

related to the concerned population. Since, the present Analysis have 3 studies populations (Kenya,

Gambia and Malawi) then each population has its own base data set extracted from Genome wide

study of Malaria resistance and severity. We excluded all variants with low quality of imputation

(< 0.7).

3.7.2 Target Phenotype Data set

We used genotype data from the MalariaGen consortium for African population, presented as

following:

62



Functional Genome Wide Association Analysis in Malaria Resistance and Susceptibility

Table 3.3: Represent the raw data collected from MalariaGen, used as Target phenotype data set for each PRS analysis

S/N Study Name Sample size

1 Genome wide study of resis-

tance severe Malaria in eleven

populations(Kenya)

1944 cases, 1708

controls, 180 par-

ents

2 Genome wide study of resis-

tance to severe Malaria in eleven

populations(Gambia)

2807 cases, 2786

controls & 1 par-

ents

3 Genome wide study of resis-

tance to severe Malaria in eleven

populations(Malawi)

1194 are cases and

1322 are controls

We did quality control on this dataset, by removing individuals with missingness > 1%, SNPs

with MAF < 1% and SNPs not in HWE (P < 1e-05 ) were also removed, then our targets phenotypes

data sets are presented as:

Table 3.4: Represent the raw data collected from MalarianGen, used as Target phenotype data set for each PRS analysis

S/N Study Name Sample size

1 Genome wide study of resis-

tance severe Malaria in eleven

populations(Kenya)

1505 cases, 1474

controls, 180 par-

ents

2 Genome wide study of resis-

tance to severe Malaria in eleven

populations(Gambia)

2429 cases, 2491

controls & 1 par-

ents

3 Genome wide study of resis-

tance to severe Malaria in eleven

populations(Malawi)

1194 are cases and

1322 are controls

The linkage disequilibrium (LD) was accounted by selecting the SNP in the base phenotype

data set with the lowest discovery P-value in a sliding window of 250kb, only retaining variants

with a pairwise LD with r2 < 0.1, according to LD calculated in the target data set. We performed

high-resolution scoring by testing every threshold between PT = 0.0001 and PT = 0.5 at increments
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of 0.00005, when we apply PRSice, we exclude SNPs in LD (Linkage disequilibrium) and add PCA

(principal components analysis) to control for population structure.
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Chapter 4

Results

4.1 GWAS Results

4.1.1 Quality Control (QC)

From the Table 3.2, we have QC results filtered for the variants. We performed GWAS analysis

for each population using Emmax. In our analyses, the biases from population structure was

well-contained (GC =∼ 1) as shown in Figure 4.1. we identified a total of 10 ,0 and 5 GWAS

significant SNPs ( based on threshold < 5e-7 ) in Kenya, Gambia and Malawi respectively as shown

in Figure 4.1 genomic control anlysis and Table 3.2
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,

Figure 4.1: From left to right, we have qqplot of Kenya, Gambia and Malawi based on population stratification

a) Malawi Population

After performing GWAS using Emmax we got summary statistics result having 7,761,423 SNPs,

and after filtering using based on threshold < 5e-7, we have the result presented on 4.1, given as :
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Table 4.1: Summary Statistics of significant SNPs

CHR BP SNP MAF A1 / A2 BETA S.E P

2 21536042 rs11883957 0.1714 A/C -0.09554687629 0.01868006014 3.375548093e-07

2 21536873 rs13427673 0.1721 A/G -0.09493403663 0.01860868075 3.619283502e-07

15 75140207 kgp20017291 0.1898 A/G -0.09533428839 0.01810268906 1.509921293e-07

15 75143525 rs56981059 0.1671 C /CAG -0.1015045559 0.01933767982 1.656666137e-07

15 75146861 rs74831792 0.191 T/C -0.09326829454 0.0183670664 4.093333867e-07

We have recorded 4 variants filtered based on threshold. Therefore, we can map them at the

gene-level, then we have:

Table 4.2: SNPs to Genes based on Biocard

CHR SNP Band gene gene_biotype P

2 rs11883957 NA NA NA 3.375548093e-07

2 rs13427673 NA NA NA 3.619283502e-07

15 rs56981059 q24.1 SCAMP2 protein_coding 1.656666137e-07

15 rs74831792 q24.1 SCAMP2 protein_coding 4.093333867e-07

Then we found only one gene "SCAMP2", This gene is part of the SCAMP family of proteins, it

has as specifical function to secretory carrier of membrane proteins. He has a function of carrying

the surface of cells in post-golgi recycling pathways. Therefore, we can visualize Malawi summary

statistics in Manhattan plot:
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Figure 4.2: Only 5 variants SNPs have passed the cut-off of p-value < 5e-07

b) Gambia Population

In this study no variant snp has reached the threshold for p-value < 5e-07. We can visualize the

result in Manhattan plot

,

Figure 4.3: Manhattan plot of Gambia GWAS based on his Summary Statistic

c) Kenya Population

After performing GWAS Analysis based on Emmax applied in Kenya’s Population and Filtering

this summary statistics using threshold of p-value < 5e-07, we have results on Table 4.3, containing

only 9 significant SNPs.
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Table 4.3: We find out 9 SNP variants passed the threshold

CHR BP SNP MAF A1 / A2 BETA S.E P

1 238101255 rs570560 0.3322 C/A -0.3289450132 0.06409746257 3.041926977e-07

4 37467839 rs1479764 0.1302 T/C 0.5691018221 0.0893084461 2.134275545e-10

4 37468127 rs148442339 0.1289 G/GTA 0.5686109224 0.08974262889 2.69457921e-10

4 37468270 rs77403150 0.09642 C/G 0.5968787134 0.1008968057 3.659750271e-09

4 37469435 rs16993572 0.1301 G/C 0.5694313557 0.0893034102 2.079329902e-10

4 37469735 rs78238616 0.1301 C/T 0.5694313557 0.0893034102 2.079329902e-10

4 37475006 rs375672236 0.0969 A/ATGAT 0.5876234886 0.1005603208 5.635308319e-09

5 102305398 rs6884577 0.1411 T/C 0.4371233347 0.08581364111 3.7154558e-07

7 83354218 rs6950669 0.3391 G/A 0.3244294498 0.06427159116 4.724085519e-07

We can map these significant SNP variants at the gene-level

Table 4.4: Significant variants mapped onto the Gene-level

CHR SNP Gene Band Gene_biotype P

1 rs570560 NA NA NA 3.041926977e-07

4 rs1479764 C4orf19 p14 protein_coding 2.134275545e-10

4 rs148442339 C4orf19 p14 protein_coding 2.69457921e-10

4 rs77403150 C4orf19 p14 protein_coding 3.659750271e-09

4 rs16993572 C4orf19 p14 protein_coding 2.079329902e-10

4 rs78238616 C4orf19 p14 protein_coding 2.079329902e-10

4 rs375672236 NA NA NA 5.635308319e-09

5 rs6884577 PAM q21.1 protein_coding 3.7154558e-07

7 rs6950669 NA NA NA 4.724085519e-07

Then we find only 2 Genes mapped at the gene-level ( C4orf19 and PAM ). We can visualize

GWAS Summary statistics with Manhatthan plot.
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Figure 4.4: Kenya Summary statistics Manhattan plot

Our study is based on identification of causal variant snps. Despite many steps involved in

this analysis, we still have a small number of SNPs and we discovered false positives due to the

SNPs in LD. To challenge this issue, it becomes more relevant to perform Meta-Analysis.

4.1.2 Biological Functions of the identified variants

• From GWAS-Malawi summary statistics based-on Significant-SNPs we found only one gene

"SCAMP2", This gene is part of SCAMP family of proteins, it has as specifical function to

secretory carrier of membrane proteins. He has a function of carrying the surface of cells in

post-golgi recycling pathways.

• From GWAS-Kenya summary statistics based-on Significant-SNPs we found only 2 genes

"C4orf19","PAM".

• C4orf19 is the family of uncharacterized proteins, and is found in the tissue enhanced

(pancreas, placenta), his protein can express membranous and cytoplasmic expression

in most tissues.

• PAM means "Peptidylglycine Alpha-Amidating Monooxygenase" ), this gene is leading to

code the protein, and is able to encode multiple functions of protein. It has proteolyti-

cally encoded protein, and is processed to provide a mature enzyme. So, these enzyme
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has two domains having different catalytic activities such that :

• A peptidylglycine alpha-hydroxylating monooxygenase (PHM) domain.

• A peptidyl-alpha-hydroxyglycine alpha-amidating lyase (PAL) domain

So, the catalytic domains have a role of catalyzing the conversion neuroendocrine

peptides to activate active alpha-amidated products sequentially. Multiple transcript

variants arise from alternative splicing, proteolytic has processed at least one of them

encodes an isoform. Diseases associated with PAM include Menkes Disease and

Gestational Trophoblastic Neoplasm. The annotations of Gene Ontology (GO) have

been associated with genes including copper ion binding and L-ascorbic acid binding.

We can summarize the tissue information and function for these two genes ("PAM" and

C4orf19) into the Figures (4.5 and 4.6 ) :

Figure 4.5: Relevant information of "C4orf19" and "PAM" in cell type tissues

,
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Figure 4.6: Heatmap of expression for "C4orf19" and "PAM"

4.2 Results from Cross Meta-Analysis

4.2.1 Metal

We performed Meta-Analysis 3 studies (Gambia , Malawi and Gambia) using Metal, then we

found 8,402,059 variant SNPs. We sorted these SNPs in ascending order, then the lowest p-value is

for rs1479764 which is equal to 3.824e-07, shown on the Table4.5:

Table 4.5: We got 3 SNPs variants have passed the threshold of 5e-07

SNP A1/A2 MAF Z-score P-value

rs1479764 t/c 0.8638 -5.078 3.824E-07

rs16993572 c/g 0.136 5.076 3.854E-07

rs78238616 t/c 0.136 5.076 3.854E-07

Before we visualize GWAS Meta-Analysis summary statistics, we have to convert that output

to plink format,and then we can visualize it as:

Figure 4.7: Mahanatthan plot for Meta-Analysis find from Metal
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We can map these SNP variants at the gene-levels, then we got the Table 4.6:

Table 4.6: We identify only one gene C4orf19 mapped by these SNP based on significant SNP threshold 5e-07

CHR SNP Gene Band Gene_biotype P OR± SE

4 rs16993572 C4orf19 p14 protein_coding 3.854e-07 1.99439± 1.146

4 rs78238616 C4orf19 p14 protein_coding 3.854e-07 1.99439± 1.146

4 rs1479764 C4orf19 p14 protein_coding 3.854e-07 0.01245± 2.372

This result is temporary, we will validate it after using Metasoft.

We are uncertain which method has improved gene numbers with significant snp variants.

Then we were 3 formats of output, which are *.mmap, *.meta.mcmc.out and *.meta, the summary

information was containing in *.meta.mcmc.out.Then we got 5942350 SNP variants

The effects are checked based on posterior probability of association called "M-value". We

are going to filter the variant SNP with M-value>0.8, we got 35 variant SNPs that have passed this

threshold, see in the Table Metasoft-tab.

We can visualize 3 top SNPs in forestplot, then we have the Figures 4.8.
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Figure 4.8: The above figures represent the forestplot 3 top SNPs found in GWAS Meta-Analysis. We have: rs1479764

mapped to the gene C4orf19, rs12700120 mapped to the gene IQCE and rs2059278 mapped to the gene

CDH13 describes
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Table 4.7: We find out 20 SNP variants passed p-value threshold 5e-07 and m-value >0.8

Snp-id P Value-RE Mvalue-GB Mvalue-Kny Mvalue-Mlw Genes

rs1479764 3.27E-12 0.91 1 0.92 C4orf19

rs12700120 1.09061E-08 0.85 0.992 0.97 IQCE

rs2059278 5.56E-07 0.952 0.825 1 CDH13

rs1946283 4.27516E-07 0.99 0.872 0.998 CDH13

rs3214664 1.02375E-08 0.965 0.836 0.997 IQCE

rs28549904 1.05169E-07 0.97 0.828 0.997 CDH13

rs3922591 1.49E-07 0.992 0.897 0.978 NA

rs1364298 2.15E-07 0.971 0.868 0.998 CDH13

rs6563899 2.44383E-08 0.993 0.854 1 CDH13

rs1019569 4.06E-07 0.963 0.824 1 CDH13

rs7309982 5.2635E-07 0.998 0.827 0.983 BORCS5

rs10657376 8.39301E-08 0.977 0.818 0.996 CDH13

rs6665029 1.15328E-07 0.999 0.826 0.943 LOC105378641

rs146715151 1.3358E-07 0.987 0.825 0.993 NA

rs148009496 1.56514E-07 0.983 0.824 0.987 NA

rs113936393 1.76666E-07 0.995 0.83 0.966 BORCS5

rs691901 2.15472E-07 0.97 0.813 0.991 NA

rs4782771 3.19476E-07 0.981 0.853 0.998 CDH13

rs28419181 3.58101E-07 0.981 0.875 0.976 NA

rs7665590 3.9969E-07 0.983 0.83 0.982 EIF4E

rs6563897 5.50636E-07 0.972 0.836 0.998 CDH13

rs7191306 9.73333E-07 0.97 0.855 0.999 CDH13

rs8063612 0.000475776 0.957 0.858 1 CDH13

rs1019570 0.000512758 0.95 0.831 1 CDH13

rs1820255 0.000873478 0.924 0.815 0.999 CDH13

rs3837432 0.00107169 0.99 0.899 0.989 BET1L

rs1019568 0.0011107 0.923 0.825 0.999 CDH13

rs4721846 0.00201919 0.987 0.906 0.992 IQCE

rs12700112 0.00255554 0.978 0.913 0.99 IQCE

rs2833970 0.00294005 0.824 0.819 0.994 NA

rs12700120 0.00341397 0.981 0.912 0.987 IQCE

rs13242369 0.00423499 0.968 0.904 0.985 IQCE

rs12700094 0.00717821 0.96 0.908 0.975 IQCE
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Comparing the results from Table 4.6 and Table 4.5, we have decided to use result from Table

4.6. Because the model incorporates the tool, it takes in account the random effect and it’s based

on a binary effects model.

4.3 Results from Gene and Pathway-based Association using

PASCAL tool

Therefore, from our Meta-Analysis summary statistics, we conduct gene- and pathway-based

association using PASCAL to generate the genescore of our analysis.

Our input summary statistics recorded 27 significant variants, then we performed the PASCAL

analysis and we filtered significant genes ( with p-value < 5e-08), we found 22 significant genes,

see Table 4.8.
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Table 4.8: We find out 22 genes variants passed the threshold with p-value <5e-0.8

chr start end gene-id gene-symbol pvalue Status

chr4 49189295 49381666 2492 C4orf19 7.07545134E-13 DAVIES-SUCCESS

chr16 116262692 116381921 2444 CDH13 5.39571388E-10 DAVIES-SUCCESS

chr6 116359893 116361107 728402 TPI1P3 5.39571388E-10 DAVIES-SUCCESS

chr5 74017030 74063042 84340 GFM2 5.79692505E-09 DAVIES-SUCCESS

chr20 29992647 30000641 245934 DEFB121 6.27940622E-09 DAVIES-SUCCESS

chr20 30009241 30016983 245935 DEFB122 6.27940622E-09 DAVIES-SUCCESS

chr20 30028410 30038060 245936 DEFB123 6.27940622E-09 DAVIES-SUCCESS

chr20 30053308 30060816 245937 DEFB124 6.27940622E-09 DAVIES-SUCCESS

chr20 30063104 30072708 28954 REM1 6.27940622E-09 DAVIES-SUCCESS

chr20 30073580 30075377 140875 LINC00028 6.27940622E-09 DAVIES-SUCCESS

chr5 74062815 74072737 10412 NSA2 6.32183805E-09 DAVIES-SUCCESS

chr5 129240522 129522327 337876 CHSY3 9.57275492E-09 DAVIES-SUCCESS

chr5 73935847 74017113 3074 HEXB 9.62195712E-09 DAVIES-SUCCESS

chr5 74073398 74191788 26049 FAM169A 1.36894532E-08 DAVIES-SUCCESS

chr20 29845466 29847435 245929 DEFB115 1.60585756E-08 DAVIES-SUCCESS

chr20 29891014 29896388 245930 DEFB116 1.60585756E-08 DAVIES-SUCCESS

chr3 114056946 114866127 26137 ZBTB20 1.81888481E-08 DAVIES-SUCCESS

chr15 64199234 64338521 23604 DAPK2 2.14797545E-08 DAVIES-SUCCESS

chr5 1050488 1112172 10723 SLC12A7 3.03389116E-08 DAVIES-SUCCESS

chr17 77085426 77512230 146713 RBFOX3 3.71772273E-08 DAVIES-SUCCESS

chr16 86365455 86379285 732275 LINC00917 3.74831993E-08 DAVIES-SUCCESS

chr2 58134785 58387055 7444 VRK2 4.68143136E-08 DAVIES-SUCCESS

Therefore we can analyse the function of these genes using FUMA. In doing so, we got 5 genes

mapped and we have generated a heatmap for gene expression in Figure 4.9:
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Figure 4.9: Gene expression in different cell types and tissues type specificity of each gene.
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4.4 Result from FGWAS Analysis

FGWAS analysis is based on Metasoft output result, this is due to the large number of significant

SNPs required by (the tool required at least 20 significant SNPs) the tool. We therefore got the

result in the Table 4.9:

Table 4.9: This table represents the likelihood of each annotation among 17 annotations selected (without tss_dist and

Brain Microvascular)

Annotation ln(llk) [Likelihood] AIC

nonsynonymous 0.708068 0.58

ens-coding-exons 4.21885E-14 2

CD3-DS17198 1.77636E-14 2

CD8-DS17203 1.55431E-14 2

hTH17-DS11039 1.17684E-14 2

HBMEC-DS13817 1.11022E-14 2

CD4-DS15947 1.06581E-14 2

DnaseTh1 9.76996E-15 2

k562.combined.R 7.9936E-15 2

k562.combined.E 0 2

CMK-DS12393 0 2

ens-utr3-exons 0 2

ens-utr5-exons 0 2

ens-noncoding-exons 0 2

CD56-DS16376 0 2

Also we have the maximum likelihood of each annotation parameters in the region-level and

gene density, see the Table 4.10 and the Foresplot 4.10 .
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Table 4.10: Represent each annotation with the respect effect.

Annotation Marginal Effect [95 % CI ] log2 (Effect) [95 % CI ]

CD3-DS17198 27.0833 [-20,47.0833] 5.54872e-17 [2.51912e-21,0.00432037]

CD4-DS15947 27.0814 [-20,47.0814] 5.53697e-17 [2.51378e-21,0.00371303]

CD56-DS16376 30.625 [-20,50.625] 1.64746e-41 [7.47945e-46,0.00359436]

CD8-DS17203 27.0933 [-20,47.0933] 5.53206e-17 [2.51155e-21,0.00422478]

CMK-DS12393 5.82812 [-20,20] 9.09247e-20 [4.12798e-24,0.00356969]

DnaseTh1 27.0917 [-20,47.0917] 5.54028e-17 [2.51528e-21,0.00364998]

ens_coding_exons 27.8509 [20,47.8509] 5.54245e-17 [2.51627e-21,0.00653115]

ens-noncoding-exons 5.82812 [-20,20] 9.09247e-20 [4.12798e-24,0.00393848]

ens-utr3-exons 27.0975 [-20,47.0975] 5.52286e-17 [2.50738e-21,0.00465154]

ens-utr5-exons 5.82812 [-20,20] 9.09247e-20 [4.12798e-24,0.00380423]

HBMEC-DS13817 27.0917 [-20,47.0917] 5.54028e-17 [2.51528e-21,0.00405603]

hTH17-DS11039 28.7082 [-20,48.7082] 5.37557e-17 [2.4405e-21,0.00367723]

k562.combined.E 5.82812 [-20,20] 9.09247e-20 [4.12798e-24,0.00366803]

k562.combined.R 27.026 [-20,47.026] 5.46428e-17 [2.48078e-21,0.00397853]

Nonsynonymous 35.5014 [-20,55.5014] 0.00126895 [4.53979e-05,0.00691602]

Then we can represent it on the forestplot 4.10, we have:

Figure 4.10: Forestplot of each annotation
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STEP2

Among these annotations, we got nonsynonymous having the highest likelihood , then we can

combine this latter to each annotation, therefore we observed the improvement annotation’s

likelihood.

Table 4.11: Table represented the likelihood of each annotation among 17 annotations selected (without tss_dist and

Brain Microvascular)

Combine Annotations with NonSynonymous ln(llk) [Likelihood] AIC

ens-coding-exons + Nonsynonymous 0.797299 2.4054

CD3-DS17198 + Nonsynonymous 0 4

CD8-DS17203+Nonsynonymous 0 4

hTH17-DS11039+Nonsynonymous 0 4

HBMEC-DS13817 + Nonsynonymous 0 4

CD4-DS15947+Nonsynonymous 0 4

DnaseTh1 + Nonsynonymous 0 4

k562.combined.R+Nonsynonymous 0 4

k562.combined.E + nonsynonymous 0.784189 2.43162

CMK-DS12393 + nonsynonymous 0.703871 2.59226

ens-utr3-exons + nonsynonymous 0.792362 2.41528

ens-utr5-exons + nonsynonymous 0.711091 2.57782

ens-noncoding-exons + nonsynonymous 0 2

CD56-DS16376 + nonsynonymous 0 4

After adding 6 parameters of annotations progressively, we kept the best likelihood from

combination of "K562.combined.E+ens-coding-exons+nonsynonymous+ens-utr3-exons+ens-utr5-

exons+CMK-DS12393" called "C" which is given by llk = 0.924007. Based on this likelihood, we can

switch to using the cross-validation likelihood, and find the penalty with the best cross- validation

likelihood
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Table 4.12: In this table the values of cross validation likelihood penalized by 0.05,0.1,0.15,...,0.65 using C as annotation.

Cross validation Likelihood Ridge-parameter

-1.77369e-08 0.05

-3.29358e-08 0.1

1.06668e-08 0.15

-5.58249e-09 0.20

-2.54227e-09 0.25

-1.11384e-06 0.30

-2.52696e-09 0.35

2.5402e-09 0.40

-1.37317e-08 0.45

-6.60905e-09 0.50

-9.57009e-09 0.55

-6.61249e-09 0.60

-2.54214e-09 0.65

Therefore, p=0.40 has the maximum cross validation likelihood ( xv = 2.5402e-09). Then, we can

assess the posterior probability of association (PPA) for each variant belonging to these genomic

regions of these 6 parameters, also we evaluate the p-value for each of them, see Table 4.13.
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Table 4.13: We have 29 significant SNPs with PPA > 0.9.

SNP CHR Position P-Value PPA Gene Band Gene_biotype

rs77403150 4 37468270 1.02E-15 0.96 C4orf19 p14 protein_coding

rs2918101 10 132984326 1.08E-14 0.97514 TCERG1L q26.3 protein_coding

rs56392308 9 133255671 1.00E-13 0.9256 ABO q34.2 processed_transcript

rs116478774 13 72979352 1.00E-13 0.987 NA NA NA

rs145143585 7 153331362 1.11E-13 0.9602 NA NA NA

rs4419390 3 175581823 1.12E-13 0.981 NA NA NA

rs7622028 3 13436336 1.13E-13 0.945 NUP210 p25.1 protein_coding

rs1863195 7 81480501 1.16E-13 0.9124 NA NA NA

rs111278730 1 8288486 1.20E-13 0.9125 NA NA NA

rs7068246 10 28464753 1.45E-13 0.9112 MPP7 p12.1 protein_coding

rs796073521 9 133261369 1.52E-13 0.9045 NA NA NA

rs37023 16 56968107 1.71E-13 0.9081 HERPUD1 q13 protein_coding

rs9839112 3 158981898 3.25E-13 0.9311 IQCJ q25.32 protein_coding

rs1992521 3 105511196 4.67E-13 0.9012 CBLB q13.11 protein_coding

rs9497849 6 148043646 6.57E-13 0.913 SAMD5 q24.3 protein_coding

rs147907945 18 20680489 2.11E-12 0.9411 NA NA NA

rs10920225 1 201615330 7.20E-12 0.9512 NAV1 q32.1 protein_coding

rs34012192 11 5234385 1.14E-11 0.975 HBD p15.4 protein_coding

rs11047725 12 25104269 1.26E-11 0.9321 NA NA NA

rs2101086 18 8976498 4.10E-11 0.95862 NA NA NA

rs16852227 1 203727385 5.00E-11 0.922 ATP2B4 q32.1 protein_coding

rs75360548 1 203711045 8.00E-11 0.9103 ATP2B4 q32.1 protein_coding

rs56101813 22 47139583 1.40E-10 0.9188 NA NA NA

rs2728615 12 20159822 2.51E-10 0.9223 NA NA NA

rs33910209 11 5225648 4.00E-10 0.9166 HBB p15.4 protein_coding

rs11158673 14 67965889 7.89E-10 0.92203 TMEM229B q24.1 protein_coding

rs76621318 20 45742182 1.00E-09 0.925 EYA2 q13.12 protein_coding

rs7319528 13 74924732 1.48E-09 0.956 NA NA NA

rs11639047 15 67237369 1.26E-08 0.9781 NA NA NA
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Therefore, we got 16 genes ( C4orf19, ABO, ATP2B4, CBLB, EYA2, HBB, HBD, HERPUD1, IQCJ,

MPP7, NAV1, NUP210, SAMD5, TCERG1L, TMEM229B).

4.5 Result from Pathway Analysis, Enrichment Analysis and Func-

tional Mapping and Annotation using FUMA

Genemania is one of the most popular web based application tools that has been applied in

predicting pathway gene sets of the genes identified from a given study. The goal of this section is

to put the results into biological context, we then sought to understand the biological significance of

genes identified in the FGWAS result , and their relationship with severe malaria. For this analysis,

we used the genes obtained from FGWAS result as the query genes and applied Genemania in

predicting the genes they are related to in terms of co-expression, physical interaction, genetic

interaction and shared pathways.

Generally, Genemania by default, is used to predict twenty other additional genes that are

functionally similar to the query list of genes. However, for this analysis, we adjusted the number

of genes, we obtained the prediction network with the best FDR (False Discovery Rate) values, we

used genes identified from fGWAS as query list of genes Figure 4.11 shows the resulting network

that was generated by the best FDR values and genes together with their top 7 scores see the Table

4.14.

Table 4.14: Top 7 genes having high score.

Index Symbol Gene Score

1 ATP2B4 0.966553

2 C4orf19 0.877459

3 ABO 0.864614

4 HBB 0.862778

5 HBD 0.859162

6 TCERG1L 0.7883008

7 EYA2 0.7501903

ATP2B4 was identified as the gene that had the strongest association with a score of 0.9665. The

top biological functions which were associated with this network were blood microparticle at a

P-value of 1.54e-08,gas transport at a P-value 2.31e-08, oxidoreductase activity, acting on peroxide

84



Functional Genome Wide Association Analysis in Malaria Resistance and Susceptibility

as acceptor at a P-value of 4.05e-08, peroxidase activity at a P-value of 5.2e-08, antioxidant activity

at a P-value of 6.31e-07, hydrogen peroxide catabolic process at a P-value of 2.12e-06, endocytic

vesicle lumen at a P-value of 1.25e-05 and protein heterooligomerization at P-value of 7.5e-04.

Figure 4.11: Network analysis of genes from based on fGWAS result

The platform is web-based using biological databases from several resources to facilitate GWAS

results analysis and aggregate relevant functional annotation information, prioritize genes and

their interaction. In this tool, they have integrated expression quantitative trait loci (eQTL) and

chromatin interaction mappings information ,positional, provides gene-based, pathway and tissue

enrichment results. from FUMA , the results contain relevant information which can characterize

the functional experiment aimed to find the causal relation . We use genes resulted from FGWAS

and perform deep functional analysis (to annotates genes in biological context, biological sources
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Figure 4.12: Gene expression heatmap of our 14 genes.

constitute an insight of association diseases from each gene find out, different specifical tissue

expression pattern established based on GTEx v6 RNA-seq data from each gene we can visualize

it on interactive heatmap Figure 4.12, over-representation in sets of differentially expressed genes

Figure 4.13, GWAS catalogue Figure 4.16)
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Figure 4.13: Differentially expressed genes of tissues specificity, Pathway scores obtained from pascal analysis. Signifi-

cant Pathways at Bonferroni corrected P-value ≤ 0.05 are coloured in red

Therefore, we have enrichment of input genes in Gene Sets in Figures 4.15 and 4.16 below :

Figure 4.14: Curate gene set
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Figure 4.15: Chemical and Genetic perturbation of our gene set

Figure 4.16: GWAS Catalogue based on our genes

Enrichr is one of popular enrichment analysis tools, it contains a huge several ressources

geneset database for genomic analysis. Currently, it contains 180184 annotated gene sets identified

by 102 geneset libraries. This tool is a comprehensive engine resource with accuracy genesets and

accumulates biological knowledge for deep analysis of biological discoveries. We have used our

genes set result of FGWAS as input to perform Enrichment Analysis based on Enrichr to ascertain

pathway relevance to the disease for network, then we got the result from Table 4.15 and 4.17:
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Table 4.15: Summary statistics of our genes and phenotype related.

Index Name P-value Adjusted p-value Odds Ratio Combined score

1 Malaria 6.816E-09 1.184E-05 666.67 12536.03

2 Hemoglobin levels 2.014E-06 0.001749 117.65 1542.99

3 Inflammatory biomarkers 0.0001559 0.06772 106.67 935.04

4 Hematology traits 0.0001823 0.06333 98.77 850.36

5 Insulin-related traits 0.003745 0.542 266.67 1489.98

6 Clinical laboratory measurements 0.005239 0.65 190.48 1000.31

7 Tumor biomarkers 0.005985 0.6116 166.67 853.08

7 Beta thalassemia/hemoglobin E disease 0.005985 0.5776 166.67 853.08

9 End-stage coagulation 0.006731 0.6154 148.15 740.89

10 Coagulation factor levels 0.007476 0.6493 133.33 652.8

The results show that according to the disease database incorporated into Enrichr GWAS

catalog 2019, this pathway was highly associated with malaria with P-value of 6.816e-09 (Figures

4.17 and 4.18).

Figure 4.17: BarGraph result from fGWAS results based on GWAS Catalog 2019
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Figure 4.18: Genes ordering in term of p-values related to trait

We got 3 genes (ATP2B4, ABO, HBB ) highly related to severe Malaria in terms of P-value.

4.6 Results from Rare Variant Association Analysis using SKAT

We got only 1276043 variants in our Setid file, this file contains 3806 genes based associated SNP

using DBSNP ( Data base ).

We can run SKAT and SKAT-O also combine SKAT test and Burden test, then we filtered p-values

different to "NA", we got 432 genes associated. Therefore, we selected the genes in terms of

standard P-value threshold ( < 0.05 ), then we have the Table 4.16:
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Table 4.16: We have filtered SKAT output with p-values less then 0.05

SetID P.value N.Marker.All N.Marker.Test MAC m Method.bin MAP

LOC105376397 2.07493380545057E-06 22 1 1046 946 UA -1

NDUFA4L2 0.000245621956271 3 1 3206 2595 UA -1

MYO1H 0.002822185254877 16 1 5347 4065 UA -1

LOC101927595 0.004415969202187 9 1 669 650 UA -1

LOC100287010 0.006606340749515 7 1 843 807 UA -1

LINC00656 0.007843379768197 7 1 1089 1029 UA -1

C11orf53 0.008141825109537 24 1 775 751 UA -1

PLPP7 0.008491857716472 11 2 1328 644 UA -1

SAP30 0.009462094563975 1 1 626 609 UA -1

MIR8485 0.010740681676086 4 1 901 867 UA -1

LINC00184 0.012539988297798 13 1 1232 1167 UA -1

LOC105373615 0.013139764642116 11 1 921 874 UA -1

LOC105379343 0.014070335182194 2 2 1297 637 UA -1

LOC105371688 0.016011662656197 1 1 2774 2398 UA -1

LOC107984015 0.016736019748413 9 1 646 631 UA -1

LOC101927752 0.018101212719709 1 1 4312 3441 UA -1

KIRREL1-IT1 0.018972678934857 5 1 760 722 UA -1

LOC107986630 0.020046134545665 3 1 810 780 UA -1

LOC107985231 0.025307000869034 4 1 615 595 UA -1

PAPOLB 0.026047472836158 2 1 4292 3215 UA -1

RNF183 0.026817671945456 6 1 630 621 UA -1

LOC105373937 0.027697882022767 14 2 2649 2184 UA -1

FAM217B 0.028326633738291 14 2 8871 4738 UA -1
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GMPPA 0.030782567803414 6 1 2408 1980 UA -1

LOC105376498 0.032353505849627 5 1 1345 1275 UA -1

LOC105377364 0.037848943732829 24 1 649 627 UA -1

CA9 0.039873242261575 8 1 4061 3293 UA -1

TARP 0.040455590663857 20 1 876 836 UA -1

LOC100506022 0.044020501929566 3 1 1825 1669 UA -1

LOC105374475 0.045093453109974 10 1 640 620 UA -1

LOC101929088 0.048646738374177 7 1 1059 987 UA -1

The last column contains the minimum achievement p-values ( MAP ), if MAC is greater 20

than MAP is -1, this is due to large sample size M. We have recorded an effective number of tests

greater than 30. Therefore, we can represent MAPs and P-values on QQplot (Figure 4.19), then we

have:

Figure 4.19: QQplot

Our SKAT Analysis for rare variants came out with 32 genes. Therefore, we perform enrichment

analysis using cell types and disease related to these genes.
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4.6.1 Pathway Analysis and Enrichment Analysis

From GENEMANIA, we have performed the functional analysis of thesis pathways, then we have

different functions associated with the false discovery rate (FDR), represented on Table 4.17.

Table 4.17: Different functions and their FDR.

No Function FDR (False Discover rate)

1 cellular response to

oxygen levels

0.000007225018153732825

2 cellular response to

decreased oxygen

levels

0.000007225018153732825

3 cellular response to

hypoxia

0.000007225018153732825

4 response to de-

creased oxygen

levels

0.00006882197328502966

5 monosaccharide

metabolic process

0.00006882197328502966

6 response to hy-

poxia

0.00006882197328502966

7 response to oxygen

levels

0.00006882197328502966

8 glucose metabolic

process

0.00034755787352911544

9 hexose metabolic

process

0.0006375192027793193

10 glycolysis 0.0016277440094377258

11 glucose catabolic

process

0.0031924260579812348

12 hexose catabolic

process

0.006991228932961755
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13 monosaccharide

catabolic process

0.007202372463314842

14 regulation of tran-

scription from

RNA polymerase

II promoter in re-

sponse to hypoxia

0.014492573531483659

15 single-organism

carbohydrate

catabolic process

0.01834252995804484

16 carbohydrate

catabolic process

0.020979000436203325

17 regulation of tran-

scription from

RNA polymerase

II promoter in

response to stress

0.02579799978496425

18 carbohydrate

biosynthetic pro-

cess

0.03201829501413785

19 regulation of

DNA-templated

transcription in

response to stress

0.03428429338358941

20 gluconeogenesis 0.0593303951279183

21 hexose biosynthetic

process

0.06358086247382655

22 monosaccharide

biosynthetic pro-

cess

0.07182329568828232
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Using KEGG2019, we find 2 pathways significant based on P-value < 0.05, represented in the

Table 4.18,The top biological functions which were associated with this network were Nitrogen

metabolism at a P-value of 0.02604 and Fructose and mannose metabolism at a P-value 0.04994.

Table 4.18: Significant Pathways for these genes.

Index Name P-value Adjusted p-

value

Odds Ratio Combined

score

1 Nitrogen

metabolism

0.02604 1.000 37.95 138.45

2 Fructose and

mannose

metabolism

0.04994 1.000 19.55 58.59

Then we have a network of gene interactions represented in the Figure 4.20:

Figure 4.20: Genes mapped by rare variants and their pathways.
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SAP30 was identified as the gene that had the strongest association with a score of 0.6414662253,

followed by C11orf53 with score 0.62664044504, represented in the Figure 4.19.

Table 4.19: Top score of 6 genes strongly associated.

No Symbol Score

1 SAP30 0.6414662253602376

2 C11orf53 0.6266404450466443

3 PAPOLB 0.6133770303956222

4 MYO1H 0.6069617410969311

5 RNF183 0.5918503934112418

6 PLPP7 0.582797316665604

We can interpret the biological function of SAP30, this gene has known as Sin3A-associated

protein, 30kDa, also known as SAP30, it participates in recrutement of Sin3-histone deacetylase

complex (HDAC) functional to the part of N-CoR corepressor complexes. Able to make transcrip-

tion repression through N-CoR. It has major function in eukaryotic gene expression regulation

and its proteins have function to nucleolar localization signal.Also, capable to reaching SIN3A to

the nucleolus [101]. His acide in the central region facilitates the interactions in nucleosomes to

histone .

In malaria context, SAP30 participates in protective vaccination and DNA methylation of gene

promoters localized in the liver of Balb which is modified by blood-stage malaria [102].

Based on FUMA (Functional Mapping and Annotation) We can see some specific tissue types

related to these genes in Figure 4.21 and the Gene expression heatmap in Figure 4.22.
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Figure 4.21: The tissue specificity.
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Figure 4.22: Gene expression heatmap.

From Figure 4.21, we have noticed that the stomach is highly localised than other tissues.

4.7 PRS Result

4.7.1 High-Resolution Polygenic Risk Scoring

We performed high-resolution polygenic risk scoring, with PRSice, we calculated PRS at a large

number of evenly spaced P-value thresholds, between a minimum and maximum bound. For our

analysis, we got:

Gambia Populations

We find significant evidence that genetic variants predict a severe condition and resistance of

malaria. We have recorded 4921 under the approach of only testing PRS at several broad P-value

thresholds find the most predictive threshold is at PT = 0.00165005, with the P-value 2.93964e-06,

in this region we recorded 2358 SNPs, with r2 = 0.00443458. The lowest P-value threshold is 0.4,

with p-value 2.93964e-06, then we can visualize in the Figures 4.23 and 4.24:
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Figure 4.23: Summary of Barplot, recorded High resolution of Risk predictive of Severe Malaria, the best PRS model fit

has R2=0.00443458

We can observe it as:
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Figure 4.24: This plot summarizes High-resolution PRS for ‘Host having resistance to Malaria’ predicting Severe

status. The high-resolution best-fit PRS is 0.00443458 at PT = 0.00165005.

we can define the interval of 100 quantiles. This makes a link between odd ratio for score on

the phenotype and strata for polygenic score.

Figure 4.25: This PRS Strata plot provide the information of each polygenic score interval and the odds ratio for score

on Severe Malaria.
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Kenya Populations

At the same conditions we tried to evaluate the PRS for the individuals susceptible and resistant

to severe malaria in the Kenya population. We have recorded 3142 (1637 controls and 1505

cases) based on approach, testing PRS of multiple P-value thresholds and find the best predictive

threshold was at PT = 1, with the P-value 8.16271e− 158, in this region we recorded 2358 SNPs,

with r2 = 0.784666. The lowest P-value threshold is 0.001, with p-value 1.44e− 44. then we can

visualize in the Figures 4.26 and 4.27:

Figure 4.26: Summary of Barplot, recorded High resolution of Risk predictive of Severe Malaria, the best PRS model fit

has r2=0.784666

We can plot high resolution PRS score
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Figure 4.27: This plot summarizes High-resolution PRS for ‘Host having resistance to Malaria’ predicting Severe

status. The high-resolution best-fit PRS is 8.16271e-158 at PT = 1

we can define the interval of 100 quantiles. This make link between odd ratio for score on the

phenotype and strata for polygenic score, we can visualize it in Figure 4.28:

Figure 4.28: This PRS Strata plot provide the information of each polygenic score interval and the odds ratio for score

on Severe Malaria
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Malawi Populations

At the same conditions we tried to evaluate the PRS for the individuals susceptible and resistant to

severe malaria in the Malawi population. We have recorded 2516 (1322 controls 1194 cases ) based

on approach, testing PRS of multiple P-value thresholds and find the best predictive threshold was

at PT = 1, with the P-value 1.51515e− 55, in this region we recorded 2358 SNPs, with r2 = 0.145282.

The lowest P-value threshold is 0.001, with p-value 5.8e− 6. Then we can visualize it in the Figures

4.29 and 4.30:

Figure 4.29: Summary of Barplot, recorded High resolution of Risk predictive of Severe Malaria, the best PRS model fit

has r2=0.145282

We can plot the high resolution PRS score for predictive risk as:
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Figure 4.30: This plot summarizes High-resolution PRS for ‘Host having resistance to Malaria’ predicting Severe

status. The high-resolution best-fit PRS is 1.51515e-55 at PT = 1.

we can define the interval of 100 quantiles. This make link between odd ratio for score on the

phenotype and strata for polygenic score, we can visualize it in Figure 4.31:

Figure 4.31: This PRS Strata plot provide the information of each polygenic score interval and the odds ratio for score

on Severe Malaria.
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Chapter 5

General Discussion and Conclusion

5.1 Discussion

The present section is based on discussion of our analysis. We noted that during the blood stage

life cycle of the parasite, malaria resistance is due to multiple genes and pathways related to

malaria pathogenesis, which include merozoite invasion, parasite development, cytoadherence,

and signal transduction.

The genes identified by functional genome wide association study (fgwas) analysis might be

relevant ; Through structural changes, these genes may function at the protein level, whereas

the genes found by eQTL and chromatin interactions exert over quantitative variations at stages

of gene expression their influences. In this study, we applied statistical methods for functional

analytic to GWAS dataset of severe malaria susceptibility and identified the previous well-known

loci associated with Malaria resistance and novel genes that were conducted to future functional

experiments.

GWAS Meta-Analysis has been recognized as one of the robust post-gwas methods used to

improve or boost the statistical power of genetic variant effects. Several tools for performing

Meta-analysis have been proposed and used during the analysis, the evaluations were very im-

portant and informative. The studies of the best tool that suits a given population, however the

challenge remains on the characteristic of the populations, which is either homogeneous ( case

of European populations) having a large linkage disequilibrium(LD), some are heterogeneous

with short LD ( Case of Africans, Americans ) which can lead to underpower a GWAS analysis.

In chapter4, we have analyzed GWAS study based on 3 different populations (Kenya, Malawi

and Gambia), these studies have presented many improvement in terms of quality control ( check
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4.1) , but unfortunately many SNPs were underpowered ( i.e based on P-value threshold 5e-07).

For example, The identification of association at known malaria resistance loci in the Gambia

population was highly attenuated owing to the low capacity of LD. This has been proved by the

MRC Centre for Genomics and Global Health (CGGH) and the MRC Unit in the Gambia published

on [94], none of SNPs in the Gambia population has reached the p-value threshold. In the Kenya

population we recorded 10 significant SNPs ( based on p-value threshold 5e-07) identified in 2

genes ( C4orf19 with 6 SNPs highly in LD and 1 one snp in PAM ). Most of the identified SNPs

were in strong LD , which means some were false positive. In terms of function, genetic variation

in C4orf19 has the impact into the concentration of glutamates in brains of patients with several

sclerosis. Also, PAM PAM ( "Peptidylglycine Alpha-Amidating Monooxygenase" ), this gene is

able to encode multiple function of protein. It has proteolytically as encoded protein, is processed

to provide a mature enzyme. So, these enzyme has two functional domains having different

catalytic activities such that peptidylglycine alpha-hydroxylating mono-oxygenase (PHM) domain,

peptidyl alpha-amidating lyase (PAL) domain. So, the catalytic domains have a role of catalyzing

the conversion neuro-endocrine peptides to activate active alpha-amidated products sequentially.

Multiple transcript variants arise from alternative splicing, proteolytic has processed at least one of

them encodes an isoform. Diseases associated with PAM include Menkes Disease and Gestational

Trophoblastic Neoplasm. The annotations of Gene Ontology (GO) have been associated with genes

including copper ion binding and L-ascorbic acid binding [103].

In parallel, Malawi GWAS analysis has presented the same challenge of GWAS underpower,

we recorded 4 significant SNPs distributed as 2 SNPs in SCAMP2, and others identified into

non-coding parts. The gene product ’SCAMP2’ is part of the SCAMP family of proteins that are

proteins of the secretory carrier membrane. This works in post-golgi recycling pathways as carriers

to the cell surface. So, most of these gene families are highly related and expressed together. These

findings have shown that the SCAMPs may work at the same location during vesicular transport

rather than in different pathways. Alternate splicing results in multiple transcript variants [104].

GWAS analysis of these 3 studies have shown that the signal across these studies was limited, this

is due to many parameters including but not limited to heterogeneity of populations and environ-

mental factors. The new strategy is to boost the statistical power by using GWAS Meta-Analysis.

From our analysis, we have conducted GWAS Meta-analysis based on 2 tools (Metal and Metasoft).

From Metal, we identified 3 significant SNPs (based on p-value threshold 5e-07), and identified

only the gene C4orf19, thus revealing the weakness of the tool. We know that Metal is based

on fixed effect. From this result we conclude that our study is not sufficiently adapted to fixed

effects due to high degree of heterogeneity and random effects. To figure out this challenge, it was
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relevant to consider the model which might capture the effects and minimize the bias like random

effect, heterogeneity and aggregate the effects of variants across the studies. We therefore decided

to use Metasoft tools. Metasoft is based-on Bayesian approach, this takes in account "Random

effect model", "heterogeneity factors", "Binary effect" and evaluates the effect based on a posterior

probability called "M-values". From Metasoft, we got 20 significant SNPs which mapped into 7

genes ( C4orf19, CDH13, IQCE, BET1L, EIF4E, BORCS5, LOC105378641 ).

We have C4orf19 repeatedly identified by both model (Metal and Metasoft) results, we perform

further analysis of this gene; CDH13 encoding cadherin 13, was reported from [105] as Gene Associ-

ated with Protection against malaria. Cadherin-13 (CDH13), a unique glycosylphosphatidylinositol

anchored part of the cadherin family of cell adhesion molecules, this gene were identified as a risk

gene for attention-deficit/hyperactivity disorder (ADHD), various comorbid neurodevelopmental

and psychiatric conditions, including depression, substance abuse, autism spectrum disorder and

violent behavior [105].. The dysfunction mechanism of CDH13 can influence neuropsychiatric

conditions to remain elusive. Also, CDH13 plays a major role in brain activity by inhibiting

modulation and identifying GABAergic interneurons synaptic function [106].

The purpose of this project was to analyze a statistical model which can conduct the identification

of most relevant genomic annotations related to the biology of malaria Resistance and susceptibility

that can improve gwas power, we were expecting the capacity of model of searching hundreds of

genomic annotations having no prior knowledge of phenotype biology to group the collection of

biologically interpretable annotations. Basically, fgwas-tool used to assess the relevance of from 450

different genomic annotations, enhancers,protein-coding genes and DNase-I hypersensitive sites

in over 100 tissues and cell lines from 1000GenomesProjectannotatedVCFs,ftp: // ftp-trace.

ncbi. nih. gov/ 1000genomes/ ftp/ phase1/ analysis_ results/ functional_ annotation/ annotated_

vcfs/ 1000GenomesProjecthaplotypes,ftp: // ftp-trace. ncbi. nih. go . We have considered

GWAS Meta-analysis summary statistics found from Metasoft ( recorded 5.942.350 SNPs, with 20

significant SNPs based on threshold p-value 5e-07). We added the annotation that most signifi-

cantly improves the likelihood to the model and we got the result shown in Table 4.9 describing

15 annotations which significantly improve the likelihood, Thus among these annotations, the

best likelihood enriched is in non-synonymous region with likelihood (llk) 0.708068 and AIC 0.58.

The idea is to assume that the probability of associate SNP in a specific genomic region to the

phenotype depends on the density of SNP instead of physical size. This means that with a large

number of SNPs, a concise genomic region It is as likely to have an association with few SNPs as a

long genomic region a priori. We added "Non-synonymous " to others ( 14 remaining annotations

), and we got the results shown in Table 4.11. The results showed that the more we are adding

107

1000Genomes Project annotated VCFs,ftp://ftp-trace.ncbi.nih.gov/ 1000genomes/ftp/phase1/analysis_results/functional_annotation/ annotated_vcfs/ 1000 Genomes Project haplotypes, ftp://ftp-trace.ncbi.nih.go
1000Genomes Project annotated VCFs,ftp://ftp-trace.ncbi.nih.gov/ 1000genomes/ftp/phase1/analysis_results/functional_annotation/ annotated_vcfs/ 1000 Genomes Project haplotypes, ftp://ftp-trace.ncbi.nih.go
1000Genomes Project annotated VCFs,ftp://ftp-trace.ncbi.nih.gov/ 1000genomes/ftp/phase1/analysis_results/functional_annotation/ annotated_vcfs/ 1000 Genomes Project haplotypes, ftp://ftp-trace.ncbi.nih.go


Functional Genome Wide Association Analysis in Malaria Resistance and Susceptibility

the annotations, the more the model becomes accurate, because the previous probability added

annotations will be considered as prior probability. After 6 iterations of adding annotations, the

likelihood maintained was 0.924007, but the model has improved the challenge of overfitting, We

have applied some machine learning technicalities like ( using cross-validation likelihood ) to

find the best model penalized, because shrinkage estimators of the annotation parameters is used

to maximize likelihood estimate of all parameters. Thus, we got the results from Table 4.12. To

evaluate the best model we choose the penalty parameter of the highest cross-validation likelihood.

We therefore considered the best model to perform the posterior probability of association (PPA).

The significance is based on PPA > 0.9, from Table 4.13 we got 29 significant snps having PPA >

0.9 ( with 16 snps identified to coding region and 13 into non-coding region).

From these variants identified into the coding regions we found 16 genes (TCERG1L, C4orf19, ABO,

ATP2B4, CBLB, EYA2, HBB, HBD, HERPUD1, IQCJ, MPP7, NAV1, NUP210, SAMD5, TCERG1L,

TMEM229B). Among these genes, 5 of them were already identified for malaria, such as :

• ABO which is ABO-blood-group types, it plays the role of protection against severe Malaria

and Plasmodium falciparum [107].

• ATP2B4, this has a polymorphism play the role of protection against malaria in case of

pregnancy [108].

• HBB has a role of genetic control for resistance of human malaria [30].

• HBD the blood transcriptome of childhood malaria [109],serves in expression and regulation

of the human β-defensins hBD-1 and hBD-2 in intestinal epithelium [110] )

• CBLB plays a role in the analysis of Interactive transcriptome for malaria patients and

infecting Plasmodium falciparum

From Genemania these 5 genes belong to the same pathway. These genes co-expressed the phe-

notype at 30.4%, pathway at 50.08%. From Enrichment analysis based on Enrichr the pathway

has shown high significance of association to malaria with P-value at 6.816E-09, adjusted P-value

1.184E-05 , odd ratio at 666.67 and combined score 12536.03. Also, for Hemoglobin levels we found

2.014E-06 as associated p-value, 0.001749 adjusted P-value,odd ratio 117.65 and combined score

1542.99.

During the analysis, we have noticed that after performing GWAS and Post-GWAS, we always

find some mutations into the gene C4orf19, this gene looks novel in this analysis. This may be

addressed as a new question for the future works related to Malaria.

FGWAS has presented many advantages, it does not require raw data for analysis, the method is
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based on summary statistics, he has several approaches used to decide the significance association,

such as Bayes approaches, posterior probability of Association, etc ...

Among the limitations of FGWAS, we have noticed reference genome for annotations, most of the

variant was not annotated in the reference incorporated in the tool. This makes the study limited

and none accurate.

In addition, we also did the analysis of rare variants. We collected the variants with MAF < 1%, we

aggregate the effect by performing the "Skat and Burden" association test using from "SKAT-tool",

than we mapped the significant variant based on standard p-value ( 0.05/M, with M the SNP

quantities ) onto gene-levels, then we found 31 genes, see Table 4.16. We performed the enrichment

and pathway analysis for these genes. From Genemania we have established the scores of different

genes, then we identified 6 genes with top scores, SAP30, C11orf53, PAPOLB, MYO1H, RNF183,

PLPP7 see Table 4.19. In this context, SAP30 participate to protective vaccination and DNA gene

promoters methylation of localized in liver of Balb which is modified by blood-stage malaria

[102], In colorectal cancer mapping to chromosome 11q23.1, we have identified and characterized

C11orf53 which plays the role of functional risk variants [111], PAPOLB (Poly(A) Polymerase Beta )

is a Protein Coding gene. Among its related pathways are mRNA surveillance pathways, RNA

tissue specificity of this gene is enriched on Testis, MYO1H (Myosin IH) is a Protein Coding

gene. Diseases associated with MYO1H include Central Hypoventilation Syndrome, Congenital

and Spastic Paraplegia 36, Autosomal Dominant. Among its related pathways are Pathogenic

Escherichia coli infection and Deltaf508-CFTR traffic / ER-to-Golgi in CF. Gene Ontology (GO)

annotations related to this gene include actin binding and motor activity. An important paralog of

this gene is MYO1C. [112].

5.2 Potential Impact of study

In this study we showed the advantage of using Meta-analysis as a post-gwas method and

aggregate the effects based on functional genomics information incorporated in GWAS method.

The approach was highly accurate and reliable due to some replicated genes found during analysis

which have been reported from malaria by many international reviews, and the fixed novel

discovered using several strategies.These finding will be potentially helpful to elucidate the clinical

analysis and inform the relevant information . Malaria is reported to have significant measurable

direct and indirect costs, thus, shown to be a major constraint to economic development by

retarding productivity and growth. This is experienced mainly through diversion of resources to

control malaria and loss of human lives which is very essential to the socio-economic development
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of a nation. This study has therefore contributed to knowledge that could help in the translation

of research findings in measurable outputs for malaria control.

5.3 Limitations and future work

Despite the impact of the study and robust analysis conducted, we have identified some limitations.

However, fgwas method has incorporated functional annotations information characterizing each

SNP identified during gwas analysis. Unfortunately, the reference genome of these functional

annotations contains a limited number of annotations, some of SNPs are not annotated in the

reference genome ( it covers 450 functional annotations) this makes study limited in case of high

number of SNPs unknown. Method requires frequently an updated reference genome to conduct

a robust analysis.

This study was conducted for 3 regions (Kenya, Malawi and Gambia ), during the analysis

we have identified C4orf19 repeatedly contains some significant SNPs from different tools and

approaches, we hope a new future study to investigate the full spectrum of risk variants (rare

variant , common variant and intermediate frequency variants; point (SNPs) mutation, small

insertion deletion and copy number variations) potentially involved in malaria. This approach

opens unique opportunities to interrogate the full spectrum genetic variations so far unexplored

such as the low-frequency (MAF < 5%) and variants in the non-coding region of the genome,

seat of the gene regulation.

——————
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