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Abstract

BACKGROUND: The highly inbred Arab population of the Middle East region has been
experiencing complex metabolic health catastrophe compared with populations from other
continents, ever since adopting a change in lifestyle in the rich post-oil era. Genetic risk variants
of metabolic health featuring biological and pharmacological properties have been typically
established for European and other ethnicities, but such data are scarce for the Arab population.
Characterization of genetic risk variants by genome-wide profiling of genetic variations and
phenotypes of metabolic health in this population would help understand population specific
disease etiology. This would pave the way for early diagnosis and disease management strategies
to mitigate cardio-metabolic disorders.

AIM: This study employs single nucleotide variant association analysis to 1) discover variant
association with 13 different quantitative metabolic traits using genome-wide genotype data, 2)
characterize runs of homozygous regions and examine the association of variants harbored in
such regions with metabolic traits, 3) impute untyped variants and assess their association with
quantitative metabolic traits of the Arab population.

MATERIALS AND METHODS: The study is focused on two cohorts, namely the Kuwait Obesity
Genetics Project (KOGP) and the Kuwait Diabetes Epidemiology Program (KDEP), who comprise
inhabitants of Kuwait. The genotype and phenotype profiles for anthropometry, blood pressure,
glycemic and lipid levels of participants were obtained from blood DNA and plasma/serum
specimens, respectively. Overall, the cohorts comprised 1965 individuals (KDEP; genotyped
genome-wide using lllumina HumanCardio-MetaboChip array or genotyped by TagMan targeted
SNP Genotyping Assay) and 1350 individuals (KOGP; genotyped genome-wide using lllumina
HumanOmniExpress array). The respective genome-wide variant data obtained were subjected
to quality control measures and used to analyze variants association with 13 different
quantitative traits. Quality control, statistical association tests, and genotype imputation were
conducted using GenomeStudio and PLINK, PLINK or RVTests, and Michigan Imputation Server,
respectively. Moreover, runs of homozygous regions were identified using PLINK. Several
secondary analyses were performed for inferring the functional implications of identified
association signals.

RESULTS: Examination of variant association using genome-wide genotyping and/or imputing
revealed several variants modulating metabolic traits. Upon using only the genotyped variants,
risk variants from the following genes were revealed at genome-wide significant p-values (P < 5E-
08): RPS6KA1, LAD1, Or5vl, [CTTNBP2-LSM8], PGAP3, [RP11-191L9.4-CERK], ST6GALNACS,
[SPP2-ARLAC], NPY1R, [LINCO0911-FLRT2], [CDK12-NEUROD2], and STARD3 for serum
triglycerides (TG); TCN2 for waist circumference; and RPS6KA1, CADPS, and [VARS and VWA7] for
fasting plasma glucose (FPG). All these genes, except TCN2, were located in regions of runs of



homozygosity. Furthermore, imputing untyped genotypes and combining genome-wide
association (GWA) signals from both the study cohorts revealed 70 unique variants from 9 gene
loci (7 genomic regions) at genome-wide significant p-values. Among these variants, 63 were
associated with HDL-C, 1 with TG, 1 with LDL-C, 3 with SBP, and 2 with each of FPG and DBP. The
gene loci included CETP, [INTS10, LPL], and [LOC105377613, LOC105377614] for HDL-C; CSMD1
for elevated FPG levels; [DYRK1A, LOC105372798] and RTN4 for SBP; RTN4 for DBP, BUD13 for
TG, and [INTS10, LPL] for LDL-C. Fine mapping of these genomic regions identified 8 lead variants
with most plausible causal variant sets. Moreover, 83 variants (from 42 genes) were found to
replicate with exact metabolic traits reported in the catalog of NHGRI-EBI GWA studies (GWAS
Catalog). Analysis using GTEx-eQTL data and literature reports on genotype-tissue specific
expression in human or animal corroborated that many of these variants affect gene expression
of harboring or neighboring genes and are involved in metabolic pathobiological
pathways/diseases, respectively.

CONCLUSION: This study comprehensively evaluated the Kuwaiti Arab population-specific
distributions of genetic risk variants associated with metabolic traits. Many of the variant
associations identified were not previously reported in global GWAS studies. Hence, these
provide new insights into the Arab specific etiology of the metabolic syndrome and could
contribute to early intervention, prevention, and management of cardio-metabolic disorders
more effectively in this population.



Tiivistelma

TAUSTAA: Elintapojen muuttumisen myo6ta Lahi-iddn vauraiden Oljyvaltioiden arabivdestod,
jossa esiintyy lahisukulaisten valisid avioliittoja enemman kuin monissa muissa vaestdissa, on
kohdannut vakava ja monimuotoinen metaboliasairauksien epidemia. Eurooppalaisten ja
muiden etnisten ryhmien keskuudessa on tunnistettu metaboliseen terveyteen vaikuttavien
geenien riskivariantteja, joihin liittyy biologisia ja farmakologisia erityispiirteitd, mutta
arabivdeston osalta vastaavaa tietoa on olemassa vain vahan. Riskivarianttien tunnistaminen
metaboliseen terveyteen vaikuttavien geenien ja fenotyyppien variaation genominlaajuisen
tutkimuksen avulla voi auttaa ymmartamaan kyseisessa vdestossa tallaisten yleisesti esiintyvien
sairauksien etiologiaa. Ndin voidaan edistdda varhaista diagnostiikkaa ja kardiometabolisen
sairastavuuden vdhentdmiseen tahtdavida toimenpiteitd.Tassa tutkimuksessa arvioitiin laajasti
Kuwaitin arabivdest6ssa tavattavien riskivarianttien esiintymista ja niiden yhteytta metabolisiin
sairauksiin.

TAVOITTEET: Tutkimuksessa kaytettiin yhden nukleotidin variaation assosiaatioanalyysid, jonka
avulla 1) selvitettiin varianttien yhteytta 13 metaboliseen muuttujaan koko genomin kattavassa
genotyyppidatassa, 2) tunnistettiin homotsygoottisia jaksoja sisdltdvia alueita ja tarkasteltiin
kyseisilla alueilla esiintyvien varianttien yhteytta metabolisiin  muuttujiin, 3) imputoitiin
tyypittamattémia variantteja ja arvioitiin niiden yhteytta kvantitatiivisiin metabolisiin muuttujiin
arabivdestossa.

AINEISTO JA MENETELMAT: Tutkimusaineisto koostui kahdesta kohorttiaineistosta, Kuwait
Obesity Genetics Project (KOGP) ja Kuwait Diabetes Epidemiology Program (KDEP), joihin kuului
Kuwaitissa asuvia ihmisid. Tutkittavien antropometriaa, verenpainetta sekad veren glukoosi- ja
lipiditasoja koskevat geno- ja fenotyyppiprofiilit saatiin veresta otetuista DNA-ndytteista ja
plasma-/seerumindytteistd. Kohortteihin kuului yhteensd 1965 (KDEP, koko genomin
genotyypitys lllumina HumanCardio-MetaboChip -menetelmalld tai kohdennettu SNP-
genotyypitys TagMan-menetelmalld) ja 1350 henkilod (KOGP, koko genomin genotyypitys
Illumina HumanOmniExpress -menetelmalld). Talle koko genomia koskevalle varianttidatalle
tehtiin laadunvarmistustoimenpiteitd, ja datan avulla analysoitiin varianttien yhteytta
13 kvantitatiiviseen metaboliseen muuttujaan. Laadunvarmistukseen kaytettiin GenomeStudio-
ja PLINK-ohjelmia, tilastollisiin assosiaatiotesteihin PLINK- tai RVTests-ohjelmia ja genotyyppien
imputointiin Michigan Imputation Server -palvelinta. Homotsygoottisia jaksoja sisdltdvien
alueiden tunnistamiseen kaytettiin PLINK-ohjelmaa. Lisdksi tunnistettujen assosiaatiosignaalien
merkityksen selvittdmiseksi tehtiin useita sekundaarisia analyyseja.

TULOKSET: Koko genomin genotyypitykseen ja/tai imputointiin perustuvassa varianttien
assosiaatiotutkimuksessa 16ydettiin useita metabolisiin muuttujiin vaikuttavia variantteja.
Pelkkia genotyypitettyja variantteja kdyttdmalla tunnistettiin seuraavien geenien riskivariantit,
joiden p-arvot olivat tilastollisesti merkitsevia koko genomin kattavassa tutkimuksessa (P < 5E-



08): RPS6KA1, LAD1, Or5vl, [CTTNBP2-LSM8], PGAP3, [RP11-191L9.4-CERK], ST6GALNACS,
[SPP2-ARLAC], NPY1R, [LINCO0911-FLRT2], [CDK12-NEUROD?2] ja STARD3 seerumin triglyseridien
(TG); TCN2 vyotaronymparyksen; seka RPS6KA1, CADPS ja [VARS ja VWA7:n ylavirta-alueen 2 Kb]
plasman paastoglukoosin (FPG)osalta. Kaikki kyseiset geenit, lukuun ottamatta geenid TCN2,
paikallistettiin alueille, joilla esiintyi homotsygoottisia jaksoja. Lisdksi imputoimalla
tyypittamattomia genotyyppeja sekda yhdistamalla molemmista tutkimuskohorteista
genominlaajuisessa assosiaatiotutkimuksessa (GWA) saatuja signaaleja l6ydettiin 70 uniikkia
varianttia 9 lokuksesta (7 genomialueelta) p-arvojen ollessa tilastollisesti merkitsevia koko
genomin kattavassa tutkimuksessa. Ndistd varianteista 63 assosioitui HDL-kolesteroliin (HDL-C),
1 TG:iin, 1 LDL-kolesteroliin (LDL-C), 3 systoliseen verenpaineeseen, 2 FPG:iin seka 2 diastoliseen
verenpaineeseen. Geenilokukset olivat CEPT [INTS10, LPL] ja [LOC105377613, LOC105377614]
HDL-C:n, CSMD1 kohonneiden FPG-tasojen, [DYRK1A, LOC105372798] ja RTN4 systolisen
verenpaineen, RTN4 diastolisen verenpaineen, BUD13 TG:n sekd [INTS10, LPL] LDL-C:n osalta.
Ndiden genomialueiden tarkemmassa tutkimuksessa paljastui 8 tarkeintd varianttia, joilla on
todennakoéisimmin kausaalinen rooli. Lisdksi 83 variantin (42 eri geenid) havaittiin replikoituvan
tarkasti niiden metabolisten tekijéiden kanssa, jotka on raportoitu NHGRI-EBI GWA -tutkimusten
vhteydessd (GWAS Catalog). GTEx-eQTL-datan analysoinnin sekd genotyypin ja kudoksen
ekspressiota ihmisellda tai eldimilld koskevien kirjallisuustietojen perusteella monet naista
varianteista vaikuttavat kyseisten geenien tai viereisten geenien ilmentymiseen ja ovat siten
osallisia metabolisten sairauksien kehittymisen biologiassa.

JOHTOPAATOKSET: Useita tdssd assosiaatiotutkimuksessa tunnistettuja variantteja ei ole
raportoitu aiemmissa muualla tehdyissda GWAS-tutkimuksissa. Ndin ollen ne tarjoavat uutta
tietoa arabivdestOssa esiintyvan metabolisen oireyhtyman etiologiasta ja voivat auttaa
kardiometabolisten sairauksien varhaisessa hoidossa, ennaltaehkaisyssa ja hallinnassa.
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ACC/AHA
ADA
ALK
BH-FDR
BMI
BP
CAD
CNS
CNV
CvD
DBP
DKD
DNA
DYSIS
ECG
FBAT
FFA
FPG
FTO
GCC
GME
GWAS
GTEXx
HbAlc
HDL-C
HGDP
HOMA-IR
HWE
IBD
IGT
KDEP
KOGP
1KGP
LD
LDL-C
LMM
LOD
LOH
MAF
Mb

American College of Cardiology and American Heart Association

American Diabetes Association
Arabs Living in Kuwait

Benjamini and Hochberg False Discovery Rate
Body Mass Index

Blood pressure

Coronary Artery Disease

Central nervous system

Copy number variation
Cardiovascular disorder

Diastolic Blood Pressure
Diabetic Kidney Disorder
Deoxyribonucleic Acid
Dyslipidemia International Study
Electrocardiogram

Family-based association test
Free Fatty Acid

Fasting Plasma Glucose

Fat mass and obesity

Gulf Cooperation Council
Greater Middle Eastern
Genome-Wide Association Study
Genotype-Tissue Expression
Hemoglobin Alc

High Density Lipid Cholesterol
Human genome diversity project
Homeostatic Model Assessment of Insulin Resistance
Hardy-Weinberg Equilibrium
Identity by descent

Impaired glucose tolerance
Kuwait Diabetes Epidemiology Program
Kuwait Obesity Genetics Project
1K genome project

Linkage Disequilibrium

Low Density Lipid Cholesterol
Linear Mixed Model

Logarithm of the odds

Loss of heterozygosity

Minor Allele Frequency

Mega bases
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MENA
MODY
NAFLD
NCD
NPL
00A
OGTT
OPEC
PNDM
RFLP
ROH
RNA
RT-PCR
SBP
SKAT
SLM
SNP
STR
TBW
TC
DT
TF

TG
TNDM
T1DM
T2DM
Qc
Qr
QTDT
QTL
VNTR
wC
WCcHtR
WES
WGS

Middle East and North Africa

Maturity onset diabetes in Young
Non-alcoholic fatty liver disease
Non-communicable disease
Nonparametric linkage

Out of Africa

Oral Glucose Tolerance Test
Organization of the Petroleum Exporting Countries
Permanent neonatal diabetes mellitus
Restriction fragment length polymorphism
Runs of Homozygosity

Ribonucleic acid

Real Time-Polymerase Chain Reaction
Systolic Blood Pressure

Sequence kernel association test

Soft lean mass

Single Nucleotide Polymorphism
Short tandem repeat

Total body water

Total Cholesterol

Transmission disequilibrium test
Transcription factor

Triglyceride

Transient neonatal diabetes mellitus
Type 1 diabetes mellitus

Type 2 diabetes mellitus

Quality control

Quantitative trait

Quantitative transmission disequilibrium test
Quantitative Trait Loci

Variable number tandem repeats
Waist Circumference

Waist Circumference to Height Ratio
Whole Exome Sequencing

Whole genome sequencing
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in the region.

Figure 11: lllustrating relative risk of Mendeliean diseases among complex diseases.
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Figure 12: Distribution of total ROHs & ROH segments, and ROH vs. ROH segments in three
Kuwaiti groups; KW1 (Persian) and KW2 (Saudi) show more total ROH and ROH segments,
whereas KW3 (Bedouin) shows very less, suggesting KW1 and KW2 were a highly inbred
population.

Figure 13: A) regional plot of rs12440118 (ZNF106, W > R) at 1 Mb region center to it, along with
LD variants chr15:40433466, r2 = 0.61; chr15:40471747, r?2 = 0.53; chr15:40490502, r? = 0.33;
chr15:40497290, r> = 0.62; chr15:40497469, r> = 0.64; chr15:40500754, r> = 0.48;
chr15:40503873, r> = 0.62; chr15:40506209, r> = 0.64; chr15:40507580, r? 0.64;
chr15:40510699, r?> = 0.63; chr15:40513902, r? 0.76; chr15:40514171, r> = 0.52;
chr15:40514188, r? = 0.52; chr15:40517485, r? = 0.34; chr15:40528928, r? = 0.52. B) Variation
observed in effect allele frequency of reported SNVs among the three subgroups of Kuwait Arab
population.

Figure 14: A) MAF distribution of rs9606756 among the three subgroups of Kuwaiti Arab
population; B and C) Interaction between WC vs. Apo-Al and HDL-C, respectively, at three
genotype levels of rs9606756.

Figure 15: Minor allele frequencies of associated variants from lipid and glycemic traits analysis
in subgroups of Kuwait Arab population.

Figure 16: Bubble plots illustrating the distributions of observed established variants (A), gene
loci (B), and publications (C) reporting for the observed associations in GWAS Catalog with the
study-specific metabolic traits with direct, indirect, or broad relationships.

Figure 17: Distribution of ethnic transferable SNP associations for 13 metabolic traits among
global populations. A) represents SNP counts from “direct” and B) represents SNP count from
“indirect” relationship.

Figure 18: Effect allele frequency distribution among subgroup population for 42 variants
selected from 163 genotyped variants upon clumping at r> = 0.1.
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5. Introduction

The fortuitous discovery of oil and thriving prosperity in Middle Eastern (ME) countries such as
Bahrain, Iraq, Iran, Kuwait, Oman, Qatar, Saudi Arabia, and UAE rapidly altered the lifestyle of
the Arab population. Consequently, an increase in the prevalence of chronic metabolic disorders
has been observed. Recent surveys conducted among the adult population of Qatar and Kuwait
have shown that 35% & 36% of men and 45% & 48% of women, respectively, are obese (Bener
et al. 2004). The prevalence of obesity is similar in Saudi Arabia with an annual increase by 4.1%
in men and 1.5% in women (Ng et al. 2011). Similar disturbing statistics were also noted among
young adolescents (Al-Sendi et al. 2003; Ng et al. 2011). Conspicuously, contemporary
pharmacological treatments for metabolic disorders particularly to lower glycemic and lipid levels
have been noticed to be less efficacious in Arabs as compared to their European counterparts (Al
Sifri et al. 2014; Qaddoumi et al. 2019). Several candidate gene studies have examined variants
found in association with the European and Asian populations for obesity and type 2 diabetes
mellitus (T2DM) (e.g., PPARy, KCNJ11, TCF7L2, SLC30A, ABCC8, HHEX, CDKN2A, IGF2BP2, CDKAL1
and FTO) in Arab population. They observed that these associations were not completely
transferable to the Arab population or that they do not exhibit the same high effect size as the
European population (Al-Daghri et al. 2014b; O'Beirne et al. 2016). This inconsistency could be
attributable to differences in constellation of risks and protective variants, or causal and lead
variants, or environmental exposure in the non-European populations. Therefore, population-
wide differences raise significant concerns about the present medication regimen and warrant a
comprehensive genetic and molecular level research in the Arab population.

From the perspective of human evolution, Arabian Peninsula is regarded as the prime landmass
of modern human migration from Africa to elsewhere and contact point for introgression of
Homo sapiens with Neanderthals (Rodriguez-Flores et al. 2016). Historically, this region also
witnessed recent Europeans (or Caucasus related ancestry) in conjunction with Greek (during the
3" century BC), Roman and Turkish conquests (Haber et al. 2020; Jonathan Wallace 1979).
Furthermore, African and South Asian admixtures due to slavery of Africans (during the 2"
century BC) and business engagement with South Asians respectively, have sculpted a distinct
genetic architecture in the region (Lovejoy 2011; Segal 2002). Admirably, the contemporary
Arabs are diverse in their ethnic, religious, and political behavior but still descend from a common
linguistic and cultural heritage. Their proclivity toward consanguineous marriage is widespread
with an estimated prevalence of over 50% (Al-Awadi et al. 1985; al-Gazali et al. 1997; el-Hazmi et
al. 1995). Since consanguinity is known to increase inbreeding signatures (such as runs of
homozygosity and identity by descent), and the recessive deleterious mutations (Teeuw et al.
2010), the region also evidenced excess of recessive genetic disorders (Tadmouri et al. 2006;
Tadmouri et al. 2014). Due to these preponderances, the Arabian Peninsula offers a novel
population for the study of genetic metabolic diseases.

Since the first successful GWA study in 2005 on age-related macular degeneration (Klein et al.
2005), GWAS has been the recommended tool for identification of genetic signatures associated
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with many common disorders. These studies have uncovered many significant associations
between genetic variants and biological traits and helped in identifying biological and
pharmacological impactful risk loci in different populations. However, so far, GWA studies were
predominantly carried out among the European population (about 88%) with 72% of discoveries
in participants recruited from several countries including the USA, UK, Finland, and Iceland (Mills
and Rahal 2019). Interestingly, only 25% of the variants found associated with BMI, T2DM, and
lipid levels in European-Americans were trans-ethnic and such associations vary in at least one
out of the five non-European ancestry populations (Popejoy and Fullerton 2016). Hence, GWAS
that is inclusive of the understudied populations enhance insights of complex architecture of
metabolic traits and provide comprehensive picture of variants involved in etiology of metabolic
disorders. Since the Arab population is highly inbred and rich in high frequencies of rare variants,
utilizing such populations in GWAS benefits the population in question and the global populations
as well, in whom rare variants are insufficient to detect associations with clinically important
phenotypes.

Despite high prevalence of metabolic disorders in the Arab region, not many GWA studies have
been conducted. A thorough literature search on PubMed revealed 21 candidate variant/gene
studies (Jamaluddine et al. 2016), 4 family based studies (Al Safar et al. 2013; Shalata et al. 2013;
Verge et al. 1998; Zadjali et al. 2013) and 5 genome-wide or exome-wide association analysis
studies in relation to metabolic traits/disorders (Dajani et al. 2017; Ghassibe-Sabbagh et al. 2014;
Saade et al. 2011; Yousri et al. 2018) were identified. Interestingly, most of these studies were
tested using case-control status of metabolic disorders, but not their metabolic quantitative
phenotypes. Since binary traits are usually the summarization of the trait derived from several
quantitative traits, directly using quantitative traits would evaluate the biological mechanism of
diseases more precisely.

In this study we genotyped approximately 2700 individuals with Arab ancestry in two dense SNV
array platforms and evaluated their association with 13 metabolic quantitative traits relating to
anthropometry, blood pressure, lipid, and glycemic levels using additive and recessive mode of
inheritance models. Additionally, we identified runs of homozygous regions (ROH) and mapped
variants showing association with metabolic traits onto ROH regions. Furthermore, we separately
imputed missing variants from both SNV arrays and performed association tests with inverse
normal transformed 13 metabolic traits. Meta-analysis and fine mapping were carried out to
prioritize variants.
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6. Review of literature

6.1 Introduction to Genetics and concepts of Genetic analysis

Genetics is a study of fundamental units of heredity and its transmission, particularly
deoxyribonucleic acid (DNA) or ribonucleic acid (RNA) in organisms. An Augustinian prelate,
Gregor Johann Mendel (1822-1884) conducted a series of experiments using nearly 30,000 pea
plants and showed that the traits are passed down from parents to offspring in a predictable
manner. Each trait in the plant is controlled by a pair of factors (i.e., genes) and members of a
gene pair separate from each other during gamete formation. This breakthrough established a
strong foundation for ‘Genetics’, now referred to as the laws of Mendelian inheritance.

Advances in microscopy paved the way for better understanding of chromosomes, their behavior
during cell division and their ploidy across different species. Most eukaryote species were
discovered to have a characteristic number of chromosomes, designated as the diploid number
(2n) in their cells and existed in homologous pairs. Transmission of chromosome number varies
depending on the type of cell division, either mitosis or meiosis. In mitosis, each daughter cell
receives a diploid set of chromosomes identical to those in the parental cell. Whereas in meiosis,
cells receive only one chromosome from each chromosome pair and the resulting number of
chromosomes is called the haploid number (n). Hence, an offspring arising from the fusion of egg
and sperm maintain the constant number of chromosomes characteristic of their parents and
other members of their species (William S Klug 2018).

Genetic variation

Genetic variation refers to differences in genome sequences between individuals within a
population. Genetic variation arises from mutation and recombination. An error during DNA
replication when not repaired by DNA repairing enzymes, de novo mutations occur (Figure 1A).
External agents such as viruses, radiation, and chemical mutagens, may also induce changes in
the DNA sequence. Mutations may be beneficial, deleterious or neutral regarding the fitness of
the organism. Similarly, recombination of homologous DNA strands (or crossover) with shuffling
of maternal and paternal DNA introduces new combinations of variants in the daughter germ-
cells (Figure 1B). Such processes cause permanent change in the DNA sequence. Genetic
variation occurs both in germ (i.e., egg and sperm) and somatic (i.e. all other cells) cells. But only
the variation occurring in germ cells are inherited from parents to offspring, resulting in the
changes in population dynamics. The beneficial mutations ultimately lead towards the path of
evolution (William S Klug 2018).
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Forms of genetic variation

In the genome, genetic variations exist in many forms. They span across a spectrum of sizes from
single nucleotides to mega-bases. Some of these genetic variations are depicted in Figure 2.

e Single nucleotide variations (SNVs) involve a change in a single nucleotide at a particular
locus in the DNA sequence, which includes substitutions, single nucleotide insertions, and
single nucleotide deletions. Substitution can be either transition (i.e., interchange of the
purine such as Adenine/Guanine or pyrimidine such as Cytosine/Thymine nucleic acids)
or transversion (i.e., interchange of a purine and pyrimidine bases).
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Indels (short insertions or deletions) are a single stretch of DNA sequence that can range
from 2 to 50 bp (base-pairs) in length.

Restriction fragment length polymorphisms (RFLPs) are single nucleotide substitutions.
These variations are specifically recognized in the DNA sequences by restriction enzymes.
The earlier disease gene mapping process utilized them as genetic markers. The genetic
linkage map of RFLPs was constructed in the 1980s (Liu et al. 2017).

Tandem repeats or microsatellites are types of polymorphisms in which genomic
elements are prone to repetition in several numbers. Microsatellites are highly
polymorphic in human populations. They have higher allelic states (as each repeat is
considered as one allelic state) and are more informative than the bi-allelic genetic
markers, such as SNPs. They are of two types- Short tandem repeats (STR) and Variable
number tandem repeats (VNTR). STR are the more widely distributed microsatellites
(>100,000) in the human genome. They have higher allelic diversity than RFLPs. Hence,
they are commonly exploited as the genetic markers in linkage studies for monogenic
disorders and complex diseases. Similarly, STRs also out-perform VNTRs in terms of their
numbers, where there are only a few thousand VNTRs in the human genome. The
availability of the genetic linkage map of microsatellites has resulted in immense success
of linkage studies in identifying genes for monogenic disorders (Weissenbach et al. 1992).
Although tandem repeats are more informative than SNPs at the individual marker level,
their number is far less than the several million SNPs in the human genome. Thus, tandem
repeats are not ideal genetic markers for applications that require high marker density or
resolution, such as genome-wide association studies (GWASs) (Ku et al. 2010).

Copy number variations (CNV) are another type of large polymorphisms with additions or
deletions in the number of copies of a particular segment of DNA when compared with a
reference genome sequence. The distinction between CNVs and indels is obscure. But
typically, deletions and duplications/insertions larger than 50 bp are classified as CNVs
(MacDonald et al. 2014). They are estimated to contribute 4.8-9.5% of the human
genome (Zarrei et al. 2015).

Inversions and translocations: Like duplication and deletion events, inversion and
translocation events can be caused by breakage of DNA double helices in the genome at
two different locations, followed by a re-joining of the broken ends to produce a new
chromosomal arrangement of genes, which is different from the gene order of the
chromosomes before they were broken. Sometimes these breaks will occur within genes
and disrupt gene function. For both events, no chromosomal material is gained or lost,
there is simply a change in the relative locations of genes on the rearranged chromosomes
(Puig et al. 2015).

Loss of heterozygosity (LOH): A change in polymorphic sites from a heterozygous state in
the germline to an apparently homozygous state in somatic DNA lead to loss of the
normal, functional allele at a heterozygous locus. This event is termed as loss of
heterozygosity. It may originate as a consequence of a multi-locus chromosomal event
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such as deletion, mitotic recombination, or non-disjunctional chromosome loss (i.e.,
failing to separate chromosomes at anaphase stage) with or without reduplication; a
locus-restricted event, such as gene conversion or point mutation; or even an epigenetic
allelic inactivation. As a result of these events the locus may change to (1) homozygous
through mitotic recombination, gene conversion, or chromosome loss with reduplication,
(2) hemizygous through deletion or chromosome loss without reduplication, (3)
compound heterozygous through the introduction of a different point mutation in the
second allele, or (4) may remain heterozygous, in terms of the DNA nucleotide sequence,
if one allele is inactivated epigenetically. This phenomenon is often seen in inherited
cancers. LOH is known to disrupt function of tumor suppressing gene product and normal
growth of cell, either due to cell-cycle deregulation, defective DNA repair, or altered cell-
to-cell communication (Tischfield 1997).

Runs of homozygosity (ROH) or Autozygosity: ROHs are contiguous regions of the genome
with homozygous segments across all polymorphic sites. This arises when parents have a
common ancestor and pass shared chromosomal segments on to their progeny. It means that
when identical by descent (IBD) segments from both the parents are passed on to an individual,
it results in homozygous segments in the genome of the offspring. However, homozygosity may
originate from either consanguineous or non-consanguineous parentage (Peripolli et al.
2017).
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Figure 2: A schematic illustration of different types of genetic variations in human genome.
With an exception to SNVs, all the genetic variations are broadly classified as structural
variations. Image source (Ku et al. 2010).
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Natural selection, genetic drift, and gene flow

Mechanisms such as natural selection, genetic drift, and gene flow cause changes in allele
frequency of genetic variations over time. Natural selection refers to the process through which
individuals within a population adapt and change. Genetic drift refers to change in frequency of
alleles within a population due to random sampling (i.e., not by adaptation). Genetic drift in a
population can be either due to the bottle effect (for example, reduction of individuals carrying
a particular trait allele due to catastrophic events) or the founder effect (for instance, when few
members of a population breakaway and create their own group; the allele frequency of the new
group can dramatically change due to selection pressure). Gene flow refers to transfer of alleles
or gametes from one population to another. For example, when a population migrates or
becomes geographically isolated. Natural selection is influenced by changes in environmental
conditions while genetic drift is random and serendipitous.

Linkage disequilibrium

Linkage disequilibrium (LD) is an assortment of alleles in a chromosome more often than
expected by chance (i.e., non-random) due to their physical proximity. LD patterns indicate genetic
history of the population and helps inferring a population’s effective size (Ne). LD is also an
effective tool to determine the power and precision of disease association mapping in humans
(Qanbari 2019).

Inbreeding

Inbreeding refers to a close relative mating system in which mating partners carry alleles that
originated from a common ancestor. Hence, inbreeding increases the chances of receiving a
deleterious recessive allele inherited from a common ancestor. It is measured by ‘inbreeding
coefficient’ (proposed by Sewell Wright in 1922), which represents the probability of an offspring
receiving an allele from each parent that is a copy of a single shared ancestral allele (Rousset
2002).

Hardy-Weinberg Equilibrium (HWE)

Hardy-Weinberg principle describes a hypothetical situation where allele and genotypic
frequencies remain unchanged in a randomly mating, infinitely large population in the absence
of selection, migration, or new mutations (Edwards 2008). If these assumptions are true,

e Allele frequencies remain constant from one generation to the next generation.

e After one or more generations of random mating, the genotype frequencies are in the
proportions such that p2aa) : 2pg(aa) : 9%=a). The relation between frequencies of alleles
and frequencies of genotypes under HWE is shown in Figure 3.

e Forapopulation to be in HW equilibrium, the observed genotype frequencies must match
to those predicted by the equation p>+2pg+q2.
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Figure 3: Showing relation between frequencies of alleles and frequencies of genotypes under
HWE. Image source: https://www.wikilectures.eu/w/Genetic aspects of populations, Hardy-
Weinberg equilibrium

6.2 Quantitative genetics and other related concepts

A great diversity of phenotypic variation, from morphology to disease susceptibility is seen in
organisms living in natural populations. This variation in phenotype is contributed by multiple
interacting loci and their allelic sensitivity to the environmental conditions experienced by each
individual. Phenotypes can be either dichotomous (e.g., disease status) or continuous (e.g.,
guantitative traits such as Height, BMI etc). Quantitative phenotypes can vary among individuals,
over a wide range, to produce a continuous distribution of phenotypes. This distribution of the
phenotypes set limitations in the analysis, as many of the statistical methods assume a normal
distribution. If quantitative phenotype is clearly not following a normal distribution, adequate
transformations can be invoked. Usually, binary traits are the summarized information of
quantitative traits (for example, dyslipidemia status is derived by using a certain threshold to
continuous phenotypes of lipids). The loss of information in this transformation process leads to
a reduced potential of binary traits in genetic analysis (Duggirala et al. 1997).

The time of origin of quantitative genetics is similar to that of Mendelian genetics. Mendel
applied quantitative data analysis to his pea plant experimental results and showed that traits
are passed from parents to offspring in specific patterns. The results of his pea plant crosses
involved seven different characteristics- plant height, seed texture, seed color, flower color,

27



peapod size, peapod color, and flower position, each with two contrasting traits. However, the
mathematical modeling of inheritance was introduced by Sir Francis Galton (1822-1911). He
introduced the concepts of regression and correlation to study continuous variation in humans
while analyzing inheritance pattern in parent and offspring height (Galton 1989). Galton, Karl
Pearson (1857-1936), and Walter Weldon (1860-1906) together founded the scientific journal
‘Biometrika’, to publish articles on the biometrical theory of inheritance, in 1901. A British
statistician, Ronald A. Fisher (1890-1962), introduced several statistical methods and concepts,
including the distribution of correlation coefficient, maximum likelihood, analysis of variance and
Fisher information (Fienberg Stephen E 1980) related to genetics research. He postulated that
genetic variation of many loci with small individual allelic effects and random environmental
variation simultaneously contributed to continuous phenotypic variation. Unlike Mendelian
inheritance, according to which the action of dominant or recessive genes contributed to
phenotypic variation, Fisher assumed a more general model of gene action at a single locus that
could account for any relationship between homozygous and heterozygous allelic effects and
derived expectations of the magnitude of genetic variance contributed by many such loci.

Mapping of Quantitative Trait Loci

Quantitative Trait Loci (QTL) refers to the genomic region associated with the expression of a
quantitative trait. QTL analysis links phenotypic data to genotypic data to discover the genetic
basis of variation affecting complex traits (Miles 2008). The key feature of this statistical method
is that it identifies phenotypic variation primarily affected by a few loci with large effects, or by
numerous loci each with minute effects.

The basic principle of quantitative trait mapping is that phenotypic value of an individual (P) is
determined by combination of a genetic value (G), an environmental value (E) and their
interaction (G x E), is expressed as

P=G+E+GxE

Fisher's concept of quantitative genetics laid the foundation for partitioning of genetic variance
for quantitative traits in terms of additive (Va), dominance (Vp), and inter-locus interaction
(epistatic) variance (Vi) components. The additive effect describes the cumulative effect of
individual genes. The dominance component refers to dominant gene action in a locus where the
effect of one allele dominates the effect of the other. Hence, the phenotypic variance of the trait
is variance components of the corresponding genetic (A+D), environmental, and genotype x
environment interaction, expressed as

Vp =Va+ Vp + VE + Vaxe
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Heritability

Heritability is defined as that proportion of the variability of a phenotype that can be accounted
for by genetic factors or h? = Vg/Vp, where Vg and Vp are the genetic and phenotypic variabilities,
respectively.

If h2 = 0, then none of the variations are genotypic, they are all due to variation in the
environment.

If h? is small, then the trait is strongly influenced by the environment.
If h2is large, then the trait is only slightly influenced by the environment.

Heritability depends on population-specific factors, such as allele frequencies, the effects of gene
variants, and variation due to environmental factors. In humans, estimation of heritability has
been applied to diseases and behavioral phenotypes to evaluate proportion of disease risk
variation that is genetic in origin.

Biometric model for single bi-allelic QTL

A QTL locus with two alleles can be defined with alleles A and B, where allele B encompasses all
of the non-A alleles with similar genetic effects. Let p be the frequency of the allele A, and g=1-p
be the frequency of the allele B. Let a be the mean genotypic value for individuals with genotype
AA, let d be the genotypic value for individuals with AB, and let -a be the genotypic value of BB
individuals (Falconer 1989). The value of d under additive genetic effect is 0, under dominant
genetic effect is a, under recessive genetic effect is -a (Figure 4), and under partial dominant or
partial recessive genetic effect is -a<d<a; but dz0 respectively.

The additive genetic variance of this locus is Va= 2pg[a+(g-p)d?] and the dominant genetic
variance is Vp=(2pqd)? (Falconer 1989). The total genetic variance resulting from this QTL is
V=Va+Vp.

Since, heritability is a proportion of cumulative genetic effects from the total phenotypic
variance, the heritability h? results from this QTL is h?=Vs/(Vs+Ve) (Deng et al. 2000).
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Figure 4: Graphical representation of the relations between gene dose of homozygotes and
heterozygotes and the genotypic effect in a one-locus model with two alleles across (i) Null, (ii)
Additive, (iii) Dominant, and (iv) Recessive inheritance models. Image source:
https://genepi.gimr.edu.au/staff/manuelF/talks/20080304_biometrical.ppt

Generalized linear model

Association between genotype and a quantitative trait with additional covariates can be tested
using multivariate linear regression models. The primary advantage of multivariate model is that
it accounts for multiple potential confounders and effect modifiers appropriately.

A simple linear regression model is expressed by y = XB + €. The same model for a quantitative
trait is given as,

€
V1 1 x 61
2 1 x 2
. 1 x .
Yn n lEnJ

The scalar formulation of this simple linear regression model is given by,

Vi = Bo + B1x; +€;

Where, i = 1,..,n indicates individual. In this model, S, is intercept, the measure of association
between x and y is given by the parameter f3;, defined as the amount of change in y that occurs
with one-unit change in x. For example, if x is an indicator for the presence of a variant allele at
a given SNP locus and y is BMI, then B; is the difference in mean BMI between individulas with
and without this variant allele.
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The least squares estimate of f5,, the overall mean, and f3;, the association parameter, are

respectively given by,
Eo = (Z)’i - 312951')/”
i

i

and

n XXV — XiXi NiYi
n Zixiz - (Zix)?

B1=

The multivariable linear model is a generalization of the simple linear model in which additional
variables are included on the right-hand side of the equation. For example, suppose we have m
covariates, given by zil,....,zim for the ith individual, where zi1 may be gender and zi2 may
represent smoking status for individual i. Such a model fitting is given by,

m
yi= Bot+ Bixi + Z X Z;j +€;
=1

B, is intercept and f3; is the measure of association between the genotype and trait. However,
estimation and testing of this parameter takes into account the additional variables in the model.
These additional variables may be confounders or may help to explain the variability in the trait;
including such variables is important in drawing a valid conclusion about the effect of genotype
on the trait (Foulkes 2009).

6.3 Linkage mapping

The first and second genetic principles of Mendel- postulated segregation of alleles and an
independent (or random) assortment of non-alleles respectively; the third principle: non-random
or dependent assortment, a phenomenon termed as ‘genetic linkage’ by Thomas Hunt Morgan
(1866-1945), together establish foundation of transmission genetics. When an offspring derived
from two inbred lines show a detectable difference in their traits, a certain inheritance tests (or
breeding tests) may be employed to detect the genetic origin and transmission of that difference.
These tests include,

1. Transmission tests to check whether the new phenotypic change is hereditary or not.
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2. Segregation test to establish forms of alleles and segregation ratios.

3. Linkage tests to verify assortment of new trait is independent of or dependent with
already known traits.

4. Mapping of identified genes on to the chromosome with relative positions of previously
mapped genes of the same chromosome.

5. Association tests for fine mapping of the genes to the traits of difference.

Linkage means propensity of genes to inherit together due to their physical proximity in the same
chromosome (Figure 5). Linkage analysis detects the locations of loci affecting a trait of an
unknown position in a family, by using co-segregation of genetic polymorphisms of known
position in the genome. Different types of genetic markers are used in studying Linkage. Early
Linkage studies used microsatellite markers for mapping. Linkage can be performed either by
testing single marker at a time or by several markers together from a region against the trait of
interest. The later approach increases linkage detection power since it incorporates haplotype
information from multiple markers.

A (pairing up) B (tetrad) C (crossing over) D (haplotype)

centro— | — — | — L

mere A
A a A A a a A A a a Ay Ay ap a

B b By §B bp b B%:b By bp By b

hromo— hro— ,
cnromo-+ 2 ST 2 1 2 chiasma NR R R NR

Figure 5: lllustrating formation of cross over leading to recombinant (or repulsion) types
indicated as, Ab/aB. This new assortment of non-alleles (i.e, Avs B, Avs b, a vs B, or a vs b) at
different loci along a chromosome is called Linkage phase. Image source: (Rongling Wu 2007).

There are two types of Linkage analysis methods, Parametric and Nonparametric. The parametric
linkage method requires a genetic model that describes the relationship between the phenotype
and the genotype, such that the mode of inheritance (dominant, recessive, or additive), disease
allele frequency and the pattern of penetrance (i.e., proportion of individuals with a particular
genetic change who exhibit specific trait), need to be specified to infer the disease locus genotype
of all individuals from their phenotype. This method is commonly applied in pedigrees with high
penetrance mutations, clear clinical phenotypes and distinct hereditary patterns such as
Mendelian disorders. The basic principle is that, in families it tests whether the trait locus co-
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segregates with genetic markers of known chromosomal location by estimating the
recombination fraction (denoted by 8) between the trait locus and a given genetic marker. It is a
likelihood ratio test that compares the likelihood under the null hypothesis of no linkage (8o =
0.5), LHo, to the likelihood under the alternative hypothesis of linkage (81< 0.5), LH1. It is usually
expressed as logarithm of the odds (LOD) score, Z(B) = logio(LH1/LHo). A higher LOD score suggests
greater evidence for linkage. The classical threshold scores to declare significant linkage and to
exclude linkage are LOD scores >3 (which is equivalent to a p-value of 1E-04) and < -2 respectively
(Morton 1955, 1998).

In Nonparametric linkage (NPL) analysis, no specific assumptions are made with regards to the
trait model but genotyped marker locus model must be described. This method utilizes sib-pairs
(Penrose 1935) or is affected by it (Bishop and Williamson 1990) and evaluates ldentity by
Descent (IBD) sharing among affected individuals without any particular model assumptions. IBD
is a measure of shared DNA segments in two or more individuals when they have inherited it
from a common ancestor without recombination (i.e., the segment has the same ancestral origin
in these individuals). For linkage analysis of quantitative traits, Haseman-Elston modified the NPL
method by regressing squared trait value difference (i.e., change of phenotypic covariance)
against the IBD estimate of each locus (Haseman and Elston 1972). The mode of inheritance is
generally assumed to be additive, so that each causal allele contributes equally to the trait.

In linkage analysis, the approximation of the correct genetic model is a fundamental issue. When
the specified model for analysis is close enough to the true mode of inheritance that governs the
trait, then the parametric linkage analysis method overpowers the nonparametric method. This
is noticed in diseases that generally, exhibit Mendelian patterns of inheritance. Whereas while
studying complex traits, approximation of genetic model is increasingly difficult as a number of
factors including genetic and environmental are implicated in the etiology of the disease. Hence,
a model-free approach of nonparametric analysis is beneficial to study complex traits. In general
Linkage analysis lacks precision in mapping of genes, i.e., often genes are poorly localized to the
region covering many megabases (Mb). Hence, in analyzing complex traits to precisely map the
disease-causing genes, Linkage analysis may be ideal for the initial detection of the promising
linked region and followed by targeted association testing of candidate genes in the promising
regions.

6.4 Association analysis

Genetic association studies analyze the correlation between disease status and genetic variation
to identify candidate genes or genome regions that contribute to that specific disease. A higher
frequency of an allele or genotype in individuals with affected status can be interpreted as the
tested variant increases the risk of a specific disease. The genetic association analysis can be
carried out in either families or ‘unrelated’ singleton individuals (population-based). This analysis
method is based on linkage disequilibrium. Population-based association studies are
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comparatively easier to implement than family-based studies with flexible pedigree-free
recruitment design/approach of subjects. Nevertheless, both the designs have their strengths
and weaknesses. While a population-based design is suitable to detect the effect of multiple rare
variants, a family-based design can potentially enrich the sample in rare variants for which the
effect would be concealed at the population level (Kazma and Bailey 2011). The major difference
between association and linkage analysis is that association testing assumes shared common
ancestral haplotype regardless of population-based or family-based design, while Linkage on the other
hand assumes shared haplotype allele within each family to delineate disease causing alleles. The
term genome-wide association study (GWAS) refers to association testing of single nucleotide
variants (SNV) across the genome by genotyping samples on a dense genome-wide SNP panel,
where each SNP is correlated against the phenotype of interest. Commercial companies like
Affymetrix, Agilent, lllumina, and others manufacture pre-designed or custom-made SNP panels
for genome-wide genotyping experiments. Despite the increasing popularity of next-generation
sequencing, relatively low cost of SNP genotyping arrays and recent introduction of exome arrays
continue to make GWAS the better alternative for genetic research.

Previously family-based studies utilized high-density SNP genotyping panels and modern
analytical algorithms for quantifying phenotypic change associated with SNV to understand the
metabolic disease etiology in genome-wide scale approach. However, the current practice is to
use whole-exome sequencing (WES) techniques coupled with high-density genotyping panels to
make the experiments cost efficient. Family-based design also offers several advantages like
better-quality control and curtails the quantity of samples required as compared to population-
based studies. Particularly, there is no requirement of population stratification as they possess a
common genetic background and uniform exposure to environmental factors is expected among
family members (Hebbar et al. 2019b). However, when families of admixed population are used,
adjusting for family sub-stratification using Principal Components (PCs) demonstrated to improve
statistical power and reduce type-l error (Mersha et al. 2015). Familial studies such as twins
(Newman et al. 1987; Sung et al. 2009), siblings (Feng et al. 2008), and parent—offspring (Adams
et al. 1993; Benrahma et al. 2011; Park et al. 2006) have shown a strong link of familial
aggregation for obesity, T2DM, and metabolic syndrome, since parents influence their children
genetically and environmentally. The transmission disequilibrium test (TDT) (Ewens and Spielman
1995) is a special type of association study conducted in related individuals. TDT assumes that an
allele of a given polymorphism contributes to a trait by analyzing the frequency with which
affected individuals inherit the allele from a heterozygous parent. Suppose the allele contributes
to the trait or disease in question, the probability of the affected person inheriting the allele from
a heterozygous parent should vary from the expected Mendelian ratio 50:50. TDT is a valuable
technique; however, only heterozygous individuals are informative for the test. Hence, it reduces
the sample size and limits statistical power like linkage analysis. Later, TDT is generalized for other
family designs, other modes of inheritance, quantitative and time-to-onset phenotypes with
family-based association test (FBAT) (Horvath et al. 2001). Furthermore, advancement in the field
allowed combination of linkage and association data. Variance-components based, combined
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linkage and association analysis (where the association is modelled as a mean effect and linkage
is modelled as the covariance structure) for quantitative traits in sib pairs is extended to general
pedigrees (quantitative transmission disequilibrium test, QTDT). This approach accommodated
data not only from parents and siblings, but also from all available relatives (Abecasis et al. 2000).

Population-based GWAS offers a reliable, cost-effective, and user-friendly platform to identify
novel genes, underlying biological mechanisms, and drug response for complex traits in human
populations. GWAS provides comprehensive picture of genomic distribution of the variants
affecting complex traits and the distribution of their frequency and effect sizes. Genome-wide
genotyped data has several applications, including identification of population structure, and
inbreeding signatures (ROH and IBD), imputation of missing variants, examination of variant
association in cohorts along with well phenotyping of clinical or molecular traits, the heritability
of SNP with the trait and gene x environmental interaction, and from genotype intensity signals-
detection of copy number variations (CNV) in the genome, etc.

Based on the type of phenotype, GWA studies can be classified as binary trait association analysis
(e.g., obesity and diabetes status) and quantitative trait (QT) association analysis (e.g., BMI and
fasting plasma glucose- FPG). From the point of view of power calculation, analysis of binary traits
often requires considerably more samples than quantitative traits to attain 80% study power at
type 1 error > 0.05. Additionally, binary traits typically summarize the trait derived from several
quantitative traits. For example, a binary trait representing different hyperlipidemia status is
derived from assessing levels of four lipid quantitative traits such as total cholesterol (TC), high-
density lipoprotein-cholesterol (HDL-C), low-density lipoprotein-cholesterol (LDL-C), and
triglyceride (TG). Hence, examining genetic signature against these quantitative traits make
provisions for definitive biological mechanism of hyperlipidemia, rather than testing one
summary binary trait-hyperlipidemia status. When using quantitative trait in analysis, additional
care is required because QT often violates normality assumption. Normality can be achieved by
subjecting QT to transformation using either natural logarithm or rank based inverse normal
transformations (Beasley et al. 2009). Such transformations can sometimes mask the true
phenotype variance, thereby misleading the outcome of the analysis. Therefore, it is advised to
perform association tests using transformed trait and validate its result with that of raw trait
(Hebbar et al. 2019b).

The success of GWAS depends on rigorous quality control (QC). Numerous quality control
methods, statistical association test analysis tools have already been earmarked for GWAS (Agler
et al. 2019). Common QC methods include evaluating batch quality by looking for disparities in
statistics between data batches, filtering SNPs based on allele frequency, missing call rate,
departing from HWE, and excess heterozygosity. Statistical methods such as logistic regression
(for dichotomous traits) or linear regression (for quantitative traits) are mostly used for
examining association of variants with traits. A genetic association is interpreted as significant
association when either the genotyped SNP is the true causal variant conferring disease
susceptibility (direct association) or an SNP in LD with the true causal variant is associated
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(indirect association). A false-positive result due to systematic confounding, such as population
stratification can be identified by adjusting for such confounding factors. A common paradigm to
identify population substructure is through a principal component analysis (PCA), which
estimates ancestral genetic differences between samples and then that could be further used to
correct for the sample genetic differences in the association analysis (Price et al. 2006). Software
tools such as PLINK (Purcell et al. 2007), GenABEL (Aulchenko et al. 2007) project suite and GWAS
Tools (Gogarten et al. 2012) offer flexibility in implementing QC and statistical association
analysis procedure. Furthermore, the linear mixed model tools which account for sample
structure and relatedness in association analysis are increasingly being employed in recent
studies. These include EMMAX (Kang et al. 2010), RvTests (Zhan et al. 2016), and FaST-LMM
(Lippert et al. 2011) etc.

From the inception of GWAS in 2005 (Klein et al. 2005) to the recent SARS-COV-2 GWAS study
(Ellinghaus et al. 2020), it has been well tested in several different settings and a standard
protocol has been established to suit the need of the study-specific research questions (Marees
et al. 2018). A key challenge encountered in the GWAS is the translation of GWAS identified
statistical associations to the functional demonstration of complex traits and disease risk
(Edwards et al. 2013). There are two major complicating factors due to which GWAS requires
additional maneuvers to harvest definite insights into underlying biological mechanisms. They
are 1) GWAS is not sensitive enough to distinguish the gene-variant signal effect from other
variants that are in complex LD with the lead variant. Variants in high LD are often located in
intergenic regions or non-coding DNA regions, indicating that any of these could be the actual
causal variant. 2) More than 90% of disease-associated variants are in non-protein coding regions
of the genome (such as introns and intergenic regions) and not in the 1.5% coding part of the
human genome (Hindorff et al. 2009; Maurano et al. 2012; Schaub et al. 2012). The effect of non-
coding causal variants can be cell-type-, context-, or disease-specific (Andersson et al. 2014).
Additionally, these variants may locate in non-coding DNA regulatory regions such as enhancers
& promoters and could affect the binding of transcription factor (TF) proteins and regulate gene
expressions of proximal genes (Gallagher and Chen-Plotkin 2018; Haberle and Stark 2018;
Maurano et al. 2012; Schaub et al. 2012). Hence, the causal variant is not essentially the strongest
GWAS signal, but rather a variant in strong LD with the lead variant’s effect located in an active
enhancer region.

Nevertheless, deciphering the functional role of GWAS associated risk variants requires a
comprehensive computational and experimental functional analysis strategy. A computational
approach called “fine mapping” was developed to identify true causal variants and genes
associated with the trait. The vast data generated by a combination of biochemical assays and
massively parallel sequencing initiatives such as - the Encyclopedia of DNA Elements (ENCODE)
project (Consortium 2012), Functional Annotation of the Mammalian Genome (FANTOMS5)
project (Consortium et al. 2014), 1000 Genomes project (Genomes Project et al. 2010),the
Haplotype reference consortium (HRC) (McCarthy et al. 2016), the Epigenome Roadmap
(Bernstein et al. 2010), and Genotype-Tissue Expression (GTEx) project (Consortium et al. 2017)

36



have enabled systematic fine mapping analysis with remarkable choice of tools such as PAINTOR
(Fachal et al. 2020), CAVIAR (Hormozdiari et al. 2015), CAVIARBF (Chen et al. 2015), and FINEMAP
(Benner et al. 2016) etc.

Importantly, GWASs have been exploited as a systemic tool to interrogate several quantitative
traits such as anthropometric (Akiyama et al. 2017; Locke et al. 2015; Wood et al. 2014), lipid
(Surakka et al. 2015; Willer et al. 2013), kidney-related (Okada et al. 2012; Pattaro et al. 2016),
hematological (Astle et al. 2016; Kamatani et al. 2010), and blood pressure traits (Liu et al. 2016;
Sivakumaran et al. 2011; Surendran et al. 2016). The relation between the genetics of
quantitative traits and methods for linking them to disease end points has been established
through approaches like pleiotropy (Han et al. 2016; Sivakumaran et al. 2011), genetic correlation
(Bulik-Sullivan et al. 2015; Lee et al. 2012), and Mendelian randomization (Davey Smith and
Hemani 2014). Most of these approaches have been tried and tested in European or Asian
cohorts. However, findings from these cohorts are only partially (approximately 25%) trans-
ethnic and such associations vary in at least one of five non-European ancestry populations
(Popejoy and Fullerton 2016). Therefore, due to the increasing prevalence of metabolic disorders
in every corner of the world, there is a simultaneous need to create a comprehensive genetic
landscape with additional studies of non-European populations with the focus on the
investigations using a wide range of clinical measurements.

6.5 Metabolic traits and their modulation in metabolic disorders

Metabolic phenotypes are clinically observable characteristics or traits of an individual’s
metabolic health including morphology, development, biochemical, and physiological properties
etc. These phenotypes help in diagnosing metabolic disease, assess progression, and determine
the potential targets necessary for successful therapies. Since they result from gene products and
are influenced by environmental factors, the metabolic traits are extensively utilized in genetic
studies of metabolic disorders to unravel the genetic origin of disease etiology. Some important
basic clinical phenotypes to determine obesity are weight, body mass index (BMI), waist
circumference (WC), hip circumference, waist-to-hip-ratio, body fat, total body water (TBW), and
soft lean mass (SLM). In type 2 diabetes, following clinical phenotypes are measured - fasting
plasma glucose, glycated hemoglobin Alc (HbAlc), fasting insulin, c-peptide, and insulin
resistance (IR). In dyslipidemia - triglyceride (TG), total cholesterol (TC), low density lipid
cholesterol (LDL-C), and high-density lipid cholesterol (HDL-C) are determined. In hypertension-
systolic blood pressure (SBP) and diastolic blood pressure (DBP) are recorded. Whereas, in
cardiovascular disorders along with electrocardiogram (ECG) readings, C-reactive proteins, and
lipid traits etc are usually measured from the individuals.

Anthropometric traits as measure for obesity

BMI is an instant and crude measure of obesity, which is obtained by dividing weight (in
kilograms) with square of height (in meters) of an individual. According to World Health
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Organization guidelines, an adult with a BMI of <18.5 Kg/m?is underweight, 18.50-24.99 Kg/m?
is Normal, 25-29.9 kg/m? is said to be overweight, whereas 230 Kg/m?is considered to be obese.
Based on the BMI range the obese category is further classified into three classes, 30-34.99 as
Obese class I, 35-39.99 as Obese class Il and 240 Kg/m?2as Obese class Ill. In addition, waist-to-hip
ratio is deemed the best measure for abdominal fat. Obesity measured by bioelectric impedance
analysis, underwater weighing, computed tomography, and magnetic resonance imaging are
more laborious but accurate.

Blood pressure traits for hyper/hypotension

Blood pressure (BP) is a variable hemodynamic phenomenon, usually measured on the arm over
the brachial artery using sphygmomanometer (i.e., auscultation), semi-automated or automated
devices. BP is measured using two readings, systolic blood pressure (SBP) and diastolic blood
pressure (DBP). Systolic blood pressure indicates the pressure exerted by circulating blood
against arterial walls when the heart beats. Diastolic blood pressure indicates the pressure
exerted by circulating blood against arterial walls while the heart is resting between beats.
According to the American Heart Association, SBP of <120 mmHg and DBP of <80 mmHg is
considered to be normal. If SBP is 120-129 and DBP>80, they are said to be elevated.
Hypertension is further classified as Stage 1: 130-139 or higher for SBP and 80-89 for DBP, Stage
2: 140 or higher SBP or >=90 DBP, whereas >180 for SBP and/or >120 for DBP is regarded as
Hypertensive crisis. Additional measures with relation to BP can be calculated using SBP and DBP.
An important measure of pulsatile hemodynamic stress and arterial stiffness termed as pulse
pressure can be calculated by subtracting SBP by DBP. Other measures such as Mid-BP (the
average of SBP and DBP) and mean arterial pressure (often approximated for individuals with
normal heart rate as 1/3 SBP+2/3 DBP or DBP+1/3 pulse pressure) provide overall estimates of
arterial BP during a complete cardiac cycle (Muntner et al. 2019).

Glycemic traits in type 2 diabetes

Glycemic traits such as fasting blood glucose (FBG), post-challenge glucose (or Oral Glucose
Tolerance Test- OGTT), insulin measures, and glycated hemoglobin (HbAlc) are used to diagnose
and monitor diabetes. Also, more sophisticated glycemic measures help in disease stratification.
For example, fasting insulin (FI) and insulin resistance by homeostasis model assessment [HOMA-
IR] for obesity mediated diabetes, the insulin suppression test or euglycemic clamp or proinsulin
measures to diagnose beta-cell stress. Usually, for primary diagnosis either HbA1C, or FBG or
OGTT test is performed. In order to measure FBG, the individual is required to be on fasting for
at least 8 hours. The HbA1C test does not require the individual to be on fasting; it is a measure
of average blood sugar levels for the past two to three months. On the other hand, in 2 hour-
glucose test or OGTT, blood sugar level is measured before and after two hours of consumption
of a special sweet drink to understand how body processes the sugar.

According to the American Diabetes Association (ADA) guidelines, each of these tests use certain
threshold to classify an individual as Normal, pre-diabetic, or diabetic (Table 1). Pre-diabetic

38



individuals have blood sugar levels that are higher than normal but not high enough to be
designated as diabetes. In such cases, impaired glucose tolerance (IGT) or impaired fasting
glucose (IFG) test is done. Pre-diabetes is accepted as a risk factor for developing type 2 diabetes
and cardiovascular diseases (Wheeler et al. 2017).

Diagnosis status | Glycemic test thresholds
FBG

Normal <100 mg/dl
Pre-diabetic 100 mg/dI-125 mg/dI
Diabetic >126 mg/dl

HbA1C

Normal <5.7%

Pre-diabetic 5.7% to 6.4%

Diabetic 26.5%

OGTT

Normal <140 mg/dl
Pre-diabetic 140 mg/dl to 199 mg/dl
Diabetic >200 mg/dl

Table 1: Displaying thresholds of glycemic test for diagnosis of diabetes as per ADA guidelines.

Lipid traits in dyslipidemia and Cardiovascular diseases

Lipids are fatty molecules and their decomposition provides the energy necessary for various life
processes. In conjunction with proteins, lipids form the most important structural elements of
cells and cellular organelles. However, when certain lipids (such as cholesterol) accumulate
excessively in the body, they become a risk factor for a multitude of metabolic diseases.

Lipids are largely constituted of fatty acids, cholesterols, triglycerides and phospholipids, which
circulate in the blood. The lipid metabolism process comprises digestion, uptake, intracellular re-
synthesis and packaging them into lymphatic system to blood stream is a complex process. The
digestion of fat (consist of triacylglycerols and phospholipids) begins in the mouth by salivary
digestive enzyme- lingual lipase. The physical action of chewing makes the fat to become more
accessible to the digestive enzyme to break them as tiny fat droplets and separate them from
watery components. The fat entering the gastrointestinal tract (include triacylglycerol,
cholesteryl esters and phospholipids) gets digested by gastric lipase and breaks down
triacylglycerols into diglyceride and fatty acids. Further, along with other endogenous lipids
(include phospholipids and cholesterol) from bile and shedding process of intestinal epithelial
cells, gets emulsified due to the action of bile in small intestine. The action of pancreatic lipase in
small intestine, emulsified fat gets broken down into free fatty acids and monoglycerides. These
molecules form micelles with the action of bile salts to allow efficient transportation into
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intestinal microvillus. Inside the intestinal cells, the monoglycerides and free fatty acids
reassemble themselves into triacyclglycerols. Then, triacylglycerols, cholesterol and
phospholipids conjugate with a protein carrier to form lipoproteins. The different lipoproteins in
order of increasing density include 1) chylomicrons consisting triglycerides as major lipid and
ApoB-48, ApoC, ApoE, ApoA-I, A-ll, A-IV as major apolipoproteins, 2) chylomicron remnants
consisting triglycerides, cholesterol as major lipid and ApoB-48, ApoE as major apolipoproteins,
3) very-low-density lipoprotein (VLDL) consisting triglycerides as major lipid and ApoB-100, ApoE,
ApoC as major apolipoproteins, 4) intermediate-density lipoprotein (IDL) consisting triglycerides,
cholesterol as major lipid and ApoB-100, ApoE, ApoC as major apolipoproteins, 5) low-density
lipoprotein (LDL) consisting Cholesterol as major lipid and ApoB-100 as major apolipoproteins, 6)
high-density lipoprotein (HDL) consisting Cholesterol, Phospholipids major lipid and ApoA-I,
ApoA-Il, ApoC, ApoE as apolipoproteins, and 7) Lipoprotein (a) consisting Cholesterol as major
lipid and ApoB-100, Apo(a) as major apolipoproteins (Feingold 2000). Lipoproteins which are
packaged in endoplasmic reticulum of enterocytes, later enter the lymphatic system via Golgi
apparatus and exocytosis into lamina propria. From lymph these re-synthesized lipids secreted
into circulation and transport to specific destinations such as liver and other body tissues for
produce of energy (Zimmerman M 2020). Lipoproteins play a key role in the absorption and
transport of dietary lipids by small intestine and in the transport of lipids from the liver to
peripheral tissues. In addition, they transport the lipids from peripheral tissues to the liver and
intestine.

Cholesterol is an important component of cell membrane and plays a vital role in absorption of
fats, and fat-soluble vitamins. The body uses cholesterol in synthesis of vitamin D and hormones
such as estrogen, testosterone, and cortisol. Cholesterols are poorly absorbed when compared
to phospholipids and triacylglycerols. However, high fat diet increases its absorption. Hence, a
high intake of fiber is recommended to decrease blood cholesterol. Foods high in fiber such as
fresh fruits, vegetables, and oats can bind bile salts and cholesterol, preventing their absorption
and carrying them out of the colon. Triglycerides are another type of fat. Triglycerides are derived
from esterification of glycerol and three fatty acids in intestine and liver and the excess fats are
stored as triglycerides in liver cells. Later, when the body requires fatty acids as an energy source,
hormone glucagon signals the breakdown of these triglycerides by hormone-sensitive lipase to
release free fatty acids (Zimmerman M 2020). According to American College of Cardiology and
American Heart Association (ACC/AHA), a desired level of total cholesterol is <200 mg/dL, LDL
cholesterol <100 mg/dL, HDL cholesterol =60 mg/dL, and triglyceride <150 mg/dL in adults
(Grundy et al. 2019; Program 2002). Abnormal levels of lipids (dyslipidemia) are commonly
observed in obese individuals. Approximately 60%-70% of the obese individuals are dyslipidemic
with elevated serum triglyceride, VLDL, apolipoprotein B, and non-HDL-C levels. Dyslipidemia is
a leading risk factor for cardiovascular disease in individuals comorbid with type 2 diabetes
(Mooradian 2009). The characteristic features of lipid profile with high plasma TG, low HDL-C,
and increased LDL-C are considered as a hallmark of T2DM risk in CVD patients (Lee et al. 2017).
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6.6 Obesity as a central risk factor to metabolic disorders

Obesity is excessive accumulation of adipose tissue due to an imbalance between food intake
and energy expenditure. Adipose tissue, beyond storing excess energy (or triacylglycerols), it also
serves as an endocrine organ. It synthesizes several biologically active compounds called
adipokines and reactive oxygen species that regulate metabolic homeostasis. They include
adiponectin, Leptin, Apelin, Angiotensins, tumor necrosis factor-o (TNF-a), plasminogen activator
inhibitor 1 (PAI-1), Omentin, Chemerin, Visfatin, Resistin, Nitric oxide, Hydrogen sulfide, palmitic
acid methyl ester, and Hydrogen peroxide etc., (Coelho et al. 2013; Saxton et al. 2019). A
substantial amount of evidence shows that adipokines have multidimensional effects; such that
while regulating energy homeostasis by appetite regulation, adipokines also regulate glucose,
vascular homeostasis, and inflammatory response (Saxton et al. 2019).

The effects of over-nutrition increase the size of Adipocytes. However, when it exceeds storage
capacity, lipid contents spillover to ectopic storage (i.e., non-adipose tissues), and subsequently
adipose dysfunction leads to lipotoxicity (Montgomery et al. 2019). Further, excess in adiposity
and adipocyte dysfunction dysregulate secretion of adipokines which can contribute to the
development of other metabolic pathological conditions such as insulin resistance, T2DM,
dyslipidemia, hypertension, coronary heart disease, stroke, and non-alcoholic fatty liver disease
(NAFLD) in conjunction with altered glucose and lipid homeostasis as well as inflammatory
responses (Halberg et al. 2008; Hauner 2005). Figure 6 shows multifaceted physiological effects
of over-nutrition induced by adipokine dysregulation.
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Figure 6: Showing multi-dimension physiological effects of fatty adipose tissue led adipokine
dysregulation (Saxton et al. 2019). With permission from the American Physiological Society.
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6.7 Genetics in mapping pathophysiology of complex metabolic disorders

A prevailing abnormality in metabolic traits is indicative of a metabolic disorder. Of the metabolic
disorders, Obesity is believed to be one of the most predominant risk factors for other metabolic
disorders and cancer. Obesity is a multi-factorial disorder that is caused by the interaction
between several genes and environmental factors such as food choices, and physical activity. The
genetic approaches to study obesity are progressing rapidly. Few large-scale GWA studies have
identified more than 300 genes or loci responsible in the pathophysiology of obesity (Akiyama et
al. 2017; Locke et al. 2015). It is an important risk factor for T2DM and cardiovascular diseases.
Multiple independent GWA studies have reported common variants having strong LD with an
intronic variant rs9939609 of fat mass and obesity associated (FTO) gene playing a crucial role in
obesity and pathogenesis of T2DM. Its association with T2DM in the behest of obesity was
confirmed when it was proven that T2DM signal is abolished upon adjusting for BMI (Frayling et
al. 2007; Rees et al. 2011). The involvement of FTO in controlling food intake, energy homeostasis
& expenditure, and its interaction with proximal genes such as RPGRIP1L and IRX3 are well
studied in mouse models (Church et al. 2009; Speakman 2015). Interestingly, our recent
investigation of variant rs1421085 from FTO with body composition traits showed its association
with total body water (TBW), soft lean mass (SLM), interaction with satiety gene (or biomarker)
ghrelin and plasma lipoproteins complex biomarkers such as ApoAl and ApoB48, indicating a
complex interplay of FTO in modulating obesity and lipid traits via genes expressed in the central
nervous system (CNS) (Hebbar et al. 2019a).

Morbid obesity during early childhood is often associated with rare single gene (monogenic)
defects. Therefore, severely obese children are screened for leptin, POMC, and MC4R
deficiencies. Monogenic genetic studies have explained energy balance and storage mechanisms
in adipose tissues and their relationship with severe obesity. The satiety hormone leptin, known
to regulate the energy output by stimulating the sympathetic activation of brown adipose tissue,
binds to hypothalamic receptors in the arcuate nucleus. This induces, among other effects,
enhanced synthesis and secretion of a-MSH (which is formed from POMC). The a-MSH binds to
MC4R in the paraventricular nucleus of hypothalamus and inhibits the effectors of food intake.
Mutations in these genes have been implicated as a causal factor in severe obesity (Clement et
al. 1998; Funcke et al. 2014; Hilado and Randhawa 2018; van den Berg et al. 2011). Numerous
genetic syndromes (at least 79) have been reported in the literature (Kaur et al. 2017) and
syndromic forms of obesity, such as Prader-Willi, Cohen, Alstrom, and Bardet-Bied| (BBS), have
been genetically mapped (Rankinen et al. 2002). Astoundingly, of the 79 syndromes, 19 have
been entirely genetically annotated, 11 have been partially annotated, 27 have been mapped to
a chromosomal region, and for the remaining 22, neither the gene(s) nor the chromosomal
location(s) have yet been identified (Kaur et al. 2017).

Several genome-wide association studies have suggested that quantitative traits are typically
highly polygenic (Turchin et al. 2012), suggesting pleiotropy is evident in metabolic disorders.
Most co-morbidities occur due to shared risk factors. A few genes with specific variants such as
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ADAMTS9 (rs6795735), ADCY3 (rs10182181), ADCY3/POMC (rs713586), BDNF (rs11030104), FTO
(rs9939609), GIPR (rs11671664), GIPR (rs10423928), MC4R (rs6567160), MC4R (rs12970134),
PCSK1 (rs6234/rs6235), PEMT (rs4646404), POMC (rs1561288), SH2B1 (rs7359397), SH2B1
(rs7498665), and TBX15-WARS2 (rs2645294) are known to be associated with obesity and also
show pleotropic association with cardiovascular risk traits such as T2DM, dyslipidemia, and
hypertension (Sanghera et al. 2019).

The other important and most prevalent metabolic disorder worldwide is T2DM. T2DM is the
most common form of diabetes and is influenced by age, pregnancy, and lifestyle-related factors
such as obesity. Several studies for more than 30 years have established insulin resistance as the
main pathophysiological factor in T2DM. Later, the role of beta cell dysfunction in T2DM was also
reported (Chakravarthy and Semenkovich 2007). The current consensus suggests both the factors
are essential and interlinked in disease pathogenesis (Cerf 2013). Although both insulin resistance
and beta-cell failure result in hyperglycemia and increased demand for insulin, intrinsically, beta-
cell dysfunction is a condition that overtakes the insulin resistance to induce diabetes (i.e., pre-
diabetes to diabetes). The main difference between these two conditions is that beta cell
dysfunction results from inadequate glucose sensing capacity to stimulate insulin secretion by
beta cells. This eventually leads to hyperglycemia, whereas hyperglycemia due to insulin
resistance is by damage of insulin signaling in glucose recipient tissue cells such as adipose tissue.

Large scale genetic studies have identified more than 500 genetic variants contributing to the risk
of T2DM (Mahajan et al. 2018a; Mahajan et al. 2018b; Vujkovic et al. 2020). McCarthy and
colleagues studied the molecular insights of beta cell dysfunction and insulin resistance through
genome-wide genetic and epigenetic approaches (Mahajan et al. 2018a; Mahajan et al. 2018b;
Thurner et al. 2018). These studies delineated risk loci into insulin secretion (indicating beta cell
failure), insulin action (indicating insulin resistance), impaired lipid metabolism, and adiposity.

An increasing number of rare monogenic forms of single-gene mutations have been
characterized in diabetes. Molecular genetic advances have identified at least eight genetic
subgroups for maturity onset diabetes in young (MODY), three genetic subgroups of transient
neonatal diabetes mellitus (TNDM), four genetic subgroups of permanent neonatal diabetes
mellitus (PNDM), and five genetic syndromes that include developmental delay, epilepsy, and
neonatal diabetes (DEND). Depending on the mutations in genes such as KCNJ11 (DEND, PNDM,
TNDM, MODY); ABCC8 (DEND, PNDM, TNDM); INS (PNDM, MODY); GCK (PNDM, MODY2);
SCLC2A2 (PNDM); PDX1 (PNDM, MODY4); GLIS3 (syndromic); FOXP3 (syndromic); EIF2AK3
(syndromic); PTF1A (syndromic); Rfx6 (syndromic); 6g24 abnormality (TNDM); TCF2 (TNDM,
MODY5); HNF4A (MODY1); TCF1 (MODY3); and NEUROD1 (MODY6)(McCarthy and Hattersley
2008) discrete clinical differences in diabetes were also observed.

Hypertension is a key risk factor for renal, cerebro-vascular, and cardiovascular disorders. Both
heritable and lifestyle factors combined with several physiological pathways and mechanisms
ultimately influence blood pressure levels. Susceptible loci for hypertension were genetically
characterized using candidate (Alsmadi et al. 2014b; Newton-Cheh et al. 2009), linkage
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(Kristjansson et al. 2002; Wallace et al. 2006), and GWA studies (Franceschini et al. 2013; Ganesh
et al. 2014). Large scale GWA studies (Ehret et al. 2016; Hoffmann et al. 2017; International
Consortium for Blood Pressure Genome-Wide Association et al. 2011; Warren et al. 2017) alone
identified more than 120 risk loci for hypertension. Family genetic studies have also implicated
many genes, including CYP11B1, CYP11B2, WNK1, WNK4, KLHL3, CUL3, SCNN1B, SCNN1G,
CYP17A1, HSD11B2, NR3C2, and KCNJ5 for Mendelian forms of monogenic hypertensive
syndromes (Ehret and Caulfield 2013).

Dyslipidemia is an important risk condition among metabolic diseases with a complex etiology. It
can also be caused by single gene defects or complex polygenic framework, resulting in
overproduction or defective clearance of TGs and LDL-C, or underproduction or excessive
clearance of HDL-C. Elevated LDL-C and TG levels and low HDL-C levels are well-known risk factors
for CAD. In case of monogenic diseases, mutations in genes LDLR, ApoB, PCSK9, and LDLRAP1
have demonstrated evidence of association with familial hypercholesterolemia and genes ABCG5
and ABCGS8 with phytosterolemia (Garcia-Giustiniani and Stein 2016). Similarly, mutations in
APOAS5, APOC2, APOE, GPD1, GPIHBP1, HNF1A, LMF1, LPL, and SLC25A40 genes known to cause
familial hypertriglyceridemia or familial chylomicronemia syndrome (FCS) with increased levels
of TGs as the main phenotype (Brown et al. 2020). Mutations in APOA1, ABCA1, LCAT, SAR1B,
and ABCG1 genes associated with low HDL-C of monogenic etiologies including familial
hypoalphalipoproteinemia (ApoAl), Tangier disease (ABCA1), fish-eye disease (LCAT), and
chylomicron-retention disease (SAR1B) (Garcia-Giustiniani and Stein 2016).

Conversely, polygenic dyslipidemia results from multiple common variants with each
contributing a small effect to an aggregated large effect on lipid traits. The Global Lipid Genetics
Consortium (GLGC), an initiative to produce the largest GWAS meta-analysis in the lipid field
(Kathiresan et al. 2009; Willer et al. 2013), has recognized more than 150 common variants with
small effects on lipid traits. Interestingly, one-third of the significantly associated genes and loci
identified by GLGC were already well-established, but a majority of them had no prior links with
lipid metabolism. Some of the loci GLGC initiatives discovered include ABCG8, MAFB, HNF1A, and
TIMD4 with LDL-C; ANGPTL4, FADS1-FADS2-FADS3, HNF4A, LCAT, PLTP, and TTC39B with HDL-C;
and AMAC1L2, FADS1-FADS2-FADS3, and PLTP with TG.

Another important metabolic disorder is CVD (include coronary artery disease (CAD), heart
failure, stroke and hypertension) with 523 million cases in total and 18.6 million deaths as of 2019
(Roth et al. 2020). Many monogenic studies have contributed to deciphering the role of rare
mutations in CVD etiology. Dilated cardiomyopathy (DCM) is a cause of heart failure. Studies of
families with DCM have identified rare variants in more than 33 genes (Hershberger and Siegfried
2011; Wells et al. 2013). A loss of function variants in the sodium channel gene, SCN5A is known
to cause Brugada syndrome, a monogenic heart disorder characterized by an abnormal
electrocardiogram and risk of ventricular fibrillation and sudden death. Over 160 lead variants
have been discovered for CAD through individual and consortium based GWA studies (Erdmann
et al. 2018). Risk alleles confer the strongest effects on CAD risk at chromosomal locus 9p21
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(INK4), which are carried by almost 75% of the global population, excluding black Africans (Holdt
and Teupser 2012). Some of these reported genes including NOS3, GUCY1A1, PDESA, PDE3A, and
MRVI1 are found to be involved in NO/cGMP signaling pathway suggesting a role of Nitric oxide
in pathogenesis of CAD.

Although, cardio-metabolic disorders appear to be phenotypically different from each other;
there is an overlap between biomarkers associated with coronary heart disease, T2DM, obesity,
and hypertension. Hence, it is no surprise that obesity associated traits such as central adiposity,
dyslipidemia, hypertension, and insulin resistance are major risk factors for T2DM and
cardiovascular diseases. An estimation of genetic correlation among 24 traits, including anorexia,
obesity, anthropometric traits, lipid traits, CAD, T2DM, and psychiatric traits, discovered a high
genetic correlation among obesity, T2DM, CAD, and lipid traits using cross-trait LD Score
regression test (Bulik-Sullivan et al. 2015). However, while several reports have evaluated
individual disease conditions, limited information exists on shared genetic risk between
metabolic disorders.

6.8 Relevance of genetic studies for mapping metabolic disease genes in the Arab
population

Metabolic diseases are caused by the interaction between multiple genetic factors and
environmental exposure. An estimation suggests, intra-population differences among individuals
account for 93% to 95% of genetic variation and only 3% to 5% of genetic variation accounts for
differences among major population groups (Rosenberg et al. 2002). Considering this fact, a
substantial portion of knowledge existing on pathophysiology of metabolic diseases by de facto
should be transferable to Arab population or any general population. However, approximately
25% of the variants found associated with BMI, T2DM, and lipid levels in European-Americans
are trans-ethnic and such associations vary in at least one out of the five non-European ancestry
populations (Popejoy and Fullerton 2016). Hence, environmental factors can be a prime
contributor in metabolic disease etiology. Given the fact that, Arabs are exposed to a unique
desert environment and culture; these exposures are exclusive to Arabs as compared to any
other population living in different geographic regions. Novel selection pressure from unique
cultural practices, food habits, lifestyle, and exposures to infections & toxins may contribute to
population specific modulation of metabolic traits in conjunction with population specific genetic
variation in Arabs. On the other hand, accumulating evidence suggests that complex metabolic
traits are highly heritable and genetically complex; most variations in traits arise due to
differences at numerous genetic loci (i.e., polygenic) in the genome with small contributions by
each locus to phenotypic variation (Sella and Barton 2019). Since, consanguineous and
polygamous marriages are prevalent among Arabs, novel mutations which are rare elsewhere is
expected to be common in Arabs. This type of marriage from successive generations cumulatively
has increased the inbreeding levels and, consequently, increased the distribution and frequency
of founder mutations among the Arab population. Our own recent analysis of Whole Exome
Sequences (WES) of Arabs from Kuwait showed 21.7% personal variants, 12% novel and 36% Arab
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population-specific from the total SNV’s identified (John et al. 2018). Hence, genetic studies in
understudied Arab population provides opportunities to enhance insights of complex
architecture of metabolic traits and provide comprehensive picture of variants involved in
etiology of metabolic disorders in global population, while specifically benefiting the Arab
population by allowing to devise newer therapeutic approaches after identification of genetic
risk loci resulting from genetics and genomic studies.
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6.9 Genetic history of Arabs

The “Arabian Peninsula” is a geographical landmass bordered by the Red Sea in the west, the
Arabian Sea in the south, the Persian Gulf in the east, and a vast open steppe toward the
Mediterranean with no major geographic boundary. It encompasses countries such as Saudi
Arabia, Jordan, Yemen, Oman, United Arab Emirates, Qatar, Bahrain, and Kuwait- ethnic people
of this region are called the Arabs. While many tribal Arab ethnic groups exist within the Arab
population, they descend from a common linguistic and cultural heritage. Shortly after the
introduction of Islam in 610 AD, tribes in this region united as an Islamic state and grew up to the
current Middle-East North Africa (MENA) regions. Given many conquests in the region after
introduction of Islam, stretching from Mauritania (West Africa) to the western China border (East
Asia) and historical polygamous marriage practices in the region; the contemporary Arabs share
cultural as well as genetic relationships with these ethnic groups. Until recently, the distinct
genetic ancestry of these tribal populations was unknown to the scientific community.

Arabian Peninsula was the fundamental bridge for human migration between Africa, Europe, and
Asia. Studies suggest that recurrent climate change from arid to humid and vice versa in the
Arabian Peninsula during the quaternary period triggered these human migrations and
transformed this region as a bridge connecting Africa to Eurasia (Michael D. Petraglia 2010).
Figure 7 illustrates contemporary global genetic diversity mimicking pattern of human migration;
prominent Middle East region as the juncture of bifurcation for further migration to Europe, Asia,
and Australia using 1K genome project (1KGP) and samples of Arabs Living in Kuwait (ALK).
Nevertheless, archaeological and genetic evidence suggests human migration from “Out of
Africa” (OOA) to have occurred in two main pathways, “Nile corridor-terrestrial Levantine” path
between Africa and West Asia (Macaulay et al. 2005; Marta Mirazon Lahr 1994; Quintana-Murci
et al. 1999) and through East Africans upon crossing Red Sea, reaching south of Arabian Peninsula
(or Yemen) and migrating eastward (Armitage et al. 2011). Furthermore, excavation remains
from archaeological sites in Arabia suggest that 4 human species, Homo heidelbergensis
(evidence from the presence of Acheulean technologies), Homo neanderthalensis (evidence from
fossils in foothills of Zagros mountains in Iraq), Homo helmei (evidence from a specific type of
assemblages), and Homo sapiens [evidence based on macro-haplogroup L3 marker in mtDNA
(Cabrera et al. 2018; Rosa and Brehem 2011; Soares et al. 2012) and modern human remains
excavated at Skhul and Qafzeh Caves in the Levant] were inhabiting between 200 and 100
kiloannum (Ka).

Early 20™ century excavations in the Arabian Peninsula attempted to reconstruct early
civilizations from 1200 BC using available artifacts and text materials. These efforts identified
many civilizations and kingdoms that ruled Arabian Peninsula. The southern part was ruled by
three successive civilizations built by authentic Yemeni tribes: Mineans, who established their
capital Karna (now known as Sadah) (1200-650 BC), Sabaeans in Marib (1000 BC—570 AD), and
the Himyarite (2"-6t" centuries AD) in Dhafar (Oman). During these times, this region served as
an important hub for spice and aromatic trade. The Sabaean civilization survived for about 14
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centuries; along with spice trade, they gave importance to agriculture and built a dam at Marib
(ancient capital of Yemen) in the 8™ century to irrigate farmlands (Korotayev 1995). Similarly,
central Arabia was ruled by Kingdom of Kinda (4™—6™ AD), eastern Arabia was founded by
Dilmum civilization, East African Kingdom ruled by Aksum, later extended up to Yemen and
Western Saudi Arabia (in 3™ century), the Lakhimds (of Yemen origin) ruled part of Iraq and Syria
(from 300-600 AD). Further, the Arab Christian Ghassanids of Southern Arabia migrated to
Jordan (in 3™ century) and established a kingdom comprising Syria and Yathrib (now known as
Saudi Arabia) (Korotayev 1996; Munro-Hay 1991). Remains of artifacts excavated from the bay
of Kuwait suggest that troops of “Alexander the Great” inhabited /karos (now known as Failaka
Island) in 3—4 century BC. This settlement of ancient Greeks is believed to have lasted for
approximately 200 years in the Arabian Peninsula (Jonathan Wallace 1979). Parts of the region
was also ruled by Romans (Arthur Goldschmidt Jr. 2006) and the Turkish Ottoman Empires (Rogan
2015). These historical conquests have also contributed to Caucasus-related ancestry admixture
to the region (Haber et al. 2020). Overall, the shift of kingdoms and civilizations reflects frequent
migratory movements between the regions of the Middle East and hence witnesses an admixed
genetic architecture at various degrees in Arabs.

Although research on genetic makeup of early humans of Arabian Peninsula is challenged by
unfeasibility to recover ancient DNA material (due to non-favorable weather conditions of the
region to find quality DNA in excavation dirt), some recent SNP studies using contemporary Arab
samples have established that introgression with Neanderthals occurred in this region
immediately after OOA and such introgression contributed similar, low levels of genetic
signatures in both Levantine and southern Arabian populations when compared with any other
non-Africans population (Vyas and Mulligan 2019). In support of this, three genetic sub-groups
identified from Qatari population SNP data found 1% to 2.6% of Neanderthal signatures;
distinctly, Ql1-beduine-gatari sub-group (2.6%) and Q2-persian-qatari sub-group (2.4%) with
higher proportion and Q3-african-qatari with lower proportion of Neanderthal signatures
(Rodriguez-Flores et al. 2016).

Furthermore, studies from Kuwait and Qatar have identified three genetically well-defined sub-
populations that are relatively isolated from one another from the contemporary population of
Arabian Peninsula. Both the studies identified sub-groups comprising higher proportions of Arab
ancestry (Q1=84%, KWS=69%), higher proportions of Persian or West Asian ancestry (Q2=45%,
KWP=56%), and relatively lower proportions of African ancestry (Q3=37.6%, KWB=17%).
Distinctively, Q3 of Qatar displayed relatively higher proportions of African ancestry than KWB of
Kuwait (Alsmadi et al. 2013; Rodriguez-Flores et al. 2016). Recently sequenced WGS of two
Emirati samples highlighted a very different admixture composition with approximately 50%—
55% Central or South Asian, 35% Middle Eastern, and 2%—3% Sub-Saharan ancestries (AlSafar et
al. 2019) .These studies suggest that the population of Arabian Peninsula is predominantly
structured by three to four genetic sub-groups (Figure 8A).
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Another study comprising a sample set of good representation from the Middle East region
identified six ancestral admixture components with differential proportions of West-African,
East-African (minute proportion), North-African, Levantine/Caucasian, European and South Asian
admixtures. Arabian/North African component was seen in higher proportions in the west of the
Peninsula and diminished gradually toward the south-east. The proportion of this component
was seen 65% in Saudi, 61% in Yemen & Bedouin, 36% in Oman, and 32% in the UAE. The next
highest component seen was a Levant/Caucasian component with 72% (highest) in Druze, 28%
in the UAE & Oman, 20% in Yemen, 18% in Bedouin, and 16% in Saudi Arabia. Whereas, European
admixture known to be higher in Levantine population with approximately 8%—17%; was seen
with 1.5%—3.3% in the Arabian Peninsula. Similarly, sub-Saharan African ancestry was 11% in
Yemen, the UAE & Oman and then between 4%—7% in Saudi Arabia. The South Asian component
was especially seen frequently in the UAE and Oman with 23%—-26% (Fernandes et al. 2019).

Additionally, using Human Genome Diversity Population (HGDP), admixture of following six
ancestral components in Kuwaiti subgroups were identified: Negev Bedouin (denoting Arabian
ancestry), Yoruba (from sub-Saharan Africa), Brahui tribe (from Pakistan), Druze (from Israel),
Kalash tribe (from Pakistan), and French Basque (from Europe). The proportional assignment of
these ancestries varied among three subgroups. The subgroup KWP (or KW1) is seen dominantly
with West Asian (Brahui, Druze, and Kalash) ancestry at 56% and European ancestry at 12%; KWS
(or KW2) subgroup is found predominantly comprising Arabian ancestry at 69%, and KWB (or
KW3) is also found to predominantly comprise Arab ancestry at 40%, but with 17% of African
ancestry along with it (Alsmadi et al. 2013). This suggests that KWP group is largely of Eurasian
(Indo-Persian) origin and KWS and KWB groups are largely of Arabian ancestry with KWB group
having a distinct African ancestry (Figure 8B).

The mtDNA variations and haplogroups are maternally inherited ancient polymorphisms, which
help classify the geographical origins of populations. Theoretically, mtDNA never undergoes
recombination and haplogroups are never interrupted by LD. Hence, mtDNA is crucial in exploring
the maternal lineages and genetic diversity of Arab populations. Comparative analysis of mtDNA
hypervariable region | (HVR 1) of Saudi Arabian, Iranian, or Bedouin ethnic individuals suggested
that the combined Kuwaiti population has a high frequency of haplogroup RO (17%), J (12%), U
(12%), M (8%), N or R (15%), and H (9%). Furthermore, the detection of sub-haplogroup L (L1 and
L2) (2%) suggested contemporary African gene flow and the presence of haplogroup M and N or
R indicated Asian gene flow into Kuwait (Theyab et al. 2012). The combined Kuwaiti population
showed the absence of L3, thus reflecting no earlier African migration into Kuwait. But
distinctively in Saudi Arabian population, high frequency of haplogroup L (10.5%) and the
presence of L3 (Abu-Amero et al. 2007; Theyab et al. 2012) was observed, suggesting high
frequency of contemporary African gene flow and early African migration in Saudi Arabia.

Conversely, regions of Y-chromosome except pseudo-autosomal regions, are transmitted from
father to generations with few modifications. These regions are also helpful in discerning recent
events of human migration in Arab population. The subgroup Bedouin is traditionally asserted to
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descent from two main lineages: from Adnan (sons of Ishmael) - the Adnani lineage and from
Qahtan- the Qahtani (or Joktani) lineage. Autosomal STR and Y-STR DNA from the Adnani tribes
of Al-Aniza, Mutran, & Awazim (a Suluba tribe) and the Qahtani tribes of Ajman, Shimar, &
Murrah, have identified haplogroups J1 (84%); R1a1(6.75%); E3b3 (6.00%); G2 (3.40%); R1b3
(1.35%); and K2, E3b1, Q*, & R2 (each 0.67%) from Y-STR; suggesting strong evidence of genetic
isolation and drift while no evidence of segregation into the two male lineages (Mohammad et
al. 2009). A similar study using Y-STR polymorphisms has shown that Arab populations share a
substantial part of the genetic pool and a pronounced genetic similarity among Arabian Peninsula
populations (Triki-Fendri et al. 2010).

In summary, ancient and recent migrations have shaped the genetic structure of the
contemporary Arab population of the Arabian Peninsula. The proportional genetic ancestry
assignment varied from western to eastern sides of the Peninsula with the dominant sub-Saharan
African component in the west and stronger South Asian and Levantine/European component in
the east of the Peninsula, which is distinctively classified as three subgroups of ancestries: Persian
(European and South Asian), Saudi Arabian tribe (or Negev Bedouin, descendants of the first
Eurasians), and nomadic Bedouin (with varying proportions of African ancestry).
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Figure 8: Genetic admixture proportions observed in contemporary Arabs using structure
program. A) Three subgroups were observed with KW1 being dominant with Eurasian (Indo-
Persian) origin; KW2 and KW3 were largely of Arabian ancestry with KW3 group having a
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distinct African ancestry as well. B) Corroboration of HGDP data with our data identified six
ancestral elements in the three Kuwaiti groups; the admixture proportional assignment is as
follows: West Asian (Brahui, Druze, and Kalash) ancestry is dominant in Kuwait 1 group (56%),
European ancestry is seen more in Kuwait 1 group (12%), Arabian ancestry is seen more in
Kuwait 2 group (69%) and Kuwait 3 group (40%), and African ancestry is seen more in Kuwait 3
group (17%) (Alsmadi et al. 2013). With the permission from PLOS.

6.10 Pre-Oil era lifestyle of Arabs

In the pre-oil era, people in the Arabian Peninsula lived in a simple rural village with a nomadic
lifestyle. Villages were often built around water resources (or oases) or near the coastal side.
Settled people practiced regular farming and cultivated grains and palm trees in the oases.
Nomadic communities, traditionally known as “Bedouin,” were also seen who pastured camels,
sheep, and goats using the limited water resources of the desert. Fishermen lived along the coast
(Albert Hourani 2010). Village housing structures were built of mud; tree trunks supported roof
covered with palm tree branches, and woven palm tree branches were used for flooring. Daily
living needs were imported from Indian subcontinent and parts of Africa in exchange for dates,
pearls, and oyster shells (Albert Hourani 2010; Barakat 1993; Hitti 1914). People mostly
consumed pita (or khubz, a form of bread) or rice along with fish or other seafood. Archeological
and textual data survey estimates that rice was a cultivar in the Middle East region from the 12t
century BC up early Islamic period and was consumed as bread, porridge, or cake, much like
barley and wheat (Muthukumaran 2014). A status mentioned in the old Arab folk saying “What
do the people of paradise eat? — rice in butter” (Richard Tapper 1996) indicates that rice was a
luxury and choice of wealthy people. Pitas were traditionally accompanied by hummus, baba
ganoush, tzatziki, tabbouleh, lamb, steak, falafel, and chicken. In summary, pre-oil era of Arabian
Peninsula was physically active and led a more natural lifestyle.

6.11 Post-0il discovery: Urbanization led lifestyle change in Arabs

Since the discovery of oil in South-west Persia in 1908, many oil niches have been discovered and
used in the Arabian Peninsula region to fulfill global consumer demands. An intergovernmental
organization called “The Organization of the Petroleum Exporting Countries (OPEC)” including
countries such as Iran, Irag, Kuwait, Saudi Arabia, and Venezuela was formed at the Baghdad
Conference in 1960 to coordinate in securing fair and stable prices for petroleum producers.
Today, countries in this region have become the world’s top oil or gas exporting countries.
According to the U.S. Energy Information Administration report of 2019, the net oil export
revenues of Middle Eastern countries in the OPEC of Iraq, Iran, Kuwait, Saudi Arabia, and UAE are
respectively $91, $67, $61, $237 and $74 billion (EIA 2019). Most of this wealth is used to
urbanize regions of the Arabian Peninsula and provide health & food security for the population.
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According to the report by World Urbanization Prospects (WUP-2018), the proportion of
urbanized regions in the total landmass area in Arabian countries by 2018 were as follows:
Bahrain- 89%, Irag- 70%, Jordan- 91%, Kuwait- 100%, Qatar- 99%, Saudi Arabia- 84%, UAE- 87%,
and Oman- 85%. At the same time, there was a drastic increase in inhabited population of these
countries by two times in Irag, Kuwait & Saudi Arabia, three times in Bahrain, four times in Oman,
and six times in Qatar & UAE. This increase in population was mainly due to the induction of a
large-scale expatriate population for skilled and unskilled labor (DESA-UN 2018).

Although economic growth brought great opportunities for infrastructure development, it also
invited the burden of high dependence on mechanization, access to cheap migrant labor, and
proliferation of western fast-food diets. This led to a dramatic transformation in dietary patterns
and the active lifestyle of native wealthy Arab population (Klautzer et al. 2014). Predominant
dietary regimes such as dates, milk, fresh vegetables, fruit, rice, whole wheat bread, and fish
changed to foods enriched with high saturated fats and refined carbohydrates with low fibers. A
report from Saudi Arabia indicates that the average meat consumption had increased by 2.2%,
whereas cereal consumption declined by 0.1% per individual from 1993 to 2003 (Kotilaine 2010).

Similarly, a study on eating behavior in Emirati adolescents (with medium or high family
affluence) from UAE reported a significant change in dietary regimes. Only 28% of the study
cohort met the recommended daily intake of fruits and vegetables (Makansi et al. 2018). Studies
from Qatar also assessed dietary regime of Qatari adults and its effect on metabolic health (Al-
Thani et al. 2017; Al Thani et al. 2018). Al Thani M et al., reported that 83% of adults did not meet
daily recommendations of vegetables, fruits, whole grains, legumes, and fiber intakes. Moreover,
50%—72% adults were reported to be consuming sweetened beverages & sweets and 47% were
reported to frequently consuming fast food. Also, majority of the adults were found to have a
metabolic syndrome (Al Thani et al. 2018).

Low physical activities aggravate the impact of nutritional changes. The physical environment
plays a key role in this; however, excessive urbanization in the Arabian Peninsula offers limited
physical activities and exercise facilities. Additionally, unbearably hot and dusty (due to
sandstorms) climatic conditions prevent people from performing strenuous outdoor exercise.
The decrease in physical activity is further instigated by easy access of automotive and mechanic
appliances, cheap migrant workers from neighboring countries, leisure-time sitting, extended
periods of TV viewing, as well as computers, and computer games in the region. Among women,
sedentary lifestyle is augmented by cultural barriers to perform strenuous physical exercise and
sports activities. Restrictions on women to be accompanied by a male family member and stern
rules to wear traditional dresses like abayas when going outside pose significant barriers to
undertake physical activities. The drastic reduction of domestic chores due to availability of cheap
work force has led to a marked reduction in physical activity of Arab women.

In summary, exceptional growth in prosperity has brought rapid changes in lifestyle, resulting in
a significant rise in chronic diseases in the Arabian Peninsula. The number of people diagnosed
with diabetes has increased strikingly. The excessive consumption of high-energy food has
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contributed to increase in body weight and various non-communicable disease-related
morbidities and mortalities.

6.12 Prevalence of metabolic disorders in the Arabian Peninsula

The sudden rise of urbanization in the Arabian Peninsula has resulted in major demographic and
epidemiological transitions with obesity, diabetes, hypertension, fatty liver, and chronic diseases
becoming the leading causes of morbidity and mortality. A recent worldwide survey to evaluate
mortality in the Gulf nations due to non-communicable diseases (NCD) suggests that 27%—41%
of the total NCD-related deaths are attributed to cardiovascular diseases and 2%-14% to
diabetes. Figure 9 illustrates country-wise proportional mortality due to NCDs and major chronic
disorders. The same survey also reported key risk factors for NCD, among which obesity and
physical inactivity represented a significant proportion. Figure 10 shows the Gulf country-wise
proportion of risk factors involved in NCD mortality. In addition, recent International Diabetes
Federation (IDF) survey indicates that the prevalence of age-adjusted diabetes in the Middle East
and North Africa (MENA) regions is highest (12.2%) in the world and estimated to reach 13.9%
by 2045 (IDF 2019). It is estimated that 21%—-78% of women in Saudi Arabia are expected to be
obese by 2022 (Al-Quwaidhi et al. 2014).

Studies from the region have observed that the prevalence of metabolic syndrome is 10%—15%
higher than in western countries and is higher in women as compared to men (Alzaabi et al. 2019;
Mabry et al. 2010b; Ng et al. 2014). Moreover, women outnumber men in diabetes with an
incidence ratio of 57:43 (Channanath et al. 2013). Similarly, the estimated prevalence of obesity
exceeds by 50% among women of Kuwait and Qatar (Ng et al. 2014). Nearly all the Gulf nations
that have faced similar economic transitions show high prevalence of chronic metabolic
disorders. Tables 2 and 3 list the country-wise prevalence of major chronic metabolic disorders
and dyslipidemia respectively, in Arab nations. Interestingly, similar differences are also observed
in behavioral risk factors. For example, studies based on self-reported physical activity have
shown low prevalence of physical activity in adults of Gulf Cooperation Council (GCC), ranging
from 39% to 42% for men & 26% to 28% for women, compared with western populations where
itis 50% & 60% for men, and 47% & 54% for women in the USA & Australia, respectively (Centers
for Disease and Prevention 2007; Mabry et al. 2010a; Tim Armstrong 2000).

The current pharmacological approach and treatments have shown inadequate efficacy among
Arabs. Nearly two-thirds of the dyslipidemia patients treated with statins and diabetes patients
undergoing treatment in the Gulf region have inadequately controlled lipid and glycemic levels,
accordingly (Al Sifri et al. 2014; Qaddoumi et al. 2019). An intriguing fact is that the Dyslipidemia
International Study (DYSIS) of Middle East found that despite chronic statin treatment, target
LDL-C levels were not attained in 61.8% of dyslipidemia patients, as compared to their
counterparts in Canadian and European cohorts where 48.2% of patients had not reached target
LDL-C levels (Al Sifri et al. 2014).
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Disorder Country | Prevalence | Prevalence | Prevalence | Study
among among among
men women children
Obesity Saudi 30 44.4 12.7 - 24.1 | (Alzaabi et al. 2019; Farrag
Arabia et al. 2017, Hammad and
Berry 2017; Ng et al. 2014;
Jordan | 27.5 45.6 6.5-9.7 Raja‘a and Bin Mohanna
Yemen | 4.1 24.7 1.8 2005; Zayed et al. 2016)
Oman 20.6 36.9 9.9
UAE 27.1 33.2 8
Qatar 44.0 54.7 9.3-21.2
Bahrain | 31.0 42.9 10.5
Kuwait | 43.4 58.6 12.4-22.2
Type 2 Kuwait | 20.4 17.4 445" (Alkandari et al. 2018;
Diabetes and Channanath et al. 2013;
diatri Moussa et al. 2008;
p? latric Saraswathi et al. 2019)
diabetes UAE 21 23 - (Hamoudi et al. 2019)
Saudi 12.9 114 33.5" (Bahijri et al. 2016;
Arabia Saraswathi et al. 2019)
Oman 13.9-17.9 12.3-21.1 2.7 (Al-Lawati et al. 2015;
Saraswathi et al. 2019)
Yemen | 9.75 - - (Gunaid 2002)
Bahrain | 33.6 - 2.7 (Meo et al. 2019;
Saraswathi et al. 2019)
Hypertension | Kuwait | 30.7 32.0 - (Akl et al. 2017)
Saudi 28.6 239 - (Al-Nozha et al. 2007)
Arabia
Oman 46.5 50.7 - (Al Riyami and Afifi 2002)
Yemen |17.1 - - (Gunaid 2002)
UAE 26.2 29.4 - (Akl et al. 2017)
Metabolic Oman 19.5 23 - (Al-Lawati et al. 2003)
Syndrome UAE 26 14 3.7-8.9 (Haroun et al. 2018; Malik
and Razig 2008; Rodhan
Khthir 2014; Shah et al.
2020)
Saudi 31.4 25.2 9.4 (Al-Daghri 2010; Al-Nozha
Arabia et al. 2005; Aljohani 2014)
Kuwait | 34.2-41.7 37.7-40.1 21.3 (Al Zenki et al. 2012;
Boodai et al. 2014)
Fatty liver Saudi 49.1 46.3 - (Alswat et al. 2018)
Arabia

Table 2: Prevalence of major chronic metabolic disorders in the Gulf countries that have faced

similar socio-economic transitions, Units in percentage; except for * shown in incidence per

100,000.
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Country: Prevalence for dyslipidemia Individual Lipid levels Prevalence

UAE: 72.5% (Mahmoud and high total cholesterol 42.8%

Sulaiman 2019) high triglyceride 29%
low high-density 42.5%
lipoprotein cholesterol
high low-density 38.6%
lipoprotein cholesterol

Jordan: (Abujbara et al. 2018) high total cholesterol 44.3%
high triglyceride 41.9%
low high-density 59.5%
lipoprotein cholesterol
high low-density 75.9%
lipoprotein cholesterol

Saudi Arabia: (Yasser Taher Al- high total cholesterol 13.8%

Hassan 2018) high triglyceride 17.0%
low high-density 40.0%
lipoprotein cholesterol
high low-density 12.85%
lipoprotein cholesterol

Oman: (Hilal Al-Sabti 2010) high total cholesterol 29%
high triglyceride 34%
low high-density 51%
lipoprotein cholesterol
high low-density 20%
lipoprotein cholesterol

Table 3: Prevalence of dyslipidemia in Arab nations.

6.13 Co-morbidities among complex metabolic disorders

Being overweight or obese increase the risk of co-morbidities such as metabolic syndrome,
T2DM, cardiovascular diseases, and fatty liver disease. The coexistence of other metabolic
disorders complicates their treatment. A study from Kuwait (Qaddoumi et al. 2019) showed that
among patients with diabetes (with HbA1C 27%): 72.2% were dyslipidemic, 70.6% were
hypertensive, 70.8% were nephropathic, 78.9% of were neuropathic, 74.2% were retinopathic,
and 67.4% had Coronary heart diseases.

Understanding the effects of rare disorders on traits of obesity or diabetes is still a “Cinderella”
in metabolic syndrome research in the Arabian Peninsula. Studies provide hints at nexus of
hypogonadism with T2DM in Arab consanguineous families (Al-Gazali and Hamamy 2014; Bo-
Abbas et al. 2003). A large cohort by Al Hayek AA et al., showed that 36.5% men with T2DM had
low serum testosterone levels and 17% of these patients had primary hypogonadism, whereas
the remaining had secondary hypogonadism (Al Hayek et al. 2013). Furthermore, G6PD
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deficiency was found to be a common X-linked disorder in Iranian (11.5%) (Usanga and Ameen
2000) and Saudi (10%) (Warsy and El-Hazmi 2001) population. Incidentally, G6PD deficiency
shares a common link with diabetes (Cappai et al. 2011; Gaskin et al. 2001; Heymann et al. 2012;
Lee et al. 2011). The prevalence of G6PD deficiency in men was more than twice when compared
with women (Al-Riyami and Ebrahim 2003). Similarly, Wolfram syndrome is an autosomal
recessive neuro-degenerative disorder found to manifest as early onset diabetes mellitus and
progressive optic atrophy (Pallotta et al. 2019).

Rare disorders such as thalassemia, cystic fibrosis, Huntington’s disease, and Friedreich’s ataxia
are known to increase patient’s predisposition to diabetes (Cutting 2010; De Sanctis et al. 1988;
Hu et al. 2014; Podolsky et al. 1972; Ristow 2004). Astonishingly, the genetic risk loci of many
rare recessive disorders, including hepatic lipase deficiency (LIPC), Pancreatic agedness 1 (PDX1),
Hypophosphatemic rickets- also associated with obesity (ENPP1), Wolfram syndrome 1 (WFS1),
and SLC2A2 (Fanconi-Bickel syndrome) were also known to overlap with T2DM. A study by Blair
et al. (Blair et al. 2013) discovered several Mendelian variations contributed to complex disease
risk from large hospital medical records, and GWAS results revealed that the relative risk of
Mendelian disorders likely contributed to the risk of a subset of complex diseases (Figure 11).

In summary, with this evidence in mind, paramount importance to account pleiotropic effect of
rare disorders is needed when researching complex disorders. Identifying trait overlaps with
metabolic disorders from already published literature on co-morbid disorders and extensive
phenotyping related to such co-morbid disorders may clarify molecular links between them.
Using such additional phenotypes as covariates in the statistical analysis may also help in
identifying such overlapping markers.
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6.14 Cultural barriers in Arabs and adverse effect on health

Consanguineous (in Latin, con means “shared” and sanguis means “blood”) marriages are firmly
embedded in Arab society with a prevalence of 54.3% in Kuwait (Al-Awadi et al. 1985), 50.5% in
UAE (al-Gazali et al. 1997), and 57.7% in Saudi Arabia (el-Hazmi et al. 1995). This type of marriage
is culturally favored for numerous reasons. It is widely believed that consanguinity strengthens
family ties, reduces chances of hidden uncertainties within families in terms of health and wealth,
ensures the properties of the family, and increases compatibility of women with the husband and
his family members. However, research has shown that consanguinity could affect reproductive
health (Fareed and Afzal 2014b; Tadmouri et al. 2009) (including postnatal mortality, congenital
malformation, stillbirths, low birth weight, preterm delivery), cognitive impairments (Afzal 1988;
Badaruddoza and Afzal 1993; Fareed and Afzal 2014a), cardiovascular risks (Badaruddoza et al.
1994; Fareed and Afzal 2016), and several other complex disorders (Bittles and Black 2010). The
association of consanguineous marriages with late onset complex diseases such as T2DM,
obesity, and cardiovascular disorders is not yet precisely linked with the metabolic risk effect.
However, an increased risk of T2DM has been observed among the offspring of such
consanguineous marriages in Saudi Arabia and Qatar (Bener and Hussain 2006; Gosadi et al.
2014). The familial clustering of T2DM has been reported in Arab populations from Morocco
(Benrahma et al. 2011), Tunisia (Arfa et al. 2007), Oman (Al-Sinani et al. 2014a), and Qatar (Bener
et al. 2013). Furthermore, many rare Mendelian and familial genetic disorders were observed in
the Arab populations. Also, the disorders that are rare in other populations such as
hypogonadism, G6PD deficiency, but common in Arab population, exhibit pleiotropic effects on
complex metabolic disorders (Al-Gazali et al. 2006).

Another important form of marriage practice that exists in the Arabian Peninsula is polygamy,
with 8%—12.5% prevalence in Kuwait (Chaleby 1985). The Islam religion permits men to practice
polygamy (providing men have the financial and physical means to treat each of them equally,
then men can marry up to four wives). This practice continues to exist, and some governments
provide social benefits to such marriages. For example, UAE provides social benefits for the
second wife in terms of housing. However, this is believed to be done to resolve a high number
of spinsterhood from weakening social structure of the country. Although the ill effects of
polygamy on health from the perspective of genetics are unclear, it does reduce the number of
males contributing to gene pool, thereby leads to reduction of genetic diversity in the population.
A study from Saudi Arabia consisting of patients with coronary artery disease (CAD) in
polygamous marriages showed a significant association of CAD, multi-vessel disease (MVD), and
left main disease (LMD) with the number of the wives (Daoulah et al. 2017). However, the
underlying mechanism of association with these disorders is unknown, but psychosocial factors,
stress of polygamy, and having less time for physical activity may attribute to the cause.

Arab marriages are predominantly consanguineous with a subtype called “Bintamm” (i.e.,
between a man and father’s brother’s daughter) (Al-Awadi et al. 1985). This form of marriage is
traditional and socially well respected in the community. Balefully, the trend of consanguineous
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marriages has still not declined in the Arab society (Warsy et al. 2014). Even when the marriage
is outside close kin, it is rare that it is outside the tribe, thus leading to living in isolation of the
community. These marriage practices from successive generations cumulatively increased the
inbreeding levels and consequently unequal distribution of founder mutations was observed
among the population.

6.15 Signatures of inbreeding in Arabs

In Arab population, high inbreeding edifies paramount importance for the evaluation of ROH and
IBD, as these are vital signatures of inbreeding. ROH and IBD indicate ancient and recently shared
common ancestry, respectively. Both help to understand population demography and recessive
components of Mendelian and complex phenotypes. Stretches of homozygous regions along the
human genome, called runs of homozygosity (ROH) are important for understanding human
health and population history. Parental relatedness among others is a major mechanism for ROH
and serves as a good measure for consanguinity. ROH arising from recent inbreeding tend to be
long segments in the genome, whereas shorter ones indicate ancient inbreeding (Kirin et al.
2010). Outbred populations rarely show longer segments of ROH (>15Mb) with possible
exceptional cases reported elsewhere (Nalls et al. 2009). IBD, on the other hand, gives insights
about shared common ancestry and sheds light on population history from a different
perspective. IBD segments from recent common ancestor tend to be long (~10cM) and IBD
segments from an ancient common ancestor are short (~2cM).

The levels of inbreeding significantly vary between sub-groups of Arab population. The
percentage distribution of inbreeding coefficient observed at various ranges in three subgroups
of Kuwaiti Arab population is presented in Table 4. Among these, Saudi and Persian tribes exhibit
a high level of inbreeding coefficient (0.04226 and 0.025742, respectively), indicating positive
assertive mating/endogamy, whereas Bedouins in Kuwait exhibit less inbreeding coefficient
(0.00274) in contrast to Negev Bedouins (from the Mediterranean region whose consanguinity is
44.8% and inbreeding is 0.0238) (Na'amnih et al. 2014)), indicating negative assertive
mating/heterogamy (Alsmadi et al. 2013). This suggests that Saudi and Persian tribes may be at
increased risk for recessive disorders because of the expression of autosomal recessive gene
mutations inherited from a common ancestor in each sub-group. This genetic heterogeneity
between the sub-groups warrants sub-group specific genetic association analysis with large
sample size, particularly for subgroups with more inbreeding.
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Range of Inbreeding Percentage distribution of individuals in subgroups

coefficient KW1(P group) KW2(S group) KW3(B group)
(-0.05 to 0.00) 23.91% 0% 72.22%

(0.00 to 0.05) 53.62% 68.25% 16.67%

(0.05 t0 0.01) 17.39% 19.05% 9.72%

(0.01 to 0.15) 3.62% 11.11% 0%

(0.15t0 0.20) 1.45% 1.59% 1.39%

Table 4. Percentage distribution of inbreeding coefficient observed at different ranges among three
subgroups of Kuwaiti Arab population. With permission from PLOS.

Similar to inbreeding coefficient, the differential distribution of ROH was also observed among
the three subgroups of Kuwaiti Arabs (Alsmadi et al. 2013). This distribution is in alignment with
the distribution of inbreeding coefficients, i.e., KW2 (Kuwait Saudi) group shows the highest total
ROH and ROH segments, whereas KW3 (Kuwait Bedouin) shows the least total ROH and ROH

segments (Figure 12).
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Kuwaiti groups: KW1 and KW2 show higher total ROH and ROH segments, whereas KW3 shows
a much lower segments, suggesting KW1 and KW2 are a highly inbred population. With

permission from PLOS.
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6.16 Current status of genetic studies on metabolic disorders in Arabs

Recently, several large-scale genetic studies have been conducted in this region, such as the
dissection of genetic sub-groups among Arabs (Alsmadi et al. 2013; Rodriguez-Flores et al. 2016)
and whole genome sequence projects from Qatar (Fakhro et al. 2016), Kuwait (Alsmadi et al.
2014a; John et al. 2015; Thareja et al. 2015), UAE (AlSafar et al. 2019), and Saudi Arabia (Project
Team 2015) to explore the distribution of Arab specific variants, development of curated
database on regional inherited disorders and gene mapping the “Catalogue for Transmission
Genetics in Arabs” database (Tadmouri et al. 2006), development of Greater Middle Eastern
(GME) variation (Scott et al. 2016) and ALMENA (Koshy et al. 2017) databases to get insight on
variant distribution in Arabs, biannual conferences from (Pan Arab Human Genetics Conference
and Medical Genetics) UAE and Kuwait to provide a platform for regional and international
genetic researchers to increase the knowledge of genetic architecture of Arab population as a
whole. Nevertheless, despite these worthy endeavors, comprehensive genetic research for
dissecting the molecular etiology of metabolic disorders is lacking. Despite the high prevalence
of metabolic disorders, genetic studies on these are limited. Of the total research articles based
on genetic research on non-communicable disorders, much heritable metabolic disorders like
CVD (12.3%), diabetes (10.9%), obesity (3.70%), hypertension (2.80%), and metabolic syndrome
(0.40%) were under-investigated in Arab region (Jamaluddine et al. 2016). This could be due to
challenges in building facilities to conduct high throughput research, harnessing qualified
manpower, and convincing public to participate in research programs through health promotion
activities in the Middle East. A detailed viewpoint on challenges of conducting genetic research
activities in the Arab population has been discussed by Hebbar P et al., (Hebbar et al. 2019b).

6.17 Examination of ethnic transferability variants by candidate variants
studies

Replication of the most significantly associated polymorphisms in multiple populations with
distinct genetic backgrounds and lifestyles is crucial for understanding the pathophysiology of a
multifactorial disease. Examining variants from candidate genes that are related or previously
reported in a population for disease in question is a quick and cost-effective way for
understanding the role of variants in disease etiology. Such variants are examined using two
strategies: (1) variant-based replication, in which only variants from nucleotide sites are
genotyped & followed up (2) sequence-based replication, in which the gene region is sequenced
in the replication sample, and both known & novel variants are tested.

A few studies from Arab region have attempted to replicate variants associated with European
population for metabolic traits or disease status. However, only few variants were replicated in
Arabs. A possible reason for failure to replicate these variants could be that the examined
variants may simply lead variants, not essentially causal variants in European population or they
are less frequent in Arabs than in Europeans or these associations are causally linked to different
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environmental exposures in these two populations. A thorough literature survey has shown that
11 studies on T2DM, 6 on obesity, 2 on Diabetic Kidney Disorder (DKD), and 1 on hypertension
have attempted to examine variants found in association with European or East Asian population
for respective metabolic disease traits. The list of candidate SNP studies on metabolic risk loci
from the MENA region and examination of established metabolic risk loci in Arab population are
shown in Table 5. These studies have shown that 52 variants of T2DM and 27 variants of obesity
were transferable in Arabs. Collectively, 52 candidate variants from 35 genes (with rs7903146 of
TCF7L2 replicating in 7 studies; rs5219 of KCNJ11 and rs13266634 of SLC30A8 in 3 studies;
rs1470579 of IGF2BP2, rs10811661 of CDKN2B-AS1, rs231362 of KCNQ1, rs4506565 of TCF7L2 in
studies) have been shown to replicate for T2DM (shown in Table 6). Similarly, 27 variants from
24 genes (with rs1421085 of FTO replicating in 2 studies) have been shown to replicate for obesity
traits (Table 7) in the Arab population. Importantly, of the total T2DM and obesity SNVs studied,
only 35% of the SNPs could be replicated in Arab population through candidate variant/gene
studies.
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SNP Gene Number of | Population
T2DM
studies
replicated
variant
rs7903146 | TCF7L2 7 Saudi Arabian (Al-Daghri et al. 2014b; Li-Gao et al.
2018), Emirati (Osman et al. 2018a), Tunisian,
Moroccan (Cauchi et al. 2012), Qatari (O'Beirne et al.
2016), Omani (Al-Sinani et al. 2015), Lebanese
(Mtiraoui et al. 2012), Tunisian (Mtiraoui et al. 2012)
rs5219 KCNJ11 3 Tunisian (Mtiraoui et al. 2012), Omani (Al-Sinani et al.
2014b; Al-Sinani et al. 2015)
rs13266634 | SLC30A8 3 Saudi Arabian (Li-Gao et al. 2018), Tunisian (Mtiraoui et
al. 2012), Omani (Al-Sinani et al. 2014b)
rs1470579 | IGF2BP2 2 Tunisian, Moroccan (Cauchi et al. 2012), Lebanese
(Mtiraoui et al. 2012)
rs10811661 | CDKN2B-AS1 2 Tunisian, Moroccan (Cauchi et al. 2012), Omani (Al-
Sinani et al. 2015)
rs231362 KCNQ1 2 Tunisian (Cauchi et al. 2012), Saudi Arabian (Al-Daghri
et al. 2014b)
rs4506565 | TCF7L2 2 Saudi Arabian (Li-Gao et al. 2018), Qatari (O'Beirne et
al. 2016)
rs7901695 | TCF7L2 1 Saudi Arabian (Li-Gao et al. 2018)
rs11605924 | CRY2 1 Saudi Arabian (Li-Gao et al. 2018)
rs340874 PROX1 1 Saudi Arabian (Li-Gao et al. 2018)
rs2943641 | NYAP2-IRS1 1 Saudi Arabian (Li-Gao et al. 2018)
rs11642841 | FTO 1 Saudi Arabian (Li-Gao et al. 2018)
rs560887 G6PC2 1 Saudi Arabian (Li-Gao et al. 2018)
rs6017317 | FITM2- 1 Saudi Arabian (Li-Gao et al. 2018)
R3HDML
rs9470794 | ZFAND3 1 Saudi Arabian (Li-Gao et al. 2018)
rs6567160 | RPS3AP49- 1 Emirati (Osman et al. 2018a)
RNU4-17P
rs11126666 | KCNK3 1 Emirati (Osman et al. 2018a)
rs6804842 | RARB 1 Emirati (Osman et al. 2018a)
rs2077235 | NLRC3 1 Emirati (Osman et al. 2018a)
rs1016287 LINCO1122- 1 Emirati (Osman et al. 2018a)
LOC105374754
rs29941 KCTD15 1 Emirati (Osman et al. 2018a)
rs243021 BCL11A 1 Tunisian, Moroccan (Cauchi et al. 2012)
rs4607103 | ADAMTS9-AS2 | 1 Tunisian, Moroccan (Cauchi et al. 2012)
rs10010131 | WFS1 1 Tunisian, Moroccan (Cauchi et al. 2012)
rs7756992 | CDKAL1 1 Tunisian, Moroccan (Cauchi et al. 2012)
rs1081161 | CDKN2B-AS1 1 Tunisian, Moroccan (Cauchi et al. 2012)
rs7957197 | HNF1A 1 Tunisian, Moroccan (Cauchi et al. 2012)
rs1169288 | HNF1A 1 Moroccan (Cauchi et al. 2012)

71




rs1421085 | FTO 1 Moroccan (Cauchi et al. 2012)
rs17782313 | MC4R 1 Moroccan (Cauchi et al. 2012)
rs1799884 | GCK 1 Moroccan (Cauchi et al. 2012)
rs2283228 | KCNQ1 1 Tunisian (Cauchi et al. 2012)
rs1801214 | WFS1 1 Saudi Arabian (Al-Daghri et al. 2014b)
rs849134 JAZF1 1 Saudi Arabian (Al-Daghri et al. 2014b)
rs10965250 | CDKN2B-AS1 1 Saudi Arabian (Al-Daghri et al. 2014b)
rs163184 KCNQ1 1 Saudi Arabian (Al-Daghri et al. 2014b)
rs4812829 | HNF4A 1 Saudi Arabian (Al-Daghri et al. 2014b)
rs5945326 | DUSP9 1 Saudi Arabian (Al-Daghri et al. 2014b)
rs792837 COL8A1 1 Lebanese (Almawi et al. 2013)
rs2237892 | KCNQ1 1 Lebanese (Almawi et al. 2013)
rs2237895 | KCNQ1 1 Lebanese (Almawi et al. 2013)
rs729287 ALX4 1 Lebanese (Almawi et al. 2013)
rs4430796 | HNF1B 1 Lebanese (Almawi et al. 2013)
rs10946398 | CDKAL1 1 Omani (Al-Sinani et al. 2015)
rs1801282 | PPARG 1 Lebanese (Mtiraoui et al. 2012)
rs10885409 | TCF7L2 1 Emirati (Al-Safar et al. 2015)
rs4821480 | MYH9 1 Saudi Arabian (Cyrus et al. 2018)
rs1421086 | FTO 1 Emirati (Osman et al. 2019)
rs17817449 | FTO 1 Emirati (Osman et al. 2019)
rs2229616 | MC4R 1 Saudi Arabian (Bakhashab et al. 2020)
rs4402960 | IGF2BP2 1 Omani (Al-Sinani et al. 2014b)
rs2975760 | CAPN10 1 Omani (Al-Sinani et al. 2014b)
rs8050136 | FTO 1 Omani (Al-Sinani et al. 2014b)
rs9939609 | FTO 1 Omani (Al-Sinani et al. 2014b)

Table 6: List of 54 SNVs that replicated for T2DM traits in Arab population of MENA region

through candidate variants study efforts.
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SNPs Gene Number of Population
obesity studies
replicated variant
Emirati (Osman et al. 2018a), Kuwaiti

rs1421085 FTO 2 (Hebbar et al. 2019a)
rs7239883 LINC00907 1 Emirati (Osman et al. 2018a)
rs492400 uUspP37 1 Emirati (Osman et al. 2018a)
rs8030605 RFX7 1 Emirati (Osman et al. 2018a)

LOC102724265-
rs11607976 LINC02747 1 Emirati (Osman et al. 2018a)

PRELID1,
rs28710014 RAB24 1 Emirati (Osman et al. 2018a)
rs2284746 MFAP2 1 Emirati (Osman et al. 2018a)
rs2306335 AP4E1 1 Emirati (Osman et al. 2018a)
rs4938802 ARHGEF12 1 Emirati (Osman et al. 2018a)
rs749052 NPPC-DIS3L2 1 Emirati (Osman et al. 2018a)

LINCO2176-
rs2326458 ZDHHC7 1 Emirati (Osman et al. 2018a)
rs4689977 CYTL1 1 Emirati (Osman et al. 2018a)
rs1039027 FNDC3B 1 Emirati (Osman et al. 2018a)
rs9939609 FTO 1 Emirati (Khan et al. 2018)
rs10440833 CDKAL1 1 Saudi Arabian (Al-Daghri et al. 2014a)
rs7578326 LOC646736 1 Saudi Arabian (Al-Daghri et al. 2014a)
rs7178572 HMG20A 1 Saudi Arabian (Al-Daghri et al. 2014a)
rs2028299 AP3S2 1 Saudi Arabian (Al-Daghri et al. 2014a)
rs11642841 FTO 1 Saudi Arabian (Al-Daghri et al. 2014a)
rs7903146 TCF7L2 1 Saudi Arabian (Al-Daghri et al. 2014a)
rs13081389 SYN2-PPARG 1 Saudi Arabian (Al-Daghri et al. 2014a)
rs1552224 ARAP1 1 Saudi Arabian (Al-Daghri et al. 2014a)
rs7957197 OASL 1 Saudi Arabian (Al-Daghri et al. 2014a)
rs8042680 PRC1 1 Saudi Arabian (Al-Daghri et al. 2014a)
rs163184 KCNQ1 1 Saudi Arabian (Al-Daghri et al. 2014a)
rs10767664 BDNF 1 Saudi Arabian (Alharbi et al. 2014)
rs3751812 FTO 1 Saudi Arabian (Alharbi et al. 2014)

Table 7: List of 27 SNVs that replicated for obesity traits through candidate gene/variants
study efforts in Arab population.

6.18 Family based genetic studies for metabolic diseases

Due to large family structures of the Arabs, well documented genealogy, and high rates of
consanguinity, Arabian Peninsula provides a unique platform for understanding population
history and disease gene identification process. Although Arab families are consanguineous and
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well suited for family-based studies, not many familial studies for diabetes or obesity risk loci
have been reported. Hitherto, only four family-based genome-wide studies have described Arab
families in the context of metabolic disorders. These include,

i)

i)

i)

iv)

A study from the UAE (Al Safar et al. 2013) on an extended pedigree (consisting of 178
Arab individuals) implicated the association of KCTD8, COX7B2, and GABRA4 genes
with T2DM for the first time; the implicated markers have not yet been replicated in
any other population.

Linkage analysis and positional gene cloning identified a truncating mutation (at
telomeric end of 3g29) in a highly evolutionarily conserved gene CEP19 from a
consanguineous multi-generational Israeli Arab family (consisting of 13 affected and
31 unaffected family members) affected by autosomal-recessive morbid obesity.
Additionally, evaluating this finding in targeted knockout (KO) of CEP19 revealed
markedly increased obesity in mice exhibiting hyperphagia, decreased energy
expenditure, impaired whole-body fat oxidation, altered hepatic insulin signaling, and
impaired glucose and insulin tolerance (Shalata et al. 2013).

Another linkage study identified a locus contributing to type 1 diabetes in an extended
Bedouin Arab family (108 individuals, including 16 affected family members) mapped
to the long arm of chromosome 10 (10g25). All affected relatives of the family carried
one or two high-risk HLA-DR3 haplotypes that were rarely found in other family
members (Verge et al. 1998).

Using a family-based association analysis comprising 380 individuals of a family from
Oman, variant rs266729 (SNP-11377CNG) of ADIPOQ promoter region was found to
be associated with obesity and its traits (Zadjali et al. 2013).

List of family-based studies, with study description and variants/genes discovered are shown in
Table 8. Interestingly, the four abovementioned studies confirmed known, well-established gene

loci and did not implicate any novel genetic signatures for diabetes. Hence, there is an imminent
need to increase the representation of family-based studies for complex metabolic disorders
using Arab families. Additional family-based studies should be planned with appropriate study
designs as family data continue to provide important information in the search for trait loci.
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6.19 Population based GWA study

Before GWAS, candidate gene studies assessed several genes, but only few were confirmed,
including MC4R (Stutzmann et al. 2007) and BDNF (Gunstad et al. 2006) as risk loci for obesity.
Global GWAS studies have successfully discovered more than 300 variants for BMI and other
obesity-related traits (Goodarzi 2018). However, only 27 risk loci such as FTO, LINC0O0907, USP37,
RFX7, LOC102724265-LINC02747, PRELID1, RAB24, MFAP2, AP4AE1, ARHGEF12, NPPC-DIS3L2,
LINC02176-ZDHHC7, CYTL1, FNDC3B, CDKAL1, LOC646736, HMG20A, AP3S2, TCF7L2, SYN2-
PPARG, ARAP1, OASL, PRC1, KCNQ1, and BDNF have been replicated for obesity traits in Arabs
(Variants are shown in Table 7). The recent meta-analysis findings by Mahajan et al., (Mahajan
et al. 2018a) of European ancestries have identified over 240 genetic risk loci (with ~400
independent association signals) for T2DM, but thus far only 54 risk loci (ADAMTS9, ALX4,
BCL11A, CDKAL1, CDKN2A/B, COL8A1, DUSP9, FTO, GCK, GNPDA2, HMG20A, HNF1A, HNF1B,
HNF4A, IGF2BP2, JAZF1, KCNJ11, KCNQ1, MC4R, PPARy, SLC30A8, TCF7L2, TFAP2B, TP53INP1,
and WFS1) have been replicated in the Arab populations for T2DM (Variants are listed in Table
6) (Hebbar et al. 2019b).

Genetic studies have revealed that a great proportion of phenotypic variance for complex traits
are from rare variants (Cohen et al. 2004; Cohen et al. 2006; Ji et al. 2008; Romeo et al. 2009)
and effective study of such rare variants requires a large sample size (Zuk et al. 2014). Although
hitherto population-based studies from the Peninsula are of small sample size, few studies have
attempted to explore the association of rare variants with complex traits using gene-based
analysis. A study comprising 864 Qatari subjects (574 T2DM cases, 290 controls) using sequence
kernel association test (SKAT) approach identified low frequency deleterious risk variants for
T2DM from CTNNB1, KIF12, DVL1, EPB4IL3, DTNB, and DLL1 genes (O'Beirne et al. 2018). Another
study of 996 Qatari subjects (included T2DM and Obese individuals) identified 21 common and
12 rare variants associations (shown in Table 8) using gene-based and single variant analysis from
understudied whole metabolite profiles (Yousri et al. 2018), thus connected genetic variants to
metabolic diseases.

Importantly, excluding publications from our genome-wide investigation initiatives, only 5 GWAS
metabolic related studies using Arab cohorts were found in the public domain (Table 9). Of these,
4 studies were based on the case-control (binary trait) approach and 1 study was based on the
guantitative trait (with metabolites, not using basic quantitative clinical parameters of obesity or
diabetes). A detailed investigation of genome-wide variants in relation to quantitative traits of
anthropometric, blood pressure, and glycemic and lipid levels have not been conducted in Arab
population.
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7.

Aims of the study

The objective of this doctoral thesis was to delineate genetic determinants of metabolic
disorders by examining genome-wide association of SNVs with quantitative metabolic traits
in Arab population. Specifically, this objective was explored by following three main
approaches in present study.

1. To discover SNPs and their linkage disequilibrium variants engaged in causal pathway of
metabolic disorders using genome-wide SNP genotyped data.

a. Study I: The study aims to discover SNVs from 13 metabolic traits using genotype
data from lllumina Cardio-MetaboChip, a chip comprising SNVs chosen based on
GWAS meta-analyses of 23 metabolic related traits.

b. Study Il: The study aims to find SNVs that show association with obesity-related
anthropometric traits wusing Illumina HumanOmniExpress chip and an
independent replication cohort.

2. To identify associations of SNVs underlying ROH regions with metabolic traits.

a. Study llI: The study aims to examine GWA SNV association with lipid traits and
identify ROH signatures overlapping on associated loci.

b. Study|V: The study aims to examine GWA SNV association with glycemic traits and
identify ROH signatures overlapping on associated loci.

3. To impute high density SNP data with 1KG reference data and identify SNP associations
with metabolic traits.

a. Study V: The study aims to constellate two approximate Arab whole genomes
from two different arrays of data by separate imputation and then by performing
statistical association analysis of 13 metabolic traits with each cohort, followed by
a meta-analysis.
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8. Materials and Methods

8.1 Study subjects, collection of blood, and vital signs

The study participants were recruited through two major initiatives of Dasman Diabetes Institute
(DDI), Kuwait Obesity Genetics Project (KOGP) and Kuwait Diabetes Epidemiology Program
(KDEP).

KOGP: The participants were largely Arab patients seeking tertiary medical care for diabetes, pre-
diabetes, or related disorders at DDI clinics; visitors to open day events (which offer various
diagnostic services) at DDI; or visitors to our campaigns at primary health centers and blood banks
in each of the six governorates of Kuwait.

KDEP: The participants included a random representative sample of adults of Arab ethnicity
across the six governorates of Kuwait. A stratified random sampling technique was used to select
participants from the computerized register of the Public Authority of Civil Information, which
maintains records of personal information on citizens of Kuwait as well as expatriates.

During participant recruitment in both programs, nationality and ethnicity were confirmed
through a questionnaire. Data on age, sex, illness (e.g., diabetes and cardiovascular
complications), and medication were documented and vital signs such as height, weight, waist
circumference (WC), and blood pressure readings were recorded. Participants were excluded if
any of the following criteria were met: (a) age less than 18 years (b) afflicted with serious chronic
diseases, disorders resultant of diabetes/hypertension, mental illness, or cognitive limitation (c)
pregnant or (d) undergoing weight reduction surgery or enrolled in fitness programs.

Informed consent was obtained from each participant. Upon confirming that the participants
were fasting overnight, blood samples were collected. Lipid profile and glucose measurements
were recorded. Blood sample collection and vital sign assessment were conducted in accordance
with guidelines of DDI Institutional Ethical Review Committee. Data from all participants were
collected in accordance with ethical guidelines and the Helsinki Declaration. For a detailed
description of clinical characteristics of subjects of each cohort, relevant sections of study | and
study Il research articles can be referred.

8.2 Genotyping of discovery and replication subjects

Among the study subjects, KOGP largely contributed to the discovery cohort, whereas KDEP
largely contributed to the replication cohort. Genotyping was performed in three different ways,
which included

i Genome-wide genotyping using two types of Illumina based microarray chips
(namely, HumanCardio-MetaboChip and HumanOmniExpress).
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ii. Genotyping of replication of candidate SNPs using RT-PCR based TagMan SNP
genotyping assay.

iii. Genome-wide imputation using both genome-wide genotyped datasets to fill-in
genome-wide missing variants.

Discovery phase:

Microarray Platform I: Samples were genotyped using the Illumina HumanCardio-MetaboChip
array (comprised ~200K variants chosen from GWAS meta-analysis of 23 traits) (Voight et al.
2012) utilizing the Infinium HD Assay Ultra genotyping assay methods. Overall, 2440 samples
were distributed into 27 batches (each homogenized for sex and diabetes status) and then
genotyping was conducted.

Microarray platform Il: Samples were genotyped using the Illumina HumanOmniExpress array
utilizing the Infinium HD Assay Ultra genotyping assay methods. lllumina HumanOmniExpress-
12v1-Multi_H (730,525 variants) was used to genotype 1,097 individuals into 20 batches,
HumanOmniExpress-12v1-1_B (719,665 variants) to genotype 336 individuals into 5 batches, and
HumanOmniExpress-24v1-0_a (716503 variants) to genotype 480 individuals into 6 batches.

Both arrays used the same assay protocol. DNA was extracted using the GentraPuregene® kit
(Qiagen, Valencia, CA, USA) according to the manufacturer’s protocols and quantified using both
Quant-iT™ PicoGreen® dsDNA Assay Kit (Life Technologies, NY, USA) and Epoch Microplate
Spectrophotometer. The genotyping assay included whole genome amplification, fragmentation,
hybridization, staining, and imaging of microarray chips using the lllumina iSCAN system.

Replication phase:

The candidate SNP genotyping for the replication phase was performed using TagMan® SNP
Genotyping Assay (Applied Biosystems, Foster City, CA, USA) and ABI 7500HT Real-Time PCR
System (Applied Biosystems). The genotypes ascribed by real-time PCR were validated by direct
Sanger sequencing of the PCR products for selected cases of homozygotes and heterozygotes.
The sequencing reaction was performed using the BigDye™ terminator cycle sequencing FS
Ready Reaction Kit (Applied Biosystems) following the manufacturer’s recommendations on an
ABI- PRISM 3130 genetic analyzer (Applied Biosystems).

Genome-wide genotyping by imputation:

The lllumina HumanOmniExpressBeadChip (OmniExpress) dataset and lllumina HumanCardio-
MetaboBeadChip (Cardio-MetaboChip) genotyped datasets were separately used for imputation
of untyped genotypes. Genotype imputation was performed using Michigan Imputation Server
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(MIS) with the 1000G ALL reference panel from 1000G Project Phase 3 V5 for imputation and
Eagle v2.3 and Minimac3 were used for phasing and imputation, respectively. The imputation
quality was quantified using the Rsq score. Imputation was performed separately for genotypes
from OmniExpress and Cardio-MetaboChip datasets.

8.3 Quality assessments and statistical analysis of studies (I - V)

The gist of quality assessments and statistical analysis methods used in all five studies emulate a
common theme but slightly differ due to study specific aims and use of tools. A brief note on
methods used in each study is given below. For a detailed method, relevant sections of specific
study article may be referred. Furthermore, an assessment of allele frequency of variants
reported for three subgroups of Kuwait (such as KWP, KWS and KWB) was performed only in
Study IV. Hence, as additional data, allele frequency of variants reported at genome-wide and
nominal p-value for subgroups was assessed in the rest of the studies. Each of the subgroup’s
effect allele frequency (EAF) was compared with the study EAF using proportional test and
presented in the results section.

Study I:

General QC assessments such as duplicate samples, sample call rates <97%, gender mismatching,
cryptic-related, and ancestry-mismatching samples (assessed using ADMIXTURE tool) were
removed. Further QC at variants, such as SNPs with a call rate of <98%, of low intensity (AB R
Mean < 0.25), poor cluster separation (Cluster Sep < 0.3) with heterozygote clusters very close to
homozygotes (AB T Mean < 0.2 or 20.8), excess of heterozygotes (Het Excess > 0.2), and those
with fewer than expected heterozygotes (Het Excess <-0.3) were evaluated using Genome Studio
software. Further, missingness per individual (--mind 0.1), allele frequency (--MAF 0.01),
missingness per marker (--geno 0.1), and Hardy-Weinberg equilibrium (HWE < 1073) were
removed using PLINK version 1.07 (Purcell et al. 2007).

As Cardio-MetaboChip was designed based on variants associated with 23 traits of GWAS meta-
analysis, over 60% of the SNPs of the chip were clustered in 1.5% of the genome. Therefore,
Cardio-MetaboChip poses a challenge to standard analysis methodology. It requires special care
to control genomic inflation by stringent LD pruning (r?> 0.3) (Voight et al. 2012), which resulted
in 45793 tag SNPs. After these QC steps, 1965 samples were used for interrogation of statistical
association of 45793 SNPs. However, a separate analysis was performed using all markers
(128143) to describe the effect of SNPs, which were in LD with associated indexed SNP.

Statistical association analysis was performed on 13 metabolic traits (height, weight, BMI, WC,
WCcHtR, TC, HDL-C, LDL-C, TG, SBP, DBP, FPG, and HbA1C) using linear regression adjusted for age,
sex, principal components, and medication status. Tests were performed in both additive and
recessive mode of inheritance. The genome-wide significance threshold of p-value was set to
<3.41E-08. Since, the study did not have a separate replication cohort, Bonferroni correction and
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Benjamini—Hochberg FDR correction procedures were performed to avoid false positive
associations. Further, trans-ethnic frequency correlation analysis, GTEx portal (eQTL), and
pathway analysis [using Ingenuity Pathway Analysis software (IPA, QIAGEN, Redwood City)] were
performed to improve biological interpretation of the findings.

Study II:

The QC assessments undertaken in this study were analogous with Study |. After sample level QC,
1353 samples genotyped in lllumina HumanOmniExpress chip were used for statistical
association analysis. An independent replication cohort of 1176 unrelated individuals genotyped
using the TagMan assay was used to evaluate the replication of top hits appeared in the discovery
phase.

Further, association analysis was performed on WC, weight, BMI, and WcHtR using linear
regression adjusted for age, sex, principal components, and medication status considering
additive mode of inheritance. The genome-wide significance threshold of p-value was set to <5E-
08. Haplotype association analysis was performed using “proxy-glm” setting from PLINK. Gene-
based tests for association were performed using Versatile Gene-Based Association Study
(VEGAS) implementation of cpvSNP tool (Liu et al. 2010), available as R package. This was
followed by pathway analysis using Ingenuity Pathway Analysis kit. Interactions between SNPs
and biomarkers (mainly Apo-Al and HDL-C) were evaluated using linear regression adjusted for
age and sex.

Studies lll and IV:

Studies Il and IV followed similar statistical analysis methods and QC as Study Il (additionally
strand designations were corrected to forward and REF/ALT designations were corrected using
array-specific version of design files from Illumina HumanOmniExpress BeadChip). Variants
association with lipid (study lll) and glycemic (study IV) traits were assessed using linear
regression method under additive and recessive genetic models. The genome-wide significance
threshold of p-value for the study Ill and IV were set to <6.12E-09 and <1.8E-08, respectively. An
independent replication cohort genotyped using TagMan assay was used for examination of
associated loci in discovery phase. Identification of ROH was carried out with two different
parameter settings using PLINK 1.9. Then, overlapping ROH regions with associated loci were
identified. Novel ROH signatures in Arabs were determined using previously identified ROH data
from global population by Pemberton et al., (Pemberton et al. 2012). As an additional value to
study IV, 283 samples used in the replication cohort were randomly selected for C-peptide
measurement. Then, using C-peptide values, other insulin resistance traits were derived.
Furthermore, interactions between (TG, FPG, HbAlc) and insulin resistance traits with respect to
the genotypes at risk variants were assessed using linear regression-based interaction models.
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Study V:

This study was conducted using genome-wide imputation of 1298 samples genotyped in lllumina
HumanOmniExpress (considered as discovery cohort) and 1434 samples genotyped using
HumanCardio-MetaboChip arrays (considered as replication cohort). Inter- and intra-cohort
cryptic-related samples were removed. This study was unique when compared to previous
studies since it involved the imputation of genome-wide missing variants from two datasets and
used transformed traits in variant association tests. Since both cohorts had a high proportion of
obese, hypertensive, and diabetic individuals on medication; glycemic, lipid, and blood pressure
traits were carefully pre-adjusted (details of pre-adjustments are described in method section of
the article). All the traits were adjusted for age, age?, sex, and first four principal components
(obtained from each of the two study cohorts). The resultant raw residuals of each trait were
then subjected to inverse normal transformation; except for TG, FPG, and HbA1lc, for which log
inverse transformation was performed as it yielded a better Gaussian distribution. Overall, 13
metabolic traits namely BMI, height, weight, WC, TC, HDL-C, LDL-C, non-HDL, TG, FPG, HbAlc,
SBP, and DBP were used to test variant association.

The genotyping QC procedures included the following: (i) samples with >95% call rate were
retained, (ii) samples were checked against relatedness and ancestry mismatch: one randomly
selected representative of each set of related samples was retained and samples with ancestry
mismatch were removed, (iii) samples with heterozygosity >median + 3 * inter-quartile range
were excluded, and (iv) SNPs with >98% call rate, Hardy—Weinberg equilibrium (HWE) >107%, and
MAF >1% were retained. Next, samples common to both the study cohorts were removed from
one of the sample sets and finally, 1298 of OmniExpress and 1434 of Cardio-MetaboChip samples
were retained. Imputation was performed separately for genotypes from OmniExpress and
Cardio-MetaboChip. Genotypes were converted to the Genome Reference Consortium Human
Build 37 (hgl9) of National Center for Biotechnology Information to ensure consistent SNP
phasing for each genotyping array. Strand designations were corrected to the forward strand and
allele designations were corrected using PLINK2 & the design files for OmniExpress and Cardio-
MetaboChip. Genotype imputation was performed on the MIS (Das et al. 2016) using the 1000G
ALL reference panel from 1000G Project Phase 3 V5 for imputation, Eagle v2.3 for phasing, and
Minimac3 as the algorithm for imputation (Loh et al. 2016). SNV’s associations with inverse
transformed 13 quantitative metabolic traits were separately tested using RVTESTS software
(Zhan et al. 2016); for each imputed array platform with all genotyped and imputed SNPs that
passed the QC threshold metrics (Rsg>0.05 and MAF > 5%). Variants with p-values < 0.05 in both
the platforms were combined using METAL software (Willer et al. 2010) and assessed with
NHGRI-EBI GWAS Catalog for reported association signals and variants. Additionally, variants
were prioritized by fine mapping using FINEMAP tool (Benner et al. 2016) and plausible causal
variant configurations from a given genomic region were identified. Furthermore, functional
mapping was performed using SURFR (Ryan et al. 2014) and genotype-tissue expression data
were examined using GTeX v8 (https://www.gtexportal.org). The genome-wide significance
threshold of p-value for meta-analysis was set at <5E-08.
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9. Results

9.1 Study I: Identification of genetic risk variants for 13 different metabolic traits
by genotyping and analyzing Cardio-MetaboChip array data

The demographic and clinical characteristics of the 1965 study participants and the statistical
association tests used have been described in detail in the study (Hebbar et al. 2017b) and may
be referred for further details. The examination of 128,143 variants (of which 45,793 were LD
independent) using linear regression adjusted for age, sex, and 10 principal components led to
the identification of chr15:40531386/rs12440118 [ZNF106] with HbAlc at “close to genome-
wide significant” p-value (<3.41E-08). Moreover, five other risk variants emerged at nominal p-
value threshold (3.41E-08 > p <5.45E-07), including rs7144734 [OTX2-AS1,RPL3P3] with FPG and
rs17501809 [PLGRKT], rs11143005 [LOC105376072], rs900543 |[THSD4,NR2E3], and
Chr12:101494770 [IGF1] with TG. These variants continued to associate when models were
adjusted for medication and disease status and additionally qualified through BH-FDR test with
p-value < 0.05 (shown in Table 10). All these 6 markers were identified considering inheritance
model as recessive. The regional association plot for the top variant rs12440118 [ZNF106 (W >
R)] association along with LD variants is shown in Figure 13A.

In addition, 30 more variants (from 33 associations) were found to be associated at suggestive p-
value, of which 16 variants (such as with weight- rs10005556 [GAPDHP56, LOC105377421],
WCcHtR- rs17117722 [TRA, TRD], WC- rs10005556 [GAPDHP56, LOC105377421]& rs9390649
[UST], HbAlc- rs3767494 [Clorfl06], TG- rs12722856 [RPS3AP9, GAPDHP75], rs10014125
[LOC105377567], rs17073574 [LAMAA4], rs11777524 [LY6D, GML], rs11602685 [MICAL2],
chr11:45779819 [DKFZp779M0652, SLC35C1], rs17569297 [LOC105369738, LOC105369739],
and rs7342999 [LOC105372082, LOC105372084]; and FPG- rs7729384 [LOC101927421],
rs3799125 [RGS17], rs747486 [ANKRD11], and rs4764409 [PIK3C2G]) qualified through BH-FDR
test. The remaining 14 variants did pass FDR p-value (such as with height- rs3959929
[LOC105376567, LOC105376570]; SBP- rs10497520 ([TTN]; HbAlc- chr1:16038119
[LOC105371466], rs17716285 [KSR1], and rs17639988 [MDGA1,ZFAND3]; weight- rs4559034
[LOC102467224] and rs1184476 [TEX29]; HDL-C- rs1800775 [CETP]; LDL-C- chr2:43355981
[THADA]; TC- chr2:43355981 [THADA] and rs10935794 [RPL32P9, LINC01213]; TG- rs9326246
[BUD13], rs925530 [TMEM120B]; FPG- rs10247084 [LOC105375159, LOC105375160] and
rs883431 [SLC28A3]). However, examination of NHGRI-GWAS Catalog showed that 2 of these
“suggestive” associations (rs1800775 [CETP] with HDL-C and rs9326246 [BUD13] with TG)
exhibited evidence at genome-wide significance in previous studies of Euro-centric populations.

Evaluating these 36 variants in the Genotype-Tissue Expression (GTEx) data suggested that 7 of
these variants had the potential to differentially regulate either its own or proximal genes. For
instance, rs12440118 [ZNF106; W> R] downregulates LRRC57 in cells-transformed fibroblast,
rs11143005 upregulates LOC105376072 and PGMS5 in whole blood, rs1800775 downregulates
NLRCS in cells-transformed fibroblast, rs9326246 downregulates RP11-109L13.1 in skin exposed
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to sun, rs17716285 upregulates NOS2 in muscle skeletal, rs11777524 downregulates
LOC101928087 in testis, and rs10497520 downregulates FKBP7 in cells-transformed fibroblasts.

Searching the canonical pathways to which the identified genes overlap indicated that 5 of the
identified gene loci (KSR1, PIK3C2G, MICAL2, CETP, and UST) are involved in metabolic pathways
such as ceramide signaling (KSR1 and PIK3C2G), pregnenolone biosynthesis (MICAL2), ERK/MAPK
signaling (KSR1 and PIK3C2G), histidine degradation VI (MICAL2), and LPS/IL-1 mediated
inhibition of RXR function (CETP and UST). Evidence from literature also supported the
involvement of all reported genes in metabolic trait-related processes. For instance, the variation
at rs12440118 (associated with HbAlc) was a non-synonymous amino acid change (W103R,
aromatic to basic residue) in ZNF106. Interestingly, this protein happens to be a product of the
SIRM gene and shares complete homology except at 3'-UTR. Therefore, it is expected to share
some properties of SIRM. Moreover, the SIRM protein has been described as a novel insulin-
regulated SH3 binding protein that associates with Grb2 and FYN (Salvatore et al. 1998). Another
gene OTX2-Asl is a transcription factor of OTX2, which is involved in regulating gonadotrophin
releasing hormone (GnRH) in hypogonadism. A study from the region observed that 36.5% of
individuals with T2DM had hypogonadism (Al Hayek et al. 2013) and another study using mice
OTX2 knockout experiments indicated that OTX2 is crucial for GnRH expression (Diaczok et al.
2011). Therefore, rs7144734 (associated with FPG) could be a plausible link for the observed
pleiotropy. Similarly, PLGRKT regulates catecholamine release, which in turn regulates TG
metabolism (Bai et al. 2011; Iriyama et al. 1984). Likewise, almost all variants are directly or
indirectly associated with metabolic traits-related processes, as comprehensively explained in
the original article.

The allele frequency variation of subgroups and study variants found near genome-wide or
nominal p-value is shown in Figure 13B. A proportional test for EAF of study variants with each
EAF of subgroup variants suggested rs900543 in Bedouin subgroup (EAF = 0.196) displayed a
significant difference from GWAS (EAF = 0.086) with a p-value < 0.05. Hence, the association of
rs900543 at the study cohort may differ in Bedouin subgroup.

In summary, this study identified 36 unique variants at p-value < 1.0E-05 from 13 metabolic traits
after analyzing 1,965 subjects of Arab ethnic background. Of these, 1 variant associated at close
to genome-wide p-value threshold, 5 variants at a nominal p-value threshold, and 30 (from 33
associations) variants between nominal to suggestive p-value threshold. Of the latter 30, 16
variants passed the BH-FDR test and 2 have been replicated in global population studies.
Examination of these variants in GTEx revealed gene expression regulation from 7 variants. The
evidence from canonical pathway analysis and literature survey together entwined to connect
study results to metabolic processes or disorders.
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Figure 13: A) regional plot of rs12440118 (ZNF106, W>R) at 1 Mb region center to it, along with LD
variants chr15:40433466, r> = 0.61; chr15:40471747, r*> = 0.53; chr15:40490502, r> = 0.33;
chr15:40497290, r? = 0.62; chr15:40497469, r? = 0.64; chr15:40500754,r* = 0.48; chr15:40503873,r* =
0.62; chr15:40506209,r = 0.64; chr15:40507580,r = 0.64; chr15:40510699, r? = 0.63; chr15:40513902,r2
=0.76; chr15:40514171,r>= 0.52; chr15:40514188,r> = 0.52; chr15:40517485,r% = 0.34; chr15:40528928,r*
=0.52. B) Variation observed in effect allele frequency of reported SNVs among the three subgroups of
Kuwaiti Arab population.
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9.2 Study Il: Examination of genome-wide variants association with
anthropometric traits implicate rs9606756 of TCN2 to be associated with obesity
and reveals a plausible mechanism of mediation via interaction with Apo-Al

Upon QC, 1353 participants in the discovery and 1176 participants in the replication phase were
assessed for 634055 SNPs. The clinical characteristics of participants in both the cohorts have
been described in the original article. From anthropometric traits (such as WC, WcHtR, BMI, and
weight) association tests, 9 SNVs (including the association of rs9606756 [TCN2, | > L] with all 4
anthropometric traits, rs12347078 [DOCK8] with WC, WcHtR, and BMI; rs4910469 [ZNF143] with
WC, BMI, and Weight; rs6887349 [FYB] with BMI; rs9479923 [CNKSR3, SCAF8] with BMI;
rs736100 [MGAT5B] with weight; rs9419689 [GLRX3, PPP2RD] with weight; rs2578461
[LOC105369608, LOC105369611] with WC and WCcHtR; rs12366294 [CCDC91, FAR2] with WC,
WCcHtR, and BMI) were identified at p-value < 1E-05. After evaluating the effect size direction and
p-value, 3 variants: rs9606756 [TCN2, | > L], rs12347078 [DOCKS], and rs4910469 [ZNF143] were
selected for replication. Intriguingly, after adjusting for diabetes and medication status along with
regular correction, the discovery p-value of rs9606756 reached 8.92E-08 with WC, a value close
to the standard GWA study p-value (5.0E-08). In addition, from replication analysis, only
rs9606756 [TCN2, | > L] was found to be replicated and joint analysis was conducted (Table 11).
A proportional test to assess rs9606756 allele frequency [EAF = 0.114] difference between the
study and each of the subgroup population suggested no significant difference between each
subgroup and study allele frequencies. Figure 14A shows the distribution of MAF of rs9606756
among the three subgroups of Kuwaiti Arab population.

A key point is that separate lipid trait analysis showed that the same TCN2 variant rs9606756 was
also found to be associated with decreased levels of HDL-C at p-value 3.87e-05 (Table 11), thus
suggesting a plausible lipid mediated causal link for obesity. Hence, additional biomarkers were
examined, including Apo-Al, Apo-B1, homocysteine, leptin, vitamin B12, and methylmalonic acid
from the plasma of 200 randomly selected samples from replication cohort. These biomarkers
were tested for interaction with anthropometric traits using linear regression adjusted for regular
correction. Interesting enough, only ApoA1 and HDL-C consistently showed significant interaction
with all 4 anthropometric traits with the effect of unit increase in anthropometric traits with unit
decrease in Apo-Al and HDL-C traits at AG genotypes of rs9606756. Table 12 shows the summary
statistics of interaction between Apo-Al and HDL-C with WC at genotype levels, when the
reference AA genotype was considered as an intercept in linear regression analysis. Figure 14B
and 14cC illustrate the interaction between WC vs. Apo-Al and HDL-C, respectively, at three
genotype levels.

Examination of rs9606756 in GTEx data showed the downregulation of SLC35E4 and DUSP18 in
skin unexposed to sun, adipose subcutaneous, and whole blood, as well as downregulation of
TCN2, RP1-56J10.8, and DUSP18 in Testis. Although TCN2 functionally encodes vitamin B12
binding protein family, levels of vitamin B12 measured from plasma were not significantly
different among the genotype groups of rs9606756 (although vitamin B12 is a product of TCN2).
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This could be explained by tissue-specific expression of TCN2 or the common practice of vitamin
supplementation in subjects (physicians generally prescribe vitamin supplements to people of
this region either because of diabetic patients on Metformin prescription, which is known to
lower vitamin B12 levels or for common lack of sun exposure in the region due to extreme hot
weather).

Upon observing high LD and number of genes in 500 Kb centric to rs9606756 region, haplotypes
were identified, and haplotype association analysis was performed. Haplotypes GGAA, AGAA,
and AGGA involving rs11912660, rs9606756, rs9621049, and rs5994329 SNVs were found to be
associated with increased WC with p-value 0.018, 0.021, and 0.0028, respectively (Table 13).
Moreover, to examine the contributions of genes neighboring to TCN2 (from a 2Mb region
centered at identified risk variant) to the causal pathway, gene-based tests for association were
performed using VEGAS based algorithm, which successfully combined GWA study SNP p-value
using LD between SNPs and assigned corrected p-values for each gene in the region. SNVs from
six candidate genes (SLC14L6, GAL3ST1, PES1, SLC35E4, DUSP18, and OSBP2) were involved in
addition to TCN2 SNVs in this analysis. These p-values were used for canonical pathway analysis
applying IPA software. Next, the protein—protein interactions were explored and TP53 (tumor
P53 protein) was found to be a key element in connecting the network components. Literature
supports that TP53 is involved in brown adipogenic differentiation and protection against diet-
induced obesity (Molchadsky et al. 2013). Furthermore, TP53 regulates insulin resistance
(Minamino et al. 2009) and lipid metabolism (Wang et al. 2013).

In summary, rs9606756 [TCN2, | > L] displayed a reliable association with increased WC, BMI,
weight, and WcHtR traits in cohorts of discovery and replication comprising 1353 and 1176
individuals, respectively. SNV rs9606756 [TCN2, | > L] also showed an association with lower
levels of HDL-C in both cohorts. An analysis further employed to discover the interaction between
anthropometric traits and ApoAl, showed a unit increase in anthropometric traits with unit
decrease in Apo-Al and HDL-C traits at AG genotypes of rs9606756, thus implicating a plausible
lipid-mediated biomarker for obesity. Haplotypes from the 500 Kb region of rs9606756
encompassing rs11912660 [GAL3ST1, upstream], rs9606756 [TCN2, I>L], rs9621049 [TCN2, S>F],
rs5994329 [SLC35E4, intronic] variants also showed an association with anthropometric traits.
Subsequently, gathering significant genes from 2 Mb region centric to rs9606756 by gene-based
association tests and feeding these genes to the canonical pathway analysis revealed a complex
gene network with TP53 as a central gene component.
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Trait SNP: effect Phase Beta P-value Beta P-value
allele
WC rs9606756: G Discovery 4.815 1.46e-07 4.887 9.462e-
08
Replication 1.845 0.0132 1.842 0.0134
Joint 3.452 1.00E-08 3.496 6.15e-09
WCcHtR rs9606756: G | Discovery 0.0271 1.28e-06 0.02754 9.46e-07
Replication 0.0098 0.0302 0.00982 0.0305
Joint 0.0180 9.53e-07 0.0183 6.26e-07
BMI rs9606756: G | Discovery 1.858 1.22e-05° 1.899 7.646e-
06
Replication 0.5974 0.0911 0.5971 0.0915
Joint 1.22 1.70e-05 1.247 1.05e-05
Weight rs9606756: G Discovery 5.535 7.16e-06 5.664 4.17e-06
Replication 1.947 0.0569 2.074 0.0458
Joint 3.747 5.77e-06 3.824 3.51e-06
HDL-C rs9606756: G Discovery -0.0822 3.87e-05 -0.08606 6.81e-05
Replication 0.0081 0.6670 0.00825 0.6619
Joint -0.0398 0.00558 -0.04117 0.00403

Table 11: Summary statistics of rs9606756 (lle23Val) [EAF = 0.114] variant of TCN2 with waist
circumference, waist circumference to height ratio, BMI, weight, and HDL-C traits in each of
the three phases of the study.
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Figure 14: A) MAF distribution of rs9606756 among the three subgroups of Kuwaiti Arab

population; B) and C) Interaction between WC vs. Apo-Al and HDL-C, respectively, at three
genotype levels of rs9606756.
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Trait (or Genotype Estimate Std. Error P-value Adjusted R?
response and/or of model
variable) interacting

trait
WC GA 8.76 3.55 0.0143 0.32

GG -2.33 13.42 0.862

GA*ApoAl -0.01 0.005 0.046

GG*ApoAl 0.014 0.032 0.645
HDL-C GA 13.574 5.094 0.008 0.28

GG -8.876 14.29 0.535

GA*ApoAl -9.708 4.213 0.022

GG*ApoAl 20.19 18.88 0.286

Table 12: Interactions of WC and HDL-C with ApoA1 at rs9606756 risk genotypes.

Haplotypes Frequency Effect size P-value
GGAA 0.054 3.11 0.018
AGAA 0.026 4.33 0.021
AGGA 0.021 6.1 0.0028
AAGA 0.052 -0.81 0.545
AAAC 0.021 0.414 0.841
GAGC 0.020 -3.22 0.13
AAGC 0.789 -2.12 0.0034

Table 13: Haplotypes from rs11912660 (distance to rs9606756: -34.5 Kb, LD-R%:0.398),
rs9606756, rs9621049 (distance to rs9606756: 6.56 Kb, LD-R2:0.587), and rs5994329 (distance
to rs9606756: 42.2 Kb, LD-R2:0.536) and their association with WC. Haplotypes GGAA, AGAA,
and AGGA have shown an association with increased WC, whereas haplotype AAGC has shown
an association with decreased WC.
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9.3 Studies Ill and IV: Genome-wide association study of lipid and glycemic
traits in corroboration with homozygosity mapping implicate recessive metabolic
risk signatures in Arab genome

Studies Il and IV were conducted on the same discovery (n = 1353) and replication (n = 1176)
cohorts as study Il. These studies differed in the types of traits; study Il was conducted on
anthropometric traits, whereas studies Il and IV were conducted on lipid and glycemic traits,
respectively. Therefore, clinical characteristics of the study subjects remained the same across
all three studies. However, in study IV, while FPG measurements were available for all samples
of the discovery cohort, HbAlc values were available for only 750 samples. Consequently,
variants associated with both FPG and HbAlc were taken for further analysis and variants
associated with HbAlc alone were excluded from it.

From the discovery cohort, 632,375 SNVs were interrogated in association tests with lipid and
glycemic traits, using linear regression adjusted for age, sex, pc (regular correction), and
medication status. Following examination of test results, 32 variants with p-value < 1E-107° were
short-listed for replication phase from lipid traits (of which 19 were associated with TG, 8 with
HDL-C, 4 with TC, and 1 each with TC and LDL-C). Nonetheless, upon replication phase analysis,
only 12 variants associated with TG at either the genome-wide significant (p-value <6.12E-09) or
borderline p-values (6.12E-09 > p <5.0E-08) under recessive model were replicated. Moreover, 1
variant from TG (under recessive) and 3 variants associated with HDL-C at nominal p-values
(under additive model) also passed the replication p-value threshold of <0.05. Six risk variants
were associated with high TG (namely rs1002487 [RPS6KA1], rs11805972 [LAD1], rs7761746
[Or5v1], rs39745 [CTTNBP2-LSM8], rs2934952 [PGAP3], and rs9626773 [RP11-19119.4-CERK]) at
genome-wide significance (Table 14), and another six variants (namely rs10873925
[ST6GALNACS], rs4663379 [SPP2-ARL4C], rs10033119 [NPY1R], rs17709449 [LINCO0911-FLRT2],
rs11654954 [CDK12-NEUROD2], and rs9972882 [STARD3]) were associated at borderline
significance (Table 15). The summary statistics of both phases were combined by meta-analysis.
Additionally, 22 variants from glycemic traits with p-value < 1E-10~> were short-listed for
replication phase. Of these, in replication phase 4 variants were found replicated which include,
variants rs1002487 [RPS6KA1] at genome-wide p-value <1.8E-08 and rs487321 [CADPS] at
nominal p-value (i.e., 1.84E-08> p <E-05) under recessive model, rs707927 [VARS, VWA7] and
rs12600570 at nominal p-value under additive model from discovery phase. These 4 variants
from both the phases were combined by meta-analysis (Table 16). Along with regular and
medication (lipid or glucose lowering) corrections, both lipid and glycemic traits were also
corrected for obesity and diabetes status. A large proportion of participants of discovery cohort
(59% and 45%) and replication cohort (46% and 38%) were obese and diabetic. After corrections,
p-value remained significant in associated variants. But, it required careful re-examination of
associations with FPG, as a concern arises that FPG values measured in participants receiving
glucose-lowering medication represent “naturally” observed values in the population. Hence,
associations were further scrutinized using two approaches: one, by pre-adjusting FPG by adding
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a value of 2.5 mmol/L (an average FPG value that was observed in an in-house clinical database
of diabetic patients) to the FPG values of the participants taking diabetes medication & then
performing the association tests and second, by assessing the identified associations in sub-
cohorts of entirely diabetic or entirely non-diabetic participants. Subsequently on pre-adjusting
the FPG values, p-value remained significant in 4 associated variants. Similarly, p-values of CADPS,
VARS, and DHX58 variants remained significant in diabetic and diabetes-free cohorts, whereas
variant from RPS6KA1 showed a significant p-value with the diabetic cohort alone.

Interaction (or correlation) analysis of TG, FPG, and HbA1lc with insulin resistance traits, namely,
HOMA-IR, HOMA-B, C-peptide, and HOMA-S at genotypes of 4 risk variants from the third cohort
of 283 samples revealed a significant correlation between the risk genotypes. With rs1002487 of
RPS6KA1, genotypes homozygous for the risk allele showed significant correlation between TG,
FPG, and HbA1c vs. insulin resistance traits (HOMA-B, C-peptide, HOMA-S) at a multiple testing
significance threshold of p-value <0.003. rs707927 of [VARS, VWA?7], at genotypes heterozygous
or homozygous for the risk allele, interactions between FPG and insulin resistance traits (HOMA-
B and HOMA-S) were observed at a multiple testing significance threshold of <0.003. With a
heterozygous genotype, the interactions between HbAlc and insulin resistance traits (HOMA-IR
and HOMA-S) were observed at a multiple testing significance threshold of <0.003. rs487321 of
CADPS, shown with a heterozygous genotype, interaction between TG and HOMA-IR were
observed at a multiple testing significance threshold of <0.003. Interaction between FPG and
HOMA-B with the heterozygous genotype was observed at a p-value < 0.003; rs12600570 of
DHX58 shown with genotypes homozygous for the risk allele, TG and FPG were seen to be
associated with (HOMA-IR and C-peptide levels) and HOMA-B, respectively, at a multiple testing
significance threshold of <0.003.

ROH analysis results suggested that all 12 identified risk variants (with genome-wide or
borderline p-value) of TG (Table 15 and Table 16), 4 risk variants of FPG (Table 17), and rs1002487
being a common variant between TG and FPG, in total 15 of these variants were harbored in ROH
segments in our study cohort. Comparison of these ROH segments (harboring risk variants) with
data by Pemberton et al. revealed that 4 (namely rs11805972 [LAD, P > Q], rs7761746 [OR5V1],
rs4663379 [SPP2, ARLAC], and rs10033119 [NPY1R]) of the 15 risk variants harbored were novel
ROH segments.

The role of these variants in the regulation of gene expression was evaluated using GTEx and 6
of the 12 risk variants of TG were found to regulate their proximal or own genes in various tissues.
SNP rs2799686 in LD with rs11805972 regulates LAD1; rs39745 regulates LSM8; rs2934952 and
rs11654954 regulate PGAP3 and STARD3; rs12897409 in LD with rs17709449 regulates FLRT2;
rs9972882 regulates STARD3, PGAP3, and RP11-690G19.3. In conjunction with this, all the 4 risk
variants of FPG showed gene expression regulation: rs1002487 of RPS6KA1 regulates DHDDS;
rs487321 regulates CADPS; rs707927 regulates LY6G5B, GPANK1, AIF1, C6orf25, SAPCD1-AS1,
and TNXA; rs12600570 regulates DHX58, KCNH4, HSPB9, and RAB5C.
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The EAF variation in the three subgroups for 12 variants observed at genome-wide and borderline
p-value with TG and 4 variants at genome-wide and nominal p-value with FPG (of which
rs1002487 is common variant between TG and FPG) is shown in Figure 15. None of these variants
showed significant differences between EAF of study and each of subgroup variants. Therefore,
association of these variants may not differ in each subgroup.

In summary, the analysis of lipid traits revealed 6 variants at genome-wide, 6 variants at
borderline, and 3 variants at nominal p-value for elevated TG. Likewise, 3 variants at nominal p-
values were identified for low HDL-C. ROH analysis identified that 4 (namely rs11805972 [LAD, P
>Q], rs7761746 [OR5V1], rs4663379 [SPP2, ARL4C], and rs10033119 [NPY1R]) among the 15 risk
variants harbored were novel ROH segments. Analysis of glycemic traits revealed 1 variant at
genome-wide and 3 variants at nominal p-values. All the 4 variants were harbored on known ROH
regions. The tests for interactions of TG, FPG, and HbAlc with insulin resistance traits at genotype
levels showed a significant correlation at genotypes heterozygous or homozygous for the risk
allele of all 4 variants.
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Figure 15: Minor allele frequencies of associated variants from lipid and glycemic traits
analysis in subgroups of Kuwaiti Arab population.
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9.4 Study V: Imputation of genome-wide variants and examination of their
associations with 13 metabolic quantitative traits

Genome-wide imputation of 1298 samples genotyped in HumanOmniExpress and 1434 samples
genotyped in HumanCardio-MetaboChip using MIS resulted in 48,424,667 and 46,597,973
variants from both datasets, respectively. However, MAF < 5% variants comprising a large
proportion of imputed variants displayed a poor imputation quality score (Rsq), whereas MAF >
5% comprising a small proportion of imputed variants showed an average Rsq > 0.75, i.e.,
confidently imputed in both datasets. After filtering for MAF > 5% and Rsq > 0.5, the number of
variants that remained for association tests was 6.08 million (mean Rsq = 0.822) in OmniExpress
and 1.52 million (mean Rsq = 0.759) in Cardio-MetaboChip datasets.

Subsequently, statistical association tests were performed with 13 transformed traits in
individual datasets, followed by meta-analysis which revealed 978 associations involving 821
unique variants from 251 gene loci. These associations were selected in such a way that all
associated variants had p-value < 0.05 and consistent effect size direction in each respective trait
association test results of both the datasets. Of these 821 variants, 72 associations at genome-
wide significance (p-value <5.0 x 107%) comprising 70 unique variants from 9 genes were
observed. Furthermore, 455 associations at borderline to genome-wide significance (p-value <1.0
x 107% and >5.0 x 107%8) comprising 440 unique variants from 76 genes were observed. And 451
established associations at p-values of suggestive evidence of association (>1x107% and <0.05)
comprising 319 unique variants from 181 genes were found. These established associations were
reported in the GWAS Catalog for the 313 traits related to the 13 study-specific metabolic traits.

Of the 70 unique variants at a genome-wide significant p-value, trait-wise, 63 were associated
with HDL-C, 1 with TGs, 1 with LDL-C, 3 with SBP, and 2 with each of FPG and DBP. Trait-specific
association of 9 indexed variants of these 70 variants is listed in Table 18. Of the 70 variants, 15
were established risk variants and 55 were novel risk variants resulting from seven genomic
regions. Fine-mapping analysis of these seven genomic regions revealed 95% credible causal
variants for nine SNP-trait association signals, corresponding to eight lead SNPs. Table 3 of study
V presents a detailed list of 95% credible causal variants and the estimated regional SNP
heritability variance along with SNP association statistics.

Moreover, the established variants observed were classified as direct (83 variants from 42 genes),
indirect (164 variants from 77), or broad (203 variants from 131 genes) by comparing the
metabolic traits associated in our cohort with those associated in the GWAS Catalog. Figure 16
describes the count of associated variants found on mapping with 313 traits relating to the 13
study-specific metabolic traits with NHGRI-EBI GWAS catalog into three categories such as direct
(association with the same trait), indirect (association with related trait class), and broad
(association with any of the metabolic trait class). Overall, 349 unique variants from 187 genes
known in the global population were confirmed in Arab population from direct, indirect, and
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broad associations. Figure 17 illustrates the distribution of SNP counts from “direct” relation in
global populations with respect to specific study traits.

We further estimated the sample size required for replicating (at borderline and suggestive p-
values) and non-replicating variants using their effect size observed from the study. The trend of
effect size between these two sets of variants is shown in Figure 3 of study V. Results of this
analysis suggest that replicating variants would attain genome-wide significant p-values (5.0 x
1078) for most of the traits at 80% power and even more power with a sample size of 10,000.
However, non-replicating variants would be less likely to replicate at genome-wide significant p-
values, even at a sample size of 20,000.

Thereafter, 821 variants were prioritized based on the potential functional signatures in their
vicinity. Majority of these variants were situated proximal to the transcription start site (TSS).
Some interesting variants gleaned from their functional signatures were (i) the rs12740374
[CELSR2] was seen associated with non-HDL-C, LDL-C, and TC at p-values borderline to genome-
wide significance carried a high score for DNase hypersensitive sites (DHSs), DNase footprint, and
transcription factor binding sites (TFBS) (ii) rs3749147 [GPN1,ZNF512] were seen associated with
TG at a suggestive p-value, overlapped with the promoter, located very close to the TSS and
carried a high score for DHSs and TFBS (iii) rs7670 and rs4705745 of the DCP2 gene were found
associated with WC at p-values borderline to genome-wide significance and carried high scores
for DHSs; (iv) rs62355943 and rs72758038 [MAP3K1] were found associated with TG at p-values
borderline to genome-wide significance, overlapped with the promoter & CpG shore, and carried
high scores for DHSs and TFBS. The variants that were prioritized along with their functional niche
are given in Supplementary Dataset S3 of research article. In addition, examination of 821
variants with GTEx expression data showed 510 variants differentially regulated the expression
of 464 genes in 49 tissues, of which 385 variants upregulated 291 genes and 402 variants
downregulated 294 genes. Upon considering a stringent criterion of FDR (g-value<0.05), 62 of
821 were still found to differentially regulate 39 genes in 38 tissues, of which 34 variants
upregulated 22 genes and 33 variants downregulated 19 genes. List of variants and genes that
they regulate is given in Supplementary Dataset S4 of the study V research article.

EAF differences between GWAS and EAF of each subgroup were examined after LD clumping of
163 (out of 821) genotyped variants at r> = 0.1 (imputed variants were not considered for the
analysis). EAF of resulting 42 variants (illustrated in Figure 18) evaluated by proportional test
suggested that none of the variants showed significant differences between GWAS and each
subgroup. Hence, association of these variants may remain significant if subgroup-specific
association was performed in a larger sample dataset.

In summary, this study established the association of 66 genes with anthropometric traits, 42
genes with blood pressure traits, 25 genes with glycemic traits, and 133 genes with lipid traits at
different p-value thresholds for the SNP-trait associations. Overall, 349 unique variants from 187
genes associated with metabolic traits in the global population were transferable in Arab
population from direct, indirect, and broad associations. The more significant observation was
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that 72 associations comprising 70 unique variants from 9 genes were seen at genome-wide

significance.

Indexed Trait Source EAF Effect P-value Gene, Function consequence
SNP_Effect Size
allele,
Chromosomal
position.
rs112861901_C, | HDL-C QEmputed | 0,11 0.2824 1.33E-04 INTS10, LPL;
8:19750951 CMmimputed | 0107 | 0.2434 8.54E-05 Intergenic

Meta 0.109 | 5.4790 4.28E-08
rs76018028_C, HDL-C OEmputed | 0,227 | -0.2082 3.65E-04 LOC105377613,
4:190161531 Cmimputed | 0 236 | -0.2605 7.69E-06 LOC105377614;

Meta 0.232 | -5.7040 1.17E-08 Intergenic
rs1864163_A, HDL-C QEmputed | 0,25 -0.2494 2.63E-06 CETP
16:56997233" Cimeemewe | 0.286 | -0.2285 1.92E-08 Intronic

ed

Meta 0.268 | -6.3650 1.95E-10
rs10635970_TAA | LDL-C OEmputed | 0,497 | -0.1675 1.29E-04 INTS10, LPL;
, cMmimpated | 0,504 | -0.1604 4.31E-05 Intergenic
8:19745039 Meta 0.5 -5.6020 2.12E-08
rs66505542_T, TG OEmputed | 0746 | -0.1751 | 3.27E-04 | BUD13;
11:116623213 cmimputed | 0,717 | -0.1832 9.41E-06 Intronic

Meta 0.731 | -5.6920 1.26E-08

OEmputed | 0,689 | 0.236 3.92E-05
rs7838666_C, cMmimputed | 0,685 | 0.254 4.47E-06
8:4126701 FPG Meta 0.68 6.159 7.31E-10 CSMD1, intronic
rs2920844_T, OEmputed | 0,860 | 0.184 2.08E-03
2:55341367 cMmimputed | 0,846 | 0.272 1.50E-06

DBP Meta 0.852 | 5.617 1.94E-08 RTN4, upstream
rs2920844_T, QEmputed | 0,860 | 0.202 5.32E-04
2:55341367 cMmimputed | 0,846 | 0.257 5.37E-06
SBP Meta 0.852 | 5.69 1.27E-08 RTN4, upstream

OEmputed | 0,120 | 0.241 1.91E-03
rs2835788_G, cmimeated |1 0,118 | 0.316 2.51E-06 DYRK1A, LOC105372798,
21:38906071 SBP Meta 0.119 | 5.559 2.72E-08 intergenic

Table 18: Summary statistics of 8 lead SNVs from 9 associations with p-value < 5E-08.
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10. Discussion

This study is the fruit of two successful activities undertaken in DDI for studying genetic factors
involved in obesity (KOGP) and T2DM (KDEP) to mitigate metabolic disorders in the Arab
population. Despite high prevalence of obesity, T2DM, hypertension, dyslipidemia, CAD, and
other metabolic disorders, dearth of genetic studies in such disciplines had built a void with no
convincing and determined genetic risk variants in genome scale for this population. The timeliest
observations from the five studies using 13 metabolic quantitative traits, variants were carefully
delineated for: modulated anthropometric levels from 70 genes- 190 variants (of which 3 variants
passing FDR p-value from study I, 1 variant from study Il, and 186 variants from study V), lipid
from 160 genes- 530 unique risk variants (of which 14 variants passed FDR p-value from study |,
16 variants from study lll, and 500 variants from study V), blood pressure from 42 genes- 107 risk
variants (of which 1 from study | and 106 from study V), and glycemic traits from 40 genes-59 (of
which 12 from study |, 4 from study IV, and 43 from study V).

Although genome-wide variants are usually examined using additive inheritance model, due to
high consanguinity in Arab population and high number of Mendelian disorders risk loci known
to overlap with complex traits (Blair et al. 2013), recessive inheritance model was also used to
examine variants association with 13 metabolic traits. Since rare homologous risk variants often
exert severe effects on phenotype, the effect sizes of variants from association tests were
validated using a power calculation (in addition to power calculation for sample size
determination) to estimate the acceptable effect size (using Quanto software, which is
traditionally used in candidate variant studies). Variants with effect size within the limit of the
expected effect size were only considered for replication phase. Consequently, this study
successfully harnessed 33 highly confident recessive signatures (either passed discovery and
replication phase or BH-FDR p-value) contributing to the elevation of TG, FPG, and HbA1C levels.
These variants identified at genome-wide p-value threshold using recessive model were
rs1002487 [RPS6KA1] with FPG & TG (from study Il and 1V) and rs11805972 [LAD1], rs7761746
[OR5V1], rs39745 [CTTNBP2, LSM8], rs2934952 [PGAP3], & rs9626773 [RP11-19119.4, CERK] with
TG (from study lll). Similarly at nominal p-value, rs10873925 [ST6GALNACS], rs4663379 [SPP2,
ARL4C], rs10033119 [NPY1R], rs17709449 [LINC00911, FLRT2], rs11654954 [CDK12, NEUROD?2],
rs9972882 [STARD3], rs7156508 [SLC10A1, SMOC1] with TG and rs487321 [CADPS] with FPG
were identified. Furthermore, the variants that passed the BH-FDR test (study | variants were not
replicated, instead BH-FDR test was performed) were rs12440118 [ZNF106] & rs3767494
[c1orf106] with HbAlc; rs7144734 [OTX2-AS1], rs7729384 [LOC101927421], rs3799125 [RGS17],
rs747486 [ANKRD11], & rs4764409 [PIK3C2G] with FPG; and rs17501809 [PLGRKT], rs11143005
[LOC105376072], rs10860880 [IGF1], rs900543 [THSD4, NR2E3], rs12722856 [RPS3AP9,
GAPDHP75], rs10014125 [LOC105377567], rs17073574 [LAMAA4], rs11777524 [LY6D, GML],
rs11602685  [MICAL2], chrl11:45779819 [DKFZp779M0652, SLC35C1], rs17569297
[LOC105369738, LOC105369739], & rs7342999 [LOC105372082, LOC105372084] with TG.
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By way of using additive model at genome-wide p-value (study-specific) rs9606756 [TCN2, I>V]
with increased WC (same variant also showed association with BMI, weight, and WcHtR traits at
nominal p-values), rs112861901_C [INTS10, LPL], rs76018028 C [LOC105377613,
LOC105377614], & rs1864163_A [CETP] with HDL-C; rs10635970_TAA [INTS10, LPL] with LDL-C;
rs66505542_T [BUD13] with TG; rs7838666_C [CSMD1] with FPG; rs2920844_T [RTN4] with DBP
& SBP; and rs2835788_G [DYRK1A, LOC105372798] with SBP. Among these, variants from CETP
were consistently associated with HDL-C in study | (using Cardio-MetaboChip), study Ill (using
OmniExpress and independent replication cohort), and study V (Imputation of OmniExpress and
Cardio-MetaboChip data). Similarly, variants from PGAP3 were consistently associated with TG
in both recessive & additive models of study Il and additive model of study V. In addition, either
at borderline or suggestive p-value, 752 variants were identified from study V, of which 334
variants were trans-ethnici.e., previously known to be associated with metabolic traits or disease
in global population. Moreover, from study |, the variants that passed BH-FDR p-value were
rs10005556 [GAPDHP56, LOC105377421] with weight; rs17117722 [TRA, TRD] with WCcHtR;
rs10005556 [GAPDHP56, LOC105377421], rs9390649 [UST] with WC; rs12722856 [RPS3AP9,
GAPDHP75], rs10014125 [LOC105377567], rs17073574 [LAMAA4], rs11777524 [LY6D, GML],
rs11602685 [MICAL2], chr11:45779819 [DKFZp779M0652, SLC35C1], rs17569297
[LOC105369738, LOC105369739], & rs7342999 [LOC105372082, LOC105372084] with TG;
rs7729384 [LOC101927421], rs3799125 [RGS17], rs747486 [ANKRD11], & rs4764409 [PIK3C2G]
with FPG; and rs3767494 [Clorf106] with HbAlc.

Overall, study | (Hebbar et al. 2017b) has identified 2 risk variants from glycemic trait (rs12440118
[ZNF106, W>R], rs7144734 [OTX2-AS1, RPL3P3]) and 4 risk variants form TG (rs17501809
[PLGRKT], rs11143005 [LOC105376072], rs900543 [THSD4, NR2E3], and Chr12:101494770 [IGF1])
close to genome-wide or nominal p-value. Their relation to metabolic disease was supported by
literature evidence. Interestingly, many of the identified associations were with the recessive
model and of these, few associated with genetic disorders were prevalent in the Arabian
Peninsula. For example, Clorf106 associated with Type 1 Diabetes (Onengut-Gumuscu et al.
2015); [OTX2-AS1,RPL3P3] with hypogonadism (Al Hayek et al. 2013; Baccetti et al. 2002; Diaczok
et al. 2011); [THSD4,NR2E3] with several eye-related disorders, including enhanced S-cone
syndrome (Haider et al. 2000) & Goldmann-Favre syndrome (Manayath et al. 2014); [IGF1,PAH]
with diabetic retinopathy, growth retardation with deafness, & mental retardation (due to IGF1
deficiency) (Woods et al. 1996); [TRA, TRD] with immune-related disorders (Han et al. 2013; van
Hagen et al. 2003); LAMA4 with diabetic nephropathy (Ewens et al. 2005); and KSR1 with diabetic
vascular complications (Nemoto et al. 2012). Among them, S-cone syndrome and growth
retardation with deafness & mental retardation due to IGF1 deficiency are autosomal recessive
disorders. Furthermore, genes such as ZNF106, IGF1, SLC28A3, TMEM120B, and KSR1 are
involved in metabolic processes related to associated traits, as shown in experimental studies
(refer Table 5 of study | research article). This study also identified the larger molecular
mechanisms by which gene loci operate in pathogenesis with the identification of ceramide
signaling (implicated in the pathogenesis of insulin resistance and other obesity-associated
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metabolic diseases), pregnenolone biosynthesis (involved in causing obesity and insulin
resistance), ERK/MAPK signaling (insulin signaling pathway in controlling glucose metabolism),
histidine degradation (histidine supplementation improves insulin resistance and reduces
obesity), and LPS/IL-1 mediated inhibition of RXR function (involved in causing diet-induced
obesity and noninsulin-dependent diabetes mellitus).

The analysis of anthropometric traits with genotyped data [of study II, (Hebbar et al. 2017a)]
identified a variant rs9606756 [TCN2, 123V] at genome-wide significance its association with
lower levels of HDL-C at suggestive p-value. This variant further passed the replication p-value
criteria. Incidentally, interaction analysis between WC vs Apo-Al and HDL in a randomly selected
subset of replication phase showed an inverse correlation of Apo-Al and HDL-C with obesity-
related anthropometric traits (particularly with WC) at heterozygotes. Examination of eQTL data
indicated the downregulation of TCN2 expression (including skin unexposed to sun) by variant
rs9606756. A fascinating fact is that epidemiological studies have shown that low vitamin B12
levels were associated with obesity and being overweight (Baltaci et al. 2013; Sun et al. 2019).
The lack of exposure to sunlight (due to harsh weather in the region) (Gulvady et al. 2007) and
higher consumption of ultra-processed foods were significantly associated with vitamin B12
deficiency (Louzada et al. 2015). Likewise, the prevalence of vitamin B12 deficiency is common
in patients with T2DM [due to standard therapy with Metformin which causes vitamin B12
deficiency (Alharbi et al. 2018; Alshammari et al. 2019; Aroda et al. 2016; de Jager et al. 2010)]
and is associated with adverse lipid parameters (Adaikalakoteswari et al. 2014). However, in our
study vitamin B12 levels of plasma did not show significant differences between the genotypes
of rs9606756.

From study Il (Hebbar et al. 2018), the analysis of genome-wide genotyped variants with lipid
traits identified a set of 6 variants associated with TG at study-specific stringent genome-wide
significant p-values of <6.12E-09 including rs1002487 [RPS6KA1], rs11805972 [LAD1,P>Q],
rs7761746 [OR5V1], rs39745 [CTTNBP2, LSM8], rs2934952 [PGAP3], and rs9626773 [RP11-
191L9.4,CERK]. Additionally, 6 variants were identified with p-values in the range of >6.12E-09 to
<5E-08 with TG including rs10873925 [ST6GALNACS], rs4663379 [SPP2, ARLAC], rs10033119
[NPY1R], rs17709449 [LINCO0911, FLRT2], rs11654954 [CDK12, NEUROD2], & rs9972882
[STARD3] and 4 variants including rs7156508 [SLC10A1, SMOC1], rs3764261, rs1864163, &
rs1800775 [CETP] with nominal p-value. Similarly, the analysis of FPG [from study IV (Hebbar et
al. 2020a)] identified the association of 4 variants including rs1002487 [RPS6KA1] at study-
specific genome-wide p-value and rs487321 [CADPS], rs707927 [VARS and VWA7] & rs12600570
[DHX58] at nominal p-value.

Implications of identified variants or genes with metabolic traits or processes or diseases were
supported by previous genetic associations or literature evidence.

i. Interestingly, rs1002487 [RPS6KA1] was found to be associated with higher levels of TG,
FPG, and HbA1C. Indeed, the RSK1 protein is involved in the regulation of insulin signaling
and glucose metabolism in the MAPK/ERK pathway (Gao and Patel 2009). S6K1 mediates
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insulin resistance and potential T2DM when there is nutrient excess (Tremblay et al. 2007;
Um et al. 2006). Furthermore, rs1002487 variant from RPS6KA1 regulates DHDDS gene,
which is involved in a rare genetic disorder called retinitis pigmentosa (Zuchner et al.
2011).

Olfactory receptor family 5 subfamily V member 1 (OR5V1) gene is a member of a large
family of G-protein-coupled receptors (GPCRs). Several studies have suggested the role
of GPCRs in metabolic disorders (Recio et al. 2018; Tzameli 2016). A gene-based
association study associated OR5V1 with type 1 diabetes (Qiu et al. 2014).

The CERK alias ceramide kinase, an enzyme involved in the conversion of ceramide to
ceramide 1-phosphate (a sphingolipid metabolite), plays an active role in glucose
homeostasis, insulin signaling and ultimately, the diabetes phenotype (Holland and
Summers 2008; Lipina and Hundal 2011; Straczkowski and Kowalska 2008; Summers
2010). Ceramides along with diacyl-glycerols mediate high TG and insulin resistance
(Amati et al. 2011).

Mutations in Ladinin 1 (LAD1) gene cause a rare form of autoimmune dermopathies [such
as linear immunoglobulin A (IgA) dermatosis and dermatitis herpetiformis] with which
diabetes and chronic renal failure tend to be comorbid conditions (Bhat et al. 2016;
Serwin et al. 2002).

LSMS8 is involved in retinitis pigmentosa (Schmidt-Kastner et al. 2008) and its comorbidity
with diabetes has been observed in the Arab ethnic individuals (Al-Adsani and Gader
2010).

PGAP3 encodes glycosylphosphatidylinositol (GP1)-specific phospholipase and is involved
in the lipid remodeling of GPI. The variant rs2934952 [PGAP3] has strong LD with variants
harboring from STARD3, ERBB2, GSDMA, GSDMB, ORMDL3, PNMT, PPP1R1B, RP11-
690G19.3, and ZPBP2 genes. These variants were found to regulate many proximal genes
including ORMDL3, a gene known to influence sphingolipids metabolism (Zhakupova et
al. 2016). In addition, an established marker, rs1877031 [STARD3] associated with low
levels of HDL in East Asians and Europeans, was in LD (r2 =0.55) with rs9972882 [STARD3]
in the study population. rs9972882 [STARD3] and rs11654954 [CDK12-NEUROD2] were in
strong LD with rs2934952 [PGAP3]. STARD3 affects the regulation of macrophage
cholesterol metabolism (Borthwick et al. 2009). Likewise, polymorphisms in the neuronal
differentiation 2 (NEUROD2) gene affect the onset pattern of type 1 diabetes in the
Japanese population (Yamada et al. 2001).

SNPs close to FLRT2 were associated with age at menarche in African-American women
(Demerath et al. 2013). Notably, early menarche is a risk factor for obesity and T2DM.
Analysis of Iranian CAD pedigree comprising 160 individuals demonstrated that both
p.Val99Met and stop-loss mutations resulted in increased sialyltransferase activity and
act as risk factors for CAD (InanlooRahatloo et al. 2014). The encoded protein- Golgi type
Il transmembrane glycosyltransferase in STEGALNACS gene catalyzes the transfer of sialic
acid to cell surface proteins to modulate cell-cell interactions. Interestingly, elevated
activity of sialyltransferase (from STEGALNACS5) in blood cells and increased levels of sialic
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acids are found to be associated with coronary diseases (Gopaul and Crook 2006). A
microsatellite-based linkage study on Caucasian families with premature CAD and
myocardial infarction showed that genes in 1p31-32 region (in which the STEGALNACS is
located) influence the TG level (Seidelmann et al. 2008).

The members of SPP2 protein family are involved in diabetes (Jeon et al. 2011; Zhao et al.
2016) and metabolic disorders (Magnusson et al. 2013). The C-terminal of this protein
binds BMP2 and TGF-B (Tian et al. 2015). Particularly, BMP2 regulates adipocyte function
(Schulz and Tseng 2009) and possibly influences human insulin resistance (Zhang et al.
2010). ARL4C has been widely implicated in the cholesterol secretion pathway and
intracellular vesicular transport (Engel et al. 2004; Hong et al. 2011; Wei et al. 2009) and
plays a key role in lipid homeostasis (Hong and Tontonoz 2014).

NPY1R plays crucial roles in regulating body weight and mediating cardiovascular
responses in CNS (Li et al. 2003; Pedrazzini et al. 1998). Several studies have established
its involvement in metabolic disorders including obesity, pre-diabetes, and pre-
hypertension (Pedrazzini 2004) by influencing food intake, psychomotor activity, and
regulation of central endocrine secretion.

The protein encoded by SLC10A1 gene belongs to the sodium/bile acid co-transporter
family. Bile acids are the catabolic product of cholesterol metabolism and hence, this
protein is important for homeostasis of cholesterol & TG levels (Watanabe et al. 2004).
Bile acid is involved in the pathophysiology of obesity and T2DM (Ahmad and Haeusler
2019; Prawitt et al. 2011; Tomkin and Owens 2016).

rs3764261, rs1864163, and rs1800775 [CETP] were found to be associated with lipid traits
in global populations (Hiura et al. 2009; Kurano et al. 2016; Lettre et al. 2011; Sabatti et
al. 2009; Spracklen et al. 2017).

CADPS regulates the recruitment of insulin granules and beta-cell function (Gandasi et al.
2017; Speidel et al. 2008). Previous global GWAS associated CADPS loci with treatment
interaction of sulfonylurea (a glucose-lowering drug) and heart failure-related metabolite
levels (Floyd et al. 2018; Yu et al. 2013).

VARS encodes valyl-tRNA synthetase and is associated with diabetic cataract,
neurodevelopmental disorder, microcephaly, seizures, and cortical atrophy. VWA7
encodes Von Willebrand factor A domain- containing protein 7. Previous global GWAS
associated the VWA7 locus with IBD, blood plasma proteome, blood protein levels, and
schizophrenia. Furthermore, the risk variant and its 26 strong LD partners are from a
gene-dense region, commonly referred as the HLA “class III” region (Milner and Campbell
2001) which contain several gene markers and genes from the HLA region associated with
risk for type 1 diabetes (Valdes et al. 2009) and T2DM (Tuomilehto-Wolf et al. 1993).
The DHX58 risk variant regulates DHX58, RAB5C, KCNH4, and HSPB9. Earlier global GWAS
implicated these 4 genes in CAD (van der Harst and Verweij 2018). Variants from RAB5C
were associated with fibrinogen levels, which are elevated in patients with diabetes,
especially in those with foot ulcers (Li et al. 2016).
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By analyzing genotype imputation data with 13 metabolic traits, study V (Hebbar et al. 2020b)
harnessed 978 association signals (involving 821 variants from 251 genes). Of these, 70 variants
from 9 gene loci were associated with metabolic traits at a genome-wide significance p-value.
These gene loci include BUD13, CETP, CSMD1, DYRK1A, HERPUD1, INTS10, LPL, and RTN4, which
are involved in metabolic processes. Specifically,

vi.

The variants rs10790162 (associated at borderline p-value) of BUD13 and rs4938303
(associated at suggestive p-value) of intergenic to [LOC101929011 - BUD13] associate
with TG, HDL-C, and metabolic syndrome from preceding GWA studies (Kraja et al. 2011;
Waterworth et al. 2010). Both variants share remarkable LD with lead variant rs66505542
of BUD13.

The lead variant rs1864163 [CETP] and 17 more variants had strong LD with each other
(including rs7499892, rs11508026, rs1864163, rs711752, rs1800775, rs17231506,
rs821840, rs3764261,rs12149545, rs183130, rs247617, rs247616, rs173539, rs56228609,
and rs56156922 at genome-wide p-value; rs1532624 and rs9939224 at borderline p-
value; rs118146573 at suggestive p-value) for HDL-C, C-reactive protein levels or TG levels
(pleiotropy), TC levels, WC, and CAD (Chambers et al. 2008; Ko et al. 2014; Ligthart et al.
2016; van der Harst and Verweij 2018). Importantly, study | and study Il also found an
association of CETP with HDL-C.

The two lead variants from [INTS10, LPL], rs112861901 with HDL-C and rs10635970 with
LDL-C were found to have strong LD with 17 more variants (such as rs76085257,
rs7016880, rs325, rs328, rs11984636, rs13702, rs1059611, rs15285, rs10105606,
rs10096633, rs17091905, rs7841189, rs17482753, rs326, rs17410962, rs17091891, and
rs15285) which appeared at suggestive p-value with either HDL-C, LDL-C, TC, or non-HDL
and were established for traits like hypertriglyceridemia, HDL-C, or CAD (Johansen et al.
2010; Keller et al. 2013; van der Harst and Verweij 2018; Waterworth et al. 2010).
Previously, the lead variant rs76018028 [LOC105377613, LOC105377614] or any of the
other 24 variants (appeared at genome-wide p-value) having strong LD with each other
from the region were established for lipid traits. However, variants from LOC105377614
were reported for amyotrophic lateral sclerosis (ALS) (Keller et al. 2013). Coincidentally,
abnormal lipid metabolism was a risk factor for the development of ALS (Dupuis et al.
2011).

Either lead variant rs7838666 [CSMD1] or other 6 variants (either at genome-wide or
borderline p-values) with strong LD among them, appeared to be established for
metabolic traits. However, previous studies have associated variants from CSMD1 with
eating disorder (Wade et al. 2013), BMI (Zhu et al. 2020), sugar consumption (Hwang et
al. 2019), T2DM (Chen et al. 2019), or HDL-C (Kulyte et al. 2020; Lettre et al. 2011).
Either lead variant rs2920844 [RTN4] or other 4 variants in LD (include rs2968781,
rs62138262, rs56181849, rs56377199) were found to have a previous association with
metabolic traits. However, variants from RTN4 were discovered to be associated with
coronary heart disease in Lithuanian families (Domarkiene et al. 2013).
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vii.  Either lead variant rs2835788 [DYRK1A, LOC105372798] or its LD variant rs2835799
[DYRK1A, KCNJ6] (appeared at borderline p-value) were known to have previous
association with metabolic traits. Although, other variants from DYRK1A gene were
associated with BMI, stroke, and metabolic syndrome (Malik et al. 2018; Zabaneh and
Balding 2010; Zhu et al. 2020)

10.1 Limitations

The main limitation of this study was the relatively small sample size of the study cohorts;
therefore, the association of variants <5% frequencies was not possible in this study. The study
sample sizes had the power to establish an association of common variants only. The number of
risk loci identified from a given study has a linear relationship with the size of the cohort, yet no
plateau has been observed for any trait to date (Visscher et al. 2017). Hence, using small cohorts
might have hindered the ability to harness more risk variants from the study population. Since
large sample size is of utmost importance in GWAS to obtain true reflection of small effect size
causal variants, regional collaborations with research centers to expand the sample size are in
progress.

The Cardio-MetaboChip (used in study | and study V) was developed for fine mapping purposes,
so it consisted only ~120,000 variants. Therefore, imputation of such spotty coverage data did
not yield great SNP coverage (only 2.16 million SNPs from Cardio-MetaboChip data as supposed
to 12.2 million from OmniExpress data at mean imputation quality score 20.5). This led to many
variants not being imputed and involved in association testing.

Based on genetic heterogeneity, three genetic substructures were identified in Kuwaiti Arab
population. This genetic heterogeneity warrants subgroup-specific genetic association analysis
with large sample sizes, particularly for those with higher rates of inbreeding. However, our study
could not perform subgroup-specific association analysis to assess risk variants for metabolic
traits in each subgroup population. This was mainly because of the small number of samples in
each subgroup (40% of Persian, 35% Saudi Arabian, and 25% Bedouin) which had no statistical
power to assess SNP association.

A considerable number of samples (~*10%) were lost due to cryptic relatedness. But, the recent
advanced hybrid methods such as linear mixed models (LMM) allow the use of related samples
in analysis with the construction of kinship matrix. If this alternative approach was undertaken
for statistical testing of association, loss of samples due to relatedness could have been avoided.

Among the study cohorts, there were many subjects undergoing hypoglycemic and lipid lowering
therapy. Although these confounding factors were considered by adjusting the association tests
for medication status and performing sensitivity analysis, such individuals at risk for
hyperglycemia or obesity might have also been introduced to exercise and hypocaloric diet
regimes. Unfortunately, since data relating to these corrective measures were not available, such
confounding factors were not considered in association analysis.
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10.2 Future perspectives

GWAS is arguably a fishing expedition. Once variants are found with specific metabolic traits, a
comprehensive analysis of various metabolic phenotypes in the context of cytokines, adipokines,
insulin resistance, apo-lipoproteins, and inflammatory markers with associated variant may offer
special promise for illuminating their biological basis in disease. Study design concerning diet and
exercise promises the exact role of genetics in this environmental setting. The variants
determined from these five studies will be further studied in a cohort of 300 (will be expanded
to 1500 individuals) individuals with approximately 120 different phenotypes. Through this
initiative, variants from FTO (rs1421085) (Hebbar et al. 2019a), MC4R (rs17782313) (Hammad et
al. 2020), and DOCK7 (rs1748197 and rs12130333) (Alanbaei et al. 2021) have already been
studied using many phenotypes and helped reveal genetic variation leading to modulation of
biomolecular cascades in Arab population. For example, the studied FTO variant rs1421085,
having strong LD (R%> 0.90) with rs1121980, a variant found associated at suggestive p-value with
WC from study V, was examined with 60 rarely studied biomarkers. This deep phenotype
examination unraveled the association of rs1421085 with increased body weight, soft lean mass,
and total body water through interaction with ghrelin and apolipoproteins (Hebbar et al. 2019a).
Similarly, rs1748197 of DOCK7 (or ANGPTL3) having strong LD (R?> 0.90) with rs1748195, a
variant found associated with increased levels of TC and TG from study V, was examined in data
cohort of 300 Arab individuals with 28 rarely studied biomarkers. Upon examination, rs1748197
was found to be associated with low levels of irisin and c-peptide. This illustrated ANGPTL3 as a
potential link connecting lipid metabolism, insulin resistance and cardioprotection (Alanbaei et
al. 2021).

The five GWA studies have enabled us to identify genetic variants associated with major
metabolic diseases traits relating to obesity, T2DM, dyslipidemia, and hypertension in the study
population. The general understanding is that most complex metabolic disorders (or any non-
communicable disorder for that matter) are highly polygenic and manifested by hundreds or
thousands of genetic variants, each having a small effect on disease risk. While genetic variants
associated with a disease are precious in revealing a gene or pathway of biological relevance to
the disorder, they can also be exploited to the clinical utility for the prediction of disease risk
(Lewis and Vassos 2020). These identified variants can be summarized into a polygenic risk score
to capture an individual’s susceptibility to any metabolic diseases in question. Recently, polygenic
risk scores (PRS) have been widely applied in complex metabolic research, confirming the
association between PRS and disease status. Since, the generalizability of European PRS to non-
European population showed reduced predictive powers due to allele frequency differences and
LD patterns between populations (Duncan et al. 2019; International Schizophrenia et al. 2009;
Scutari et al. 2016), studying PRS in a specific population like Arabs would benefit by population-
specific early disease risk prediction.

The focus on GWAS is switching from common to rare variants, as only <10% of the genetic
variance could be explained by common variants and much of the missing heritability is assumed
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to be contributed from missing rare variants in most complex traits (Eichler et al. 2010; Frazer et
al. 2009). In this phase of GWAS, we could assess the role of common variation with metabolic
traits. However, the rare variants that are considered evolutionarily youngest forms were out of
our reach due to statistically under-powered sample size. However, further efforts to discover
associations driven by low-frequency (MAF 1%-5%) and rare (MAF <1%) variants are essential to
identify the proportion of trait heritability explained by variants across the frequency spectrum.
One of the feasible ways to assess rare variants associations given a cohort of modest sample
size is variant set association test method, including the SKAT (Derkach et al. 2018; Lee et al.
2014; Wu and Pankow 2016). Unlike single variant association analysis, the variant set association
analysis does not require a large sample size. Approximately, an addition of 1000 samples to the
current cohort size would bolster power to our cohort to evaluate variants with MAF > 0.001 (Lee
et al. 2014). The recent release of trans-omics for precision medicine (TOPMED) data comprising
194,512 haplotypes has increased imputation quality and rare variant detection (Kowalski et al.
2019), which has further created opportunities for re-imputation of existing data with the
intention of identifying ROH and rare variants from dense variant data. This would help identify
the rare and recessive causal signatures from Arab population.

11. Conclusion

One of the major interests of our genome-wide genetic analysis approach was to provide
breakthroughs in the understanding of molecular mechanisms involved in metabolic trait
regulation in the study population. By analyzing genetic and metabolic traits data of
approximately 2700 individuals with Arabian ancestry, our study has successfully pinpointed
genetic determinants that modulate metabolic trait levels in Arabs. This study provided many
insights into the genetic basis of 13 different quantitative traits and demonstrated the association
of recessive signatures and their pleiotropic effects with the etiology of metabolic disorders,
thereby attempting to deduce the molecular mechanisms through which these loci operate in
complex metabolic diseases. Our findings can be used in population-specific therapeutic targets
or to design risk assessment tools for diagnosing metabolic diseases in the early stage.
Importantly, the present study attempted to bridge the gap in a culturally and geographically
distinct population, which is under-represented in global genome survey studies.
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