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Genetic susceptibility to type 2 diabetes and obesity:
from genome-wide association studies to rare variants and beyond

Niels Grarup - Camilla H. Sandholt - Torben Hansen -
Oluf Pedersen

Grarup et al,, Diabetologia, 2014

Missing heritability: the discrepancy
between h” estimated in twin studies
and the summed vaniation explained by
genome-wide significant variants. h¥ g,
which includes the influence of vanants
not reaching genome-wide significance,
accounts for some missing heritability.
While the cause of *still missing’
heritability (h”—h”sne) remains unclear, it
is likely altributable to (mostly rare)
variants that are poorly tagged by
common SNPs on arrays.
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Glossary

1000 Genomes Project The 1000 Genomes Project, launched in January 2008, is an international research
effort to establish a detailed catalogue of human genetic variation. Scientists planned to sequence the
genomes of 2,500 participants from a number of different ethnic groups

Allele One of a number of alternative forms of the same gene or same genetic locus

De novo mutation An alteration in a gene that is present for the first time in one family member as a
result of a mutation in a germ cell (egg or sperm) of one of the parents or in the fertilised egqg itself

Epistasis When the effect of one gene depends on the presence of one or more ‘'modifier genes’
(genetic background). Also referred to as gene—gene interaction

Exome The protein coding part of the human genome. The exome of the human genome consists of
roughly 180,000 exons, constituting about 1% of the total genome, or about 30 megabases of DNA

Heritability The proportion of phenotypic variation of a trait that is due to underlying genetic variation

Imputation In genetics, imputation refers to the statistical inference of unobserved genotypes. It is
achieved by using known haplotypes in a reference population, such as the 1000 Genomes Project,
thereby allowing non-genotyped genetic variants to be tested for association with a trait of interest

Linkage disequilibrium A non-random association between alleles at different loci

Minor allele frequency Ranging from 0% to 50%, this is the proportion of alleles at a locus that contain
the less frequent allele.

Private variants Variants restricted to probands and immediate relatives

Sequencing depth In DMA sequencing, depth refers to the number of times a nuclectide is read during
the sequencing process. Deep sequencing indicates that the depth of the process is many times larger
than the length of the sequence under study
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MMoAvTITapayovTiKa yvcopioparq - Complex traits
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* Height
= BMI

» Addiction (drugs, alcohol)
= Arthritis (various forms)
= Hypertension

Adapted and modified from

Car accident

Emery’s Elements of Medical Genetics, 15" ed., 2017
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Fig. 1 Concordance of MZ and DZ twins for different disorders. As a rule, the degree
of concordance in MZ twins is lower than 100% for nearly all complex diseases but

Photos by Jason Reed/Reuters
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Human Genetics: Concepts and Applications,
McGraw Hill, 13t ed., 2021

substantially higher in comparison to the concordance rate in DZ twins
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Variance in DZ pairs— Variance in MZ pairs

=

Variance in DZ pairs
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A heritability close to 1 indicates a large portion of
the phenotypic variation is due to genetic factors
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Heritability
(KAnpovounowuotnta n
KAnpovouikn Ikavotnta)

V=V, +Vp+V,

= The total genetic variance for a character (Vg) is a function
of:

= Additive genetic variance (V,) — variation due to the
additive effects of alleles

= Dominance genetic variation (Vp) — variation due to
dominance relationships among alleles

= Epistatic genetic variation (V) — variation due to
interactions among loci
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Single-gene disorders

Low impact on public health cost

One or a few gene(s)

Mendelian inheritance (dominant/recessive)
Rare variants of large effect

Classical genetics approaches

Examples:
= Huntington’s disease/Myotonic dystrophies

= Cystic fibrosis

= Muscular dystrophy Duchenne/Becker
= Rett Syndrome

= Fragile X

= Osteogenesis Imperfecta
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Multifactorial disorders
(Complex traits)

Serious impact on public health cost

Multiple genes and loci

Complex pattern of inheritance (additive)

Variable heritability (h?)

Common and rare genetic variants

Whole-genome scans = new technologies/analytical
tools

Examples:

Stroke/CVD
Diabetes (Type 2)
Schizophrenia/Bipolar Disorder/OCD

Autism Spectrum Disorder (ASD)/ADHD/Language & Learning
Disorders

Osteoarthritis
Alzheimer’s/Dementia
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MeAéteg Xvoyetionc (1990 - onpepa ?)

XKOMOG: H aviyvevon cvoxetiocwv PeETAED YEVETIK®WV SESOUEVWV (SNA. AAANAOUOPPWV 1] YOVOTUTIWV) GUXV®OV
TAPAAANY OV TOU YOVISLOUATOS PE TMAPAUETPOVC TIOV 0POPOVV EVA YVWPLOU 1} pix KAWVIKY KaTaoToon (Ty
voonua) vtd PEAETN. AUTO ETTITUYXAVETAL LLE XPT)OT] OTATIOTIK®WV XVXAVCEWV O£ £VA IKAVOTIOTIKA LEYXAO
TANOVGLaKO Selypa (ouvONG oxeSLATUOG «TIEPITTTWON-HEPTLPO» /case-control), TTPokeLpéVOL va VTTOGTNPLYOEL
N va KatappleBel o loxvplopuog otLn (o) cvykekpLpuévn(eg) mapaAiayn(eg) cuveloPEPOLY GTOV KaBopLoUO TOU

YVwpIlopuatog/voonuaTtog.
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Genome-wide association studies (2005 - onuepa)
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Workflow of a typical GWAS study
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MMAnOvopog 1

Eivat évag mapdyovtag o0yxvon g Tov Umopel va o8nynoeL o€ Pevdws BETIKEG CUOYETIOELS
KL AQVOAOUEVA CUUTIEPATUATA, AOYW ) SLOPOPETIKWV CUYXVOTNTWV AAANAOUOpPwV &
B) eEAa@pwS SLPOPOTIONUEVWV PALVOTUTIWV

MapTupEeG

v

Population 1

Allele 1 Allele 2

Affected

Unaffected

x2=0.00 p-value =1.0

MMAnOvopnoc 2

A

[MepMTWOELG

m AA
B Aa
Bl aa

[EQPTITEZH MAPIANGH -- GWAS

v

A

Population 2
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Combined
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x2=29.2 p-value = 6.5x108
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Yuvoym - IIepIMTWOEL GVOYETLONG

1. Yraitio adAnAopop@a (0avikd oevdplo, aAda e€alpetikd omavio!) - Bingo!

= Ta aAANAOHOp @O IOV AVIXVEVOVTAL WG OTATIOTIKA OTUAVTIKA CUOYXETLOUEVA ST ULOVPYOUVV TIPOSLABEDT) 1) TPOCPEPOLV
TPOOTAGLA EVAVTL TNG EKONAWONG KATIOLOV @ALVOTUTOV (0tLEGVOUV 1] LELWVOLVY GECH TOV KIVEUVO)

2. AAAnAopop@a oe LD pe vtaitio aAAnAopop@a (TUTILKO 0EVAPLO, OL TTEPLOCOTEPES TIEPLTITWOELS) —
XPNOLUO YIX TIEPALTEPW UEAETEG

= Ta aAANAOHOP @A TTOV AVIXVEVOVTAL WG OTATIOTIKA OTUAVTIKA CUOXETI(OUEVA GTNV TIPAYUATIKOTNTA E(val
ouvvdedepeva, SnAadn cuykAnpovopoLVTAL e TA TIPAYUATIKA VTIALTIOH AAANAOHOp @A (TIOV HAAAOV TIAPAUEVOUY AYVWO T
KoL Xp1{ouV TEPALTEPW aViXYVELOTG)

3. [TAnOvo Lok SLHOTPWUATWON

= Ta aAANAOHOp @A TTOV AVIXVEVOVTAL WG CTATIOTIKA OTUAVTIKA Elval PeLdwE BETIKA CLUOYETI{OPEVA [UE TOV UTIO HEAET
@AWVOTLTO (YVWpLoua, voonua, KAT). 2 Ta amoteAéopata eivat TapoammAQV) TIKA
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Box 2. GWAS methods

A GWAS consists of a series of independent regressions of a phenotype on genetic variants (specifically, SNPs) across the
genome, one regression per SNP (see Figure 2A in main text). A modem SNP array includes fewer than 1 million ‘common’
SNPs [those whose minor allele frequency (MAF) > 1%, even though there are ~15 million common SNPs in the hu-
man genome [105]. Despite this discrepancy, the arrays capture the influence of almost all common SNPs as well as most
other types of common polymorphisms (e.g., deletions/insertions), because genetic varants that are nearby on the ge-
nome tend to be correlated (in LD). Thus, each measured SNP ‘tags’ other nearby variants. Most modem GWASs impute
nearly all common SNPs and use these imputed scores directly in the analysis.

Due to LD, the influence of a single causal variant will typically manifest itself in nearby SNPs. Thus, GWAS hits implicate a

region where a causal variant is likely to exist rather than pinpointing the actual causal variant, making biological interpretation
of individual variants challenging. Nevertheless, in aggregate, GWAS hits are not random. They occur more often in or near
genes and regulatory regions and they often cluster in biclogically meaningful genetic pathways (e.g., SNPs associated with
bipolar disorder cluster in synaptic signaling pathways [10€]), giving insight into the pathophysiology of disease [107].

The field has agreed upon standards and practices designed to minimize false positives. Because systematic differences in
allele frequencies exist between subpopulations, and because ervironmental influences can differ across these subpopula-
tions, it is routine to control for such population stratification by using mixed inear models and/or by including genomic prin-
cipal components as covariates. Regardless of the number of SNPs examined, the maximum effeclive number of independent
tests conducted on common SNP's in the genome is ~1 million [108], so the standard in the field is to require a Bonferroni-
comected threshold of 0.05/10° = 5 x 107® for a SNP assodiation to be considered ‘genome-wide significant’. Modem GWASs
are performed on tens of thousands to millons of individuals, with sample size being the most important factor in determining
the number of significant associations [19]. To achieve large samples, the field has adopted a highly collaborative approach,
including forming large GWAS consortia, open access to large biobank datasets, and sharing summary statistics for all SNP
lests following a GWAS. These practices reduce barriers of entry to the field, maxdmize data usage, increase transparency,
and encourage crossfertilization of ideas.

https://www.colorado.edu/faculty /banich/sites/default/files/attached-files/friedman_2021.pdf
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SUMMARY OF SCHIZOPHRENIA GENETICS

HERITABILITY POLYGENIC RISK SCORES

Schizophrenia has a strong genetic component. Twin and family studies estimate heritability at “80%. SNP based PRS is a single measure of common genetic liability. It can
estimates currently explain ~24% of the heritability. explain ~7.7% of the variance in schizophrenia
case/control status with an AUC ~0.71. PRS calculated in
one population explains less variance when applied to
another, highlighting need for greater diversity in GWAS.

1
|
1

The largest GWAS to date by the PGC (69,369 cases, 236,642 controls) identified 329
SNPs independent genome-wide significant SNPs mapping to 270 distinct loci. Fine-mapping
refined association to 130 genes most likely to explain these associations.

PLEIOTROPY

Risk variants for schizophrenia are also associated with
other psychiatric and somatic disorders. Genetic
correlations of common variants show significant overlap

R ——-

Common variants (>1%)

The largest study (21,094 cases, 20,227 controls) in schizophrenia identified 8 CNV loci to
be associated, collectively explaining 0.85% of variance in liability. 1.4% of cases carried
risk CNVs. The most strongly associated CNV for schizophrenia is 22q11.2 deletion which
confers a 20-fold risk.

with most psychiatric conditions, cognitive ability, and
BMI. Rare variants associated with schizophrenia are all
also associated with intellectual disability and
developmental disorders.

The latest SCHEMA Consortium analysis (24,248 cases, 97,322 controls) identified 10
genes with an excess of ultra-rare variants in schizophrenia cases. Other studies have
found an increased burden of disruptive and damaging ultra-rare variants, and loss-of-
function variants enriched in loss-of-function intolerant genes.

In an analysis of 3444 trios, loss-of-function DNVs were found to be significantly enriched
in loss-of-function intolerant genes in schizophrenia cases and this burden was higher for
genes previously associated with neurodevelopmental disorders.

O
&
9
O

BIOLOGICAL INSIGHTS

Gene set analyses provide evidence that risk variants for
schizophrenia act by disrupting the functioning of the
synapse through multiple inter-related mechanisms.
GWAS and rare variant studies have identified
associations with targets of FMRP, voltage-gated calcium
ion channel complexes, synaptic plasticity, and abnormal
long-term potentiation. Rare variant studies have also
found associations with ARC and NMDAR gene sets.

[EQPTITEZH MAPIANGH -- GWAS

Legge et al: Genetic architecture of schizophrenia: a review of major advancements,
Published online by Cambridge University Press: Feb 2021

9/1/2025 ’@



225+

200+

175

150

125+

s

=]

=]
1

Sample size (1,000s)
s
1

50+

254

B African American
O East Asian
M European

O Hispanic or Native American

B South Asian

@ Initial sample size
Replication sample size

Linkage or candidate gene

GWAS or Metabochip

Oenome or exome sel

HNF1B

COEALL
FTC
IGF2BP2

THADA  DUSPE
NOTCH2Z-ADAM3D PTFRD
LGRE-TS5PANS

JAZF]
COC1I3-CAMKID
KChNO1

ADAMTSD
COEMNZA-COENIE  WF5S1

To mapadsrypa Tov XAT2

Flannick & Florez, Nat Rev Genet, 2016

MTMRES
POCE
PMNPLAZ
ZLEF1 FAMB3A
UBE3IC
PLEEHAT

MNREXMNI
MNHEG1
MAP3K11

HEFI
LUBEZEZ H3D17E1Z
TMEM154 HORMADE
TLE4 HLA-DO1
CICD4B-C2OD4A TCF18—PFOLUSF1 CLPZR
FRANDE RREB1-55R1 CMIF
ZBED3 MPRHOSFHS CENPIW
TP53MNPL LPF ATPSGI
PRC1 S0CG FAFI APOE
KLF14 CILP2-TMBSF2 TMEM163 ARL1S ACSLT '
IR51 RBM43-RNDS MACF1 DMNER IGFZ .
HNF1A ZFANDI  RASGRP1 SLC16A11 PDX HLA-B |
HMGAZ PSMDE GRES MIRIZO-[EP TBCIDd  ABO
DUSP9 PEPLY FAMSEA GPSMI - PAM :
CHCHDS PAX4-GCC] ZMIET :
[TOBE-REMS] VPSZ64 TLEL H
SRR CENTDZ  STHGALL MGCZ1675 MC4R :
PR HNF44A  BCLZ KIHDCS i
MTNRIE HMGZ04  MAEA GiFR
GCER GRB14 KCNEIG LaMal DCEEB
GCK AP3SI GLIS3 ANKD  CCONDZ
DGEB-TMEM 195

BCL11A
Lhorfs
ADCYS  SPRYZ

SLC30AB
HHEX
KCMNI11 TCFFL2
PPARG ,
I :‘. ," - & I_a __.' ._- ,'I . -:I i :. ' . ' ] __. . ,- -I . -.__- . '._. 3 E
; L EERE N y oI P " ' B ] oL T L YN w ' Ra T e, “5a e, BN =
o oA W P~ o3 = P A o T O3 B0 O P WO WS m e[l SRl S [ K
= I~ = & =t i e AT e T e A e T e = T o T T - Tt e O T - I T N i T i o T = T T e T i = RV T I O v T ol = O T Ty
L I e - | oy L T e o I O e ol O T == O = e = O T T T T e T = e N T e B T s o T 1 = T - _E
T T = =5 e e = T T e o O - e I O e D= R e = e T T T ™ O T A T O = T == O T = = = I M| Len ] M
& = =t ufy o = - 2 — Tl - TR R o T T = e - I T = T < = =5 ]
= = I~ -~ -~ - mmmuusmggmggﬂ—i—l—lﬂﬂﬂﬂmﬂﬂmﬂmmmﬂ*ﬂmmnm =1
o o — o T o o P O T T O O T T T s 0 0 v o D] rd rd e e ] T P e o 0 r o o [E] T4 0 4 L
2001 2005 2007 2008 2010 | 2012 2013 2014 2015 2016

Fear

9/1/2025 @



GWAS
Genome-wide
Association Studies

MEeA£TEC GUOXETLONG
YOVIS LWL TIKTC KALUOKQC

[EQPTITEZH MAPIANGH -- GWAS

ITIEPIEXOMENA
* Ewaywyn - Complex traits ([ToAvmapayovtika yvwpiopata)
" [IpoG¢ TNV AVATITUEN TEXVIKWY YOVISLWUATIKNG KALpaKAG

= GWAS basics (concept, workflow, analyses)

GWAS kat [ToAvyoviSiaxol Aeikteg Kivdvvou [Polygenic Risk

Scores (PRSs)] - [TiBavol Blodeikteg?
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Polygenic Risk Scores (PRSs)
(IToAvyoviSiakol Asikteg Kivdvvou)

» A count of the number of the risk variants
across multiple genomic loci present in the
person’s DNA, weighted so that the presence
of some risk variants is considered more
important than others.

v" IBD (Crohn’s, UC)

v" T1DM and autoimmune
diseases

v' T2DM and obesity

v CVD and hypertension

v AD and neurodegenerative

disorders

ADHD and ASD

Schizophrenia

AN

Preterm delivery
Drug response (PGx)

AN

[EQPTITEZH MAPIANGH -- GWAS

Figure 2. Schematic of the Steps Needed to Generate and Validate Polygenic Risk Scores (PRS)
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4. Evaluate PRS In samples with known
case-control status

Accuracy of PRS could be lower when applied In non-European Individuals

summary statistics

S. Calculate PRS for Individuals with unknown disease
status and benchmark risk against population

Polygenic risk scores

v' PGSs are a quantitative measure of the additive genetic burden
(polygenic contribution) for a particular disease or trait that can be
used to assess individual genetic load.

v PGSs typically aggregate hundreds or thousands of variants with
small individual effect sizes and follow a normal distribution on a
population level.

e 6-8 % for SCZ (Purcell et al., Nature, 2009)

e 34 % for BD (Purcell et al.,, Nature, 2009)

 2-3% for MDD

e ~3% for OCD (Yu etal.,, Am] Psychiatry, 2015)

* 0.6-0.8% for GTS (Yuetal, Am]J Psychiatry, 2015; 2019)

Risk stratification
Clinical risk

+ High risk I = }
Individual GWAS .
- [ej Standard screening

& PRS evaluation
B Q Less frequent screening

Lifestyle modification to avoid risk factors
Early active screening

Low risk
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EmiTuxiec Tov mediov

GWAS hits Gene

Trait Gene with GWAS hits Known or candidate drug
Type 2 Diabetes SLC30AS/KCNJ1] ZnT-8 antagonists/Glyburide
Rheumatoid Arthritis PADI4/ILER BB-Cl-amidine/Tocilizumab
Sp?)':\';c;:tsi.s'(‘zﬂ TNERIFTGERGTYRZ inhubitors/NSl!N[;s-/fostan’natin:b
Psoriasis(Ps) IL23A Risankizumab
Osteoporosis RANKL/ESR1 Denosumab/Raloxifene and HRT
Schizophrenia DRD2 Anti-psychotics
LDL cholesterol HMGCR Pravastatin
AS, Ps, Psoriatic Arthritis 128 Ustekinumab

Visscher et al, Am | Hum Genet, 2017

[EQPTITEZH MAPIANGH -- GWAS

H aviyvevon yeveTikwv SEIKTWV UE
TIPOOTITIKY YLA TN HETAPPAGTLKT) EPEVVA
KoL Stayvwon 1) mpoAnym sivat
eCALPETIKNG oNUaciag Yo edla TG
LATPLKNG ETTLOTNUNG OTA OTrOlA:

A) Ta SLayvmoTiKa KpLrTnpLa 8&v
Baotlovtal o€ Blodeiktec (Vi
TapASElYyua otnV PuyLATPLKY, TLG
VEUPOVATITUELAKEG SLATAPOYXEG KL TN
UEAETT) CUUTIEPLPOPLKWV XAPAKTIPWV)

B) Ymapyel EAAEWPT) ATTOTEAEGUATIKNG
Oepamelag

I') Etvat e€aipetikd HEYAAN 1] ETEPOYEVELX
0TO (PALVOTUTO

A) Etvat voonpata pe ogruqun Evapén, apa
TIPOKVTITEL LEYAAO OEAOG ATTO TNV
EYKALPT YVWOT Ylo TNV TTPOANYM
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EqpapuoyEeC oTnV £pevva Kai TV KAIVIKN TTpaén

Understanding Understanding Understanding Advancing Improving the
the structure of the biology of the biology of the science of effectiveness of
genomes genomes disease medicine healthcare

ZATBCATGCAT:
7Y ATOTACES
https:/ /www.genome.gov/Pages/About/Planning/201 1NHGRIStrategicPlan.pdf
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I:!E!:“!ill PERSPECTIVE

BOX 3
Bioinformatics and computational
biology

The major bottleneck in penome
sequencing is no longer data
generation—the computational
challenges around data analysis, display
and integration are now rate limiting.
MNew approaches and methods are
required to mest these challenges.

Data analysis. Computational tools
are quickly becoming inadequate for

- analysing the amount of genomic data
that can now be generated, and this mismatch will worsen. Innovative
approaches to analysis, involving close coupling with data production,
are essential.

Data integration. Genomics projects increasingly produce disparate
data types (for example, molecular, phenotypic, environmental and
clinical), so computational approaches must not only keep pace with
the volume of genomic data, but also their complexity. New integrative
methods for analysis and for building predictive models are needed.

Visualization. In the past, visualizing genomic data involved
indexing to the one-dimensional representation of a genome. New
visualization tools will need to accommodate the multidimensional
data from studies of molecular phenotypes in different cells and
tissues, physiological states and developmental tirme. Such tools must
also incorporate nor-molecular data, such as phenotypes and
environmental exposures. The new tools will need to accommodate
the scale of the data to deliver information rapidly and efficiently.

Computational tools and infrastructure. Generally applicable tools
are needed in the form of robust, well-engineered sofiware that meets
the distinct needs of genomic and non-genomic scientists. Adequate
computational infrastructure is also needed, including sufficient
storage and processing capacity to accommodate and analyse large,
complex data sets (including metadata) deposited in stable and
accessible repositories, and to provide consolidated views of many
data types, all within a framework that addresses privacy concems.
Ideally, multiple solutions should be developed™.

Training. Meeting the computational challenges for genomics
requires scientists with expertise in biology as well as in informatics,
computer science, mathematics, statistics and/or engineering. A new
generation of investigators who are proficient in two or more of these
fields must be trained and supported.

e 0
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