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Prospects and limitations in the use of genetic markers
in translational research of complex diseases

OUTLINE

Introduction (basic concepts, tools, methodological approaches)

Prospects & Limitations

Type 2 Diabetes Mellitus

Examples of translational success in T2D




Brodeinteg (Biomarkers)

O 'Evag Brodeintng (1 Blohoyinog 6eintng) elvat VoG RETETOLOG OEIXTNG aG BtoAoyung
NATAOTRONG 7] €VOC BLOAOYIOL TEORAMUXTOC.

O Ot BLodeinteg YONOLLOTOLOLVTAL VLo TNV KELOAOYYOY] YUCLOAOYIXWY BLOAOYIUWY OLEQYATLMY,
naboyovwy Stepyaotwy N anoxploewy o Bepanevtineg mapepfaoetg. Mnopset va etvat pLoLa,

YOVIBLL, YOVLSLana TEOLOVTA, VIO 7] CUYAEXQLUEVE HDTTHOA TIOL TUREYOLY TANQOYOPLEG

OYETINA E TYV NATAOTAOY] LYELXGS 7] aolEVELHG EVOG ATOWOV.
o To Ebvixo Ivotitovto Yyetog twv HITA (NIH) optlet éva Brodetntn wg e€ng:

«Evo yopantnototind nov petpatot nott aELOMOYELTAL AVTIMELLEVING WG OEIUTNG PLCLOAOYIUWY BLOAOYIU®WY
Sepyaotwy, Taboyovwy Slepyaoley 1 YUOUIKOAOYIXWY ATOXPLoEWY ot Wla Bepamevtiny mopeuBoony.




Tomot Brodetry

O Brodeinteg pmopovy va ta€vounbodv oe Sidpopeg xaTNnyoEles pe Baorn TV ePaUEUOYY TOLG:

1. Awxyvwaotirot Brodeixteg: [ v aviyvevon 1 v emiPefaiwon ¢ TeEovaiag (o vOG0oL 1 *ATAGTAGYG.

2. ITpoyvwoTtixol Prodeinteg: [opéyovy mAnpoypopieg oyetna pe ™y mluvn moesia 7 exBaoy pag vocou.

3. ITpoyvwoTtixol Brodeixteg: Ymodetmvdovy v mhavoTTor AVTATONQELENG VOGS aolevoilg oe pa ouyxexptuevy] Depameio.
4. Dogpoxodvvapxol Brodeinteg/Brodeinteg amoxgrong: Xonotponoobvtar yo va det€ovy 0Tt gyet eppoviotel BLoAoynn
ATTOKQLOY] WG ATAVTNOY| oe o Oepamevtiny nopépBoon.

5. Biodeinteg magaxorodOnong: Xonotponotodvtot yio v TeEaxorloLdnoy TG XATAGTAONG UG VOGOL 1] TV
XMOTEAEOUATWY TNG Bepamneiag pe v mdEodo ToL YEOVOoL.

‘BEvog tdavindg Brodeintng npemet v eyet to andAoLbo YoxQAATYQIOTINA:

| Edwotnto: Oa mpemet var eivat 110G Yo Mo GUYAEXQIUEVY acDeveta 1) uotaoTtooy.

| EvauoOnoio: Oa npénet v eivar oe 0Eon var avyvedet axopm not Juueg aAyeg oty Bloloyuny uataotooy.

| Avanapayoyipotnta: H pétonon tov Brodeinty Ou mpénet v elva ouvenng oe StapoEeTind epyaatroto xat auvinuneg
SonLUNG.

| My enepBatindtnroc [dovind, ot Brodeinteg Oa mpénet v elvat PeTENOLUOL O EDXOAXL TEOCRAGLUK CWUXTIXG LYOY OTWG
TO AL, T OLEX, TO GAALO 1] O LLEAOG TWY OCTWV.

| Khvuer) ovvageto: O Brodeintng Do mpénet v magéyel onpavtinég mAnpoyopies mov prooby va xabodnynoouvy m Andn
AMVINWY ATOPACEWY.
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(hundreds to thousands?) Genetic Biomarkers

I Genetic risk estimation as the earliest

risk factors measurable contributor to any disease !
(dozens?)

disease-associated
(handful?)

Which are medically relevant?
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Rare diseases

Mendelian genetic basis
Mono-/Oligo-genic
“Rare disease-rare variant” hypothesis

* EOopd¢ (VapkwTikd, aAKOOA)
* Aykviomountiki) crovduviapOpitida
" Joyoupiko kapdoko emelc0d10

Common diseases

Complex genetic basis

Polygenic

“Common disease-common variant” hypothesis

YxopPovuto

AvtokivnTioTika
Svotiynpa

Adapted and modified from Emery’s Elements of Medical Genetics, 15" ed., 2017




Single-gene disorders

Multifactorial disorders
(Complex traits)

Low impact on public health cost

One or a few gene(s)

Mendelian inhetitance (dominant/trecessive)

Rare variants of large effect 2 BIOMARKERS
Classical genetics approaches

Examples:
Huntington’s disease/Myotonic dystrophies
Cystic fibrosis
Muscular dystrophies (Duchenne/Becker)
Rett Syndrome
Fragile X
Osteogenesis Imperfecta

Hereditary cancer syndromes

Serious impact on public health cost
Multiple genes and loci
Complex pattern of inheritance (additive)

Variable heritability (/%)
Common and rare genetic variants = LACK OF BIOMARKERS
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

® (steoarthritis
Alzheimer’s/Dementia




Quantitative traits and
Quantitative Trait Loci (QTLs)

Figure 7.3 The Inheritance of helght. Genetics students “All-or-none” vs “Shades of grey”
at the University of Notre Dame lined up by height in inches,
revealing the continuously varying nature of height. David
Hyde/Wayne Falda/McGraw-Hill Education
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E the mean \ / the mean Figure 7.4 Variations In skin color. (a) A model of three genes, with two alleles each, can explain broad hues of human skin. In
z L - actuality, this trait likely involves many more than three genes. (b) Humans come in a great variety of skin colors. Skin color genes

can assort in interesting ways. These beautiful young ladies, Marcia and Millie, are twins! Their father is Jamaican with dark skin and
0 ' ' ' al tight dark curls and their mother is European with fair skin and golden-brown hair. (b): SWNS/South West News Service Ltd.

Stature (inches) Human Genetics: Concepts and Applications, McGraw Hill, 13t ed., 2021

Genetics in Medicine, Thompson & Thompson, 7% ed., 2007




Complex trait heritability
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Schumacher & Petronis, Curr Top Microbiol Immunol, 2006

10 20 30 40 50 60 70 80 90
DZ Twin concordance [% ]

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  HumanGenetics: Concepts and Applications
substantially higher in comparison to the concordance rate in DZ twins

_ Variance in DZ pairs — Variance in MZ pairs

h* =

Variance in DZ pairs




P G + E Heritability
(KAnpovounotpotnta 1 Kinpovopun Inavotnta)

Vo Vg + Vg +Vig

Vp=Vat t:f ptVr , Ve

v
Phenotypic Additive MNon-Additive Enviranmental
Variance  Genetic zenetic Wariance

YVariapnce Yariance

Vo=V, +Vp+V,

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

= Additive genetic variance (V,) — variation due to the

— V Broad-sense "
o G/V P heritability additive effects of alleles

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

heritabilit
. = Epistatic genetic variation (V,) — variation due to
interactions among loci

A heritability close to 1 indicates a large portion of
the phenotypic variation is due to genetic factors




Complex trait heritability

D. van Calker and T. Serchov Neuroscience and Biobehavioral Reviews 126 (2021) 2342

|4 5
h2 = 24 Narrow-sense 100% -
V, heritability [l family/twin estimate
B molecular estimate = SNPs, ¢

¢ heritability gap

Table 7.2 Heritabilities for Some Human Traits

Trait Heritability
Clubfoot 0.8
Height 0.8

Blood pressure 06

females
-—es EE W mm mm e e s o oww oo

z
2 50%-
@
-

Body mass index 04-07
Verbal aptitude 0.7

Mathematical aptitude 0.3

Spelling aptitude 0.5

Total fingerprint ridge count 09
Intelligence

Total serum cholesterol

Schizophrenia Bipolar ASD Major Anxiety

Human Genetics: Concepts and Applications, McGraw Hill, 13® ed., 2021 . i
disorder depression disorders




The landscape of human genome variation

Penetrance

Mendelian ) Highly unusual for
disease e o common diseases

Low-frequency

variants with

intermediate

penetrance :
Most variants
identified by
GWA studies

Hard to identify
genetically

Allele
frequency

Very rare = | Uncommon

McCarthy ef al., Nat Rev Genet, 2008




The landscape of human genome variation

Penetrance
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McCatthy ez al., Nat Rev Genet, 2008




https:/ /www.genome.gov/10001772

EZ?A \c‘}g

GENOME 10K,

International
NOTE: The first genetic association studies focused on
candidate gene analysis and, therefore, were not suited for
novel genetic risk loci identification.

The completion of the Human Genome Project, the HapMap

Project and 1000Genomes Project, along with many

technological and conceptual advances, have paved the way to

array (chip)-based GWAS and Next-Generation Sequencing https:/ /www.genome.gov/10001688/

international-hapmap-project

—> High-throughput targeted genotyping and NGS

1000 Genomes

b'obamk A Deep Catalog of Human Genetic Variation

Enabling scientific discoveries that improve human health

500k UK people data https:/ /www.internationalgenome.org/

The 100,000 genomes project




; Genome-wide association studies (GWAS)
Patients Controls

Thousands of samples
— The more the better !

v’ Catalogued SNPs (Minor Allele Frequencies — MAFs)
and tagSNPs

V' Better phenotyping of cases —
Inclusion/Exclusion criteria

v More careful selection of controls V' Patterns of linkage disequilibrium (LD) per population
v' Investigators joining forces — Data sharing v" Population-specific variation (AIMs)
v Funding of large-scale projects v Frameworks to analyze enormous datasets —
(multicentered — multiethnic) Development of bioinformatics tools
International data repositories — Free access v’ Pathway analyses
v

Meta-analyses

Comparison of alleles

Genotyping of
eg 100k-6M SNPs

Statistical analysis SNPs or SNVs = Single Nucleotide

Polymorphisms (Variants)




Workflow of a typical GWAS study

extraction and

collection (Mg Quantification

Peripheral blood
Buccal cells

Manual purification
Kit-based purification

B R e I ]
s e o 5042

Fluorospectrophotometry
Spectrophotometry

96-well plates
384-well plates

‘Study sample

BIOMED: London
BIOMED: Ireland
BIOMED: France

PLINK in GWAS workflow

Experimental
Design &
Sample

2 Collection

Cell Intensity Files

for each chip
¥

GeneChip
Scanner

-

Summary statistics

and quality control l
1 \ Phenotype,

sex and other

Assessment of population ;
covariates

stratification

| |
Whole genome SNP-based
association

. |
R 3

Further exploration of ‘hits’
|

Visualization and follow-up

1 2 3 4 5 68 7 8 910 111213141516 182022

Chromosomal position

Statistical hi-square
analysis ovariate adjustme

(trait-dependent)
\J

Pathway
analyses

Meta- Validation
(technical,

analYSCS _ functional)

Replication
Study Population
, (stage 2)

OVA

ultiple testing cor
opulation stratifica

Sample size (lat

Phenotypic crit

Other genotyping platform
In silico analysis
Sequencing

Gene expression analysis
Cell-based analysis
Animal models
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| |Alzheimer disease and age of onset
__ Disease or Trait 1 il

\' |Glomerular filtration rate (creatinine)
Disease or Trait 2 —{

!:]Disoaso or Trait 3 :]Menarche (age at onset)

%Blood metabolite levels
Height

|Educational attainment (years of education)

Height: Number of Significant i .
| (I .| SNPs for the trait or disease ‘:jRed blood cell traits
1 umber ignifican —_—— 2
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Figure 2. GWAS SNP-Trait Discovery Timeline

Data used for generating the graph were taken from the GWAS Catalogue.'” SNPs and traits were selected according to the following
filters. SNPs were selected with a p value < 5 x 10 ¥, For each trait with two or more selected SNPs, SNPs were removed if they had
an LD r* > 0.5 (calculated from 1000 Genomes phase 3 data) with another selected SNPs and their p value was larger. For each year
of discovery, only the top three traits and diseases with the largest number of SNPs are labeled in the circle.

Visscher et al., Am | Hum Genet, 2017




Genome-wide association studies (2005 - present day)

|
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GWAS limitations

Only associations revealed — Not causation (Positive or negative correlation may imply underlying mechanisms,
but is not proof that A actually causes B)

Sex chromosomes (X, Y) omitted from analysis (until recently)

Patient selection (population-based vs selected group) and controls selection (are they truly free or any disease? =
genetic correlation between disorders/cross-disorder analyses)

Can results from one ancestry (eg Caucasians) be extrapolated to another (eg Asians)?

Distinguish true cases from phenocopies (=a trait or illness that resembles an inherited one
but 1s attributed to an environmental cause)

Unable to uncover tissue-specific gene x gene interactions

Low-hanging fruit ?

(high penetrance, hig P)




Has a dy === Missing heritability
seew a geneticoz — (eMelmovoo UAEOVOUNCLULOTYTX)

biomarkere 2 \ Rare variants (MAF<1%)

* Structural variants (CNVs)

* Gene x gene Interactions (epistasis)
* Epigenetics

* Gene x environment interactions
. Something unknown?

There could be scarier and more intractable

reasons for unaccounted-for heritability that

are not even being discussed. “It’s a possibility

that there’s something we just don’t fundamen-

tally understand,” Kruglyak says. “That it’s so

different from what we're thinking about that

- | were not thinking about it yet.”

= : ! ‘ . Still the mystery continues to draw its
sleuths, for Kruglyak as for many other basic-
research scientists. “You have this clear, tangi-
ble phenomenon in which children resemble
their parents,” he says. “Despite what students
Large effects are bad, as most variants with large effects are consequently get told in elementary-school science, we just

We should not expect common variants to have large effects, for
evolutionary reasons.

selected against, thus never become fixed and common. don’t know how that works.” |

https://www.nature.com/news/2008/081105/pdf/456018a.pdf - freely available




The bright side Identification of novel

SNV-trait associations

Discovery of novel biological
mechanisms

Diverse clinical applications

Insight into ethnic variation
of complex traits

Relevant to low-frequency,

rare variants L

Identification of novel monogenic /

and oligogenic disease genes

Relevant to the study of
structural variation
Multiple applications
beyond gene identification

Straightforward GWAS generation,
management and analysis

Easy-to-share and
publicly available data

The dark side

Disease prediction

True signals

Population stratification

Ultra-rare mutations

Epistasis

Causal variants or genes

Missing heritability
Tam et al.,, Nat Rev Genet, 2019




Benefits and limitations of genome-

Vivian Tam’, Nikunj Patel’, Michelle Turcotte’, Yohan Bossé»?3, Guillaume Pareé'-*
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What whole-genome studies have to offer — Translational research

Whole-genome studies:
Identification of susceptibility/protective variants

Clinical advances Personalized medicine

. B

Therapeutic Biomarker Preventive measures Diagnostics  Prognostics Therapeutic
targets identification in healthcare optimization

Improve quality of life

Reduce health care and
hospitalization costs

Adapted from McCarthy ¢ al., Nat Rev Genet, 9:357-369, 2008




Examples of links between GWAS discoveries and drugs:

GWAS hits

Trait

Gene with GWAS hits

Known or candidate drug

Type 2 Diabetes
Rheumatoid Arthritis

Ankylosing
Spondylitis(AS)

Psoriasis(Ps)
Osteoporosis
Schizophrenia
LDL cholesterol
AS, Ps, Psoriatic Arthritis

SLC30AS/KCNJ11
PADI4/IL6R

TNFR1/PTGERA/TYK2

IL23A
RANKL/ESR1
DRD2
HMGCR
128

ZnT-8 antagonists/Glyburide
BB-Cl-amidine/Tocilizumab

TNE-
inhibitors/NSAIDs/fostamatinib

Risankizumab
Denosumab/Raloxifene and HRT
Anti-psychotics
Pravastatin

Ustekinumab

Visscher et al., Am | Hum Genet, 2017

Genetically-informed translational research/Drug development

: Identifying genetic markers with translational
j potential is crucial for medical fields where:
|

I a) Diagnostic criteria are not based on

| biological markers, such as psychiatry and

: behavioural traits, and

|

I b) There is lack of effective treatment
|

: c) The phenotype is quite heterogeneous
|

1 d) Complex diseases are often late-onset,
I thus predisposed individuals could benefit
I from early detection and preventive

: testing/medical follow-up




Genetically-informed translational research/Drug development

Distribution of Genetic Biomarkers
With an FDA-Approved Therapy

Data Soutce: https://www.fda.gov/drugs/science-and-research-drugs/ table-pharmacogenomic-biomarkers-drug-labeling
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Systems biology screen
3 : : Histological subtyping +  Molecular profile
Genetically-informed translational research/ |

New recommended
Drug development

personalized treatment

@

Breast

Pharmacogenomics

C Qvarian
Full
response

Partial

Breast

Non
responsive

Ovarian

Sovere adverse

reaction Pre-clinical drug screening

Drug Molecular  Effective treatment
treatments aberrations profile

‘ I @
response

Werner, Mills & Ram, Naz Rev Clin Oncol, 2014




EWAS

(Epigenome-wide Association Study)

EWAS Catalog

http://www.ewascatalog.org/
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PhewAS GWAS: examines associations PheWAS: examines associations between
between specific phenotypes and specific genetic variants and a large number

(Phenome'Wide genetic variants across the genome of different phenotypes (phenome)

Association Study) Phenome :
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PheWAS: Target genotype -

{or ather input variable,
e.q., a specific disease,
trait, or exposurne)

GWAS: Target phenotype -
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Figure 2. Schematic of the Steps Needed to Generate and Validate Polygenic Risk Scores (PRS)

FRRFFRREEE Phbhd bR bh

'i”i“i”i”i“i"i“i‘i‘* ***iﬂi“i"*"** 1. Large genome-wide association study

PR RRREe bbb bbb d b

TeevbRREEE PR RRD
L,

Polygenic Risk Scores (PRSs)
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> A count of the number of the risk variants |’

3 \ : . 234
across multiple genomic loci present in the ‘
person’s DNA, weighted so that the presence 27
of some risk variants is considered more 2 G RO ARy SRS
2 _ 214
important than others. g
& 1]

v' IBD (Crohn’, UC) 94

v" T1DM and autoimmune diseases '

v' 'T2DM and obesity 34 7 = - it

v" CVD and hypertension "172 '3'a' 56 18910 12 141618202

v AD and neurodegenerative disorders L.

v" ADHD and ASD

3 Schizophrenia 3. Methods to choose DNA variants and to decide thelr welghts

AN

Preterm delivery 'i' 'i' 'i' 'i' ‘i' 'i' * * 'i‘ 'i‘ 'i‘ 'i‘

Drug response (PGx)
\Jk,_’-

/N

Ancestry testing

B

PGS Catalog

4. Evaluate PRS In samples with known 5. Calculate PRS for individuals with unknown disease
case-control status status and benchmark risk against population

Wray et al., LAM.A Psychiatry, 2020

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



Polygenic Model of Disease

For complex diseases, variations in many genes may add to risk of getting that disease.

A

— People without t2d
— People with t2d
O Low-risk allele
© High-risk allele

Fraction of people

More risk alleles for type 2 diabetes

Gene
factors:
Small
variations
in many
genes

000000000000000000000000000000

Fletcher & Houlston, Naz Rev Cancer, 2010 — Modified from: https://sites.google.com/uw.edu/gemnet-bio-t2d-cuttriculum/home




Association P value

Chromosome

Polygenic Risk Scores (PRSs)
(ITohvyovtdtaxot Acinteg Kivédvov)

Global, extended Partitioned
Restricted-to-significant polygenic score polygenic score

polygenic score ‘

Optimize

[

Udler e# al., Endocr Rev, 2019

Restricted-to-significant polygenic scores (rsPSs): scores
composed of variants at the extreme of a statistical distribution,

most usually those that pass the genome-wide significant threshold
(p<5x107?) for the trait concerned.

Global extended polygenic scores (gePSs):
scores generated from a deeper set of variants generated from
genome-wide analyses, typically involving large numbers of sub-

threshold significant variants (p>5x10%).

Partitioned (or process-specific) polygenic scores (pPSs):

scores composed of variants grouped according to some common

biological process (e.g., association with a related endophenotype,

tissue expression of related genes, chromatin state).

Alzheimer Disease (AD):

- AD risk, age-at-onset

- Progression (normal to MCI to AD)

- Cognitive function and memory
Brain structure and function (MRI, PET)
Biochemical changes in brain and periphery (CSE, blood, post-
mortem)




Polygenic Risk Scores (PRSs)

Low Intermediate High
risk . risk . risk

Best GPS-© ' '
(@]

Additional

Optimization Validation - predictors
—_—

.
>

—
)

=
©
>

&
o

o

[

Clinical risk factors

Chromosome Candidate GPSs The best GPS Polygenic risk

@ Control @ Case ’ © Low risk © High risk
' O Intermediate risk @ Very high risk

Estimate SNP-based heritability Polygenic score for Composite score for

Association statistics
relative risk stratification personalized risk prediction

from GWAS and build candidate predictors

A genome-wide polygenic risk score (GPS) is based on genome-wide association study (GWAS) summary statistics. The optimization step enables
selection of the best method according to the genetic architecture of a disease under study. The validation step requires an external cohort and is critical

to obtaining reliable metrics of performance. Clinical predictors of absolute risk will require incorporation of additional demographic, clinical or lifestyle

factors into composite risk models. AUROC, area under receiver operating characteristic. SNP, single-nucleotide polymorphism.

Liu & Kiryluk, Na# Rev Nephrol, 2018




Polygenic Risk Scores (PRSs)

Healthy

FCTGACAACGAGCGAACGAWA
GGAAATACGGAATCGGAGC

Lower risk:
less genetic

risk variants
f——

TTTTACCTTTTAGCTTCTCGAGCCACATTTGTATRIGC

el TGGCTTCTGATGGCTTCGAGGTGTCCGACGAT

CATTTTCTACGATTTTATCGAACAGCATCCGGAAAAGTTC

GCGACGCT CGCCGCATGATAACGGAGTATGAACACCAAAAGCAGCGA

Unaffected Affected

Higher risk:
more genetic

risk variants
q

Detection rate=16%

False—positive rate=5%

Overall

Lowest percentiles genetic risk

Highest percentiles

Lowest genetic risk Highest genetic risk

=)
90 9599

Polygenic risk for prostate cancer

https:/ /www.degruyter.com/document/doi/10.1515/medgen-2020-2006 / html

Sud ez al, njp Precision Oncology, 2021



The perfect model

0.5
Threshold

The non-informative model

0.5
Threshold

The worst model

0.5
Threshold

The current status in PRS research

FN | FP

0.5
Threshold




Ovarian cancer Lung cancer

Fig. 2: Receiver operator plots of polygenic risk scores for eight common cancers.
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v" AUC values of 0.7—0.8 are considered as acceptable and >0.8 as affording good discrimination

v" Digital mammography for breast cancer screening has an AUC of 0.78!
v" Breast cancer has the best characterized set of non-genetic risk factors: the AUC for these risk factors 1s 0.637

while the AUC of the current PRS is 0.631; and in combination the AUC is 0.683

Sud ez al, njp Precision Oncology, 2021




Polygenic Risk Score

Hypertension Rate

hypertension, which confers substantial CVD risk

Vaura et al, Hypertension, 2021

20

40 60 80
Age, Years

BP PRSs together with traditional risk factors could improve prediction of hypertension and particulatly eatly-onset




Polygenic Risk Scores (PRSs) — The future prospects

Polygenic risk Combined risk

Action thms.hnldxﬁ

High polygenic risk E.Iinicnl risk a.nd'
Cholesterol: per 40 mg/dl increase high polygenic risk

| Intermediate
polygenic risk

Clinical risk
and low

polygenic risk

PRS percentile

Systolic blood pressure:
per 20 mmHg increase

Clinical risk and
Low polygenic unmeasured
risk risk

T T T T T T T T T T
0.33 050 0.67 Population 15 2.0 3.0 0.33 0.50 0.67 Population 1.5

incidence incidence

CAD relative risk CAD relative risk CAD absolute risk

Totkamani e# al., Nat Rev Genet, 2018




PRSs pros

DNA collection is performed once

The costs of generating PRSs is very low

Can be recalculated from the same genetic data if new
information to improve PRS becomes available

From a single DNA test, many PRSs can be generated
Important for population-based screening and
prevention programs (ex. CRC, BrCa, glaucoma)
Specific diagnosis in early phase of illness when
symptoms may be general and non-specific (ex. CKD)
Contribution to treatment choices, response to
treatment, adverse outcomes (PGx)

heMGWST2 et S v PRSI ceutacy

PRSs cons

Prerequisite: Large GWAS sample sizes

Still limited predictive value (accuracy):

Genetic factors are not the only risk factors in common diseases (age,
sex, environment, etc)

PRSs explain only part of the genetic contribution (based on common
variants only, each with a small effect)

Prediction is not equally valid when using the same PRSs across ethnic
ancestries = Need for ancestry-specific PRSs

The utility of the PRSs varies between conditions —
dependent on their calculated heritability

How should PRS-associated risk be communicated to
the general pub]ic? (patient, family members, etc)

D-t-C companies already provide PRS for a number of
diseases and traits — Are clinicians ready to/should they
interpret “online PRS calculator” data?

Implications for health insurance?




Heritability of
neuropsychiatric phenotypes

P = G + E
Vp = Vg + Vg
Vp=V,+ '} pt Vi o Vg

i
Phenotypic Additive Non-Additive Environmental

Variance Genetic Genetic Variance
Variance Variance

D. van Calker and T. Serchov

100%

2
s
£
s
@
I

Schizophrenia Bipolar
disorder

Neuroscience and Biobehmvioral Reviews 126 (2021) 2342

ASD

females

[l family/twin estimate

. molecular estimate = SNPs, CNVs
¢ heritability gap

[] polygenic risk score (PRS)

— - w— ow oww oW

Major Anxiety
depression disorders




Rare Mendelian variant Intermediate effect variants Common variants (GWAS)
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Part 11

Type 2 Diabetes Mellitus (T2DM)
as a paradigm of a complex
disease with a strong genetic

component

Diabetes Mellitus(DM)

Neonatal diabetes
mellitus (NDM)

Glucokinase
(20%)

Transcription
Factors (67%)

MODY X
(13%)




Type 2 Diabetes Mellitus (T2DM)

80-90% of all diabetes cases
NIDDM/T2DM (70-85%)

1-5% prevalence (6-8% in USA, 7% GR, 5-10% Malta/Finland, 15%
Turkey, 25% N. Zealand aborigines, 39% Nauru-Pacific Ocean, 50% Pima

Indians)

~500M cases, ~700M by 2050 (nternational Diabetes Federation)

15t degree relatives: ~3X higher risk of developing T2DM
Macrovascular and microvascular complications

Genes, family history, sex, ancestry, age = non-modifiable

T2DM predisposing factors

COMPARISON OF TYPE 1 AND TYPE 2 DIABETES

MELLITUS

Characteristic

Type 1 (IDDM)

Type 2 (NIDDM)

Sex
Age at onset

Ethnic

predominance

Female = male

Childhood and

adolescence

Whites

Female > male

Adolescence
through
adulthood

African Americans,
Mexican

Americans, Native
Americans

Concordance

Monozygotic
twins

Dizygotic twins
Family history

33%-50%

1%-14%

Uncommon

69%-90%

24%-40%

Common

Autoimmunity

Body habitus

Acanthosis nigricans

Plasma insulin
Plasma glucagon
Acute complication

Insulin therapy

Oral hypoglycemic
therapy

Commeon

Normal to wasted
Uncommon

Low to absent
High, suppressible
Ketoacidosis

Responsive

Unresponsive

Uncommon

Obese

Common

Normal to high

High, resistant

Hyperosmolar
coma

Resistant or
responsive

Responsive

Genetics in Medicine, Thompson & Thompson, 7% ed., 2007



The Staggering Costs of Diabetes

GROWING EPIDEMIC

Diabetes affects

30 million

children and adults

in the U.S.
o : .
""' ""' 84 millien Americans
- , have prediabetes and are at risk EVEI’L’ 21 seconds
1 In 3 US That’s for developing type 2 diabetes. someone in the

1 in 11 90% of them don’t know U-S- iS diagnosed

adUItS by 2050 X Americans. they have it with diabetes.

HUMAN COSTS

S African Americans and People with diabetes are at higher risk of serious health complications:
Ad m IXed Hispanics are over
: : 50% ﬂ; @ €9
populatlons more likely to have diabetes
than non-Hispanic whites. STROKE BLINDNESS KIDNEY HEART LOSS OF
DISEASE DISEASE TOES, FEET,
OR LEGS

ECONOMIC COSTS
w v

—
w
w
G People with diabetes have

health 1 S R
The total cost of diabetes The average price of 3 x Salth care costs » Pl’eve ntIOn | ' I

and prediabetes in the U.S. is 2.3x greater

R insulin increased nearly than those
$322 bl""on- between 2002 and 2013, without diabetes.
American
Diabetes

Learn more at diabetes.org . Association.




T2DM associated genes before 2007 — The pre-GWAS era

* Biological (functional) candidates (ignores less-obviously implicated genes)

* Positional candidates (small numbers of genes assessed)

PPARG KCNJ11 TCF7L2

- I I I I I |

2000 2003 2006




PPARG

T2DM associated genes after 2007

Candidate gene studies

KCNJ11 ICE7 2

FTO

SLC30AS
HHEX/IDE
CDKALI

IGE2BP?

9p21
- WFs1
HNF1B

— The GWAS era

MTNRI1B

KCNQ1

TSPANS
ADAMTSS

NOTCH2

CAMKI1D

THADA

JAZF1

BELIIA DUSPS

CHCHDS  DUSPS

 HNF1A ZFAND6

2000

2003 2006

2007

2008

2009/2010




KCNJ11 HHEX
TCF7L2 CDKALL

T2DM associated genes and AP CDKN24/B

SLCI0AS TCF2 (RNFIE]

molecular functions _ :

W

Beta-cell Reduced Beta-
dysfunction cell mass

Summeary details of the first 17 loci with a proven role in type 2 diabetes susceptibility

Representative  Risk allele  Effect

Signal Chromosome SNP frequency  size How found Hypothecated biology (nsulin Reduced insulin

:"nlj.'ipﬂl:j'm differentiation Resistance secretion
PPARG rs1801282 . .' Candidate and function
KECNIT] rsh219 Candidate p-Cell K,y channel
| 5701 G5 . . Large-scale association IIn(:Ielin signaling in the islet
HHEX reall 15480 . . GWA Pancreatic development
Zn transport in B-cell insulin
SLO30AS re 13266634 T Nk GWA granules
Hypothalamic effect on
FTO 38050136 . GWA weight regulation Type 2
CIEALT rs1 0046308 . GWA p-Cell function and mass :
Cell cycle regulation in the diabetes
CDENZA/B rs1081 1661 . . GWA B-cell
mRNA processing in the
IGFZRP2 rs4402060 . . GWA B-cell
Endoplasmic reticulum
WEST rs10010131 . . Large-scale association siress
B-Cell development. and
TCFZHNFIR ra37Ta7210 . Large-scale association function
Transcriptional repression
JAZF1 reB64745 . . GWA in the izlet
Cell cycle regulation
CDCI23CAMKID rs12779790 0.18 . GWA (CDCI2T
TSPANS raTa61581 0.27 . GWA Cell surface glycoprotein
THADA : rsTHTELOT 0.90 Nk GWA Apoptosis
ADAMTSD re4G607103 0.76 . GWA Metalloprotease
NOTCHZ rs10823031 011 . GWA Pancreatic development

All loci have been shown to attain significance levels consistent with genome-wide significance in European populations. Note that in most
cases the single nucleotide polymorphisms (SNFPs) denoted are unlikely to be causal. Effect size is given as the estimated OR per copy of the
risk allele. The biological processes listed are based on best available knowledge, but empirical data confirming these are not yet available

McCarthy & Hattersley, Diabetes, 2008
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The percentage of

“ancestry populations

included in large-
scale genomic
studies is
overwhelmingly
European

78% European

10% Asian

2% African
1% Hispanic

5% Other minorities

8.5% Unreported

https://www.genome.gov/Health/Genomics-and-Medicine /Polygenic-risk-scores#four

Alleles associated with complex disorders differ in frequency around the world

Corona ¢t al., 12 International Congtress on Human Genetics, 2011




T2DM and glycemic traits — The GWAS era

- . o N

.  Insulinresistance [IR]*

Glucose

A~ 1851
/ FOXA2 / \ MSMO1L \
[ =® LINCOO261  HECTDA [ 1RS1 TCERGIL \
_— o ¢ |
— | oevsis C120rf51 BROXL, GOK I — \ M
/' POSK1 G6PCZ/ABCBIL KCNQ1 | ’
./ 1
N :::)’f:m’i\“ FAM1488 ADCYS" MTNALD /TMEM163°7 /
")Flv'tﬁl 3 DGKB/TMEM 195 INF10, 5 IGF1 = -~
= SICIDAS GLIST GCKR p% KiF14 LIR /
ADRAZA TCF7 C2CDAA/B N,
CRY2 FADS1 ADCYS ANKL~" 2. .
- S BCOIN3D/F Type 2 diabetas
e AM2
\ MCAR ANKT APAS2 BOART
\ CAPN1D GRIA KIAAL486/IRS1 REBMSI/ITGRE RND2 THADA
/ | ADAMTSO-AS2 IGF2BP2 PP PPARG ST6GALL UBE2E2 "{": g&ﬁﬁtﬁ:ﬁ:}ﬁ e ”’; m"r’”
J | TMEMISA  WFS1 ANKRDSS ARLIS ZBED3 6orfs] e | n::‘ A X MO 1A J:.I'J.I'F .
CDKALL HLA-B KCNK16 POUSF1- 1CF19 DGKB iRk
16F1 JAZF1 SLCI0A8 TPSIINP1  CDKN2A/2B  CDKN28 GUS3 HNFIB HNF4A NS JAZF 1 KCNUTT KCRICTE KCNQ
\ K14 KT HDES LAMAT P PP MAGET MASA
VPS13C/C2CD4A/8 | PTPRD TLEL TLEQ (CHCHDY) ADRAZA coC123 MOS8 NATCHE FAM PAXS FEPO POLSE
CAMKID CDC123/CAMKLID GRKS ANK1 SSR1-RREBL - i P o RASGRET
| HHEX HHEX/IDE TCFT12 VPS26A ™Mzt CENTD? M i m“ . ;GCG’ su:] 15; 13 SPEYS SHERF
PDGFC HCCA2 KCNJ11 KCNQ1 MTNRIB (CND2 DCco STEGALY T TR TR 1t
TAF1L | HMGA2 HNF1A KLHDCS  BCL1IA MPHOSPHO  OASL/TCF1/HNFIA SRH HADA g
LYPLALL TSPANS,LGRS SGCG SPRY2 AP352 HMG20A PRCL TMEMTES TPSINFT TSPANE UBERE? VPE2EA
IRS1 | RASGRP1 ZFANDS BCAR1 (207 HNF1B SRR NOTCHZ WFST ZFANDS JFANDE JMLE
| LARPS : / GIPR PEPD SUGP1/ CILP2 NOTCH2 GATADZA/CILP2
| sGSM2 Insulin /
\ e DUSPO FAMSSAFITM2-RIHDML-HNFAA MACF1
\ MADD* / INS-IGF2 PSMD6 MAEA 2FAND3 GCC1-PAXA
'SNX7
/ %
[ msmo1
\ | TCERGIL |
E '\A /.'(
N

FAIM? FANCI FLARSTTS
GALNT 1D GNPDAZ GP2
GPRCSE KCTDNS KILFD
LRPIGE | AANGC MAPIRS
AR T8 MTOCH? MTIFR
NFGRT NUDT PCSKT
PRETN PTER2 PCTT AR
RPLZFA SEC 160 SHAAT
SRR TMEM TG0
TRAEM 5 TIRNEK FNFG0E

Waist circumference

WARSZ DNMI NISCH CPEEB
LYBE BTNIL? VEGFA NFE2LS
LEBT ITPRZ ROXC TS SNE-3

Fasting
insulin

FAMIIAT HAP
TEFT PG
PEPLD SCAM0L
TETZ LHRF18PT
YEKY

Prasad & Groop, Genes, 2015

Grarup e al., Diabetologia, 2014




PRSs and diabetes

Table 1. Comparison of Three Published Global, Extended Polygenic Scores for T2D

Discovery GWAS

Optimization data set

Testing dara sec

AUROC in testing data set
(Europeans)

Number of cases
Number of controls
Reference

Methods

Number of cases
Number of controls
P walue threshold

LD pruning threshold
Tuning parameter
Polymorphisms in risk score
Reference

MNumber of cases
Number of conmols

Reference

Mot adjusted for age and sex*

Adjusted for age and sex

OR. of top 5% bin vs remainder

population

Khera et al, 2018 (13)
26,676

132,532

Scor et al, 2017 (44)
LDpred

2785

120,280

p =001
6917436
UK Biobank
5853
288,978

UK Biobank
064°

073

275

Study

Mahajan et al., 2018 (9)
55,005

400,308

Mahajan et al, 2018 (9)°

Pruning and thresholding

5639

171,249

UK Biobank
13,480
311,390

UK Biobank
066

73

275 withour age and
sex adjustment

452 with age and
sex adjustment

23andMe (43)
80792

1479116

Multhaup et al, 2019 (43)

Predetermined cutoffs
48028

893,692

1x10°°

50-kb window

If the estimates of relative risk seen in UK Biobank participants in recent studies
generalize to the population level, then there are likely to be >1M individuals in
the UK, who, on the basis of their PRS alone, have a lifetime risk of T2D!

The perfect model
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0.5
Threshold

The non-informative model

1

0.5

Threshold
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gePs; AUROC = 0.66

— ePs, age, and sex; AUROC = 0.73 Treshold

e

20 40 60 a0 100
False positive percentage

The worst model

The current status in T2DM

1
ROC

AUC=0.7

FN | FP

0.5
Threshold

Udler e# al., Endocr Rev, 2019 https://towardsdatascience.com/understanding-auc-roc-curve-68b2303cc9c5 55




We need to bridge the knowledge gap from to consequence
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Combining different methods to explore beyond the genome ... the way forward

‘Omics’ approaches

/

Integrated ‘omics’ key benefits
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Prospects and limitations in the use of genetic markers in
translational research of complex diseases
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