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Genome Transcriptome Proteome Metabolome Phenome
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The growth of GWAS, 2007-2017
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8- Participants (right)
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Mills, M.C. et al. Commun Biol 2019
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From association to mechanism
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Genome to phenome via ‘omics’
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Blood based ‘omics’ at scale
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Metabolome

Entirety of small molecules (<1kDa) in biospecimens like blood, urine, cells or tissues.

Glucose | Cortisol i i
o ® Oleic acid

O HO. i OH HO
OH
@H ‘ea’ O n- w- Numbering
o

OH,/ //

Measurement techniques

Mass spectrometry Nuclear magnetic resonance spectroscopy
(high-sensitivity, 1000s of molecules) (high reproducibility)

10 T

35

|| !||‘H”

Al l ., K

6787

Relative Intensity (%)

1637354 se0 771

v

HMM ]i ;

2500 mM/z




Metabolome-wide disease associations

Type 2 clabetes

EPIC-Norfolk Cohort (n=25,639) o e

Atnal fiorilabon -

Baseline 1993-97, mean age 60 yrs, 54% women

aneLrysms
Pavipharal anery dsease
Vencus (hromboss
Asthma

COPD+

Untargefed metabolomics (n=987) > 11k participants e

Incidence of 27 diseases using record linkage
(hospitalisations): 219,415 person years of follow-up
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Pietzner M. et al. Nat Med 2021
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Antecedents of multimorbidity
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02468024680246802a46802a68024a¢68

Priveous T20

Provous ke deoase
Pravious kdney deoase i

Fravious CHD
Foovicus s¥oke
Fravow venous ivonbosis
Provious FAD
Praviows ashoa
Pevious COFD

Coesity -

Andomingl cbesity -
Body mass osex
Wast lohip rafo
Ever sk
Cument smok

Fish abeonal

Red meat consumpson
Prwsical actmvity
Hpoohokesirolona
Dysigedonia

Totl irighyoerices
Total chatesterd

LOL cholestosol

Tel apofpogrmen 8
HDL cholessoncd

Tosa! ppolipoprotoin A1
Hyperaraion

Eystrk biood pressao
Déastofic biood pressae
Crsatning

oGFR

Racdom guoose

AT

AST

GGT

Aunn

Akaine phosphalase
Covactive pronon
Fanogen

Whie téood caf count
Hemagicbn

Panolots

Vitamin C

Foritn

bon

Trarefenn

Uric acid

Fron thyceine
Travatiopn

Pietzner M. et al. Nat Med 2021




Genome to phenome via ‘omics’

Genome Transcriptome Proteome Metabolome
DNA RNA Proteins Metabolites

— <,vO
o

:
v

IRV e
NAVAVAS

f f f

Extrinsic factors (Age, Diet, Drugs, Lifestyle,...)

Phenome
Disease

Diabetes

Insulin resistance

Obesity

Fat distribution




‘Mendelian Randomisation’

Genetic
variants

Assumption1

The link between the
variants and having low
cholesterol has to be
strong and stable over time.

drinking, diet

v

Low

?
cholesterol —

Assumption 2

The variants must not
influence variables that might
affect both cholesterol levels
and cancer risk.

v

Elevated
cancer risk

Assumption 3

The variants must not be
associated with cancer risk in any
way other than through the
relationship to cholesterol.

Feature

THE

CAUSATION
DETECTOR

Atechnique called Mendelian randomization
has become the go-to for drawing lessons
from epidemiological data. But are scientists
overdoing it? By David Adam

0 4812, the Bairad ophidalesologist
Jasses Ware relayed o curious fnding
rothe members of the Royal Society in
Lomdon, Of thousand's of young men
recruited to regiments of the Britsh
army, only wx had been tumed away
far pear vislon in 20 ywan. Bt up to
one quarter of studeres shout the same
e Roing Lo the University of Oxford, LK
relied on adand glass or spectacies’,

Ware Jida't dras any condlusfons abour
cause and effect that poring over hooks
mighn comerbote 10 poor eyesight. foresam
ple. o that the bespectacied are naturally
draam toacademic parvist, And jss s well

190 | Natire | Wl S0 | 12 December 2000

Epide ool ogsts buve long Been frustrated
by observitions that link envirosncemed
exposures and bealth, Myopda is 2 classic
example. Decodes of tudes show e chit
drenwho spend the most hime at schoolhave
the worst eyesighe. But che data don't el
whether schooling makes chalidren myope:
o whather myupic kids spend more time at
scROooL Or whether something elee, sechin
SOCKy eosnomtic S s, drives boch

Fed up wizh this logical culdesac, by the
T nofENS Comury seene epide miofogles had
Begun suggesting thae thelr Beld should call
maday, Advancesingenetics. they sy, couls
& 2 bettor jobs,




Application: SELECT Trial

Randomized Controlled Trial (SELECT)

Selenium vs placebo

Randomization method

|
i 4

Exposed: Selenium Control:
supplementation Placebo

Probability

A 4 y

Plasma selenium Plasma selemium Selenium
+ 114 pg/L (Baseline) Placebo

al B0 oiad 0ot l 1 0ol Tuiabed Babeb ol Fuliebpl=Pale-binl KB R0 ka8 i o

1 2 3 4 5 6 7 8 9 10
Years After Randomization

Confounders equal

between groups No. at risk
Placebo 8565 8344 8081 7831 7471 6399 4044 1833 70

Selenium 8600 8360 8131 7826 7456 6425 4075 1829 66
Cumulative cases 31 123 202 293 384 474 532 563 575

Prostate cancer risk:

HR 1.04 (95% CI1 0.91-1.19)

Klein E.A. et al. JAMA 2011; Yarmolinsky J. et al. JNCI 2018



Application: SELECT Trial

Randomized Controlled Trial (SELECT)

Mendelian Randomization

Randomization method

|
" 4

Exposed: Selenium Control:
supplementation Placebo

A 4 y

Plasma selenium Plasma selemium
+ 114 pg/L (Baseline)

Confounders equal
between groups

Prostate cancer risk:

HR 1.04 (95% CI1 0.91-1.19)

Random segregation of alleles

l
b v

Exposed: Higher Control:
selenium alleles Reference alleles

y y

Plasma selenium Plasma selenium
+ 114 pg/L (Baseline)

Confounders equal
between groups

Prostate cancer risk:

OR 1.01 (95% CT1 0.89-1.13)

Yarmolinsky J. et al. JNCI 2018



Maximising power: sample size 10-85k

MRC Fenland Cohort

Baseline 2005-15 AL
N=12,435, mean age 49 years, 54% women

10,708 genotyped using 3 different arrays cacooucr it

Proline

. Lysine |
lutamate
Trygtog‘han I B Fenland (Blocrates p180)

Methionine | B EPIC-Norfolk (Metabolon)

cnsrfnrlm B INTERVAL (Metabolon)

Biocrates (AbsolutelDQ p180) e —— IR et T Bt

Kynurenine I - ;
Trans-hydroxyproling i Bl Draisma et al. 2015 (Biocrates p150)

Aspartate | B Shin et al. 2014 (Twins-UK, Metabolon)

174 targeted metabolites reniorinne = =
Hexoses
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Biogenic Amines
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/ S
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Lotta L.A., Pietzner M. et al. Nat Gen 2020



144 regions, 499 locus-metabolite associations

+ 0, synonymous or noncoding
® 1, r’ > 0.8 with nonsynonymous
® 2, nonsynonymous

Wl Amino acids [ Acylcarnitines B Phosphatayicholines
B Bogonic amines [l Lysophosphatigyicholines  [ll] Sphingomyelins

/i per allele in s.d. of metabolite

B Meotabolte-associatod SNPs (n = 144)

@ Continuous trait-associated SNPs (n = 640)
Disease-associated SNPs (n = 682)

[ GWAS SNPs (n » 10,024,460)

o
S

o©
N

Proportion of variants

Intergenic Intronic ncRNA or Upstream or
splicing downstream

Lotta L.A., Pietzner M. et al. Nat Gen 2020



GLP2R and citrulline levels

GLP2R - Glucagon-like peptide 2 receptor
l - Expressed in the gut 4

] Fasting GIP*

Glucagon receptor
GLP1R —insulin secretion

O & 00 O OO ONNS
Ll Ll 1

~log,, (P value)

7 Plasma citrulline

0310 [pvake|

97 9.8 99
Position on chromosome 17 (x10%)

Chromogsome

GLP2 stimulates intestinal growth > Locus | Odds ratio
analogues used to freat short bowel ALDHBAT ¢—  088(076,126)

ASS1 1.05 (0.93, 1.20)
syndrome GLP2R signaling'
CPS1 3 0.96 (0.84, 1.10)

Citrulline is a biomarker of intestinal function oLP2n 15513418  OIP levels (Chm“ic)'
and ’rorge’r engogemen’r SOX7 0.83 (0.70, 0.99) GIP receptor signaling (beta-cells)l

Chotnr Clrical a Tramsbatonsd Gosweorinrogy (2015 6, o83 4 10 3024,04 201615
By

S L e S R - 043(034.055  Reduced insulin secretionl T2D I

Effect of Teduglutide, a Glucagon-like Peptide 2 Analog, IVW estimate —o— 1.00 (0.76, 1.31)
on Citrulline Levels in Patients With Short Bowel
Syndrome in Two Phase lll Randomized Trials

0.5 1.0 1520 3.0
Odds ratio for

Douglas L Seidner, ND, AGAF, FACG, CNSC'?, Francisca Joly, MD, PhD” and Nader N. Youssel, MD* T20D per s.d. higher citrulline

Lotta L.A., Pietzner M. et al. Nat Gen 2020



Reduced recruitment of B-arrestin to GLP2R

Bl GLP2RWT B GLP2R mutant
1 1000,000 E 7.2 % 10_—_; 1.0 x 10_7

f HE | | ,

100,000 + -’-—‘ %‘ 5.3 x 10

- ope wf‘

: i &
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. - _L'
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GLP2 concentration (log (M)) GLP2 concentration (log (M))
B-arrestin 1

Lotta L.A., Pietzner M. et al. Nat Gen 2020



Understanding locus-disease associations

Multimodal Imaging in MacTel -2

Genome-wide analyses identify common variants
associated with macular telangiectasia type 2

Thomas S Scerri'2, Anna Quaglieri'2, Carolyn Cai?, Jana Zernant?, Nori Matsunami, Lisa Baird?, Lea Scheppke?,
Roberto Bonellil»2, Lawrence A Yannuzzi*$, Martin Friedlander>7, MacTel Project Consortium?,
Catherine A Egan?, Marcus Fruttiger!'?, Mark Leppert?, Rando Allikmets*!! & Melanie Bahlo!>!12

v
“loci associated with glycine and serine metabolism™

v

Serine GWAS |

N a2 » % ¥ BN

Chromosome

ORIGINAL ARTICLIE

Serine and Lipid Metabolism in Macular
Disease and Peripheral Neuropathy

CONCLUSIONS

Elevated levels of atypical deoxysphingolipids, caused by variant SPTLCI or SPTLC2 or
by low serine levels, were risk factors for macular telangiectasia type 2, as well as for
peripheral neuropathy. (Funded by the Lowy Medical Research Institute and others.)

Serine-pathway

@ metabolites

In(OR) per genetically-predicted
SD-difference in metabolite levels

Lotta L.A., Pietzner M. et al. Nat Gen 2020



Dose-response and MacTel2 prediction

A\

o

N_

<

©
.

@
l_
)
qY)
>
L -
@)
gy
3
@)
-
—1

b I | 1 I I B Model

—— No Ser & Gly

Beta in SD of metabolite levels [/ — seracly

Lotta L.A., Pietzner M. et al. Nat Gen 2020



Broadening scope: untargeted metabolomics

Metabolites

dorspegored 7

W Amino Acid

B Carbohydrate - oy

W Cofactors and Vilamins AT

W Energy ] LGTIONG T

B Lipid '
Nudieotice

B Peptide

I Unknown

W Xanoblotics

ABCGIPMNK

Metabolon™

Surendran P., Stewart I. et al. unpublished



Summary (I of i)

Increased scale and greater | —
variant diversity increased 2
the number of identified
variants

Cross-platform feasibility

Specific mQTL characteristics

Clinical utility and improved
understanding of disease
mechanisms

Welbserver: a resource for
the scientific community
(Helmholtz Centre Munich) https://biocrates.com/2021 cohort webinar

https://omicscience.org



https://omicscience.org/
https://biocrates.com/2021_cohort_webinar
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The plasma proteome
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Functional
plasma
proteins

Tissue

leakage
CEACAM1

roteins
\. GOT1 s

PARK7

\ ACE |L1RAP
TNNI3

‘... PNLIP

% AFP

R

®.VEGFA
S 17
Signal | 9, 5

proteins | § |6

Protein rank

Concentration [mol/I]

Key roles in diverse biological
processes, dysregulated in
disease, important drug targets

Concentrations of plasma
proteins span almost 10 orders
of magnitude

Huge dynamic range

No single technique is currently
able to provide reliable
measurements for all proteins

Geyer et al. Mol Syst Biol. 2017



From proteins to proteome

A) Mass Spectrometry B) Proximity Extenslon Assasy C) Aptamer Microarray

Mass spectrometry of protein
fragments (peptides)

Antibody-based (similar to an
ELISA used in clinical
chemistry)

Short oligonucleotides —
aptamers - which match the
3D-conformation of the target
profein

Carrasco-Zanini J. et al. CurrDiab Rep. 2020



Population proteomics

12,435 participants born 1950-75 and
living in Cambridgeshire

10,708 genotyped
Proteomics data

« SomasScan v4 (~5,000 aptamers,
N=12,435)

« Olink (12 panels; ~1,100 proteins,
N=485)

« MS-proteomics (M. Ralser, Scanning
SWATH ~340 proteins, N=485, target
>12k)

/ SomaScan v4
(N=4,775)

A\ /L
5\; )
V)

Mass spectrometry \
(N~340)

Olink PEA
(N=1,069)




SomasScan v4: 4,775 protein targets

"a The blood proteome

Secreted to

Release ';':'1.;. 1/
from blood \ [/ blood (11.9%)

., cells

Cell leakage

Active
secretion

Sample
collection Not secreted (68.1%)

Actively secreted proteins
Cleaved
membrane

rotelie N o Coagulation factors

o Cytokines

Products of cell leakage and turnover

Soluble fragments of membrane proteins

Suhre K et al. Nat Rev Genet. 2020, Uhlén et al., Sci. Signal. 2019



Disease prediction

natare,, .
medlcme https://doi.org/ 10.103&!;555-!:-]1-9555-52

Plasma protein patterns as comprehensive
indicators of health

Stephen A. Williams©"2*, Mika Kivimaki®?2, Claudia Langenberg3, Aroon D. Hingorani*>%,

J. P. Casas’, Claude Bouchard ©8, Christian Jonasson®, Mark A. Sarzynski'®, Martin J. Shipley?
Leigh Alexander’, Jessica Ash’, Tim Bauer’, Jessica Chadwick’, Gargi Datta’>?, Robert Kirk Delisle’,
Yolanda Hagar'!, Michael Hinterberg', Rachel Ostroff', Sophie Weiss', Peter Ganz™" and

Nicholas J. Wareham?3?

NATURE MEDICINE | VOL 25 | DECEMBER 2019 | 1851-1857 | www.nature.com/naturemedicine




Isolated post-challenge hyperglycaemia

Elevated glucose 2-hours after an oral glucose load (IGT)

Strongly predictive of cardiometabolic diseases
Rarely measured (complexity, logistics, fime)
Very common (globally ~7.5% of adults)

Isolated post-challenge hyperglycaemia is missed by FPG,
HbATC

Question: Is it feasible to identify a (fasting) proteomic
signature to design a simple test that predicts isolated IGT?




Predicting post-challenge hyperglycaemia

Fenland cohort
N=11,546

%
i'i

ﬁ
Impaired glucose
tolerance (N = 774)

75 gr OGTT

IFG + IGT
~6

NGT

0 2-hr

v

Proteomic profiling
(SOMAscan V4)

b

Impaired glucose tolerance (IGT)

2-hour plasma glucose > 7.8 mmol/L

Isolated impaired glucose tolerance (ilGT)

2-hour plasma glucose > 7.8 mmol/L but
normal HbA1lc < 40 mmol/mol and fasting
glucose < 5.6 mmol/L

Feature selection

Training set (N=5773)

Training set (N=5641)

v

v

Parameter optimization

Optimization set
(N=2877)

Optimization set
(N=2821)

v

v

Evaluation of model performance

Test set (N=2881)

Test set (N=2819)

Carrasco-Zanini J. et al. submitted



Prediction performance

Isolated IGT

Sensitivity
(]
3
Sensitivity

— AUC =0.78 {Cambridge T2D Score + FPG + HbA1c) — AUC =0.75 (Cambridge T2D Score + FPG + HbA1g)

—— AUC =0.83 (65 proteins) —— AUC =0.85 (73 proteins)
AUC =0.82 (Cambridge T2D Score + FPG +

AUC = 0.83 (Cambridge T2D Score + FPG +
HbA1G + 8 proteins) HbAlc + 3 proteins)

0.50
Specificity

0.50
Specificity

Carrasco-Zanini J. et al. submitted




Top selected proteins from prediction models

» Associated with genetic susceptibility to impaired glucose homeostasis

» Associated with risk to develop T2D in an independent cohort
a b

Effect direction

® Inverse
@® Positive

®

1 1

85 90 95 100 FG score Fl score 2hPG score | | T2D score BMI score LT TG IR
Feature selection ranking SO DL OP P D@ OP PP AP S P OP O H O

A7 07 07 007 07 07 907 ©7 07 907 ©7 07 907 O7 07 O b ek T2D

Effect size (95% ClI)

Carrasco-Zanini J. et al. submitted
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Proteo-Genomic Map of the Human Phenome

YT Y
Fenland Study

(n=10,708)
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Value of the plasma

proteome for prediction: A UICECIEUE
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Integration with phenomic .
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Next stages

- Negleded phenome https://omicscience.org

= Covid19 prognosis https://lifesciences.somalogic.com/webinar/
= Clinical curation iquid-health-check/
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