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Goals of Genetic Studies
(of the Metabolome)

* Genes being novel predictors of disease

* Predictors vs Biomarkers and the principal
of Mendelian Randomization

* Biology of the human metabolome
 Drug Target Discovery
e Gene x Environment Interaction



Maximizing Opportunity for Discovery
1 Power, while controlling costs

Study Design (sample size, special
populations, and families)

INQproved Analysis,
e.g\Vs and Annotation

Phenotype definiffon
especially endogher
Reagsbuts of G x E,

d. microbiome, metabolaome,

methylation



Multi-Omics Integration

Life Science data: Multi-omics, multi-technology, multi organism, multi dimensional
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Achieving this vision, requires delivering large amounts
of high quality data to the community in a timely manner.



The Atherosclerosis Risk
In Communities (ARIC)

Suburban Minneapolis, MN @ (
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»> 1,679 African-
Americans (AAs)
among the ARIC
study

> 1,458 ARIC
European
Americans (EASs)

Having metabolomics data
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Metabolomics in the ARIC study

COMPOUND TYPE COUNT

Named Metabolites 361

Unnamed Metabolites 241

Total Number of

Measured Metabolites 602

® Amino acid

B Carbohydrate

B Cofactors and vitamins
M Energy
missingness<80% ® Lipid

M No Super Pathway

¥ Nucleotide

W Peptide

Xenobiotics

COMPOUND TYPE COUNT

Named Metabolites 118

Unnamed Metabolites 86

Total Number 204

% METABOLON A

SOLUTIONS BEYOND THE DATA.."




Why Multi-Ethnic Studies?

Differences in Environment T e e
Differences in site frequency .
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a Deleterious variants
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Advances in Genomics & Metabolome

Genomics

Candidate
Gene
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Metabolomics

[ GWAS

Targeted g
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Whole
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HAL, Histidine and Coronary Heart Disease

A Splice-5 R322X Splice-5 HAL
(n=1) (n=22) (n=1)
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n histidine catabolism : :
' = LoF mutation LoF mutation
carriers non-carriers

African Americans in ARIC

MAF = 0.01 B
LoF ]P-1.2x10"3 High ] P=19x10 Low
mutations histidine incident

in HAL JMAF =0.0009 | levels J P = 0.01 CHD risk
P = 0.05

European Americans in FHS

Yu, Circ Cardiovasc Genet, 2015
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GWAS on Metabolomics

A Genome-wide Association Study of the Human
Metabolome in a Communitv-Racad Cahart
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Genome-wide Significant Gene-Metabolite
Pairs
INn1 679 ARIC African Americans

Cofactors and vitamins Peptide

bilirubin

2,2 aspartyl
UGTIA phenylalanine
bilirubin (rs887829, T, ACE
(E.E) 0.34,5%) / /IAIHWESA\ \ ' (rs4343,G, Carbohvdrate
UGTIA SLLR[OH] 0.22, 8%) HXGXA y
(rs887829, T, ACE KLKB1
0.32, 7%) biliverdin \ \ %4343, A threonyl \ \ (rs3733402, A,
UGT1A 0.35,7%) // phenylalanine\, \ 0-44, 9%) trehalose
(rs887829, T, ACE TREH
SR 0.32, 8%) acetyl (rs4363, G, (s507080, A,
decanoate carnitine 0.21, 6%) LEU-PHE \ \  0.51,10%)
THEM4 SIAE KLKB1
(rs10788817,G,/ /nalmitoleate (rs3733402, A,
0.11, 5%) P (16:1n7) 0.29, 6%) glycine 0.28, 8%) N-acetyl
PKD2L1 CPS1 phenylalanine

(rs603424, G, hexade (rs7422339, A, ACY3
0.11, 5%) canedioate 0.10, 5%) creatine \ \(rs12288023, C,
’ By 0.27, 5%)

(rs2433610, T,

carnitine 0.19, 7%) ornithine 0.09, 5%) phenyl
SLC6A13 NATS acetate
(rs555044, A, (rs13538, A, ACSM28

0.25, 5%)

Lipid Amino acid

Common variants with p-value < 1.6 X10-10 Yu, PLoS Genet, 2014



Genome-wide Significant Gene-Metabolite
Pairs

INn1 679 ARIC African Americans

Peptide

Cofactors and vitamins

bilirubin
aspartyl

(2.2 _
UGTI1A phenylalanine
bilirubin (rs887829, T, ACE
(E.E) 0.34,5%) / /IAIHWESA\ \ ' (rs4343,G, Carbohvdrate
UGTIA SLLR[OH] 0.22, 8%) HXGXA y
(rs887829, T, ACE KLKB1
0.32, 7%) biliverdin \ \ %4343, A threonyl \ \ (rs3733402, A,
UGT1A 0.35,7%) // phenylalanine\, \ 0-44, 9%) trehalose
(rs887829, T, ACE TREH
SR 0.32, 8%) acetyl (rs4363, G, (s507080, A,
decanoate carnitine 0.21, 6%) LEU-PHE \ \  0.51, 10%)
THEM4 SIAE KLKB1
(rs10788817,G,/ /nalmitoleate (rs3733402, A,
0.11, 5%) P (16:1n7) 0.29, 6%) glycine 0.28, 8%) N-acetyl
PKD2L1 CPS1 phenylalanine
(1s603424. G, hexade \\ (rs7422339, A, ACY3
0.11, 5%) canedioate \\ %-10-5%) creatine \ \(r$12288023, C,
By 0.27, 5%)

(rs2433610, T,

N-acetyl
carnitine @ 0.09, 5%) phenyl
acetate
SLC6A13
(rs555044, A, \3538A ACSM2B
0.30, 20%) (rs7499271, A,

0.07, 4%)
0.25, 5%)

Lipid Amino acid
Yu, PLoS Genet, 2014

Common variants with p-value < 1.6 X10-10



NAT8 and Chronic Kidney Disease

Hypothesis 1. NAT8 — N-acetlyornithine — chronic kidney disease?

Caucasians
NAT8
Suhre K Kottgen A, et al.
Nature, 2011 Nat Genet, 2010
Chronic kidney

disease

N-
{ acetlylornithine

African Americans

NAT8
(rs13538, missense)

risk allele: A
p=4.0Xx107%6

. Chronic kidney
N-actlylornithine { disease

cross-sectional ?
longitudinal?

Baseline eGFR (p =2.7X1014)
Incident CKD (p = 0.004) 15
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Why Sequencing?

Penetrance

Most variants
identified by
GWA studies

Hard to identify
genetically

Allele
frequency

Very rare| 0.001 lRare 0.01 |Uncommon 0. Common

McCarthy, Nat Reviews Genet, 2009 17



Defining LOF

* Variants predicted to trigger N —
nonsense-mediated decay (NMD) onllast exon noton last exon

 Categories:
1) Premature stop codon-introducing
2) Disrupt essential splice site

3) Insertion/deletion frameshifts
(indel)

- ’ Ribosome does not
Ribosome displaces displace all EJCs;

« Additional Subdivision: e w’.f‘Ef,sC

e Full: all known protein coding
transcripts

Translation of protein Transcrlpt is degraded

 Partial: affecting only a fraction of by NMD pathway
known coding transcripts

Image via: http://compbio.berkeley.edu/people/ed/rust/

18


http://compbio.berkeley.edu/people/ed/rust/

Annotating LOF

* 8,554 ARIC Study participants o After whFilteredout
e 5718 EA and 2,836 AA yp filtering  (Low-Confidence)
* (4,277 disc and 4,277 repl) Stopgain 19,759 14,076 28.7%
Splice 10,634 8,843 16.8%

o Variant filtering:
 Single-exon genes
* Non protein-coding genes
 Affect all gene isoforms
« Terminal gene exon

Frame Shift 33,703 13,868 58.8%
Total 64,096 36,787

e 36,787 LOF sites in 11,922

genes LOF type AA EA
_ o Stop gain 27.3 (2.1) 21.1(2.2)
. Average per individual: Sl 16.7(1.9)  9.6(18)
. Heterozygous (homozygous)

Frame Shift ~ 36.1(4.4)  22.6(3.1)
Total 80.1(8.4) 53.3(7.1)

FHS: phs000651.v4.p9; CHS: phs000667.v1.p1; ARIC phs000668.v1.pl +



Significant LoF mutation metabolite pairs

Nucleotide
Lg;{!a(gfm Mannose
TEX15
(-0.44, 0.4%) / , (-0.70, 0.5%) Carbohydrate

/ Hexade- |
canedioate
SLCO1B1

5-HETE
FAM198B
(-0.38, 0.6%)

Histidine
HAL
(0.23, 1.1%)

Lipids

(-0.21, 1.1%)

Octanoyl-
carnitine
CD36
-0.20, 8.4%)

Deoxy-
carnitine
LRRC69
(-0.42, 0.6%

Amino acids

Decanoyl-
carnitine

CD36
-0.19, 8.4%)

Methionine
sulfoxide
cborf25
(-0.45, 0.4%

324 single LoF varaints (MAF > 5%),
1285 genes with cMAC > 7 included,
p-value < 1.3 x 107 Yu, Sci Adv, 2016 29



SLCO1B1, Hexadecanedioate & Heart Failure

Discovery stage (ARIC AAs)
MAF =0.025 HR = 1.22
P=22x10 P=30x10]
MAF =0.023 HR =1.09
P=1.0x10* P=0.005

Replication stage (ARIC AAs and EAs)

HR=1.29, P=0.05
(ARIC AAs and EAs)

Yu, Sci Adv, 2016 o1



Possible Mechanism of the Association

250 mg/kg/day hexadecanedioate feeding

w
o

>
*

w -
=}
P

NN
o o
2 A

sxadecanedioate (ng/ml)
b

-
o
i

European-Americans African-Americans
(n=1,551) (n=2,448)

Beta (SE) Beta (SE)

Systolic BP 1.30 (0.43) 0.002 3.38 (0.61) 4E-8

Diastolic BP 0.74 (0.26) 0.004 1.33 (0.360 2E-4

1601
*

1401
C. Menni et al., o B Y conto

.. . q- . contro
Metabolomic identification of a novel pathway of blood pressure 5 .y exa Treated

regulation involving hexadecanedioate.
Hypertension 66, 422 (Aug, 2015).

Systolic blood presst
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Whole G_e_nome

__Composition

The genomes were annotated by ANNOVAR based on the RefSeq database

Hintronic [Eintergenic [ other B ncRNA [ upstream or downstream
E5'UTR or 3'UTR O exonic

“Other”

8,956,749 14,641,472 1,537,576
B splicing

24



US corn production in 2014: 1.3 x 10 kernels

From G. Abecasis



Analytic Approach
WGS Annotation Is Key

Aggregate by annotated functional motif for low
frequency and rare SNVs (MAF < 5%):
Sliding window
Regulatory domain
First intron

Regulatory Exon mm First Intron

Promoter ~ © Near Enhancer

4kb
2kb |

WGS Annotation Tool: WGSA (Liu et al, ] Med Genet, 2015)

26



Asparagine:

Asparagine
; ; ; AGA
O A non-essential amino acid;

0 Biosynthesis/diet intake;

0 Required for development and function of the brain.

2 significant sliding windows (p
< 4e-8), 6kb downstream of | rs11131799, the most

AGA significant common
variant
TS T TR T e e ape CEhGes 1l 4028.3 EEIVEIEEITE 4ac2. 1 [lll4ac2. . [l 34, 1l o34 . SEEELIE
I { he19
335, 800| 178,340, 00| 175,345, 0080| 178,350, 08| 178,355, aae| 178,360, 000| 178,365, 80| 178,378,

UCSC Genes (RefSeq, GenBank, CCDS, Rfam, tRNAS & Comparative Genomics)
ACH ittt

AKHI4I4S mme e vveeeeeen

AGH m— 1 } T 1 4 '
AGH m— { i 1 {44 #
R R e e o T S L e T . |
RefSeq Genes
= +—t +—1t —+—i b
Publicatlions: Sequences in Scientific Articles . o y "
+— i H—+——HH

\ I

Functional coding variants (MAF < 5%)
in AGA aggregately affect asparagine
levels

27



AGA gene: 0 Asparagine

AGA expression levels

Il H
o0 Aspartylglucosaminidase /C\C e
. Y H
o cleaves asparagine from N- HOH,C HzC\C_O
acetylglucosamine. o_ uN’
rs11131799 (1%t intron of AGA): ki T o
OH
0 PredICted promOter; N-acetyl-glucosamine HN CH;
o Influences the expression levels of \([)r
AGA (p =0.01).
o ° B European Americans
W African Americans
g § & 5
%) .o :
(] - o o
; s T 5 LA B
=T o : - B
| g .1 &1 7 i
> : 'Z E : E
2 R © . : |
ke gy Bn Fn
=~ |z am R’




Multi-Omics Integration

Life Science data: Multi-omics, multi-technology, multi organism, multi dimensional
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Achieving this vision, requires delivering large amounts
of high quality data to the community in a timely manner.



ldentification of “Causal” Pathways
among the Serum Metabolome

 As shown above, the principal of Mendelian randomization can
lend credence to claims of causal inference.

* This principal of Mendelian randomization can extend to
information across the genome.

 We (Yazdani, 2016) have combined the principal of genome-wide
Mendelian randomization with Directed Acyclic Graph algorithms.
(GDAG).

.....
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Metabolomic-Triglycerides Network

gluta’,l:il}te

P ) I : ;

e ‘ i Triglycerides
v : Ol
« NRAES < NERY

VA 7 !' N\ / ©
" deoxycarniting ’A\‘f’;\\ » E RN
Ny G () o G o € e oo G e e G
! 2 2SN
o CRETS, G vode e
palmitoylglyceraphosphoinosifel — i _u_%_%_%_%_%_"
H H H W M

In total, 9 metabolites have direct a effect on triglyceride levels.

Yazdani et. al, (2016). Metabolomics **
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