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Defining Genetic Epidemiology

“Classical Epidemiology”

Understand patterns of disease occurrence in human populations and the
factors that influence these patterns.

Applies well to infectious disease CLASSICAL EPIDEMIOLOGY TRIAD
* External agent
* Susceptible host Host

WHO

* Environment that brings the
host and agent together (e.g.
route of transmission of agent
from source to the host)

Agent WHEN Environment
WHAT WHERE

Strom S. 2008



Defining Genetic Epidemiology

“Classical Epidemiology”

* Understand patterns of disease occurrence in human populations and the
factors that influence these patterns.

) ) ) CLASSICAL EPIDEMIOLOGY TRIAD
Genetic epidemiology

Agent: physical conditions Host | Susceptibility
necessary for disease WHO
Host: intrinsic factors that
influence susceptibility
Environment: extrinsic factors

Agent WHEN Environment
WHAT WHERE

Physical conditions || Lifestyle choices

Strom S. 2008



Defining Genetic Epidemiology

* Genetic variation is the exposure of interest

Genetic

Disease

Variation

* |tisintrinsic
e  Sometimes causal
— Necessary or sufficient?



Defining Genetic Epidemiology

“Genetic Epidemiology”

* Assesses the contribution of genetic AND environmental factors
to better understand the etiology, distribution and control of
disease in families and populations



Genetic Epidemiology Objectives

* Genetic epidemiology enhances our understanding of the
pathogenesis of disease
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Genetic Epidemiology Spectrum

Single Gene <€

Disorder

Rare

Often caused by a single
mutation in a single gene
with big effects

> Complex

BINCENED

* Common in the general
population

» Modest effects of multiple
genes

e Influential interactions
among genes and
environment



Genetic Epidemiology Objectives

 Understand disease etiology

* Use genetic markers to directly measure risk (vs surrogate
information i.e., family history)

 Reduce heterogeneity of disease classification in descriptive
studies

Steps for genetic epidemiologic research

1. Establish that there is a genetic component to the disorder:
heritability

2. Establish the relative size of that genetic effect in relation to other
sources of variation in disease risk (i.e., environmental effects)

3. Identify the gene(s) responsible for the genetic component



Genetic Epidemiology Questions

Establish that there is a genetic component to the disease
— Is there familial clustering?
— Could be shared genes or environments

Size of the genetic effect?
Evidence for a particular genetic model?

— Dominant, recessive, polygenic
Where is the disease gene?
What are the important variants in the gene?

How does the gene contribute to disease in the general
population?
— Variant frequency, magnitude of risk, environmental interactions



Human Disease Genetics

* Linkage studies

— Search for co-transmission of genomic regions
and disease in family members (under a given
model)

e Association studies

— Search for genetic differences between
population members who have the disease
(cases) and those who do not (controls)




Familial clustering

Conventional wisdom: “disease runs in the family”

* Approach to determining whether there is a genetic component:

1) Does the phenotype aggregate in families?
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Familial clustering

Does the disease or trait cluster in families?

— Could be shared genes or environments

Approach:

1) Does the phenotype aggregate in families?

2) Compare disease frequency in relatives of affected individuals with the general
population or with disease frequency in relatives of unaffected individuals



Familial Tooth Agenesis
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Pathogenic mutations causing tooth agenesis identified
by familial genomic analysis (Dinckan et al)

m Zygosity Nucleotide Change Protein Change -

B o4 NM_025216.2:c.697G>T p.E233*
B /NT104 Het NM_025216.2:c.682T>A p.F228 0.01
WNTI04  Het NM_025216.2:c.682T>A p.F228) 001
LAMA3 Het NM_000227.4:¢.1097G>A p.R366H 2.6x10%
B wvT04 Hom NM_025216.2:¢.433G>A p.V145M 2.5x10°
B vvT704 Hom NM_025216.2:¢.433G>A p.V145M 2.5x10°
B wnT704 Hom NM_025216.2:c.433G>A p.V145M 2.6x10°
| 7 GRS Het NM_002336.2:¢.3607+3_6del ? 0
B <RemENT  Hom NM_032045.4:c.146C>G p.T49R 0
B <REMENT  Hom NM_082045.4:¢.773_778del p. F258_P259del 0
DKK1 Het NM_012242.2:c.548-4G>T ? 5.8x10
LAMA3 Het NM_000227.4:c.2798G>T p.GO33V 0
COL17A7  Het NM_000494.8:¢.3277+3G>C ? 5.5x10°
ANTXR7 ~ Hom NM_032208.2:c.1312C>T p.R438C 3.6x10
TSPEAR ~ Hom NM_144991.2:c.(1726G>T; 1728delC)  p.V576Lfs*37 2.5x10°
TSPEAR ~ Hom NM_144991.2:c.1877T>C p.F6265 1.2x10%
| 14 WK Hom NM_000228.2:.547C>T p.R183C 5.1x1074
BCOR Het NM_001123383.1:c.1651G>A p.D551N 1.4x10%
n WNT104  Hom NM_025216.2:c.682T>A p.F228) 001




Causes of familial aggregation

* @Genetic
— Mendelian (single gene mutation)
— Non-Mendelian (polygenic or multifactorial)

* Non-Genetic
— Common exposure to an etiologic agent
— Coincidence/chance

e Gene*Environment Interaction

— Disease occurs at a higher frequency among exposed susceptible
individuals than among non-exposed susceptible individuals or
exposed non-susceptible individuals

Strom S. 2008
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Familial clustering

Does the disease or trait cluster in families?

— Could be shared genes or environments

 Approach:

1) Does the phenotype aggregate in families?

2) Compare disease frequency in relatives of affected individuals with the general
population or with disease frequency in relatives of unaffected individuals

e Other evidence aggregating in families

e Earlier age of onset among familial versus non-familial cases
e Stronger phenotypic correlations between parents and biologic versus adopted children



Genetic Epidemiology Questions

Establish that there is a genetic component to the disease
(familial aggregation)

Is there evidence for a genetic effect?

Is there evidence for a particular genetic model?
— Dominant, recessive, polygenic

Where is the disease gene?
What are the important variants in the gene?

How does the gene contribute to disease in the general
population?

— Variant frequency, magnitude of risk, environmental interactions
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Affected

Genetic association study design

Identify SNP
4 genotypes

Unaffected ~

statistics

L
In humans, cells contain pairs of
chromosomes. One chromosome of
each pair comes from each of two
| parents. Each chromosome contains
sites where specific genes are located.

Determine whether a
particular SNP allele occurs
more often among cases
compared to controls

What are the
genotypes here?




Genetic association study design




Genetic Association Studies

Advantages:

e Ease of data collection relative to family-based studies
e Individuals in control group could be used as controls for other studies

Disadvantages:

e Power depends on effect size of the variant on risk, allele frequency, and sample size
e Hard to interpret biological significance when variants are non-coding
e Subject to bias due to population stratification, if not modeled appropriately

1T
1T TT CC CC

CC
CC
Cases Controls TT

T
T CC

Freq T =90% FreqT=15%



Leveraging diversity in GWAS, an
example

 Genome-wide association studies (GWAS) of type
2 diabetes (T2D) have been extremely successful
in multiple ancestry groups.

 However, at the majority of these loci, the
variants and transcripts through which these
effects on T2D are mediated are unknown.

* Higher-density reference panels from diverse
populations will improve the utility of imputation
in fine-mapping studies.



DIAMANTE

(DIAbetes Meta-ANalysis of Trans-Ethnic association studies)
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Trans-ethnic meta-analysis




Aims

* Discover novel variants and loci specific to
understudied populations

* |Increase power to detect novel loci for T2D
susceptibility across populations.

* By taking advantage of differences in the
patterns of linkage disequilibrium between
ethnicities, improve fine-mapping resolution
of causal variants.

To better identify causal molecular mechanisms
and genes within T2D GWAS loci.



Hispanic/Latino effort

Hispanic/Latino populations are
disproportionately affected by T2D as well as
other cardiometabolic diseases (serum lipid
levels)

Presents unique opportunity to work toward
correcting a major health disparity while
improving our understanding of genetics of
these traits



Largest meta-analyses in H/L to date

e T2D: ~13k cases and ~21.5k controls
* Lipids: ~25-28k samples

| N by trait |
stud T2D T2D HDL LDL total triglveerides
v cases controls cholesterol cholesterol cholesterol gly

BioMe 1,358 2,538 - - - -
GerTetlcs of Latinos Diabetic 500 36 597 596 597 597
Retinopathy (GOLDR)
Hispanic Community Health Study / 2,460 5,185 12,730 12,467 12,731 12,730
Study of Latinos (HCHS/SOL)
MeX|_can-A_mer|can Hypertension- 112 620 732 729 733 730
Insulin Resistance (HTN-IR)
Insulin Res_lstance Atherosclerosis i i 1,019 1,007 1,020 1,019
Study Family Study (IRASFS)
Insulin Resistance Atherosclerosis i i 176 171 176 176
Study (IRASc)
Los Angeles Latino Eye Study (LALES) 1,217 1,963 - - - -
Mexican American Study of CAD a1 765 730 704 726 735
(MACAD)
Multi-Ethnic Study of Atherosclerosis 268 1,224 1422 1387 1,419 1422
(MESA)
Mexico City sample 1 (MC1) 960 339 1,278 1,233 1,268 1,277
Mexico City sample 2 (MC2) 895 888 1,783 1,783 1,783 1,783
Non-_lnsulln-Dependent Diabetes 52 190 241 a1 244 244
Mellitus (NIDDM)
San Antonio Family Heart Study (SA) 312 270 - - - -
Slim Initiative in Genomic Medicine for

. 4,245 4,068 2,890 1,154 2,064 3,738
the Americas (SIGMA)
Starr County Health Studies (SC) 449 170 544 531 544 544
Women's Health Initiative (WHI) 282 3,205 3,361 3,361 3,361 3,361

total 13,151 21,511 27,503 25,364 26,666 28,356



Summary of H/L results

ldentified a total of 29 potentially novel gene/locus

associations

72 known genes for T2D and lipids traits were

replicated

Gene ontology enrichment analysis of MetaXcan

lipid trait results identified pathways most

significantly enriched:

* negative regulation of lipoprotein lipase activity

* negative regulation of very-low-density
lipoprotein particle clearance

* chylomicron remnant clearance

Many of the known hits never previously observed

in a HL population
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Subjects
m

African 15,487 23,709 32,593 (7.1%)
East Asian 37 46,696 143,172 105,333 (23.0%)
European 32 80,154 853,816 251,740 (55.0%)
Hispanic/Latino 14 12,385 21,423 27,417 (6.0%)
South Asian 15 16,540 32,952 40,737 (8.9%)
Total 120 171,262 1,075,072 457,820

* Association summary statistics obtained from each study (98
GWAS).

* Focused on 19,829,461 autosomal bi-allelic SNVs that are
shared across reference panels with MAF 20.5% in at least one
ancestry group, and AF diff <20% in this analysis.



Collecting and harmonizing genomic
data from 120 different study groups...
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Meta-regression

208 loci attain genome-wide significant association

168 known loci

® Novel loci
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e Loci with lead SNVs mapping within 1Mb are combined as a single locus.
* Consider SNVs reported in at least 80% of total effective sample size.

* Three axes of genetic variation included in meta-regression as covariates to account for ancestry.

* Double genomic control correction: Ayera=1.238.

5e-08



Dissection of distinct association
signals at T2D susceptibility loci

 Each GWAS matched to ethnic-specific group in 1000G Phase
3 reference panel.
* Iterative approximate conditional analysis, implemented in
GCTA: forward selection of index variants for each loci:
* Approximate conditional analysis in each study
* Trans-ethnic meta regression of conditional association
summary statistics in MR-MEGA
 Continued iteratively until residual association of p=>10
* Total of 342 distinct association signals at locus-wide

significance p<10~ at 208 distinct loci.



Dissection of association signals

1 148
2 31
3 17
4 7

5 or more 5
Total 208

* 29% of loci have evidence of distinct signals of
association at locus-wide significance.
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Heterogeneity in allelic effects on T2D
correlated with ancestry

 Meta-regression partitions heterogeneity into
— (i) correlated with ancestry and
— (ii) residual

* Allelic effects on T2D risk of index variants were
predominantly consistent across populations

e Significant evidence of heterogeneity correlated with
ancestry for 55 association signals (16.1%, p<0.00014)



Heterogeneous allelic effects

LEP: rs7778167 UBE2E2: rs35352848
AFA - -

EAS - -

EUR . -

HIS '

SAS e —

OR 0.7 1.0 1.3 0.7 1.0 1.3

p-Ancestry-het=8.2x10¢  p-Ancestry-het=4.2x10*
p-Residual-het=0.080 p-Residual-het=0.018



Fine-mapping distinct
T2D association signals

Defined credible sets of variants that accounted for 99% of
the posterior probability of driving each distinct association
signals.

Substantial improvement in fine-mapping resolution over
previous efforts.

99% credible sets at 139 (40.6%) signals include ten or fewer
variants.

99% credible sets for 36 (10.5%) distinct signals contained
only one variant

Lead SNVs at 70 signals have >80% posterior probability of
driving association.



Enrichment of T2D association
signals
1. GENCODE coding regions

Credible set variants were highly significantly enriched
in coding exons: p=1.4x10~>, OR=5.23.



Enrichment of T2D association
signals
1. GENCODE coding regions

Credible set variants were highly significantly enriched
in coding exons: p=1.4x10~>, OR=5.23.

2. Genomic annotations of active enhancer and
promoter elements and ChlIP-seq binding sites.

Significant joint enrichment for transcription factor
binding site (TFBS) for

PDX1: p=2.6x107°; OR 9.52.

FOXA2: p=1.8x10~; OR 5.82.
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Summary

Trans-ethnic meta-regression identified 40 novel loci for
T2D susceptibility.

Distinct association signals at several T2D loci, including 11
at KCNQ1 and 5 at INS-IGF2.

First strong evidence of heterogeneity in allelic effects
between ancestry groups.

Substantially improved fine-mapping resolution.

Enrichment of T2D association signals in coding exons and
TFBS for PDX1 and FOXA2.

All this was only possible because we brought together
data for more than 1,250,000 people in a trans-ethnic

analysis... what is the path for other phenotypes?



GWAS Repository Process

Collection and Storage and Access & Secondary

Submission of Data Mgmt. of Data Use of Data

Re:sgarch Submitting GWAS Recipient
PartICIpants Investigators data repository Investigators

.:>

Informed
consent

Research
participant
identifying
information

removed,

replaced with
random unique
code




What can we do uniquely
well in biobank data?

How can biobank strengths
improve understanding of
mechanisms of disease?
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What can we do uniquely well in BioVU?
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What can we do uniquely well in BioVU?
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GWAS: What variants are
associated with this phenotype?

PheWAS: What phenome is
associated with this variant?



Problems with GWAS

Common variants (as opposed to non-
synonymous coding variation) tend to be
uncoupled from gene activity- hard to
Interpret

Burden of test correction is high
Effect sizes per SNP are usually very small

Association signals tend to spans multiple
genes either or no genes



Thinking outside of the SNP
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Thinking outside of the SNP

Gene Expression
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& Temporally Regulated

Genetically Regulated
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Maybe we can estimate this from genotypes
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Measure the abundance of the gene
product, in a tissue




Intro to PrediXcan

Are associated with expression in some tissue

ol l Wl Lo




Intro to PrediXcan

Are associated with expression in some tissue

Wl l Wl

— Additive model of gene
expression trait trained in
reference transcriptome
data sets
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Weights stored in PredictDB



Intro to PrediXcan

Are associated with expression in some tissue

ol ! Wl !

— Additive model of gene
expression trait trained in
reference transcriptome
data sets

T= ZWka+8
k

g
GReX

Done, in ~41 tissues
in the GTEx project

Weights stored in PredictDB
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Intro to PrediXcan

Predicted Expression
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Expression driven gene-based
analyses

* Directly interpretable, functionally oriented results

 Reduce multiple testing burden from millions of SNPs to
thousands of genes

 Aggregate statistical evidence over a large number of variants
which each might contribute only a small effect

PrediXcan
(Gamazon et al., 2015, Nat Genet)

Genetically Regulated Expression

TRAIT
Other A Trait https://github.com/hakyimlab/PrediXcan

Factors altered

Component Reference panel: GTEx



GTEx: WGS and
RNA-Seq

in 44 tissues
from ~450
(>950) subjects

PredixVU catalog is
a discovery engine
for gene-phenotype
relationships and

A. Reference Panel of Measured
Transcriptome & Genome Variation

B. Genetic Prediction of Gene Expression

) Genetically Regulated Expression
RNA
Reference Transcriptome
(GTeX, DGN) Prediction
N Clinical
) -> TRAIT
Gell;otty be Other Trait-
ala Factors altered
Ealleny Component
PrediXcan
Application to BioVU
‘ r’,d"“’u
| G:Zfag'ye '~ Creation of
| g'n,nog‘ PredixVU
|0
cat? E—

iteration to primary

mechanism of
disease

D. Results Portal
for Query by Gene or Phenome

Genotypes
DT

To) T v o] 1 7T Cote] L] ) ]

C. Biobank with Genotype Data
(Whole Genome Sequence or Dense Genotyping Array)
Linked to Electronic Health Recods (EHR)

High quality
prediction
performance
in 18,483
genes and
IncRNASs

BioVU: >250K
subjects, linked
to EHR going
back on
average 10-15
years; ~50K
with genome

interrogation,
>120K by 2018



Gene-based PheWAS

What does this gene do?

What does the natural variation
in the expression of this gene
associate with across the
medical phenome?



Genome X Transcriptome X EHR

PredixVU: A Catalog for
Viewing Gene-Based
Phenome-Wide Association

... Or gene set, pathway,
network ...




Tissue

Brain-Hypothalamus
Heart-LeftVentricle
Heart-LeftVentricle
Heart-LeftVentricle
Heart-LeftVentricle

Brain-Hypothalamus
Heart-LeftVentricle
Heart-LeftVentricle
Heart-LeftVentricle

Brain-Hypothalamus
Heart-LeftVentricle
Heart-LeftVentricle
Heart-LeftVentricle
Heart-LeftVentricle
Heart-LeftVentricle
Heart-LeftVentricle

Reduced GReX CFTR

P-value

2.32E-39
5.37E-39
2.04E-32
8.39E-30

4.16E-27
1.51E-26

2.13E-21
2.46E-21

4.94E-19
2.15E-17

1.56E-13
3.67E-13
2.06E-12
4.53E-11
5.58E-11
6.63E-11

Trait

Cystic fibrosis

Pseudomonal pneumonia
Bronchiectasis

Other disorders of metabolism

MRSA pneumonia

Pseudomonal pneumonia
Bronchopneumonia/lung abscess
Diseases of pancreas

Bacterial pneumonia

Diseases of pancreas

Chronic sinusitis

Nutritional marasmus

Failure to thrive (childhood)
Secondary diabetes mellitus
Intestinal malabsorption non-celiac

Nasal polyps

Cases
71

105
124
88

82
105

71
337

385
337

589
72
73
80
72
49

Controls
9033

6217
6820
8608

6217
6217

6217
8624

6217
8624

6193
6138
6138
4936
5956
6193



Genome X Transcriptome X EHR

Query by
A phenotype!

PredixVU: A Catalog for
Viewing Gene-Based
Phenome-Wide Association

Psf.-%Test pleiotropy, investigate
=bhenome relationships, ...



Query by Phenome: Gingival and
periodontal diseases

tissue beta p-value gene
Cells-Transformedfibroblasts -0.690925 4.78E-07 CTNS
Brain-CerebellarHemisphere -0.84831 6.35E-07 CTNS
Muscle-Skeletal -1.69745 7.39E-07 CTNS
Brain-Cortex -1.00725 7.53E-07 CTNS
Heart-AtrialAppendage 20.4918 7.64E-07 PELI3
Brain-Caudate-basalganglia -1.12867 8.11E-07 CTNS
Brain-Cerebellum -0.971678 8.56E-07 CTNS
Brain-Anteriorcingulatecortex-BA24 -3.15379 8.57E-07 CTNS
Brain-Hypothalamus -1.19931 9.34E-07 CTNS
Brain-Cerebellum -0.0742653 1.09E-06 MC1R
Adipose-Subcutaneous -33.3475 1.11E-06 RPL41
Brain-Nucleusaccumbens-basalganglia -0.909724 1.12E-06 CTNS
Brain-FrontalCortex-BA9 -0.799975 1.21E-06 CTNS
Heart-AtrialAppendage -1.04589 1.44E-06 CTNS
Lung 47.1514 1.48E-06 OR6C2
Smalllntestine-Terminallleum -0.845769 1.58E-06 CTNS
Esophagus-GastroesophagealJunction -0.780144 1.63E-06 CTNS
Liver -1.036 1.78E-06 CTNS
Heart-AtrialAppendage 10.8251 1.82E-06 INHBC
Thvroid -0 671328 1 87E-06 CTNS




CTNS - lysosomal cystine transporter

* Ascertained in PrediXcan on BioVU for gingival and
periodontal diseases

* In BioVU, also associated with
— Gingivitis
— Dermatophytosis / Dermatomycosis
— Influenza



Query by Phenome: Dental

caries

tissue beta p-value gene
Smalllntestine-Terminallleum 0.078875 1.01E-08 INVS
Brain-Cortex -1.59343 1.20E-07 COX6A2
Breast-MammaryTissue -25.1841 7.55E-07 LRP2
Brain-CerebellarHemisphere 2.2705 7.85E-07 USP33
Esophagus-Mucosa 0.528235 1.38E-06 NDUFAG
Muscle-Skeletal 0.665914 1.57E-06 NDUFAG
Adipose-Subcutaneous 0.497227 2.32E-06 NDUFAG
Heart-AtrialAppendage 2.00369 2.89E-06 DCC
Cells-EBV-

transformedlymphocytes -19.514 2.89E-06 XRCC6
Brain-Cerebellum 2.01339 3.40E-06 POLH
Brain-CerebellarHemisphere 0.594764 4.24E-06 NDUFAG
Artery-Tibial 0.430468 5.57E-06 NDUFAG6
Skin-NotSunExposed-Suprapubic 0.486097 5.89E-06 NDUFAG
Artery-Coronary -1.6148 6.39E-06 RANGAP1
Smalllntestine-Terminallleum 0.956041 7.42E-06 NDUFAG




Where do we go from here?

- Comparing PrediXcan results for
BioVU and UKBioBank

— Seeking candidates for functional studies!



INVS - inversin, cilia function

 Ascertained in PrediXcan on BioVU for dental caries

* In BioVU, also associated with
— Diseases of hard tissues of teeth
— @Gingivitis
— Noninfectious gastroenteritis
— Other local infections of skin and subcutaneous tissue
— @Gingival and periodontal diseases
— Functional digestive disorders

* In UKBioBank associated with
— Hip circumference
— Weight
— BMI
— Leg fat mass
— Metabolic rate



COX6A?2 - Cytochrome c oxidase (COX), the

terminal enzyme of the mitochondrial respiratory chain

 Ascertained in PrediXcan on BioVU for dental caries

* In BioVU, also associated with
— Diseases of hard tissues of teeth
— Nausea and vomiting
— Congenital anomalies of intestine
— Diseases of the jaws
— Other disorders of intestine

* In UKBioBank associated with
— Wiaist circumference
— Arm fat percentage
— BMI
— Leg fat mass



NDUFAG - enzyme of the mitochondrial
membrane respiratory chain

 Ascertained in PrediXcan on BioVU for dental caries

* In BioVU, also associated with
— Diseases of hard tissues of teeth

— Loss of teeth or edentulism
— Other diseases of the teeth and supporting structures

— Diabetes mellitus
— Varicose veins of lower extremity

 In UKBioBank associated with

— Body size at age 10

— Arm fat

— Impedance measures
— Treatment with lipitor



Summary

Existing big data resources provide exciting opportunities
to generate hypotheses for genetic epidemiology

Ancestral heterogeneity is powerful when used correctly

Sample sizes need to be large to find genetic effects in
complex traits- this will mean a lot of data sharing

Functionally orienting analyses can improve interpretation
and power (fewer tests!)

We really need to work on getting good oral health
measures into EHRs and DNA databanks

Integrating additional *omics (microbiome, measured
transcriptome) and environment (diet, SES, education) will
help us tackle GxE effects down the road



Thank you!

My lab:
— Lauren Petty
— Hung-Hsin Chen
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