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Today: Deep Learning for Human Genetics and Disease

1. Human Genetics: Inheritance, Mendel, Fisher, SNPs, STRs, alleles

o UoA W N

. ‘Disease gene’ hunting: Common/rare alleles, Linkage vs. GWAS
. LD, Haplotypes, Co-inheritance, and the challenge of fine-mapping

From locus to mechanism - Case study: FTO and Obesity
Epigenomics-GWAS integration: ENCODE, Roadmap, EpiMap

Machine learning tools for variant interpretation

* Deep variant

* Eigen, FunSeqg2, LINSIGHT, CADD, FATHMM, ReMM, Orion, CDTS
* DeepSEA

. Interpreting non-coding variation: DeepSEA (Jian Zhu guest lecture)



1. Intro to Human Genetics
Inheritance, Mendel, Fisher, SNPs, STRs, alleles



Inheritance and Genetics: Ancient foreshadowings
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non-human relative, fish origin of land animals
300BC: Aristotle: species taxonomy classification
Seedlings:Theophrastus,Hippocrates,Aeschylus

Inheritance: Eye/hair color long understood

450BC: Empedocles: Random mixing of traits, SOOBC Epicurus: purely naturallstlc generatlon
natural variation, successful ones survive, of diversity, no supernatural intervention.
giving semblance of ‘purpose’ (Contrast: Plato, Stoics, Religion, Christianity)



19" Century: Lamarck, Darwin, Mendel, Biometrics
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1859: Darwin: Continuum of species, random
mutation—>diversity, natural selection—>fitness.

But: Blending inheritance, gemmules, Lamarckism
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1866: Mendel: Particulate inheritance, no blend. Biometrics: continuous phenotype variation.
Discrete units=genes. Dommant/recesswe alleles Others: Saltationism, orthogenesis, vitalism,

Independent assortment. Digital inheritance.

neo-Lamarckism, theistic evolution...



20" Century: Synthesis, DNA, polygenic inheritance

1918: Fisher. Continuous phenotypic variation

explained simply by multiple Mendelian loci
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Human genome. Variation maps.

Haplotypes. GWAS. Common/rare variants.



Types of genetic variation

* 99% of DNA is shared between two individuals
* Variation in the remainder explains all our predisposition differences
* Remaining phenotypic variation: environmental/stochastic differences

Name Example Frequency in one
genome

Single nucleotide GAGGAGAACG[C/G]AACTCCGCCG 1 per 1,000 bp

polymorphisms (SNPs)

Insertions/deletions (indels) | CACTATTC[C/CTATGG]TGTCTAA 1 per 10,000 bp

Short tandem repeats ACGGCAGTCGTCGTCGTCACCGTAT 1 per 10,000 bp

(STRs)

Structural variants (SVs) / Large (median 5,000 bp) deletions, |1 per 1,000,000 bp
Copy Number Variants duplications, inversions
(CNVs)




Single-nucleotide polymorphisms (SNPs)

CATGGTGCATCTGACTCCTGAGGAGAAGTCTGCCGTTACTG
CATGGTGCATCTGACTCCTGTGGAGAAGTCTGCCGTTACTG

Second letter

5 " " = glutamic acid > valine
UL UCU ) UAU UGU U
i uuo}Phe uee e UAC}Tyr ucac}cyS c
UUA}Leu UCA UAA Stop UGA Stop A
uuG UCG | UAG Stop UGG Trp G
cuu ccu CAU].. CGU U - 1
y ’ e I ] ¢ Sickle Cell Anemia
£ CUA CCA CAA CGA |79 FA =
2 cue cca oac 18N cag H
wn
£ AU ACU AAU AGU =
- AUC]IIe ACC AAC}Asn AGC}Ser £ % rs189107123
A AUA ACA [ THF AAA}LyS AGA}Arg A —
AUG Met ACG AAG AGG G
T e T GAGGAGAACG[ C/G]AACTCCGCCG
GUC GCC GACJAP Gae e
G Gua M GGA]Gy A
GUG | GCG GAG GGG G

 Many modern analyses (GWAS, eQTL) focus on SNPs/indels
« Often have only two alleles (states)
* |[dentified as reference SNP clusters (rsid)

« Submitted sequences containing a variant are clustered to build
a database (dbSNP)

 To date, >100 M known variants in dbSNP



Short tandem repeats (STRs) + Insertions/deletions (indels)
 Variable number tandem repeats

9 TCACAGCAGCAGCAGCAGCAGCAGCAGCAGTTGCATTT

1() TCACAGCAGCAGCAGCAGCAGCAGCAGCAGCAGTTGCATTT

12 TCACAGCAGCAGCAGCAGCAGCAGCAGCAGCAGCAGCAGTTGCATTT

> 30 Huntington's Disease

Abnormal protein, damages neurons, brain cell death, mood,
coordination, speaking, dementia, etc

* Insertion/Deletions

Cystic fibrosis transmembrane conductance regulator (CFTR) -> Lung infections, cysts, fibrosis

CATTAAAGAAAATATCATCTTTGGTGTTTCCTATGATGAATA
CATTAAAGAAAATATCATTGGTGTTTCCTATGATGAATA (i1 sequonce

MNucleotide ATC ATIC TT|T GGT GTT

Amino Acid lle lld Phel Gly WVal
[ | |
506 508 510
I
Deleted in AF508
AF508 CFTR Sequence:

Nucleotide ATC ATT GGT GTT
Amino Acid Ile lle Gly Val
506




SNP alleles: ref/alt; maj/min; risk/prot; anc/der

Referring to the two alleles:

Reference/alternate: Matching the human reference sequence (arbitrary, some
random person was sequenced, has rare alleles t00)

Major/minor: Being more frequent in the population (population-specific)
Ancestral/derived: Matching the most recent common ancestor between
human and chimpanzee (but sometimes chimp doesn’t match)

Risk/non-risk: Based on their disease association (but environment specific,
e.g. Sickle-cell vs. Malaria)

Classifying variants by minor allele frequency:

Somatic Private/de novo Rare Low frequency common

Subset of 1 person 1 person 0.5% 5%

Example: rs189107123
GAGGAGAACG[C/G]AACTCCGCCG

Reference allele: C

Minor allele: G (frequency 0.03 in Europeans)
Ancestral allele: unknown (why?)



Chromosome

The scope
of the
challenge:

Within each cell:

2 copies of the genome

23 chromosomes

3.2B letters of DNA

Millions of polymorphic
sites



Today: Deep Learning for Human Genetics and Disease

1. Human Genetics: Inheritance, Mendel, Fisher, SNPs, STRs, alleles

o UoA W N

. ‘Disease gene’ hunting: Common/rare alleles, Linkage vs. GWAS
. LD, Haplotypes, Co-inheritance, and the challenge of fine-mapping

From locus to mechanism - Case study: FTO and Obesity
Epigenomics-GWAS integration: ENCODE, Roadmap, EpiMap

Machine learning tools for variant interpretation

* Deep variant

* Eigen, FunSeqg2, LINSIGHT, CADD, FATHMM, ReMM, Orion, CDTS
* DeepSEA

. Interpreting non-coding variation: DeepSEA (Jian Zhu guest lecture)



2. ‘Disease gene’ hunting (locus, really):
Common/rare alleles, Linkage vs. GWAS



Monogenic vs. oligogenic vs. polygenic disorders

Combination of
large/small effect

- Prevalence of the disease

Single Gene Oligogenic Polygenic
Disorders Disorders Disorders

Number and effects sizes of determining alleles

Mostly coding Mostly non-coding

Molecular genetic studies of complex phenotypes. Marian - Translational Research, 2012



Linkage analysis allows mapping of genetic traits

Wild type

Mutant Type
aa

* Frequency of co-inheritance tells you about genetic distance on the
chromosome

* Allows making of genetic map of genetic elements (eventually
recognized to be genes)

« Used in human to lay out chromosomal maps based on inheritance
of STR markers, well before mapping of first genetic trait in human




Linkage analysis allows mapping of disease loci
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Exploit human STR marker maps, to search for co-inheritance
between STR markers and disease inheritance patterns

Search for such co-segregation in many independent families
(each carries a diff. mutation, but all map to the same region)

Led to mapping of many Mendelian disease loci in human

t




Monogenic vs. oligogenic vs. polygenic disorders

Combination of
large/small effect

- Prevalence of the disease

Single Gene Oligogenic Polygenic
Disorders Disorders Disorders

Number and effects sizes of determining alleles

Mostly coding Mostly non-coding

Molecular genetic studies of complex phenotypes. Marian - Translational Research, 2012



GWAS: basic study overview

Sample collection

Whole-genome

and phenotype : Quality control GWAS Post-GWAS
SRy genotyping
determination
Sample QC Quantile—quantile plot | 1. Meta-analysis
Phenotypes: drug Genotype : 8- |
efficacy/toxicity with chip == anl _ Cohort  SNPX OR(95% CI)
that contains = Roldechess % 6 - StudyA | —— 1.16(1.06-127)
probes for 3. Population I°_ Study B —— 1.12(1.00-126)
hundreds of stratification E . StudyC | —+—1.25(1.12-1.39)
thousands 3. Replication! —s+— 1.21(1.10-133)
SNPs &} Total | & 1.19(1.18-1.25)
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3. Other analysis

Gene-based analysis,
pathway analysis,
polygenic risk estimation,
SNP-SNP interaction, etc.




Testing for association

« Most straightforward: compare proportion of
each SNP allele in cases and controls

rs11209026 Allele A Allele G Expected Allele A Allele G

Cases 47 951
Cases 22 976
Controls 47 953
Controls 68 932
(O-E)A2/E Allele A Allele G
Chi-sq = 24.5, p=7.3 x 107 Cases 13.4 0.7
i X Controls 9.2 0.5

0.5 1

0.4t

X =2(0-E)/E

Trran
O O W N

0371

| Simplest tests (single marker regression, x?) rule the day.

Association results requiring arcane statistics.
0= s »Complex multi-marker models are often less reliable

0.11




Multiple Testing

* Inlinkage, p = .001 (.05 / ~50 chromosomal
arms) considered potentially significant

« In GWAS, we’re performing O(10°) tests that are
largely independent

— Each study has hundreds of p<.001 purely by
statistical chance (no real relationship to
disease)

— “Genome-wide significance” often set at
p=5x10-8 (= .05/ 1 million tests)



Obsarmed value

Genome-wide Association

‘Manhattan’ plot
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IBDGC Crohn's genome-wide association results

. NOD2/CARD15

Found by Linkage
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Linkage vs. GWAS capture
different variants

NOD2: low-frequency, strong risk variants
IL23R: low-frequency, strong protective variant
ATG16L1: common associated variant

NOD2 5% 3.0 435 1400

(3 coding SNPs)

IL23R 7% 0.33 817 ~30,000
(Arg381Gin)

ATG16L1 50% 1.4 1360 ~40,000

(Thr300Ala)



Power

Combining studies yields greater power

Opportunity: by combining
three published studies, we
reap the power of an 8000

sample GWAS
— OR=15 -
-- OR=13 |
- OR=1.2 .
; ; Nearly all progress in
— | 7 GWAS has been the
BE/FR WTCCC META result of multiple

NIDDK
Scans, by sample size

(Example — associated SNP with MAF = 0.20)

study meta-analysis



Effect sizes

Common alleles typically have small effects

Effect size

Discovery method tuned to 50.0
variant effect size/frequency iah
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GWAS-vs-Linkage best in different freg/effect regimes

77777777777777777777777777777777777777777

co O CFIR AFses  (Cystic Fibrosis) :
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Today: Deep Learning for Human Genetics and Disease

1. Human Genetics: Inheritance, Mendel, Fisher, SNPs, STRs, alleles

o UoA W N

. ‘Disease gene’ hunting: Common/rare alleles, Linkage vs. GWAS
. LD, Haplotypes, Co-inheritance, and the challenge of fine-mapping

From locus to mechanism - Case study: FTO and Obesity
Epigenomics-GWAS integration: ENCODE, Roadmap, EpiMap

Machine learning tools for variant interpretation

* Deep variant

* Eigen, FunSeqg2, LINSIGHT, CADD, FATHMM, ReMM, Orion, CDTS
* DeepSEA

. Interpreting non-coding variation: DeepSEA (Jian Zhu guest lecture)



3. LD, haplotypes, and fine-mapping
Linkage disequilibrium, Co-inheritance,
Recombination, meiosis, and PRDM9



Published Genome-Wide Associations through 03/2011,
1,319 published GWA at p<5x10 for 221 traits 2011 1st quarter

NHGRI GWA Catalog
www.genome.gov/GWAStudies
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From GWAS hits = to genes = to therapeutics

GWAS hits Gene Drug
NIRRCES <
8p oo%
|:> » ‘e @bvno"iw@i%&. .(:‘_—_
l | RS Sk -
Trait Gene with GWAS hits Known or candidate drug
Type 2 Diabetes SLC30A8/KCNJ11 ZnT-8 antagonists/Glyburide
Rheumatoid Arthritis PADI4/IL6R BB-Cl-amidine/Tocilizumab
SpﬁﬁﬁCﬁt?;?lg\S) TNERY/ PTGERA/TYIZ inhibitors/ NS;:\JDFS-/fosta matinib
Psoriasis(Ps) IL23A Risankizumab
Osteoporosis RANKL/ESR1 Denosumab/Raloxifene and HRT
Schizophrenia DRD2 Anti-psychotics
LDL cholesterol HMGCR Pravastatin
AS, Ps, Psoriatic Arthritis IL12B Ustekinumab

https://lwww.cell.com/ajhg/fulltext/S0002-9297(17)30240-9



Common variants (SNPs) live in Haplotypes

SNP SNP SNP

v v v

Chromosome AACACGCCA.... TTCGGGGTC.... AGTCGACCG....
Chromosome AACACGCCA.... TTCGAGGTC.... AGTCA ACCG....
Chromosome AACATGCCA.... TTCGGGGTC.... AGTCA ACCG....
Chromosome AACACGCCA.... TTCGCGGTC.... AGTCCACCG....

SNPs

Haplotypes
Haplotype CTC/AAAGTACGGTTCAGGCA ATC
Haplotype TTGATTGICGCAACAGTAATA ACG
Haplotype CCCGATCTGTGATACTGGTG GTC
Haplotype ACC
B K B
& T C
Tag SNPs - - -
G C G

« Common SNPs only once every 1000 nucleotides or so
« These are co-inherited, so only need to profile a subset

« Markers selected for haplotype profiling are “tag” SNPs




Quantifying Linkage Disequilibrium: D and D’

« Genetic variants do not segregate independently
« D = coeff. of linkage disequilibrium between alleles A and B at loci L1 and L2

* Dag=P11Po-P1oP941=0.07

 Property of the specific alleles. Different alleles at these loci will have diff D,g

* Ifindependent, then D,g=0
(P11P00=P10Po1)

 Linkage disequilibrium measures the
degree of departure from Mendel’s laws
of independent assortment

How to interpret actual values?

* Relative to D,g ., Which depends on
frequencies of individual alleles at A, B

* Dpagmax=PoP+1-P4+P+=0.138
- D’=D/D,,,,=0.51
= 51% of max possible disequilibrium

Haplotype Marginal allele

AB frequency

0* 0.54

1* 0.46

*0 0.30

*1 0.60
Haplotype Expected Observed
00 0.162 0.24**
01 0.324 0.31
10 0.138 0.07**
11 0.276 0.39**




Quantifying Linkage Disequilibrium: r?

Haplotype Marginal allele

AB frequency
. 0* 0.54
* Define
*
L2 D2 ~ 1 0.46
~ P(A=0)P(B=0)P(A=1)P(B=1) *0 0.30
0.37 ,
: : 1 0.60
» This really is the squared
Pearson correlation of the two Haplotype Expected Observed
SNPs
. . 00 0.162 0.24
* In practice, Pearson correlation o1 0.324 0.31
is efficiently computed for all ' '
SNPs in windows as X'X/n 10 0.138 0.07
 This is a fundamental quantity 11 0.276 0.39

for modeling GWAS z-scores

Key property: r? correlation for individual SNPs
is exactly the r? of the GWAS association summary statistics of these SNPs




Fine-mapping disease associations:

Epigenomics / functional data

* LD is a blessing for mapping loci to
disease, as it enables genotyping of just a
handful of tag variants
=>» enabled the GWAS revolution

» LD is a curse for fine-mapping loci into their
causal variants
=» many variants are strongly correlated to
the true causal variant(s)
=» often indistinguishable scores by genetics
alone associations
=» strongest-association SNP might actually
be an artifact of LD, and true causal variant
may be another one

« Orthogonal data (e.g. epigenomics) often
used for fine-mapping

Epigenomic activities
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Long-range threading of haplotype blocks
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 Relatively few haplotypes exist in the human population
consider 10M SNPs: we don’t see 21°M haplotypes!

 Implies high level of genotype sharing even for unrelated
individuals

Daly et al Nat Genet 2001
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Haplotypes differ across regions/populations
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events occur at hotspots

* r2 correlations between
SNPs depend on historical
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(not in their physical order on
the chromosome)

60

40

nation rate (cM Mb=T)

[
[=]

100 200 300 400
Position (kb)

0]
g %

[42]
=}
Recombinat
8
b
n
[=]
o;‘
[
(=]
=}
I
8

500



Multi-ethnic analysis can be used
for fine-mapping

Case 1: LD boundaries differ Case 2: allele frequencies differ
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* Allele frequencies and LD patterns can differ between populations

» Currently, disease associations are biased for discovery in
European cohorts

« As we begin conducting association studies in Asia/Africa, there is
a pressing need to develop statistical methods which can account

for population genetic differences

Kichaev et al. Am J Hum Genet 2015



Haplotypes evolve, accumulate mutations
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Haplotypes result from non-uniform recombination

Recombination is crucial for lining up
chromosomes during meiosis for gamete
formation.

Recombination starts with a double-
stranded break (DSB), which is then
repaired by strand invasion of the
homologous chromosome.

Repair can lead to either:

* Gene conversion, via strand displacement

annealing (SDSA), which transfers a
segment of one homologous chromosome
into the other, or

- Recombination via cross-over repair of a
double-stranded break, leading to new
allele combination

Recombination provides selective
advantage for sexual reproduction
(mix and match beneficial alleles)

Recombination does not happen
uniformly over each chromosome

Recombination hotspots occur once
every 100kb, and recombination occurs
hundreds of times more often in hotspots

Mouse studies revealed the role of
PRDM?9 in demarcating hotspots
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Sung et al. Nat Rev Mol Cell Biol 2006



PRDM9, recombination, and selection
(aka. The tragic love story of PRDM?9)

2 H3K4me3 e

C2H2 zinc
finger array

(D Binding to
DNA motif
? = (3) Recruitment of

DSB machinery

Nature Reviews | Genetics

PRDMQ is a zinc finger protein which binds to specific DNA motifs, methylates H3K4
surrounding the binding site, and recruits double-strand break enzymes

PRDMQ is under strong constraint, but the DNA-binding zinc finger array has high
mutation rate and is under positive selection

More than 40 known PRDM9 alleles, each with different DNA-binding specificity

The repaired double strand break no longer contains the PRDM9 motif, leading to
evolutionary competition between the protein and its motif

Baudat et al. Nat Rev Genet 2013



Today: Deep Learning for Human Genetics and Disease

1. Human Genetics: Inheritance, Mendel, Fisher, SNPs, STRs, alleles

o UoA W N

. ‘Disease gene’ hunting: Common/rare alleles, Linkage vs. GWAS
. LD, Haplotypes, Co-inheritance, and the challenge of fine-mapping

From locus to mechanism - Case study: FTO and Obesity
Epigenomics-GWAS integration: ENCODE, Roadmap, EpiMap

Machine learning tools for variant interpretation

* Deep variant

* Eigen, FunSeqg2, LINSIGHT, CADD, FATHMM, ReMM, Orion, CDTS
* DeepSEA

. Interpreting non-coding variation: DeepSEA (Jian Zhu guest lecture)



4. From locus to mechanism
Case study: FTO and Obesity



The NEW ENGLAND JOURNAL of MEDICINE

FTO Obesity Variant Circuitry
and Adipocyte Browning in Humans

Melina Claussnitzer, Ph.D., Simon N. Dankel, Ph.D., Kyoung-Han Kim, Ph.D.,
Gerald Quon, Ph.D., Wouter Meuleman, Ph.D., Christine Haugen, M.Sc.,
Viktoria Glunk, M.Sc., Isabel S. Sousa, M.Sc., Jacqueline L. Beaudry, Ph.D.,
Vijitha Puviindran, B.Sc., Nezar A. Abdennur, M.Sc., Jannel Liu, B.Sc.,
Per-Arne Svensson, Ph.D., Yi-Hsiang Hsu, Ph.D., Daniel J. Drucker, M.D.,
Gunnar Mellgren, M.D., Ph.D., Chi-Chung Hui, Ph.D., Hans Hauner, M.D.,
and Manolis Kellis, Ph.D.

SEPTEMBER 3, 2015 VOL. 373 NO. 10 N Engl ) Med 2015;373:895-907.

Mechanistic dissection of a non-coding disease locus

ldentify cell type, causal SNP, regulator, targets, process
*Genome editing demonstrates variant causality
*Adipocyte browning drivers of obesity

Melina Claussnitzer



Dissecting non-coding genetic associations

( /Tlé\ 4. Upstream regulator(s)

________

GWAS reglonl :
3. Causal nucleotide(s) 5. Cellular phenotypes 6. Organismal phenotypes

A A T o o

Establish relevant tissue/cell type A

Establish downstream target gene(s)

Establishing causal nucleotide variant Goal:

Establish upstream regulator causality Apply these to

Establish cellular phenotypic consequences th.e F10 I?cus
in obesity

Establish organismal phenotypic consequences



FTO region: strongest association with obesity
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e First and strongest association with obesity (not just ‘your fault’)
* Associated with obesity, Type 2 Diabetes, Cardiovascular traits
e 89 variants in LD, spanning 47kb, intron 1 of FTO gene

No protein-altering variants: regulatory role? Target gene, tissue?



1. Tissue: Chromatin states predict adipocyte function
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2. Targets: 3D folding and expr. genetics indicate IRX3+IRX5
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Implicate 8 candidate genes

Cohort of 20 homozygous risk and
18 homozygous non-risk individuals:
Genotype-dependent expression?

Genotype
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eQTL targets: IRX3 and IRX5

Risk allele: increased expression
(gain-of-function)



3. Causal SNP: motif enrichment + conservation: rs1421085

rs1421085 C obesity risk allele
chr16:53800954 (hg19)
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700 bp rs1421085 T -> C obesity risI<1aIIeIe chrl6: 53800954
Causal nucleotide rs1421085: risk alters T to C, abolishes AT-rich motif




4. Regulator: Causality and epistasis of ARID5B repressor

Regulatory model: risk allele disrupts a repressor

Risk (C) @ X 1 1
rs1421085

» IRX3
. Enhancer "
Non-risk (T) ( ARID3B DNA motif | activity ™ I—)
rs1421085 g
IRXS
. V,,,ﬁ\> . e . (/X,
N 4 Cis/trans conditional analysis 3 7
Enhancer activity IRX3/5 expression
1kb non-risk ha |0type ocg I CCindividuals (disrupted ARID5B motif)
& (rfts)tored AFI?(IES Imotlf} R TTindividuals (intact ARID5B motif)
- R R P NT [+ + ] IH
) (disrupted ARID5B motif) =0.0006
NT p <0.001 P
SNT - oo aarDsels ] -
SIARID5B 7T Ly | Lk
=0.2583
siARIDSB = ; lp siARIDSB|~ ~ m D
C 1 w2 3 T 3 ST 2 3 3
Enhancer activity in adipocytes Relative IRX3 mRNA level  Relative IRX5 mRNA level
(Luciferase reporter assay)

* Repression of enhancer, IRX3 and IRX5 all require both TF and motif
* Disrupting motif (CC), or repressing ARID5B (siRNA) = de-repression



Steps 5-6. Does this circuitry actually lead to obesity?

/
_ TF

.

. 4. Upstream: ARID5B

________

GWAS region:— A
3. Causal nucleotide: rs1421085 5. Cellular phenotypes 6. Organismal phenotypes

Establish relevant tissue/cell type: pre-adipocytes
Establish downstream target gene(s): IRX3 and IRX5

Establishing causal nucleotide variant: rs1421085

1.

2

3

4. Establish upstream regulator causality: ARID5B
5. Establish cellular phenotypic consequences

6.

Establish organismal phenotypic consequences




Expression analysis to recognize target processes

Search for genes co-expressed Reflected in cellular phenotypes
. . ° F1 CC risk individuals (n=24)

with IRX3 and IRX5 (n=20 indiv.) T non-rik ndviduls (26
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Negative correlation: mitochondria

p . . . Risk carriers: increased mito
Positive correlation: lipid storage

Non-risk: increased adipocytes

Risk allele: shift from dissipation to storage




Test model by systematic perturbations

Thermogenic stimuli g??obggg]gdria!
(€.g. cold) X thermogenesis

l UCP1

I Bl B [ten
ARID5B mﬂfﬁ%g TWhlte
/ motff \\ TL|p|d storage —> ad|pocytes Obese

ARID5B KD IRX3, IRX5 knock-downyk
(obesity) (anti-obesity phenotypes)
ARID5B OE

IRX3, IRX5 overexpression

(anti-obesity) (pro-obesity phenotypes)

* C-to-T motif rescue T-to-C motif disruption
(anti-obesity phenotypes) | (pro-obesity phenotypes)




IRX3+IRX5 expression impacts energy utilization
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restores respiration,thermogenesis disrupts respiration,thermogenesis



Irx3 adipose repression: anti-obesity phenotypes in mice
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Single-nucleotide editing reverses thermogenesis in humans

rs1421085 (risk background)
ZZCCrisk allele
Control B CC—TT rescue

(CRISPR/Cas9 editing)
Isopro- | m
terenol

Ce
c

0.002
| ]
o
S<
oD N
p <0.001 p < 0.001

- IRX3 o
Protective allele
T FD]-( E :
Risk allele a
Tl- }CC 1 }_E_{ .- Control }—=
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Eoupl (N R o !
0_ 1 2 3 0 1 . . ; :
Relative IRX3mRNA  Relative IRX5 mRNA 0 05 10 15 20 25

Relative OCR (pmol oxygen/min)
Uncoupled as percent of basal

rs1421085 editing alters IRX3+IRX5 expression re S’ ::rizslt?gf ni gitiv’:wge s
(500,000 and 1 million nucleotides away!) g

p < 0.001

p < 0.001

< p<0.001

rs1421085 causality: C-to-T editing rescues IRX3/IRX5 expression,
ARID5B repression, thermogenesis, developmental expression




Model: beige < white adipocyte development

Mesenchymal adipocyte Mesenchymal
precursor myocyte
precursor

TIRX3,
IRX5

! PGCIA, TBX],

PRDM16 l

FTO rs1421085

C risk _ -
allele T allele AR !-\ \
= > (V) b
White vs. beige \? df
balance | Beige Brown
T White adipocytes adipocytes
adipocytes | . |
| | Thermogenesis, UCP1+
Lipid storage Fatty acid oxidation

Shift therapeutic focus from brain to adipocytes




FTO obesity locus mechanistic dissection

TI;\\ 4. Upstream: ARID5B

e

JF

________

GWAS region:— :
3. Causal nucleotide: rs1421085 5. Cellular: thermogenesis 6. Organism: body weight

Establish relevant tissue/cell type: pre-adipocytes
Establish downstream target gene(s): IRX3 and IRX5

Establishing causal nucleotide variant: rs1421085

1.

2

3

4. Establish upstream regulator causality: ARID5B

5. Establish cellular phenotypic consequences: thermogenesis
6

Establish organismal phenotypic consequences: body weight




Today: Deep Learning for Human Genetics and Disease

1. Human Genetics: Inheritance, Mendel, Fisher, SNPs, STRs, alleles

o UoA W N

. ‘Disease gene’ hunting: Common/rare alleles, Linkage vs. GWAS
. LD, Haplotypes, Co-inheritance, and the challenge of fine-mapping

From locus to mechanism - Case study: FTO and Obesity
Epigenomics-GWAS integration: ENCODE, Roadmap, EpiMap

Machine learning tools for variant interpretation

* Deep variant

* Eigen, FunSeqg2, LINSIGHT, CADD, FATHMM, ReMM, Orion, CDTS
* DeepSEA

. Interpreting non-coding variation: DeepSEA (Jian Zhu guest lecture)



5. Predicting disease-relevant Tissues,
Regulators, Cell Types, Target Genes



Genomic medicine today: challenge and promises

GWAS Manhattan Plot: simple x2 statistical test The promise of genetics
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Dina NG 2007, Frayling Science 2007, Claussnitzer NEJM 2015 _ MeCha nism not known



ldentifying disease-relevant cell types

Region of association

Height

Type 1 Diabetes
Blood Pressure

Cholesterol

* For every trait in the GWAS catalog:

D O
S5,
N EER G
Individual SNPs HEL3
/2 - . I [
I"h’/ i ’/
| | | V!
i
Stem Cell Immune Heart Liver
Enhancers Enhancers Enhancers Enhancers

— ldentify all associated regions at P-value threshold
— Consider all SNPs in credible interval (R%>.8)

— Evaluate overlap with tissue-specific enhancers

— Keep tissues showing significant enrichment (P<0.001)

* Repeat for all traits (rows) and all cell types (columns)
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Adv. resp. to chemth. (neutrdeuc) GlLRUg = 4.0

Breast cancer

4.2

Abbray —logF
Stome
Stome 4.3
Placnt
Plislats

Liver

Liver

Liver

Liver

Liver

Liver

Liver

Liver

Maost enriched
tissua/cell type
Gl. It
Gl. It

[

¢ leukasmia

]

GWAS h

rowth factors

[s11

holesteral total

ressure
LDL cholesterol

v colli]
Izheimer's disease (ate ongeat)

12 Foot SIZe

oan platelet volume

can platelet wolume

uifiple myeloma
Adiponectin levels

olesterol,
nflammatory bowel disease

HOL cholesterol
Height
Hinteryal
lood
re-eclampsi

)
Pulmonary function

Trait
elght I
Haight

Attention deficit hyperact. disord.

Celiac disease + rheum. arthritis

Type 1 diabetes autoantibodies
Typae 1 diabetes
Type 1 diabetes

Platelet counts
Systemic lupus enythemat osus

Prirnary biliary cirtosis

Chronic lymphocytic leukasmia
Red blood cell traits

Liver enzyme levels (g-glut ti)

Urate levals
Lipid metabalism phenotypes

Fheumat oid arthritis
Bheum at oid arthritis
hiean platelet volume
HOL cholestarol

Prirnary biliary cirosis
[lean compuscular volume

Cronms disease
Chronic lympho
Celiac disease
hiultiple sclerosis
hultiple sclerosis
Type 2 diabetes
Insulin-like

LOL cholasterol
Cholesterol, total
HOL cholestarol
Metabolite lewvels
Platelet courts




Immune activation + neural repression in human + mouse
LETTER falgre

Conserved epigenomic signals in mice and humans
reveal immune basis of Alzheimer’s disease

Elizabeta Gjoneska'”*, Andreas R. Pfenning™™*, Hansruedi Mathys', Gerald Quon®™?, Anshul Kundaje®**, Li- Huei Tsai'“§
& Manolis Kellis™*§

= }":N =
Wl g Immune/blood E :
Dissect hippocampus (% cell types gg - R = e
3 — 5 replicates per group - ) w
. o o [0 O Dearinho 1
Eplgenomlcs OfAD progression o = 37 HliE '
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€N ©
0 >
Immune Neuronal Ta ,.
D = 2
w | 130 * o < =
2 E] E l®)]
= & HIE activation = £ o -
rﬁi? a7 . =T ______....-Fetal brain female
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¥ ol v e !
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[ 1,120 reprgsygn + =
o= \D

Immune activation precedes
neuronal repression

' Roadmap Epigenomics cell type or tissus

AD variants localize in immune cells, not neuronal

Inflammation as the causal component of Alzheimer’s disease




Linking traits to their relevant cell/tissue types

HDL oleste Lipid F.E‘
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holesterol metabolism
cholesterol phenotypes
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GWAS Manhattan Plot: simple x? statistical test

Genomic medicine: challenge and promises

—
0_070 1 @ BMIloci, early (before 2010)
— o Waist/weight loci (now also BMI) F10
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NG 2007, Frayling Science 2007, Claussnitzer NEJM 2015

The promise of genetics
— Disease mechanism
— New target genes
— New therapeutics
— Personalized medicine

The challenge of mechanism
—90+% disease hits non-coding
— Target gene not known
— Causal variant not known
— Cell type of action not known
— Relevant pathways not known
— Mechanism not known



Summary Dissect cwcuutry of disease-associated regions

30

-log,, (P)

20

DNA methylatlon

T T T T T T T T
@ L L “ © A ? 9

e 2. Proflle RNA + Epigenome

1. Disease genetics reveals
: : in healthy + disease samples
common + rare variants/regions

5. Disseminate results

of-] | B10]1 (-8 Mouse models
: = .5

w ‘ O contn}l
A ( =7

/\/ ‘\D\//\

4. Validate predictions in 3. Integrate data to predict driver
human cells + mouse models genes, regions, cell types’




Genomic "
. hrd  ——
region '
AFF1

Regulators

Regulatory circuitry of GWAS loci

Region of association

rs1408 LD block
[

i

1—|—||—H—|—‘_I

KLHLE HSD17B13 HSD17B11 NUDTS SPARCLI
KLHL8 HSD17B13 HSD17B11 NUDT9 SPARCL1

r‘""\l f""\l /"“\I

S N S

AFF1

Liver (EDGE)

T cell :5503351
Placenta (E099)

— Trans-acting

Tk

- MEF2A

x TTCCCCAC&Q
FOXO3

110 M TOA

STAT6 NR2F2

e Expand each GWAS locus using SNP linkage disequilibrium (LD)

— Recognize relevant cell types: tissue-specific enhancer enrichment

— Recognize driver TFs: enriched motifs in multiple GWAS loci

— Recognize target genes: linked to causal enhancers



Epigenomic mapping across 800+ tissues/cell types

TN 3 Brainm e
flaart 2 @V Angular gyrus :@ nucleus chromatin
et \crA:eré} _ Ag‘l:;jraf:;?/?si = Brain o Spinal cord
ight veniric = '\%E"‘ %) Thymus Stomach
Thymus e “a‘@ Adrenal DNA accessibility
Lung Substantia Nigra m \ 0% 5‘3"”?2
Adipose Dorsolateral m (8D R Lo Renal pon
Breast Prefrontal Cortex s
Myospithelia mall intestine
VHMEC

Large intestine

Skeletal muscle
[Duodenum mucosa Back, T Arm, Leg|
Liver

Stomach mucosa
Sigmoid colon
Ovary

e o M -
o ol &
a mucosa r mnp
o Osteoblasts ' nnln -
e Germinal matrix eplgeno I I ) x
. PROJEC

Duodenum Spleen
smooth muscle

Stomach

Kidney
Pancreas
Small intestine =
Psoas muscle
Muscle

m Skin
Skin fibroblasts
Skin melanocvtes

Diverse tissues and cells Diverse epigenomic assays

/
Courtesy of: : -
the Broad Institute DNA methylation

Enhancers Promoter Transcribed Repressed
* H3K4me3 * H3K36me3 * H3K9me3

* H3K27ac * H3K9ac * H3K79me2 * H3K27me3
* DNase * DNase * H4K20mel * DNAme

Their combinations define diverse classes of elements




127 cell and tissue types

Enhancer modules, regulators and target genes
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1. Map chromatin states
across 127 tissue/cells

Group enhancers into

modules of common function
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3. Predict module reqgulators
using motif enrichment

4. Predict target genes using

activity correlation, Hi-C, eQTLs
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Height
Height
rohn’s disease
Chronic lymphocytic leukaemia
Type 1 diabetes autoantibodies
Type 1 diabetes
Platelet counts
Chronic lymphocytic leukaemia
Taves disease
Celiac disease
Rheumatoid arthritis
Multiple sclerosis
Celiac disease + rheum. arthritis
Type 1 diabetes
Systemic lupus erythematosus
Systemic lupus erythematosus
Primary biliary cirrhosis
Red blood cell traits
Platele oun
Mean platelet volume
Rheumatoid arthritis
Multiple sclerosis
Rheumatoid arthritis
Mean platelet volume
HDL cholesterol
Height
ultiple myeloma
Adiponectin levels
Attention deficit hyperact. disord.
interval
Blood pressure
ortic root size
Pulmonary function
Liver enzyme levels (g-glut tx)
Urate levels

Breast cancer
Type 2 diabetes
Insulin-like growth factors [¢]

LDL cholesterol
Lipid metabolism phenctypes
HDL cholesterol Liver
Cholesterol, total Liver
HDL cholesterol i
Metabglite levels
Platelet counts
Primary biliary cirrhosis
Mean corpuscular volume | ]
I]Im | ]
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Cell-sorted H3K27ac =» AD variants in microglia, not neurons

Extraction of Brain Tissue: - 8 ~x <
) - \ 3 g YL NN
Hippocampus g2y 4| B N:ik /Y
Prefrontal Cortex %‘ f %57 N \‘\xi,)(\ : - @b
- -4 o f - Fo e
Single Cell Suspension [ a e
and Fixation | ;‘ /\ v &
| ) ) W
Nuclei  Staining of NeuN+d & & PU1+
Exiaction:  'Niiale: NeuN- H3K27ac ChiP-seq
PU.1- NeuN+
NeuN \\Q
\ FANS PU.1+
PU1 ¥ NeuN-
PU.1-

1=5.260-5 * No enrichment found in
e whole-brain samples

g « Cell-sorted H3K27ac shows

% 1.01 strong enrichment for AD variants
S o5 in microglia

§ ool 0% =0sc | * No enrichment found in neurons or
-

— oligodendrocyte H3K27ac for AD

0] variants
Neuron Microglia Oligo




=» 30k GWAS SNPs in 534 traits

Neurosph (4)
Endothelial (11)
Epithelial (51)
Stromal (42)

Sm. Muscle (8)
Eye (5)

Myosat (6)
Placenta & EEM (31
PNS (10)

Thymus (11)

Lung (43)

Heart (43)

Brain (54)
Digestive (77)
Muscle (61)
Mesench (4)
Adipose (10)
Urinary (4)
Endocrine (29)
Other (8)

ESC (9)
Pancreas (7)
Spleen (7)

Bone (5)

iPSC (15)

Blood & T-cell (41)
Kidney (61)

HSC & B-cell (43)
Liver (10)
Lymphoblastoid (17)
ES-deriv (18)
Reproductive (6)
Cancer (108)

127 Epigenomes
(Roadmap 2015)

L

834 Epigenomes
(EpiMap 2019)

54 enriched GWAS
traits (2015)

534 enriched traits

30,247 SNPs in
enriched enhancers
=>» Highly-specific
associations Emerge
=>» Precise biological |
hypotheses on '
mechanistic basis

Prostate-specific antigen levels

Diastolic pgssure

I L
Body fat %
Pulse pressure

Physical activity time

Mean corpuscular hemFﬁgl‘cFin t. -
Red blood cell count Flatelel coun
Non-albumin protein levels Etlbrtnogen
Albumin-globulin ratio, 9
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Urate levels (BMI interaction)

Reticulocyte count
& Mosquito bite size
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»

Red blood cell #
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Atrial fibrillation

Blood&
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AD/AD history 9

AD family history
White blood cells
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Educational attainment e
CAD
L C-reactive/cholesterol  T2D
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Prcslgte, urinary tract
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Colorectal cancer Ly
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o0 VoI Dent. gyr. granule layer vol. Cognitive empathy Arterial P‘essure @ ystolic pressure (cosine similarity) P-value

(K EEYY Life satisfaction ° Feeling miserable @ 3 ° iPSC >75% >3

Alcohol consumption Lipoprotein phospHBlipase A2 in CVD > 85%
Reo0eve Pulse pressure’ ® Adventurousness A = ° 210
Body mass index ! Diastolic pressure 2 95% =——

990 9%na Neuroticism L 5 : ; 3 & P Thymus Myosat ’ 225
Endocrine 250
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] Myecardial infarction M QT interval Left ver]Fr\cul_ﬁr mass AD or family histor
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Autism + major depression [ i i i
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g » ife satisfaction < : . Waist .
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_ Systolic blood pressure g QRS &
Diasfolic pressure x smoking [ 4 Heart rate <, Intraccu&r pressuteDL ) LDL cholesterol
Systolic blood pressure y < 4 ® Liver L]
ulse pressure g T © o ‘Waist WHR oSy A . level
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¢ @ Pvave length G ®e @ eel bone mineral d&%ﬁe pressure & 9 HDL
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. } 5 H L )
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Asthma Expiratory flow f da Waist-hip ratio
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Inflammatory bowel disease Digestive & [] Waist-hip ratio ¢ Loneliness
Eczema White blood cell count 1 q Lateral ventricular velume ¢ Schizophrenia
Measles Chronic infl. dis : Hematocrit Neuroticism
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Bone Pancreas Lymphoblastoid \\
Digestive Placenta & EEM  Spleen 8 Urate levels
Endocrine || Reproductive Thymus ©® Arterial pressure
Heart Sm. Muscle Brain Systolic press. x alcohol
Kidney | Urinary Eye Hair color
Liver Endothelial Neurosph [l iPSC Blond hair color » Osteoarthritis
Lung Epithelial PNS Cancer
M Mesench [ Stromal ES-deriv  Multiple ® ® Other
B Muscle [l Blood & T—cell ESE 1] Other

a S s*lic ressure x smoki
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Systolic blood pressure
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D
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Liver enzyme levels

LDL cholesterol

astolic B‘oog gressure 4 Insomnia dichotomous) Smoking initiation
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! ¢ Worry
4 ') N tocrit Neuroticism
Reaction fi lematocrit Feeling fed-up
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Feeling tense @& Well-being e Reactlo: time
Brain Lipid traits

® Educational attainm.
.. ) Vigorous physical act.

Self-reported math ability
Self-reported math ability
Educational attainment
Intelligence

Pu.lfe x alcohol g

&

T2D
\ Breast size
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n transferrin |
\ WHR Educational attainment
WHR Cognitive performance
Highest math class taken
Kidney
o~
ssure u

Glomerular filtration
Glomerular filtration rate
Renal function-related traits
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Carles Boix,
Nature, revisions

=>» http://compbio.mit.edu/epimap

Tissue enrich/co-enrichments = trait clustering, trait-tissue network



Dissect circuitry of 30 000 GWAS loci: TF-)Enh-)SNP-)gene-)pathways
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lity

asting glucose %%

Microalbuminuria
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o ] Sysﬁic pressure x §
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®  Nearest gene GO term enrichments

¢ into components

Epigenomic partitioning
of complex traits

2. Coronary artery
7. Gastrocnemius medialis

4. Adipose tissue
6. Adipose tissue

IS
Enriched node g g 3
subtree label: 4 3 <
— ] o
CAD SNPs node specificity ~, (-log,oP)
Number of node §
enhancers ]
shared with £ 200,000
parent (P) 2
o
Number of node g 100,000
enhancers €
unique to S
child (D) z 0

Regulation of lipid catabolism

Protein complex remodelling

Positive regulation of cell adhesion
Phospholipid transport

Negative regulation of muscle adaptation
LDL receptor catabolism

Cholesterol transport

Regulation of tube diameter

Positive regulation of chemotaxis
Negative regulation of epithelial proliferation
Negative regulation of blood coagulation
Endothelial cell proliferation

Artery development

Lipid homeostasis

Phospholipid efflux

CDC42 signal transduction

Regulation of endotherlial cell proliferation
Chemokine-mediated signalling

]

;}44
ps
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for lead SNPs in node enhancers

HDL particle assembly —
q value —— —
g<0.010 Systolic blood pressure RERL S 4 158 S GREREIR:S
, 9<0.0001] HDL cholesterol il 3 5 3 Bl 4 3 [
5 Atrial fibrillation 3
= Waist-to-hip ratio adjusted BMI 4
3 4 3

Waist-to-hip ratio
Enrichment (-log,,P) in low P values in CAD-related traits

2. Pla ema and EEM (placenta)
15 ES cell-derived (smooth muscle cell- der\ved)

Coronary artery disease

—,

10. Endocrine (adrenal gland)
6. Multiple
S |7 Heart (ascending aorta)
——2. Heart (coronary artery)
Q,‘Jf/ 4. Adipose (adipose tissue)
6. Adipose (adipose tissue)
*‘9 Heart ﬁhean atrium)
?ﬁ*7 Muscle (gastrocnemius medialis)
14. Cancer
(sple

3. Endocrine (thyroid gland)
1. Liver (liver)

Top 10 Enrichments

1. Liv 6. Adipose Tissue
Coronary artery disease % Coronary Artery 7. Gastrocn. Medialis
(PMID: 29212778) 4. Adipose | 9 Heart Atrlum‘
| 5. Liver
Top 30 GWAS loci e W BB 535 5 it
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30 30 30 30 30

for CAD-associated SNPs partitioned by node subtree enhancers

chr12:111,932,800 (SH2B3) 4.06-27
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650 650 650
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900
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PCSKO9: Liver-only mechanism,
mediated through primarily one variant

Enhancer-gene links:
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0

EDNRA Heart/vasculature-only,
mediated through multiple enhancers

Enhancer-gene link:
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PLPP3: Both liver and coronary artery:
multi-gene/multi-tissue pleiotropy
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Bayesian fine-mapping: Predict causal variant and cell type

" - -\

§l _ . _ Enrichment

§ . EPIgENOMIC ANNOY, Disease

%w . covariance

: _ Empirical

10- ‘ i

s GWAS sumstat || TF=1 - Prior
TRE L ! Causal
- 2ihd s SRR dn indicator

ITT] mm y77 Effect
' | ize

&
d=1,..D
L=

1, L

! =1l S
. . .
Crohn Disease CrohnDis locus 14 Schizophrenia
SCZ locus 73
30- | rs9g92;;£0838 10.0-
i IS 75-
= oy RIS
od 25-
0.0-
04- ' 051 $ 1572930740
8 1592927720838 0
@ 021 ol 2117510124
00- 04
.
- 159292777 0.8~ * 1572930740
ol ! 737720838\ 06- ® 1517510124 Top SNPs
0.4~
025~ Top SNPs ...
0.00- 0.0-
150
D Immune D CNS
o
£ 1004
5 100
aQ
»
o
Q
2
X 50 50
o
[$)
0
04 . ' ' '
' ' ' ' 52900000 53100000 53300000 53500000
40200000 40400000 40600000 40800000 chr18: 52923720-53678961

chr5: 40239598-40891223

Predict causal variants and cell types
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Combine GWAS+Epig to find new target genes/SNPs

LIG3
SLC35F1-PLN
ANFa0 iosnw SCN5A-SCN10A KC‘?HZ CNOT.’ n! KONJ2 Lead SNP | p-value Enhancer 1. Luciferase reporter | 2. 4C-seq interactions
. e s rs1886512 | 4.30x10° | chr13:74,520,000-74,520,400 0.015 No interactions
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H KNGt e chr4:141,807,800-141,809,600 1.35x10-* RNF150
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Prioritize sub-threshold loci (<104) Validate new enhancers:
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Machine learning predictive features Validate new genes in hum/mou/zb



Today: Deep Learning for Human Genetics and Disease

1. Human Genetics: Inheritance, Mendel, Fisher, SNPs, STRs, alleles

o UoA W N

. ‘Disease gene’ hunting: Common/rare alleles, Linkage vs. GWAS
. LD, Haplotypes, Co-inheritance, and the challenge of fine-mapping

From locus to mechanism - Case study: FTO and Obesity
Epigenomics-GWAS integration: ENCODE, Roadmap, EpiMap

Machine learning tools for variant interpretation

* Deep variant

* Eigen, FunSeqg2, LINSIGHT, CADD, FATHMM, ReMM, Orion, CDTS
* DeepSEA

. Interpreting non-coding variation: DeepSEA (Jian Zhu guest lecture)



6. Machine Learning methods in genetics



CADD: combine evidence to predict variant function

Phylogenetic Tree

f » o

generate

Multiple Species Alignment

derive

changes between human
and inferred ancestor

use allele composition to

simulate variants

- conservation
phastCons, phyloP, GERP
- epigenetic modification
H3K4Me1, H3K9Ac, DNase-Seq

- genetic context

InDel length

annotate

A 4

- functional prediction
amino acid change, TF motif disruption

60 different annotations

GC content, CpG content, base transversion,

proxy-neutral variants

train logistic
regression model

proxy-deleterious variants

B

variants

annotate

use model to

CADD score

User provided

score variants

PHRED scaling

Sensitivity

A AUROC - ClinVar pathogenic vs frequent EXAC (MAF>0.05)
31,815 vs. 69,894 SNV

1.0
0.8 —
06 1
04 - B CADD GRCh37-v1.4 (98.10%)
. B CADD GRCh38-v1.4 (97.89%)
W CADD v1.3 (GRCh37) (87.33%)
O DANN (95.62%)
02 B DeepSEA (88.66%)
: M Eigen (90.19%)
O GERP (77.59%)
@ vertebrate PhastCons (89.59%)
00 4 » I vertebrate PhyloP (92.23%)
- I I I I I
0.0 0.2 04 0.6 0.8 1.0
1-Specificity

Sensitivity

B AUROC - ClinVar pathogenic vs frequent ExAC (MAF>0.05)
1288 missense SNV each matched by gene

1.0

08

06

0.4

0.2

0.0

OO0 NDDNCOECENN

CADD GRCh37-v1.4 (90.08%)
CADD GRCh38-v1.4 (89.81%)
CADD v1.3 (GRCh37) (89.38%)
DANN (84.53%)

Eigen (89.61%)

FATHMM-XF (86.92%)
MutationAssessor (85.59%)
MutationTaster (84.02%)
vertebrate PhastCons (78.01%)
vertebrate PhyloP (82.72%)
Polyphen2 (90.20%)

PrimateAl (83.36%)

PROVEAN (88.79%)

SIFT (87.52%)

T T I
0.4

1-Specificity

I T I
0.6 0.8

Nucleic Acids Research, 2018 1
doi: 10.1093Inarlgky 1016
CADD: predicting the deleteriousness of variants
throughout the human genome

Philipp Rentzsch “1-2, Daniela Witten?®, Gregory M. Cooper “4, Jay Shendure “%%" and
Martin Kircher ©1:2:5



_arge number of methods for variant prioritization

Score Data sources Approach Refe

Eigen e Uses data from the ENCODE and Roadmap e Weighted linear combination of individual (14)

FunSeq2

LINSIGHT

CADD

FATHMM

ReMM

Orion

CDTS

Epigenomics projects

Inter- and Intra-species conservation

Loss- and gain-of-function events for transcription

factor binding

Enhancer-gene linkage

Conservation scores (phastCons, phylopP),
predicted binding sites (TFBS, RNA), regional
annotations (ChIP-seq, RNA-seq)

Ensembl variant effect predictor

Protein-level scores: Grantham, SIFT, PolyPhen
DNase hypersensitivity, TFBS, transcript
information

GC content, CpG content, histone methylation
46-way sequence conservation

ChIP-seq, TFBS, DNase-seq

FAIRE, footprints, GC content

Predict potential of non-coding variant to cause a
Mendelian disease if mutated

26 features: PhastCons, PhyloP, CpG, GC, regula-
tion annotations

Predict potential of non-coding variant to cause a
Mendelian disease if mutated

Independent from annotation and features
Identify constrained non-coding regions in the
human genome and deleteriousness of variants
Independent from annotation and features. Uses
k-mers

annotations
Unsupervised learning method
Weighted scoring system

Graphical model

Selection parameter fitting using general-
ized linear model based on 48 genomic
features

Support vector machine

Hidden Markov models

Random forest classifier

Expected and observed site-frequency
spectrum of a given stretch of sequence

Expected and observed site-frequency
spectrum of a given heptamer

(15)

DePristo, Human Molecular Genetics, 2018, 10.1093/hmg/ddy115




Whole genome variant calling:

GATK HaplotypeCaller

1. Use heuiristic to find mismatches not
explained by noise

2. Use assembly graph to identify possible
haplotypes

3. For each haplotype, estimate:
P(read | haplotype)
using probabilistic sequence alignment
* Hidden Markov Model
« States: insertion, deletion, substitution
» Emissions: pairs of aligned nucleotides/gaps

Identify ActiveRegions Assemble plausible haplotypes
TATGAAATTGGTATAGGGT Y C) N () Ty ()
. (AAT K e (GGTATY — MGGCT)
A T B - " pruned
[% — - TATGAAATTGGTATAGGCT
T A
M T A L— A T A
. A T8
T A (-bamOut) R o
. J . J
' I r ™
Determine per-read likelihoods (PairHMM) Genotype sample
A T A A T G|
, . _} 0/0|0/1 [1/1
A orEr NG
? T AIE
@ T C E GLs + annotations
. J

+ Transitions: equivalent to insertion/deletion/gap Tour de Force, combining many methods:

penalties from Smith-Waterman algorithm (DP

alignment)

* Get P(read | haplotype)
using forward-backward algorithm

4. Use Bayes rule to get P(haplotype | read)
5. Assign genotypes to each sample based on ,

the max a posteriori haplotypes

Logistic regression to model base errors

Hidden Markov models to compute read

likelihoods

Naive Bayes classification to identify variants

Gaussian mixture model with hand-crafted
features to filter likely false positive variants,
capturing common error modes

http://gatkforums.broadinstitute.org/gatk/discussion/4148/hc-overview-how-the-haplotypecaller-works



Exome variant calling: atlas2

Construct
shotgun library

Genomic DNA

AGGTCGTTACGTACGCTAC
GACCTACATCAGTACATAG <
GCATGACAAAGCTAGETGT

Mapping, alignment,
variant calling

| — Y —

———

| — Y ——

[ —

Fragments

DNA sequencing

Hybridization
—_— = >

ﬁ/,::”:’
&

!\QFH
_ /M

Captured DNA

« Motivation: the exome has different sequence properties than the rest of the genome

(e.g., substitution rates, GC content).

« Train logistic regression classifier to predict which mismatches are errors and which are

variants

« Training data: 1KG Exome project sequencing reads where >2 reads align with a mismatch
» True positives: Reads where mismatch is also discovered in 1KG Exon pilot project

* True negatives: Remaining reads

» Features: mismatch quality score, flanking quality score, whether neighboring nucleotides
were swapped, normalized distance to 3’ end of the read

» Much faster than full Bayesian model (e.g. HaplotypeCaller), lower false positive rate in

validation data

Bamshad et al. Nat Rev Genet 2011



DeepVariant: Combine evidence to call variants

(DeepVarianl \ (DeepVariam CNN training \ {Pileup image evaluation \ A U n Ive rsal S N P a n d S ma | ]_l n d el Va rla nt Ca | Ier us' ng
— . W Il deep neural networks
Aligned Reference l | training pairs | | I, Candidate site A | l
reads e | 1 | | Reference  mmmmmmm C | l Ryan Poplin!2, Pi-Chuan Chang?, David Alexander?, Scott Schwartz?, Thomas Colthurst?, Alexander Ku?,
| | if::gss | : Reads A : Dan Newburger!, Jojo Dijamco!, Nam Nguyen!, Pegah T Afshar!, Sam S Gross', Lizzie Dorfman'?,
| | —— | I Cory Y McLean"? & Mark A DePristo!-?
and |
* " I
Find candidate variants and I l gs:;‘;,;es Stg’(‘tmg I I
encode pileup images T T T T T T T T e~
I l l I : Pileup image
I "
|
l l + l l : Reference
e e l ——————————————— l | reads
Pileup Trained l Training cycle l \

images CNN l I

S =

“ Convolutional
| | neural network

(CNN)
Hom-ref Het Hom-alt

I
I icihoti

Stochastic
! I

CNN gradient
descent
Deep learning model
likelihoods 1]

S =~

Y

P T e e e — — ——— ————— — — — —

/
|
|
|
|
|
|
|
|
|
|
|
|
|
\
-— e e e e o —

I I ‘
Heterozygous variant call
— e Y - _ _ _ - _ - ____
Method Type F1 Recall Precision TP FN FP FP.gt FP.al Version
DeepVariant (live GitHub)  Indel  0.99507 0.99347 0.99666 357,641 2350 1,198 217 840 Latest GitHub v0.4.1-b4e8d37d
GATK (raw) Indel  0.99366 0.99219 0.99512 357,181 2810 1,752 377 995 3.8-0-ge9d806836
Strelka Indel  0.99227 0.98829 0.99628 355,777 4214 1,329 221 855 2.8.4-3-gbeb58942
DeepVariant (pFDA) Indel 0.99112 0.98776 0.99450 355,586 4405 1,968 846 1,027 pFDA submission May 2016
GATK (VQSR) Indel  0.99010 0.98454 0.99573 354,425 5566 1,522 343 909 3.8-0-ge9d806836
GATK (flt) Indel  0.98229 0.96881 0.99615 348,764 11227 1,349 370 916 3.8-0-ge9d806836
FreeBayes Indel 0.94091 0.91917 0.96372 330,891 29,100 12,569 9,149 3,347 v1.1.0-54-g49413aa
16GT Indel  0.92732 0.91102 0.94422 327,960 32,031 19,364 10,700 7,745 v1.0-34e8f934
SAMtools Indel 0.87951 0.83369 0.93066 300,120 59,871 22,682 2,302 20,282 1.6
DeepVariant (live GitHub) SNP  0.99982 0.99975 0.99989 3,054,552 754 350 157 38 Latest GitHub v0.4.1-b4e8d37d
DeepVariant (pFDA) SNP  0.99958 0.99944 0.99973 3,053,579 1,727 837 409 78 pFDA submission May 2016
Strelka SNP  0.99935 0.99893 0.99976 3,052,050 3,256 732 87 136 2.8.4-3-gbeb58942
GATK (raw) SNP  0.99914 0.99973 0.99854 3,054,494 812 4,469 176 257 3.8-0-ge9d806836
16GT SNP  0.99583 0.99850 0.99318 3,050,725 4,581 20,947 3,476 3,899 v1.0-34e8f934
GATK (VQSR) SNP  0.99436 0.98940 0.99937 3,022,917 32,389 1,920 80 170 3.8-0-ge9d806836
FreeBayes SNP  0.99124 0.98342 0.99919 3,004,641 50,665 2,434 351 1,232 v1.1.0-54-g49413aa
SAMtools SNP  0.99021 0.98114 0.99945 2997,677 57,629 1,651 1,040 200 1.6

GATK (flt) SNP 0.98958 0.97953 0.99983 2,992,764 62,542 509 168 26 3.8-0-ge9d806836




DeepBind

1. High-throughput
experiments

Current batch
of inputs

_ETAAGCRECGTCT
TTAGGGGCACCAGTACT

TAGCACCTCTATTGCACCC
CTCGGEECCCTGCAT
TACAARATGRAGCACARA

Current model

PN
e

CTARG

Automatic model training

TaccC

Aacas)

Large-scale
data sets

L™

s

e (38-) 3850 |

(e (3

) B8y

2. Massively parallel deep learning 3. Community needs

New Prediction
motifs network .‘}::L.

Gene regulation

23

E—
Precision medicine

GP

Motif scans

DeepBind A
models == ﬂcAUGAAGTG i
I Detect binding sites
Features

parameters

Parameter
updates

[Alipanahi et al., 2015]



Predicting disease mutations

1. High-throughput
experiments

2. Massively parallel deep learning 3. Community needs
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[Alipanahi et al., 2015]



DeepBind summary

The key deep learning techniques:
-Convolutional learning

-Representational learning
-Back-propagation and stochastic gradient
-Regularization and dropout

-Parallel GPU computing especially useful for hyperparameter
search

Limitations in DeepBind:

-Require defining negative training examples, which is often
arbitrary

-Using observed mutation data only as post-hoc evaluation
-Modeling each regulatory dataset separately



DeepSea

Probability Output
I DeepSea:

Boosted logistic
regression classifier

Similar as DeepBind but
trained a separate CNN on

each of the
Take absolute value, concatenate, and standardize features (1842 features) ENCODE/Roadma D

Epigenomic chromatin
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[Zhou and Troyanskaya, 2015]



CNNs for DNA-binding prediction from sequence

DanQ: a hybrid convolutional and recurrent deep neural network for quantifying the function of DNA sequences. Uses convolu-
tion layers to capture regulatory motifs, and a recurrent layer to discover a ‘grammar’ for how these single motifs work together.
Based on Keras/Theano.

Basset—Ilearning the regulatory code of the accessible genome with deep convolutional neural networks. CNN to discover regula-
tory sequence motifs to predict the accessibility of chromatin. Accounts for cell-type specificity using multi-task leaming.
DeepBind and DeeperBind—predicting the sequence specificities of DNA- and RNA-binding proteins by deep learning. Based on
ChIP-seq, ChIP-chip, RIP-seq, protein-binding microarrays and others. Deeperbind adds a recurrent sequence learming module
(LSTM) after the convolutional layer(s).

DeepMotif—visualizing genomic sequence classifications. Predicting binding specificities of proteins to DNA motifs. Makes use of
a convolutional layers with more layers than the DeepBind network.

Convolutional neural network architectures for predicting DNA-protein binding. Systematic exploration of CNN architectures for
predicting DNA sequence binding using a large compendium of transcription factor data sets.

Predicting enhancers, 3d interactions and cis-regulatory regions

PEDLA: predicting enhancers with a deep-learning-based algorithmic framework. Predicting enhancers based on heterogeneous
features from (e.g.) the ENCODE project using a deep learning, HMM hybrid model.

DEEP: a general computational framework for predicting enhancers. Predicting enhancers based on data from the ENCODE
project.

Genome-wide prediction of cis-regulatory regions using supervised deep-learning methods. toolkit based on the Theano) for ap-
plying different deep-leaming architectures to cis-regulatory elements.

FIDDLE: an integrative deep-learning framework for functional genomic data inference. Prediction of transcription start site and
regulatory regions. FIDDLE stands for Flexible Integration of Data with Deep Learning that models several genomic signals using
convolutional networks (DNase-seq, ATAC-seq, ChIP-seq, TSS-seq, RNA-seq signals).

DNA methylation

DeepCpG—predicting DNA methylation in single cells. Neural network for predicting DNA methylation in multiple cells.
Predicting DNA methylation state of CpG dinucleotide using genome topological features and deep networks. Uses a stacked
autoencoder with a supervised layer on top of it to predict whether CpG islands are methylated.

Variant callers, pathogenicity scores and identification of genomic elements

DeepVariant—a variant caller in germline genomes. Uses a deep neural network architecture (Inception-v3) to identify SNP and
small indel variants from next-generation DNA sequencing data.

DeepLNC, a long non-coding RNA prediction tool using deep neural network. Identification of IncRNA-based on k-mer profiles.
evoNet—deep learning for population genetic inference [code][paper]. Jointly inferring natural selection and demographic history
DANN. Uses the same feature set and training data as CADD to train a deep neural network

DeepSEA—predicting effects of non-coding variants with deep-leaming-based sequence model. Models chromatin accessibility
as well as the binding of transcription factors, and histone marks associated with changes in accessibility.




Today: Deep Learning for Human Genetics and Disease

1. Human Genetics: Inheritance, Mendel, Fisher, SNPs, STRs, alleles

o UoA W N

. ‘Disease gene’ hunting: Common/rare alleles, Linkage vs. GWAS
. LD, Haplotypes, Co-inheritance, and the challenge of fine-mapping

From locus to mechanism - Case study: FTO and Obesity
Epigenomics-GWAS integration: ENCODE, Roadmap, EpiMap

Machine learning tools for variant interpretation

* Deep variant

* Eigen, FunSeqg2, LINSIGHT, CADD, FATHMM, ReMM, Orion, CDTS
* DeepSEA

. Interpreting non-coding variation: DeepSEA (Jian Zhu guest lecture)



7. Guest Lecture: Jian Zhu on DeepSEA
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