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Goals for lecture

Key concepts
 Mechanisms disrupted by noncoding variants

* Deep learning to predict epigenetic impact of
noncoding variants



Differences across our genomes: variants

Single Nucleotide Polymorphisms (SNPs) normally
happen ~1% on individual human genome.

Single Nucleotide Polymorphism (SNPs)
SNP

Individual 1
chr2 ++.+.CGATA'

omz - A, Most SNPs are harmless but some break “rules”
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Example: Genome-Wide Association Study (GWAS) identifies
disease associated variants

36,989 schizophrenia cases and 113,075 controls
in Psychiatric Genomics Consortium
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f ? &

| | 3

*ﬂblmi 1,
1|{1|I i"i'lllmﬁ E'I, ’m[ nm! ’wl WH"

d @
T
N
I

80

: 5
8
KRS
I

W,‘i'“ T m;! f; g{]iwgg ,N’ ;,

Illllllllll 1

I':

1
)

4 |
3
|

0 " 12

Schizophrenia Working Group of the Psychiatric Genomics Consortium, Nature (2014)



GWAS output

« GWAS provides list of SNPs associated with
phenotype

* SNP in coding region
— Link between the protein and the disease?

 SNP in noncoding region
— What genes are affected?



Noncoding variants common
in GWAS

* Meta-analysis of GWAS for 21 autoimmune
diseases
— Rheumatoid arthritis, lupus, multiple sclerosis, etc.

* Method to prioritize candidate causal SNPS

* 90% of causal variants are noncoding
GWAS SNPs

Coding 10.1% Other 14.0%
Synonymous 5.4%
3’ UTR 3.2%
Splice 0.2%
Promoter 7.6%

0
Enhancer 59.5% Farh Nature 2015



Almost all single nucleotide variants in

Somatic mutations

Average number of SNVs

per sample

cancer are noncoding

100,000 -

10000 —

-

1,000 -

-

S

o
!

—
o

o

c | . T
o . ’

R i . . I

E’ ———— ° :

_8 ,777], ——nd -

O

=

=

0.96
" PA | AML  MB  CLL  DLBC = BRCA PRAD = PAAD = LIHC = STAD = LUAD

PA ' AML ' MB ' CLL ' DLBC [BBRGA® PRAD ' PAAD ' LIHC ' SIAD WILUADE

T | .I'R,ﬁ L | =

However, very few of these are driver mutations

Khurana
Nature
Reviews
Genetics
2016



How to link non-coding disease
SNPs to genes”?

Non-coding
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Ways a noncoding variant can
be functional

Disrupt DNA sequence motifs
— Promoters, enhancers

* Disrupt miRNA binding
Mutations in introns affect splicing
Indirect effects from the above changes

Examples in Ward and Kellis Nature Biotechnology 2012



Functional genomics from variants to genes

a Genetic association

or

Genome-wide

Matched
controls

Cases

b Variant frequency validation
GWAS variants

Reference 1000 Genomes, HapMap Project
population Haplotype Reference Consortium

Clinical NHGRI-EBI GWAS Catalog
population dbSNP

statistical association

Structural variants (e.g.,' CNV)
DGV, Decipher, dbVar

ClinVar, dbVar, OMIM, Decipher

C Functional annotation ,/.———\

. Active

Inactive
enhancer enhancer Silencer Repressor

Promoter

- Chrompsome

\
\
\
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Whole-exome (WES) variants

EXaC, Exome Variant Server

Whole-genome (WGS) variants

UK10K, 1000 Genomes
Complete Genomics

ClinVar, dbVar, Decipher, dbSNP ClinVar
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associated
genomic
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How do
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function?



Variants altering motifs

Gain of motif
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Variants affect proximal and
distal regulators

Loss or gain due to
mutations .

______________________________________

Khurana Nature Reviews Qst—trgnscriptional
Genetics 2016 regulation

12



Evidence used to prioritize
noncoding variants

Interpeting GWAS signals using functional and comparative genomics datasets

/

Dissect associated haplotype
using functional genomics

o Strongly associated
Q variants
?
v
©
ke
o
o
Qo
_1 .
Genomic position ~50 kb
Tissue 1 | |l
Tissue 2
Tissue 3 %
Tissue 4 /,_\
Tissue 5
Tissue 6

Enhancer histone marks
E Promoter histone marks
ETranscribed region marks

/"y Enhancer-gene links

Chromatin state annotations
Ward and Kellis Nature Biotechnology 2012

:

Dissect associated haplotype
using regulatory genomics

[s 5 J]

Log odds score

+A -B +E +B
=0

Enhancer motif enrichment analysis
Motif library: ABCDEF

Tissue:

DN HEWN =

Motifs altered by variants

Log odds score

Thag

Dissect associated haplotype
using comparative genomics

]

Substitutions

Constrained elements

Mammalian constraint

Phylogenetic distance
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Visualizing evidence .-RegulomeDB

Data supporting chr11:5246957 (rs33914668)

Summary of evidence — Score: 2a
Likely to affect binding

Human Feb. 2009 (GRCh37/hg19) Ehi11:5,246,757-5,247,157 (401 bp)
100 bases | | hg1g
5,246,800| 5,246,850| 5,246,300| 5,246,950/ 5,247,000| 5,247,050| 5,247,100| 5,247,150|
RefSeq Genes

GeneS Publications: Sequences in Scientific Atticles
I
H3K2Z7Ac Mark (Often Found Near Active Regllatory Elements) on 7 cell lines from ENCODE
Epigeneti —
p ge e C =~
an notat|ons \ DNasel Hypersensitivity Clusters inf125 cell types from ENCODE (V3)

Transcription Factor ChiP-seq (161 factoys) from ENCODE with Factorhook Motifs

100 vertebrates Basewisg Conservation by PhyloP
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rT"lTWTlT_I' []l‘ TT"'T["]"”PF ""'rF'nrnv-’rr'l ||r~||1-T

Conservation Boyle Genome Research 2012

Affected motifs —
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Combined Annotation—
Dependent Depletion (CADD)

« Example of an algorithm that integrates
multiple types of evidence into a single score
— Conservation
— Epigenetic information
— Protein function scores for coding variants

* Train support vector machine on simulated
and observed variants

* Variants present in simulation but not
observed are likely deleterious

Kircher Nature Genetics 2014
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Prioritizing variants with
epigenetics summary

+ Disrupted regulatory elements one of the best
understood effects of noncoding SNPs
+ Make use of extensive epigenetic datasets

+ Similar strategies have actually worked
* 1s1421085 in FTO region and obesity
« Claussnitzer New England Journal of Medicine 2015

- Epigenetic data at a genomic position is often in

the presence of the reference allele
* Don’t have measurements for the SNP allele

16



DeepSEA

e Given:

— A sequence variant and surrounding sequence
context

 Do:

— Predict TF binding, DNase hypersensitivity, and
histone modifications in multiple cell and tissue

types
— Predict variant functionality

Zhou and Troyanskaya Nature Methods 2015

17



Classifier input and output

N genomic windows

* QOutput
— 200 bp windows of genome

— Label 1 if window contains peak

— Label for each epigenetic data type '

« Multiple types of epigenetic features

« Multiple types of cells and tissues

—
[;‘r\..;a:;._-;.; " , __
H3K4me3 , M
919 v
200 bp classes

Roadmap Epigenomics
Consortium Nature 2015

* |nput: 1000 bp DNA sequence centered at window

index
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Desired properties for
epigenomic classifier

* Learn preferences of DNA-binding proteins
— Locally: “motifs”™ and other simple sequence patterns
— Sequence context: “cis-regulatory modules”

. L, DNase I-seQZOObp'_‘
« Support nonlinear decision (KWCG"SJ——L

boundaries ﬂ
Neph Nature 2012  DNA sequence (c: cp._lm_ (c: 6
* Multiple, related prediction tasks
DNase S | ST Ty B e ey 1 T S D o IR G iR s o
H3K4me3 o My 0 s Mhi B a2 w mowoa ) | — e M i

Roadmap Epigenomics Consortium Nature 2015



Neuroscience to artificial intelligence

Brain circuitry and learning
A major open question is whether the highly simplified structures of current network models compared
with cortical circuits are sufficient to capture the full range of human-like learning and cognition.
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Complex neural network Informed Al network

Connectivity in cortical networks includes rich sets Biological innate connectivity patterns provide

of connections, including local and long-range mechanisms that guide human cognitive learning.
lateral connectivity, and top-down connections Discovering similar mechanisms, by machine learning or
from high to low levels of the hierarchy. by mimicking the human brain, may prove crucial for

future artificial systems with human-like cognitive abilities.
Shimon Ullman, Science 15 Feb 2019:
Vol. 363, Issue 6428, pp. 692-693
20



Perceptron
* Inspired by neuron S

Nucleus Soma Axon terminals
(cell body)

Myelin
Sheaths P
- —

Dendrifes

« Simple binary classifier
— Linear decision boundary

Ask a biologist

Bias 1 ~\ Mo

n
1 if w0+2w,.x,. >0
X A 0=
2 i i=1
W,
[ ]

0 otherwise

Mark Craven CS 760 slides

X1,4 +++ X100, ’


https://askabiologist.asu.edu/neuron-anatomy
https://www.biostat.wisc.edu/~craven/cs760/lectures/ANNs-1.pdf

Activation function

« \WWhat makes the neuron “fire”?

— Step function
) 0 ifx<0 /() /
X) =+ -
1 1 x=0 !

— Sigmoid function

1 ) e = i e e
fO-—

e

— Rectified linear unit (RelLU)
f(x)= maX(O, x) S

Images from Wikipedia: Activation function X



https://en.wikipedia.org/wiki/Activation_function

Neural networks

Single perceptron not usetul ., —
In practice Perceptron

Input O

Neural network combines
layers of perceptrons

Output
Learn “hidden” features
Complex decision boundary Hidden layer 2
Tune weights to reduce error Hidden layer 1
Train with backpropagation nout

— Stanford’s CS231n materials
— Andrej Karpathy’s gentle introduction
— CS 760 slides

23


http://cs231n.stanford.edu/syllabus.html
http://karpathy.github.io/neuralnets/
https://www.biostat.wisc.edu/~craven/cs760/lectures/ANNs-1.pdf
https://www.biostat.wisc.edu/~craven/cs760/lectures/ANNs-2.pdf

Train NN with backpropagation

B
Output Inputs Weighted Activation Output
layer sum function
1x0.6+
~ 0x0.4+ max (0, 0.8)
0.6 1x0.2=0.8

RelLU

@ S ~
K (0 )—o—s ¥ 20V _,

0.2 —
C .
Wnaw
W'=W + nAW
S
PREDICTED TRUE 3
label label
FORWARD PROPAGATION f(x)=0.7 —?— y=0.8 :
1 Global
~ BACKWARD PROPAGATION Lw)=(0.7-0.8)2 Loss optimum

J

Christof Angermueller et al. Mol Syst Biol 2016;12:878 24



Neural network examples

Simple linear decision boundary

Linear decision boundary fails for XOR
XOR with one hidden layer
Complex, non-linear patterns

Try varying weights, hidden units, and layers
— What patterns can you learn with O hidden layers?
— 1 hidden layer?

— More?

25


http://playground.tensorflow.org/
http://playground.tensorflow.org/
http://playground.tensorflow.org/
http://playground.tensorflow.org/

First hidden layer

* First hidden layer scans input sequence
 Activation function fires if “motif” is recognized

Hidden node to recognize motif 1
in position 1 of the input sequence

X=100010000100011001000000 1

ﬂ Bias

o alt 0o0010l0000
Motif width clooo100l0o01o0
(window size) cglo11001j0101
$=6 /o 0o0oo0 00T 00O
Sequence length L AGGCAGTGCG

26



First hidden layer example

« Forward pass at the first hidden layer, input 1

Hidden node to

recognize motif 1

in position 1 of the

input sequence

For simplicity,
S=2

Input
sequence 1

HG@AOp
o|lo o r

o|r O O

o O O
o) ol e

ol O O

Current weight vector for h, ,

WO_ _—1.5_

W 2 e.g., from

wao | O PWM of a

Ws 0.4 .
W=lw,|=]|02 motif

Ws -1.7

W 3

| Wg | | 0.3 ]

Weights times input
w-x' =—1.5+424+3=3.5

Apply RelLU activation function
max(0,3.5) =3.5

27



First hidden layer example

* Forward pass at the first hidden layer, input 2

Hidden node to
recognize motif 1

in position 1 of the

input sequence

Input
sequence 2

HG@AOp
o|r o o

o|r O O

oO|O0O +» O

RO O O
ol O O

Current weight vector for h, ,

Wy -1.5
w 2
w, 0.1
w; 0.4
W=|w,|=|02
Ws —-1.7
W 3
| Wg | | 0.3 ]

Weights times input
w-x?=-15-1.7+3=-0.2

Apply RelLU activation function
max(0,-0.2) =0

28



First hidden layer

« Multiple hidden nodes to recognize different
motifs at a particular position

» Check for motif at each position in sequence
A hidden node W =L — s + 1 starting positions

— with its own
weight vector

D motifs or
“filters”
(hidden layer ---

depth)

H@QOQp
H@QOQp
©oOoor




First hidden layer example

* Next filter applied to input 1

Hidden node to

recognize motif 2

in position 1 of the

input sequence

Input
sequence 1

HG@AOp
o|lo o r

o|r O O

o O O
o) ol e

ol O O

Current weight vector for h, ,

Wy 0.5
w 0.4
W, 2.6
Wy 0.1
W=|w,|=]03
Ws 0.6
W 0.3
Wy
R

Weights times input
w-x' =0.5+0.4+03=1.2

Apply RelLU activation function
max(0,1.2)=1.2

30



First layer problems

 We already have a /ot of parameters
— Each hidden node has its own weight vector

« We're attempting to learn different motifs
(filters) at each starting position

— D*W hidden nodes

31



Convolutional layers

* |nput sequence and hidden layer as matrices

« Share parameters for all hidden nodes in a row
— Search for same motif at different starting positions

Shared
weight

vector for @ @ @
all nodes

in a row

e

HG@Op

O oOoOoOomr
o r OO

o r OO
ool e
o oor
o r OO
R O O O
o r OO
ool e
o r OO

DXW

ﬂj‘}'

b

(N
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Pooling layers

« Account for sequence context

* Multiple motif matches in a cis-regulatory
module

« Search for patterns at a higher spatial scale
— Fire if motif detected anywhere within a window

33



Convolution and Pooling

A

Input image Convolutional layer

Pooling layer Fully connected

\ v / layers
Feature maps xN o
Receptive | 3]
field 1 o O
| O -0
o O
O
Discrete T~ 1% O
convolution | | [y E 8 8
Max O Ol >
| pooling o o
| o O
o O
o O
O. aas .O
o O
o O
o [9

e )
7

B Discrete convolution C
1]2|3
2 34
3

2x0+
1x0+
2x1=3

5/ 7]

7|3
1x1-ll- 3 5
L—
3

Christof Angermueller et al. Mol Syst Biol 2016;12:878

Max pooling

max({1,2,1,2})=2

Output layer

0.01 Cytoplasm

[0.96 Cell periphery ]

0.01 Vacuole

34



Convolution and pooling operators are stacked,
thereby creating a deep network for image analysis

0.96 Cell periphery

o
o
(¢} o () 5 o - S . 0.01 Cytoplasm
g > gl> g > 3> 5> g>HH—> :
< — < - < - %~<
= 0.01 Vacuole
4" ' ',"

4
!
\

-

"

4
[ 4
1 1 1
\ \

N |
u. L
e i i =

Christof Angermueller et al. Mol Syst Biol 2016;12:878

molecular

systenss
) biology

© as stated in the article, figure or figure legend



A pre-trained network can be used as a
generic feature extractor

First layer features

Third layer features

= .
In top right? | ...

. In bottom right?

In top left?
0.21 0.24 0.01
m 0.02 0.01 0.25
- 0.01 0.03 0.19

Christof Angermueller et al. Mol Syst Biol 2016;12:878

© as stated in the article, figure or figure legend

In left?

n In right?

: ! In bottom?

2.51 0.02 2.92
0.03 0.01 0.02
0.01 0.01

2 -

molecular

syster)s

b

iology



Pooling layers

« Take max over window of 4 hidden nodes

D X (W] 4)

Wl

DXW

8
,

37



Subsequent hidden layers

* Next convolutional hidden layer on top of

pooling layer

D' is new number of
patterns

ia

s'Is new window size
W'=W/4)-s'+1 ID

Once again,
shared weight

vector for all ~—

nodes in a row

[DF'

e

o

Lo

D'X W'

D X (W / 4)
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Full DeepSEA neural network

* Multitask output makes simultaneous
prediction for each type of epigenetic data

« RelLU activations

919 classes

Fully connected layer

Pooling layer

Convolutional layer

Pooling layer

Convolutional layer

Pooling layer

Convolutional layer
Input sequence

39



Predicting epigenetic annotations

« Compute median AUROC for three types of

classes
Transcription factors DNase I-hypersensitive sites Histone marks
1.00 1.00 — 1.00
8 0.75 - 3 0.75- 8 0.75 -
2 | 2 2
2 050§ % 0.50 — @ 0.50 - Wy
O o (@]
Q. Q. Q.
¢ g g
= 0.25 - = 025+ = 0.25 -
0.958 0.923 0.856
0= 0= 0 -
| | 1 I I I | I | | I | | I I
0 025 050 0.75 1.00 0 025 050 075 1.00 0 025 050 0.75 1.00
False positive rate False positive rate False positive rate

Zhou and Troyanskaya Nature Methods 2015
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Predicting functional variants

« Can predict epigenetic signal for any novel
variant (SNP, insertion, deletion)

* Define novel features to classify variant
functionality

— Difference in probability of signal for reference and
alternative allele

« Train on SNPs annotated as regulatory variants in
GWAS and eQTL databases

41



Predicting functional variants

Boosted logistic
regression

Probability Output

T

Boosted logistic
regression classifier

T

Take absolute value, concatenate, and standardize features (1842 features)

Evolutionary conservation Absolute differencefeatures Relative difference

scores
(PhastCons, PhyloP,
GERP++ neural evolution
and rejected substitution
scores)

-

(919 features) features (919 features)
; P(reference)
P(reference) - P(alternative) log m
Predicted chromatin Predicted chromatin
features for features for
reference allele altemative allele

DeepSEA model

T

1000bp flanking genomic sequences with each allele

!

Zhou and Troyanskaya Nature Methods 2015

I
VariantInput

Conservation
and predicted
epigenetic
impact of
variant as
features



Principles of using neural networks for predicting
molecular traits from DNA sequence

A B Input 1st convolution 2nd convolution Fully Output
Within-individual sequence layer layer connected layer
variation layers
< > - v .
Locus 1 Locus 2 Locus 3 L . t‘:‘_l o
Individual 1 § 4 IRl cec o)
N -
. ATGC[TATTACGCCTGCCG.. A 8
T Between- c g S
o individual G _ S —> o
Individual 2 PR N i (O8N g N variation c| Convolution T~ D Pooling + S
.ATGclraTadcccTGCCG.. c — Convolution o
ANOVA ] — 8 5
naividual 3 eQTL Tl i IS
ndividua A/\/M/\M“\/\/ o | o /
...ATGCTATACGbC'II.'GCCG‘.. v aWilvée
t
ChIP-seq
peak
C D
Wild type g C C
T Wild type Motif < ZC
a response T
T
a g >@ @ ATGGCGCcGCcTG CGC
c Sequence TCACCGCGCCT
G \ alignment CTTCCGCCGTA
c ..QQC.J'TA O GTGGGGGTTT Active
c i’ \ Variant
score
Mutant N /
T g @ E A
A O / |
T 3 WT L S a
A = §i ( @ O coTaaacOClT v CTTcCCTGGA
G® 9 Deleterious :é 2
G . O | Mten ! u .
c Snt, (g response . >T
c ’ Normal g9

_ _ _ _ molecular 43
© as stated in the article, figure or figure legend  Christof Angermueller et al. Mol Syst Biol 2016;12:878 S e logy




DeepSEA summary

Ability to predict how unseen variants affect
regulatory elements

Accounts for sequence context of motif
Parameter sharing with convolutional layers

Multitask learning to improve hidden layer
representations

Does not extend to new types of cells and
tissues

AUROC is misleading for evaluating genome-
wide epigenetic predictions

44



Predicting new TF-cell type pairs

Training data < DeepSEA cannot predict

Cell type pairs not present in training

OO W >» >» >r

data

1
2 — Can predict TF Ain cell type 1
3 — Not TF Ain cell type 4
3
‘11  New methods can
4 — TFImpute
— FactorNet

— Virtual ChIP-seq

45


http://doi.org/10.1371/journal.pcbi.1005403
https://doi.org/10.1101/151274
https://doi.org/10.1101/168419

Deep learning is rampant in
biology and medicine

Network interpretation: DeepLIFT
Protein structure prediction

Cell lineage prediction

Variant calling

Model zoo: Kipoi

Comprehensive review: deep-review

46


https://arxiv.org/abs/1704.02685
https://doi.org/10.1101/265231
https://doi.org/10.1038/nmeth.4182
https://doi.org/10.1101/092890
http://kipoi.org/
https://github.com/greenelab/deep-review

Reading list

Deep learning for computational biology
— http://msb.embopress.org/content/12/7/878

Predicting the sequence specificities of
DNA- and RNA-binding proteins by deep
learning

— https://www.nature.com/articles/nbt.3300

https://github.com/hussius/deeplearning-
biology

The Incredible Convergence Of Deep
Learning And Genomics

47


https://www.nature.com/articles/nbt.3300
https://github.com/hussius/deeplearning-biology
https://github.com/hussius/deeplearning-biology
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwjAm_Tbx-bXAhXCmOAKHUKrCxoQFggvMAA&url=https%3A%2F%2Fhackernoon.com%2Fthe-incredible-convergence-of-deep-learning-and-genomics-2f86838ecb7d&usg=AOvVaw396yBQW0RO9jYdWP_jcX8H
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwjAm_Tbx-bXAhXCmOAKHUKrCxoQFggvMAA&url=https%3A%2F%2Fhackernoon.com%2Fthe-incredible-convergence-of-deep-learning-and-genomics-2f86838ecb7d&usg=AOvVaw396yBQW0RO9jYdWP_jcX8H

The Incredible Convergence Of Deep
Learning And Genomics

/ /37 Deep Learning
— ey '

Fundamental Disease/Patient
} Biology Studies Categorization
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Data normalization for and
pre-processing for deep neural networks
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Overview of existing deep learning
frameworks, comparing four widely used
software solutions
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THE CHROMPUTER

Integrating 1D, 2D signals, and sequence to predict multiple outputs
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How to train your DragoNN

 https://drive.google.com/file/d/0B4Yo77Kh QeeaXZKQUtZW|NrWkE
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L~ usage: dragonn [-h] {train,test,predict,interpret}

IPython Notebook Command Line

Tutorials Interface

DragoNN

main script for DragoNN modeling of sequence data.

positional arguments:

dragonn command help

TensorFlow Theano train model training help
test model testing help
CPU GPU predict model prediction help
interpret model interpretation help
Locally or on the cloud
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