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Population sequencing to identify disease-associated genetic variants

The Number of Human Genomes Sequenced (log scale)
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Millions of common and rare genetic variants found in human population
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Genetic variants associated with Alzheimer’s disease
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TGCCAAGCAGCAAAGTTTTGCTGCTGTTTATTTTTGTAGCTCTTACTATATTCT
ACTTTTACCATTGAAAATATTGAGGAAGTTATTTATATTTCTATTTTTTATATAT
TATATATTTTATGTATTTTAATATTACTATTACACATAATTATTTTTTATATATATGA
AGTACCAATGACTTCCTTTTCCAGAGCAATAATGAAATTTCACAGTATGAAA
ATGGAAGAAATCAATAAAATTATACGTGACCTGTGGCGAAGTACCTATCGTG
GACAAGGTGAGTACCATGGTGTATCACAAATGCTCTTTCCAAAGCCCTCTCC
GCAGCTCTTCCCCTTATGACCTCTCATCATGCCAGCATTACCTCCCTGGACCC
CTTTCTAAGCATGTCTTTGAGATTTTCTAAGAATTCTTATCTTGGCAACATCTT
GTAGCAAGAAAATGTAAAGTTTTCTGTTCCAGAGCCTAACAGGACTTACATA
TTTGACTGCAGTAGGCATTATATTTAGCTGATGACATAATAGGTTCTGTCATA
GTGTAGATAGGGATAAGCCAAAATGCAATAAGAAAAACCATCCAGAGGAA
ACTCTTTTTTTTTTCTTTTTCTTTTTTTTTTTTCCAGATGGAGTCTCGCACTTC
TCTGTCACCCGGGCTGGAGCGCAGTGGTGCAATCTTGGCTCACTGCAACCT
CCACCTCCTGGGTTCAGGTGATTCTCCCACCTCAGCCTCCCGAGTAGTAGCT
GGAATTACAGGTGCGCGCTCCCACACCTGGCTAATTTTTTGTATTCTTAGTA
GAGATGGGGTTTCACCATGTTGGCCAGGCTGGTCTCAAACTCCTGCCCTCA
GGTGATCTGCCCACCTTGGCCTCCCAGTGTTGGGTTTACAGGCGTGAGCCA
CCGCGCCTGGCCTGGAGGAAACTCTTAACAGGGAAACTAAGAAAGAGTTG
AGGCTGAGGAACTGGGGCATCTGGGTTGCTTCTGGCCAGACCACCAGGCT
CTTGAATCCTCCCAGCCAGAGAAAGAGTTTCCACACCAGCCATTGTTTTCCT
CTGGTAATGTCAGCCTCATCTGTTGTTCCTAGGCTTACTTGATATGTTTGTAA
ATGACAAAAGGCTACAGAGCATAGGTTCCTCTAAAATATTCTTCTTCCTGTGT
CAGATATTGAATACATAGAAATACGGTCTGATGCCGATGAAAATGTATCAGCT
TCTGATAAAAGGCGGAATTATAACTACCGAGTGGTGATGCTGAAGGGAGAC
ACAGCCTTGGATATGCGAGGACGATGCAGTGCTGGACAAAAGGCAGGTAT
CTCAAAAGCCTGGGGAGCCAACTCACCCAAGTAACTGAAAGAGAGAAACA
AACATCAGTGCAGTGGAAGCACCCAAGGCTACACCTGAATGGTGGGAAGC
TCTTTGCTGCTATATAAAATGAATCAGGCTCAGCTACTATTATT ............

Decoding genome function

~ 3 billion nucleotides



TGCCAAGCAGCAAAGTTTTGCTGCTGTTTATTTTTGTAGCTCTTACTATATTCT
ACTTTTACCATTGAAAATATTGAGGAAGTTATTTATATTTCTATTTTTTATATAT
TATATATTTTATGTATTTTAATATTACTATTACACATAATTATTTTTTATATATATGA
AGTACCAATGACTTCCTTTTCCAGAGCAATAATGAAATTTCACAGTATGAAA
ATGGAAGAAATCAATAAAATTATAWCCTGTGGCGAAGTACCTATCGTG

GACAAGGTGAGTACCATGGTGTA @o AAATGCTCTTTCCAAAGCCCTCTCC
GCAGCTCTTCCCCTTATGACCTCTCATCATGCCAGCATTACCTCCCTGGACCC
CTTTCTAAGCATGTCTTTGAGATTTTCTAAGAATTCTTATCTTGGCAACATCTT
GTAGCAAGAAAATGTAAAGTTTTCTGTTCCAGAGCCTAACAGGACTTACATA
TTTGACTGCAGTAGGCATTATATTTAGCTGATGACATAATAG ATA
GTGTAGATAGGGATAAGCCAAAATGCAATAAGAAAAACCA
ACTCTTTTTTTTTTCTTTTTCTTTTTTTTITTTTCCAGATGGAGTCTCGCACTTC
TCTGTCACCCGGGCTGGAGCGCAGTGGTGCAATCTTGGCTCACTGCAACCT
CCACCTCCTGGGTTCAGGTGATTCTCCCACCTCAGCCTCCCGAGTAGTAGCT
GGAATTACAGGTGCGCGCTCCCACACCTGGCTAATTTTTTGTATTCTTAGTA
GAGATGGGGTTTCACCATGTTGGCCAGGCTGGTCTCAAACTCCTGCCCTCA
GGTGATCTGCCCACCTTGGCCTCCCAGTGTTGGGTTTACAGGCGTGAGCCA
CCGCGCCTGGCCTGGAGGAAACTCTTAACAGGGAAACTAAGAAAGAGTTG
AGGCTGAGGAACTGGGGCATCTGGGTTGCTTCTGGCCAGACCACCAGGCT
CTTGAATCCTCCCAGCCAGAGAAAGAGTTTCCACACCAGCCATTGTTTTCCT
CTGGTAATGTCAGCCTCATCTGTTGTTCCTAGGCTTACTTGATATGTTTGTAA
ATGACAAAAGGCTACAGAGCATAGGTTCCTCTAAAATATTCTTCTTCCTGTGT
CAGATATTGAATACATAGAAATACGGTCTGATGCCGATGAAAATGTATCAGCT
TCTGATAAAAGGCGGAATTATAACTACCGAGTGGTGATGCTGAAGGGAGAC
ACAGCCTTGGATATGCGAGGACGATGCAGTGCTGGACAAAAGGCAGGTAT
CTCAAAAGCCTGGGGAGCCAACTCACCCAAGTAACTGAAAGAGAGAAACA
AACATCAGTGCAGTGGAAGCACCCAAGGCTACACCTGAATGGTGGGAAGC
TCTTTGCTGCTATATAAAATGAATCAGGCTCAGCTACTATTATT ............

Decoding genome function

Function?

~ 3 billion nucleotides



ACCAGTTACGACGG
TCAGGGTACTGATA
CCCCAAACCGTTGA
CCGCATTTACAGAC
GGGGTTTGGGTTTT
GCCCCACACAGGTA
CGTTAGCTACTGGT
TTAGCAATTTACCG
TTACAACGTTTACA
GGGTTACGGTTGGG
ATTTGAAAAAAAGT
TTGAGTTGGTTTTT
TCACGGTAGAACGT
ACCTTACAAA............

Spleen m— /
B 4 /

Esophagus m-.
Heart m ™

Aorna G

Left ventricle
Right ventricle
ight atrium

_~1 Spinal cord

: Brain m—
ingul r
Cingulate gyrus = Stomach

= N g A
Hippocampus middle \\_:ﬂ\«\

/'/> e .
PN Brainm _ eon.
3 ———— Angular gyrus = \\_;cj:‘ﬁ’:‘g_
Anterior caudate m— \ o
,.’:I 4 '"’
It 'U “
TN

Thymus »—__

; =\ S N Adrenal
Thymus =g Inferior temporal lobe s.\\ Hggg -— 49 7 ROR sl
Lung Substantia Nigra s, |t i e e PURH Right. Lof
Adipose m— ) Dotrslocl:atﬁral w |G Aghi Le # " Renal paivis
Breast m— refrontal Lortex | T4 Cord blood m-§ 1 ———
Myorpihete Blood \ A\ BCels(CDI%+) | j| = Smallintestine
Progenitor enriched B oL (GOMs) i 7o ‘E.D"*’ y1 = Large intestine
Luminal epithetia 74 I of ’ §CKgac T-Cells (CD3+, CD4+, CD8+) iver — ; Skeletal muscle
DUOdenum mucosa =~ g £ r:l" > . - SR gg:aggytes (CD15+) //. Back, Trunk, Arm, Leg
Liver ;" g i NK-Cells (CD56+)

g7 Gonad

Stomach mucosa Ovaries, Testes

Sigmoid colon
zn =& Ovary
E Colon

smooth muscle

mucosa

/]

Kidney = /¢ '

Pancreas // r
Small intestine-/ //
I/ S/

‘ Osteoblasts
Rectum

Psoas muscle smooth muscle Germinal matrix
mucosa
Muscle w”
iPS cells
6.9, 18¢c, 19.11, 20b, 15b
Trophoblast
ES cell lines

H1, H9, I3, WA7, HUESS6,
HUES48, HUES64, 4star

Neuronal progenitors
Mesodermal progenitors
Mesenchymal stem cells

Ectoderm
Endoderm m

= Skin

Ganglion Eminence : )
derived primary Marrow derived = Skin keratinocyte

cultured neurospheres mesenchymal cells Skin fibroblasts

—= Cortex derived primary = Chondrocytes —m Skin melanocytes
cultured neurospheres

http.//www.roadmapepigenomics.org/



chromatin fiber
DNA

nucleosome

https://www.broadinstitute.org/news/1504

Repressed gene

Control elements

Active gene

N,

Protein




chromatin fiber

\

DNA

nucleus

nucleosome

https://www.broadinstitute.org/news/1504

Repressed gene

Control elements

Active gene

Protein



chromatin fiber

\

DNA

nucleus

N
=)

(s ,
— 2N

WA nucleosome

”/lmlli\\\\“ c

Repressed gene A Active gene

Protein

https://www.broadinstitute.org/news/1504 Control elements



B
B

chromatin fiber - h
: /"“" i ™ !

nucleus

N
=)

(s ,
— 2N

WA nucleosome

”/lmlli\\\\“ c

Repressed gene A Active gene

Protein

https://www.broadinstitute.org/news/1504 Control elements



chromatin fiber

\

nucleus

nucleosome
Repressed gene

https://www.broadinstitute.org/news/1504

Control elements

1YY Active gene

Protein



chromatin fiber

\

Y
A "™ A

nucleus

s |
G N * N\

g — nucleosome
Im“m““‘l T

https://www.broadinstitute.org/news/1504

Repressed gene

Control elements

‘I ‘I ‘IV

Active gene

Protein



chromatin fiber | ' h
: A i "™ !

\

nucleus

i.anss/ " _ \ i o .

) nucleosome
WA Repressed gene i I\ 1YY Active gene

4 “‘ bk Lh REE N
%ﬂlﬂ\\\“ c

Protein

https://www.broadinstitute.org/news/1504 Control elements



Esophagus m-.

_~+1 Spinal cord
4 Stomach

/ rm Adrenal

= Kidney.

4 R N Brain m
3 — Angular gyrus = @
Anterior caudate = \ 2
= Brain m—

Cingulate gyrus =
Hippocampus middle = @ Thymus =~
nferior temporal lobe m \ Heart m—

“\_Substantia Nigra m \ <%
~— Dorsolateral = |GEEDH
Prefrontal Cortex <

“a Blood ) BCels

T-Cells (CD3+|

8+) @ Liver

\ Spleen
@ Placenta m-

-1 Osteoblasts //

goem, |

L= Germinal matrix

® o ¢
7 R
® o O
A S \
[ A @ / ‘

/ |
Ganglion Eminence = Skin

derived primary -m Marrow derived = Skin keratinocyte —
cultured neurospheres mesenchymal cells # Skin fibroblasts

Cortex derived primary ~ —= Chondrocytes # Skin melanocytes
cultured neurospheres

-= Small intestine

= Large intestine

_~m Skeletal muscle
Back, Trunk, Arm, Leg

ithelial
HMEC

Duodenum mucosa =

Liver m~

Spleen m—~

Duodenum smooth muscle =~
Stomach m(”’

=

& Gonad_
= Stomach mucosa Ovacion, Tosies
~a Sigmoid colon

Kidney =~
Pancreas =/
Small intestine w/
Psoas muscle =~
Muscle =

iPS cells m-———— gammn
8¢, 19.11, 20b, 15t 4

»
»

Trophoblast =
ES cell lines m
H1 HJ‘\? WA EEE

HUES48 dstar
Neuronal progenitors m- 28
Mesodermal progenitors m———
Mesenchymal stem cells =——— @
Ectoderm m

Endoderm

100s of Cell-Types/Tissues

S EEELELIITLERT ),

1

Q
Q Decoding regulatory

2 i,

cell states / tissues / individualc

HNA

Predicting functional
genetic variant &
mutations

~
——— @ ~
s&s S DNA sequence
TERRSS S S Machine learnin
R S T g
R g models
..g"\wh NS
-‘(ﬁ&t l\Q
1S
E

Dunham, Kundaje et al. 2012 Nature

Kundaje et al. 2015 Nature



Benign

Risk



h S

Control elements Gene
(Non-coding variants) (Coding variant)

Benign

Risk

® Coding = Non-coding



Decoding syntax of regulatory DNA

Ziga Avsec Avanti Shrikumar
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High-resolution ‘shapes’ of experimental profiles capture exquisite
information about protein-DNA contacts

Protein-DNA binding expt.

+
+200bp

Distribution of stranded tag 5’ positions
around binding event (bp)

DNA accessibility experiments
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Distribution of tag 5’ positions
around binding event (bp)

https://doi.org/10.3109/10409238.2015.1051505
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Predictive model of regulatory DNA

Transcription factor ChIP-seq data OR chromatin accessibility (DNase-seq / ATAC-seq data)
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Transcription factor ChIP-seq data OR chromatin accessibility (DNase-seq / ATAC-seq data)
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Deep learning framework for decoding regulatory DNA
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Deep learning framework for decoding regulatory DNA

i -

\[//
OO00000O0000QO000000000

T —— Ad o d
W

OOOOOOOOO OBO000000000
elolol0l0l0 0l0l0l0l0l0l0 0 0 0 000 0
\

§

oo-oo..oo-;oooodoooo

/
0000000000 QO00000000

iAl CATAACAAA Ea k\

Ziga Avsec

Alex Tseng

Anna Shcherbina

CACATC-CATAACAAA TGC - G
Avsec et al. 2021, Nature Genetics BPNEt Deele FT, FaStISM, YUZU | |
Shrikumar et al. 2017, ICML . . . . . .
Tseng et al. 2020, NeurlPS (maps sequence to base-resolution profiles) (infers contribution of every base in each lacob Schreib
Nair et al, 2022, Bioinformatics One model for every expt. control sequence thru lens of model)

Schreiber et al. 2022, Biorxiv



TF-MoDISCO: Consolidate predictive subsequences into non-
redundant motif representations
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TF-MoDISCO: Consolidate predictive subsequences into non-
redundant motif representations
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TF-MoDISCO: Consolidate predictive subsequences into non-
redundant motif representations
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TF-MoDISCO: Consolidate predictive subsequences into non-
redundant motif representations
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All representative motifs
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Syntax discovery using in-silico perturbations

Use BPNet model as in-silico oracle to perform perturbation experiments

1) On synthetic sequences
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Syntax discovery using in-silico perturbations

Use BPNet model as in-silico oracle to perform perturbation experiments

1) On synthetic sequences 2) By mutating genomic sequences
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Syntax discovery using in-silico perturbations

Use BPNet model as in-silico oracle to perform perturbation experiments
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1) On synthetic sequences 2) By mutating genomic sequences

In silico biochemistry In silico genetics
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in-silico genome editing: Deciphering syntax by perturbing genomic
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in-silico genome editing: Deciphering syntax by perturbing genomic

sequences
>0 bp a > Oct4
distal enhancer
TF1 TF2 TF1 TF2 TFA1 TF2
wild-type —L[ L:[ Amotif1 =T ‘—v Amotif2 —Lli—tzif
A 1
Oct4-Sox2 Nanog Ogb#+<Sox2Nanog Oct4-Sox2 Nastg
6.51 nexus
pred. 0 R —_—N
Oct4 0.3
indi 2118 i i
blndlng 0__,_‘ S ,‘_,L,:é;[&{_m_l_‘_w.m._:,.;:... — I S —— — ;__L_Jhg_cé:T_&Tm_lqﬂ s —
6.51 nexus .
pred_ O_Mm —————— e
Nanog | 0.3, g |
NN g ke e e ke
0 30 60 0 30 60 0 30 60

chr17:35504030-35504090 from distal Oct4 enhancer



in-silico genome editing: Deciphering syntax by perturbing genomic

sequences
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Designing CRISPR experiments to validate motif syntax
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Designing CRISPR experiments to validate motif syntax
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Designing CRISPR experiments to validate motif syntax
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In-silico mutagenesis: Predict effect of genetic variant on molecular activity

Predicted molecular profile of protein-DNA binding
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In-silico mutagenesis: Predict effect of genetic variant on molecular activity

APredictedSignal
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Interpret disrupted predictive sequence syntax

Predicted molecular profile of protein-DNA binding
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Genetic variants associated with Alzheimer’s disease
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Problem: Which variant in the disease-associated locus is causal & what does it do?

% DL AATACGATATTAGCAAATAAACGATALGTATACAAATCGTATTAC
LA ATACGC TATTAGCAAGTAAACGATALGATACAAATCGTATTAC

% Lo AATACGATATTAGLAACTAAACGATAGTATACAAATCUGTATTAC
Lo AATACGATATTAG AAATAAACGATAGTATACAAATUGTATTAC

% LA ATACGATATTAGCAAGTAAACGATALGTATACAAATCGTATTAC
LA A TACGC TATTAGCAAGTAAACGATALGATACAAATCGTATTAC

Controls

% LA ATACGC TATTAGCAAGTAAACGATAGTATACAAATCGTATTAC
LA ATACGC TATTAGCAAGTAAACGATAGTATACAAATCGTATTAC

% GOl AATACGCTATTAG AAATAAACGATAGTATACAAATCUGTATTAC
GO AATACGATATTAG AAATAAACGATAGLGATACAAATUGTATTAC

% Lo AATACGC TATTAGLAAGCTAAACGATAGTATACAAATCUGTATTAC
Lo AATACGC TATTAGLAAATAAACGATAGTATACAAATCUGTATTAC

( I % . Perfect Correlation
X

=> same P-value!




The brain is a complex tissue with many different cell types
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Computationally deciphering cell types in the brain
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Computationally deciphering cell types in the brain
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Molecular profiling of cell types in the brain
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Molecular profiling of cell types in the brain
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APredicted signal
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Predicting and interpreting causal AD variants
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Predicting and interpreting causal AD variants
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Predicting and interpreting causal AD variants
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Predicting and interpreting causal AD variants
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Predicting and interpreting causal AD variants
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Genetic variant rs1237999 disrupts a sequence motif of the FOS protein in a control element of the PICALM
gene in oligodendrocyte cells in the brain



Predicting de-novo non-coding mutations in congenital heart disease
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Predicting de-novo non-coding mutations in congenital heart disease
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Summary

* Large-scale molecular profiling datasets => decipher genome
function

* Neural networks can map DNA sequence to molecular profiles
with unprecedented accuracy

* Models can be interpreted to decipher functional DNA letters,
words and syntax

* Models can be used to decipher disease-associated mutations

* Prec

* Prec

ictions are validated by genome editing experiments
ictions can provide clues for therapeutic interventions
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