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Population sequencing to identify disease-associated genetic variants
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Millions of common and rare genetic variants found in human population



Population sequencing to identify disease-associated genetic variants

The Number of Human Genomes Sequenced (log scale)

Genomes Sequenced M Moore's Law Forecast Historic Rate Forecast B Y _ _'u-.L 111 : El L Tl'-'.!.l'—'.!.l'—'l.l GATAGTATA HHHT': GTATTAI
100,000,000,000 Tens of billions " L AATACH AL A A AT AGGCATACAAATCGTATTAC
10,000,000,000 4 BILLION 2 :' A ACTAAACGATAGTATACAAATCGTATTA
= . 1 —
500000000 o e CAAATAAACGATAGTATA HHHTLuTHTTHL
& 5 GTAAACGATAGTATACAAATCGTATTA
100,000,000 s MILLION . -
P STAAACGATAGE CAMATCGTATTA
10,000,000
'_' 1 ;' i :II
1,000,000 - 600,000 TACAAATCGTATTAC
: ATA ﬂHﬂTLuT TTAl
100,000 40,000
CATAGTATACAAATCGTATTA
10,000 ) - I . —_
Human Genomes Human Genomes Human Genomes Human Genomes Human Genomes Lalal I als H-H-H-THH-H- TH-I—"I—"H-T HHHTI-_-I-_"THTTHI_
Sequenced Sequenced Sequenced Sequenced Sequenced
2001-2013 2014 2015 2020 2025 [ ) [ [ [ [ THI_HHHTI_I_‘IT TT-- [
Source: National Human Genome Research Institute (NHGRI), ARK Investment Management LLC [ - [ . " . . . |: J.:l'j. TI: I:IT TT

Statistically

l significant
—_ . association?
GAII GA IIx HiSeq 2500
1.6 billion bp per day 5 billion bp per day 60 billion bp per day

(2008) (2009) (2012) Oxford Nanopore
ac technology

Millions of common and rare genetic variants found in human population



TGCCAAGCAGCAAAGTTTTGCTGCTGTTTATTTTTGTAGCTCTTACTATATTCT
ACTTTTACCATTGAAAATATTGAGGAAGTTATTTATATTTCTATTTTTTATATAT
TATATATTTTATGTATTTTAATATTACTATTACACATAATTATTTTTTATATATATGA
AGTACCAATGACTTCCTTTTCCAGAGCAATAATGAAATTTCACAGTATGAAA
ATGGAAGAAATCAATAAAATTATACGLGACCTGTGGCGAAGTACCTATCGTG
GACAAGGTGAGTACCATGGTGTATCAQAAATGCTCTTTCCAAAGCCCTCTCC
GCAGCTCTTCCCCTTATGACCTCTCATCATGCCAGCATTACCTCCCTGGACCC
CTTTCTAAGCATGTCTTTGAGATTTTCTAAGAATTCTTATCTTGGCAACATCTT
GTAGCAAGAAAATGTAAAGTTTTCTGTTCCAGAGCCTAACAGGACTTACATA
TTTGACTGCAGTAGGCATTATATTTAGCTGATGACATAATAGGTTCTGTCATA
GTGTAGATAGGGATAAGCCAAAATGCAATAAGAAAAACCATCCAGAGGAA
ACTCTTTTTTTTTTCTTTTTCTTTTTTTTTTTTCCAGATGGAGTCTCGCACTTC
TCTGTCACCCGGGCTGGAGCGCAGTGGTGCAATCTTGGCTCACTGCAACCT
CCACCTCCTGGGTTCAGGTGATTCTCCCACCTCAGCCTCCCGAGTAGTAGCT
GGAATTACAGGTGCGCGCTCCCACACCTGGCTAATTTTTTGTATTCTTAGTA
GAGATGGGGTTTCACCATGTTGGCCAGGCTGGTCTCAAACTCCTGCCCTCA
GGTGATCTGCCCACCTTGGCCTCCCAGTGTTGGGTTTACAGGCGTGAGCCA
CCGCGCCTGGCCTGGAGGAAACTCTTAACAGGGAAACTAAGAAAGAGTTG
AGGCTGAGGAACTGGGGCATCTGGGTTGCTTCTGGCCAGACCACCAGGCT
CTTGAATCCTCCCAGCCAGAGAAAGAGTTTCCACACCAGCCATTGTTTTCCT
CTGGTAATGTCAGCCTCATCTGTTGTTCCTAGGCTTACTTGATATGTTTGTAA
ATGACAAAAGGCTACAGAGCATAGGTTCCTCTAAAATATTCTTCTTCCTGTGT
CAGATATTGAATACATAGAAATACGGTCTGATGCCGATGAAAATGTATCAGCT
TCTGATAAAAGGCGGAATTATAACTACCGAGTGGTGATGCTGAAGGGAGAC
ACAGCCTTGGATATGCGAGGACGATGCAGTGCTGGACAAAAGGCAGGTAT
CTCAAAAGCCTGGGGAGCCAACTCACCCAAGTAACTGAAAGAGAGAAACA
AACATCAGTGCAGTGGAAGCACCCAAGGCTACACCTGAATGGTGGGAAGC
TCTTTGCTGCTATATAAAATGAATCAGGCTCAGCTACTATTATT ............

What is the functional
consequence of genetic
variants?
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ACCAGTTACGACGG
TCAGGGTACTGATA
CCCCAAACCGTTGA
CCGCATTTACAGAC
GGGGTTTGGGTTTT
GCCCCACACAGGTA
CGTTAGCTACTGGT
TTAGCAATTTACCG
TTACAACGTTTACA
GGGTTACGGTTGGG
ATTTGAAAAAAAGT
TTGAGTTGGTTTTT
TCACGGTAGAACGT
ACCTTACAAA............
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Deep learning framework for decoding regulatory DNA
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TF-MoDISCO: Consolidate predictive subsequences into non-
redundant motif representations

|_
b
@ Sequence 1
Q n
Ql_.c _G_m%cj_ﬁ . f_,cig, {MCTGQ&A_.L[C_CCL_TC(LT TAT C'[_W C‘LLJ G
L
2 Sequence 2
g e (s, I or &HL
Ol 7 }{TJ:E TY:Z Tu e e Syt L s 'hccc‘ C‘HT YA *l‘ﬂ}—w-’c“
I_ [
—
e Alex Tsen
Q. M Sequence 3 g
)
8 | __c_CL_l_c‘CL.TT_ . *_Fr‘j_CLTTyATH m TY C Cz‘; CJC______,__, _,,c T T TCML}‘C

Shrikumar et al. 2018
Avsec et al. Nature Genetics 2021



TF-MoDISCO: Consolidate predictive subsequences into non-
redundant motif representations
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TF-MoDISCO: Consolidate predictive subsequences into non-
redundant motif representations

[ |
|
I A
L[ ) TCLT L ” "
L Al G &H“
__C_ [’l il
Tchnuﬁh K,

Alex Tseng

Shrikumar et al. 2018
Avsec et al. Nature Genetics 2021



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

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

_ S N

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
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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
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Interpret disrupted predictive sequence syntax

Predicted molecular profile of protein-DNA binding
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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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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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gene in oligodendrocyte cells in the brain



Predicting de-novo mutations in
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Predicting de-novo mutations in congenital heart disease
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Predicting de-novo mutations in congenital heart disease
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About

Models

R Kipoi

*Kipoi: Model zoo for genomics
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Kipoi (pronounce: kipi; from the Greek krfjol: gardens) is an APl and a

repository of ready-to-use trained models for regulatory genomics. It currently

contains 1709 different models, covering canonical predictive tasks in

transcriptional and post-transcriptional gene regulation. Kipoi's APl is

implemented as a python package (github.com/kipoi/kipoi) and it is also

accessible from the command line or R.

Numbers

# of models: 1709

# of model groups: 16

# of contributors: &

# of model groups supporting postprocessing:

» Variant effect prediction: 11/16

Model groups by tag

LA, EGDEB!IDI"['_\.'
Higtone modhcation
RMA gplizing

DA Binding

R Binding

DA metyiation

RMA Expression

Avsec et al. 2019 Nature Biotech


http://kipoi.org/

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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