Lecture 10: Introduction to Genomics
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Announcements

e Upcoming deadlines:

o A2 due Tue Nov 1

o A3 also released Tue, due Tue Nov 15

o Midterm: In class, Mon Nov 7
80 minutes
1 page 8.5” x 11” of notes allowed (back and front)
No calculators allowed or needed
Covers material through “Genomics: Introduction”
Practice midterm released on Ed
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Some biology basics:
starting from DNA
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https://en.wikipedia.org/wiki/Nucleobase#/media/File:DNA_chemical_structure.svg
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Genes: segments of DNA within

Chromosomes and genes chromosomes
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Genes: segments of DNA within

Chromosomes and genes chromosomes

Genes provide code for proteins
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Genes: segments of DNA within

Chromosomes and genes chromosomes

Genes provide code for proteins
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Epigenomics

Study of processes that regulate how and when genes are
turned on and off (“gene expression”)

Serena Yeung BIODS 220: Al in Healthcare Lecture 10 - 32



Epigenomics

Study of processes that regulate how and when genes are
turned on and off (“gene expression”)

- E.g. transcription factors: proteins that bind to the
promoter and other noncoding regions, can enhance
or repress transcription
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Epigenomics

Study of processes that regulate how and when genes are
turned on and off (“gene expression”)

- E.g. transcription factors: proteins that bind to the
promoter and other noncoding regions, can enhance
or repress transcription

- E.g. DNA methylation: addition of large methyl group
to promoter region makes it difficult for proteins to bind
-> represses transcription
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E p i g e n O m i C S Organization of Eukaryotic Chromosomes
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- E.g. Histone modification: addition or removal of _
acetyl groups affects charge interaction to relax or chvomosome
tighten chromatin structure (easier for proteins to bind)

Figure credit:
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Transcriptomics

- Study of the transcriptome (the RNA of a cell)

- One reason of interest: Harder to measure proteins (the functional
molecules!), but we can sequence RNA as a (highly imperfect) proxy for
proteins to quantify cell state
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Transcriptomics

- Study of the transcriptome (the RNA of a cell)

- One reason of interest: Harder to measure proteins (the functional
molecules!), but we can sequence RNA as a (highly imperfect) proxy for
proteins to quantify cell state

Proteomics

- Study of the proteins in a cell
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Data: genomic sequencing
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Data: genomic sequencing
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Data: DNA microarray
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Data: RNA-seq
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Data: RNA-seq
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Data: RNA-seq
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Data: RNA-seq
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] More recently in 2010s,
Data: RNA_Seq single-cell RNA-seq!
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Data: ChlP-seq
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Data: ChlP-seq
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ENCODE: identifying and analyzing all functional elements in
the human genome

- Launched by US
National Human
Genome Research
Institute in 2003

- Contributions from
. . Computational
worldwide consortium of predictions
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Figure credit: https://www.encodeproject.org/
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ENCODE data

ENCODE Data Encyclopedia

Materials & Methods Help

Search... Q]

Experiment search

Clear Filters ©
Assay type
Selected filters: © DNA binding
DNA binding 9017
Transcription 3510
DNA accessibility 1109
RNA binding 699
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Assay title
Q Search
TF ChiP-seq 3608
Histone ChiIP-seq 3180
Control ChiP-seq 2229
Status

Selected filters: © released

@® released 9017
|5 archived 339
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Project

ENCNANE ROR1
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Showing 25 of 9017 results

it | v Poomns L

Histone ChiP-seq of vagina

Homo sapiens vagina female adult (51 years)
Target: H3K27me3
Lab: Bradley Bernstein, Broad
Project: ENCODE

Histone ChiP-seq of vagina

Homo sapiens vagina female adult (51 years)
Target: H3K4me1
Lab: Bradley Bernstein, Broad
Project: ENCODE

Histone ChiP-seq of vagina

Homo sapiens vagina female adult (51 years)
Target: H3K9me3
Lab: Bradley Bernstein, Broad
Project: ENCODE

TF ChiP-seq of thyroid gland

Homo sapiens thyroid gland female adult (53 years)
Target: CTCF
Lab: Bradley Bernstein, Broad
Project: ENCODE
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ENCODE data
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RNA binding 699 Project: ENCODE [E
DNA mathvlation 569
Assay title long read RNA-seq of left lung Experiment | 15
Homo sapiens left lung female child (16 years) ENCSR746ITG |
£ | Sesech Lab: Ali Mortazavi, UCI ===
polyA plus RNA-seq 770 Project: ENCODE E
total RNA-seq 704
ShRNA RNA-seq 640 A
small RNA-seq 214 long read RNA-seq of ovary Experiment w
microRNA-sea 201 Homo sapiens ovary female adult (41 years) ENCSR587WPR
Lab: Ali Mortazavi, UCI m
Status Project: ENCODE E
Selected filters: © released
®| roleased 3510 long read RNA-seq of mucosa of descending colon Experiment | 1
Homo sapiens mucosa of descending colon female adult (61 years) ENCSRB03XXZ
B archived 287
Lab: All Mortazavi, UCI
E revoked 24 Project: ENCODE @
Prniact
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ENCODE data

Common Cell Types: Tier 1 and Tier 2
Cell, tissue or DNA sample: Cell line or tissue used as the source of experimental material.
Vendor
cell!! [Tier!2 Description!3 Lineage'4| Tissue!® [Karyotype|Sex|Documents| ID
B-lymphocyte, lymphoblastoid, International HapMap Project - CEPH/Utah - Coriell
|eM12875/1 European Caucasion, Epstein-Barr Virus mesoderm|blood normal F |ENCODE GM12878
WiCell
: inner cell [embryonic| Research
|H1-hESC |1 embryonic stem cells e tern col normal M |ENCODE Institute
WAO1
leukemia, "The continuous cell line K-562 was established by Lozzio and ATCC
K562 1 Lozzio from the pleural effusion of a 53-year-old female with chronic mesoderm|blood cancer  [F|[ENCODE (~~'",q
myelogenous leukemia in terminal blast crises." - ATCC
Total =3
Cell, tissue or DNA sample: Cell line or tissue used as the source of experimental material.
cell! Tier!2 Description'3 Lineage'4| Tissue!5 [Karyotype|Sex|Documents| Vendor ID
epithelial cell line derived from a lung carcinoma tissue.
(PMID: 175022), "This line was initiated in 1972 by D.J. Myers
A549 2 Giard, et al. through explant culture of lung carcinomatous |endoderm |epithelium |cancer M |Crawford |ATCC CCL-185 |t
tissue from a 58-year-old caucasian male." - ATCC, newly Stam
|promoted to tier 2: not in 2011 analysis
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Global Alliance Q_ search...
for Genomics & Health

g DX g
Collaborate. Innovate. Accelerate. ABOUT US HOW WE WORK GA4GH TOOLKIT NEWS & EVENTS COMMUNITY CONTACT US
‘ ’ r a a S ‘ b S Home » Community » Catalogue

https://www.gad4dgh.org/community/catalogue

Catalogue of Genomic Data Initiatives

The purpose of the catalogue is to identify and aggregate global resources for sharing

Serena Yeung

Enter Keyword

clinical and genomic data.

40 of @ Initiatives
« 2 3 4 »

Filters Reset
1000 Genomes
CATEGORY: INITIATIVE TYPE:
Category % eHealth Database
" Genomic Data Initiative
(19/102) The 1000 Genomes Project set out to catalogue common human genetic variation, publishing a set of variations based on sequencing of 2504

"' Mendelian Genetic

individuals from 26 populations. Additional work was done to investigate structural variations in the human genome. Variant calls, sequence
data, high-density genotyping chip calls and cell lines from the Project are all available. Data from the 1000 Genomes Project is now housed in

Disorders (13/41)
 eHealth (12/92) the International Genome Sample Resource (IGSR), which is realigning sequence data from the 1000 Genomes Project to the updated GRCh38
human genome assembly and also expanding the data resources produced by 1000 Genomes to include new samples with similarly open
consent, new populations and a wider range of data types. Further information, access to data and user support are a
Initiative type >
" Biobank/Repository CONTACT: test1
amn7n
) Consortium/Collaborative
Network (75/75)
@Database (40/40) Antigenic Variation Database (VarDB)
1 GA4GH Driver Project CATEGORY: INITIATIVE TYPE:

BIODS 220: Al in Healthcare
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https://www.ga4gh.org/community/catalogue

Global Alliance Q_ Search...
for Genomics & Health

| 4
Collaborate. Innovate. Accelerate. ABOUT US HOW WE WORK GA4GH TOOLKIT NEWS & EVENTS COMMUNITY CONTACT US
‘ ’ r a a S ‘ b S Home » Community » Catalogue

https://www.gad4dgh.org/community/catalogue

Catalogue of Genomic Data Initiatives

The purpose of the catalogue is to identify and aggregate global resources for sharing
clinical and genomic data.

40 of @ Initiatives
« 2 3 4 »

Reset
1000 Genomes
CATEGORY: INITIATIVE TYPE:
% eHealth Database
The 1000 Genomes Project set out to catalogue common human genetic variation, publishing a set of variations based on sequencing of 2504
individuals from 26 populations. Additional work was done to investigate structural variations in the human genome. Variant calls, sequence
data, high-density genotyping chip calls and cell lines from the Project are all available. Data from the 1000 Genomes Project is now housed in
the International Genome Sample Resource (IGSR), which is realigning sequence data from the 1000 Genomes Project to the updated GRCh38
G g d h l } d human genome assembly and also expanding the data resources produced by 1000 Genomes to include new samples with similarly open
enetic an ealth data 5 consent, new populations and a wider range of data types. Further information, access to data and user support are a
Jfrom half a million people
in the United Kingdom CONTACE: testl
PAGES 194,203 & 210

Antigenic Variation Database (VarDB)

1 GA4GH Driver Project CATEGORY: INITIATIVE TYPE:
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Genomics data

| B8 |
-III“]H =i ‘ \,
1953 - Watson and Crick 1977 - Fred Sanger 1990 - 2003: Human Genom
discover double helix sequences first full genome Project sequences full human
structures of DNA of a virus genome

=

P 4 uk
’/'UA{ e Eetires Project |o am
2003: ENCODE project launched to 2008 - 2015: 1000 Genomes Project 2006 - present: UK Biobank Project
\dentify and characterize genes in International effort to study human  Genetic data and intended 30 years of health
human genome genetic variation follow-up for 500k individuals in the UK
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DeepBind

Features

a  Current batch Motif scans
. of inputs o Ys,
Input: DNA sequence - @
Output: Score of whether a particular e il m wm m! i
[CTCGGGGCCCT
. . . =
protein will bind to the sequence or not e e
detectors Thresholds Welghts
Current model " k
parameters
Parameter
updates
b 1. Calibrate 2. Train candidates 3. Test final model
Test
) o0~ }-08 Y (D AUC
Evaluate @ Use best @ . 050 X Test Predict 0.93
random calibration | 9@ —{&=}-0: datdl e 2
calibrations (3 attempts) | 0@ _.{ — 97 v ¥
o0 (G0l o St N ]
/ e ;\verage y Use all training data Traggg i Use parameters
3-fold cross val:datln ali datlon - C T V- 097 © of best candidate
(Jrein_____|VaidaIS\ AUC | LT P e
((Train_|Validate] Train }—’- =iaan Test data never seen i
i i i during calibration or training |

Training

Alipanahi et al. Predicting the sequence specificities of DNA- and RNA-binding proteins by deep learning. Nature Biotechnology, 2015
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Convolutional network

Motif scans Features
%

DeepBind
a Curre.nt batch
Input: DNA sequence of -nputs
. _’I‘MGCACCG‘
e %ﬁiﬂmﬁw’! ’

Output: Score of whether a particular
;
Welghts

ALMA"(.»AGJ\LM

protein will bind to the sequence or not o
dotoators W Thresholds
-
Current model " .
parameters
Parameter
updates
b 1. Calibrate 2. Train candidates 3. Test final model
Test
o) 0@ ——C}—oo.ss v AUC
Evaluate. | ., Usanest @ —{=—|-050 x 0.93
random calibration 0 _'1 i= "F’ i <
calibrations (3 attempts) | 0@ —-{ — @)X
0130) e S } ) e :
; ;\verage . | Use all training data Traggg i Use parameters
5 3-fold cross validation vali datlon i Train }— 0.97 ¢ of best candidate
B\ AuC | LT R W oo B §
(T’a'" - T’a'" — - Test data never seen i
i during calibration or training |

Alipanahi et al. Predicting the sequence specificities of DNA- and RNA-binding proteins by deep learning. Nature Biotechnology, 2015
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DeepBind

Input: DNA sequence
Output: Score of whether a particular
protein will bind to the sequence or not

- Processing to handle different
sources of experimental (training)
data and input / output data formats

- Trained on 12 TB of sequence
data; learned 927 DeepBind
models representing 538
transcription factor (TF) proteins
and 194 RNA-binding proteins
(RBPs)

a Current batch

Features

Motif scans ,,,
of inputs % @ 7N s’s
Motif
detectors Thresholds Welghts
Current model
parameters n/
Parameter q
updates
b 1. Calibrate 2. Train candidates 3. Test final model
Test
L) 0@ o096 ¥ (D AUC
Evaluate Use best 5% ]
random < 7% calibration | ¢® — F’ 0.50 Tesy m 0.93
calibrations (3 attempts) {_ 0 dgta J Mb w

§130)

—

§ ;Average . Use all training data Tr;x&n?g ’ Use parameters
3-fold cross valudao vaIA dl? g on' ( Train }— 097 of best candidate

i Test data never seen i
i during calibration or training |

Alipanahi et al. Predicting the sequence specificities of DNA- and RNA-binding proteins by deep learning. Nature Biotechnology, 2015.

Serena Yeung

BIODS 220: Al in Healthcare

Lecture 10 - 74




DeepBind

Input: DNA sequence
Output: Score of whether a particular
protein will bind to the sequence or not

- Processing to handle different
sources of experimental (training)
data and input / output data formats

- Trained on 12 TB of sequence
data; learned 927 DeepBind
models representing 538
transcription factor (TF) proteins
and 194 RNA-binding proteins
(RBPs)

Outperformed prior methods on the DREAM5
TF-DNA Motif Recognition Challenge

a  Currentbatch Motif scans Features

2
of inputs % b% 8’&
Motif
detectors Thresholds Welghts
Current model
parameters n/
Parameter q
updates
b 1. Calibrate 2. Train candidates 3. Test final model
Test
L) 0@ o096 ¥ (D AUC
Evaluate Use best 5%
random < 7% calibration | ¢® — }——0.50 Tesy m 0.93
calibrations (3 attempts) {_ 0 dgta J Mb w

§130)

—

§ ;Average . Use all training data Tr;x&n?g ’ Use parameters
3-fold cross valudao vaIA dl? g on' ( Train }— 097 of best candidate

i Test data never seen i
i during calibration or training |

Alipanahi et al. Predicting the sequence specificities of DNA- and RNA-binding proteins by deep learning. Nature Biotechnology, 2015.

Serena Yeung
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DeepBind

Learned DeepBind motifs

HNRNPA1

s

ousses | e T bbb | 06 000 00 | M., | b
o || ot o BT, | 0B 00 Tohrer | il |
wster| | oblobr S | 000 o e | bld | 0 6

artifact

PBM

AGm,uAs

06,40
ulg

Alipanahi et al. Predicting the sequence specificities of DNA- and RNA-binding proteins by deep learning. Nature Biotechnology, 2015.
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DeepBind

Predicted effect of sequence mutations

SP1 loss in LDL-R promoter

C>D would decrease

UCCT binding
GCAAA o
ccAcT GCTAGAAACCTCACA

>A ]

]
>G
>T ] X
Mutant: C>G r chr19:11,200,089 (c.—-136)
CCACTGCAAACTCCTCGCCCTGCTAGAAACCTCACA
% G>C would increase
2T binding

Mutation would
increase score

Mutation would
have no effect

Mutation would
decrease score

GATAT1 gain in a-globin cluster

WT chr16:209,709 4 -
CCAAGCCTGTGCTGTTATTTTCT AATAATGTGGGTG

?:‘é’fféc?:?%erGITnmC ‘MTGTGGGTG

>G o3
>T .

Alipanahi et al. Predicting the sequence specificities of DNA- and RNA-binding proteins by deep learning. Nature Biotechnology, 2015.

Serena Yeung
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Output:
variant functionality

D S prediction Functional-variant prediction

eepSea ot
log(allele T/allele A)

Predict chromatin effects of (non-coding) sequence 0 30

alterations with single-nucleotide sensitivity (SNPs: et - I

single nucleotide polymorphism) o Ls

Compare t

DHS TF binding Histone marks

;())r:?i;:;d allele- Allele T O O O O @ @O @ O O O
pae e ween OO @O0 0@O000@0

Predict t
ENCODE, sl | Deep convolutional network ¢

i i SRR 0D 0000
Roadmap Epigenomics | < (DeepSEA) 0000000000
h f & T o e o
chromatin profiles DOGOE0CE00EEEA0E0001
Input t

Input:
genomic sequences .. .GCGTGGGTACGCTTATTCGTCAAGCTTTAGCGT. . .
(1,000 bp) . . .GCGTGGGTACGCTTAATCGTCAAGCTTTAGCGT. . .

Variant position

Zhou and Troyanskaya. Predicting effects of noncoding variants with deep learning—based sequence model. Nature Methods, 2015.
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Output:
variant functionality

prediction Functional-variant prediction

DeepSea oy

log(allele T/allele A)

Predict chromatin effects of (non-coding) sequence 0 30
. . . . s ] effect 2.0
alterations with single-nucleotide sensitivity (SNPs: "°E
single nucleotide polymorphism) of Ls
Compare t
Input: DNA sequence pair with SNP vt DHS TF binding Histone marks
Output: Predicted chromatin effects (919 total) pelaes, o 8888388 8 8 8 8
. . . il Allele A
- 690 transcription factor profiles P
- 125 DNase | hypersensitive sites (DHS) pregt
profiles (looser chromatin structure, easier Training data: _—_— %
protein b|nd|ng) ENCODE, s | Deep convolutional network :@:
Roadmap Epigenomics | s (DeepSEA) 0000000000
- 104 histone-mark profiles (histone lbbollila ——
modifications) gt §
Multi-task training! Input:
genomic sequences . . .GCGTGGGTACGCTTATTCGTCAAGCTTTAGCGT. . .
(1,000 bp) . . .GCGTGGGTACGCTTAATCGTCAAGCTTTAGCGT. . .

Variant position

Zhou and Troyanskaya. Predicting effects of noncoding variants with deep learning—based sequence model. Nature Methods, 2015.
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Output:
variant functionality

D e e S e a prediction Functional-variant prediction
p Input t

log(allele T/allele A)

Predict chromatin effects of (non-coding) sequence 0 30
. . . . P ] effect 2.0
alterations with single-nucleotide sensitivity (SNPs: "°E
single nucleotide polymorphism) of Ls
Compare t
Input: DNA sequence pair with SNP vt DHS TF binding Histone marks
Output: Predicted chromatin effects (919 total) pelaes, o 8888888 8 8 8 8
. . . il Allele A
- 690 transcription factor profiles P
- 125 DNase | hypersensitive sites (DHS) pregt
profiles (looser chromatin structure, easier Training data: _—_— b
prote|n b|nd|ng) ENCODE, ===l | Deep convolutional network m
Roadmap Epigenomics | s (DeepSEA) 0000000000
- 104 histone-mark profiles (histone lbbollila ——
modifications) gt §
Multi-task training! Input:
genomic sequences . . .GCGTGGGTACGCTTATTCGTCAAGCTTTAGCGT. . .
(1,000 bp) . . .GCGTGGGTACGCTTAATCGTCAAGCTTTAGCGT. . .

Variant position

Zhou and Troyanskaya. Predicting effects of noncoding variants with deep learning—based sequence model. Nature Methods, 2015.
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DeepSea

Predict chromatin effects of (non-coding) sequence
alterations with single-nucleotide sensitivity (SNPs:
single nucleotide polymorphism)

Input: DNA sequence pair with SNP
Output: Predicted chromatin effects (919 total)
- 690 transcription factor profiles
- 125 DNase | hypersensitive sites (DHS)
profiles (looser chromatin structure, easier
protein binding)
- 104 histone-mark profiles (histone
modifications)
Multi-task training!

Output:
variant functionality
prediction

Output:
predicted chromatin
effect

Output:

predicted allele-
specific chromatin
profile

Functional-variant prediction

Input t
log(allele T/allele A)

3.0
2.0
N
0f
Compare t

DHS TF binding Histone marks

Allele T OOOOOOOOOOO
Allele A OOOOOOOOOOO

Predict t

Training data:

ENCODE,
Roadmap Epigenomics
chromatin profiles

e e

jmssly- | Deep convolutional network - - - - —
RIDD OO ST D
S (DeepSEA) OV OVO OO0
[T e oo le g
[oTelelalelelelolelolelslalele sleloloN]

Input:
genomic sequences
(1,000 bp)

Input t

. . .GCGTGGGTACGCTTATTCGTCAAGCTTTAGCGT. . .
. . .GCGTGGGTACGCTTAATCGTCAAGCTTTAGCGT. . .

Variant position

Zhou and Troyanskaya. Predicting effects of noncoding variants with deep learning—based sequence model. Nature Methods, 2015.
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Output:
variant functionality

D e e S e a prediction Functional-variant prediction
p Input t

log(allele T/allele A)

Predict chromatin effects of (non-coding) sequence 0 30
alterations with single-nucleotide sensitivity (SNPs: e igE I
single nucleotide polymorphism) Multi-task prediction of oL Ls
919 chromatin profiles, Compare f
Input: DNA sequence pair with SNP for each allele (variant) _ DHS TF binding Histone marks
Output: Predicted chromatin effects (919 total) E;{%ﬁjgﬁ;e,gm weer 0@ @O OO0 00O
- 690 transcription factor profiles P e QOB OGOROROR
- 125 DNase | hypersensitive sites (DHS) pregt
profiles (looser chromatin structure, easier Training data: - b
protein binding) R b K= —
- 104 histone-mark profiles (histone e protes R
modifications) _— t
Multi-task training! i . GCGTGGGTACGCITARCGTCARGETTTAGCCT . .
(1,000 bp) . . .GCGTGGGTACGCTTAATCGTCAAGCTTTAGCGT . . .

Variant position

Zhou and Troyanskaya. Predicting effects of noncoding variants with deep learning—based sequence model. Nature Methods, 2015.
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Output:

Interested in relative variant functionality
D e e S e a effect prediction Functional-variant prediction
p Input t
log(allele T/allele A)
Predict chromatin effects of (non-coding) sequence 0 30
alterations with single-nucleotide sensitivity (SNPs: e igE I
single nucleotide polymorphism) o
Compare t
Input: DNA sequence pair with SNP vt DHS TFbinding  Histone marks
Output: Predicted chromatin effects (919 total) pelaes, o 000000000
T . profile A"e'eAOOOOOOOOOOO
- 690 transcription factor profiles
- 125 DNase | hypersensitive sites (DHS) pregt
profiles (looser chromatin structure, easier Training data: - b
protein binding) ENCE. v | e S
. . . r in profi m
- 104 histone-mark profiles (histone il s -
modifications) gt §
Multi-task training! Input:
genomic sequences . . .GCGTGGGTACGCTTATTCGTCAAGCTTTAGCGT. . .
(1,000 bp) . . .GCGTGGGTACGCTTAATCGTCAAGCTTTAGCGT. . .

Variant position

Zhou and Troyanskaya. Predicting effects of noncoding variants with deep learning—based sequence model. Nature Methods, 2015.
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DeepSea

Model Architecture:

1. Convolution layer ( 320 kernels. Window size: 8. Step size: 1. )
2. Pooling layer ( Window size: 4. Step size: 4. )

3. Convolution layer ( 480 kernels. Window size: 8. Step size: 1.)
4. Pooling layer ( Window size: 4. Step size: 4. )

5. Convolution layer ( 960 kernels. Window size: 8. Step size: 1.)
6. Fully connected layer ( 925 neurons )

7. Sigmoid output layer

Zhou and Troyanskaya. Predicting effects of noncoding variants with deep learning—based sequence model. Nature Methods, 2015.
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DeepVariant

Variant calling: identifying variants from reference
genome (SNPs, small indels, etc.)

A GENOME
REFERENCE * «+ . TGAAAAACTTGATTCGACACCATCAGAATTGAGACTAATCGGCTAGACATACG. . .

(3,000,000,000 bases) 3

C?I"I‘GATTCGACACCA"I‘CAGAATTGA ATCGGCTAGACATACG. . .
i TCGACACCATCAGAATTGAGACTAATCG GAGHTACG. . .
AAA;AAGr’rGATTCGACACCAx;:CAGAATT AGACTAATCGGCTAGACATACG. . .
3 GAAA,AAcrerATTCGACACCAmA ACTAATCGGCTAGACHTACG. . .
mdrTGATTCGACACCA.c:AGAATTGAG CTAGAdn.TACG -

! | GATTCGACACCAGCAGAATTGAGACTAA  GCTAGACHTACG. ..
GI"I‘GATTCGACACCAT?:AGAATTGAGTCG TAGAG—’I‘ACG o
ANNAACTITGATTCGACACCAGCAGAATT CWI'ACG -

TGAAMAdI‘I‘GATTCGACACCP?HCAGAATTGAG AATCGGCTAGAdA.TACG avare
- 3x Bx Bx

DEPTH SNP INDEL

..TGA {7 CTTGATTCGACACCAGCAGAATTGAGA CGGCTAGAGHTACG. . .

=]

NGS READS up

B Homozygous reference Heterozygous Homozygous alternate

Figure credit: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4633438/bin/40142_2015_76_Fig2_HTML.jpg

Poplin et al. A universal SNP and small-indel variant caller using deep neural networks. Nature Biotechnology, 2018.
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DeepVariant

Challenge with short, errorful
sequence reads from NGS!

SANGER: NGS:
[ L A o»
Bl SelacSier | Gerdtier
. . ip . §| SyzSchiere e ¥ S acpery TSiE
Variant calling: identifying variants from reference §| creranEhr | onEXingdey e
z [ C . Ap c | (] C. Ap ce
. L ¢ Te? : 7 ¢ TPy
genome (SNPs, small indels, etc.) : + | +
o & TACGATCGACTA
3| Tacearceacra A AueIar
E ' ATATACECCGTAG
all {single template) (mitions of templates)
A Rggg{;ﬂ& ®) ...TGAAARACTTGATTCGACACCATCAGAATTGAGACTAATCGGCTAGACATACG. . . ¥ | ¥
(3,000,000,000 bases) s s MEEHEETEnn ARGERAGancen | .
. JTGA {7 CTI'GATTCGACACCAGCAGAATTGAGA CGGCTAGAGHACG. . . EXTEND #A€6A%EEacTa | ARRANGE
AR dr;rGATTCGACAccA"rCAGAATTGA ATCGGCTAGACATACG. . . *“S‘mé};}é;ﬁ‘"ﬂ"- :
: K TCGACACCATCAGAATTGAGACTAATCG GAGHTACG. . . ;
AAMAAGTI'GATTCGACACCAGCAGAATT AGACTAATCGGCTAGAGAITACG. . . aecmaocroaz
NGS READS #p | - - -TGANAAACTITGATTCGACACCATCA ACTAATCGGCTAGACHTACG. . . riiiviai v I EXTEND
:AAd’I‘TGATTCGACACCAGCAGAATTGAG CTAGACATACG. . . aeemecnar 1 15 1
: ! GATTCGACACCAGCAGAATTGAGACTAA  GCTAGAG-TACG. .. Masthocrs | ' G
i GI"I‘GATTCGACACCATCAGAATTGAGTCG TAGAG—’I‘ACG. avi AzécrAcerd | 3
ANAAACTITGATTCGACACCAGCAGAATT CAITACG. . . amminee | mems peTECT |7
v » i
TGANAAACGTTGATTCGACACCATCAGAATTGAG ~ AATCGGCTAGACATACG. . . amgemage | umna
L B & W Lo |
DEPTH SNP INDEL MR | {RESTORE
clectrc fiid | ATGCT ! i 8. ;:
18 s
B Homozygous reference Heterozygous Homozygous alternate l aTe ! 3
= : ATG %
ATG

&

e »—
DETECT A
¥

» il

Figure credit: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4633438/bin/40142_2015_76_Fig2_HTML.jpg

— Sequenca §e3)
TACGATCGACTA Template (35)

Poplin et al. A universal SNP and small-indel variant caller using deep neural networks. Nature Biotechnology, 2018.
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DeepVariant

Input: “Pileup images” of
reference sequence + NGS
reads, + other features

Output: Categorical prediction of
variant type (hom-ref, het,
home-alt), or no variant

e
1 DeepVariant

Reference
genome

:

Find candidate variants and
encode pileup images

—

Pileup
images

Aligned
reads

Trained
CNN

'

Deep learning model
likelihoods; variants called

Y

Variant
calls

DeepVariant CNN training

Labeled
training pairs
Pileup
images

+

Known
genotypes

Starting
CNN

== mmm e e
|

,’}raining cycle

B I

Working Stochastic
CNN gradient

T ==

Trained
CNN

Poplin et al. A universal SNP and small-indel variant caller using deep neural networks. Nature Biotechnology, 2018.
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Dl e ke s e e e el R
| I Pileup image evaluation |
] |
K L i = o |
1 1 | Candidate site h
11| Reference A |
WK Reads -3 "

1 A= '
K —n '
1 — "
1 G —— h
e i E e )
1 ,--.----.-_--.-}. ............... 1
I Il Pileup image bl
(N il
(N il
(LN il
11! Reference | e "

1 Reads | Z>--ccoccan i
] N AACCGTGATG——— il
—-—=CAAMCGTGATGA '

: : i —m—eo—-__ACCGTGATGATC ! :
1 '
(N il
11} RGB pixel il
Il encoded il
N s o 7l
1 |
Il Convolutional |
I | neural network 1
1 (CNN) |
1 |
11 Genotype hom-ref _het _hom-alt |
T st |
1 |
1 Heterozygous variant call |
A R - R SR S 7
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DeepVariant

Input: “Pileup images” of
reference sequence + NGS
reads, + other features

Output: Categorical prediction of
variant type (hom-ref, het,
home-alt), or no variant

e
1 DeepVariant

Reference
genome

'

Find candidate variants and
encode pileup images

Aligned
reads

H

Trained
CNN

'

Deep learning model
likelihoods; variants called

Pileup
images

Y

Variant
calls

I\

DeepVariant CNN training

Labeled
training pairs
Pileup
images

+

Known
genotypes

Starting
CNN

== mmm e e
|

,'}raining cycle

B I

Working Stochastic
CNN gradient

T ==

Trained
CNN

Poplin et al. A universal SNP and small-indel variant caller using deep neural networks. Nature Biotechnology, 2018.
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Dl e ke s e e e el R
| I Pileup image evaluation |
] |
K L i = o |
1 1| Candidate site h
111 Reference A "
WK Reads -3 "

i A= !
K —— '
1 — "
1 —c— tl
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DeepVariant
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Remember: ChlP-seq

Produces reads of

DNA sequences
where a protein I x Crosslinkage

. Sample fragmentation
b|ndS Immunoprecipitation

Non-histone ChIP Histone ChIP

l DNA purification

End repair
Adaptor ligation

|

Sequence reads
Figure credit:

VDR
ChIP-seq

CTCF
ChIP-seq

CTCF
ChIA-PET

https://lwww.france-genomique.org/wp-content/uploads/2019/08/CHIP-selon-P

ark-1-e1566900408602.jpg
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Remember: DeepBind
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Alipanahi et al. Predicting the sequence specificities of DNA- and RNA-binding proteins by deep learning. Nature Biotechnology, 2015.
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More recently: ChlP-nexus vs. ChlP-seq

Human TBP at RPS172 promoter

ChlP-nexus: newer technology that . . ,
Chr.6 133,135,550 bp 133,135,650 bp 133,135,750 bp

enables improved and 3;'»'% 800
higher-resolution data about g8 3 eetneneliliN.,.
transcription factor binding footprints - ——
. .. . RPS12
on DNA (at individual base-pair R e
. w
resolution) 22 o
ag
5 20
accctTAANTACCEC T —
§ + Strand p
o__ 100
22 O-I T 1 L4l - -
50 ,I ] T | R
% 100 < - Strand
&)

He et al. ChlP-nexus enables improved detection of in vivo transcription factor binding footprints. Nature Biotechnology, 2015.
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BPNet: DNA sequence to base-pair resolution profile regression

Stranded profile shape + signal amplitude

- Deep learning-based model : - :
) - positive strand ~—— negative strand
based on ChiP-nexus data, /\ A , /\
7 = I\ N VAN X7 X e X VNS \ /
RN 7 > N\ IR \\/ -

that predicts TF binding profile
at high, individual base-pair
resolution

Avsec et al. Deep learning at base-resolution reveals motif syntax of the cis-regulatory code, 2019. Slide Credit: Anshul Kundaje
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BPNet: DNA sequence to base-pair resolution profile regression
Stranded profile shape + signal amplitude

- Deep learning-based model ES———— =
based on ChiP-nexus data,
that predicts TF binding profile
at high, individual base-pair
resolution

- Uses 1-D, dilated
convolutional layers for greater
increase of receptive field
(extent of input used to
produce a neuron output), ,
instead of pooling layers -> A

. . . . / ;"""/” \ \ / N\, S \\| N Z AW NN A N XL
t b - I t 74 \/ \ / \') \ / \/ \| \ s
MAliains base-palr resoltion cC GANT A A C C GG AT A T

Avsec et al. Deep learning at base-resolution reveals motif syntax of the cis-regulatory code, 2019. Slide Credit: Anshul Kundaje

/
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Dilated convolutions instead of convolutions

- Greater increase of receptive field vs. standard convolution, for the same # of layers (avoids
requiring many layers to increase receptive field which is more difficult to train)
- Pooling layers can also increase receptive field, but reduce resolution (whereas dilated

convolutions can maintain high resolution)

- BPNet also includes residual connections (remember ResNets!) to improve ease of

optimization for more effective training

olelelolololelele] Jololelelelelololole

0]0]0]0]0]0]0], (ICICICICICICID
0]0]0]0]0]0]0) OO0OOO0OO
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Inputs

(a) Convolution

utp

) OOO0000000
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000000000

Inputs

(c) Dilated Convolution

Avsec et al. Deep learning at base-resolution reveals motif syntax of the cis-regulatory code, 2019.
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Figure credit: Gupta et al. Dilated Convolutions for Modeling Long-Distance Genomic Dependencies, 2017.
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Slide Credit: Anshul Kundaje
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BPNet: Profile regression loss

- Two-part loss function for optimizing prediction of the binding profile across

the input sequence

- MSE loss for log (total number of counts across the entire 1kb input sequence)
- Multinomial loss for the likelihood of the observed count distribution over the sequence,
compared to the predicted probabilities

Avsec et al. Deep learning at base-resolution reveals motif syntax of the cis-regulatory code, 2019. Slide Credit: Anshul Kundaje
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BPNet: Profile regression loss

- Two-part loss function for optimizing prediction of the binding profile across

the input sequence
- MSE loss for log (total number of counts across the entire 1kb input sequence)
- Multinomial loss for the likelihood of the observed count distribution over the sequence,

compared to the predicted probabilities
== positive strand == negative strand /_A/M
M —— A/\A A—M

Stranded profile shape + signal amplitude

Loss = — ]Og p"mh‘(kobs I ppred , nobs ) i3 /{«(log(] + nobs ) . log(] S nPred ))2

k©°Ps: vector of observed reads counts at each position
pPTe%: learned multinomial prob. at each position

n°Ps: total number of read counts across entire 1 kb
Avsec et al. Deep learning at base-resolution reveals motif syntax of the cis-regulatory code, 2019. Slide Credit: Anshul Kundaje
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BPNet: Profile regression loss

- Two-part loss function for optimizing prediction of the binding profile across

the input sequence
- MSE loss for log (total number of counts across the entire 1kb input sequence)
- Multinomial loss for the likelihood of the observed count distribution over the sequence,

compared to the predicted probabilities
== positive strand == negative strand /_A/M
M —— A/\A A—M

Stranded profile shape + signal amplitude

Loss = — ]Og p"mh‘(kobs I ppred , nobs ) i3 /{«(log(] + nobs ) . log(] S nPred ))2

k©°Ps: vector of observed reads counts at each position \
pPTe%: learned multinomial prob. at each position
n°bs: total number of read counts across entire 1 kb MSE loss
Avsec et al. Deep learning at base-resolution reveals motif syntax of the cis-regulatory code, 2019. Slide Credit: Anshul Kundaje
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BPNet: Profile regression loss

- Two-part loss function for optimizing prediction of the binding profile across

the input sequence
- MSE loss for log (total number of counts across the entire 1kb input sequence)
- Multinomial loss for the likelihood of the observed count distribution over the sequence,

compared to the predicted probabilities
== positive strand == negative strand /_A/M
M —— A/\A A—M

Stranded profile shape + signal amplitude

Loss = — ]Og p"mh‘(kobs I ppred , nobs ) i3 /{«(log(] + nobs ) . log(] S nPred ))2

k©°Ps: vector of observed reads counts at each position \
pPTe%: learned multinomial prob. at each position
n°bs: total number of read counts across entire 1 kb Multinomial loss
Avsec et al. Deep learning at base-resolution reveals motif syntax of the cis-regulatory code, 2019. Slide Credit: Anshul Kundaje
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Multinomial loss component

Loss = — l()g P,,,,,,,,(kObs I ppred, nobs ) + /l(log(l + nobs ) . l()g(l S npred ))2

k°Ps: vector of observed reads counts at each position \
pPTe%: learned multinomial prob. at each position

n°bs: total number of read counts across entire 1 kb Multinomial loss

Multinomial probability distribution

Suppose one does an experiment of extracting n°?S balls of 1000 different colors from a bag. Denote as p; the probability that
a given extraction will be in color i. Let k; be the number of balls extracted of color i. The probability of this multinomial

distribution is

obs
fime=]
obsy _— ki, k2 k1000
Pmutt (k1 k2 ... k1000] | [P1, P2, -2 P1000), 1) = ki k. 1P1 P2 -P1o0o
1. 2. T 1000.
Avsec et al. Deep learning at base-resolution reveals motif syntax of the cis-regulatory code, 2019. Slide Credit: Anshul Kundaje
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BPNet predicted TF profiles

Oct4

58.0
e o,o:| —-M; Apn ok

Pred 12'6]
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Avsec et al. Deep learning at Prese] 2.8+ WM
base-resolution reveals motif syntax of 0.0- :

the cis-regulatory code, 2019. Slide Credit: Anshul Kundaje
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More examples of deep learning in genomics
Epigenomics:

- Predicting methylation states, gene expression from histone modifications,
etc.

Transcriptomics:

- Predicting phenotypes from transcriptome, identifying genes associated with
transcriptomic data, etc.

Proteomics:

- Predicting secondary structure of proteins, protein-protein interactions, etc.
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Summary

Today we covered:

- Biology basics for genomics

- Epigenomics, transcriptomics, proteomics
- Genomics data

- Examples of deep learning for genomics
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