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Curriculum Vitae

Speaker Name: Joon-Yong An, Ph.D.

» Personal Info

Name Joon-Yong An
Title Assistant Professor
Affiliation Korea University

p Contact Information
Address 145 Anam-ro, Seongbuk-gu, Seoul, South Korea

Email joonan30@korea.ac.kr

Phone Number  02-3290-5646

Research Interest

Whole genome sequencing, Single cell RNA sequencing, and neurodevelopmental disorders

Educational Experience

2010 B.S. in Molecular Biotechnology, Konkuk University
2011 M.S. in Molecular Biology, University of Queensland (Australia)
2016 Ph.D. in Neuroscience, University of Queensland (Australia)

Professional Experience

2015-2019 Postdoctoral Fellow , University of California, San Francisco

2019- Assistant Professor, Korea University

Selected Publications (5 maximum)

1.

Choi & An, Genetic architecture of autism spectrum disorder: Lessons from large-scale genomic
studies, Neuroscience & Biobehavioral Reviews, 2021

. Werling DW*, Pochareddy S*, JM Choi*, An JY* Peng M, .., Roeder K, Devlin B, Sanders SJ**,

Sestan N** Whole-genome and RNA sequencing reveal variation and transcriptomic

coordination in the developing human prefrontal cortex, Cell Reports, 2020

. Satterstrom FK* Kosmicki JA*, Wang J* Breen MS, Rubeis SD, An JY, .., Talkowski ME**,

Cutler DJ**, Devlin B**, Sanders SJ**, Roeder K**, Daly MJ** Buxbaum JD** Large-scale exome
sequencing study implicates both developmental and functional changes in the neurobiology
of autism, Cell 2020

. An JY* Lin K* Zhu L* Werling DM*, ..., Talkowski ME** Devlin B**, Roeder K** Sanders SJ**,

Genome-wide de novo risk score implicates promoter variation in autism spectrum disorder,
Science, 2018

. Werling DM*, Brand H* An JY* Stone MR* Zhu L* .. Devlin B** Talkowski M** Sanders

SJ**, An analytical framework for whole genome sequence data and its implications for autism
spectrum disorder, Nature Genetics, 50:727736, 2018



KSBi-BIML 2023
Deep learning based prediction on noncoding
variants from whole genome sequencing data

Joon-Yong An
Korea University

Overview

* Deep learning based approaches for whole genome B
sequencing studies

* Implication in biological and clinical research

e Tutorial for deep-learning prediction on noncoding
variants from WGS data

* Subset noncoding and qualifying variants from WGS
data

* Predict functional impact of noncoding variants using a
deep learning method




Why whole genome sequenci
(WGS)?

* Find all genetic variants in our genome
* From single nucleotide variants to structural variants
* Genome-wide association with traits or disorders
e Assess rare variants in noncoding genome

* Find pathogenic noncoding mutations for disorder

* Pathogenic: contributes mechanistically to disease, but
is not necessarily fully penetrant (i.e., may not be
sufficient in isolation to cause disease).

Regulatory elements in
noncoding genome

A

CTCF~
(CCCTC bind g factor)




Regulatory elements fine-tune
development and cell types

Forebrain p300 |

Midbrain p300

Reproducibility

Visel et al. 2009, Nature
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Patient 3 —SkE Patient 4 (c.317dupT; p.lie107HisfsTer3g)
Vertebrate conservation
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Vertebrate conservation
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Mouse-human alignable

Cen “ -l’,_,"-
G En1 i
B 9 Ent Del(27) mouse model

Ent in situ hybridization

Homozygous 27—-63-kilobase deletions
located 300 kilobases upstream of the
engrailed-1 gene (EN1) in patients with a
complex limb malformation featuring
mesomelic shortening, syndactyly and
ventral nails (dorsal dimelia)

Allou et al. 2021, Nature




Before we get into noncoding, we need to think
about how to evaluate coding mutations in disease

https://www.nature.com » letters ~ :

Targeted capture and massively parallel sequencing ... - Nature Proof-of-concept for
by SB Ng * 2009 - Cited by 2443 — Here Ng et al. demonstrate that targeted capture and

. o : exome sequencing (NGS)
massively parallel ... A brute-force approach to exome sequencing with conventional ...

https://www.pnas.org » doi » pnas.0910672106

Genetic diagnosis by whole exome capture and massively ... —
by M Choi - 2009 - Cited by 1636 — Genetic diagnosis by whole exome capture and massively
parallel DNA sequencing. Murim Choi, Ute I. Scholl, Weizhen Ji ...

__ Firstexome analysis for
human disease

https://www.nature.com > nature genetics » articles ~ }

Exome sequencing identifies the cause of a mendelian disorder

o _ by SB Ng - 2010 - Cited by 2371 — Ng, S.B. et al. Targeted capture and massively parallel —
sequencing of 12 human exomes. Nature 461, 272-276 (2009).

How to prioritize “pathogenic” variant fro
numerous variants in our genome

A .
Reference P LNIZEVPEKTISLHSHSLILDTFSAVSFLDVSSVRGLK
GIT 264-1 P L NIZEVUPXKTISLMBSKRSLTITLNTEFSAV ST FLDVSSVRGEGLK
Sense S’ 3’

Antisense 3’ 5

Protein coding genes constitute only approximately 1% of the human
genome but harbor 85% of the mutations with large effects on
disease-related traits. Therefore, efficient strategies for selectively
sequencing complete coding regions (i.e., “whole exome*) have the
potential to contribute to the understanding of rare and common
human diseases. Here we report a method for whole-exome sequenc-
ing coupling Roche/NimbleGen whole exome arrays to the lllumina
DNA sequencing platform, We demonstrate the ability to capture

gasagaac
GAAAGAAC

approximately 95% of the targeted coding sequences with high C s D D652 E

sensitivity and specificity for detection of homozygous and heterozy- v SLC26A3 S L1 LY PsAY

gous variants. We illustrate the utility of this approach by makingan 52 S0 i1 2240 Sl TYVIRcRRL

unanticipated genetic diagnosis of congenital chloride diarrheaina 3¢ S;irpEZny siczent BEVEEE.C S

patient referred with a suspected diagnosis of Bartter syndrome, a gg PR Sic26ne  EEEEENN L SN L 2 D652N
renal salt-wasting disease. The molecular diagnosis was basedonthe  o.x SLILDFCAY SIC26A8 TITILDFSMV iﬁ <=
finding of a homozygous missense D652N mutation at a positionin  c.a. 111 10 c&1 1 S2n CLVELEETHY B

SLC26A3 (the known congenital chloride diarrhea locus) that is vir-

~ tually completely conserved in orthologues and paralogues from Choi et al. 2009, PNAS
~ invertebrates to humans, and dinical follow-up confirmed the diag-

nosis. To our knowledge, whole-exome (or genome) sequencing has

" not previously been used to make a genetic diagnosis. Five additional

_ patients suspected to have Bartter syndrome but who did not have

mutations in known genes for this disease had homozygous delete-

rious mutations in SLC26A3. These results demonstrate the clinical

utility of whol qf ing and have implications for disease

gene discovery and clinical diagnosis.




Conservation in DNA or protein sequences
indicate functional units in biological system
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Loph Porife ch flagell. Fungi

Deuterostomes

619-790 mya
Protostomes @ ,, 790 mya

Greater signalling complexity,
MASC gene family expansion,
NMDA receptor duplication,
MAGUK duplication

Stargazin Bilaterians
LIMK

581-141 mya

766-1351 mya
Av. 1036 mya
U

Excitatory glutamate receptors (NMDA and AMPA),
kainate receptors,
K* channels, neuroligin, CASK, erbin

GABA receptors, metabotropic glutamate receptors,
CaMKiIl, KIR channel, NOS, SynGAP,

S-SCAM, Homer, GKAP, GRIP, CRIPT, agrin, MuSK, ankyrin, neurexin, NCAM 970-1,070 mya — With synapses
"""""""""""""""""""""""""""""""""""""""""" v. 1,020 mya —— Without synapses
Cadherins, ephrin receptors, receptor and non-receptor tyrosine kinases, (protosynaptic)

Dlg (MAGUK), shank, calpain, spectrin, PDZ binding proteins

MASC downstream signaling components, PKC, PMCA, NF 1, calmodulin, calcineurin Eukaryotes
Ryan & Grant 2009, Nat Rev Neuro

1.220-1513 mya
Av. 1368 mya

Priotizing variants by sequence
conservation

* Nucleotide conservation
* GERP, PhyloP, PhastCons

* Protein sequence conservation
* SIFT, PolyPhen2

* These methods has scoring system at each locus or allele
(variant)

* chr1:122222:A:Tis SIFT score 0.01, indicating “deleterious” or
chr11:122222:C:G is SIFT score 0.13, indicating “benign”

* chr3:13322 is phylop score 0.5, indicating “highly conserved” or
chr3:13300 is phylop score 0.02, indicating “less conserved”

* If you find ~30,000 variants in coding genome, how can we
find which scoring system is good?




“Ensemble methods”

* Integrate the results of multiple individual predictors can improve performance

. gADD (Combined Annotation—Dependent Depletion) by Kircher et al. (2014) Nat
en

e Training a support vector machine (SVM) with a linear kernel on features derived from the
63 annotations

* Condel, DANN, Eigen, MetaSVM, MetalLR, KGGSeq, REVEL, LINSIGHT, GWAVA

e Supervised or unsupervised learning for predictive features for pathogenic variants

Phylogenetic Tree 60 different annotations
- conservation
phastCons, phyloP, GERP
- epigenetic modification
H3K4Me1, H3K9Ac, DNase-Seq
- functional prediction
amino acid change, TF motif disruption

- genetic context
GC content, CpG content, base transversion, score variants
Multiple Species Alignment InDet length

derive

User provided
variants

PHRED scaling
changes between hum
and inferred ancestol

train logistic

use allele composition to regression model

CADD score

simulate variants

Kircher et al. (2014) Nat Gen

Low predictive power on noncoding
mutations
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Deep learning approaches

* Learn patterns and features underlying regulatory
elements

* Transcription factor (TF) binding to unique motifs but
TFs has position dependency so cannot be represented
by a single motif

* Generalization on functional noncoding regions

* Enable genome-wide evaluation for noncoding
hypothesis

* Unlike coding genome, noncoding genome does not
have “canonical” hypothesis to test

* Coding -> triplet codon

Deep learning approaches

* DeepSEA (2015)
 Basenji2 (2020)
e Enformer (2021)
* Sei (2022)

e Orca (2022)




There are techniques to find regulato
elements in noncoding genome but...

Signal

M Ak b

GATA ATAC-

zCHMCI?., ATAC-seq
but no good quality

seq

There are techniques to find regulato
elements in noncoding genome but...

T el oL Tl

TBX5 with other co-TFs




genome

Predict functional regions in noncodi

GENCODE annotation
CD44= .
G4 CD44 $rr+rb :
G044 prraneror
CD44 »
AN
,=C”m1-.. ACUTUL.A
Prediction Prediction
TFs h ition d d
A Pos. 1 2 3 4 5 6 7 8 9
A 0.025 0.029 0.012 0.019 0.028 0.935 0.162 0.027 0.063
Base probability matrix € 0.775 0.029 0.015 0.015 0.056 0.009 0.013 0.531 0.099
G 0.123 0.012 0.015 0.024 0.888 0.019 0.013 0.422 0.050
T 0.078 0.930 0.958 0.943 0.028 0.037 0.812 0.021 0.788
Log-odds position weight matrix (PWM): -10 -10 -14 -12 -10 5 -2 -10 -6
5 -10 -13 -13 -7 -15 -13 3 -4
jb) = integer (10 * log10 ( p(i,b) / 0.25 -3 -14 <13 211 5-12 413 2 7
w(i,b) ger ( 210 (p(ib) ) -5 5 5 5210 -9 5-11 5

Sequence Logo

Poaition




Enformer (2021)

of training data points

* Deep learning model architecture composed of
convolution layers and attention layers enabling the
expansion of input sequences up to 200 kb

* Training dataset including 5,313 human and 1,643
mouse genomic signal tracks

* Cell type specific information

* Attention layers outperformed dilated convolutions
across all model sizes, numbers of layers, and numbers

Enformer (2021)

Input: DNA sequence

L

e L

lative encodi

Transformer layers (11%)

ing

Qutput: Genomics tracks

N S S

"R SRR, || [P || £ |, S
ohe dlk 1 fTF ding (ChIP-seq)
e AA

o
R R bl

) |

L
o

200 kb genomic sequences with variants 3
The receptive field (window size) is increased compared to
Basenji2, due to using attention layers

Convolutional layers with pooling

To reduce the spatial dimension from 196,608 bp to 1,536
each 128 bp bins, i.e. feature extraction
Use attention pooling in place of max pooling in Basenji2

Transformer layers

To capture long-range interactions across the sequence,
and encode as relative position

Relative positional encodings provide a parameterized
baseline for how actively two positions in the sequence
should influence each other during the layer’s
transformation as a function of their pairwise distance

Enformer trained for multi genomic epigenetic signal
including human and mouse dataset

Predicted genomic tracks for each chromatin feature used
to the training model

- 10 -
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Enformer (2021)

GE:JO‘ODE.MM
DNase/CO14-positive monacyte female S| k
20kb A0
O | . Liks T T s "
s Addad Akicletal ko
= = = e o DR S - TRRC
DNase/keratinocyte female
bl W~
A P o adals e A)l‘ S BRI

/ - 1

Chr11:35,082,742-35,197,430

Function prediction of noncoding
variants using enformer

1. Input
* 196 kb sequences with variants transformed to one-hot encoded matrix v

2. Output
* Genomic sequence track for each chromatin feature

* Contribution score of prioritizing enhancer-gene pairs with a sequence-
based model, computing the gradient of the CAGE target at the TSS for
input

* The enhancer—gene score was obtained by summing the absolute gradient
x input scores in the 2-kb window centered at the enhancer

* Variant scores computed by the difference between alternative predictions
and reference predictions

-11 -



Function prediction of noncoding

variants using enformer

3. Training/test/validation dataset

* Training, testing, and validation dataset (5,313 human and 1,613 mouse)

* Trained, evaluated, and tested on the same targets, genomic intervals, and
using Poisson negative log-likelihood loss function to minimize residual
between predicted and observed values

* Sequences data: reference genomes of human (GRCh38) and mouse
(mm10) divided into 1Mb regions
34,021 training, 2,213 validation, and 1,937 test sequences for the human genome

29,295 training, 2,209 validation, and 2,017 test sequences for the mouse genome

* Available to train simultaneously for human and mouse genome

Function prediction of noncoding

variants using enformer

Max GTEx across tissues

=1
L

Enformer SLDP Z-score
w B o o ~ L= w
i THET T

el
3 4 5 6 7 8
Basenji2 SLDP Z-score

" Enformer > basenji2: 59.4%
; Pvalue; 1.2 x 107

g9 10

~
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Enformer SLDP Z-score
& o
1

"
1

o
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w
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» Skeletal muscle
Smooth

.
+ Eye muscle
Other

Skeletal muscle

.
muscle L] ‘,g' £

Enformer = basenji2: 91%
Pvalue: 3.8 x 107

2

T
3 4 5 &
Basenji2 SLOP Z-score

(-]

Enformer SLDP Z-score

e ]
1

IS
L

L~
Il

-
-
.

Subcutaneous adipose

« Adipose
« Breast

Other

Enformer > basen;ji2: 94%

Pvalue: 26 x 107
T T T T J T T

1 2 3 4 5 ] T
Basenji2 SLOP Z-score
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Function prediction of noncoding
variants using enformer

f sshtspsspsrprsiptt CETP wiisiiss AC023825.2
L T R S ST S LT S L T L e
NLRC5 + -t it + -4 g
403.2 7
0 | J . —— s e T~ CAGE:PBMC
2793
l J Enformer
Reference
1_g. . - e Toea— . - Prediction
\\ Enformer
Ref-alt
-0.1 S-S l ST ,_..’LL-\;: A TSR T . -.J__ Predaicﬁo"
5 o I ]
0 . < a7 ‘v-w"t[u‘“!:kfrﬂm"dﬂﬂv 4
0 ) 1 5 ! 100 120 140
<
(6]
O -
e
rs11644125 C/T ———
0 5
iant rs11644125 is associated with changes in monocyte and lymphocyte blood cell

Enformer pre-trained model

/= Hugging Face 0 nodels, datasets, user » Models Datasets. Spaces  © Docs W Solutions  Pricing - Login SignUp

@ clcuthernl enformer-preview © Ike

G Myloch  ® Tensformens  enformer B Lceme: apache-2.0
+ Model card Files and versions S Community ] <, Train = 7 Deploy - < Use in Transformers.
£ Edit model card
Downioads last month
Enformer 13 A “ A }
Enformer model, It was introduced in the paper Effective gene ion prediction from sequence by
Integrating long-range interactions, by Avsec et al. and first released in this repository. + Hosted inference API

infarence AP/ has been turned off for this model

This particular model was trained on sequences of 131,072 basepairs, target length 896 on v3-64 TPUs

for 2 and a half days without augmentations and poisson loss

This repo contains the weights of the PyTorch implementation by Phil Wang as seen in the gnformer-
Rpytorch repository.

Disclaimer: The team releasing Enformer did not write a model card for this model so this model card

has been written by the Hugging Face team.

* Pre-trained model https://huggingface.co/EleutherAl/enformer-preview

* Predict variant impact via Python

- 13 -



Enformer pre-trained model

S pip install enformer-pytorch>=0.5

from enformer_pytorch import

Enformer enformer = Enformer.from_pretrained('EleutherAl/enformer-
official-rough’)

S python test_pretrained.py

# 0.5963 correlation coefficient on a validation sample

Sei (2022) S
ﬁ.

* Updated model of DeepSEA as to the training dataset and model
architecture.

* Predicting regulatory activity or sequence class of input sequences into
40 classes

* Chromatin effect of noncoding variants on 40 sequence classes

* Training for 21,907 cis-regulatory profiles across 1,300 cell lines and
tissues from Cistrome, ENCODE and Roadmap Epigenomics projects

* Classified 21,907 cis-regulatory profiles into 40 sequence classes by
tissue or cell type and regulatory activity

* Using deep learning model composed of three sequential sections: (1)
convolutional layers with dual linear and nonlinear paths (2) residual

dilated convolution layers (3) spatial basis function transformation and
output layers

-14 -



Sei (2022)

m 21,807 Chromatin profile targets

Spatial bagis function
and output layers =
‘ u:vw.cw ‘
Effcont gobal intagration
Residual dilated
convolution layers

Deep learning model with Convolution neural network

mms

nonlinea
r

Probability predictions of 21,907 chromatin features and classifying label of sequence into 40
classes

(3) Spatial basis function transformation and output layers

- Integrating information across spatial location with much higher efficient than fully connected
layer

- Spatial basis enables reducing dimensionality while preserving sequence patterns

(2) Residual dilated convolution layers

- Dilated convolution further expand receptive fields (kernel sizes), added dilation rate that is
interval between kernels

- Enabling the expansion of the receptive field without reducing spatial resolutions

(1) Convolutional network with dual linear and nonlinear paths

- Linear convolution block: fast and statistically efficient training

- Nonlinear convolution block: strong representation power and the capability to learn complex
interaction

- Nonlinear blocks are stacked on top of linear blocks with residual connection

4-kb length sequence with/without variants, transformed to one-hot encoded matrix

Sei (2022)
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Sei (2022)
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Tutorial

Prioritizing qualifying variants from WGS

Finding noncoding variants from qualifying
variants

3. Predicting functional impact of noncoding
variants using Enformer model

“Qualifying variants”

* There is a large number of variants per a genome
* SNPs: ~3.5 to 5 million
* Indels: ~500,000
* SVs: ~2,000

e “Qualifying variants” refer to variants used for
genetic association test or analysis
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Two complications in qualifying variants

* Many false positive calls

* Raw data of WGS in the genome contains more calls,
including true positive variants and false positive calls

e Depends on variant calling algorithm - ~10-50% of false
positive from a dataset

* De novo variants - Mendelian violation calls without
considering quality metrics are ~2,000 per genome

 Defining genetic model for diseases of testing

Variant calling

e Variant calling= otLE2| locusHI M &
NS e WA

T S =

* Joint-call plpellne01| M= oL 2l locusOl Al LEEFLE=
SEHOE HH BSUHA RS 2= IS

Reference allele ~‘~ ~‘~ Alternative (or variant) allele




Variant calling

sequence read

Reference Allele G 1
N
Variant Allele A 14
1:1 018 2 50%

Variant calling

Reference Allele G 4
M
Variant Allele A 4}
4:4 0|2 2 50%
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Variant calling

Reference Allele G 4

b
Variant Allele A 2J4
Variant calling
G| |G||G| |G G A A A

ol

A} E22EE X2 readdt 2E L ASDE?
» Read)} M4 5| =2 stochastic process
PCRIIE 0l Al strand bias E2 EJ|IAHE 240 (2 mapping X}0I
N, FE X0 Al callingE SEHOI S0 e SEAXNEE 1460 ZEHE S A

- 20 -



Variant calls needed to be filtered

* Filtering by quality metrics

NFO: Variant-level information0| 04, 2= & = 0|
DENMOR 2= MY
OO T ) — e O 1

* FORMAT: Genotype-level informationO| (4, 2+ &4

EOl 2D D= I‘Il:l
= T X T

INFO — AN
VariantJ} 2t = Allelel] == Xt=?

* AN (Allele number)

« otLt2| locusOll LIEHH 2 = allele2] == At
« AN ZICHRF: OI2F MAS X F|= A A =i
C

O TT o="T1T
e Of K| Bt E&H genotype quality 0| HFE &l 10, O]
Ol et ZCHtE0H R E == At 2EE D& &
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INFO — AC, AN
VariantJ} 2t = Allele2| == A}

ME1
| LAL |
| Al | |
| iy |
| A | |
b || |
ME2 =
| | | |
b | |
o | | | |
i : | | |
Chr1:12345 G/A

INFO — FS, SOR

l_EI-|

Variant= S & strand il 2| &t systematic b
Jb Z=Mol=01

Example: G -> T single-stranded artifact
How top strand and bottom strand C # Top Strand
map to the reference = (o Bottom Strand
—
—_—
-+ Shear DNA l
— (=
y >3 -— rrem—
2 2 Same artifact mechanism leads
Ligate Adapters l to different mutations in FIR2
Adapters (G toT) and F2RI(C to A)
e it (\
PCR v
P S
@ FCR
£ 5> : (T,
md' ‘ ....... 4 ---------- : *.......‘ .-.ﬂ. .
T
...... P —_— $
fea2 e il g i < PR %y B
i r
_’.—’. >
- coearanananans ; B T e 1
FIR2, ref F2RI,C to A
ttps://gatk.broadinstitute.org/hc/en-us/community/posts/360075017111-strand-bias-and-orientation-bias
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INFO —FS, SOR

==X

Variante= S & strand il 2| 8 systematic b
Jt &= ot=J4?

e Strand | LIEF: alleleOf] CHGHFOY 2 x 2 contingency-
table= 4

T Drsand s

REF X[0][0] X[O][1]
ALT X[1][0] X[1][1]

* FS (FisherStrand): Fisher’s exact test2| p-valueE
phred scale2 &S

e SOR: odds ratio= A=

INFO — MQ, MQranksum
VariantJ} & &4 5t 2| X| 2| mappingS & =t
Jt?

* MQ, (RMS Mapping Quality)
o HOIJI LSt 2 X 2| read= 2| root mean square
mappmg quallty

apping qualityES 1124 [t2h A

m
| JF variant callingO| & 0FLE & &
OII:]|-I-IO| I‘iCIE |:|O:I%

i
s0
”\E I mln
2

o

rol

ru

e MQRanksum

o« MAl 8= 0l Al reference aIIeIeJJ alternative allele 0f
CHoH 2& & MQUl CHet zscoreE oD, ref =2 alt
allele2 X|R& 0| LIEFLI=X] &H0I &
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INFO — DP, QD
VariantJ} &St 2| X| 2| read depthe= S
StIp?

* Sequence coverageE LtEtLH= X =

* DP (Depth)J)t R ¥ 2 &2 -> low-confidence
call

« DPI} LR =2 &2 ->sequencingll systematic

QD: Quality scoreE depth& 2 & &

Prioritizing qualifying variants from WC

e Use Hail ..
* to qc your WGS dataset
* to filter high quality variants
* to filter variants of testing by genetic model
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Introduction to HAIL

L ]
hCIiiI is an open-source Python library
for genomic data manipulation and
analysis.

+ “Parallelization”, "Scalable", "GWAS"
» Specifically applied on post-VCF analysis
» Used with large-scale datasets like gnomAD,

UKBB, FINJEN, TOPMED and etc...

Computational Basis of Hail

genomic data

= ),

|

@G ®©O

Written in python, based on Apache Spark

Can run on Laptop/Desktop, Server, High
performance cluster (HPC), Cloud (AWS, GCP...)

Similar to PySpark, but much more specific for

Implements a genomic dataframe "MatrixTable”

As integrated with Spark, it can leverage SQL
processing and machine learning algorithms
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Apache Spark

What is Apache

1. Hail is an open-source big data framework
which enbles the parallel processing

1. Written in Scala. can be accessed with
Java, Python, Scala and R (API). SQL2% g
Ol8{ 22| 7t=

- Structured Query Language (SQL)& database”} o|stgt 4
QUi ©10{2 Y5t C0|E{S B O|EfH|0| A0 23E T AL

3. Big data software & 7t 25| At2E| 1D AUS

Main Features of E

1. Spark RDD / Dataframe [ Dataset

- Resilient distributed datasets (RDDs)& 24
0ol intermediate datasete 2 2= API= raw
data”} ofl RDDZE HEHA|H AL

- 12| dataframex} dataseto| HENZ = AL Its

2. Spark Streaming

- RDD =2 1 2| YE{2 TIO[E{S HAIZ AE2[Y A
2|

- UHE, ASYS HE R HE X2lo| n&st 2= Yy
= 7t UZ

3. Spark Machine Learning

& hail-is / hail

<> Code () Issues 23 11 Pull requests 34 (*) Actions Projects

P main ~  hail / build.yaml|

(#10270)

‘J iel [ ] remove
atcnioters $§ PO T HTORPH

3760 lines (3714 sloc) 102 KB

steps:
= kind: buildImage
nase: hail_ubuntu_image
dockerFile: docker/hail-ubuntu/Dockerfile
contextPath: docker/hail-ubunty
publishAs: hail-ubuntu

« Hail githuboi| 22t¢} ¢/= ‘build.yaml’ o2
GCPOj|A hail set upst A| A2

» Configuration (3t 4%) 25 &1 IS

* AWSO|A hailg 8| fix ofet 22 yaml I

2 7tx| 11 set up 2
—-90¢
O,
°20¢
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Variant calling process

MatrixTable: Genomic Dataframe

wvcf file

CtE Data Science Library2| DataFrame=
Observation(2) x Variable(€) 2-dimension EEi =,
genomic data (VCF)E €] (&Lt

hal ———

MatrixTable

=] Haillil i = MatrixTable©¢|2l= Genomic Dataframe classS 1) °t&.

wvcf file

Gl FLTE (0 foemt
8 A4 imua 3
[ e
wews L oc 1 s
Moo

A I S o
AESA18; FeL. AR A ATE: B
AR B0 et
e
Y [T N T .

Globel tielda:
None

=ix_tomns hool

purple.
cafteine_consusption: floatid,

Mow fieldss
'locus’t locus<GRENIT>
‘alleles®: array<stes
‘rmid'y str
‘qual's floatsd
‘Eilters’: set<atsr
‘info's struct {

g

MatrixTable2 3 2| Table(=DataFrame)0| ¢ Z & 2 &

Row Table + Column Table + Entry Table

cols

C— T

JEE

hail |~

MatrixTable

ACt arraysineils,

APt array<tloatsis,

ANE Antld,

o tioaned,

ClippingRanksumy Floated,
2. oPr intd2,

BEr boal,

Fis Floatss,

Eaplotypescore: floatéd,

TnbreedingCoaff: Floatéd,

MLEAC: arrayeintlls,

MLEAT: arzayefloatds,

mgs tiontes,

ob: floatsd,
1 floaréd
}

Entry fieldss
"AD': mrray<intdis
& dnt32

Column keyr ['s']
Row keyi ['loces’, ‘alleles’)

Column table
(= Sample info
e.g. phenotype)

Row table
(= VCF INFO)

Entry table
(= VCF FORMAT)
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& phanspopulition phanssupsr pepulition Bhennis lemale Dhanc DUl hair  Bheno caieing consumeson
wr r - ol ool omes
"GO0 "GER" EUR" tana faine STt
Er=r— “aaR “Ew . ™ S30e8i
"HO00106" aER" EUR" faisar false AETelt
HOO0118° “GERT CELR" L fuse ASt0
Erer “an: R e [ prree)
OO0 & L) HA cann fan A0
WO 3 e e tane Froe]
Ery e - e rana e
MGG e RS e fainn LEL U
oo e rw . ™ PRt
gl e eeAs IIRAF AN info. BaseGans Sum
I ——r e ——P Ry st
HA 533ma04 [ (o] [adeny S0 130800
LR A L) PTem) a0 REL )
NA 308Ses02 NA = 1000 as88 12500
L] MA 2] Heseqy oz EEL
HA TDDd M B Dedz 4 ET e
UG [TOG] NA Sasess NA MmN ey s re
1240 [OTTGT  NA BO8ee04 NA (L n.7ee0n e 1esen
V280 [GCTT WA Bamedt N B podess ez 4 )
1IN [CUT] WA T38ea02 MA ] ety  sm A 22000
b FTC WA adeand Lty resey 1dean) -4 A0a00
‘shawing top 10 rows
oo abuiey. . A0 Dr Qo oT L
locumcGRERITs  armpsirs s aapcietits i3} b3 ol mrapclesdis
WO 4 0w meawn
BO % m o0 paaam
By & moou g
I ]
L] L] AL ) L ALE )
o 4w b g
RO 7 800 masy
I T ]
mO 8 18 o s
(L) 1 E ) 10.36.225]

Column table

Sample(&) x Sample Info(Z)
The cols table stores column fields that have one value per
column (sample), like the sample ID and phenotype
information(e.g. population, sex, age).

Row table

Variant(#) x Variant annotations(2)

The rows table stores row fields that have one value per row
(variant) like locus, alleles, and variant annotations (e.g. AC,
AF).

Entry table
Variant, Sample(#) x Genotype fields(Z)

The entries are a two-dimensional structured matrix that can
contain genotype fields like GT, DP, GQ, AD, and PL.

Quality Control
Variant level

s»> dataset = hl.sample_qcldataset, name='sample_gc')

matrix and
stores the results as a new column-indexed struct field

@ From depth (DP) & genotype quality (GQ) ->
stats
© From genotype (GT) ->

h 4

a»> filtered_dataset = dataset.filter_cols((dataset.sample_qc.dp_stats.mean > 28) &
(dataset,sample_qc. r_ti_tv = 1.5))

Filter samples using generated sample QC statistics

Computes summary statistics per sample from a genetic

w call_rate | Tlosted | - Fraction of calls not missing or filtered. Equivalent to n_cofled divided by coant_rows{) -
® N_gofledt | Lxted | = NUDET Of Mk MtsSing Cals.

= n_not_called { snves ) - Number of missing calls,

= n_fitered{ iaves | - Number of filtered entries.

= n_hom,_ref { intes | - Number of homozygeus refereree calls,

= mhet{ dnrss ] - Mumber of heterorygeus calls,

= m_hom_var( Lnisa | - Mumber of homazygaus alternate ealls,

o mnom,ref | (assa ] - Sum of n_bet and n_hom,vor.

+ nnp | fwtss ) - Number of SN altornate aliles.

& n_insertion [ intes ) - Number of insertion alternate alleles.

« n_deletion [ isees ) - Number of deletion alternate slieles.

» n_singleton [ Lnsd | - Number of private sfieles.

* n_tronsition [ Letsd ) < Number of transition (A-G. C-T) altemate alicles.
* n_trangversian | isted | - Numiber of transversion altemate alleles,

* n_star( iness ) - Number of star (upstream deietion) alleies.

+ .t tv[ thastea ) - Transition/Transversion ratio

« r_het_hom_var [ risstes | - Het/Homiar call ratio,

« r_insertion_defetion | rLestes | - Insertion/Deletion allele ratio,
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Quality Control
Variant level

=»> dataset_result = hl.variant_gc{dataset)

Computes summary statistics per variant from the genotype

data and « AF { armperimsnses | - Caloulated allele frequency, sne element per slile, . Surms to oeve. B AT AN,

stores the results as a new row-indexed struct field - A rrapeinitt ) - Caeuited shel count, ane e inchuing tha refrenc: Sume 16 AN
@ From depth (DP) & genotype quality (GQ) ->

* homarygote_c rrapeint s ) = Numbser of homazygotes per allele. One slement per aliske. includivg the reference.

» coll_rte ( fiossa ) - Fraction of calls neither missing nor filtered. Equivalent 1o n_colled / comt_colsl)

stats ” + _cafled { tnted ) - Number af samales with a defined GT.
9 From genotype (GT) - follovyig « .. cabed | incea | - Mumber of samales with # mising 6T,

+ e fillered { Levia ] - Numbes of Htarnd wndries.
« et { inths | - Number of heterorypous samples.
+ n_non_ref [ 42164 ) - Number of samples with at least one calied nion-reference allcle.

= et freq_fowe | Fiaated | - samgies under § equilbrium. Sen
tnctinss hardy welntery_ testi) for details.

= p_value bwe | riostss | - prvalue from test of Hardy-Weinberg equilibrium. See fusctiom. harey_weisbery_teti) for detals.

Filter variants using generated variant QC
StatisticsgATK filter algorithm &

ot
* Monoallelic variants
e Low complexity region
A2

Finding noncoding variants from
qualifying variants

* Variant annotation: find variant information from .
related databases %
* Genomic positions
* Genes, transcripts
e Codon changes
* Functional scores

e Various tools for variant annotations
* VEP, ANNOVAR, SNPEFF
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VEP: Calculated variant consequences

5

-_.._-______ oy <

1 I

I I

3

Os prime UTR variant
[ start retained variant

B splice doner variant
[l splice acceptor variant

[l splice region variant
1 intron variant

1 regulatory region
B 7F binding site
[] start lost
[l intergenic variant
[l upstream gene variant

[] synonymous variant

[] missense variant

[ inframe insertion

[ inframe deletion

I stop gained

[l frameshift variant

B coding sequence variant

l downstream gene variant}

‘ [] 3 prime UTR variant |

Nl stop lost

[ stop retained variant
] incomplete terminal codon variant

I transcript ablation
Jl transcript amplification

l protein altering variant
| mature miRNA variant
ll NMD transcript variant

[l non coding transcript exon variant
[l non coding transcript variant

[ TFBS ablation / amplification

[l feature elongation

Il feature truncation

VEP: Calculated variant consequences

W restn buraten
[ erenc_vnimnt

Al 5000018 Toaracrt asiaton
¥ &
spiee wgion al 0 5 5000015158 Siplen dercr varart
renuen lending in L0008 £ ganed
o rven 3
stieq GRS £im0 am
" et e BRLRRO o
oy [ritinl Sy Intrams maamian
¥ Sy Ielvarme deletion
g e 4 O ]
A eampsnca, ¢ Frotn
#9108 SEE2g 10, B9 A 13 EASES 61 T 4530 o 10 Bases o e IrIn SRR Epled en s daam
B0 S0 Incompints Senmisal todon waram
T SO0 B Fatwlares vanad.
Hchaned e &
e gl SCL00NINF Sy vatard
E T LaE0g seavence varant
4 i =Rudl Hishasn miTTHA yarnse
AUTH varart ol the & UTH B primw UTH variant
AL wiwiad o e 3 UTR 3 s TR wailant
o [T p——
Ararmaerip varkard e ng wit e @ i e warart
Avarans in a imrscrip i i et ! MG
A tratsesiot vaskant £i & 1o coding ANA gene i
Amenusnon yaine lonird £ of 1 gane
ABequanza vt seated § of 8 goas
v D00 T aiation
ECLOT MR TFRS amniferen
"
- o EQ00NANE Fiapintsey peaon asiama
o 00001891 Reguiatony region ampincanon
pecuee e, SO Feany wongann
A sl Enloil Ty Pinguistany segion wnwn
00001006 Fuahy v buimater
B0 b vntat

MOCFIER

[
MODEFIFR
WODFER
WO IER
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VEP: Calculated variant consequences

GENCODE annotation v

CD44
CD44

* Priority between coding and noncoding regions

CD44

CD44 # bt
CDd4 13ttt

CD44 r

* Variant A is predicted as coding variant on

transcript A but is predicted as noncoding variant

on transcript B

* Coding variants are likely to have strong impact
than noncoding variants
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https://colab.research.google.com/drive/1iKCIXNWa50i-SYWfRJIjQmECt-_Pnsbx?usp=sharing
https://colab.research.google.com/drive/1rKo0JN0tbNOUO1bchfeJIS8zvQGy9QRq?usp=sharing



