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Salary and Experience by Language

Median salary (USD)

$80,000

$70,000

$60,000

$50,000

Clojure

F#

Go
Hack Scala Groovy

Erlang

Rust Perl

Ruby
Ocaml

CoffeeScript

Juliai Bash/Shell

R TypeScript ~ Objective-C
Python Lua
Swift C#
Haskell ~ JavaScript SaL

Kotlin VBA

CSS HTML

Java C+  VBNET

C
Visual Basic 6

Assembly
PHP

Matlab

6 8 10

Average years of professional programming experience

Number of respondents
10,000 20,000 30,000

Cobol

Delphi/Object Pascal
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(Thu)

2019-02-28
(Thu)
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2019-03-07
(Thu)

2019-03-14

5 (13:10)
~ 8 (17:00)

5 (13:10)
~ 8 (17:00)

5 (13:10)
~ 8 (17:00)
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No. Date / Weekday Begin/End Hours Instructor Outline Note

AEAR
miaee

EBRA
Eioe

ERAR
miate

Introduction to database system
HRm RGN

Holiday

R Programming Language environment
RIEE @R {CIRIERIR

Data Import & Export

B A\ BB

Data Structure & Function Library

' [

ATEREBRIXMAERE(I)

2019-03-21 5(13:10) a4
(Thu) ~ 8 (17:00) %0  Biomedical literature mining using Artificial intelligence (I)
2019-03-28 5(13:10) a £HA ATEBERIBERIRE(ID)
(Thu) ~ 8 (17:00) #i##E  Biomedical literature mining using Artificial intelligence (II)
BISIC SWL Language
2 2019-04-04 5(13:10) 4 ABAR  ARESQUIEENE LM Aata Processing & Format Conversion
(Thu) ~ 8 (17:00) el WREERER
8 2019-04-11 5(13:10) 4 4£BA  Data Visualization (I) googleVis
(Thu) ~ 8 (17:00) Fins  WHEREER (I) googleVis
Data Visualization (II) Plot.ly
g | 2019-04-18 | 5(13:10) 4£BA  ARRRLER A1) Plotly
(Thu) ~ 8 (17:00) ##48  Interactive database based on R Shiny library
EREHAABEEEShiny
jo 20190425  5(13:10) 4£BW&  Mid-term Exam
(Thu) ~ 8 (17:00) HiaKs HhE
11 2019-05-02 5(13:10) 4 e | EA Database linkers & Reproducible Report generation tools (R Markdown)
(Thu) ~ 8 (17:00) s  ARNEEGSEBCRERELETAR Markdown
12 2019-05-09 5(13:10) 4 48K  Automatic mining tool for PubMed (pubmed.mineR)
(Thu) ~ 8 (17:00) Einlg 4£ERUMANESHEREIA pubmed.mineR
13 2019-05-16 5(13:10) 4 4£BA  Application for Biomart database using BiomaRt package
(Thu) ~ 8 (17:00) #WigiE  Biomart@RIMMA BiomaRt
14 2019-05-23 5(13:10) 4 4£B#A  Genomic data visual analytics I (Gviz package)
(Thu) ~ 8 (17:00) Figle EFEENEERSLE (1) Bioconductor Gviz
15 2019-05-30 5(13:10) 4 4£BA  Genomic data visual analytics II (circlize package)
(Thu) ~ 8 (17:00) ol EBEEABISEREME (11) circlize
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nature

International journal of science

Article = Published: 27 January 2016 nature

International journal of science

Mastering the game of Go with @
neural networks and tree search

Article = Published: 18 October 2017

Mastering the game of Go without human
David Silver , Aja Huang, Chris J. Maddison, Arthur Guez, Laurent Sifre, Geor
Julian Schrittwieser, loannis Antonoglou, Veda Panneershelvam, Marc Lancto knOWICdge

Dominik Grewe, John Nham, Nal Kalchbrenner, Illya Sutskever, Timothy Lillicr]

Koray Kavukcuoglu, Thore Graepel & Demis Hassabis ™ David Silver, Julian Schrittwieser, Karen Simonyan, loannis Antonoglou, Aja Huang, Arthur Guez,

Thomas Hubert, Lucas Baker, Matthew Lai, Adrian Bolton, Yutian Chen, Timothy Lillicrap, Fan Hui,

Nature 529, 484-489 (28 January 2016) ~ Download Citation & Laurent Sifre, George van den Driessche, Thore Graepel & Demis Hassabis
B

Nature 550, 354-359 (19 October 2017)  Download Citation %
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AlphaGo 28 AlphaGao Zero

Starting from seratch
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- -
™~

B8 0 3 hours -3 —
- AlphaGo Zero plays like a human beginner, o
i S B forgoing long term strategy to focus on
; d ki -"l, ',’ . L ,‘ greedily capturing as many stones as
y TS possible.
. 2 } AR o« I.” m . X J

‘D00 “ @~ ';_' : 19 hours

: _ . )t "_“:“:’ et 3 AlphaGo Zero has learnt the fundamentals of
‘ 009 t - more advanced Go strategies such as
@ @= . * B . 5% 00 P01 life-and-death, influence and territory.
2:00:02:80'08'0%:2 ste T v
Q@ ®*® 8y SR 1 db Sanmmann
Captured Stones [Ty ';/j;g:é.g;y, me;
o I .
INPS Y 3 P
"1',. - ,vo
Joll . e 00 i s 70 hours
' O+ 11Ok - AlphaGo Zero plays at super-human level.
A DI The game is disciplined and involves
SNENENE !“. _,i el multiple challenges across the board.
_'. ] . : :’ 3
Iy , N
o jn 4 ' " )"
(W v » » ‘ . L)
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(J © ‘ J
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Captured Stones
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gl

L A FRERBERITNA ARASESMABNNS. BEMN. 2017428188 (20174F5898)

3. * Google AlphaGo RIISH) : FEREITHAR - MBABITMABC. TechNews B,
[2017-03-09).

7. A%, 8. HREEEN - ATEBEAS, FERTH. (2017-03-09] (#x (4 ) .

3. 80818283 84 pogearch Blog: AlphaGo: Mastering the ancient game of Go with Machine
Learning#. Google Research Blog. 27 January 2016.
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Demis Hassabis. Lemis Hassalss on Iwitler: "Excited 10 share an updale on SAIphaGo

Demis Hassabis's Twitter account. 2017-01-04 [2017-01-04).

A 41.0 411 Ejizabeth Gibney. Google reveals secret test of Al bot to beat top Go players#.
Nature. 4 January 2017 [4 January 2017)

A BRI A REMN Magister(P) ] Master(P)IRS E A M MA LU E B MSUEE ToOMF
Aja Huang. 2017-01-04,

A (IR WilMaster B MAARERRC. FRSUS. 2017-01-05.

* Humans Mourn Loss After Google Is Unmasked as China's Go Master . Wall Street Journa
2017-01-05 [2017-01-06].

45. * @GR, FREVE LM (EMAphagoBITESRAMNUAD RN «. FIROMISER. 2017-

01-04 [2017-01-06).

3. * Schraudolph, Nicol N; Terrence, Peter Dayan; Sejnowski, J., Temporal Difference Leaming 46. * GRENNN "EREN, ©. WL 2016-06-05 [2016-08-05).
of Position Evaluation in the Game of Go _} (POF) 47. ~ %, FREREBAPhaGo 7 BHEM - WRNE L. ITZR. 2016-06-07 [2016-06-07].
), A10.0101 0.2 103 104 gjiver, David; Huang, Aja; Maddison, Chris J.; Guez, Arthur; Sifre, Laurent; 48, * iR AR WARAMAR « R : REAITTM AphaGo&,
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hR 4= ¢ (EEFA < TERe ¢+ EloSHRoNIERIEBE + B4R $
AlphaGo# (v13[64]) 176/EGPUSE] . Szt 3,144(58] 5L OB S 84 B
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AAH60LEOBR s B EAH 1
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AlphaZero AETPU v2 » E# N/A 60:40 ERS5AlphaGo Zero (3XKARZS)

1, * deepmind— K128 RREFAIphaGOMEMM £,

5. * TygemM@Master R NE FHHFMMERAphaGo®.

5. A 260 261 \Mety Cade. In Major Al Breakthrough, Google System Secretly Beats Top Player at
the Ancient Game of Go#. WIRED. 2016-01-27 [2016-02-01] (mmxm®) .

7. ® Sepcial Computer Go insert covering the AlphaGo v Fan Hul match N (PoF). British Go

Journal. [2017] [2016-02-01}.

3. * Premiére défaite d'un professionnel du go contre une intelligence artificielle®. Le Monde.
27 January 2016 () .

), A 2001 WE : ABEAPhaGo§ AR — AN L. WE (RRER) . 23 February 2016
[24 February 2016] (¥x) .

). * Google's Al AiphaGo to take on world No 1 Lee Se-dol in live broadcast#. The Guardian. 5
February 2016 (15 February 2016).

1. * Google DeepMind is going to take on the world's best Go player in a luxury 5-star hotel in
South Korea?, Business Insider. 22 February 2016 [23 February 2016].

2, Novet, Jordm YouTube will livestream Google's Al playing Go superstar Lee Sedol in

oRnnt Eab arv 4 2MAB Iomea.n2.0M

~ Schraudolph, Nico! N,; Terrence, Peter Dayan; Sejnowski, J., Temporal Difference Leaming
of Position Evaluation in the Game of Go 4 (POF)

A David, Eric. Google's AlphaGo “plays just like a human," says top ranked Go player#.
SiliconANGLE. February 1, 2016 [2016-02-03] (smatm) .

* Gibney, Elizabeth. Google Al algorithm masters ancient game of Go®. Nature News &
Comment. 27 January 2016 [2016-02-03].

. A FHEWOERRG T$F¥57,) MES3RNL. sports.sina.com.cn. [2017-05-28).

A Connor, Steve. A computer has beaten a professional at the world's most complex board
game®. The independent. 27 January 2016 [28 January 2016].
A Googla's Al beats human champion at Go®. CBC News. 27 January 2016 [28 January 2016

.~ Gibney, Elizabeth. Go players react to computer defeat#. Nature, 2016.

doi:10.1038/nature.2016.19255 2.

A FRI AphaGot "RET) RESME? AIBBRRRREERE ? €. PanScl ZHS.
2016-03-14 [2016-03-15).

.~ Tian, Yuandong; Zhu, Yan. Better Computer Go Player with Neural Network and Long-term
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Largest Crypto-Mining Marketplace

About For sellers For buyers

Sell or buy computing power on demand

computing power of your PC, server,
workstation, ASIC or farm

Get paid in Bitcoins
Payments from 0.001 Bitcoin
Payments from once per day

No registration required

Free software & user friendly guides

BUY

massive hashing power for mining Bitcoin,
Zcash, Ethereum and other coins

© Minimum order price 0.005 Bitcoin
o Cancel at any time without a cancellation fee
© Pay only for valid shares

© Mine on any pool you want

O Real-time statistics & dashboard

? {ﬂglilemg_w

Help

Register / Login
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HBM2 oZF k{ i $
AL (ES
AErS{E $ 97900
NVIDIATITANV 0.00020343 BTC Intel CPU i7-7700K @ 0.00008800 BTC
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READY
NVIDIA TITAN XP 0.00015220 BTC Intel CPU i7-6700 @ 3.40GHz 0.00007150 BTC
Lyra2REv2 ’ ) Hodl =t
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-'
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CPU: Central Processing Unit
GPU: Graphics Processing Unit
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CPlI Optimized for Many
s Parallel Tasks
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Al REALSETERAMD GPU !

AMD Plugs Machine Learning | is ) (ywnz.com) ZREFSE , 73 ILinux/F L
Je— [EIEREIRE . YWNZ:

Into Upcoming Vega 7nm GPU

Paul Teich Contributor
Tirias Research ©
Enterprise Cloud

I write about new technologies and usage models transforming business

TWEET THIS

W AMD intends Vega 7nm to competitively accelerate #datacenter
#DeepLearning #MachineLearning #Al training & inference

AMD sketched its high-level datacenter plans for its next-generation
Vega 7nm graphics processing unit (GPU) at Computex today.
Putting together bits of information dropped during AMD's PC-heavy
hour-and-a-half presentation, it becomes apparent that Vega 7nm is
finally aimed at high performance deep learning (DL) and machine
learning (ML) applications — artificial intelligence (Al), in other
words. AMD’s EPYC successes may be paving the way for Vega 7nm

in cloud Al training and inference applications.

BT LinuxifiE

LinuxT# Linux®3}E Linux3#E Lind@E Linux&< Linux3Ef LinwdEill Linuxz=fRSEE Lin

FREME: 87 > Linux3%#E > TensorFlow{#HBAMD GPURHI/E (ROCm/Ubuntu 18.04)

TensorFlow{#FHAMD GPUZMHNE (ROCm/Ubuntu 18.04)

2018-07-23 10:24:56 {F&: E¥BigWang #ill: linuxi

AIGETAMDHF ZROCMER, Ubuntu 18.04 A%+, TensorFlowthfE{#EFHAMD GPUSSIMIGPUNNE, IMTE
ERGERTEZ L,

B ER

CPU: AMD Ryzen 1700x
GPU: AMD Radeon RX580
AfF: 32G

§##k: SSD 256GB + HDD 2TB

AEREMNEZUbuntu 18.04
AR RZUbuntu 18.04, REMNEBRNRRAR, HAMITLIREZAEEUDbuUNtu Kylin 18.04, sJ%
EPIE: https://ywnz.com/linuxaz/1443.html|

RIEAMD GPUERNERF

L. THRMOENER, HEMRNZE18.205%,

Tt

BEHE\afor RHEL 7.5/CentOS 7.5, RHEL 6.9/CentOS 6.9, Ubuntu 18.04, Ubuntu 16.04.4,
SLED/SLES 12 SP3hZ, i&#¥Radeon Software for Linux version 18.20 for Ubuntu 18.04kRA T %,
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aws . $122,000

L4 1 s
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-
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ASIC

Innosilicon A9 ZMaster
Equihash at 50000 Sol/s

BITFURY B8
SHA256 at 50 TH/s

Innosilicon A5 DashMaster -
overclock mode
X11 at 38000 MH/s

Innosilicon A5 DashMaster -
normal mode
X11 at 30200 MH/s

Baikal Giant X10
Qubit at 10000 MH/s

HfERa EE RS (Application-specific integrated circuit )

EARNINGS/DAY

0.00565458 BTC
36.47 USD

0.00174812 BTC
11.27 USD

0.00073589 BTC
4.75 USD

0.00058484 BTC
3.77 USD

0.00050205 BTC
3.24 USD


https://zh.wikipedia.org/wiki/%E7%89%B9%E6%AE%8A%E6%87%89%E7%94%A8%E7%A9%8D%E9%AB%94%E9%9B%BB%E8%B7%AF

Google @RS Ti2EMIHE > TPU ABfIELE CPU ~ GPU R 30 1§

fe& Bl | /%M 2017 4 04 B 07 B 14:28 | £ Google , GPU , & H G+

£ Google & TPU —F1& - EMMBRRBED R R OHBEOERIRIBRAT -

—= Lz - TPU 3% B 7 CPU 1 ASIC RYBRL - ENMEZ OIARER -
mHECELE CPU ~ GPU #l FPGA BB E SRIREF EERIEEE
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Sebastian Thrun

Skin disease

s 1glosarcoma

Figure 2 | A schematic illustration of the taxonomy and example test
set images. a, A subset of the top of the tree-structured taxonomy of skin
disease. The full taxonomy contains 2,032 diseases and is organized based
on visual and clinical similarity of diseases. Red indicates malignant,
green indicates benign, and orange indicates conditions that can be either.
Black indicates melanoma. The first two levels of the taxonomy are used in
validation. Testing is restricted to the tasks of b. b, Malignant and benign

Andre Esteva , Brett Kuprel , Roberto A. Novoa , Justin Ko, Susan M. Swetter, Helen M. Blau &

Nature 542, 115-118 (02 February2017)  Download Citation ¥

Dermatologist-level classification of skin
cancer with deep neural networks

TensorFlow

Google

Melanocytic lesions Melanocytic lesions (dermoscopy)

Benign

Malignant

example images from two disease classes. These test images highlight the
difficulty of malignant versus benign discernment for the three medically
critical classification tasks we consider: epidermal lesions, melanocytic
lesions and melanocytic lesions visualized with a dermoscope. Example
images reprinted with permission from the Edinburgh Dermofit Library
(https://licensing.eri.ed.ac.uk/i/software/dermofit-image-library.html).
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A universal SNP and small-indel variant caller using deep neural networks

Nature Biotechnology volume 36, pages 983-987 (2018)

{ DeepVariant \ ( DeepVariant CNN training \ ( Pileup image evaluation \
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DeepVariant: Highly Accurate Genomes With Deep Neural

Networks
: Google Al

Monday, December 4, 2017

Posted by Mark DePristo and Ryan Poplin, Google Brain Team



New Results

Cold Creating a universal SNP and small indel variant caller with deep neural

A © °
lORX [V reeworks
Laboratory

Ryan Poplin, Pi-Chuan Chang, David Alexander, Scott Schwartz, Thomas Colthurst, Alexander Ku,
Dan Newburger, Jojo Dijamco, Nam Nguyen, Pegah T. Afshar, Sam S. Gross, Lizzie Dorfman, Cory Y. McLean,
Mark A. DePristo

THE PREPRINT SERVER FOR BIOLOGY

doi: https://doi.org/10.1101/092890

Actual sequencer output: ~1 billion ~100 True genome sequence: 3 billion bases in
basepair long DNA reads (30x coverage) 23 contiguous chunks (chromosomes)
—ry ¢
Wead2 ¢
ORI o2 : Hoadd: tgga o assesseene cac cgtantencn
FUBAREM R RS ENS ettt s SR e coen s e
fead 1,006, AACIGIEGACALARIES TRET LACLELELICATIZARCERQLE
Step1 | l Step 2 18
Align reads to a Infer the true genomic
reference genome sequence(s)

(A1) Google#titDeepVariant F|FHAIR B FERRER
&Eﬁ*’i = Reads aligned to a reference gencme

Reference: ...ttgtcttggaacatgRapattgtgtcaccEtantggcacaggacaaacc, ..
BEW : 2018/1/19 5% . BRN EREN - MEsE Readl: + 0« LLRTCLIERIACItERIRAL LR LE TRACCELIDLERCACIRRACIDACC

Read2: ...trgrcteggaa ARG LEtEIRACCETARTEECACAZZACARACC, .«

Read3; tRRMLcatgpopRttRtgtgaccptantggcacagRacCaaNCC, . |

21482 ¥) + 2% 8 ¥ (High-throughput sequencing + HTS)BIRERIR(L » BLAKHIGE - BEAMA - BIR
BEREAEVHOEARFY)  CREFAFOSRERATCARBRRE  AEERNANEREREREAER » —
HENSROME - T8 » GoogleRH T —HARESRE IR » B&DeepVariant » NEIRUERENARER
e -

Same as reference Same as reference

ERERI M

FSREREENFORN - ARRERESH0MEONAREY  XENFOLRZ10@MEARNERFT) A BW
AN Efireads) - SEMMBEMISH00EREY - ENANVUBEBENHHGERE - BRAERFTIEEETE
H ARSRRSBERRUY  TERHRCERE EWELINWERANFEEPELNATERESR
¥ R—iENRER -

BATRLEARMERAREFNNE EREMENRITARSESE » HERMAMERLAIRE  SAT
REAERY  BEBREGoogle®# T DeepVariant » BEMBGoogle Brain PR 53 8 W 5 Ml 4 65 B 2 5] Verily
SERMESHRIALRNARERR TR  BEENFOEFSI R BreadsHHERM M » 12 ALGooglell A58 T
B9 EEREAREE L BLEOROLEHHESXAHEH—K#R -




A.I Deepvariant

ese E phusng — piwang@dalek:~ — ssh - pihusng 163.26.99.72 — 103x27
| 2] 152666 C  /usr/bin/python 26MiB |
| 1 152666 c {fusr/bin/python 18741MiB |

Mon Sep 10 08:54:54 2018

| NVIDIA-SMI 396.44 Driver Version: 396.44 |

| GPU Name Persistence-M| Bus-Id Disp.A | Volatile Uncorr. ECC |

| Fan Temp Perf Pwr:Usage/Cap| Memory-Usage | GPU-Util Compute M. | NVIDIA.
| . ' |

| @ Quadro K2200 Off | 000P000D:03:00.0 On | N/A |

| 42% 33C P8 W/ 39 | 140MiB / 4@LOMiB | 0% Default |

| 1 GeForce GTX 188... Off | 00000000:04:00.0 Off | N/A |

| 42% 73C P2 199W / 250w | 10753MiB / 11178MiB | 0% Default |

| Processes: GPU Memory |

| GPU PID Type Process name Usage |

| |

| ] 7395 G fusr/bin/X 49MiB |

| 2] 7454 G  /usr/bin/gnome-shell 56MiB |

| (%] 152666 C /usr/bin/python 26MiB |

| 1 152666 c /usr/bin/python 18741MiB |

i s
benchmarkingScripts main_sge.nf RESULTS-DeepVariant

Dockerfile nextflow.config RESULTS-DeepVariant.bak TU RBO"GTX].OSO'SG
LICENSE nextflow.config.bak sampleDerivatives

main.nf pics testdata

main.nf.bak README . md work

[pihuang@Pdalek DeepVariantl]$ sudo rm -rf work

[sudo] password for pjhuang:

[pjhuangPdalek DeepVariant]$ nextflow run main.nf --bam_folder "/pj_data/taiwanbiobank/deepvariant_gpu/
" --getBai “"true" --fasta "/data2/reference/hg38/GRCh38.p1@.genome.fa" —-fai "/data2/reference/hg38/GRC
h38.p1@.genome.fa.fai" --fastagz “/data2/reference/hg38/GRCh38.p1@.genome.fa.gz" --gzfai "/data2/refere
nce/hg38/GRCh38.p10@.genome.fa.gz.fai" --gzi "/data2/reference/hg38/GRCh38.p10.genome.fa.gz.gzi"
NEXTFLOW ~ version 0.31.1

Launching “main.nf" [gigantic_kilby] - revision: @cfe@e7ecb

[warm up) executor > local
[(ba/@05Bal1] Submitted process > preprocessBAM (NGS2_20158108F_S99_L999-bwa-hg38-201808726235301.bam)
[1a/9ac521) Submitted process > preprocessBAM (NGS2_201501086D_S99_L999-bwa-hg38-20180720030125.bam)
[8c/edbBB2] Submitted process > preprocessFASTA

[Bc/96eaba) Submitted process > makeExamples (NGS2_20150106D_S99_L999-bwa-hg38-20180720030125.bam)
[20/77bfcd] Submitted process > makeExamples (NGS2_20150108F_S99_L999-bwa-hg38-20180726235301.bam)
[d8/44fb58) Submitted process > call_variants (NGS2_20150106D_S99_L999-bwa-hg38-20180720030125.bam)
[29/966ede] Submitted process > call_variants (NGS2_20150108F_S99_L999-bwa-hg38-20180726235301.bam)
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TensorFlow

8...... RIEMRZERNEYRR » TRIEDIMNEZ W REE—BRR S H¥ L H0FE 2 MFEE | slal/ VERAMERIE »
Z : IUMR (Irissetosa) ; #: MEWE (Iris versicolor) ; A : EEEME (Iris virginica) -
ERBED » BADBIZEHEM (01 2] 48 ? RERIRD ALK ? 12B% » FPIREFSE TensorFlow BIELAIE !

https://www.mile.cloud/zh-hant/getting-started-2-tensorflow/#toggle-id-1



BIOBANK

b s

=

e
Janus Serum Bank in
Norway (The JANUS
project)

L 1]
The Swedish
National Biobank

Program

=

1073- present
317,000 donors

\E—g F 1 |

UK Biobank
2006-2010
500,000 participants

\—
am
t ]
Lifelines Cohort

(Dutch population-
based cohort study)

\:o'.

na
National Biobank of
Korea

®iven
The Estonian Gene
Bank

xH
The Framingham
Heart Study (the
oldest biobank)

2000-prasent \-
52,000 participants

1948- present
15,000 participants (three
generations)

2008-2012
525,416 participants

H
China Kadoorie
Biobank

2004-2008
512,891 adults

=

Aw
Danish National
Biobank

™

2004-present
167,792 participants

1882

L1
The German National
Cohort

8%
BioBank Japan

2014 present
200,000 participants

2003-2017
300,000 Prs

\\'l

BEW
The Mexico City
Prospective Study

s

E
ICMR National
Tumour Tissue
Repository (INTTR,

umour Tissue
Repository in India)

Eg Lot ]
Saudi Biobanking
Project

o
WX A

The Malaysian
Cohort

1998-2004
150,000 adults

(unger construction)
200,000 people

UK, China, Korea > 500,000
Saudi, German, Norway, Japan > 200,000
Mexico, Swedish, Malaysian, Taiwan > 100,000

https://www.twbiobank.org.tw/new_web/



Is Taiwan Genetically Independent?

OTHER
NON-FINNISH
' EUROPEAN
FINNISH ESTONIAN e ROPEAI
o 2
y ST
e \ SOUTH ASIAN
: JAPANESE

KOREAN

OTHER
SWEDISH EAST ASIAN
NORTH-WESTERN BULGARIAN
EUROPEAN
SOUTHERN
EUROPEAN
ASHKENAZI
JEWISH LATINO
AFRICAN/

AFRICAN-AMERICAN

Adapted from https://macarthurlab.org/2018/10/17/gnomad-v2-1/
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r EPREIHEL
1000 samples WGS 30x

\d

- 2.2 GHz
40 cores

S BT,
nf-core/ *
deepvariant

Total: 1500 samples WGS 30x

¥

5 years 32 years
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Sequencing GATK Best Practices
. >
GATK 4 HaplotypeCaller VCF + gVCF
Human e MM MM SN
WGS 30X M G SSEMIT
1 node 6nodes
1 sample
Computing node(s)

1000 Samples



Solution2: Software Speedup 5

"~

( ~
=
= EHZI i
= Qgoone
Semencing GATK Best Practices
Human \ J
WGS 30X GATK 4 HaplotypeCaller VCF + gVCF

1 sample 1000 samples

%

s Orisinal  2Days/1 sample ——p 5,47 YIS

= Hardware ZDayS/ 6 samples — < 1 Yr
o bms (333.3 Days)

bampey  bomes — (250 Days)

—— e SOftware 1
3.37hrs/1 sample 156 partitions ~5 Months
(166 Days)

. 23 partitions (chri, 2, ... 22, X) ~8 Months
—— { 5.9hrs/1 sample partitions (c



Visible Improvement

WGS (30x)
From fastq to VCF+gVCF

DeepVariant 12Daysé4h IS

GATK 2Days->3.37 hrs



The benefit of Software Speedup

3 w
— /_ﬁ
' — v D
Semencing GATK Best Practices -
Human \ J
WGS 30X GATK 4 HaplotypecCaller VCF + gVCF
1 sample 1000 samples

———)

= Hardware ZDayS/6 samples — < 1 Yr
Sy (333.3 Days)

156 partitions

6*5 =30 nodes 2270 partitions

5 Qhrs/ 1 sample 23 partitions (chrd, 2, ... 22, X) ~8 Months
—— Hardware) { . (250 Days)
— | S
opare T 3.37hrs/1 sample 156 partitions ~5 Months
(166 Days)
i
= ooftware 1+ P Ars/1sample — =——— << 1month
i
i



Precision/recall evaluation

QUERY RECALL PRECISION F1 SCORE
GATK4 #1 99.8757% 99.6161%  99.7457%
GATK4 #23 99.8764% 99.5932%  99.7346%
GATK4 #156 99.8761% 99.5969%  99.7363%
DeepVariant #23 99.9367% 99.9427%  99.9397%
DeepVariant #156 99.9366% 99.9426%  99.9396%

Platinum Genomes truth sets:

Eberle, MA et al. (2017) A reference data set of 5.4 million phased human
variants validated by genetic inheritance from sequencing a three-generation
17-member pedigree. Genome Research 27: 157-164.
doi:10.1101/gr.210500.116

Genome in a Bottle truth sets:

Zook, JM et al. (2014) Integrating human sequence data sets provides a resource
of benchmark SNP and indel genotype calls. Nature Biotechnology 32: 246-251.
doi:10.1038/nbt.2835



Apache Spark in-memory computing system
Genome Alignment Variant Calling & Annotation Mutational Signature Analysis

96 Trinucleotide
count Matrices

Analysis-Ready Reads (Bam files)

Raw Reads
(FASTQs)

Small cohort
N<50

GATK

Al Vari
HaplotypCaller DeepVariant

Pre-alignment
QA/QC

GPU-acceleration

Map to Reference
(BWA mem)

deconstructSigs algorithm
Genotype

tariant Cal ) .
Variant Call Genotype Variant

Format files Call Format files
gVCFs) NCEe)
Post-alignment 8 (gVCFs)
QA/QC
Mark Duplicates 51 52 s3] » |
fedod (el Combine GVCFs Decomposed Signatures
Cosine Simifrity Search

Indel
Realignment

. : Statistical
Quantifying | Trinucleotide Estimation
the amount count of strand-

of each matrices of )
Base i 30 Reference blaseq
B somatic

Reca"bfatlon Biomedical databases and in each Slgnatures :
variant annotation system sample (Obtained mutat«on
from COSMIC)

Variant Annotation
(VAReporter)

Analysis-Ready

Reads docker = &4

docker



Chang Gung Genotype-phenotype Database

&
%7 172" BIOBANK « t2m ¢

Tamen Bicbers PREARM - ERARTOARE

1' 500 non-cancer

mutational profiles

kALLGE

Chang Gung Memorial Hospita

Cancer or non-cancer
mutational profiles
Sfrom CGMH

Cancer mutational profiles
from mSignatureDB

HOD @ 9=
DG ®® o
DOS ®®
&8 coc tcend

Chang Gung Genotype-phenotype Database

e Y
Clinical Features/phenotypes -
gVCFs files

hail
hail: Scalable Ge&l\\Analysis package

Variant Database

‘o elastic &

docker

cancer & non-cancer samples

(=== [_mmui Mutational signature database

Mutational
profiles

Suzaatare Landsape scron samphes @ Preject
{ h Rl

:é;....._..-. AL~ ;A
= TCGAICGC ' Taiwan Biobank
==..... {cancer). . ~ (non-cancer)




Chang Gung Genotype-phenotype Base (WGS)

GATK4.0 hg38/hg19 gVCF
1000 sampw_les

Mutations
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DeepVariant-on-Spark

DeepVariant-on-Spark is a germline short variant calling pipeline that runs Google DeepVariant on Apache Spark at scale.

Why DeepVariant-on-Spark

¢ DeepVariant is highly accurate. In 2016 DeepVariant won PrecisionFDA Truth Challenge in the best SNP Performance

category.

* Apache Spark is a lightning-fast unified analytics engine for large-scale data processing. Apache Spark achieves high
performance for both batch and streaming data, using a state-of-the-art DAG scheduler, a query optimizer, and a

physical execution engine.

* DeepVariant (v0.7) hasn't supported multiple GPU:
utilized across multiple nodes. For example, nVidia

¢ DeepVariant-on-Spark leverages Atgenomix SeqPi
DeepVariant pipeline on Spark and to use Yarn to o

Documentation
* DeepVariant-on-Spark release notes

Dependence

¢ Apache Hadoop 2.8.x
e Apache Spark 2.2.x

¢ Apache Adam v0.23 (forked and modified by Atgenomix)
e DeepVariant v0.7.0 (forked and modified by Atgenomix)

Quick start and Case studies

¢ DeepVariant-on-Spark quick start on Google Cloud vid DataProc

¢ DeepVariant-on-Spark WGS case study
e Multiple GPU acceleration
e Customization

¢ Trobuleshooting
Contributing
Interested in contributing? See CONTRIBUTING.

License

QFLRNGGs

ﬂ‘o‘L

Internship

BERBEYERASBEMHA TR

DeepVariant-on-Spark is licensed under the terms of the Apache 2.0 License.

SR 18

DeepVaraintOnSpark

LR &
oA L

Google Cloud Platform  w
ANSIBLE
)
PLAYBOOK
N\ 1
ANSIBLEMGMT
NODE
INVENTORY

Ansible work via ssh, NO Master Server ! NO Agentis Required

Google Brain Team

n
I}

SERVER 1

St
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SERVER 2
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SERVER n
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CANCER GENOMICS CLOUD amazon

webservices™
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Replicate every result REXS - AWS #E/)\E (13)
via automatic logging e

and versioning.

= B
Run analyses using

optimized computational
resources.
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Biological Database Management and Applications
4 2019-03-14 5 (13:10) 4 48K  Data Structure & Function Library
(Thu) ~ 8 (17:00) =  ARSERERRE
. 2019-03-21 5 (13:10) & EBR AIEBEBRSURBERER(D)
(Thu) ~ 8 (17:00) #fA¥8  Biomedical literature mining using Artificial intelligence (I)
6 2019-03-28 5 (13:10) 4 EBAR  AIES4EBSURBERFR(I)
(Thu) ~ 8 (17:00) ®iH#  Biomedical literature mining using Artificial intelligence (II)




Benchmarking

30X PE WGS
EEREEEREHEA
(Google) (PJ modified) | (Google Cloud) (CGU) (Al center)
CPU 24 24 80 72 ?
GPU X 3,584 35,840 10,752 1,376,000
Spark X X X v v
Output VCF VCF VCF+gVCF  VCF+gVCF  VCF+gVCF
Time 16hr 6hr 2hr 2hr20m << 1hr

Google Cloud Platform % Bk

GCP ®E
$B00s<TT R 5|

12 BA KA - LRGE $300 ETIERM
EBRERE @0

SparkDV

4




SparkDV: DeepVariant on Spark

HP Z640
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& docker TensorfFlow

>

Nvidia
1080Ti

3,584 cores
/AN

3,584 cores

2N

3,584 cores
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10G Network

_ <2h20m/sample

i 602 992 WGS (2018 Sep. ~ now)
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NVIDIA

DATA CENTER

DGX-1

NVIDIA DGX-1
Al FFZE |52 DGX-1 4E: V100x 325

]

V100: 43,000 cores
Total: 1,376,000 cores




<X NVIDIA.

GPU machine: DGX-1 GPU*8

‘ k Parabricks Home Pipelines News Resources About ContactUs
- B

Processing Time in Minutes for 40x Whole Genome

1250
32 vCPU, Open Source Solution

Parabricks Software on 8 GPU Server

45 15 14 28 25

BWA + Haplotypecaller Mutect2 GenotypeGVCF DeepVariant
Preprocessing

Accuracy
BAM : 100% Match, VCF :99.99% Match




We have enabled Multiple GPU Acceleration!

Currently DeepVariant (v0.7.x) support single GPU

Multiple GPU machine: DGX-1 GPU*8 (no benefit)

Fri Jan 11 22:35:59 2019

| NVIDIA-SMI 390.87 Driver Version: 390.87 |
|
| GPU Name Persistence-M| Bus-Id Disp.A | Volatile Uncorr. ECC |
| Fan Temp Perf Pwr:Usage/Cap| Memory-Usage | GPU-Util Compute M. |
| |
| @ Tesla P10@-PCIE... Off | 00020000:00:05.0 Off | 0|
| N/A  62C PO 171W / 250W | 16112MiB / 16280MiB |  100% Default |
| 1 Tesla P10@-PCIE... Off | 00000000:00:06.0 Off | 0|
| N/A 65C  PB  166W / 250W | 15624MiB / 16280MiB |  100% Default |
AR e N
| 2 Tesla P100-PCIE... Off | 90000000:00:07.0 Off | 0|
| N/A 63C PO 163W / 250W | 15624MiB / 16280MiB |  100% Default |
| 3 Tesla P1GO-PCIE... Off | 00000000:00:88.0 Off | 0|
| N/A 60C  P@  157W / 250W | 16870MiB / 16280MiB | 100% Default |
| Processes: GPU Memory |
| GPU PID Type Process name Usage |
N e 19863 C  /usr/bin/python . 4227418
G P U 1 I e 19868 € /Jusr/bin/python 4 JO bs 4227Mi8
Hardware Spec.  Pure CPU cluster  1-GPU Cluster  2-GPU Cluster  4-GPU Cluster | 19880 € /usr/bin/python 4225418
| 0 77sﬂ s Juer/hin/onuthan I421M{R
. . | . 19876 C  /usr/bin/python 4225Mi8
Execution Time 1h 20m 49s 16m 46s 9m 34s 7m 19s G P U 2 | 20093 €  /usr/bin/python 4 . b 4225418
| I 20094 C  /usr/bin/python J O S 4225418
i 21556 C__ /usr/bin/python 2937Mi8
N2 19864 C  /usr/bin/python 4225M18 ||
N2 19874 € /usr/bin/python . 4225418 |
o2 20095 C  /usr/bin/python 4 JObS 4225M18 |
| 2 21555 C Jusr/bin/python 2937Mi8 |
| 3 10870 T /usr/bin/python 3227H10 |
P b H k | 3 21986 € /usr/bin/python . 3513118
arapriCkKs G PU 4 | 3 22495 C  /usr/bin/python 4 JO S 4225418
‘ - | 3 22686 C  Jusr/bin/python 4093Mi8
—————————————————————————

32 vCPU, Open Source Solution

Parabricks Software on 8 GPU Server

DeepVanT G P U N
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Michael Stratton Steve Rozen Gad Getz

The Repertoire of Mutational Signatures in Human Cancer Posted May 15,2018.

 Ludmil B Alexandrov, Jaegil Kim, Nicholas | Haradhvala, Mi Ni Huang, (2 Alvin WT Ng, Arnoud Boort,
Kyle R Covington, & Dmitry A Gordenin, Erik Bergstrom, {2 Nuria Lopez-Bigas, Leszek | Klimczak,
John R McPherson, & Sandro Morganella, £ Radhakrishnan Sabarinathan, David A Wheeler,

(D Ville Mustonen, Gad Getz, {2 Steven G Rozen, Michael R Stratton,

on behalf of the PCAWG Mutational Signatures Working Group and the ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Network

Download PDF

doi: https://doi.org/10.1101/322859 W Tweot m
This article is a preprint and has not been peer-reviewed [what does this mean?]
Ludmil Alexandrov Subject Area
Abstract Full Text Info/History Metrics [ Preview PDF
ABSTRACT
Subject Areas

Somatic mutations in cancer genomes are caused by multiple mutational processes each of

which generates a characteristic mutational signature. Using 84,729,690 somatic mutations All Asticies

from 4,645 whole cancer genome and 19,184 exome sequences encompassing most cancer

types we characterised 49 single base substitution, 11 doublet base substitution, four Animal Behavior
clustered base substitution, and 17 small insertion and deletion mutational signatures. The Biochemistry
substantial dataset size compared to previous analyses enabled discovery of new signatures, Bioengineering
separation of overlapping signatures and decomposition of signatures into components that Bioinformatics
may represent associated, but distinct, DNA damage, repair and/or replication mechanisms. Biophysics
Estimation of the contribution of each signature to the mutational catalogues of individual Cancer Biology
cancer genomes revealed associations with exogenous and endogenous exposures and Cell Biology
defective DNA maintenance processes. However, many signatures are of unknown cause. Clinical Trials
This analysis provides a comprehensive perspective on the repertoire of mutational Developmental B
processes contributing to the development of human cancer. Ecology

Epidemiology



The repertoire of mutational sighatures in human cancer

4,645
Genomes

o PCAWG

PanCancer Analysis
OFWHOLE GENOMES

Mutational Signatures

19,184
OINES

49 SBS: Single base substitution

11 DBS: Double base substitution
4 CBS: Clustered base substitution

17 IDS: Insertion and deletion



Mutational Signatures in 1,001 Human Cancer Cell Lines and 577 PDX models

& Q > & &
. 2& *S(‘ 690 Q}\o\) e i & & ) R 6&“” s o &
O O % z O R
13519121852 5 1831551 1 352253 9 4433271410 8 1767161541 4 2118324332 8 1266553 9 291611 9 Proposed etiology
SBS1 @0 000000000 0002000 °000°: 2000000000 0°°"000000 Deamination of 5-methylcytosine
SBS 2- e @0 0o 00 ® . Y ® ¢ o 0 * 90 0 ° ® o ® LI W DR APOBEC activity
SBS 3- . . . L . Defective HR DNA repair: BRCA1/2 mutation
SBS 4- . . ® LN N ) . ® . Tobacco smoking
SBS5 000000000000 0000000000000CFCFCODOINOOIOOINOTIOOINODOINOIONYYS
SBS 6- ° Y e o @ ° . L ] Defective DNA MMR
SBS 7a- . . ° . @ L Ultraviolet light exposure
SBS 7b- » ° . . ® oo Ultraviolet light exposure
SBS 7¢- Ultraviolet light exposure
SBS 7d- Ultraviolet light exposure
SBS 8- . .
SBS 9- . . Polymerase y activity
SBS 10a- . . POLE mutation
SBS 10b- . . POLE mutation
SBS 11- . s . Temozolomide treatment
SBS 12- Y
SBS 13- e9eoe O ) ® - ° *c 000 . LA L e @0 . APOBEC activity 0.05
SBS 14- . . . ° . ] Concurrent POLE mutation and MMR deficiency 0.1
SBS15- = . . . . . Defective DNA MMR I 0.25
SBS 16- 0.5
SBS 17a- . . . 1
SBS 17b- . © . ° . e s o . . 25
SBS 18-1 =« < L o . . * 90 se09onho s oD e s 000 ¢ o ° Reactive oxygen species 5
SBS 19- e 2 e o e ° 10
SBS20- = ° . ° . . ° LI K Concurrent POLD1 mutation and MMR deficiency
SBS 21- L L . . L4 L4 . b o Defective DNA MMR 25
SBS 22- . . Aristolochic acid exposure
SBS 24- Aflatoxin exposure
SBS 25- . ® .
SBS26- = ° . . L Defective DNA MMR
SBS 28- . . .
SBS 30- L . . . . Defective base excision repair: NTHLT mutation
SBS 33-
SBS 34- . .
SBS 35 ¢ . ° . . Platinum treatment
SBS 36- . . . Defective base excision repair: MUTYH mutation
SBS 37- .
SBS 38- U Indirect effect of ultraviolet light
SBS 39- ° ¢80
SBS 40- . . ° .
SBS SNP- o . . . . . o
c0000000000 n  Number of cell lines
0 0.5 1
Proportion of cell lines Volume 176, Issue 6, 7 March 2019, Pages 1282-1294.e20

with the signature


https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/cancer-cell
https://www.sciencedirect.com/science/journal/00928674/176/6

Volume 176, Issue 6, 7
March 2019,
Pages 1282-1294.e20

Mutational catalogs from 1,001 human cancer cell lines & 577 PDXs

AN

Characterizing Mutational Signatures in Human Cancer Cell Lines
Reveals Episodic APOBEC Mutagenesis

Annotatlon of mutational signatures
C>A C>T T>A T>C TG

\_,
Stock #= Parent == Daughter =# Granddaughter o i
Up to 161 days Up to 161 days
in vitro in vitro ” |
LSRN (| J N
RS
= o il
O .
& Assessment of signature
@ > GRe@ > @ acquisition (WES/WGS)
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= Z
@ O "4
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Historic Ongoing Episodic

C R

28 cell lines with
signatures of historic
exposures to
mutational processes

P
::7%/.: :E il

Activities of the underlying

Serial cultivation of single cell-derived clones mutational processes

@

Historic

O

Ongoing

Single cell
9 Signature detection

Single cell isolation sequencing (WGS)



https://www.sciencedirect.com/science/journal/00928674/176/6

Research Article JOURNAL
2018 L) OF HEPATOLOGY

Cancer (g
Mutational landscape of a chemically-induced(mouse model Jof
liver cancer
2017 Frances Connor', Tim F. Rayner'", Sarah J. Aitken'”, Christine Feig', Margus Lukk'",

Javier Santoyo-Lopez’, Duncan T. Odom'*

1 mmnnn Dacameal 11V Cabeidoe [nstitute, University of Cambridge, Robinson Way, Cambridge CB2 ORE, UK; *Department of Histopathology,
S " - mbridge University Hospitals NHS Foundation Trust, Hills Road, Cambridge CB2 0QQ, UK; *Edinburgh Genomics
Genome scale m 2 al SIgnatureS Of 1l), The Roslin Institute, The University of Edinburgh, Easter Bush, Midlothian EH25 9RG, UK

aflatoxin in cells Jand human tumors

Mi Ni Huang1:2:9, Willie Yu':2:9, Wei Wei Teoh3, Maude Ardin4, Apinya Jusakul1:5,
Alvin Wei Tian Ng2:6, Arnoud Boot1:2, Behnoush Abedi-Ardekani’,

Stephanie Villar4, Swe Swe Myint5, Rashidah Othman3, Song Ling Poon:5, hole senome sequencing
Adriana Heguy8, Magali Olivier4, Monica Hollstein4, Patrick Tan1, Bin Tean Teh1:5, e le utational signatures related to

Kanaga Sabapathy1:3, Jiri Zavadil4 and Steven G. Rozen1:2 carcinogens and DNA repair deﬁciency

Bettina Meier!, Susanna L Cooke?2, Joerg Weiss ', Aymeric P Bailly1,
Ludmil B Alexandrov2, John Marshall2, Keiran RaineZ, Mark MaddisonZ,
“ @ DukeNUS Elizabeth AndersonZ2, Michael R StrattonZ, Anton Gartner?:3 and Peter J Campbell2

Medical School
20 18 [-] Author Affiliations 20 14
X . . T University of | « mm = wellcome
Mutational signature A MIS  ?Welcome Tn 2 85 nger
repair deﬁciency 3 nd human : 00" institute P

cancers
Bettina Meier’:7, Nadezda V. Volkova2:7, Ye Hong', Pieta Schofield1:3, bl
Peter J. Campbell4:5:6, Moritz Gerstung? and Anton Gartner’

Steve Rozen

Peter Campbell
Head of Cancer, Ageing and
Somatic Mutation, and Senior Group Leader

] Michael Stratton
Ludmil Alexandrov



5’ nucleotide

Al
id
6l
Tl

S

Substitution
class

3’ nucleotide

C. elegans
Mouse

Fly
Bee

Trichomonas vaginalis
(~20 sequenced organisms)

16 mutation types

Example C>A

YNNI
CIGATA

[clcalc
[clc-Alc|
[ricAlc]
[ATC-Al G|
[clc-AlG]
[clcAlG|
ricAlcl
[AlCGAIT]
fcicAlT |
[GICAIT |
FricALT]

VCFs to M;;

]

mot

Mutation count matrix of
7 96 trinucleotides (motifs)

— M..:

j: sample
A

|

[C>A]A
[C>AlC
[C>A]G
[CAIT
[C>A]A
[C>A]C
[C>A]G

S_01 S_04 S_06 S_09 S_10 S_11 S_13 S_14 S_15 S_16 S_18 S_19 S_21 S_22

8 1 4 9 0 5 6 3 4 7 1 4 4 5
1 2 2 2 4 1 0 2 1 7 0 1 1 4
0 2 0 0 1 1 2 2 0 3 0 1 1 0
1 1 2 0 1 3 3 1 1 1 0 4 3 2
6 1 1 2 5 6 2 7 0 9 1 3 4 4
3 3 3 1 3 3 1 2 2 4 1 2 4 3
1 3 1 4 3 2 0 2 2 8 1 1 0 0
2 6 6 2 2 1 2 2 0 5 0 1 2 4
10 7 7 11 18 2 9 7 2 8 2 3 5 5
0 2 2 2 7 1 1 7 2 4 0 0 4 2
4 2 1 0 10 4 2 1 1 6 0 0 3 2
4 2 2 5 18 2 1 4 0 8 0 5 3 6
17 0 5 7 5 4 8 3 0 41 0 6 4 6
11 1 3 5 2 2 8 4 0 37 0 3 4 6
2 2 1 1 1 1 2 2 o 19 0 3 1 1
12 4 2 8 8 3 8 3 1 33 0 5 7 2
4 1 4 0 2 1 6 5 0 5 0 3 2 2
3 1 1 0 4 1 1 6 2 3 0 0 1 1
0 2 0 0 1 0 1 0 0 3 0 0 0 0
4 2 0 3 0 1 3 0 1 7 0 0 4 3
7 2 5 2 0 1 1 2 0o 10 0 1 2 4
0 1 0 1 0 1 3 2 1 6 0 1 0 1




Non-negative matrix factorization (NMF)

W: composition of a signature
i: motif (ex. A[C>A]A) H: contribution of each signature to a

j: sample M o ‘ 4 } H 8 o particular sample j
k: kth signature l] k k] l] r: number of signatures

\/\I. SignatureA SignatureB SignatureC SignatureD

M.. ik | A[C>A]A 3.249479e-02 3.503686e-03 0.008037484 0.0229407750

y A[C>A]C 4.035044e-03 2.020597e-03 0.007723346 0.0063505108

A[C>A]G 8.234375e-03 6.756928e-04 0.004091822 0.0026345930

Sample@l Sample02 Sample®3 Sample@4 .. Sample N A[C>A]T 1.674006e-02 2.096341e-04 0.004344802 0.0063222097

A[C>A]A 8 1 4 9 C[C>A]A 0.000000e+00 2.684686e-03 0.005048376 0.0228333080

A[C>A]C 1 2 2 2 C[C>A]C 6.446185e-03 5.908851e-04 0.008907210 0.0107377040

A[C>A]G 0 2 0 0 C[C>A]G 0.000000e+00 1.425114e-03 0.004100198 0.0102339650

A[C>AIT 1 1 2 0 CIC>A]T 2.168341e-02 1.422013e-03 0.004306194 0.0160521860

C[C>A]A 6 1 1 2 G[C>A]A 3.373368e-09 2.959277e-03 0.006115318 0.0387491400

C[C>A]C 3 3 3 1 G[C>A]C 1.123672e-02 5.657528e-04 0.006393033 0.0113647080

C[C>AlG 1 3 1 4 — G[C>A]G 1.196163e-25 2.284688e-03 0.004989549 0.0077296080

C[C>AIT 2 6 6 2 G[C>A]T 1.795580e-02 1.602704e-03 0.004540974 0.0230448860

G[C>A]JA 10 7 7 11 T[C>A]A 2.588315e-02 1.792287e-02 0.004489218 0.0187690370

G[C>A]C 0 2 2 2 T[C>A]C 2.541957e-02 1.239242e-02 0.005014753 0.0131803780

G[C>A]G 4 2 1 0 T[C>A]G 0.000000e+00 5.830468e-03 0.002189514 0.0061883930

G[C>A]T 4 2 2 5 T[C>A]T 1.829565e-02 1.139105e-02 0.006483608 0.0311363060

A[C>G]A 6.548117e-03 2.930061e-03 0.006755131 0.0051888540

_— o A[C>G]C 0.000000e+00 7.656575e-04 0.005283677 0.0044727780

Smdeotde SN ypugecride | CAMMOA A[C>G]G 0.000000e+00 4.835939e-04 0.003224087 0.0019122467

e A[C>G]T 1.614254e-02 2.344688e-03 0.007354372 0.0044570174

: - 03 (2 C[C>G]A 0.000000e+00 2.970879e-03 0.006527352 0.0010698504

Dﬂ 226 Dﬂ g C[C>G]C 1.901355e-17 1.266100e-03 0.009031444 0.0016185363

[C] 5 [ " a C[C>G]G 0.000000e+00 1.253844e-03 0.007001213 0.0066030594

. C S
BA _ oF
H 5y B [ X

1| % Tl H kj Sample_01 Sample_04 Sample_06 Sample_09 Sample_l0
- ! <] Signature.A 6.687693e-24 4.738640e-40 6.696851 15.41487 2.954238

Signature.B 9.047959e+02 6.919253e+00 38.994140 95.17419 9.687942
S:i.gna‘tu re.C 6.226840e+01 1.664556e+02 98.471340 109.71647 49.469116
4 * 6 * 4 - 96 pOSS| ble motlfs Signature.D 9.525633e+01 1.156605e+02 119.692430 165.10849 221.359040




Signature decomposition (Bottleneck)

i: motif (ex. A[C>A]A)
j: sample
k: kth signature

M

h-—'—

Samgte | (1782 mutatons)

r
M;; = Z WikHj
k=1

Wik

Slgnature A
|!| L II e I

Slgnature B

S |HHN||MMMMI

| l| h Signature C

e
——r

: \ Signature D

W: composition of a signature
H: contribution of each signature to a

8 s particular sample j
l] r: number of signatures
Hy;

Ty eepoeres per samide Felstive)

|||||



I IN B ZHEEfRRE v

BRBIE AR SL [E] 1528
R

q [ wues a OneNote

Class Notebooks

> _ABE

detail
Total 21 file converted(from <curce folder),and record in

> _HARFFRZR 2/26

2/27

NG iﬂﬂﬁ 3/s
BRCHA

Alternative function for repmat(replicate matrix) : repm:
Result : extract no work (dimension no match)

Alternative function for mnrnd(matiab) (from stackow:
t(sapply(seq(), function(i){rmultinom(1, <O, miL 1) ity(total
must be 1) , ¢ = target matrix ,n according to ¢ ' length

evaluateStability/deconvolute.r compiling
Github repository mat2R pubilc --> private

' :g # 3/6 evaluateStability.r compiling Need Alternative function for squareform|(pdist(x,'cosine’))
3/7 evaluateStability.r compiling Need Alternative function for silhouette(t(Wall), idx, processesDist{'cosine’))
3/1 evaluateStability.r compiling Alternative function with squareform(pdist(x,'cosine')) found
' ﬁlgiﬁ% evaluateStability.r --> can work Alternative function for silhouette(t{Wall), idx, processesDist('cosine')) found solution
evaluateStability.r can work but output of idxs is abnomal,most of idxs is 0.
-=> due to seq(1,1000,10) (O) seq(1,10,1000) (X)
' %ﬁx 3/19 Parallelization of sigprofiler Refer mutSignature source (foreach +doParallel)
3/27 eval_single_sample.r & parameterized_objective2 Search for alternative function with fmincon & KLDiv
_custom.r recompiling
> $$m fmincon : pracma ::fmincon
KLDiv : KLDiv.r

> MER Output of KLDIv 25

eval_single_sample.r & parameterized_objective2_custom.r & KLDiv.r finish (?)

> a1 exportExposures.r &exportExposuresPattren.r Use fprintf complete programming of exportExposures.r &exportExposuresPattren.r
M# ﬁ Complete
Search alternative function with fmincon Fmincon will be error when x0 's length = 1 (eval_single_sample.r)
4/2 Compare fmincon with nloptr::sisqp
> BRSAER

pod

> EM’E:‘ ﬁ nloptr

> ﬁﬁgﬁ ﬂﬁ 4/8 Fix the bug of eval_single_sample.r allSignatures| ,exposures>0] —> as.matrix(allSignatures| ,exposures>0])
RES K2
> AR 4/9 Fix the bug of eval_single_sample.r RIRMAIR /Matlab HEERYFE : BAslsqp functionfERBBRNART - WRE

HABE Mtotal mutationf—% -->HERE

sqp_res <- slsqp(x0,0bjectiveFunction,lower = |b,upper = ub)

> EEH*E Sum(x0) = maxmutaion

4/12 Programming analysisignature.r &fix the bug of
deciphersignature.r
> BR#
4/15 Extract 2 signature in 1000 sample (5 iteration)

5B



Solution (GPU)

PYTHRCH
>

NVIDIA.

Speedup 200X

CUDA
M,-j Wlk ij
._‘_“_’___._;_. m SlgnatureA
e . L i i g i
MHIHHMII it T O O T O O O

} ll h Signature C

e
——r

3 l Signature D



Benchmarking of NMF decompositions

1000 NMF iterations

10,000

TCGA Exomes



DRAGEN Bio-IT Platform
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A : t over using | |
50-80X improvemen : [ 1
Analyze a whole human g,enom‘:{at ~2 O standard software solutions 19.5 Hours
m Fastq to VCF in i A ) »
30x coverage fro 1 LN Ultra-Rapid Whole Genome Diagnosis for Critically Il Newborns in 19.5 Hours
1, RTTTT
edlco'“'genome edico“"genome
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