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Curriculum Vitae

Speaker Name: Dongwan Hong, Ph.D.

» Personal Info

Name Dongwan Hong
Title Professor
Affiliation Catholic University of Korea, College of Medicine

P Contact Information
Address 222 Banpodae-ro, Soecho-gu, Seoul 06591,
Republic of Korea

Email dwhong@catholic.ac.kr
Phone Number  +82-2-3147-8424

Research Interest

Cancer genomics, Big data, and Artificial Intelligence
Educational Experience
2002-2007 Ph.D. Dept. of Computer Engineering, Hallym University

1992-1996 B.S. Dept. of Computer Science Hallym University

Professional Experience

2020-present Professor, Catholic University of Korea, College of Medicine

2011-2022 Chief Researcher, National Cancer Center of Korea

2008-2011 Senior Researcher, Seoul National University, Medical Research Institute
2003-2007 Assistant Professor, Dept. of Multimedia, Sonngok University

Selected Publications (5 maximum)

1. Park et. al, Clonal dynamics in early human embryogenesis inferred from somatic mutations,
597, 393-397, Nature, 2021.

2. Kim et. al, FIREVAT: finding reliable variants without artifacts in human cancer samples using
etiologically relevant, Genome Medicine, 11(1):81, 2019.

3. Park et. al, Tracing Oncogene Rearrangements in the Mutational History of Lung Adenocarcinoma,
CELL, 177, 1842-1857, 2019

4. Yang et. al, RhoGAP domain-containing fusions and PPAPDC1A fusions are recurrent and
prognostic in diffuse gastric cancer, NATURE COMMUNICATIONS, 9(1):4439~4439, 2018.

5. Lee el. al., Mutalisk: a web-based somatic MUTation AnalylS toolKit for genomic, transcriptional
and epigenomic signatures, Nucleic Acids Research, 46(W1):W102~W108, 2018
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Overview

* Part I: Cancer Genome Analysis
* Mutational Signature Analysis: Mutalisk

* Part Il: Artificial Intelligence Study using Cancer Big Data
* Use AlphaFold
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The History of Cancer Genomics

Vol 4589 Aprit 3007 dsk 90030/ natersOTI4Y nanre

REVIEWS | ~2,700 PanCan WGS

The cancer genome Cen Article | Open Access | Published: 05 February 2020

B st v o s, PETSPECiIVE O ONCOgenic Processes at the En Pan-cancer analysis of whole genomes
:'J.::;‘,Tm:‘,m.:mz Noture. 2011;474(7353):609.615. doi:10.1038/nowure. TNE Beginning of Cancer Genomics

Michael R. Stratton'~, Peter ), Campbell'”’

are now, however, movieg into an era in which w 1 {
ancrgnames. These s wisvnide s 2012 Graphical Abstract Authors The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium
o cular ¢ ctevizatio P Li Ding. Matthaw H. Ballay,
Comgrehensive molecular characterization of hum T
HE Cancer GENOME ATLAS Eduard Porta-Pardo, .., Davidd | Gite this arti
. Noature. 2012;487(7407):330-337, dot:10.1028/nature s Nature 578, 82-93(2020) | Cite this article
Foticedegy Gestaton  infarcy  Ghidhooc i ) et G T e
5 > N N\ Comprehensive molecular portraits of human breas 3 2 e Research Hetwork 262k Accesses | 169 Citations | 1189 Altmetric | Metrics
P \¢ P Nature. 2012;490{7418):61-70. dol:10.1038/nature 1 " =
° o o ! .
> S \?/ ov 'S Correspondence L — . ey
Comprebensive genomic characterization of squam £ sanc i Ming@rwust.edu (LD, b 2\ ,; i 2_u st ria
Inrinsc Noture. 2012:48%7417):519-525, doi:10.1038/nature f:f_ffn;‘ THca # | wheeler@ bem.edu (DAW.L / :g;, § ‘k,g 158 omm -
mston { =y i
et Enrmeta s— e 1 1 s g gadgetz@broadinstitute.org (G ’!tlit i !2
[ Passanger musason - 2008 uc & | 2 e g - o
ACC v
X e Lrtegrated genomic chacactirization of endometiy AREN 166G L a3 Cancor typos In Brief A ; ¥.s
& Cramomernpy Noture. 2013:497(7447):67-73. doi:10.1038/nature12 A mmitond s on rcciosl N »
B inened PANCANCER ATLAS procesees besed o PanCarce VWY S
Genamic and epig andscapes of adult de nc analyses highlights the compla \':r =
100-1,0008 of itoses N Englf Med. 2013;368(22):2059-2074. doi:10.1056/N of genome alterations on the s S
Gepending on the oman ‘and multi-omic profiles of humi i
Comgrehensive molecular characterization of ciear a5 woll a5 their influence on tu o 4
UK Sanger Mature. 2013;49%7456):43-49. doi:10.1038/nature12 i i Co~or wpard v
Canterg s e
Nature 2009 The Cancer Genome Atias PanCancer analysi pro i “ 4
ancer Genome Atlas Pan-Cancer analysis projs g o vy . =
Not Genet. 2013:45(10}:1113-1120, do:10,1038/ng 23 | OIS & somatic Subtypos Imnng ol & Danor E:" AN,
The somatic genomic landscape of glioblastoma (2 _:‘ S
Cell, 2013;155(2):462-477. dok;10.1016/j.cell,2013.09,034 Ding et al.. Cell 2018 ——
. ——cas s

2014

Comprebensive molecular characterization of urothelial bladder carcinoma 2

Noture. 2014;507(7492):315-322. dot:10.1038/nature 12965

TCGA Research Network Publication

Nature, 2020




Cancer Big Project

THE CANCER GENOME ATLAS
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Li Ding et. al., Cell 2018
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e TCGA project was finished with advancements in
cancer genomics
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Systemized large-scale genomics-based
cancer research (33 types / 11,000 tumors)

HISTORY OF CANCER TREATMENT MODALITIES
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Trend 2. Medicine Outweighs Research
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1 MRI file = 0.5 GB (512 x 512) lg 1 biopsy slide = 1-2 GB (40x)

10 slides per patient = 30 GB

1 FASTQ file = 90-150 GB (WGS 30-50x)
4 FASTQ files per patient = 600 GB
* NGS data analysis requires 3x intermediate storage

1 patient = 2TB external HDD




ICGC Mutational Signatures Working Group
With which methods? ICGC ARGE

= For SBS, DBS and indel signatures, should we:
- stick to the original ICGC PCAWG pipelines SigProfiler (Sanger) and SigAnalyzer (Broad)
- test other methods (>25 published tools including EMu, SomaticSignatures, Palimpsest, Mutalisk,

BayesNMF...). For review: https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0221235
- Choose one approach or combine several?

@

= For SV signatures:

- not sure the PCAWG method can be easily reproduced (ClusterSV available to generate footprints but
extracting signatures from that is not obvious)
- alternatives include Palimpsest or Signal

= For signatures of repair deficiencies:
- Mismatch repair deficiency -> MSIsensor, MSlseq, MOSAIC...
- Homologous recombination defects —> Signature 3, HRDetect, SigMA, combined HRD scores...

Participants: Alvin Ng (Sanger), Dongwan Hong, Paz Polak (Broad;NY), Eric Letouzé (Paris genome center)

: a web-based somatic MUTation AnaLylS toolKit for
@J mUtallSk genomic, transcriptional and epigenomic signatures

Nucleic Acids Research (2018)

s COSMIC

Catologue Of Somatic Mutations In Cancer

Projects Vi Data V‘ Tools V‘ News V| Help V| About V‘ Genome Version ¥

Mutational Signatures (v3.1 - June 2020)

Introduction

Somatic mutations are present in all cells of the human body and occur throughout life. They

are the consequence of multiple ional proce: , including the intrinsic slight infidelity C>A C>T
of the DNA replication mach Y, g or endog mutagen exposures, enzymatic

mod:f‘ cation of DNA and defective DNA repair. Different mutational processes generate

b

iq i ons of mutation types, termed "Mutational Signatures”.

In the past few years, large-scale analyses have revealed many mutational signatures across the
spectrum of human cancer types, including the latest effort by the ICGC/TCGA Pan-Cancer Analysis of
Whole Genomes (PCAWG) ¥ Network (Alexandrov, L.B. et al., 2020 %) using data from more than 23,000
cancer patients.

https://cancer.sanger.ac.uk/cosmic/signatures




Signature-based websites

As the number of mutational signatures and variant classes considered has increased, the need for a
curated census of signatures has become apparent. Here, we deliver such a resource by providing a
comprehensive overview of the key information known, suspected or widely discussed in the scientific
literature for each of the identified mutational signatures on a dedicated website.

This summary includes the mutational profile, proposed aetiology and tissue distribution of each
signature, as well as potential associations with other mutational signatures and how the signature has
changed during iterations of analysis.

Currently, three different variant classes are considered, resulting in the following sets of mutational

signatures.
Single Base Substitution (SBS) | Doublet Base Substitution (DBS)
Signatures Signatures
Small Insertion and Deletion (ID)
Signatures
Versions Bioinformatic tools
Mutational signatures version 3 was released as The current set of mutational signatures has been
part of COSMIC release v89 (May 2019) and extracted using SigProfiler, a compilation of
updated to version 3.1 in COSMIC release v91 publicly available bioinformatic tools addressing
(June 2020). The version 3.1 update expands and all the steps needed for signature identification.
improves upon the version 2 signatures (March SigProfiler functionalities include mutation matrix
2015) that were part of earlier COSMIC releases generation from raw data and signature
and can still be consulted. extraction, among others.

Mutational Signatures SigProfiler
Version 2 Bioinformatic Tools

Mutational Signature v2

Signature 1
Cancer types: Signature 1 has been found in all cancer types and in most cancer samples.

TSP S S SR TS T S 1
lr“"""' Proposed aetiology: Signature 1 is the result of an endogenous mutational process Initiated by spontaneous deamination of S-methylcytosine.
! - {]] | : Sig 1is i with small numbers of small insertions and deletions in most tissue types.

c The number of Sig 1 with age of cancer diagnosis.

Signature 2
Cancer types: Signature 2 has been found in 22 cancer types, but most commonly in cervical and bladder cancers. In most of these 22 cancer types, Signature 2 is present
_‘_‘l&A Ll - St in at least 10% of samples. M 2
’l: to activity of the AID/APOBEC family of cytidine deaminases. On the basis of similarities in the sequence context of
] - :yxosme mutations caused by APOBEC enzvmes in experimental systems, a role for APOBECI, C3A and/or APOBEC3B in human cancer appears more likely than for
- 2 other members of the family.

strand bias of mutations has been observed in exons, but is not present or is weaker in introns.

Signature 2

Comments: s»gnature 2 is usually found In the same samples as Signature 13. It has been proposed that activation of AID/APOBEC cytidine deaminases is due to viral

infection, retrotransposon jumping or to tissue Inﬂammatlon Current mzrz is limited evidence to support these hypotheses. A germline deletion polymorphism involvis
APOBEC3A and APOBEC!B is associated with the presence of large numbers of 2 and 13 0 breast cancer. Mutations of similar patterns to Signatures 2 and 13 are commonly found in the
of loc: present in some cancers, known as kataegis, , potentially implicating AID/APOBEC enxymes in this pmoess as well,

Signature 3

Cancer types:Signature 3 has been found in breast, ovarian, and pancreatic cancers.

g 73 Proposed i 3is with failure of DNA doub! d pair by
I’ Ul“ll y 3 strongly with elevated numbers of large (longer than 3bp) insertions and deletions with overlap;

microhomology at breakpoint junctions.

C>A C>G C>T T>A T>C T>G
[ ] | i
o 20% .
2 > Signature 1
- = 15%
]
s a2 10%
o O
Sa
= 5% | |
0% It -nen ann o0 0 o oo .. . . .Il ol l” Iih latnonnalanlnans
B L P L e L D U L L Lo o U LR
%22200008000kEREIRR 00008 8BREREREZZREY 3BEERE vou PEEHH PR P T EET




Mutational Signature (v3 — May 2019)

- Single Base Substitution (SBS): 65 signatures (18 possible sequencing artifacts)
- Double Base Substitution (DBS): 11 signatures
- Small Insertion and Deletion Substitution (ID): 17 signatures
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Mutational Signature v3.1

> COSMIC

Catologue OF Somatic Mutations In Cancer

s V| Data V| Tools V| News V| Help V| About ¥ | Genome Version V |E8

Mufaﬁonol Signatures (v3.1 - June 2020)

Mutational Signatures | Single Base Substitution (S8S) | Doublet Base Substitution (DBS) | Small Insertion and Deletion (ID) | Mutational Signatures SigProfiler
Home Signatures Signatures Signatures Version 2 Bloinformatic Tools

Single Base Substitution (SBS) Signatures

slngle base substitutions (SBS), also known as single nucleotide variants, are defined as a Signature extraction methods

of a certain base. C g the of the Watson-Crick base With a few exceptions, the signatures were extracted using (as described in LB, et al,, 2020%) from
palrs there are only six different possible substitutions: C>A, C>G, C>T, T>A, T>C, and T>G. the 2,780 whole-genome variant calls produced by the ICGC/TCGA Pan Cancer Analysis of Whole Genomes (PCAWG)
These SBS classes can be further g the context. Network. The stability and r ility of the si were on somatic from an i 1,865

Current SBS signatures have been identified using 96 different contexts, considering not only the whole genomes and 19,184 exomes. All input duta and references for original sources are available from synapse.org 1D
mutated base, but also the bases immediately 5' and 3'. 5/n11801889 ¢

The COSMIC v3 sigl are form in syn12009743 %, and of the to
in tumors are available in syn11804040 9 and syn11804058 S . The COSMIC v3.1 signatures can be downloaded here.

Click on any signature below to learn more about its details.

SBS1 SB8S2 SBSJ SBS4 SBSS
R g S ot AR i ey | et o~ el S e V™ e o b o S M
o ud o |

|4 | | i iﬁhﬂ Ly o |

SBS6 SBS7a SBS7b SBS7c SB8S7d
———— - —————— x R e S ————a - ——————— =

| ‘ ‘

'8! ¥ ] |

SBS8 SBS9 SBS10a SBS10b SBS11

POt S S e o a . ——————— e o=




If there are 3,000 mutations
we’d expect a random dispersion of mutations (approx. 1 mutation/Mb)

Human genome = 3,000-megabase (Mb)

15
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However, in reality, we observe uneven distribution of mutations
in genome due to favored contexts
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Blind Source Separation (Decomposition) Problem
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Article  Tak H
P
wikipepiA  Non-negative matrix factorization X ~
he FRee Encydopedia From Wikipedia, the free encyclopedia
History [edit
In i gative matrix ization has a long history under the name "self curve ion®."% In this the vectors in the right matrix are continuous curves rather than discrete vectors. Also early
work on gative matrix izations was by a Finnish group of researchers in the 1990s under the name positive matrix factorization."1121'3] |t became more widely known as gative matrix factorization after
Lee and Seung i i the prop of the ithm and publi some simple and useful algorithms for two types of factorizations.'#I15]
Background edt)
Let matrix V be the product of the matrices W and H,
V=WH.
Matrix multipli can be i as the column vectors of V as linear combinations of the column vectors in W using pplied by of H. That is, each column of V can be computed as follows:
vi = Wh;,
where v, is the i-th column vector of the product matrix V and h,; is the i-th column vector of the matrix H.
When iplying i the di ions of the factor ices may be signifi ly lower than those of the product matrix and it is this property that forms the basis of NMF. NMF g factors with signifi ly reduced

dimensions compared to the original matrix. For example, if V is an m % n matrix, W is an m X p matrix, and H is a p x n matrix then p can be significantly less than both m and .
Here is an based on a text-mining icati

« Let the input matrix (the matrix to be factored) be V with 10000 rows and 500 columns where words are in rows and documents are in columns. That is, we have 500 documents indexed by 10000 words. It follows that a column
vector v in V represents a document.

» Assume we ask the alg to find 10 f in order to g a matrix W with 10000 rows and 10 columns and a coefficients matrix H with 10 rows and 500 columns.

« The product of W and H is a matrix with 10000 rows and 500 columns, the same shape as the input matrix V and, if the factorization worked, it is a reasonable approximation to the input matrix V.

* From the of matrix i ion above it follows that each column in the product matrix WH is a linear combination of the 10 column vectors in the features matrix W with coefficients supplied by the coefficients matrix H.

This last point is the basis of NMF because we can consider each original document in our example as being built from a small set of hidden fi NMF these fi

It is useful to think of each feature (column vector) in the features matrix W as a document archetype comprising a set of words where each word's cell value defines the word's rank in the feature: The higher a word's cell value the
higher the word's rank in the feature. A column in the matrix H rep an original d with a cell value defining the document's rank for a feature. We can now reconstruct a document (column vector) from our input
matrix by a linear combination of our features (column vectors in W) where each feature is weighted by the feature's cell value from the document's column in H.

Mutations accumulated over lifetime can be decomposed

Passenger mutations from
acquired DNA repair deficiency

aimeubis euoneingy

>

| =~  Germline >

Somatic

Jennifer Ma et al., Nat Comm 2017 20
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Mutational signature decomposition

Mutational signature 1 mnmﬂona! signature 2
50%,
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Alexandrov et al., Cell 2013
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Mutational signatures

30 Catalogue of Somatic Mutations in Cancer 65 PanCancer Analysis of Whole Genomes

(COSMIC) signatures (PCAWG) signatures
il o i

Sagrarere d Sagranie § Segratre & |

- | = Age [1, 5] L1
Signaturs T Sigranrd St ¥

58 APOBEC activity [2, 13] . = s el s '

- 5852

S e S === Homologous recombination deficiency [3]
m —_— —— I Defective DNA mismatch repair [15, 20: 26] r.l

EEE Tobacco smoking/chewing [4, 29] -

[ =y = = - )
™ Sagnature 16 Signatere 17 T {nf— — -

o . mmm Ultraviolet light exposure [7] i ‘
Al

o P sz mmm POLE mutations [10] 2 |
e o oo = Exposure to aristolochic acid [22]
T— il m— mmm Alkylating agent temozolomide [11]
] Aflatoxin [24] N - S B
Pt oy e e
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Alexandrov et al., Nature 2013 Campbell et al., bioRxiv 2017
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Clock-like mutational signatures

Nik-Zainal et al., Clinical Cancer Research 2017
g W Age of diagnosis; deamination
:‘:5 s .j_l_l]._ of methyl-cytosines
oo Age of diagnosis?

= i m..JLu. i

Signature 1 and 5 is positively
correlated to the age of patients

Heartren  Glomaton pate

e i "“ : —ﬁ"" e i ,‘}ﬂ#’
e TR ey e N R AT R
g of o g
e ML lngadens _ Lingiguamon  Peontae Usens foemt Mebanorna
o - K et e .. A ... s
L

s -
:_.ur—__#-*—-hau—___ﬂ..__.ﬁ_ e it =
= | P = o T T T —
e chacs B
Alexandrov, Ludmil B., et al. Nat Gen 2015 23

Mutational signatures are clinically relevant

A Prevalence in P 2 in other
breast cancer cancer types
1 Age of diagnosis; deamination  Common>75%  Reported in nearly
on J_Ll L of methyl-cytosines of samples all other tumer types
- I Vi R
: Reported to be in many
ane. Age of diagnosis? Common >75%
e . other tumor types, but not
z:: l!. l.l..... ﬂl‘-h Eor Ofiespies consistently
Increased in HR deficlency and
oot 7 Common >60%
late in cancer evolution but present Many tumor types
. “.hlhu ;u..m_ Lis o otlowerlevelsinmany tumors  °f =Ml « : ; ;
.. mutational signatures [3, 6, 20, 26] are a direct
H 3 i | | e Many tumor types pathophysiologic readout of the abrogation of a DNA
g e g e P e repair gene/pathway and could be used as a biomarker
R o 2 : Common >75%  More than half of all tumor to report DNA repair/deficiency in a tumor.”
i i h APOBEC cytidine deaminases of samplcs types examined so far P P y
S (=Y ©d T of > o
g:’: u L APOBEC cytidine deaminases c“:,";m;;“ Many tumor types
Y Y — L
il . Rare <10% of Adrenocortical, colon,
i axn Mismatch repair deficiency samples uterine, ovarian, pancreas
) z]l ()a [=] “Ta e "o
? oo J = Mismatch repair deficiency R“:::l:s"f Gastric
o Ii Il
s I i Uit
e I Mismatch repair deficiency el e
ooe
u [ I ] oy w

Nik-Zainal et al.,

Clinical Cancer Research 2017
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ANALYSIS : :
médicine Mutational signature #3

(homologous recombination defect)

HRDetect is a predictor of BRCA1 and BRCA2 deficiency
based on mutational signatures

Helen Davies! 2, Dominik Glodzik! "2, Sandro Morganella!, Lucy R Yates!, Johan Staaf®, Xueqing Zou!,
Manasa Ramakrishna', Sancha Martin', Sandrinc Boyault®, Anicta M Sicuwerts®, Peter T Simpson”, Tari A King®,
Keiran Raine!, Jorunn E Eyfjord?, Gu Kong!?, Ake Borg?, Ewan Birney!!, Hendrik G § nberg!2,

Marc ] van de Vijver'”, Anne-Lise Borresen-Dale' %%, John W M Martens®, Paul N Spa , Sunil R Lakhani™'%,
Anne Vincent-Salomon ', Christos Sotiriou®!, Andrew Tutt*-, Alastair M Thompson®?, Steven Van Laere?>29,
Andrea L Richardson®™-*8, Alain Viari®®29, Peter | Campbell', Michael R Stratton® & Serena Nik-Zainal'!

HRDetect Development Workflow

a ! " n b

22 gemmline 235 quiescent 77 gemline or somatic 234 quiescent 80WGS Validate HRDetec!

BRCAT1/2 carriers with breast cancer  BACA1/2 cariers with breast cancer new breast tumors Praportion of deletions l.[Ek
biallelic loss samples biallelic loss samples with microhomolog
\ /—_ Substituion signature 3 }H( .
560 low-coverage
Train classifier Train HRD WGS breast tumors Reaangement signature RS3 }m(

‘—/ \’ ‘/ \\. 96 WES Rearangement signature RS5 @- 1
pancreatic tumors
Apply 1o Apply to ‘
entire cohort (560) entire cohort (560) e "6

Assess
accuracy accuracy
(cross-validation) {cross-validation) 73IWGS
ovarnian tumors Substituton signature 8 fi.
I
0.0

3 paraffin-embedded
WGS braast samples

T T T T T T 1
1.0 20 3.0

Weight

Helen Davies et al., Nature Medicine 2017

Mutational signature #3 (homologous recombination defect)

Accurate Identification of BRCA1/2 Deficiency

a C Additional breast cancers Ovarian cancers Pancreatic cancers
1.0 1.0 1.0

o z = z

£ 06+ H - z

= & k] ]

g 3 3 3

@
oo 0.0 0.0

T T T T T T : - : - - T T - r - r - r - v
00 02 04 06 08 1.0 0.0 1.0 0.0 1.0 0.0 1.0
False positive rate False positive rate False positive rale

1.0 1 m Germiline BAGA1/2 mutation 10

8 Somatic (mutaton and
mathylation) BRCAT/2 loss
& Monoallelic BRCA 12 mutation

Sensitivity

Probability
Probability

0.0 = o || | 0.0
80 samples

96 samples

Helen Davies et al., Nature Medicine 2017
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Mutational signature #3 (homologous recombination defect)

Homologous Recombination Deficiency and Platinum-Based Therapy
Outcomes in Advanced Breast Cancer

|
g3 [ e
T 2 B
!1311...!1. .‘;1‘_ A Prediction == PD <+ SD == Ci B Prediction == Ci == PD ~— SO
—
3. T 1 pungimiy B e | #1400 P=0.04 1.00 P=0.00029
%-5 I L HE tssonse =
= 1 1 n B Spico variant g 0.75 B 3‘075
& Deoletion a = U
[ i 1 (RN R NIINIRI NN i = _;,E
Wi Waiatialle T N L Ei 2 050 520.50
T . 3 @ 025 S Z
T Y e ks s o
. 1 0.00
X T 1 1 I Luminal A 0.00 |
; ' | reomiri o o® W AP P o 0 100 200 300 400 500
e —————————————————r T Time (years) Time
B U O S S 0SS B N 1§ in 3 f | W Positve
| T TN Ty — WR ] I B N Unknown
6 DI I (I SR Y . [ B S = T e
Eric Y. Zhao et al., Clinical Cancer Research 2017 27
Chromosome 6 PD4107a
w o C>A
E e - a ek e i - - . C}G
e e T
3 8 ® T>A
o 8 - B - - O ke T>C
v S s T YT P ST L L B M S L VR - B ® T>G
=g sy ._‘,.:."_‘l..'. o IS Y 5 1 & .‘":."':‘ ﬂ‘:.‘:-‘! ='I':_ ": A Rearrangements
126.23MB to 126.24 Mb N N .
£ 1 i
2§ HIl P
i :
gg‘ .. : .
3 84 g i T
E- TV . B T 100 150000000
£ A e <t
126230000 126232000 ) 126238000 126240000 - Nik-Zainal et al., Cell 2012
» There are clusters of mutations with short distances between mutations (kataegis)
» Kataegis is co-localized with rearrangements that have features of chromothripsis
28
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Transcriptional strand bias

Gene strand = Non-transcribed strand
RNA polymerase

Ribonucleotide

Transcribed strand

L .
>

Direction of transcription
ftp://ftp.sanger.ac.uk/pub/resources/theses/snz/chapter6.pdf
Cause of transcriptional strand bias is transcription-coupled repair

(TCR) of nucleotide excision repair (NER); DNA damage is
repaired more efficiently on the transcribed strand

29
Somatic mutation rates are biased by transcriptional strand
Fewer mutations accumulate on the transcribed strand
C>A C>G C>T T>A T>C T>G
I Te—— |
20 Signature 4 W Transcribed strand
. B Untranscribed strand
P 10 Lung adeno, squamous and small cell carcinoma
o
]
:'g 20 hndll‘i‘nlii-.n-—-ﬂ.__--- S e et e T T LS o e
g Signature 7
S 10 Melanoma 1
S
gﬂ. oy .I_l‘ii.l-il S -~ et
g 20 signature 16
[
Q- 10 Hepatocellular carcinoma
0 Mt e e —— ke Py e I.lII.- e T ——
S e, [ p—— =]
C>A C>G C>T T>A T>C T>G
Alexandrov et al., Nature 2013
30
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Cancer and epigenomics

TR U A S S 113 ‘S T o R A

» Tumour-suppressor gene with promoter CpG island * Locus with methylated 5"-regulatory region « Repetitive sequences,
= ‘Open’ chromatin conformation eg. germline-specific gene e.g. transposable element
Cancer cell l

RTINS YT

= CpG-island hypermethylation = DNA hypomethylation
* ‘Closed’ chromatin conformation * ‘Open’ or relaxed’ chromatin conformation

e e i

| | Unmethylated CpG ¥ Methylated CpG |

Esteller, Nature Reviews Genetics 2007
31

Pearson cormlation

=0.

-0.

04—

0.2+

0.

=

e
|

=
L

Mutation rates are correlated with genomic/epigenomic modifications

Melanoma Lung cancer Prostate cancer Leukaemia B0%
— -— — —_
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Schuster-Bockler and Lehner, Nature 2012
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Mutation rates also vary with DNA replication timing

o Low Late
a =10 m
2 t .8
S B o=
g 5 88
2 1 g g
= 3 3
30 40 50 60 70 80 90 100 High Early
chri4 (Mb)
b §10 Otfactory l.;:v |_3:[§
3 receptors = o
- o & -]
P | A AN i
= CSML § ® g
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165 160 165 170 175 180 90 100 110 120 High Early
chrl (Mb) chrg (Mb)
. edio
% 10 5
— Al genes
5 G — Olfactory receptors.
'-'B' E 0.5 — GENOMIC lOCUS =1 Mb
2 5 e Protein >4,000 aa
=24 E 0.1 = Cancer Gene Census
Low  Expression  High Low Expression High
4 210 E B
2 &
2 c 05
= -
z &o4
Early Replication time Late Early Replication time Late

Lawrence et al., Nature 2013
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Putting them altogether to better understand mutations operative in cancer
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Existing mutational signature decomposition tools

WTSI
(Alexandrov et al., Cell 2013) No Yes Yes
deconstructSigs
(Rosenthal et al., Genome Biology 2016) No Yes Yes
MutaGene
(Goncearenco et al., Nucleic Acids Research 2017) Yes No No

35

Mutalisk: a web-based somatic MUTation AnaLyslIS toolKit for genomic, transcriptional and

epigenomic signatures (Nucleic Acids Research, 2018)
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MUTATION ANALYSIS TOOLKIT

_— (5] utalisk
1. Identification of mutational signatures
1. Analysis of associations between various

genome/epigenome regulatory elements
and somatic mutation rates

Available at http://mutalisk.org/

37
Mutalisk (1) — analysis options
Home  Analyze  Tutoral  Contact
(§) mutalisk
wenaraen aaniiei PR This site is optimized for Chrome,
GRCh37/hg19, Linear regression
GRCh38/hg38, m The following shows an example of how to run Mutalisk using the sample data. or multinomial test
GRCm38/mm10, e - . . » e I methods (signature
WBCeI236/Ce11 - Genome assembly « Mutational sinatures . an decom Osmon)
WS220/ce10 ’ e | GRCh37/hg 19 [Homo sapienss (humanj]  * 3-1. MLE method nutation (katacgrs) P
2. Input file
The input file formar of this tool s Vigefile
) You can select multiple files tmagef0) 31 cell lines
Multiple vcf files ~ -
(max 100) > haarie )

* Na fFiles Se

Sugraturef X Signat
Signature] |
Signaturel4

—~~ 42 cancer types

Signature] 7

Reference 1o the aENOMILI EORENDME (AL
= The ENCOOL Project & UCSC genome browses

COSMIC, PCAWG (SigProfiler)

signatures
Reference 1o the mutatsonal signatures
 SQUATaIPS of Mstalional Frocesses m flusmian Cances
+ PCAWG - SigProfiler (ovshonal)

User/custom N
. P |+ Custom signatures
signatures
National Cancer Center, 323 lsan-ro, Wsandonn-gu, Covana-3) Greongoi-ta, 10408, Republic of Korea 38
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Mutalisk (1) — analysis options

* Custom signatures

3-2. Select the mutational signatures.

Please upload your own signature file for the
decomposition of mutational signatures. A tab-delimited
sample signature file is available below:

[ Sample signature file ]

For additional information on the formatting of the
signature file, please refer to the Tutorials page.

+ Add file | * No File Selected

Provide a tab-delimited .txt signature file

Substitution Type| Trinucleotide | Somatic Mutation Type|_Signature 1 | ‘Signature 7.
CA ACA | AC-AJA 0.011098326  0.0004 |
C=A ACC | A[C=A]C 0.009149341 0.0005 |
C=A ACG | AC>AIG 0.00149007 | e 0
i C=A ACT | A[C=A]T 0.006233885 | 0.0004
96 mutation -G ACA | AlC-GJA 0.001801068 | 0
subtypes
-6 ™7 [ Tmer  ooososoi2s]  c++ [ 00014 | 39
Mutalisk (1) — analysis options
mutalisk.org says
It takes about 3-5 minutes per file.
You can either wait or reconnect to the below address.
Copy to clipboard: Ctrl+C, Enter
http://mutalisk.org/result.php?rid=4P%iaD51mg
User-uploaded data are permanently deleted after 48 hours;
you may access the analysis results for 48 hours
40
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Somatic
mutations

v [k

Mutalisk (2) — preprocessing

5 6 types of 3
nucleotide substitutions nucleotide

A c>G A
C>T

C C
C>A 96 substitution

classes

T>A

G G
T>C

T e T

41

R

§

mutations

2

Distance between

=]

Mutalisk (3) — rainfall plot (kataegis)

> . _ | _ : bl.

_---l_ll--_-I-__----_I____l_-l‘-----_ll]

o ot o o d.;i 5° o d‘-.(3 d"‘ d‘ ot d-e"’ “,\‘: c\*"e s J‘, d‘\w ¥ d_(,s,'a 6\"1’ d“*

EC>A mC>G BC>T OT>A OT>C OT>G

Lung cancer sample (Lee et al., J Clin Oncol 2017)
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Mutalisk (4) — mutational signature identification

Compare by bayesian
information criterion (BIC)
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Mutalisk (4) — mutational signature identification

SOmatiC C=A cG c=T T=A T=C ™G
mutations < W c>A
£ Ec>G
] EceT
] = | T>A
= | £ e i [ I T>C
g | 3 | TG

If we conjecture that there are 7 COSMIC signatures underlying the mutational profile, then

30!

0D =TG-

2,035,800 different combinations of signatures

44




Mutalisk (4) — mutational signature identification

Somatic C=A c>G =T T=A T=C TG
mutations g Wcsa
g Wc>c
g HcT
ll i, T>A
! il k.

If we conjecture that there are 7 PCAWG signatures underlying the mutational profile, then

65!

C(65,7) = (7! (65 = 7

696,190,560 different combinations of signatures

This is a computationally expensive task

45
Mutalisk (4) — mutational signature identification
Total mutations: 33334 A [ oT T=A ™C ™6
; »
Es
£ 1% Melanoma
g " T 5.2% -Sig nature 18
| J g ’ [ Tsignature 7
< mat R n§ - Signature 11
A (=1 o7 A 3 E |:] Signature R2
. g 86.2%
£ 2
Signature 5 -259% _5 2 =
E b
W I
oA &6 o1 oA ! -9%
_ DS%
En
2. 0 50 100 150 200 250 300 350
Cosine Slm!1anty 0.965 i Number of samples in which the signature is operative
2
&

~  Alexandrov et al., Nature 2013

§3995999% FIRIVARANARINAE £
siE02 QudlkaRiiNQdiaii ¥

Melanoma sample (Pleasance et al., Nature 2010)
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Mutalisk (4) — mutational signature identification

Mutalisk identifies up to 7 decomposition models

Mutational signatures
No. Signatures Probabilities Soolne BIC Contidence
similarity Interval
7] 78211181712 S OurBest 0.59097 0.11749 0.10825 0.06858 0.05707 0.03374 0.02290 @® 0.98200 222713.700 View
6] 782111817 0,59163 0.14049 0.10844 0.06984 0.05328 0.03632 @® o0.98200 222820.200 View
5| 7821117 0.59492 0.19932 0.10851 0.06440 0.03285 @® 0.95200 223568.700 View
3] | 7ig'R 0.64330 0.25263 0.10407 @® o0.98000 224619100 View
4| 7821 0.59826 0.22793 0.10916 0.06466 ® 098100 224828.400 View
2] 78 0.71863 0.28137 @® 0.96800 225142.600 View
1 7 1.00000 0.78700 273566.100 View
47

MNumber of samples

Number of samples

Mutalisk (4) — mutational signature identification

Comparison of decomposition results using 560 breast cancer samples (Nik-Zainal et al., Nature 2016)

Mutalisk deconstructSigs | MutaGene
100+
501 .
Mutalisk 0.966
deconstructSigs 0.948
ol MutaGene 0.931
028 0.50 0.75 1.00 0.25 0.50 0.75 1.00 0.25 0.50 075 1.00
Cosine similarity
2004
C I I
1004
2 3 4 -3 -] T 8 9 2 3 4 [} L] T B8 8
Number of decomposed signatures
48




Mutalisk (5) — transcriptional strand bias analysis

Somatic
mutations

=

Strand annotation Goodness of fit test

ucscC 3« 'S5’ Obséwed Expected
RefSeq

CRCh37/hg19 0.19044 0.20010

GRCh38/hg38 0.18885 0.28435

49

Mutalisk (5) — transcriptional strand bias analysis

-

o[ T pvatue = 5. 18e-189 e %\UE % 0 wxx R *x T 4,500 T = transcribed
"= s UT = untranscribed
) gm 4,000
" §‘° 3,500
: g 20 & 3,000
o
; ; il oo T B
Untranscribed | Trascribed Wc-AMc-cMc-T T-AlT-C TG C*A oG (253 T>A T C TG E 2,500
C>A C>G T E 2000
o - e 0 g <
£
g Z 1,500
2 ¥
£ :i‘."- ------- *‘.— I e i S SR e el e R R e e e o --“*—“.-". -.-‘.‘*:—‘." 2 -.
Z .l’-'"-&'W-L"b;"‘&‘"d"“u’-"PLC'p:.l—"’d—‘"':,C"pd-"‘-&"’&“;ﬁ'wul-"‘ .b'e.b"p.b‘ﬂopéF&'U:c'd:j'dic‘o'(ar.‘do(,‘f‘{,‘wwk‘-b‘b’-b‘w-h‘w&&‘ -U’“J-"b;i"oi-"“,b“:;“'cd.“G[,l"‘dv"r.[-“";}-“Gé‘n-‘n‘“.n‘\c.r.“o«‘o 1 ,000
3 oA e ™o
§» 8 e T 500
5.
A
B o o o o ot 1 e e e o A i s e W el 4 TUTTUTTUTTUT TUT TUT
B e T T=G T>C T=A C>T C>G C>A
Melanoma sample (Pleasance et al., Nature 2010) Pleasance et al., Nature 2010
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Mutalisk (6) —

DNA replication timinig G,"

(Repli-seq)

ENCODE

genomic/epigenomic modification analysis

|
1- *r"‘"‘r-kr
4_‘-‘7..,,....‘_._%_.
Szk—ﬁh—::
S, L.-«-mFAﬁ-_—
S, | _g&_]
Jp.-—!.,-.--*L-.‘

Phase annotation

max(G1;, $1) — (52; + §3; + 54, + 62)) > 0= | e early
max(52;,53;) = (G1; + 51; + 54; + G2;) > 0 = [ € (ntermediate
max(G2;,54) = (G1; + 51; + 52; + 53;) > 0= [ € late

» Goodness of fit test
» Correlation analysis

Low Int High
y.§
|
u'-e'
Histone modification £
DNase | hypersensitivity 5% 75%
Read density ’
Peak annotation
51
Mutalisk (6) — genomic/epigenomic modification analysis
H3k9me3 , melanoma sample (Pleasance et al., Nature 2010)
[ T
a2 p=value = 2 2de=07 High : 8729 Ty
o ’: &0
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n F
s 3
Zz
" i
o BcrECc-GECT T-ANT-C T>G 0 -*—. ety [N " il
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Mutalisk (6) — genomic/epigenomic modification analysis

DNA replication timing, melanoma sample (Pleasance et al., Nature 2010)
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Mutalisk (6) — genomic/epigenomic modification analysis

Melanoma sample (Pleasance et al., Nature 2010)

IIII Mutalisk
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Mutalisk (6) — genomic/epigenomic modification analysis

Melanoma sample (Pleasance et al., Nature 2010)

® O=O=O=0=O=0=0 |
el | _.\_{J’
8" -0
c 'S
& )
I RIEPP 4
> o * Forward feature selection (generalized least-squares model
- 1 and Akaike information criterion)
£ ) « Explained variance computed by linear regression
©
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£y 3 Dy gwi g by oy o N BN
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Mutalisk (7) — downloading results

=i sample_melanoma.dh High
=l sample_melanoma.dhntermediate
= samiple_malanaema.dn Low
 Sorrcls muemac ek b Home  Analyze Tutorial Contact
4] sample_melanoma.ge Intermediate
== sample_melanoma.golow
=i sample_melanama HZAZ hm High
il sample_melanama H2AZ hm inermed._
i=] sample_melanoma H2ZAZ hmlow
" sample_melanama.H2AZ_histone.mod
=l sample_melanoma.H3K4me1.hm.High
=l sample_melanoma H3KAme 1 hm Inter_.
*= sample_melanoma.H3K4me1 hm.Low
sample_melanoma.H3K4me1_histone...
= sample_melanoma HiKdme2 hm.High

#=| sample_melanama.HIK4me2 hm.Low

sample_meianoma.HIK4me2_histone_.
= sample_melsnoma HIKAme 3 hm High szl = 2= =l=1r a)=li=
#= sample_melanoma.HIK4me3 hm.Inter.

=l sample_melanama H3K4me3 hm.Low
sample_melanoma. H3K4me3 histone .
=l sample_melanoma HIKIAC hm High

=l sample_melanoma. HIKIAChmInterm.

i=| sample._melanoma HIKIAChm.Low

"% sample_melanama HIKIAC_histone.m._

Get merged results I Get all results at once

=l sample_melanoma.H3KIme 3 hm.High
=l sample_melanoma. H3KdmeZhm.Inter.
=l sample_melanoma H3Kdme3 hm.Low
sample_melanoma H3KIme3 histone_
=| sample_melanama HIKITA hm High
=| sample_melanoma. H3K2TAChminter..




Tobacco-associated mutational signature #4

TCGA Lung Adenocarcinoma Samples
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Run Mutalisk

Home Analyze Tutorial Contact

MUTATION ANALYSIS TOOLKIT

(9) mutalisk

This site is optimized for Chrome.

m The following shows an example of how to run Mutalisk using the sample data.

[ Melanoma data example ] [ Lung data example ]

§ Download the sample data: [ Melanom‘z Lung ] >
Source of the sample data: [ Melanoma can . Pleasance et. al. Nature 2010. & [ Lung cancer ] June-Koo Lee et. al. JCO. 2017.

sample_lung.vcf




Variant Call Format (VCF): sample_lung.vcf

1 wefileformat=VCFv4.2

2 HCHROM POS ID REF ALT QUAL FILTER INFO
3 1 1916980 . . . .

4

A G
1 5148788 . G C
5 YA 5867505 . (4 T
6 1 7146801 . G A
7 1 7665765 . C T .
8 1 7749485 . T G .
9 1 8710829 . G A .
10 1 9804956 . C T .
11 1 12381586 G A
12 1 17274833 . 6 T
13 "X 17365503 . T A
14 1 18099894 . AT
15 1 19665267 G A
16 1 20753216 C A
17 1 22905721 1 C
18 1 28496930 . T c .
19 1 29464355 . A G .
20 1 30253004 6 T A
21 1 30346067 G A
22 1 30627515 T c
23 1 32251636 T A
24 1 34081408 G A
25 1 34435930 AT
26 1 35909337 . T C
27 1 36062312 . T C . .
28 1 36414737 . T A
29 1 367295600 AT
3@ 1 36936453 AT
31 1 37261912 G T
32 1 37277934 . G A
3 1 37708424 . c T
34 1 39672350 . G C
35 1 42038123 . c T .
3 1 45810549 . C T .
37 1 46950051 . 7 .
38 1 46984444 . C T
39 1 47098023 . G T
40 1 47446596 6 T
4 1 47619512 (4 A
42 1 48781219 A G .
43 1 50032004 G A .
44 1 50642579 G T .

1,91

Home Analyze Tutorial Contact

(¢) mutalisk

METATION ANALYSIE TROLAIT This site is optimized for Chrome.

m The following shows an example of how to run Mutalisk using the sample data.

1. Genome assembly 3. Mutational signatures 4.G ic & epig i i

| GRCh37/hg19 [Homo sapiens (| )] v|  3-1. MLE method

Localized hypermutation (kataegis)
Transcriptional strand bias
GC content

~ COSMIC

2. Input file

The input file format of this tool is VCF file.
You can select multiple files (max 300).

[ ENCODE dataset reference cell |

Lung Adeno [ GM12878 (Blood - Normal) vl

3-2. Cancer type

The total size of mutliple files should be less 3-3. Select the mutational siams
than 1GB. DNA replication timing
v v s
m Bsig 1 Bsig 2 Osig 3 DNasel hypersensitivity
Bsig g 5 g i
Histone modification
« sample_lung.vef O ig 7 8] ig 0 ig
- B Os g 10 O ig n O g 12 (NA) : Not Available
ig 13 Osig 14 Osig 15 Reference to the genomic/epigenomic data:
Osig 16 17 O 18 * The ENCODE Project & UCSC genome browser
9 9
Dslgnaluvew Dsignalurelo DSIgnalureZX
g 22 Osig 23 sig 24
Osig 25 Osig 26 O 27
O 28 sig 29 Osig 30
Select Al Desedect All
to the

* Signatures of Mutational Processes in Human Cancer

» PCAWG - SigProfiler (provisional)

» Custom signatures

National Cancer Center. 323 llsan-ro, gu, Goyang-si do, 10408, Republic of Korea




Home Analyze Tutorial Contact
mutalisk
Summary of the best results from our tool
sample_lung s2 S4 s
sgowo [l I W0Vl -M-BHelMr Mol wllre slol=>l2Hz2 sHl>N=sl=0» =1

‘sample_lung

File : sample_lung

[ Get merged resuits ][ Get all resuits at once |

& o

L L L

PLA d"““ ‘},\\ d"“ 6“\5 0"\‘ 6,\‘) d‘\h 6“1 6““0‘
EBCABCGGCECT OTA @ TC OT

PR ot

:,‘“

6

51241317

Mutational signatures
No. Signatures

5! 512413 BOursest

Probabilities

0.54157 0.22279 0,10995 0.09268 0.03300

gi
Y | Y

0.54363 0.22094 0.10903 0.09342 0.03298 0.00000

LUSIIE DIIanily. U.oo%

6 51241317

7 512413617

4 51213
3 512
2 52

1] 'S

ol

02

0.54363 0.22094 0,10903 0.09342 0.03298 0.00000
0.53078 0.21571 0.11005 0.09363 0.03316 0.01000 0.00668
0.63748 0.21879 0.10846 0.03527

0.66229 0.21649 0.12121

0.87389 0.12611

1.00000

Cosine
similarity

® 0.98400

CoA 6 o A

BIC

2871064

™»e

[P

CA C>G o1 A

® 0.98400
@® 0.98400
@ 0.98100
® 097500
® 091700
@ 0.26800

™ne

@® 0.98400

04

28719.280
28725.380
28732.020
28778.940
29168.280

29907.540

LI RE N

28719.280

| Close
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Transcriptional strand bias
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Get this result
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DNA replication timing - Cell line : GM12878

501 ** p-value = 2.37e-33
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DNasel hypersensitivity - Cell line : GM12878

** p-value = 4.24e-43

Intermediate : 1632
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Get this result
Home Analyze Tutorial Contact

(§) mutalisk

Run Mutalisk (v3)

m The following shows an example of how to run Mutalisk using the sample data.

1. Genome assembly 3. Mutational signatures

3-1. MLE method

| GRCh37/hg19 [Homo sapiens v! Linear R vl

+ COSMIC

PCAWG - SigProfiler

{Uses Selection’ v
3-3. Select the mutational signatures
@ Random sampling

2. Input file

The input file format of this tool is VCF file.
You can select multiple files (max 300).

The total size of mutliple files should be less
than 1GB.

+ Add Files

« sample_lung.vef

3-2. Cancer type

O Full screening

@ sesz @ses3

@sss1

detect and remor
replication resu

for C

8556
@ ses6o

@sess7  Esesss  Esesso

Select All - Deselect A

+ Custom signatures

This site Is optimized for Chrome.

4. Genomic & epigenomic annotation
Localized hypermutation (kataegis)
Transcriptional strand bias
GC content

[ ENCODE dataset reference cell |
| GM12878 (Blood - Normal) v!

DNA replication timing
DNasel hypersensitivity
Histone modification
(NA) : Not Available

Reference to the genomic/epigenomic data:
* The lNCODF Project & UCSC genome browser
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Summary of the best results from our tool

sample_luing msTw s> IS s 0. s EmEm

| BB BN BN KR BB OB B0 B ROOREY DRER BN B KN Bl ERROEOmEeEy B3 B B EJ Bl E
ssslx sl 7z ll2 »>Nxlol2 2l lslx By N sflelofle cfle N Neslolelol>
BaBoB«B=sB«Bols nle

sample_lung

File : sample_lung [ Get merged results ] [ Get all results at once ]

d hyper

Distance between mutations

¥ %
NEERE
g 8

" e s es o . > o . . -
& e Ead o o o® o a®  a® G0 W g o o P R R ot ot
ECABCGECT @TA@TCOTG

Mutational signatures
No. Signatures Probabilities ’f;l“"' BIC c:xmc
7. 4051242813 (2 0urBest 0.34360 0.28486 0,12329 0.07696 0.07506 0.06595 0.03027 @ 098200  28715.860 View

Total mutations: 3396

Cosine Similarity: 0.982

Get this result
& 405142213 0.45078 0,24808 0,12562 0.07674 0.07292 0.02585 @ 098100  28752.020 View
S 4051242 0.51372 0.21934 0.12658 0.07069 0.06967 @ 097700  28781.680 View
4 40512 0.54065 0.26599 0.12495 0.06841 @ 097300  28833.100 View
3 4012 0.79616 0.13761 0.06622 ® 096400  28952.230 View
2 401 0.86418 0.13582 ® 092400  29134.730 View
1.5 1.00000 @® 057700 29897.340 View




Interpretation of signature results

Proposed aetiology

Unknown.

Comments

Numbers of mutations attributed to SBS40 are correlated with patients’ ages for some types of human cancer.

Proposed aetiology

Unknown. SBSS mutational burden is increased in bladder cancer samples with ERCC2 mutations and in many cancer types due to tobacco smoking.

Comments

SBSS is clock-like in that the number of mutations in most cancers and normal cells correlates with the age of the individual. Rates of acquisition of SBS5 mutations over time
differ between different cancer types and different normal cell types. These differences do not clearly correlate with estimated rates of stem cell division in different tissues nor
with differences in SBS1 mutation rates. SBS5 may be contaminated by SBS16.

Transcriptional strand bias
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Correlation coefficients of { (1Mbp 1
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DNasel hypersensitivity - Cell line : GM12878
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Artificial Intelligence Study using Cancer Big Data
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Latest Cancer Research Trend Analysis - Top 15 Bigrams

~250,000 articles / 1 year (pubmed) As of August 1, 2019
Cumulative growth ratio
Rank Keyword 2015 2016 2017 2018 2019 (2018/2015)

il deep learning 127 284 790 2,107 2,285 16.69
2 pd1 blockade 0 6 8 9 9 10.00
3 circular rna 53 96 249 512 458 9.50
4 health-related quality 0 3 4 8 5 9.00
5 checkpointinhibitor 99 239 488 784 679 7.85
6 circular rnas 80 140 308 612 567 T
7( mutational burden 30 61 107 225 230 7.29
8 blood-brain barrier 5 8 9 40 23 6.83
9 epstein-barr virus 2 1 5 18 8 6.33
next-generation sequencing 2 9 15 17 18 6.00
progression-free survival 4 5] 10 28 20 5.80
checkpoint inhibitors 318 767 1,292 1,844 1,594 5.78
endogenous rna 82 119 239 467 463 5.64
receptort 57 110 194 320 262 553
liguid biopsies 47 124 193 250 179 523




Latest Cancer Research Trend Analysis - Cancer Genomics
Cumulative growth ratio
Keyword 2015 2016 2017 2018 2019 (2018/2015)
deep learning 127 284 790 2,107 2,285 16.47
nextgeneration sequencing 2 9 15 17 18 6.00
cancer database 213 274 515 685 598 3.21
machine learning 1,731 2,280 3,287 5,405 4,834 3.42
cancer genome 789 1,017 1,359 1,904 1,614 2.41
germline variants 71 85 117 159 143 2.22
Al ?
Strong Al = General Al Weak Al = Narrow Al

2D HHH ME o

2@ v

Google

T ==L

Google 211 7HQ! x| X3} Apple Watch £ 2| Tesla autopilot recognition

o
ofol 2% REIS

1im
ox
o
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-39 -



Cancer drugs

e Vemurafenib and trametinib
BRAF V600E mutations in melanoma

Erlotibin and osimertinib
EGFR mutations in NSCLC; L858R, Del (19), T790M

Pembrolizumab (immune checkpoint inhibitor): FDA approved
SOLID tumors from any tissue type
Mismatch repair deficiency (dIMMR)

e Nivolumab, ipilimumab and atezolizumab
High tumor mutation burden

Which goal ?

Machine learning

Deep learning
Feature vector
[

Input (] o
[ ] °
o™ * ) Output
* Feature °
extractor ° Classifier
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RAM: 3;#)RAM. 256MB (XDR Hgl: 80| 1642, 3.6 GHz
RAM: 16 GB, GDDR6 ECC SGRAM

H|C|2 RAM: 256MB (GDDR3)
. 7|8F HAE OFo
GPU: 550 MHz 2IH|C|O/SCEI RSX 2| GPU: AMD RDNA 2 7| 7428 0f0]

2| AA|AFO| X ELL G
PS3 1CH FLOPS = 230.4 GFLOPS XBOX 1CH FLOPS = 12.1472 TFLOPS
[ ]
0| S 336CH2| ps3 & 0| 8% A ZHAIE HARE .
500 TFLOPS 2001 %5 ZFE| ACSI white 12.3 TFLOPS

=

SHET| 2 A EY 0| M AL (57F 28] A7)
i o °© e

=

CPU Intel Pentium Ill 1400S @ 1400MHz Intel Xeon Platinum 8268 @ 2.90GHz
Clockspeed 1.4 GHz 2.9 GHz
# of Physical Cores 1 (Threads: 1) 24 (Threads: 48)
CPU Mark 194 15.48 HY 30,103
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2.7. Machine learning 2} Deep learning

Machine learning
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Three types of research questions driving application of Al in genomics
(Ching et al., J R Soc Interface 2018)

1. Disease and patient categorization

(Gene expression, DNA methylation)
2. Functional and biological study (DNA sequences)
3. Treatment of patients (Gene expression)




Three types of research questions driving application of Al in genomics
(Ching et al., J R Soc Interface 2018)

1. Disease and patient categorization
2. Functional and biological study
3. Treatment of patients

Classifying the Modern NBA Player (2014-2017)
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Machine Learning Research in Genomics

Capper et al., Nature 2018
Clustering of central nervous system
(CNS) tumors based on DNA

methylation data

Over 100 World Health Organization
P (\WVHO) CNS tumor subtypes

o1  PEXPEDE
PTPAL A
P

17 histological types

W EPH, SPINE

Three types of research questions driving application of Al in genomics
(Ching et al., J R Soc Interface 2018)

1. Disease and patient categorization
2. Functional and biological study
3. Treatment of patients




Different Tissues & Physiology

Caterpillar

Nucleotide sequences

...CGCCGCTGACCTATCATCAGTTC
CAAGCGCTGATAGCGAGCATGCC
CCCGCCTCCGTCCGCCGAACCCA
CCATCAGTTTGGAGACAGCTCAACC
GCGCCGITACACCTATCTCGGATA
ATCACGACGAACGATTTGGAGTGC
CGAGACTCGAAGAACTTGGCTTCG
ATACGGAAGGTCTTAAACCTCCAA
TATGGATCGGCGGAGAAAACGAA
GCTCTGTTGAGACT...

Caterpillar

Butterfly

Different Tissues & Physiology, Same Genome

...CGCCGCTGACCTATCATCAGTTC
CAAGCGCTGATAGCGAGCATGCC
CCCGCCTCCGTCCGCCGAACCCA
CCATCAGTTTGGAGACACTCAACC
GCGCCGTTACACCTATCTCGGATA
ATCACGACGAACGATTTGGAGTGC
CGACACTCGAAGAACTTGGCTTCG
ATACGGAAGGTCTTAAACCTCCAA
TATGGATCGGCGGAGAAAACGAA
GCTCTGTTGAGACT...

Butterfly




Many, So Many Components in Central Dogma

Central Dogma - 19,000+ genes

- 100,000+ transcripts

I 1,000,000+ proteins

Zou et al., Nat Genetics 2019

Current Problems in Applying Deep Learning to Genomics

To conduct optimal learning, we
+
need n? samples for n features 19,000+ genes

for correlated features 361M+ samples?
(Hua et al., Bioinformatics 2005)

100,000+ transcripts
10B+ samples??

1,000,000+ proteins
1T+ samples???




Deep Learning Research in Genomics

Zou et al., Nat Genetics 2019

SNV (Sundaram et al., Nat Genetics 2018)

TF binding (Alipanahi et al., Nat Biotech 2015)

Histone marks (Zhou et al., Nat Methods 2015)

DNase hypersensitivity (Kelley et al., Genom Res 2016)
DNA methylation (Angermueller et al., Genom Biol 2017)

Alternative splicing (Jaganathan et al., Cell 2019)
Polyadenylation (Bogard et al., Cell 2019)

mRNA expression (Zhou et al., Nat Genetics 2018)

Enzyme commision (Ryu et al., PNAS 2019)

Deep Learning Research in Genomics - DeepSEA

Output
variant fl.ll'|ClIﬂf\l!|l'.¥I

prediction Functional-variant prediction

Input '

Qutput:
prediclad chromatin
eflect .
Compare 1

DHS TF binding Histone marks
Ouy -
ar:gi\"c:eda\lale- Adlela T O O O O O 'DO .
;mguc chromatin . O O O O O ':)O

Predict '

Training data:

DeepSEA (Zhou et al., Nat Methods 2015)
Using genomic sequences (1,000 bp) predict chromatin organization
(transcription factor binding, histone marks, DNase sensitivity).

Hierarchical Structure Multilayer Nonlinear
Transformation

Convolution layer
(high-order sequence features)

Convolution layer
i (Interaction of sequence
Pooling layer features)
(Spatial scaling)

f

Train
ENCODE, Deep 1 natwork
Roadmap Epigenomics (DeepSEA)

chromatin profiles

Input '

Input:
genomic sequences
(1,000 bp)

Variant position

Convolution layer Multi-task Prediction
(Scan for motifs)

Output layer
1 (shares all input)




Three types of research questions driving application of Al in genomics

(Ching et al., J R Soc Interface 2018)

1. Disease and patient categorization
2. Functional and biological study
3. Treatment of patients

Deep Learning Research in Genomics - Predicting Prognosis

A ( L H (i) Predicting labels
Methylation for new samples
(19,883 features) %)

Input tayer

Bottleneck layer

Statistics in CCR

Chaudhary et al., Clin Can Res 2018

Predicting survival of liver cancer
patients by training an
autoencoder.

Trained on 360 TCGA-HCC
samples’ mRNA and miRNA
sequencing as well as
methylation data




Deep Learning Research in Genomics - Predicting Prognosis

>

TCGA cohort B LIRI-JP cohort C RCI cohort
(log-rank P value 0.00000713) {flog-rank P value 0.000442) (log-rank P vadue 0.00105)

\“\Y\_ =50

\\“‘x
L
b

o Validated the deep learning
model on 684 patients across 5
independent cohorts

04 06 0B 10
Probability of survival

Probability of survival
Probabilty of survival
00 02 04 06 0B 10

00 02 04 06 08B 10

02

00

o

Years Years

mIRNA GSE31384 cohort (Chinese) E-TABM-36 cohort F Hawallan cohort
(log-rank P value 0.000849) (log-rank P value 0.103) (log-rank P value 0,0535)

m

0

06 08

Probability of survival
04
Probability of survival

02

Statistics in CCR

Chaudhary et al., Clin Can Res 2018

Deep Learning Research in Biomedicine

@ Download @ Separate in @ Tile and filter out @ Per-tile training @ Tesling and
from GDC 3 datasats background tiles per-slide tile
database aggregation

T Hlo|E{of

Inception v3

(STK11, EGFR, FAT1, SE]
e
Model
= LUAD at 5x

AUC =0.918, Cl = 0.861-0.949

= LUSC at 5x
AUC =0.977, Cl = 0.949-0.995

True positive

LUAD at 20x
AUC = 0.913, Cl = 0.849-0.963

Frozen - = LUSC at 20x
0.5 1 AUC = 0.941, Cl = 0.894-0.977

False positive

Coudray et al., Nature Medicine 2018
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Al MODEL FOR CANCER GENOMICS

ARBITR: An aRitificially intelligent Bayesian approach to
predlcting predisposition and evoluTionary deteRminants
in human cancer

Challenges in Cancer Genomic Data for Deep Learning

Our pilot study predicting platinum therapy response using omics data

L B Response
Mo respanse

11,315 TCGA tumor samples
33 cancer types

: ; Gene expression
Excluded patients without (56,715 genes)
drug response data

" Feature Machine learning
- ] Tr?.'.:lisnzgsrt selection - Logistic regression
1,660 patients - & (2,133 genes) - Random forest

Excluded patients without Drug response
platinum drug response data

Cisplatin  Oxali Carbop!
v i

] ® /e \ : i
698 patients Test set i Predictio
‘ P n=10) | ; " Performance
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Challenges in Cancer Genomic Data for Deep Learning

Our pilot study predicting platinum therapy response using omics data

Method/Model AUC Genomic/transcriptomic features (selection)
matter a great deal.

Random forest 0.619*
Due to currently limited sample size in publicly available

datasets, we must devise new ways of tackling the problem
SVM 0.612 of predicting therapeutic response in cancer patients

So why are genomic/transcriptomic features problematic
(besides the dimensionality problem)?
Because of tumor heterogeneity

Ada boost 0.609

Logistic regression 0.593 Dagogo-Jack et al., Nat Rev Clin Oncol 2018

MLP 0.593

Databases that collects data of the same data source Databases that collects data of the same data type

Cu rre nt Cell Line Databases Public Cohort Databases Expression Data Collections
Problems in R fsualization Plato NAseq.
Applyi ng Deep g Broad DepMap MSKCC cBioPortal ARCHS4 EMBL-EBI ArrayExpress
Learning to
Genomics

Broad CCLE UCSC Xena Browser NCBI Gene Expression Omnibus (GEQ)

Sanger GDSC St Jude Cloud PeCan g

OncoKB NCBI ClinVar

My Cancer Genome Sanger COSMIC

Suitable for
deep-learning

The Cancer Imaging Archive
g Not suitable for (TCIA) MSigDB / KEGG BioGRID / STRING / ENCODE

deep-learning =

Gene-centered Portal System

e B
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Cell line data

Genomics of Drug
Sensitivity in Cancer

Cancer Omics Data

https://www.cancerrxgene.org/

https://portals.broadinstitute.org/ccle

Sequence trace

NATIONAL CANCER INSTITUTE
Office of Cancer Clinical
Proteomics Research

https://cptac-data-portal.georgetown.edu/

Summary
Studies 55
Tumor sites 12
Cases 2,549
Samples 3,639
Files 107,493
Data 25,576GB

Method

Proteome
Phosphoproteome
Acetylome
Gycoproteome
Ubiquitylome

-53 -

Summary Methods & dataset Summary Dataset
Exome sequencing WES RSEM
Array exome sequencing Mutation Methylation
GDsC1 GDsC2 Mutation CCLE Fusion copy number
Cell line 987 809 Copy Number Cell line 1,457 structural variant metabolomics
Methylation . miRNA
367
Compounds 198 Expression Compounds 24 (504 cell line test) Global Chromatin
1IC50 310,904 135242 Drug Screening - IC50s RPPA
Antibody
RPKM
Cancer Omics Data
Human genomic data
m) NATIONAL CANCER INSTITUTE % :;:GCP |
GDC Data Portal https://portal.gdc.cancer.gov/ ata Porta https://dcc.icgc.org/
Summary Method
Summary Method
- Clinical data Diagnostic image
Biospecimen data Tissue image ICGC .
Pathology Reports Radiological image C!mmal fiata
Projects 67 SNP microarray Bisulfite sequencing Biospecimen Data
Primary sites 68 Copy number microarray Bead array cancer project 86 WXS
Cases 84,392 Low-Pass DNA Sequencing miRNA Sequencing Cancer primer sites 22 WGS
Genes 23,399 Whole exome Total RNA Sequencing Donor with molecular data in DCC 22,230 RNA-Seq
Files 596,758 Whole genome Microarray Total donors 24,289 miRNA-seq
Mutations 3,287,299 SNP microarray Reverse-Phase Protein Array Simple somatic mutations 81,782,588 Bisulfite-seq
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Issues to be considered

{ 3\
= ex)1. IL2 = IL-2 = interleukin — 2 = interleukin-2
> Ztzte| CjojE] &7| 7|&E otofl IHE HO[E| el =X EM ) .
2. typing error
Table S1: Correcting drug names from TCGA to standard names
Recorded Name from TCGA DrugBank ID Ilndni drug name
O UAE Y wz oocoon  Aderecki
Interdeukin - 2 DBO0041 Aldeslevkin
Interteukin-2 DBO0041 Aldeslevkin
I D M P Abvesin nA NA
Anastrozole os01217 Anastrorole
Identification of Medicinal Products NAV m:s‘;nowtz DB01217 Ma:‘l:wuh
Data elernents and structus idex re
fot the unice eaction .':sm.,- Navigating RxNorm Drugs ::::f;,, z::;:; :::m
PF0O4605412 NA anti-ASB1 integrin monoclonal antibody PF-04605412
MORAL-004 NA i i antibody
autologous vaccine NA autologous vaccine
Axitinib 0806626 Axitinid
Axitnib DBO6626 Asitinid
Cedicanid DBO4849 AZD2171
o 7|t s Cal n (8C6)
<>_I§||.g_o.| 1H'-7| = :;nmc.moc-ﬂ (8C6) : zz
avastin DB00112 Bevacirumab
SNOMED CT Avastin 0800112 Bevacizumab
N I H )Nlﬂoml Institutes bevacizumab 0800112 Bevacizumab
“The global of Health Bevacizumad DBO00112 Bevacizumad
:1'?_“ BEVACIZUMAS DBO0112 Bevacizumab
Bicalutamide 0801128 Bicalutamide
casodex DBO1128 Bicalutamide
Casodex DB01128 Bicalutamide
blecemycin DBO0250 Bleomsycin
Bleomycin 0800250 Bleomyycin
BRAF inhibitor NA BRAF inhibitor
cabazitaxel DBO6772 Cabazitaxel
jevtana DBO6TT2 Cabaritaxel
Cabozantinib DBOSSTS ‘Cabozantinib
Cancer Vax NA Cancer Vax
capecitabine 0BO1101 Capecitabine
\ Capecitabine 0801101 C 32(19), 2891-2895.
5 7tE=osa
It CATHOUC INPLRSTY O DREA
Preliminary study - methodology
Z3EE o5 2
= (=] au = =
AutoEncoder +0|% 23 (Supervised
. . Reinf(:rcement ‘.earning)
o o a 0,00 °
‘ X3 Seoo% °®
() ° ¢
" 6 b
58 5 1t 52 582 EX Me

X st&
(Supervised Learning)

HIX| = &

(Unsupervised Learning)

EHet BEHE 25

BEATIE

~

JI2NFX| &1
U

zet oz

(Reinforcement Learning)

f

HYS 83l &2

= wato

~

= st




Preliminary study

n Genomic of Drug - DNA mutation
Sensitivity Cancer - RNA expression
. - Protein expression
ojo|E| &8 - RNA expression - Drug response
- Drug response (Response, non response)
(1c50) J TC GA - Clinical data
- ~ -
Study_1 Stuply 3 5 Study 41 @ Study 4-3 0
— — -uw
AlS ool P?otéln levels Q( R -.RNé\' al* or
e ﬁ 27| RNATevels _Au compound RorNR RNA levels levels data All drug
A = @  All drug
Rt ‘RNA levelsg)
o o oS
s o Study ) Study_4-2 Study 4-4 oo
) - s T +
=) Zrv i ) RG\R ""RNK'\
evels’ PlatinOwn drug RNA levels All drug levels M
| —
1
M - 6) N - * N
AutoEncoder +0|% 22 %.'fﬁrﬁ + 05 2 Z518ks + 0= o
(Reinforcement Learning) (Supervised
oo ‘ AL L P Reinforcement Learning)
&
e 00 o °
e wy e,
1 1
£2 8% X 52 e o
L 2 Y MY )
~~— - J
Results

Genomic of Drug
Sensitivity Cancer

- RNA expression
- Drug response(IC50)

TCGA

- DNA mutation

- RNA expression

- Protein expression

- Drug response
(Response, non response)
- Clinical data

Study 2

Prot;ln levels Platlnt: drug

P

drug

AutoEncoder +0]Z% 2

os!

2 EY R 52

B oE WE X

- Linear®t ZH(IC50) 0|5 X
- Xhglel MF (B2 el RNA|

0.66 Study_1 data= 542
4 seA &)

Zg g

=

e Study) (M = 0 64)
— Seudy2 (WX = 0 7))
— Sty (A = 0T7)

o 10
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Results

=] I o

2 Kol ofgt A STtet AIZt 57t
Axoz 2a X

ZeklE + % 2% \ 4
(Reinforcement Lefrning) Vs N
TCGA ST l .. ': :‘ * e - The model needs least 10000 episodes
=) Ror\R .J Q "3ea", . - ” - for train
L)

- DNA mutation R ° . _ P
: ::;t\eie:p,e:sio,! RNA levels Al drug ‘ ‘ 10000 episodes = 3350000 min = 6 years
Lo M =g Ex M JH S RKIO| CH3F Z3tekA Ao ol A

response) 38 S 4 33670 RTXIof CHSt ZotetE 422 =
- Clinical data

336!
———— = 1.3998E + 101
Z (336 — n)!xn!
n
N J
Results

Al [=]] Ad.
[ HolEl %8 ] [Eﬁxf-igof'm% g ue Ollé] ( Wi R J —

Study_4-2
‘;’fi' =) RorNR [ Zapss 05 2y )
N a (Supervised ‘0.80

RNA levels All drug . .
Reinforcement Learning)

e

TCGA s B Q{ Tty
= °.o°
- DNA mutation '-::.kﬁéx +Clﬁcal% or R. ° a... % ..
data Alldrug o ° o

- RNA expression

- Protein expression

- Drug response

(Response, non
response)

- Clinical data

levels

e o Sty 712 5
M

z0 8% HY

Vs
.
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Results

a 3\
) Total gene KEGG cancer pathway COSMIC cancer gene census
Cancer type Sample size
(R:NR) (20531 genes) (525 g (683 genes)
AUROC Loss AUROC Loss AUROC Loss
1794
PANCAN (@2:58) 0.791 0.795 0.782 0.875 0.720 0.715
278
BRCA (15:85) 0.902 0.579 0.913 0.722 0.910 0.624
176
LGG (80:20) 0.939 0.480 0.908 0.591 0.840 0.930
150
STAD (35:65) 0.586 2.651 0.620 1.598 0.584 0.941 . ey xE2 B
l HNSC 59 0.989 0.10 0.958 0.225 0.989 0.139 ofE =2
@5.75) . . . . . X
KIRC (8;'? D) 0.750 21965.61 0.750 8.888 0.750 12.087
11
KIRP 7327) 0.333 141.36 1.000 0.141 1.000 0.041
8
KICH (87.5:12.5) 0.500 32591.15 0.500 13.325 0.500 17.119
LUAD - n2_ 0.752 1.143 0.811 0.921 0.750 1.016
@7:53) A . . . A |
43
PRAD (33:67) 0.593 1.230 0.704 1.371 0.580 1.827
. 7
Results
{ ' —

- AHEO| MSHENA 5 SAH o USHENA MY £, E4 =5

-FEEH EdoR o5RY Y

ASHEHA A

Echald
group 1

B4 58
group 3

Echad
group 2

11

09

08

0.7

&l

group 1

group 2

* AUC

group 3

e loss

group 2+3

SrotH 2 MsH
SHAM Ed F
=3 052 Y
Al gtE 53 B4
41 (AUC=0.80)
o|=o| S84 He
7L I E.

-84 FE 10y
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-5EH 8402 0ZRY &

NSHEAA A
ot

8438
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B4 FE
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3
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. ME e lew
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Primary protein structure
is sequence of a chain of amino acids

Pleated sheet Alpha helix

Secondary protein structure
occurs when the sequence of amino acids
are linked by hydrogen bonds

Pleated sheet
Tertiary protein structure
occurs when certain attractions are presant
bstween alpha helices and pleated shests.

Primary to Tertisry

Quaternary protein structure
is a protein consisting of more than one
amino acid chain

Frimary strctise of busman atpme st | U




Analysis of Protein structure

> AlphaFold

Past

B @

present

X-ray Nuclear magnetic Cryogenic electron In silico
crystallography Resonance (NMR) Microscopy (Cryo-EM)

- In the process of protein crystallization
: pH, temperature, ion concentration in the crystal solution affect, etc : Too many factor

- Long run time and costs

Molecules 2018, 23(8), 1963

7HE=] 0ot

THE CATHOUC UNVERSITY OF KOREA

Protein structure prediction
> AlphaFold

1994
Critical Assessment of
protein Structure Prediction
(CASP1)

O

2022
CASP15

Protein Structure

diction Center

Success Stories From Recent CASPs.

there haes bewn emcement i arws. Womrver, e Gverad
1, whee & few urst of eogrest haspesed [Kabtalecat N
acou 10 peas. The pest he trene (Cral o, 2019), 04 the ey
imgeovamart doubied that of 2004 2014 (vee left ict). Severai factars contributed £ i, Including mere accurate akgnmant of the farget begence 1o ‘avatabie emoiates, combining
Hamnglates, impraved accuracy of reghons nt conwed by temetites, of modeis. from dacoy watirsation of mode
sessacr

CAS214 marked an axtrasrdinary iecresss i e wes o the Poseh bt we thes

bt sroved b e comeatitivs nith e exserimantal aceuraty (GOT_T5>90) far ~3/3 of the Uargets ae of Ngh accuricy (GOT_TS>83) far almest 03% of the targets (midde pict). The aceuracy of

CASP 34 modes for TEM targets sigaiically suoersessed acouracy of mades tewgtates. _¥S~02 00 Bearage. whh
CASPs (right sk

Welcome to the Protein Structure Prediction Center!

7HE=I0 Ot

THE CATHOUC UNIVERSETY OF KOREA
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AlphaFold

) DeepMind AlphaFold & AlphaFold 2
o wp
2020

CASP14
AlphaFold2

1994
Critical Assessment of
protein Structure Prediction
(CASP)

2018
CASP13
AlphaFold1

Template-based modeling targets

ab initio modeling

8

2 -

8
o 80 imil 30
g¢ Similarity
33 measurement
o2
§ § 60 2 ® .2
33 o
3T 5
85 40 L) e
P CASP14 CASPL S ~
s CASP2 CASP3
o= CASP4 CASPS
=3 20 - CASPE CASP7

= B CASPS CASPY

3 CASP10 CASP11

O CASP12 —— CASP13

*® —— CASP14 CASP14 server

0 — — = CASP14 w/o AF2
0
Target Difﬂculty Easy Target Difficulty Difficult

combined rank by seq.id. and coverage of the best template

GDT; Global distance test

AlphaFold
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AlphaFold

GOLD (PROTEIN) RUSH !

AlphaFold

Article @ DeepMind
Improved proteinstructure prediction using
potentials fromdeep learning

https://doi.org/10.1038/541586-019-1923-7  Andrew W. Senior***, Richard Evans'*, John Jumper*, James Kirkpatrick'*, Laurent Sifre™*,

ived: i 3 oli Qin', Augustin Zidek', . R. Nelson', Alex

Received: 2 April 2019 o ! Stig Petersen’, o 3
1

lugo
Accepted: 10 December 2019 David T. Jones™®, y '& R
Published online: 15 January 2020
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> AlphaFold

@ DeepMind AlphaFold2

Highly accurate protein structure prediction
with AlphaFold

Nature. 2021 Aug;596(7873):583-589

021-03819-2

Received: 11 May 2021

John Jumper***, mud!nm“ M-m“ Tim Green'*, Michael
Olaf ', Kathryn mm“ Augustin Zidek',

Accepted: 12 July 2021
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Nikolov*,

Published online: 15 July 2021 Y S
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e ey IS voyss r——— High
— = ﬁ ] confidence
1 + -2 s
Orevere Evoformer
Kot doapiatics — {48 blocks)
(LY vey
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! P o | 30 structure
= e vze)
= ! i %
\—d/
Tomplates l
= + Recycling (e times) ]
0 Colab BH0IM] AlphaFold AtE™
AlphaFold 2 process CHLTRTD
Database
- Database ~2,200GB | —
~240GB o
EPU Intel i5 (4 cores, 8 threads)
RAM: 32 Gb
GPU: RTX 3060 (vRAM 6 Gb*)
Storage: 4T8 Local

c laby

AlphaFoldipynb
1-1. Install third-party software
1-2. Download AlphaFold

@ Making a prediction

1-3. Enter the amino acid sequence(s) to fold
> 1-4. Search against genetic databases
1-5. . Run Alpl and predicti

Github - To eventually become an unofficial Pytorch

(1) se alphafold in local PC — download alphafold

(@) Downiond e

@ ( Install docker

(4)(install GPU driver

(5)(_Install NVIDIA container toolkit

@ ( Build docker image

@ ( Running alphafold in local PC

( Alphafold process

OUTPUT

-
PDB PKL
L[]

u




Colab EZ0A 2| AlphaFold AH&'H

AlphaFold database usage

Local uniref90
mgnify
$DOWNLOAD_DIR/ Total: ~ 2.2 TB (download: 438 GB) uniclust30
bfd/ ~ 1.7 TB (download: 271.6 GB)
# 6 files. bfd
mgnify/ 64 GB (download: 32.9 GB)
mgy_clusters_2018 12.fa
params/ 3.5 GB (download: 3.5 GB)
# 5 CASP14 models, pdb mmcif
# 5 pTM models
5 AlphaFold-Multimer models, pdb70
# LICENSE,
# = 16 files.
pdb7e/ 56 GB (download: 19.5 GB)
# 9 files.
pdb_mmcif/ 206 GB (download: 46 GB)
mmcif_files/ uniprot
# About 180,000 .cif files.
obsolete.dat pdb seqres
pdb_segres/ 0.2 GB (download: 0.2 GB)
pdb_segres.txt
small_bfd/ # ~ 17 GB (download: 9.6 GB)
bfd-first_non_consensus_sequences.fasta
uniclust3e/ # ~ 86 GB (download: 24.9 GB) uniref90
uniclust3e_2018 08/ .
# 13 files. mgnify
uniprot/ .3 GB (download: 49 GB) small bfd
uniprot.fasta uniprot

unirefoe/ GB (download: 29.7 GB)
unirefg@.fasta

Colab 270X 2] AlphaFold A& : AlphaFold2

READMEmd

AlphaFold

se also refer to the Supplementary Information for a detailed description of the method.

or community-su

*ou can use a slightly simplified version of AlphaFold with this Colab notebook

T1037 / 6vra T1049 / 6yaf

90.7 GDT 93.3 GDT
(RNA polymerase domain) (adhesin tip)

® Experimental result

@ Computational prediction




Colab #Z0jA2| AlphaFold AF2H : AlphaFold2

[ae) & get PDB.ipynb
Fie [ €6t Jview wwen Ruetime Tools Helo Chaoges will ot be saved

ved Click®
Q ° Select all cells CxteShuneA
Cut cell or selection

=
v Alp  Conycetorselection

Pasto
THN | Oute seleciad cele Cotet p Fodict the structure of a protein using a slightly simplified version of AlghaFold v2.1.0.
Ditfe
Find and regiace Crrtebt
BOC mgiea ane uses no templates ind a selected portion of the BFD
daa e ® ON several thousand recent PDB structures. While accuracy will be nearidentical 10 the full
Aiph | fractiog have 3 5. For best
..«..‘ Click @ « Notebook settings
THS  Coear st cutouts suracy I ks highly
00O rsmermam e e psmicmmammye - ¥EOVES, the Alpl  Hardware accelerator hee in the
complex. hence it is substantially slower. If your notebook| _GPU. > ® Lising Colab Pro
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madelin only and caution shoukd be exercised i k3 w38, g nd execution
Citing this work
Want your notebook to keep running even after
Any publcation hatdincoses s asig romusing |~ b S e Zm ™
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You can find more information sbout how Alphaf old work{

* AlphaFold methods poper

* AlphaFold predictions of the human proteoms paper

 AlphaFold:Multimer papet
FAQ on how to interpeet AiphaFold predictions are here.
If you have any questions not covered in the FAQ, please contact the AlphaFold team at alphafold@deepmind.com
Get in touch
Vie would love to hear your feedback and understand how AlphaFold has been useful in your research. Share your stocies with us at
alphafold@deepming.com.
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Colab 270 A 2] AlphaFold AI&% : AlphaFold2

© 1. Install third-party software
Please execute this cell by pressing the Piay button on the left to download and import third-party software In this Colab notebook. (See the acknowledgements in our readme.)
Note: This installs the software on the Colab notebook in the cloud and not on your computer.

Five steps to run AlphaFold2

© 2. Download AlphaFold
Please execute this cell by pressing the Play button on the left.

DE A

~ Making a prediction

Please paste the sequence of your protein in the text box below, then run the remaining cells via Runtime > Run after. You can also run the cells
Individually by pressing the Play button on the left

TROTE (3T (e Seareh sgamst EULRULE: Uy TN TN COTITE UINE. THom minutes to hours, on the length of the
protein and what type of GPU you are allocated by Colab (see FAQ below)

© 3. Enter the amino acid sequence(s) to fold [l

et e o st et input length range: min: 16, max: 2500

Ty O ETITET DTy ¥ SIGTE SexUeTICE, T TOTTOTITET TITOteT Wit D TeeT,

« 1f you enter multiple sequences, the multimer model will be used,

se e_1: " Ci710f text 248

sequence.2: U171 0F text 2%

sequence.3:  Of7|0f text 2/ &

Of 7104 text &1

Of2|0f et S

sequence_b:  O17|0f text 2/

7HE=I0 Ot
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GO« gle ucsc genome browser X m @ Q
QM PooxI PEAY BFE2 MO =M o&2| =

MU o 474

https:/igenome.

UCSC Genome Browser Home

SHNTH
| Iz

(&)

000074 (0.45%)

ucscedy ¥

t - Interactively visualize genomic data - BLAT - Rapidly align sequences to

n PCR primer pairs to

CALIOMNIA

Genomics

SNTA Gl

Genomics
Institute

? Q Genome Browser Gateway

Find Position

SARS-CoV-2 Assembly
| Jan. 2020 (NC_045512.2)

Hill

Institute

— Term
of Enter position, gene symbol or search terms
Enter species, common name or assembly ID Current ponition: NC_O4551321-29.903 @)

lm-r-cmdyvmmw\oml:m
pidiy aign sequences to the genome

 In-Silico PCR - Rapidly align PCR primer pairs to the genome

® Table Browser - Download and filter data from the Genome Browser
® LiftOver - Convert genome coordinates between assemblies

= REST API - Returns data requested in JSON format

= Variant -A ic variants

= More tools...

A A A

o

ger

|
o I I I

Unable to find 2 genome? Send us a request,

UCSC SPECIES TREE AND CONNECTED ASSEMELY WUBS

O, grimshawt
A pambise
A melifers

. elegans.
€ brennert
C briggsae

€ japonica
Cremanei

P.pacificus —

2019,

piratory syn

ne (COVID-19).

Organization on March 11, 2020.

1, obtained

{ I Biotechnology Information on January 17, 2020,

] Amanuscript describing this work, The UCSC SARS-CoV-2 8 ; Sep 9.
2020issue of Noture Genetics.
Additional .2
toolfor oV-2
Download sequence and annotation data:
® Using HTTP
» Using FTP

AlphaFoldE 0|8%t SARS-CoV-22| THHE X o %

UCSC Genome Browser on SARS-CoV-2 Jan. 2020 (NC_045512.2) (wuhCor1)

>>> ZoOMin | 15x 3x 10x base ZOOMOUL 16x 3x 10x

100x

move <c< << < > >
multi-region | NC_045512v2:1-20,903 29,903 bp. | s, help oo 9o | examples Quick start guide
[pe_oussrza | NC_oassizee 1|
Scale 10 kbF I wuhCort
NC_04s512v2 5,000 10,000| 15,000 20,000}
NCBI Genes from NC_0455122
ORF1a S
ORF1ab
il UniProt Precrsor Protoins Datoro c! into 19)

nspt
olab

ota

nep2

Spika protein S1
Spike proten S2
Spike protein 52
ORF|
I Putative ORF10.. |
UniProt highiighted *Regions of Interest”
Disorderod Disordored || GeppAbindng| Disordered|  Discedored |
Bidng 10 40s. RdRp Fingers N. Disordered|  Disordored | Disordered |
cxe | Int: AMP Remdes. Dis: Disordered |
ca| Rep Paim Naer | |
1 RaRp Fingers C... |
Discrdered | RRp Paim Crer i}
RdRp Thums [l

Exon trame (0.1.2),or |
V.|lnohmnhnxn
| Transcript type

« Translated Protein from gencmic ONA
o Prodicied mRNA
o Geoomic

View table schema
Go 10 Highiights track controls

ough: blat direct on 2021-12-13 (taxkd 2697049, 81a504160a)

Data last updated at UCSC: 2022-10-18 0517 28
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Google cov lineage X

Q#4 @O : Giw)

Y3} 2} 8150,0007 (0.44%)

[OR-: 1 2 QXE

https://cov-lineages.org *
Cov-Lineages

Pangolin was developed to implement the dynamic nomenclature of SARS-CoV-2 lineage: A
the Pango nomenclature. It allows a user to assign a SARS-CoV-2 ...

Lineage

Lineage List
A lineage predominantly circulating in California but with

Pangolin

Pangolin was developed to implement the dynamic ... 8
Lineage B

Lineage B. Go to parent lineage: A + View more Iinformation at

B.1.1.529 2022-11-25 e

This webpage &s generated using publically available sequence ...

cov-lineages.org A3} L{&7| >

All Fields

Lineage List

| soarch tertinooge.

United States of America 320%,
United_Arab_Emirates 110%, Chino
8.0% Germany 7,0%, Conada 40%

United States of America 37.0%,
United Kingdom 18.0%, China 7.0%,
Mexico 6.0% Germany 40%

United States of America 46.0%,
Turkey 120%, United Kingdom 7.0%,
Canada 40% France 3.0%

Earfiest
date

2018-
12-30

2018-
12-24

2020~
01-01

i+

designated

1697

4001

46228

#
assigned

2547 One of the two original haplotypes
of the pandemic (A and B). Many
sequences originating from China
and many global exports; including
to South East Asio Japan South
Korea Australia the USA and Europe
represented in this lineoge

9688 One of the two original haplotypes
of the pandemic(and first to be
discovered)

109623 A large European lineage the origin

of which roughly corresponds to
the Northern Italian outbreak earlv

7HE=] 0ot
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AlphaFoldE 0|8%t SARS-CoV-22| THHE X o %

Earliest “

Lineage Most common countries date designated

United States of America 22.0%, indio 19.0%, United
Kingdom 13.0%, Turkey 7.0%, Germany 5.0%

2020~ 8274
03-27

Lineage B.1.617.2

Go to parent lineage: B1.617

Predominantly India lineage with several spike mutations, pango-designation issue #49

177047 Predominantly
India lineage with
severol spike
mutations,
pango-
designation issue

Most Common Countries: United States of America 22.0%, India 19.0%, United Kingdom 13.0%, Turkey 7.0%, Germany 5.0%

Earliest Date: 2020-03-27
Number Designated: 8274
Number Assigned: 177047

(@) wHo Name: Delta

M PHE Name(s): VOC-21APR-02

WHO
Name

Deita

Characteristic mutations in lineage

Mutations in ot loast 75% of 816172 sequonces (read more)

Compare to other lineages
View S-gene mutations

A a

HIDE MUTATION TABLE

Characteristic mutations of B.1617.2
gene  amino acid

ORFlb  P314L
ORFlb  G662S
ORFlb  PIOOOL
S TIOR

s EI56G
s dell57/158
S L452R
s T478K
s DEMG
S PEBIR
s D9SON

7HE={C ot
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A%

~ Setup

Start by running the 2 cells below to set up AlphaFold and all required software.

v 111 1. Install third-party software
Please execute this cell by pressing the Play button on the left to download and import third-party software in this Colab notebook. (See the acknowledgements in our readme.)

Note: This installs the software on the Colab notebook in the cloud and not on your computer.

2E FA|
1002 [ 100/100 [elapsed: 04:37 remaining: 00:00]

v [21 2. Download AlphaFold

Please execute this cell by pressing the Play button on the left.

L EA|

1002 [ 100/100 [elapsed: 01:39 remaining: 00:00]
Running with Tesla T4 GPU

7HE={ O ot

THE CATIOK

» 3.Enter the amino acid sequence(s) to fold [l

 ©  Enter the amino acid sequence(s) to fold:

+ If you enter only a single sequence, the monomer model will be used.
+ If you enter mutiple sequences, the muftimer model will be used.

sequence_1:  AATTCTAACAATCTTGATTCTAAGGTTGGTGGTAATTATAAT TACCTGTATAGATTGTTTAGGAAGTCTAATCTCAAACCTTTTGAGAGAGATATTTCAACTGAAATCTAT TGTAATGGTGTTGAAGGTTTTAATTGTTACTTTCCTTTACAATCATATGGTTTCCAACCCACTAATGGTGTTGGTTACCAACCATAC

eequence_2:  C1710f text £

eequence_3: 017100 text 23

eoquence_d:  C1710] text 2

sequence_5:  C17/0] text &=

sequence_6:  O1710f text £

eequence_7: 017100 text 23

sequence B C17/0] text 2

EES-2

@ Usin the singlechain sodel

*» 4. Search against genetic databases
< 181 oncethis cell has been executed, you will see statistics about the multiple sequence alignment (MSA) that will be used by AlphaFold. In particular, you'll see how well each residue is covered by similar sequences in the MSA.
2= 34

Bstting NSA for sequence !

Searching morty: 100% [ <"/ [elsozc: 3606 remaining 00:00]
1 unicus ssausncss found in uniref0 for seausrcs 1

1 unicus ssausnces found in sl 610 for seauercs 1

1 uniqus esquences found in mgnify for esqusnce 1

1 uniqus esquences found in total for sequence 1

PerResidue Count of Non-Gap Amino Acids in the MSA for Sequence 1

NonGap Count

3 |

THE CATHOX Y OF KOAEA




5. Run AlphaFold and download prediction
© O hus cot B b execaed 0 20 °chive with the obtaned preciction wil be automancaty dowrioaded 10 your comeutar

11 G50 YOU A1 I (850 it T ALAtoN K1aGR. yOu Can dieatle 1t below Waening: This means tThat the

runrelan

dntractiog ymat

volsbons

Relueation i Tastir with & GPU, but we have foued 1 50 be less stabie. You My wish 50 enable GPU 10r higher performance, bul I It Goeset Converge we SUQQested feverting 10 using without GPU.

olan_use_sou

Model Confidence
= Very low (pLDDT < 50)
Low (70 > pLDDT > 50)
W Confident (90 > pLDDT > 70)
== Very high (pLODT > 90)

e

i b

VIRSITY OF K

o

MODEL 1

ATOM 1 N 1 11.310 45250 12.074 1.00 27.48
ATOM 2 CA 1 10784 44580 13.260 1.00 27.48
ATOM 3 C 10.026 43310 12.882 1.00 27.48
ATOM 4 CB 9.877 45523 14.047 1.00 27.48
ATOM 5 0 9.012 43370 12.183 1.00 27.48
ATOM 6 N 10.663 42210 12.688 1.00 35.26
ATOM 7 CA 9.972 40.934 12.528 1.00 35.26
ATOM 8 C 10.841 39.775 13.009 1.00 35.26
ATOM 9 CB 9571 40.725 11.069 1.00 35.26
ATOM 10 O 11.836 39.430 12368 1.00 35.26
ATOM 11 N 11.091 39.784 14373 1.00 44.04

ATOM 12 CA
ATOM 13 C [THR
ATOM 14 CB|THR
ATOM 15 O |THR!
ATOM 16 CGP TH
ATOM 17 OGJl TH
ATOM 18 N |THR!
ATOM 19 CA| TH
ATOM 20 C [THR
ATOM 21 CB|THR
ATOM 22 O |THR
ATOM 23 CGp TH
ATOM 24 OQGl TH
ATOM 25 N [CYS
ATOM 26 CA| CYS
ATOM 27 C |CYS
ATOM 28 CB|CYS
ATOM 29 O [CYS
ATOM 30 SG|CYS
ATOM 31 N |THR
ATOM 32 CA|TH
ATOM 33 C [THR
ATOM 34 CB|THR
ATOM 35 O |THR
ATOM 36 CGR THHA 6

>

11.033 38.576 15.189 1.00 44.04
9.720 38.510 15.964 1.00 44.04
12.217 38.509 16.171 1.00 44.04
9.443 39.372 16.800 1.00 44.04
12.379 37.103 16.740 1.00 44.04
13.420 38.877 15.486 1.00 44.04
8.656 37.925 15.358 1.00 44.39
7.840 37.025 16.165 1.00 44.39
7.094 36.031 15.279 1.00 44.39
6.831 37.807 17.027 1.00 44.39
5.959 35.655 15.579 1.00 44.39
7.475 38.293 18.321 1.00 44.39
6.357 38.939 16.287 1.00 44.39
7.714 35.364 14.361 1.00 32.47
7.085 34.230 13.693 1.00 32.47
7.618 32.911 14.240 1.00 32.47
7.321 34298 12.184 1.00 32.47
7.032 31.853 14.001 1.00 32.47
5.952 35.039 11.267 1.00 32.47
7.951 32.750 15.488 1.00 60.19
8.169 31.370 15.906 1.00 60.19
7.118 30.941 16.926 1.00 60.19
9.576 31.183 16.504 1.00 60.19
6.667 29.794 16.916 1.00 60.19
10.014 29.724 16.433 1.00 60.19

> P>

Oﬁmc‘o\mU"U‘U"U"v\U‘Abbbbpbwwwwwwwwf\’ml\l”‘—‘i

> >

omomnnzohnﬁzo“”hz

moﬁnhszOanomonﬁnz
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© 3. Enter the amino acid sequence(s) to fold [l
Enter the amino acid sequence(s) to fold

« If you enter only a single sequence, the monomer model will be used
It you enter multiple sequences, the multimer model will be used.

f Sequence of Receptor Binding Domain (RBD)

sequence.l: RVQPTESIVRFPNITNLCPFGEVEN ASV VADYSVLYNSASES YGVSPTKLNDLCF TNVYADSF LPODFTGC NYLYRLFRKSNLKPFE! Q PCNGVEGFNCYFPLQSYGFQPTYGVGYQPYF

sequence.2:  UI7100 text 2

soquence 31 017100 text 2

sequence 4:  C17100 tet 291
sequence.5: 017100 text 2

sequence.6: 017100 et 2

sequence.7: 017100 text 2

sequence.B: 7100 text 2% .

2 8/
@ 4. Search against genetic databases

Once this cell has been executed, you will see statistics about the multiple sequence alignment (MSA) that will be used by AlphaFold. In particular, you'll see how well each residue is covered by similar sequences in the MSA.

AC EA|

@ 5.Run AlphaFold and download prediction

Once this cell has been executed, a zip-archive with the ined prediction will be ically downloaded to your computer.

In case you are having issues with the relaxation stage, you can disable it below. Warning: This means that the prediction might have di ing small stereochemical violations.
run_relax:

AC EA|

+ 32| 4 HAE A3 ]u keiom|

THE CATHOUC UNVERSITY OF KOREA
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1] 4. Search against genetic databases
once this cell has been executed, you will see statistics about the multiple sequence alignment (MSA) that will be used by AlphaFold. In particular, you'll see how well each residue is covered by similar sequences in the MSA.

s M QSES40_BOVIN
RLAO_MUM)

Cetting MSA for sequence |

searching mgnify: 100% | 7147 (elapsed: 17:09 remaining: 00:00)
€58 unlque sequences found In uniref3D for sequence 1

4 pnigue secuences found in smallbtd for sequence |

| unicue seeuences found in menify for sequence |

€50 unlque sequences found In total for sequence 1

Per-Residue Count of Non-Gap Amino Acids in the MSA for Sequence 1

e
£ w
&
=
° ° 0 100 150 0
RLAO THEYO -
—
monomer
( uniref90 )
(_ mgnify )
AA sequences
From step 3 ( bfd )
multimer
( uniprot ) 7"'§|:IIQI'E

CATHOUC UNIVERITY OF KOREA
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Predicted LDDT

Model Confidence

Very low (pLDDT < 50)

Low (70 > pLDDT > 50)

I Confident (90 > pLDDT > 70)
I Very high (pLDDT > 90)

Local Distance Difference Test (LDDT)

Predicted Aligned Error

= pFAM uses a quality score (LDDT)

>= 0.6 : considered a reasonable model
> 0.8 : great model

[ EY 100 150
Residue

3 % 5 10 15 150 15 200
Scored resid

) 7t ==t

Predicted LDDT

Model Confidence

Very low (pLDDT < 50)
Low (70 > pLDDT > 50)
Confident (90 > pLDDT > 70)
Very high (pLDDT > 90)

pLDDT(predicted Local Distance Difference Test)
pLDDTE LDDTA = O Fot =X 2 0 &
ME|=E oOjgiLot.

AH 2O residue?t YO LX|SH=X| 01I ot el SAof sl E
FIXIOf M THME LT} foldingO| & &=
pLDDTEO| HE2 M2 E7t HES s °IDI0H1| s /X2
residues 0| FEA St X E 7|‘Jcl = 2|0JgL(Ck

D EIO| 2t residue O A9

Aligned residue

Predicted Aligned Error

LDDT: | ZEl ZH O E'Xﬂ CHEl A )
(0,112 HYIE 7+l 2k
o|ojgtLct,

B 100 125 150 175 200
Scored residue

PAE(Predicted Aligned Error)

PAEE= 2R 9| residue?t2| QX[ Of| 4 X| 7} A X 22t HOtLt XtO|E
X=X o| 53t ¢t 2 6T 2/0] 2™ F residue?t X[ 2]
F=e7t w32 9ojgtLct,

=, B Bk
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@ Grogee Ny X [0 Alpharold ipynb - Colabor
4 [ Wec» B4 » wonjong » 2% v i o | suun »
Fg-  AEG - @ [rroota
s 2
330 7NH
‘ Q!u E g
| R
2R | 13p 2 1
L ECE
= A -
D &
W SR OAI () ¥ ‘
- 25023 o
-, 2 °
T OLBNY | prediction 2p “|f PDB file
L BT ALZP P File () v PyMOL ChimeraX
~ 80877 Hx
I general predicted LODT (pLDDT) is best used for intra-domain confidence, whereas Predicted Aligned Error (PAE) Is best used for Visualization
determining between domain or between chain confidence.
Please see the AlphaFold methods paper, the AlphaFold of the human paper, and the AlphaFold-Multimer paper as well as
our FAQ on how to interpret AlphaFold predictions.
t8At > User > A » wonjong > ==& » prediction > prediction v 0 prediction Z44
A -
= T 2R 73 37|
[ predicted_aligned_error json 2022-05-03 27 9:05  JSON It 54KB
¥ selected_prediction.pdb 2022-05-03 27 9:05  Protein Data Bank... 89KB
AlphaFold= 0| &% SARS-CoV-22| THHE X o) pLDDT
- Alom Residue temperature factor
Record Name  serial  Atom name Residue Name Chain ID sequnce X Y 4 Occupancy (B-factor) symbol
PDB number number
- ATOM 1N MET A 1 -6594 -1675 583 1
ATOM 2H MET A 1 -6.533 -15.777 58.035 1
ATOM 3IH2 MET A 1 -7.551 -16.950 58.547 1
ATOM aH3 MET A 1 -6011 -1691 59.109 1
ATOM 5CA MET A 1 -6.158 -17.624 57.184 1
ATOM 6 HA MET A 1 -6.298 -18.659 57.494 1
ATOM 7¢C MET A 1 -4.656 -17.501 56.924 1
ATOM 8cB MET A 1 -699 -17.429 55.907 1
ATOM 9 HB2 MET A 1 -6.503 -17.961 55.09 1
ATOM 10 HB3 MET A 1 -7.043 -16.372 55.649 1
ATOM 110 MET A 1 -3.943 -18.391 57.354 1
ATOM 12 CG MET A 1 -8.406 -17.996 56.06 1
ATOM 13 HG2 MET A 1 -8337 -19.033 56.39 1
ATOM 14 HG3 MET A 1 -8.953 -17.425 56.81 1
ATOM 155D MET A 1 -9333 -17.958 54.511 1
ATOM 16 CE MET A 1 -10.835 -18.857 54,988 1
ATOM 17 HE1 MET A 1 -11.339 -18.332 55.8 1
ATOM 18 HE2 MET A 1 -10.578 -19.867 55.307 1
ATOM 19 HE3 MET A 1 -11.507 -18.914 54.132 1
ATOM 20N PHE A 2 -4.184 -16.412 563 1
ATOM 21H PHE A 2 -4,856 -15.744 55,949 1
ATOM 22CA PHE A 2 -2.816 -16.168 55.783 1
ATOM 23 HA PHE A 2 -2.798 -16.448 5473 1
ATOM 2c PHE A 2 1599 -16.889 56.41 1
ATOM 25 CB PHE A 2 -2.557 -14.651 55.862 1
ATOM 26 HB2 PHE A 2 2966 -14.246 56.788 1
ATOM 27 HB3 PHE A 2 -1482 -14.476 5589 1
ATOM 280 PHE A 2 -0.756 -17.388 55.674 1
ATOM 29 €6 PHE A 2 3099 -13.873 54.68 1
ATOM 30 CD1 PHE A 2 -2.249 -13.598 53.592 1
ATOM 31 HD1 PHE A 2 1221 -13.931 53.602 1
ATOM 32 CD2 PHE A 2 4434 -13.423 54.656 1 == E"g_!.m
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" AlphaFold v.2.2.3(2022.08.25 released)

il eChange the Colab PAE json output to new format that matches the format
used in the new release of the AlphaFold Protein Structure Database (AFDB).
Old version Latest version
[ [
{ {
"residuel™ [1,1, 1,1, 1, ...], "predicted_aligned_error™: [[0, 1, 4, 7, 9, ...], ..],
"residue2™ [1, 2, 3, 4, 5, ...], "max_predicted_aligned_error": 31.75
"predicted_aligned_error™: [0, 1, 4, 7, 9, ..., ..], }
"max_predicted_aligned_error™: 31.75 |
}
]
0 AlphaFoldS 0|88 SARS-CoV-22| THE! =X 0fZ http;//hong|ab_catholic_ac_kr

HONG LAB

OF CATHOLIC UNIVERSITY OF KOREA, COLLEGE OF MEDICINE

DATA SCIENTIST!!

Come With Us

[2023 KSBI-BIML] Z2| X}

Y% Dongwan Hong L 1

Hymy I 3 BIML_2zip[30588054 byte] mma BIML_|2ip{178277 byte] I

2023 KSBI-BIML
phaFoldl RE N

LECTURE NEWS

[2022-11-04) 32J 2| D}2H 41T I [2023-01-27) 2023 KSBI-BIML] Z2| At& I
[2022-09-24] [2281 = 2817 | |28t nf3atA GQtEolat

[2022-09-16) [2281A T 2817 |IBITE & H S| & [2022-12-27) [(BK21_4TH_DI2HQIx % o|npatxt @,
[2022-08-30) [2281 5 28}7]] 2| & BIH|O|E], % [2022-12-06) Al 7%} CIX|Ef H1O| A ZX|Qf Wi

[2022-06-14) [2| 812} 28} (2281 AT 1817| MEjnby [2022-11-30) LAIDD (LECTURES ON AI-DRIVE...

[2023-01-02] [&'S] (Y& d) SUY, S+
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Google colab® 0| &%t Gl F T =2| 34

Goo

Google google colab X m 4@ Q

Q¥ Qooxl EEYN @MWA MEM  iGw) =

490000074 (0.34%)

g I e https:/fcolab.research google.com v

Google Colab
Colab notebooks allow you to combine executable code and rich text in a single document, along
with images, HTML, LaTeX and more. When you create your own Colab

O] HOIX| [ 0{3] ¥ WENGLICH B WE WH: 221129
U
© google colab & Google Colab
Google Drive 2H0jM ATHCA|E g 4R HOJE{R Colab L
© google colab - Google Zi44 %

Pro
i i sa No subscription required. Only pay for what you use, Faster GPUs

Filter notebooks
Overview of Colaboratory - Markdown Guide - External data

Connect
Colab is a Python development environment that runs in the

google.com AU G| >
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0 AlphaFoldE 0| 8% SARS-CoV-29| THHE 31X 0%
Get information from PDB & JSON file — draw pLDDT & PAE

v [1]1 imoort json
imoort pandas as pd
import numpy &s np
from matplot!ib import pyplot as plt

¥ [2] colsb_plddt =[]

b =1
Predicted LDDT
v [3] with open('/content/selected prediction.pdb®, 'r') as file:
for line in file ”
if line.startswith(*ATOM")
number = Int(line[22:26]) ®
if number == b
be=1 G
score = linel61:66] .strip() gw
colab_plddt.append(f loat(score))
elif number == | and b > 2 ©
b=t
be=1 @
score = |line[61:66) .strip()
colsb_plddt.append(f lost(score)) »
o ) 0 150
Residue

v ° plt.figure(figsize=[16, 6])
plt.plot(colab_plddt, | inestyle='solid")
plt.arid( True")
plt.xlabel('Residue’)
plt.ylabel( plLDOT)
plt.suptitle('Predicted LOOT',fontsize=20)
plt.savefig(’'/content/olDOT .ong’, dpi=300)

0 AlphaFoldE 0| &% SARS-CoV-29| TH#E X of|%
Get information from PDB & JSON file — draw pLDDT & PAE

(1) import json
import pandas as pd
import numpy as np

from matplotlib import pyplot as plt Predicted LDDT

[2] colab_plddt =01

b =1 %0

[3] with open('/content/selected prediction.pdb’, ‘r') as file: 80
for line in file:
if line.startswith('ATOM'):

number = Int(line[22:26)) ™
if number == 5
b+=1] %50
score = linel61:66] strip()
colab_plddt.append(float(score)) 50
elif number == ] and b > 2:
b=1
b= 0
score = linel61:66] .strip()
colab_plddt.append(f |oat(score)) k) °
T
range

[8] plt.figure(figsize=[8, B))
plt.boxplot([colab_plddt])
plt.xlabel( range’)
plt.ylabel( plLODT")
plt.suptitle('Predicted LDOT', fontsize=20)
)

plt.savefig( ' /content/pLDDT png', dpi=300

EAZ LIS ULTAS AL

ZHESICN St
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Get information from PDB & JSON file — draw pLDDT & PAE

#icolab AlphaFold latest version result file

Predicted Aligned Error

import json 30
import pandas as pd 5 *
import numpy as np 50 5
from matplotlib import pyplot as plt
:
ﬂ 100 1
with open('/content/predicted aligned error.json', 'r') as pae: o 15
. ) D 175 -
info = json.load(pae) 5
pae = infol0] ['predicted_aligned_error'] < 150 1 10
max_pae = infol0] ['max_predicted_aligned_error'] 175 -
5
200
plt.imshow(pae, vmin=0., vmax=max_pae, cmap='Greens_r') I : - : i}

plt.colorbar(fraction=0.046, pad=0.04) 0 50 o 150 200
plt.title('Predicted Aligned Error') Scored residue
plt.xlabel('Scored residue')

plt.ylabel('Aligned residue"')

plt.savefig('/content/PAE.png', dpi = 300)

(= 7 =20 St

o AlphaFoldE 0| &% SARS-CoV-29| TH#E X of|%
Get information from PDB & JSON file — draw pLDDT & PAE

#colab AlphaFold old version result file

import json Predicted Aligned Error

import pandas as pd
import numpy as np
from matplotlib import pyplot as plt

=

10 =
with open('/content/predicted allaned error.json’, 'r') as pae: 04
info = json. load(pae) W 20
residuel = infol0] ['residuel’] -E 10
residue2 = infol0] ['residue2’] E
pae_score = infal0] ['distance’] = 15
g a0
=
pae_array = np.ones((max(residuel), (max(residue2)))) < 50 10
for x, v, z in zip(residuel, residue?, pae_score): B0 5
pae_arraylint(x-1),int(y-1)] = z
m -
plt.subplot(l, 1, 1)
plt.imshow(pae_array, alpha=!, cmap='Greens_r') Scored residue
plt.colorbar(fraction=0 046, pad=0.04)
plt.title('Predicted Aligned Error')
plt.xlabel( Scored residus’)
plt.ylabel(‘Aligned residue’) —
savef Ig('/c . =, R e e

plt.savefig('/content/PAE pna', dpi = 300)
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Get information from PDB & JSON file — draw pLDDT & PAE

import pandas as pd
import numpy @s np
from matplotlib import pyplot as plt

#1 Wuhan-hu-12| plDDT 3t ==

wild_plddt =[]
b =1

with open('/content/wild.pdb’, 'r') as file:
for line in file:
it line.startswith('ATOM ):
number = int(line[22:26])
it number == b:
b+=1
score = |line[f]:66) .strip()

wild_plddt .append(f loat (score))

elif number == 1 and b > 2:
b=|
b+=1
score = |ine[B1:66] .strip()

wi ld_plddt .append([ loat (score))

#2.delta® pLDDT gt

==
T=

mutated_plddt =[]
b =|

with open('/content/mutated.pdb’,
for line in file:
if line.startswith('ATOM'):

‘r') as file:

number = int(line[22:26])
it number ==
b+=1
score = linel[61:66] .strip()
mutated_plddt.append(float(score))
elif number == 1 and b > 2:
b=1
b+=1
score = linel[61:66] .strip()

mutated_plddt.append(float(score))

#3. Hlm Jef= 2o

plt.figure(figsize=[10, £])
plt.plot(wild_plddt,|inestyle="solid’, label="WT")
plt.plot{mutated_plddt, | inestyle="dashed", label="MT")
plt.legend()

plt.grid('True')

plt.title('Predicted LDDT")

plt.xlsbel('Residue')

plt.ylabel('pLDDT")

plt.savefig('/content/compare plddt pna', dpi=300)

Predicted LDDT
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Get information from PDB & JSON file — view 3D structure

UCSF ChimeraX
aX Home UCSF ChimeraX (or simply ChimeraX) is the next-generasion molecular visui n program from the RBesource for Blocomouting Visualzation and Informatics (REVI), following LCSF Chimera, ChimeraX can be downloaded free of charge for academic.
government, nonprofit, and personal use. Commenoal users, ploase w00 ShimeraX commercal hoenung.
ChimeraX is develcped with support from Nationa) ingtitytes of Heath RO1-GM129325, Chan Juckerbarg Intigtve grant EOSS4-0000000439, and the Office of Cyber and < 1t I Biology. Nationa! inseityte of Alieegy 3nd Infectouy
- Duaxses
| Feature Highlight |

Interactive H-Bond Histogram

w' b | Hydrogen bonds (H-bonds) can be identified with the H.Bonds tool, hbonds command, of the Molecule Display <on [ a0d plotted a5 a0 interactive histogeam with the
o g command crovslinks histograe.
s meyae The ChumeraX graphics window shows the complex between 2 natural bller cedl receptor 284 and its ligand CD48 (PDB 2pt1. The raceptor peotein 15 biue. the lgand proten pink.

<o

30d H-bonds betwesn them dashed yellow, with H-bonding residus Labeled. Although not done here, the H-bonds could alio be labeled by dista

The histogram of M-bond distances on the top right is interactive. when the cursor is placed over a bar in the histogram. the corresponding H-bonds are temporarily enlarged in
the 3D view and the others hidden. For image setup other than crentation, se# the command file 13 g

G dure of the £24
gmevey, Tatur L Hintemdorfer K et
ol Nsture 2022 Now
1061179351 399404
syl by of 3o Mament

mil a0 905, Ocaberheert W,
Kink §U ef a Nature. 2032 Nov
1061179351 3742378
Molecuier giue. s{L 0 couound

Watson E5, Novick 5

| |||”|l}|

§ ik secietan waten, Vel TA 8-factor Coloring

reben DW ef al miic 032 Oct

A XSpeON; Atormic B-factor values are resd from POB and mmCIF input files and assigned 3s AMtributes that ¢an be shown with colaring and used (n giom specification This example shows B-factor
Moee sitations.. variation within a structure of the HIV-1 protease bound to an inhibitor (FOB 4hva). For complete image setup, inchuding positioning. color lapy: and label. see the command file
blactecas

Addttional color key examples can be found in tutorials: Soloring by flactrostatic Sorential Coloring by Saquance Conservation

try oo

AlphaFoldE 0|23t SARS-CoV-29| THME = 0%
Get information from PDB & JSON file — view 3D structure

Download UCSF ChimeraX < =

ChimeraX is the state-of-the-art visualization program from the Resource for Biocomputing. Visualization._and Informatics at UC San Francisco. It is free for academic, government, nonprofit. and personal use;
commercial users, please see commergial licensing. Please gite ChimeraX in publications.

See also: Features and Missing Features Change Log, System Requirements, Older Releases Common Platform Problems. Download & Citation Counts

ChimeraX version 1.5

Production releases are stable versions for ChimeraX Toolshed bundles to work with. You may need to use an glder releate if 3 bundle you with 10 Use has not been updated yet. Showing releases for Windows 10.
Operating System Distribution Date Notes
Windows. ChimeraX-1.5.ex8 202211 118 23% | Download is a Windows installer. Tested on Windows 10 and Windows 11, » More Info..,

» Other releases

Daily Build
Daily builds are generated automatically each night from the development source code (see the change kog), While » given build may have unforeseen problems, these are often fixed by the next day. Showing releases for Windows 10.

Operating System Distribution Date Notes
Windows chimerax-daily.exe 20221 113 28% | Download is a Windows installer. Tested on Windows 10 and Windows 11. » More Info...
» Other releases
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Get information from PDB & JSON file = view 3D structure
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Get information from PDB & JSON file — view 3D structure
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Get information from PDB & JSON file — view 3D structure
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Get information from PDB & JSON file — view 3D structure

o
select /A1
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Get information from PDB & JSON file — view 3D structure
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> Cancer0| M AlphaFoldE 0|-8%! protein 3% T+ 0%

» Journal article = Preprint

. S A, S .
100
Paper describing
75 - o . " ~AlphaFold2 ...
AlphaFold2 released, with
announced as source code.

50 - winner of
protein-folding
25 software contest.

Number of research articles

Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar
2021» 2022»

*Nature analysis using Dimensions database; removing duplicate
preprints and papers/R. Van Noorden, E. Callaway. ©nature

==, li el k!
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nature reviews drug cliscovery

Explore content ¥ About the journal ¥ Publish with us ¥ Subscribe
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NEWS | 14 September 2021

What does AlphaFold mean for drug
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Cancer drugs

e Vemurafenib and trametinib
BRAF V600E mutations in melanoma

Erlotibin and osimertinib
EGFR mutations in NSCLC; L858R, Del (19), T790M

Pembrolizumab (immune checkpoint inhibitor): FDA approved
SOLID tumors from any tissue type
Mismatch repair deficiency (IMMR)

FGFR1/3 fusion _
1.3% ROS1
fusion

0.6% ':\stgn KRAS mut NFvqumab, |p|I.|mumab and atezolizumab
RET fusion 419 6% High tumor mutation burden

1% BRAF mut~ HER2 mut.

1% 2%

Cancer0| M AlphaFoldE 0| 8%} protein 3%t X 0%

Lung Adenocarcinoma
(TCGA, PanCancer Atlas, 566 patients; EGFR is altered in 12% of patients
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Model Confidence

Very low (pLDDT < 50)
Low (70 > pLDDT > 50)
Confident (90 > pLDDT > 70)

EGFR protein kinase[712:979] == Very high (pLDDT > 90)
1001
, A ‘ Vﬂth r*\v/”\ |
80
5 70 v
=]
60 4
50 ! A
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- EGFR dell9
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Article | Open Access | Published: 10 March 2022

Improved prediction of protein-protein interactions
using AlphaFold2

Patrick Bryant & Gabriele Pozzati & Arne Elofsson

Nature Communications 13, Article number: 1265 (2022) | Cite this article

32k Accesses | 31 Citations | 48 Altmetric | Metrics

FoldDock

This repository contains the simultaneous folding and docking protocol FoldDock.

The protocol has been developed on 216 heterodimeric complexes from Dockground and tested on 1481 heterodimeric complexes extracted
from the PDB.

The protocol uses the recently published state-of-the-art end-to-end protein structure predictor AlphaFold2 to predict the structure of
heterodimeric complexes.

AlphaFold2 is available under the Apache License, Version 2.0 and so is FoldDock, which is a derivative thereof.

The AlphaFold2 parameters are made available under the terms of the CC BY 4.0 license and have not been modified.

You may not use these files except in pli with the i

The success rate of the final protocol is 63% on the test set. By analyzing the predicted interfaces, we are able to distinguish accurate models
with an AUC of 0.94 on the test set. For more information on this pipeline and its performance see Improved prediction of protein-protein
interactions using AlphaFold2 and extended multiple-sequence alignments
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v

[1] lgit clone https://gitlab.con/ElofssonLab/FoldDock. git

Cloning into 'FoldDock'. ..

remote: Enumerating objects: 30083, done.

remote: Counting objects: 100% (198/198), done.
remote: Compressing objects: 100% (180/190), done.
remnote: Total 30083 (delta 89), reused 61 (delta 8),
Receiving objects:
Resolving deltas:
Checking out files:

100% (5586/5586), done.
100% (19182/19182), done.

pack-reused 29885
100% (30083/30083), 2.94 GiB | 18.00 MiB/s, done.

Ipython3 /content/FoldDock/src/pdocka.py —-pdbfile fcontent/selected prediction.pdb

pDockQ = 0.154 for /content/selected_prediction.pdb
This corresponds to a PPY of at least 0.71391784

Ll 7HE =10l
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Local computer®A| AlphaFold At& '

Local computer0i|A{ AlphaFold AH-& '

Use alphafold in local PC — download alphafold

@ Downloaded file list wonjong@wonjong-MS-7C94: ~/Desktop/alphafold Q
Augustin-Zidek and Copybara-Service Internal change I Des : $ mkdir alphafold
2 $ cd alphafold/
5 S git clone https://github.com

/deepmind/alphafold. gitl

https://github.com/deepmind/alphafold

-92 -



o Local computer0®f|A| AlphaFold A& 4t

Download alphafold Database

¥ main v  alphafold / scripts /

Sebastian Bodenstein and Copybara

download_all_data.sh
download_alphafold_params.sh
download_bfd.sh
download_mgnify.sh
download_pdb70.sh
download_pdb_mmcif.sh
download_pdb_seqres.sh
download_small_bfd.sh
download_uniclust30.sh

download_uniprot.sh

OO0 DD DODDODODODDODDDODD

download_uniref90.sh

wonjong@wonjong-Ms-7C94: ~/alphafold/alphafold/scripts

/download_all_dat

e /wonjong/Desktop/alphafold/Arosl]

alphafold/scripts/download_all_data.sh place/where/download/databa

se

Database download directory should not in alphafold dir
ectory.

When build docker image, it will be slow because of the
DB size.

o Local computer®f|A| AlphaFold A& 4

Install docker

#update advance packaging tool(apt) list
$ sudo apt update

#install apt-transport-https, ca-certificates, curl, gnupg, and Isb-release to setting d

ocker repository

$ sudo apt install apt-transport-https ca-certificates curl gnupg Isb-release

user@localhost:~

File Edit View Search Terminal Help

(base) [user@localhost ~]$ sudo docker run hello-world

om Docker!

To generate this message, Docker took the following steps
1. The Docker client contacted the Docker daemon

2 The Docker daemon pulled the "hello-world image from the Docker Mub
#generate docker GPG(GNU Privacy Guard) key e U D O
. . —— - executable that produces the output you are currently readin
$ curl -fsSL https://download.docker.com/linux/ubuntu/gpg | sudo gpg --dearmor 4 TRe DOEREE iAo S Eranad THET Sutour o the DOtHeE A isst shich zeny
o /usr/share/keyrings/docker-archive-keyring.gpg to your terminal
. . . To try something more ambitious, you can run an Ubuntu container with
#setting docker repository to install docker. Arch=amd64 or arm64 (users env) 2 orlni: Syl v e

$ echo "deb [arch=amd64 signed-by=/usr/share/keyrings/docker-archive-keyring.g  sware tmages. sutomate workflows, and more with o free pocker 10

https://hub.docker.com/

9
https://download.docker.com/linux/ubuntu $(Isb_release -cs) stable" | sudo tee /etc — fi5275 gamwies and leas, visit

/apt/sources.list.d/dockerlist > /dev/null

#update apt list
$ sudo apt update

# install docker-ce, docker-ce-cli, and containerd.io
$ sudo apt install docker-ce docker-ce-cli containerd.io

#test docker
$ sudo docker run hello-world

https://docs.docker.con/get-started/

(base) [user@localhost ~]s I

-03 -
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Install docker — add user 1
user@localhost:~ - o x

# add docker user group Flle Edit View Search Terminal Help

$ SUdO groupadd docker (base) [user@localhost ~)$ docker run hello-world
Hello from Docker!

#add user in docker user group This message shows that your installation appears to be working correctly.
$ sudo usermod -aG docker $USERNAME To generate this message, Docker took the following steps:
1. The Docker client contacted the Docker daemon.

g R 2. The Docker daemon pulled the "hello-world" image from the Docker Hub.
#update group infomation i
$ newgrp docker 3. The Docker daemon created a new container from that image which runs the

executable that produces the output you are currently reading.

#test docker 4. The Docker daemon streamed that output to the Docker client, which sent it

to your terminal.
$ docker run hello-world To try something more ambitious, you can run an Ubuntu container with:
$ docker run -it ubuntu bash

Share images, automate workflows, and more with a free Docker ID:
https://hub.docker.com/

For more examples and ideas, visit:
https://docs.docker.com/get-started/

(base) [user@localhost ~lsl

°Local computer®A| AlphaFold A2 4t

. user@localhost:~ - ‘B %
Install GPU driver
File Edit View Search Terminal Help
(base) [user@localhost ~]$ lshw -C display
#CheCk PCGPU prOdUCt NARNING: you should run this program as super-user.

$ Ishw —C display +-display

product: TU102GL [Quadro RTX 6000/8000]

vendor: NVIDIA Corporation

physical id: e

bus info: pci@0000:17:00.0

version: al

width: 64 bits

clock: 33MHz

capabilities: vga controller bus master cap list rom

configuration: driver=nvidia latency=0

resources: iomemory:38000-37fff iomemory:38000-37fff irq:234 memory:91000
D00-91ffffff memory:380060000000-38006fffffff memory:380070000000-380071FFFffff 1
pport:5000(size=128) memory:92000000-9207ffff

*-display

description: VGA compatible controller

product: TU102GL [Quadro RTX 6000/8000]

vendor: NVIDIA Corporation

physical id: @

bus info: pci@0000:73:00.0

version: al

width: 64 bits

o7 KE Rk
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Install GPU driver

#in ubuntu environment, ubuntu can check and auto install
recommended GPU driver

$ ubuntu-drivers devices

$ ubuntu-drivers autoinstall

1 wonjong@wonjong-MS-7C94: ~/Desktop Q
(base)

WARNING:root:

$ $ ubuntu-drivers devices
_pkg_get_support nvidia-driver-39 package has invalid Support Leg

acyheader, cannot determine support level

== [sys/devices/pci0000:00/0000:00:03.1/0000:2b:00.0
pci:vo00010DEJOO0O128Bsv000010435sd00008770bCcO3SCOOLOO

: NVIDIA Corporation

: GK208B [GeForce GT 710] (GT710-4H-SL-2GD5)

modalias

non-free

non-free recommended
distro non-free
distro non-free
distro non-free

nvidia-driver-390 - distro
nvidia-driver-470 - distro
nvidia-driver-470-server -
nvidia-driver-418-server -
nvidia-driver-460-server -
nvidia-driver-450-server - distro non-free
nvidia-driver-460 - distro non-free
xserver-xorg-video-nouveau - distro free builtin

$ ubuntu-drivers autoinstall

Local server®i| A AlphaFold At 2

Install GPU driver from nvidia driver download paae
ANVIDIA

PLATFORMS »

" DOWNLOAD DRIVERS

DEVELOPER »

ABOUT NVIDIA »

INDUSTRIES »

SHOP DRIVERS »

Sept. 19-22

Don't Miss Free

Step @ Sessions at GTC.

Select from the dropdown list below 1o identify the appropriate driver for your NVIDIA product
Product Type: | WVIDIA RTX / Quadro ®
Product Series: | Quadro KTX Series
Product: | Quadro RTX 8000
Lo 0Bt

Operatiog System:

Download Type: | Production Branch

Language:

English (US)

THE ULTIMATE PLAY

L

Step @

Version: $15.65.01

Release Date:  2022.8.2
Operating System: Linkx 64-bit
Language: English (US)
File S 347.31 M8

SUPPORTED PRODUCTS ADDITIONAL INFORMATION

« Fixed a bug that caused the X server 1o hang when VT-switching with stereo enabied.

+ Fixed an fssue that caused OpenGL apptications to be unresponsive in SLI Mosaic made with no manitors enabled o
the primary GPU.

« Improved performance on GPUs which are experiencing a high rumber of correctable ECC memory errors.

-05 -
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Install GPU driver from nvidia driver download page

Download

THE ULTIMATE PLAY

Step ®

GEFORCE’
FXPFRIFNIMF

FRAMES WIN GAMES

Q = =
tw driver releases from NVIDIA.
- s tly, without leaving your desktop.
e =S
P Dot
Step @ - <
e
- s
Penem o
user@localhost:~

File Edit View Search Terminal Help

Step ©® (base) [user@localhost ~]$ sudo sh NVIDIA-Linux-x86 64-470.94.run

DOWNLOAD DRIVE

This Gowniload includes the NVIDUA graphics driver and an option to additicnally install the GeForce Experience
application. Details for uie of the software can be found ¥ the VIDiA Seftw and

oLocal computer®A| AlphaFold A2 4t

Install Nvidia container toolkit for using gpu in docker container

Install nvidia container toolkit
$ distribution=$(. /etc/os-release;echo $ID$VERSION_ID) && W

curl -s -L https://nvidia.github.io/nvidia-docker/gpgkey | sudo apt-key add - &&

W

curl -s -L https://nvidia.github.io/nvidia-docker/$distribution/nvidia-docker.list | su

do tee /etc/apt/sources.list.d/nvidia-docker.list

$ curl -s -L https://nvidia.github.io/nvidia-container-runtime/experimental/$distrib
ution/nvidia-container-runtime.list | sudo tee /etc/apt/sources.list.d/nvidia-contain

er-runtime.list

$ sudo apt update

$ sudo apt install -y nvidia-docker2

$ sudo service docker restart

$ docker run --rm --gpus all nvidia/cuda:11.1-base nvidia-smi

(base) [user@localhost ~1$ docker run --runtime=nvidia --rm nvidia/cuda:11.4.8-d
evel-centos8 nvidia-smi
Thu Sep B 00:02:50 2022

| NVIDIA-SMI 470.94 Driver Version: 470.94 CUDA Version: 11.4 |
| GPU Name Persistence-M| Bus-Id Disp.A | Volatile Uncorr. ECC |
| Fan Temp Perf Pwr:Usage/Cap| Memory-Usage | GPU-Util Compute M. |
| | MIG M. |
|

© Quadro RTX 8000 off | ©0000000:17:00.0 Off | off |

| 33% 34C P8 20w / 260w | 3912M1B / 48601MiB | 0% befault |
| I | N/A |
| 1 Quadro RTX 8006 off | ©000P060:73:00.0 On | off |
| 33% 38C P8 17W / 268w 572MiB / 48592MiB | 5% Default |
I | | N/A |
| 2 Quadro RTX 8000 0ff | ©0000000:A6:00.0 OFf | off |
| 33% 33C P8 9w / 260w | 2120MiB / 48601MiB | 0% Default |
| | | N/A |
.............................................................................. +
| Processes: |
GPU 61 CI PID  Type Process name GPU Memory |

| m 1 usage |

-+
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Build docker image

F main «  alphafold / docker /

Build docker image and install docker require packages

Augustin: Zicdek and Copybara-Seevic

#docker build —f (use dockerfile) -t (docker image name)
$ docker build -f docker/Dockerfile -t alphafold .

#install requirement packages to use alpafold

$ pip3 install -r docker/requirements.txt

#check installed docker image

$ docker images

(base) [user@localhost docker]$ docker images

REPOSITORY TAG IMAGE ID CREATED
SIZE

alphafold latest e8d8550291c8 13 hours ago
12.6GB

o, Eli

Ju
=
3
El

o Local computer®f|A| AlphaFold A& 4

Running alphafold in local pc

Running alphafold code

python3 /data/AF/alphafold/docker/run_docker.py
--fasta_paths=input_fasta_path_path #
--max_template_date=used_template_date ¥
--model_preset=(monomer/monomer_tpm/multimer) #
--num_multimer_predictions_per_model=num_of_seeds_per_model (only multimer, default = 5) ¥
--data_dir=Database_path
--db_preset=reduced_dbs (if use reduced database)
--docker_user=0 #
--gpu_devices=id_of_using_gpu #
--output_dir=result_saved_path

-> result file = .pdb/.pkl file

i
Ju
a

Lokl

J
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Running alphafold in local pc

Input file : monomer seq fasta file & multimer seq fasta file

Example Monomer file
>sars-cov-2 ace2 receptor bind domain
NSNNLDSKVGGNYNYLYRLFRKSNLKPFERDISTEIYQAGSKPCNGVEGFNCYFPLQSYGFQPTNGVGYQPY

Example Multimer file

> sars-cov-2 ace2 receptor bind domain
NSNNLDSKVGGNYNYLYRLFRKSNLKPFERDISTEIYQAGSKPCNGVEGFNCYFPLQSYGFQPTNGVGYQPY
>sp|QIBYF1|ACE2_HUMAN Angiotensin-converting enzyme 2
MSSSSWLLLSLVAVTAAQSTIEEQAKTFLDKFNHEAEDLFYQSSLASWNYNTNITEENVQNMNNAGDKWSAFLKEQSTLA
QMYPLQEIQNLTVKL...

ol

ey

oLocal computer0|A| AlphaFold A}

e Yoy ) High
ﬁ oy confidence
—

= Ll
Struct
prevecs ‘E‘;olomn i
Input sequence {8 blocks)
[RLRER:
— . ot e 30 structure
== 2
&,.’;7 2
L" m—} pdb70 . \ e
\_search _
+ Recycling (three times) ]

bfd.. mgnify_hits.  pdb_hits.  uniref90_
uniclust.. sto hhr hits.sto
hits.a3m




oLocal computer®| A AlphaFold A8 2

o format of bfd_uniclust_hits.a3m

uniclust_
hits.a3m

Input AA sequence

>sp|PO0S33|EGFR_HUMAN Epidermal growth factor receptor OS=Homo sapiens OX=9606 GN=EGFR PE=1 SV=2 2
MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLKTIQEVAGYVLIALNTVERIPLENLQIIRGNMYYENSYALAVLSNYDANKTGLKELPMRNLQEILHGAVRFSNNPALCNVESIQWRDIVSSDFLSNM
SMDFQNHLGSCQKCDPSCPNGSCWGAGEENCQKLTKIICAQQCSGRCRGKSPSDCCHNQCAAGCTGPRESDCLVCRKFRDEATCKDTCPPLMLYNPTTYQMDVNPEGKYSFGATCVKKCPRNYVWTDHGSCVRACGADSYEMEEDGVRKCKKCEGPCRKVCNGIGIGEFK
DSLSINATNIKHFKNCTSISGDLHILPVAFRGDSFTHTPPLDPQELDILKTVKEITGFLLIQAWPENRTDLHAFENLEIRGRTKQHGQFSLAVVSLNITSLGLRSLKEISDGDVIISGNKNLCYANTINWKKLFGTSGQKTKIISNRGENSCKATGQVCHALCSPEGCWGPEPRDCVSCR
NVSRGRECVDKCNLLEGEPREFVENSECIQCHPECLPQAMNITCTGRGPDNCIQCAHYIDGPHCVKTCPAGVMGENNTLVWKYADAGHVCHLCHPNCTYGCTGPGLEGCPTNGPKIPSIATGMVGALLLLLVWALGIGLFMRRRHIVRKRTLRRLLQERELVEPLTPSGEAPNQ
ALLRILKETEFKKIKVLGSGAFGTVYKGLWIPEGEKVKIPVAIKELREATSPKANKEILDEAYVMASVDNPHVCRLLGICLTSTVQLITQLMPFGCLLDYVREHKDNIGSQYLLNWCVQIAKGMNYLEDRRLVHRDLAARNVLVKTPQHVKITDFGLAKLLGAEEKEYHAEGGKVPIKW
MALESILHRIYTHQSDVWSYGVTVWELMTFGSKPYDGIPASEISSILEKGERLPQPPICTIDVYMIMVKCWMIDADSRPKFRELIIEFSKMARDPQRYLVIQGDERMHLPSPTDSNFYRALMDEEDMDDVVDADEYLIPQQGFFSSPSTSRTPLLSSLSATSNNSTVACIDRNGLQS
CPIKEDSFLQRYSSDPTGALTEDSIDDTFLPVPEYINQSVPKRPAGSVQNPVYHNQPLNPAPSRDPHYQDPHSTAVGNPEYLNTVQPTCVNSTFDSPAHWAQKGSHQISLDNPDYQQDFFPKEAKPNGIFKGSTAENAEYLRVAPQSSEFIGA

MSA

>tr]AOA218UMPE|A0A218UMPE_9PASE Receptor protein-tyrosine kinase OS=Lonchura striata domestica OX=299123 GN=ERBB2 PE=3 SV=1

------------------------- AAAEVCTGTDMKLLRPSSPESHYETLRHLYQGCQVVQGNLELTYLPADADTSFLKDIKEVQGYVUAENQVSGLELQSLRIIRGTQLFQDRYALAVVGNAGPT-gTPGLRQLGMRHLTEILKGGVRIERNPELCFQETILWSDILH----
RQNEFRAEiqvesarsrsc------| PDCRALCAEGHCWGEGKQDCQTLTNSICH-GC-
PRCKGTKPTDCCHEQCAAGCTGPKHSDCLACLNFNRSGICELHCPPLVVYNSDTFESMPNPDGRYTFGASCVSQCPYNYLATEVGSCTLVCPQNSQEVTVNNVQKCEKCSKPCPEVCYGLGVDFLKGVRAVNASNIQHFSGCTKIFGSLAFLPETFAGDPSTNTPPLDPKLLRIF
ESLEELTGFLYIAAWPPDMKDLGVFQNLRVIRGRVLHNGAYSLTLREI-
AVQALGLRALQEISSGMVLVHHNPQLCFLQKVPWHSIFRNPRQRLFQTHNKPPEQCESEGLVCFHLCAQGHCWGPGPTQCVACERFLRGQECVASCNLLDGAVREHANGTRCLPCHPECQPQngt---
ETCFGSDPDQCVACAHYKDAQQCVRRCPSGVKADASFVPVWKYPDEFGVCQLCPTNCTHSCTIRDEDGCPVDQkpSQVTSIAGVVGALLVIVLLUITVICVKRRRQQERKHTMRRLLQETELVEPLTPSGALPNQAQMRILKETELKKVKVLGSGAFGTVYKGIWIPDGESVKIPY
AIKVLRENTSPKANKEILDEAYVMAGVGSPYVSRLLGICLTSTVQLVTQLMPYGCLLDYVRENKDRIGSQDLLNWCVQIAKGMSYLEEVRLVHRDLAARNVLVKSPNHVKITDFGLARLLDIDETEYHADGGKVPIKWMALESILRRRFTHQSDVWSYGVTVWELMTFGAKPYDG
IPAREIPDLLEKGERLPQPPICTIDVYMIMVKCWMIDSECRPKFRELVTEFSRMARDPQRFVVIQNDLVGLPGS-MDSTFYRALLDEEDMDDLVDAEEYLVPHHGFFSTDTSTTYRS! TAEsPaKVE fsf} pvpevpdgdk LQSPP-
GREPGTLPRYSEDPTGLTA-kdgedpecFTVPAPHSAMPEYVNQAGE---RPPRAPPSPPDKPKGHQgkngliKDPKNSFPGPFghA--VENPEYLAPHGA--P- -APFSQAFDNPYYWNQDPAK--aggPEGGPGTTPTAENPEYLGLAGPDTTAV--
>tr|AOAQF7Z597|AOAOF7Z597_CROAD Receptor protein-tyrosine kinase OS=Crotalus adamanteus OX=8729 PE=2 SV=1
----STTEVCTGTDMKLQQPSSPENHPDTLRRLYEYCQVVQGNLEITYLPADVDTSFLKDIREVQGYVLIAKNHMHHLHLNSLLIIRGTQLYEEKYALAVLDNADsS-gDVGLQELGMLKLTEILKGSVIIERNPQLCFQETIHWEAIFHKYNW-----
-PDCSQICPHNNHCWGEAKGSCQILTSTICASSC-
PRCKGGHPTDCCHEQCAAGCTGPKHSDCLACLHFNHSGICELHCPPLMNYNPDTFEIMHNPNGRYTFGASCVPHCPYNYLAAEVGSCTLVCPQNSQEVSIGAMQKCEKCDSSCPEVCYGLGMDFLKGVRAVNASNIHHFTGCTKIFGSLAFLKETFAGDPATNTPPLQLEQLE
VFVHLKDLTGFLYIESWPETLLDLSPFQNLQVIRGRALYNGAYSLMLQNI-
NISSLGLRSLQEISSGMVLIHHNPNLCFIQNVPWDDIFRNPRQKLFHNDNNSPEQCDLQGQVCYSLCSQGHCWGPGKSQCVSCSGFLRGKECIENCNVLDGDIREYVNGTHCFPCHPECMPQngt---
ESCYGSEADQCIACAHYKDGLSCVERCPSGVKLDGsFIPVWKYPDEDNVCQLCPVNCTLSCALRDEFGCPVDQKpSHASSIIAGVVSAALALLLLLLTVICINRRKQQERKHTMRRLLQETELVEPLTPSGALPNQAQMRILKETELKKVKVLGSGAFGTVYKGVWIPDGENVKIPVA
IKVLRENTSPKANKEILDEAYVMAGVGSPYVSRLLGICLTSTVQLVTQLMPYGCLLDYVRENKDRIGSQDLLNWCVQIAKGMSYLEDVRLVHRDLAARNVLVKSPNHVKITDFGLARLLDIDETEYHADGGKVPIKWMALESILRRRFTHQSDVWSYGVTVWELMTFGAKPYDGI
PAREIPDLLEKGERLPQPPICTIDVYMIMVKCWMIDSECRPKFRELVTEFTRMARDPQRFVVIQNDEKMGLASPIDSTFYRTLLEEEDMQDLVDAEEYLVPHQGFFSGETSADYRSRISSTRNAIEtQMDAG-

eteespqypylgpsiseesesitsdireedy TASKaVQNSAPLQaPDCSLQRYSEDPTSASLNekenpdnksYTTPLTLAVIPEYINQPENNL-ppnKNLRLQGSTLEKQKRHMgkngliKEPKNAFYTSFtsA--VENPEYLTPCSVPAS-=-=senennen

SPLPQAFDNLYYWNQENPKCI ffatsivppaATNGFPPTPTAENLEYLGLSEPVTCSKDF

s lE Bl
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wa. bfd_uniclust_hits.a3m2| format

uniclust_
hits.a3m

>db|Uniqueldentifier|EntryName ProteinName OS=0OrganismName OX=0rganismldentifier [GN=GeneName ]PE=ProteinExistence SV
=SequenceVersion

db : sp = UniProtkB/Swiss-Prot | tr = UniProtKB/TrEMBL

Uniqueldentifier : uniprot ID /accession number

EntryName ProteinName : entry name of the UniProtKB entry

0S : scientific name of the organism of the UniProtkB entry(’d 2 %)

OX : unique identifier of the source organism, assigned by the NCBI(M & 4|2 H#H5)
GN : gene name

PE : numerical value describing the evidence for the existence of the protein [1:5]

1. Experimental evidence at protein level : The value 'Experimental evidence at protein level' indicates that there is clear experimental e
vidence for the existence of the protein. The criteria include partial or complete Edman sequencing, clear identification by mass spectr
ometry, X-ray or NMR structure, good quality protein-protein interaction or detection of the protein by antibodies.

2. Experimental evidence at transcript level : The value 'Experimental evidence at transcript level' indicates that the existence of a protei
n has not been strictly proven but that expression data (such as existence of cDNA(s), RT-PCR or Northern blots) indicate the existence
of a transcript.

3. Protein inferred from homology : The value 'Protein inferred by homology' indicates that the existence of a protein is probable beca
use clear orthologs exist in closely related species.

4. Protein predicted : The value 'Protein predicted’ is used for entries without evidence at protein, transcript, or homology levels.

5. Protein uncertain : The value 'Protein uncertain' indicates that the existence of the protein is unsure.

SV : sequence version
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}# STOCKHOLM 10 -

#=GS 5p|POOSIZ|EGFR_HUMAN DE Epidermal growth factor receptor OS=Homo sapiens OX=9606 GN=EGFR PE=1 SV=2
#=GS MGYPO00983186742/226-829 DE [subseq from) PL=00 UP=0 BIOMES=0000000100000
#=GS MGYPO00983186742/1016-1366 DE [subseq from| PL=00 UP=0 BIOMES=0000000100000
H 2 #2GS MGYP001020618282/199-789 DE PL=00 UP=0 BIOMES=0000000100000
mgnify_hits.sto / foubseq from!

nify_hits. .
mg fy 3p|POOS33JEGFR_HUMAN MRPSGTAGAALLALLAALCPASRALEEXKKVCQGTSNKLTQLGT-FEDHFLSLQRMFNNCEVVLGNLEITYVQ----R-===-Ne=ser¥=-e- DLSF-LKT -}
sto 26-82: LEKICIGT: QHN-KTDHYQNLAERYRNCTYVIGNLETWLD SGEQ++-Vero-DLSF-LESwe--s-IRENT
186742/1016-1366
199-789 EXIC] QHN-KTDHYQNLAERYRNCTYVIGNLEITWLE----K: DLTF-LES REITGY-LLI-AYVEVE--KIR--MPNLQIIRG-RDLF-=++-R-+~-LN---NGQKEEF---Al
1329
¥ STOCKHOLM 1.0 2
| #=GS 5p|POOS33[EGFR_HUMAN DE Epidermal growth factor receptor OS=Homo sapiens OX=9606 GN=EGFR PE=1 SV=2
| #2G5 UniRef90_P00533/1-1210 DE [subseq from] Epidermal growth factor receptor n=96 Tax=Boreceutheria TaxiD=1437010 ReplD=EGFR_HUMAN
. . #=2GS UniRef90_AOA2I3GX32/20-1206 DE [subseq from| Receptor pr y kinase n=3 T RepiD: NOMLE
uniref90_hits.StO |s-cs uniretoo A0A2RSCTLE/N1-1201  DE fsubsea fromi Recestor orotein-tyrosine kinase n=4 Tax=Pan TaxiD=9596 ReolD=AOA2RSCTLS PANPA
uniref90_
hits.sto 5p|POOSIZEGFR_ HUMAN MRPSG-TAG-A-A-L L e T 2 3 QGe+-T--§-+N ~T-QerelenGerTFosEen Do HFLS L
UniRef90_P00533/1-1210 MRPSG-TAG-A-A. R: £----E QG---T- N ~T-Q- TF--E--D--HFLS:
UniRef90_AOA213GX32/20-1206 PoV-CQG+-T+-§e-NeKereoLoTsQuwebooGoeTForEre Do HFLS Lo QureeeeeR
UniRef90_ADAZRICTLE/11-1201 L -Q VesreaneRent F-CQG--T--§e-N-KeweeL-T-Qurrloe-Go-TFo-En-De-HFLS-L--Qeenme-R-MF- -
| UniRefs0_A0ABSTHA12/1-1208 MRPSG-TAA-A-A-L-L-- eV R: 3 QG--T--S T-Qeelw-Gr-TFoEr-DorHFLS-Lo-Qeree-RoME-Nor NCEWL---G--NL

oLocal computer®A| AlphaFold A2 4t

mgnify_hits.sto | [# STOCKHOLM 1.0
9| format
#=GS sp|P00533|EGFR_HUMAN DE Epidermal growth factor receptor OS=Homo sapiens OX=9606 GN=EGFR PE=1 SV=2
#=GS MGYP000983186742/226-829 DE [subseq from] PL=00 UP=0 BIOMES=0000000100000
#=GS MGYP000983186742/1016-1366 DE [subseq from] PL=00 UP=0 BIOMES=0000000100000
mgnify_hits. #=GS MGYP001020618282/199-789 DE [subseq from] PL=00 UP=0 BIOMES=0000000100000
sto

uniref90_hits.sto
9| format fr STOCKHOLM 1.0
#=GS sp|PO0533|EGFR_HUMAN DE Epidermal growth factor receptor OS=Homo sapiens OX=9606 GN=EGFR PE=1 SV=2
#=GS UniRef90_P00533/1-1210 DE [subseq from] Epidermal growth factor receptor n=96 Tax=Boreoeutheria TaxID=1437010 RepID=EGFR_HUMAN
uniref90_ #=GS UniRef90_AOA213GX32/20-1206 DE [subseq from] Receptor protein-tyrosine kinase n=3 Tax=Nomascus leucogenys TaxID=61853 RepID=A0A2I3GX32_NOMLE
hits.sto #=GS UniRef90 AOA2RICTL6/11-1201 DE [subsea froml Receptor protein-tvrosine kinase n=4 Tax=Pan TaxID=9596 RenID=A0A2ROCTL6 PANPA

#=GS : Metadata make-up line. Data relating to a specific sequence in the multiple sequence alignment. Starts with #=GS followed by
the sequence name followed by a feature name and data relating to the feature. Typically comes after GF metadata in a Stockholm file.
taxld : NCBI taxonomy ID currently attached to the AnnotationDb objects database.

-100 -
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buery sp|PO0533|EGFR_HUMAN Epidermal growth factor receptor OS=Homo sapiens OX=9606 GN=EGFR PE=1 SV=2
Match_columns 1210

No_of seqs 605 out of 8826

Neff 6.32692
Searched_HMMs 80799
Date Wed Oct 26 16:16:13 2022

Command Jusr/bin/hhsearch -i /tmp/tmpOpc346f3/query.a3m -o /tmp/tmp0pc346f3/outputhhr -maxseq 1000000 -d /mnt/pdb70_database_path/pdb70

No Hit Prob E-value P-value Score SS Cols Query HMM Template HMM
1 3QWQ_A Epidermal growth factor 1000 8E-93 9.9E-98 8889 00 641 1-641 1-641 (648)
2 5MY6_A Receptor tyrosine-prote 100.0 2.96-87 3.6E-92 8349 00 608 29-637 1-620 (622)
. 3 6JK8_A Insulin-like growth fac 100.0 1.1E-86 14E-91 8943 00 876 53-974 47-1272(1367)
pdb_hits.hhr 4 1MOX_B Epidermal Growth Factor 100.0 226-85 27€-90 7985 00 500 26-525  2-501 (S01)
5 6PXV_A Insulin receptor (EC2 100.0 3E-85 3.7E-90 881.5 0.0 906 27-975 4-1258(1354)
6 3P11_A Fab DL11 heavy chain, F 100.0 3.3E-85 4E-90 8009 0.0 507 25-538 4-513 (522) @

pdb_hits.
hhr
No 1

>3QWQ_A Epidermal growth factor receptor (E.C.2.7.10.1); CELL SURFACE RECEPTOR, TYROSINE KINASE; HET: BMA, FUC, MAN, NAG; 2.75A {Homo sapiens)
Probab=100.00 E-value=8e-93 Score=888.93 Aligned cols=641 Identities=100% Similarity=1.644 Sum_probs=547.3 Template_Neff=9.000

Q sp|PO05S33|EGFR 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (1210)

Q Consensus t==== ] | i e =y=nCtwW=Gntelt=i====~disFi=80 (1210}

[+ +#]+]# #|+ 4+ 5+ 4ot t[[ [+ 243355342 55|54 42 4[4[+ || #]+] 44t + 55|+ @
[T Consensus R e e e o e et & ST T I Cos - (7.4
T3QWQ_A 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (648)
Tssidesp  esedmesemenncncedanad CCCCEECCBCCTTCEESSHHHHHHHHHHHHTTCSEESSBEEEECCCTTCCCGGGG
T ss_pred CCCcHHHHHHHHHHHHHHchhececeeCeeeeccCCCeccCCChHHHHHHHHHHhCCCCEEeCCEEEEeecCCCCechhhe
Confidence 777

oLocal computer®A| AlphaFold A2 4t

pdb_hits.hhr No Hit
9| format @®

Prob E-value P-value Score SS Cols Query HMM Template HMM

No: the index of the datbase match.
Hit: the first 30 characters of the name line.

Prob: the Probability of template to be a true positive. For the probability of being a true positive, the secondary structure score in column SS is taken into account, together with the r
aw score in column Score. True positives are defined to be either globally homologous or they are at least homologous in parts, and thereby locally similar in structure.

E-value: The E-value gives the average number of false positives (‘wrong hits’) with a score better than the one for the template when scanning the database. It is a measure of reliabilit
y: E-values near to 0 signify a very reliable hit, an E-value of 10 means about 10 wrong hits are expected to be found in the database with a score at least this good. Note that E-value
and P-value are calculated without taking the secondary structure into account!

P-value: The P-value is the E-value divided by the number of sequences in the database. It is the probability that in a pairwise comparison a wrong hit will score at least this good.

Score: the raw score is computed by the Viterbi HMM-HMM alignment excluding the secondary structure score. It is the sum of similarities of the aligned profile columns minus the pos

ition-specific gap penalties in bits. The column similarity score is the log-sum-of-odds score (base 2). The gap penalties are the log2 of the state transition probabilities, e.g. from match
state to insert or delete to match state.

SS: the secondary structure score. This score tells you how well the PSIPRED-predicted (3-state) or actual DSSP-determined (8-state) secondary structure sequences agree with each othe
r. PSIPRED confidence values are used in the scoring, low confidences getting less statistical weight.

Cols: the number of aligned Match columns in the HMM-HMM alignment.
Query HMM: the range of aligned match states from the query HMM.

Template HMM: the range of aligned match states from the database/template HMM and, in parenthesis, the number of match states in the database HMM.
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No 1
>3QWQ_A Epidermal growth factor receptor (E.C.2.7.10.1); CELL SURFACE RECEPTOR, TYROSINE KINASE; HET: BMA, FUC, MAN, NAG; 2.75A {Homo sapiens) « @
Probab=100.00 E-value=8e-93 Score=888.93 Aligned_cols=641 Identities=100% Similarity=1.644 7.3 Template_Neff=0.000 4= @

Q sp|PO05S33|EGFR 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (1210)

Q Consensus T mmnmmmmmmmm] v e Cn Gt v e v e ey e e e ey e nCWV ~ G Lelt vim ~ ~ ~dIsFI~ 80 (1210)
|| R B R | e | N B e £
T Consensus T e Corr g m e e s Ct~i~Gel~im~mmmmmmmmn|~ 80 (648)
T 3QWQ_A 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (648)
Tssdssp = cmemmemeeeeeeemeeeeee CCCCEECCBCCTTCEESSHHHHHHHHHHHHTTCSEESSBEEEECCCTTCCCGGGG
T ss_pred CCCcHHHHHHHHHHHHHHCchhccccccCeeeeccCCCeccCCChHHHHHHHHHHhCCCCEEeCCEEEEeecCCCCehhhe
Confidence 89! 99! 887778899999

(1) The first line, which begins with with a >, contains the name and description line of the template/database HMM. (We use "template HMM" and "match
ed database HMM" synonymously.)

(2) The next line summarizes the main statistics for the alignment: The probability for the query and template HMMs to be homologous (Probab)

(3) The Sum_probs value is the sum over the posterior probabilities of all aligned pairs of match states. These probabilities are calculated by the Forward
-Backward algorithm.

= Dssp : method for assigning secondary structure to the amino acids of a protein, given the atomic-resolution coordinates of the protein.

oLocal computer®A| AlphaFold A2 4t

No 1
>3QWQ_A Epidermal growth factor receptor (E.C.2.7.10.1); CELL SURFACE RECEPTOR, TYROSINE KINASE; HET: BMA, FUC, MAN, NAG; 2.75A {Homo sapiens}
Probab=100.00 E-value=8e-93 Score=888.93 Aligned_cols=641 Identities=100% Similarity=1.644 Sum_probs=547.3 Template_Neff=9.000

Q sp|PO0533|EGFR 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (1210)

Q Consensus R adedatadadeded | edadadadadadadadaded VC~Gt~~ v v v v v v v y~~l~~~y~nCtwW~Gnlelt~i~~~~dIsFl~ 80 (1210)
|_|]|.|.+++|+|++|++++++_,...+.+||.|++++++,+++++++|+.++++|+||++|‘|+|+|+_+....+++¢|+

T Consensus T v v e e e e e e e Cngrmmm v v e v e e e e e e Ct~i~Grl~imv~~v~~ v~~~ ~v~|~ 80 (648)

T3QWQ_A 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (648)

Tssdssp = o CCCCEECCBCCTTCEESSHHHHHHHHHHHHTTCSEESSBEEEECCCTTCCCGGGG

T ss_pred CCCcHHHHHHHHHHHHHHCchhccccccCceeeccCCCcccCCChHHHHHHHHHHhCCCCEEeCCEEEEeecCCCCchhhe

Confidence 89 887778899999

The line in the middle shows the column score between the query and template amino acid distributions. It gives a valuable
indication for the alignment quality.

= : column score below -1.5

column score between -1.5 and -0.5
column score between -0.5 and +0.5
: column score between +0.5 and +1.5
| + column score above +1.5

+

T Consensus: the template alignment consensus sequence

T <T_name>: the template domain sequence

T ss_dssp: the template secondary structure as determined by DSSP (when available)
T ss_pred: the template secondary structure as predicted by PSIPRED (when available)

-102 -



oLocal computer®| A AlphaFold A8 '

No 1
>3QWQ_A Epidermal growth factor receptor (E.C.2.7.10.1); CELL SURFACE RECEPTOR, TYROSINE KINASE; HET: BMA, FUC, MAN, NAG; 2.75A {Homo sapiens)
Probab=100.00 E-value=8e-93 Score=888.93 Aligned_cols=641 Identities=100% Similarity=1.644 Sum_probs=547.3 Template_Neff=9.000

Q sp|PO0533|EGFR 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (1210)

Q Consensus T v~ | e VC~Gt~~ v v v v v y~~l~~~y~nCtwW~GnlLelt~i~~~~dIsFl~ 80 (1210)
| R e e Tt T | o e e el e | el B el e o el e
T Consensus T e e e e e Crgrmmmm v e e CtrinGrl~imvm v~~~ e~~~ 80 (648)
T3QWQ_A 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (648)
Tssdssp  —ormmmmrmemmmmmmme—s CCCCEECCBCCTTCEESSHHHHHHHHHHHHTTCSEESSBEEEECCCTTCCCGGGG
T ss_pred CCCcHHHHHHHHHHHHHHCchhccccecCeeeeccCCCeceCCChHHHHHHHHHHhCCCCEEeCCEEEEeecCCCCchhhe
Confidence 8999999 99 99 9999 99 199999999999999999887778899999

T Consensus:

the template alignment consensus sequence

T <T_name>: the template domain sequence
T ss_dssp: the template secondary structure as determined by DSSP (when available)
T ss_pred: the template secondary structure as predicted by PSIPRED (when available)

Ll ZHE = ot

oLocal computer®A| AlphaFold A2 4t

Brimary

Qualernary

Dssp algorithm
(hydrogen bond estimation algorithm)

=~ KERLES
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No 1
>3QWQ_A Epidermal growth factor receptor (E.C.2.7.10.1); CELL SURFACE RECEPTOR, TYROSINE KINASE: HET: BMA, FUC, MAN, NAG; 2.75A {Homo sapiens}
Probab=100.00 E-value=8e-93 Score=888.93 Aligned_cols=641 Identities=100% Similarity=1.644 Sum_probs=547.3 Template_Neff=9.000

Q sp|PO0S33|EGFR 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (1210)
Q Conser 1o L=ll LGt | ey 1 Choy. Lelt~i-———dlcFl- 80 (1210)

[ ltsslslsslsss sttt slllsssssssstsssslstssslsllsshsls]ssossts]s |
T e e o e e e T~ G~~~ =~~~ == ~T~ 80 (648)
T3QWQA 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (648)
Tisgidssp  eareeemecemeeeaiaan CCCCEECCBCCTTCEESSHHHHHHHHHHHHTTCSEESSBEEEECCCTTCCCGGGG
T ss_pred CCCcHHHHHHHHHHHHHHchhecececCeeeeccCCCecccCCChHHHHHHHHHHhCCCCEEeCCEEEEeecCCCCchhhe
Confidence 7

The first line, which begins with with a >, contains the name and description line of the template/database HMM. (We use "template HMM" and "matched database HMM" synonymously.)
The next line summarizes the main statistics for the alignment: The probability for the query and template HMMs to be homologous (Probab
The Sum_probs value is the sum over the posterior probabilities of all aligned pairs of match states. These probabilities are calculated by the Forward-Backward algorithm.

Dssp : method for assigning secondary structure to the amino acids of a protein, given the atomic-resolution coordinates of the protein.

The line in the middle shows the column score between the query and template amino acid distributions. It gives a valuable
indication for the alignment quality.

= : column score below -1.5

— i column score between -1.5 and -8.5
. ¢ column score between -8.5 and +8.5
+ : column score between +08.5 and +1.5
| : column score above +1.5

T Consensus: the template alignment consensus sequence

T <T_name>: the template domain sequence

T ss_dssp: the template secondary structure as determined by DSSP (when available)
T ss_pred: the template secondary structure as predicted by PSIPRED (when available)

0 Local serverO|A{ AlphaFold Al
Get information from Pkl file

Ranking_debug,json fileOl Al 2t ZHO| W plddtZt 22 AT rank HEE 7t tAM 2t
rankQ| pkl file 32 & L=Ct

B ranking_debugjson - Windows 2%

LR BE® M40 22V S8%H) (2] imoort pickle

( import json
"plddts™ ( import pandas as pd
"model_1_ptm_pred 0" 94.41104130504127, inport numpy as np
“model_2_ptm_pred_0"; 93.75401871735953, from matplotlib inport pyplot as plt

"model_3_ptm_pred_0": 54.51199709165903,
“model_4_ptm_pred_0": 48.86862857508933,
"model_S_ptm_pred_0": 51.993447355271364

inport seaborn as sns
#from Bio import Seal0
)

“order”: |

“model_1_ptm_pred_0", [31 with open('/content/WT/ranking debug.ison', 'r') as rank:

"model_2_ptm_pred_0", WT_rank = json. load(rank)

“model_3_ptm_pred 0", for i in range(0,5):

"model_S_ptm_pred_0", rank = WT_rank(["order']1[i]

“model4_ptm_pred 0" with open('fcontent/UT/result_'+rank+'.pkl', 'rb') as f:
| ! globals()['WT_ranking'+str(i)] = pickle. load(f)

PKI fileOll M7 &l data key list

(9] 91, ranking0. keys()

dict keys(['distogran’, ‘experinentally.resolved’, ‘saskednsa’, ‘oredicted.alioned.error’, 'oredicted lddt’, 'structuresodule’, ‘olddt'. ‘aligned confidence orobs’, ‘mapredicted.aligned.error’,
‘ranking_confidmen’])
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Get information from Pkl file

© ki

% “aligned_confi dence_probs'
> “distograa”

(] “excerinental ly_resolved'
‘naghed esa’

@] “saxoredicted.al lgned.error’

“olddt”

‘oredicted.al igned_error

8} “oredicted. lddt*
“ota’

"R eRY

5 *raking.confidince’
(6] witn cenC A s st ructure sodute”

s

N ]

(1] ¥ _rankingOl'olddt ']

array([93.96001 104, 9661947461, 96.10661773. 96, 26207265,
97.0644221, 97,1 766511, 97.09004344, S1. 55001456,

Q4 QEEN812, 95, 05X0815, 9. 28168408, 95, 8UReNET. 9.

965. 15130471, 95.96562|94, 97.24061190, 96, 98066827,
97.078381 72, 95, TWSTLE, 9. BIUSBIS), 97, 36123875,
97.23061492. 97, BABSATT.

G7. 48481636, 96, THAOPZ06, 9. STEGES0I, %65, 70991687,
96, 15879007, 56, 29454430, 2.

B, BRM34062.

9, i
3 3 BRA83I 2, 90,372479%5,
05, 2236142, 75, 73347, 70, (G0E819, 73, KO67242,
91.90006421, 9497483827, G4, 66310800, 96. 960A06ES,
G7. 27072493, 97, 21196158, 97. 26843817, 55, 45129087,
97.66906296, 97, 46CBI467, 96.661278| , 9652242321,
6. B0E5E04, 9, TCHTA01, 56. 97500473, 6. 2578,
95, (U248, &, 3reeseeE] )

nal

plddt_| = ¥]_rariing0l ‘ol
16dt.2 = W1 rankingl | 1
1ddt_3 = WT_ranking2| ‘oiédt']
1ddt.4 = O, ranking3| ‘o1det ]
VT_slddt_5 = WT_rankingd| oles |

55, TEAMG.
93, 529897,
. BT,
96.5€019101,
97, 726331
97.30843813,
1. 22625062,

EEEI006E.
B3.74639131
5, 96316617,
9629783215,
5, TEhd5E,
96, 08621652,
6. 6074329,

WTPAE_| = (¥]_rankingOl ‘oredictod sl iuned_error'), W ratiking0l ‘sux_predicted sl imed_orror

VIPAE2 = (W11

1] oredicted_aligned_error 1. Wl ranking! [ sax.pradictad alisoad_arrar

WIPAES = (W]_ronking2l sredicted_aligned_error']. W ranking2| sax_bredicted_ulisned_orror

I PAEA = (W rankingd] ‘oredicted_al ionederror ], 81 rankingdl s

-predicted.al lsmed.orror

VT_PAES = (9] rankicgdl oredictod_aligned_error’]. W _rankiegdl sax_predicted_alised_orror

1131 poel. mox_osel = WT_PAE|

n
D
n
)
n

= 7t =201t

THE CATHOUC UNIVERSETY OF KOREA

Local server®i|A| AlphaFold Al2 2

Get information from Pkl file — draw pLDDT &

Ox *+35 +uas

98] 91t vigured tigaizen 15, €1)
setotettl, 2. 1)

161 st sutoteetl. 2, 2
1t inshoe(paet, vained
1t colorbar{ fract ionw) 04

¥iabai( ALigoed renicee
o1t sawetipl Joontent /rark0 A8 pog' . o))

| Doedted At e

I :

PAE

182101 (91010401, | inestyles salid", ladei= 41 raski ')

7HE=I0 Ot

THE CATHOUC UNIVERSETY OF KOREA
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Compare other predictions - local

[ ] with open(’/content/¥T/ranking_debug.json’, 'r') as rank:
WT_rank = json.load(rank)
for i in range(0,5):
rank = WT_rank[ order"][i]
with open(’/content/WT/result_'+rank+'.pkl’, 'rb’) as f:
globals()['WT_ranking +str(i)] = pickle.load(f)

plddt_1 = WI_cankingdl piddt ]

¥lplddt.2 = 9].rankingl| piddt ]

¥T_p1ddt.3 = ¥ ranking2] 'plddt 1

WI_plddt._4 = WT_ranking3| piddt ]

¥1.p1ddt.5 = ¥1.rankingdl ‘piddt |

VIPAELT = (V].rankingOl pradicted.slanedsrror |, Wl.rankingOl ssx.pradicted.s!(sned.error

WT_PAE.2 = (W1 ranking! [ predicted.alisned error i

WIPAED = (WT.canking2| ‘predicted_al Igned_srror" |

AE_4 = (¥]_rankingdl predict Igned_error’]

MES = (T rankingdl predictedaligned-error’]
avg.plddt_1 = W] rankingd| ' ranking.confidence’]

¥l_ava_plddt 2 = ] conkingl | rankine_conlidence ']

¥ avgplddt.3 ing2| ranking.confidence ']

WT.avg.plddt.4 = W.rankingd| ranking.confidence’|

¥l_ava_plddt S = Wl_rankingd| rankine_conlidence’]

ing3| max_predictes_al laned_error
W1 rankingdl ' wax predicted.al isned.error 1)

[ 1 with open(’ /content/MT/ranking_debug.json’, 'r') as rank:
MT_rank = json.load(rank)
far i in range(0,5):
rank = MT_rank[ order'][i]
with open(’/content/MT/result_'+rank+ .pkl’', 'rb') as f:
globals()['MT_ranking +str(i)] = pickle.load(f)

|1 WIi_plddt_1 = W]_cankingOl ‘oiddt ]
WTpidde.2 = WT cankingl ['piddt ]
NT_plddt3 = NT.ranking2|'plddt ]
Wipiddt.4 = Ml_ranking3[ piddt ]
NIp1ddt5 = M1 _rankingd] 'piddt ]
NT_PAE_1 = (M]_rankingOl oredicted_sligned_srror'). Wl renkingOl swc_sredicted_sligned_ercor 1)
NTPAE2 = (WTranking! | 'predicted-alisned. 1. WT.ranking! [ woxpredicted al igne
NT_PAE.D = (NTranking2| 'predicted.allgned.arror'|, NT.ranking2| sax.oredicted.al igne

)

I

NIPAE.4 = (N].rank|ng3] predicted.allanedsrror”), Ni.rankina3l saxoredicted.al
NI_PAE 5 = (MI_rapkingdl predicted_alinned . Wl_rankingdl sex_sredicted_al
NT_ava.plddt.l = NI rackingdl rankins.cont|do
NT_avg_plddt.2 = M canking] [ ranking.cont | dence”
NI_sva_piddt_3 = NI_ranking2| ranking_cont |dence |
WT_avgpiddt.A = NT_raeking3] ' ranking.conl idence’]
NT_ava.pldde. ik ingd] * ranking. contidence” |

d_srror’])

o

FHE=ryo

VERIETY OF K

o

Local serverO|A{ AlphaFold A&
Compare other predictions - local

[] plt.figure(figsize=[16, B])
plt.subplot(l, 2, 1)
plt.plot(WT_plddt_1,linestyle="solid", label="¥T rankl")
plt.plot(MT_plddt_1,|inestyle="dashed", label="MT rankl')
plt. legend()
plt.text(59,100, 'WT avg = *
plt.grid('True')
plt.title( Predicted LODT")
plt.xlabel( Residue’)
plt.ylabel (pLODT )
plt.savefig('/content/11.png’, dpi=300)

WT avg - 94 411

Predicted LDDT MT avg - 97.331

EY 0
Residue

+ '%0.31°% WT_avg_plddt_1 + "#nMT avg - °

+ '%0.31°% MT_ava_plddt_1)
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o] e c1 - 0 NEfATBC € (2.4,5.6)
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B B St o Sat3-oe-1
THT flen
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o ]
Aming acid s d
sequences % e W g
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*
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s CPES, = 01
-~

L ey AL
(L A T ITT I

The information and analysis tools we provide are the following:

A. Protein structure prediction from viral sequences using learning models
Prediction of folding and docking from viral mutations
Comparison of folding and docking scores

B. Polarity changes in protein sequences
Measurement of repeated polarity changes

C. Mathematical models based on base and amino acid property levels (BLCI & CPES)
Scoring of rate of change in base levels
Scoring of rate of change amino acid property(residue, hydrophobicity, and pH levels)

D. Comprehensive mathematical analysis model: Protein structure prediction and
base/amino acid property levels (APESS,
/: property ( ) Jts 2y

ot

0 AIVE At 49

AIVE

(me

Aeport

AIVE

e analytics toolkit for predicting

Contact

Local Prediction page

Logout

Home Prediction Report Contact
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AIVE A2 &Y

AVE o S
;ojmname
Prediction
Virus @
i ;rgetvlrus

51 — Al Viruses v
@ [= T ————————————
— v SARS-CoV-22

5:\ Mignment Input virus Sequence

LWVIVY TILFCA HACVPTDPNPQEVVLVNYTENFNMWKNDMVEQMHEDIISLWDQSLKPCOVKLT PLOVSLKCTDLKND) m n

R @

©)

rtants ot sequenco
oo
D
AIVE

: Alignment
AVE i g it
[cwlv]Tlv]v]v]e]v]r|v aAlv|rlv[ulr]c]als|olalx[a]v[o[v]e[vin|n|viw[alv[u]alc|vie|[T]o]r[np]
L
]
[e[elv[v]L]v n]v[r't'n=n[u[w x[wo[mlv]e[em[nielo]1]i]s[c]wlole[s[cik[pic|v]x[L]T[p|t]c]v]s]L]
- ¥ =
r —
x[civ[o/u/xnfo[T]n]T
@é ; M
Virus =
¢ Amino il with sectriceay charged ude chain Negative ) [ I
T < Amin acids with electriccally charped side chain_sositive [ Il
i Aemins acics with Polar uncharged side chain
~ Speclalcases ¢ ¢
E v PO —
Torget s
M
——— v 1]
]
3 |
nput v sequence
] o}
[ oean ]
e Variants protein sequence

@ Wy TILKC WILVNV ISLKPCVKLIPLOVSLKCTOLKN
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o AIVE Alg M3

AIVE Home  Prediction| Report | Contact

Sgatp togh

AIVE Home Prediction Report Contact

Job List

No Project name Prediction Target virus Status Result link
1 None Multimor T Complete Fiesult o

2 SarsCov-2 Test Monomor SARS-COV-... Complete

Job List

@ No Project name Prediction Target virus Status Result tink

1 None Multimor Tt Complete et
@ 2 SarsCov2 Test Monomor SARS-CoV-... Complete ety
3 Test2 Monomor SARS-COV-... Complete ety
4 Test3 Monomor SARS-COV-... Complete et )
5 apess 2 HAE Monomor SARS-COV-... Complete Bzt iy @
3 test Monomor 2] Complete et iy
7 test2 Multimor 0] Complete Feat iy
8 test3 Monomor SARS-COV-.. Complete ez vy
9 testl Monoemor SARS-COV-... Complete et iy
10 sssss Monomor SARS-COV-... Complete Fea iy
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oAIVE NE-REL-BE-FTREL:

Protein structure prediction

® Protein 3D stucture %

Predicted Aligned Error =

Predicted LDDT = pLDDT box- plat =
Qe e w20 1w
B Apess
l PPX4, PPX5, BLCR, CPES, APES =
7 o

-

i

5 o

; =

*- APES!

s 10 15 20 2 20 2 s e 50 7

Amino acid Property Eigen Selection Score l

o 3

@

Values

APESS samples
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® Virus amino acid info
- Wild type virus sequencing

[RIK[A[H]K[G[a[E[H]H[H[K[A[A[ETH[H[E[Q[A[A[K[H[H]H]A[A[ATE]H]H[E[K]c[E[H[E[Q[A[A[H[H[A[D]T]A[V[A]
[e[e[n[e[e[n[n[a[e[e]e[[n[n[a[e[6[A[P[N][N[e]e[e[6[N]N]N]A[6]6[a[e]N[A[B]A[P[N[N]B[B[N]A[P[N]P]N]
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- Mutated type virus sequencing
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Polarity feature Amino ackd
Non Pokar W MalA,Val v, Leu (L), Gly (G, e (0, Met ), Trp (W, Phe (F), Pro (P)
Polarity Polar » ), Cys (C), Asn N) , Gin §Q), Th (T), Tyr (1)
features Ackdic " Asp (D), G ()

Bask .
Amér acids with electiicatly charged side chain Nogabhwe '

Amino acids with electriccaty charged side chain _positive 3 Asp (0, Ghu (D)
Five amino
acd Aming acids weth Polar uncharged side chain 3 Ser (5], Asn (N0, Gin (Q), T
properties
Special cases ‘ Gy 161, Pr
Amino ackds with hydrephabic side chain s Al (), Vit (W), Lew (L1, Be 01, Met (M), Trp (W0, Phe (F)
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