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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

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
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Overview

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

* Part II: Artificial Intelligence Study using Cancer Big Data
* Use AlphaFold
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The History of Cancer Genomics
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Cancer Big Project *.}A +x

THe CANCER GENOME ATLAS
2018

TCGA project was finished with advancements in
cancer genomics

o Systemized large-scale genomics-based
cancer research (33 types / 11,000 tumors)

HISTORY OF CANCER TREATMENT MODALITIES

CHEMO- | TARGETED = IMMUNO-
SURGERY | RADIATION [epapY | DRUGS | THERAPY
Use highly
concentated e Qyioioes anvgs

PANCANCER ATLAS o U [—
APPROACH | gous vt | Xromarmsoncve — wisorimt | OS] aomyorecpe
H Hotopes ARG tumdd

DNA, RNA & Protein ~ Cellular Decspreds | wamor growsn g

SINCE 8008 oy K00 e 19408 20004 2010
i ionﬂm:wu

Umited effectveness fumons ot
Manyinscoensbie 1 Lumar has teacy m‘m;‘“ "‘m"’":mm nf«mmm
Associations LIMITATIONS | e checraness | pouectty | Seimpbeice | atcencybeston | SEVEHERUE,
Germiine & somatic  Driver & molecular o, 106 col & tumor "+ ol | hnmd | gl | SnSese
subtypes U o | wamwe | wame | S
WD OLRET Leaiments
Li Ding et. al., Cell 2018

Trend 1. Data are More Impactful Than Individual Reports
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Trend 2. Medicine Outweighs Research
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|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 -> MSlsensor, 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
[E) mutahSk genomic, transcriptional and epigenomic signatures

Nucleic Acids Research (2018)

% Catalogue Of Somohc Mu!ahom In Cancer

Pro;ects V| Data Y| Tools Y| News V| Help VlAbout V‘ Genome Version V E

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 mutational processes, including the intrinsic slight infidelity C>A C>T
of the DNA replication machinery, exog or endogenous mutagen exposures, enzymatic

modification of DNA and defective DNA repair. Different mutational processes generate

unique combinations 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
T T T Cancer types: Signature 1 has been found in all cancer types and in most cancer samples.
1’:'—-' " o Proposed aetiology: Signature 1 is the result of an endogenous mutational process initiated by spontaneous deamination of S-methylcytosine.
’ E Additional 9 1is with small numbers of small insertions and deletions in most tissue types.
C The number of Sig 1 ions correlates with age of cancer diagnosis.
Signature 2
ncer 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
; e um least 10% of samples.

’: Proposed 2 has been to activity of the AID/APOBEC Iamﬂy of mmme deaminases. On the basis of similarities in the sequence context 01
’ - —) m:s-ne maxn:l\s mt;aused"l;y APOBEC enzymes in experimental systems, a role for APOI 3A and/or APOBEC3B in human cancer appears more likely than for
9 - ; ir members fam

Additional mutational features: Transcriptional strand bias of mutations has been observed in exons, but is not present or is weaker in introns.

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

infection, retrotransposon jumping or to tissue inflammation. Curren mere Is limited evidence to sy these hypotheses. A germline deletion polymorphism involving
APOBEC3A and APOBEC3B is associated with the presence of large numbers of 2and 13 and with breast cancer. Mutations of similar patterns to S-gnalum 2 and 13 are commonly found in the
phenomenon of local hypermutation present in some cancers, known as kataegis, potenwlv implicating AID/APOBEC enzymes in m-s process as well.

Signature 2

Signature 3
T T Cancer types:Signature 3 has been found in breast, ovarian, and pancreatic cancers.
) - Proposed aetiology: Signature 3 is associated with failure of DNA double-strand break-repair by inat
l’ ml} d Additional mutational features: Signature 3 associates strongly with elevated numbers of lerge (longer than 3bp) insertions and deletions with ove!
- S microhomology 2t breakpoint junctions.
C>A C>G C>T T>A T>C T>G
- I . r———
o 0%
2 > Signature 1
2= 15%
£ o
on
= 0 10%
&
s 5%
0%t e ana AL _dathiHinly NTPNTIPNTAT
<UU!-‘UU(-<<)U!-<UO(-<Udh<UO!-<U‘dl~<DUl<<00!“UU!-<UU!~<UU!-<UUI-<UU!-<UUI-< VUKL < VOK
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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

T T e J R

_cumrua E o _ssar BLCOMPOSTE_Unv_Usue S mmlmm BLCOMPOSTE S _Lsuio s
‘LLA_JLILu Lt ..JL i.l L

BLCOMPORTE_SWV_B0E7E5 BLCOMPOETE_GWV_5850_5 BLCOUPOAITE_EWv_3650.5 BLCOUPOSTE_SW_505105

I N Loonlidade .[
BLCOWPOUTE DNV DBSLF |
] cin. il H Ly T

BI_0OMPOITE_onv_ BLOOMPOTTE_ONV_00010.8 on_courooit_onv_coormr BL_OOMPONITE_Shv_0001 e R

TR M| RO |G| PR I

B ONV 08O P B COMPOLITE. osce P lwmu&!e -W‘WT

Lo - ally \ _‘m L

e el

B OOMROLTE_oNv_oocee WT [BLcomroon_swv_c00ea_r
or il e, . ‘

BLCONFORTE SV S5 F SLCONRGRTE S S8 e —— P
[T hte st labinan 1l l.njihlhl.um.JL-.. L A

B_comrouTE . BLCOMPOXTE_ohv_ 282080 B_COMPOUTE_onV_c83ee0 [BILCOMPOUITE_Siv_202e70
J Lo l |
BLcomMPoCTE_owv_2008.5 LK 28205 X 2007 jLcoupoart_sny_cears_p
™ TP \ ily | ;‘ s

BLCowPOUTE SNV _SBSTAF | [BLcowPouTESWV_SeSTA® 00 |  BL_COMPOOITESNV_ 38570 L sesres |
BLCoNPOLTE SNV _BRINE | [BLCOMPOMTE_oW_28aT7 5

BLCOMFUSTE_S_sen [FLCOMPOSTE_Sw_Gessl_¥

% aw( ummhcm.

Projects V| Data ¥ News V| Help V| About A A Search COSMIC

Mutational Signatures (v3.1 - June 2020)

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

Single Base Substitution (SBS) Signat

Single base substitutions (SBS), also known as single nucleotide variants, are defined as 2 Signature extraction methods
repl of a certain base. Considering the pyrimidines of the Watson-Crick base With 2 few exceptions, the signatures were extracted using SigProfiler (as described in Alexandrov, L8, et al,, 2020%) from
pairs, there are only six different possible subsmubons C>A, C>G, C>T, T>A, T>C, and T>G. the 2,780 whole-g variant calls produced by the ICGC/TCGA Pan Cancer Analysis of Whole Genomes (PCAWG) #
These SBS classes can be further the context. Network. The stability and reproducibility of the signatures were assessed on somatic mutations from an additional 1,865
Current SBS signatures have been identified using 96 different contexts, considering not only the wholegmome;am 19,184 exomes. All input data and references for original sources are available from synapse.org ID
mutated base, but also the bases immediately 5'and 3. SIBIE ©.

The COSMIC v3 signatures are available in numerical form in syn12009743%, and of the sigl to

KON 817 SRS TR ol 11018 BOUEAS (ot in tumors are available in 5y011804040% and syn11804058%. The COSMIC v3.1 signatures can be downloaded here.
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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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Article  Tak H
WikeeptA  Non-negative matrix factorization X ~
TheFrecEacyckpeda |, Wakpedia, the froe encyclopedia
History (edi]

In chemometrics non-negative matrix factorization has a long history under the name “self modeling curve resolution” {0l In this framework the vectors in the right matrix are continuous curves rather than discrete vectors. Also early
work on non-negative matrix factorizations was performed by a Finnish group of researchers in the 1990s under the name positive matrix factorization"'I212] it became more widely known as non-negative matrix factorization after
Lee and Seung investigated the properties of the algorithm and published some simple and useful algorithms for two types of factorizations.!"1'%]

Background iest)

Let matrix V be the product of the matrices W and H,
V=WH.

Matrix multiplication can be implemented as computing the column vectors of V as linear combinations of the column vectors in W using coefficients supplied by columns of H. That is, each column of V can be computed as follows:
v; = Wh;

where v; s the i-th column vector of the product matrix V and h; is the i-th column vector of the matrix H.

When multiplying matrices, the dimensions of the factor matrices may be significantly lower than those of the product matrix and it is this property that forms the basis of NMF. NMF generates factors with significantly reduced

dimensions compared to the original matrix. For example, if V' is an m X n matrix, W is an m x p matrix, and H s ap % n matrix then p can be significantly less than both m and n.

Here is an example based on a text-mining application:

« 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 algorithm to find 10 features in order to generate a features 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 treatment of matrix multiplication 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 features. NMF generates these features.

Itis 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 coefficients matrix H represents an original document 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

i Sonane2
e
T L

Passenger mutations from
acquired DNA repair deficiency

“ Signature 3
Jiibhihab,
DNA repair pathway alterations

Cah CaG CaT T=A T>C T>6 I

| |
‘ n L |

Inherited genetic alterations |
= I
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Germline Somatic

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

Mutational signature 1 mMMmlmml
50%
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Alexandrov et al., Cell 2013
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30 Catalogue of Somatic Mutations in Cancer

(COSMIC) signatures
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Mutational signatures

65 PanCancer Analysis of Whole Genomes

I Age [1, 5]

[ APOBEC activity [2, 13]

= Homologous recombination deficiency
B Defective DNA mismatch repair [15, 20:

B Tobacco smoking/chewing [4, 29]
B Ultraviolet light exposure [7]
B POLE mutations [10]

I Exposure to aristolochic acid [22]

I Alkylating agent temozolomide [11]

Aflatoxin [24]

(PCAWG) signatures
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Campbell et al., bioRxiv 2017
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Clock-like mutational signatures

Nik-Zainal et al., Clinical Cancer Research 2017
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Signature 1 and 5 is positively N e i ot e e i it A
correlated to the age of patients w ™ T A 4
Sgouuwese X! /f(//ﬂ ’
A of chnces s
Alexandrov, Ludmil B., et al. Nat Gen 2015 23

Mutational signatures are clinically relevant

Associations Prevalencein  Presence in other
breast cancer cancer types

Age of cisgnosis deamination  Common>75%  Reported in nealy

of methyl-<ytosines ofsamples allother tumor types
Age of diagnsis? Common>7s% _Feportedtobe in many
Eiiology tinkniown ol sl omumw_mmm
" Increased in HR deficency and
lamhwmmmm e Many tunor types
atlower levels in many tumors . . . )
... mutational signatures [3, 6, 20, 26] are a direct

. mxmm m Many tumor types pathophysiologic readout of the abrogation of a DNA
repair gene/pathway and could be used as a biomarker

; Common>75%  Morethan halfofabwmer | 0 report DNA repair/deficiency in a tumor.”
APOBEC cytidine deaminases of samples types examined sofar p p y

Common >75%
APOBEC cytidine deaminases of samples Many tumor types

Mismateh repair defic Rare <10% of Adrenocortical, colon,

1 Mismatch repair deficiency "¢ S0 Gastric
m. [ Dﬁ [£] DA
gwwnmeﬁ i T Rare <5% of Cervical, gastric,
= Misatch rpa dfciency 1o 5% ik

- u‘" B 2 T
Nik-Zainal et al., Clinical Cancer Research 2017
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ANALYSIS
meédicine

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

Helen Davies'-*, Dominik Glodzik'-2, Sandro Morganella*, Lucy R Yates'2, Johan Staaf®, Xueging Zou!,
Manasa Ramakrishna'4, Sancha Martin', Sandrine Boyault®, Anicta M Sieuwerts®, Peter T Simpson’, Tari A King®,
Keiran Raine!, Jorunn E Eyfjord?, Gu Kong!®, Ake Borg?, Ewan Birney!!, Hendrik G Stunnenberg!2,

MarcJ van de Vijver'%, Anne-Lise Borresen-Dale''%, John W M Martens®, Paul N $pan'®", Sunil R Lakhani” "%,
Anne Vincent-Salomon'®?, Christos Sotiriou®!, Andrew Tutt™, Alastair M Thompson®, Steven Van Laere™2,
Andrea L Richardson® %, Alain Viari®, Peter ] Campbell’, Michael R Stratton! & Serena Nik-Zainal'-*!

Mutational signature #3
(homologous recombination defect)

HRDetect Development Workflow

Helen Davies et al., Nature Medicine 2017

26

a I . 1 . . m b
Bﬂmszggnnlﬁlzfs with iﬁaﬁm gﬁ%:%nsaor:uim‘::: iar:a‘;?m: gomwharsas! tumors P‘W“"mm 'B(
biallefic loss samples biallelic loss samples with microhomology
= 5 e g I
560 low-coverage
Train classiler [ Trin HRDetect | WGS broasttumors Reamangement signature RS3 rm( ;
Q—-/ \. 4—-/ \\’ :gnv:fégm T Reamangement signature RSS @»{
by enkes ot 560 ormd enis oot (560 i I g f‘
G- raion ovarian tumors Substitution signature & }(.
S T 00 10 20 a0
Weight
Helen Davies et al., Nature Medicing 2017
Mutational signature #3 (homologous recombination defect)
Accurate Identification of BRCA1/2 Deficiency
d (A Additional breast cancers Qwarian cancers Pancrealic cancers
104 1.04 1.04
; § ; ;
]
T T L} T L} T D-o- T T o-o- T T o-n- T T
00 02 04 06 08 10 0.0 1.0 0.0 10 0.0 1.0
False positive rate False positive rate False positive rate False positive rate
1.0 7 w Gesmine BRCATI2 mutation 1.0
B Somatic (mutation and
4 meliylation) BRCAT2 loss
+ Monoallelic BRCA 12 mutation
g 2 g |
2 2 g
§ § I
T T T T T T 0.0
00 g': IU.-#I E;:‘esri; 1.0 80 samples 73 samples 96 samples
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HRDetect
score

Treatment
time

Mutational signature #3 (homologous recombination defect)

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

100
0.75
L E
025 e
il —— ]| ma A Predicion =70 040l B Prediclion == CI == PD — 8D
5 TE— >
Aterbogey L (TR DUNNA R heee | %100 1.00{ -
During biopsy | | I fiuiim B issserse
Befora biopsy || i 1 n W Splcn variant é 075 5 §075
TPS3 a8l WI O ] i (BN NN B RURIBIN IR RN ] B Deleion Q 2\2 2
BRCA1 ol S ] § 0.50 =*
BRCAZ 1 ls & a 1 . 1. 11l .l L B 5‘3050
PTEN LTI : I i £ 23
s B 202 £
AM 1 ' i Woa g e
uc;m 1 ! Lo [ [ 1 1 =mﬁ"‘“ g He
BRIP| ; W Luminal B 0.00
PALEZ . I Nomat-ika
v st T I - Y IS N B Time
HERS IO S B G N NN O N D . B Positive
g — - — S H AT e
Eric Y. Zhao et al., Clinical Cancer Research 2017 97

Localized hypermutations (kataegis)

Chromosome 6 PD4107a
s ' o CA
:'E Ak e Ak — i 3 8 &G
v o o CT
él § ® T>A
8 [=]} ’ . . - > . '\.' L] 5 a8 s >C
=] * “‘. ?.J.-.:Oﬂ ....‘P b MY S "-o, Y v fq'-' il -":- o TG
SO | svises ity -'!_':! L ,?_{; L e ::‘ .‘1,":" "f:..:&, "‘. A Rearrangements
126.23MB to 126.24 Mb ‘ i xRy bl
E' 2 = .
58 : 7
o :
57 .
5
’Eg_ 28 ) .' " > " = ‘ 'R il .
E” L ?T'ﬂ‘;' ; T {000 150000000
126230000 12625200 ' 126236000 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

| >
La

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
o IR ]
20 Signature 4 B Transcribed strand
; B Untranscribed strand
* 10 Lung adeno, squamous and small cell carcinoma
5
E Oluulhhﬂ“-L.—-&L—-.—. Lo e RN TR S R S |
+ 201,
g Signature 7
Y
O 10 Melanoma 1
g |
'g ] & 1 _dai 4 'I R A -
g 20 Slgnature 16 |
0]
& 10 Hepatocellular carcinoma
[i] SRR T e L Lo s e l.lll.u.ln-._..-l..u... P ——
[t r e |
C>A C>G C>T T>A Ts6 T>G
Alexandrov et al., Nature 2013
30
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Cancer and epigenomics

Normal cell

T T A S 4 R P
ke P mﬁ
Cancer cell l

o SR (18 M) T
'mmmlm DNAhypu'net

. n conformation Openor‘mluedd'mmahncmfumarm

! !

Mg

[ | Unmethylated CpG ¥ Methylated CpG |

Esteller, Nature Reviews Genetics 2007
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= =
bk =
| |

Pearson cormelation
=
E=]

&
[

1

s

Mutation rates are correlated with genomic/epigenomic modifications

Melanoma Lung cancer Prostate cancer Leukaemia 0%

8
§
E
0%
r i
i
8
40%
28 I ﬂ ilﬂ:ﬂi“! SEEEEEiLES 8 ‘3
', 5 iig HHIEHE i fiﬁng i égi
£ g 38§ 38 xaﬁm 3 ii 52 Bes of
5,525 3 j‘ Hg g gsﬁx ThiEE 3
82989388 . BE839F 9Y 4394430 $gugd ) |
HHHHM BRI HTTHH I E .
I TH P T S T T H P R Rt
2233232232022 2208320225922235223222 35335

Schuster-Bockler and Lehner, Nature 2012
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Mutation rates also vary with DNA replication timing

a o Low Late
210 m 2
z g .8
i [\ _JA g3k
3 g g

30 40 50 60 70 80 0 100  High Early
chr14 (Mb)

b o Low Late

{0{ Offactory m
i ¢ 2
| | IS B
] - -3
g 1 CSMD3 88
155 160 165 170 175 180 90 100 110 120 High Earty
chr (Mb) chrg (Mb)
e § 101 1pegom
. ] tP<10®
% .| 1P<0001 — Olfactory receptors
g 0.5 LP<t0® w— Genomic locus >1 Mb
= = Protein >4,000 aa
E 0.11 s Canicer Gene Census
S ow Expression High
f 8104
g TP=0.01
5 1P<10*
051 Lp< 10
g LP<10®
1 8ot
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

Localized hypermutation Transcriptional strand bias
i" H g’isil y;

b

« 4

. d) \‘ \E)

DNA replication timing

)

ATG CAAG CG CTAG C

A
|___ GCcontent _J
( Correlation ) 34
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Existing mutational signature decomposition tools

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

35

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

epigenomic signatures (Nucleic Acids Research, 2018)

Musalisk: 8 web-basad somatic MUTation Anal IS
toolKit for gencmic, transcriptional and epigenomic
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MUTATION ANALYSIS TOOLKIT

- _ " . [E] mutalisk

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
Home  Anabyre  Tutorial  Contact
.
(§) mutalisk
RO R, This site is aptimized for Chrome.
GRCh37/hg19, Linear regression
GRCh38/hg38, m The following shows an example of how fo run Mutalisk using the sample data or mu|t|n0m|a| test
GRCmM38/mm10, M " methods (signature
1. Genome assembly 3. Mutational signatures 4. i annotation -
WBC9|236/C€1 1 ! GRCh3Thg18 [Ho 7 w|  3-1. MIE method Linear R i [ ¥ Localized hypermun kataegis) decomp03|t|0n)
. | ap {h N =1. MLE method gression E Localized hypermunation i
WSZZO/CG10 _ ® Transcriptional strand bias
= COSMIC
2. Inpat file ¥ GC content
The input file format of this tool is VMl 3-2. Cancer rype User Selection L | ENCODE dataset reference cell | .
. . You can select multiple files (m 0. 3-3. Select the mutational signatures. 12878 (Blood - Normal) v] Cp— 31 Ce" |IneS
Multiple vcf files ,
—» + Add Files U Signatore] & Signature? & Signature3 timing
(maX 100) . O Signarured U Signawres U Signatureb ¥ DMasel bypersensal
L Osignature? O Signatured O Signatured @ Histone modiication
L Sagnature10 U Signatral 1 L Signature]2
O signatwet13 O signatoretd & signaturels bl \
O Signarure16 U Signaturel 7 U Signature] 8 Refereace 1o the Qescmic/epienome data 42 cancer typeS
COSMIC PCAWG (SIgPr0ﬁ|er) O Signarure19 Signature20 & Signatured 1 = The ENCODE Progect & UCSC geoome browser
! . U Signarure2? U Signature23 U Signature2d
SIQnatures S Signatures U Signaturelb W Signature2
U Signatwre2d U Signature?® U Signature 30
Select Al Dewelec: Al
Raference 1o the matational sgnatures.
= Sagratures. of Mutational Procevses i Human Canoer
* PCAWG - SigProfiler iprovisional)
User/custom N
. P+ Custom signatures
signatures
Natioaal Cances Center. 323 lan-ro, Fsandong-gu, Coyang-5i Greongai-do, 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|
oA ACA ACS>NA |0.011098326 0.0004
C=A ACC AC=AIC | 0.009149341 0.0005
CA ACG AC>AIG | 000149007 o 0
CoA ACT ACAT 0.006233885 0.0004
96 mutation G ACA AC-GA  |0.001801068 0
sublypes A
™ | 1T | TGT 0004030128 cor | 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=4P3iaD51mg
KN -
User-uploaded data are permanently deleted after 48 hours;
you may access the analysis results for 48 hours
40

- 20 -




Mutalisk (2) — preprocessing

5 6 types of 3

nucleotide substitutions nucleotide
A C>G A
Somatic
mutations C>T
C C
|| C>A 96 substitution
classes
T>A
G G
T>C
T 1€ T
41
Mutalisk (3) — rainfall plot (kataegis)
§ b e S e s R N S
g, ISty S bl SR 8 6 R
[ :’rf’ . ""‘.:.I 3. s s | J’v LR l‘t‘,z'-. '?,’ R ."}!f‘ :“#‘1 *y ]
E C oo .'ffé'.' 1,".3'*!.._ {zi,; G By ‘: ’;:_‘j&z.‘:,' AR TR SO _".?-'*",?.:--"_ﬁiu"; ot
8 -9 t:'." 3'!.; '_: . 3 :'. ! :- 'n‘.::'--. e 3’ "r . .?:'." P s ":" s ?'5..
- R . ey . .t.. s.. L] o 1 v ot L, 'I."
m E 100001 » . 4 . p : . ., P s 4
3 . ! | &
2. >i ]
5. R >}

" e e * * .
AT TN N IO T 0 SN YN OO O NS N (NN N NN NN NN NI | O] (NN OO O O T N D (0

& P ¢ B g P O N g P S SBAE

BC>A mC>GEC>TOT>A@T>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)

=
|
—_

0
050
()
O

Signatures selected

=
11
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=
1
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=
11
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OO

®

e

43

=
1]
-~

Mutalisk (4) — mutational signature identification

Somatlc CA =G CsT T=A T>C TG

mutations BoA
| o]
| [=3
T>A
T>C
TG

wotrum (%)

served sp

ver |

O

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

(307) = (7! (30 - D)

2,035,800 different combinations of signatures

44
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Mutalisk (4) — mutational signature identification

C=A LG CT T=A T>C
Hcea
' BcsG
| [=35
2 s T>ﬁ
ITHINT HTc

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

Somatic
mutations

Observed spectrum (%)
-

m!

65!

C657) = (71(65 - 7))
696,190,560 different combinations of signatures

This is a computationally expensive task

45

Mutalisk (4) — mutational signature identification

C2A G €T T=A T=C TG
g |
E
=5:2 E" 8% Melanoma
.5:1 E“ ) 2% -Signature'IB
_:cs E' J E DSigmture?
o
Bl . "i -Signaturen
- - & R ; E [ signature R2
3 - 8.2%
Signature 7 = %
g 13 E
Signature 5 .?59% 5
2’ b
Signature 17 IS_S% “i' ' 83%
o ¢ IRERRRRRRRARLIR] 87%
oA ©6 o1 A .9%
= I:ls%
gl!
2, 0 50 100 150 200 250 300 350
Cosine Similarity: 0965  $ e e —
¢, La
" [EEIE RN RTINS _'"I1I ~ Alexandrov et al., Nature 2013
SITITITHAT (HIRIEIREVTRINTD £2REAR R eearee NN e Nn 00y SURCITRRIETUIRRE FRIHANRLANIRANN
TYIRPUEUSERARLEE JUNAGRHINNRRRRE VUITUUIORRRORLER QISCUCORIGREFEE QUSNRCORRRRREEEE SRSSCE0RRERCECE
Melanoma sample (Pleasance et al., Nature 2010)
46
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Mutalisk (4) — mutational signature identification

Mutalisk identifies up to 7 decomposition models

Mutational signatures

No. Signatures Probabilities S;:T::;y BIC c':::::::r %

7, 78211181712 ¥ Our Best 0.59097 0.11749 0.10825 0.06858 0.05707 0.03374 0.02390 @ 0.98200 222713.700 View
6 782111817 0.59163 0.14049 0.10844 0.06984 0.05328 0.03632 @ 0.98200 222820.200 View
5/ 7821117 0.59492 0.19932 0.10851 0.06440 0.03285 @ 0.98200 223568.700 | View
3 782 0.64330 0.25263 0.10407 ® 0.98000 224619.100 View
4 7821 0.59826 0.22793 0.10916 0.06466 ® 0.98100 224828.400 View
2| 78 0.71863 0.28137 ® o0.96800 225142.600 View
1|17 1.00000 0.78700 273566.100 View

47

Number of samples

MNumber 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

1001
501 .
Mutalisk 0.966
deconstructSigs 0.948
ol MutaGene 0.931
0.25 050 075 1.00 025 0.50 078 1.00 0.25 050 075 1.00
Cosine similarity
-IIII_
2 3 ] 5 B
Number of decomposed signatures
48

- 24 -




Mutalisk (5) - transcriptional strand bias analysis

Somatic
mutations

e

Strand annotation Goodness of fit test
d ’ !
3'— 5’ 3 Y
- S'ﬁ 3’ ’
UCSC ] 3 5 Observed  Expected
RefSeq
CRCh37/hg19 0.19044 0.20010
GRCh38/hg38 0.18885 0.28435

49
Mutalisk (5) - transcriptional strand bias analysis
= o—yalue = 5.18-169 LT AR kR T 4,500 T =transcribed
i o UT = untranscribed
£a 4,000
15 E X
H
10 E--W 3.5w
3
5 I !m 2 3,000
g
‘ " il O o e i g
= HOANGOEGTH BANTC 6 GO B N g 2500
= . = .
i g = =2, e | i <]
e E
7 2 1500
g . '..’.—‘.*T*‘.":“.“.‘T'."."."—.". O A PO A S LR P -.‘*‘.“."--‘7"- .“.‘*.“:". " ‘I
E e A 1,000
s ™A e ™6
3l 1 500
:-f'-.--.--.--.--.--.--r ---------- S Blite s o lehoe s ebias (e e eae, T ey O U TUTTUTTUT TUT TUT
i P P P B ¥ P P P o P b P P 0 P 8 0 8 B P P o o ,:”'r"“p"‘"p““ @tﬁ"-*‘“e"‘ar”a“‘ﬁs"'ﬁ""«"‘«”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) — genomic/epigenomic modification analysis

Sy —y
S, i lbmy
ssl._._l.-.‘.l
e S,
DNA replication timinig GZL.I_..L..‘
(Repli-seq) Phase annotation
Y max(G1;,51;) = (52; + 53; + 54, + 62;) > 0= i e early
max(52;, $3;) = (G1; + §1; + 54; 4 G2;) > 0 = i e intermediate
ENCODE max(G2;, $4;) = (G1; + §1; + 52, + 53) > 0= i e late y
+ Goodness of fit test
+ Correlation analysis
3
Low Int High
'
o
Histone modification £
DNase | hypersensitivity 5% 5%
|
Read density <
Peak annotation
51
Mutalisk (6) — genomic/epigenomic modification analysis
H3k9me3 , melanoma sample (Pleasance et al., Nature 2010)
[ Moo o ;
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Mutalisk

** p-value = 0.00e+00

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

Melanoma sample (Pleasance et al., Nature 2010)

30 ™ 4 }A/
9 O
- odit
®
'g 284
> ( + Forward feature selection (generalized least-squares model
8 ™ / and Akaike information criterion)
£ + Explained variance computed by linear regression
)
Q.
|_’|_|(24|uJ
fith fy gy oF s i de gty I B Ny s
SEEEEEIITEIITIEES
SO NI FWOTOITNA DO D A
FESESESFGeLEL S
FEELIEFE FRPELELL

55

Mutalisk (7) — downloading results

4= sample_medanomadhHigh
* N 15 sample_melanoma dhuintermediate
=] sample_mel. dhlow

55| sample_melanomagcHigh

Home Analyze Tutorial Contact
=] sample_melanoma.geintermediate

2= sample_melanomageLow

%] sample_melanoma HZAZ hen High

4| sample_melanoma H2AZ hem intermed...
=] sample melanomaH2AZ hendow
sample_ metanoma H2AZ histone mod
%] sample_melanoma H3K4me1 hm High
] sample_melanomaiIKdmelhmlater_
=] sample melanoma HIk4me 1 hamlow
sample_melanoma H3K4me1_histone.
4| sample_melanoma H3K&meZ hm High 3

Heow—o———a

4= sample_medanoma HIK4me2 hm Low

sample_melanoma H3K4me2_histone.
1| sample_melanoma HIKéme X hmHigh B O ERE BB B o B
"= sample_mélanomaHIKemed hminter_

A=) sample_medanoma H3K4me3 hm Low
G sample_melanoma H3K4me3_histone_
=) samphe melanomaHIKIAChm High

=] sample_mélanomaH3KIAChminterm._

=] sample, s H3KgAC

P I Get merged results I Get all results at once I
sample_mefanoma H3KIAc_histone.m._

2= sample_mefanoma H3K9me3 hm High

A=1 sample_mefanoma H3KSme3 hanlnter_

¥ sample_melanoma HIKSmelhmiow
sample_melanoma H3K9me3 histone_
5] sample_mefanoma H3KZTAChm High
| sample_melanomaH3IKZTAChminter-

56
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Tobacco-associated mutational signature #4

TCGA Lung Adenocarcinoma Samples

—Sample 20| [ ——
sampie 19 [ —
Sample 16, | —
ot sample 17 T
LTOUME | Sarpe 15 I | Mo Sonaes
Non-SMOKETS | sampie15( |G § Svaues
sanple 14 | =§mg pa] R=089.p=000049 e
Sample 13, N T | § sgrawen
Sampie 12 [N T Signalure 12
—Sangie 11| || o 03
— Sample 101 | N — B | B ool
Sample 9 (I B | § sgnauez
sanpes; NN | sgnawre2e .
sampe 7, | . | B s M
Current | sampic| | EE————— i Signature 3
smokers | Sanles: S Signature 4 b
sample ¢ [N
Sample 3/ | =
sample 2( | 0ol +
— sampie 1| [
000 035 050 075 160 J 5 OF W i
Signature Contribution Probability Number of pack-years
57
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mutalisk

MUTATION ANALYSIS TOOLKIT

)

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

This site is optimized for Chrome.

[ 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 ##fileformat=VCFv4.2

2 #CHRON POS ID REF ALT QUAL FILTER INFO
3 1 1916986 . A G . . .

4 1 5148788. 6 C . . .

5 1 58675%5. C T . . .

6 1 7146801 . 6 A . . .

7 1 7665765. € T . . .

8 1 7749485 . T G . .

9 1 8716829. 6 A

10 1 9804956 . C T .

11 1 12381586 G A

12 1 17274833 6 T .

13 1 17365563 T A .

14 1 18099894 AT .

15 1 19665267 G A .

16 1 20753216 C A .
17 1 22905721 g (e .

18 1 28496930 T C .

19 1 29464355 A G .

© 1 30253604 G T B
21 1 30346667 G A .

22 1 30627515 TR .

23 1 32251636 d= A .

24 1 348814€8 G A &

25 1 34435930 AT 0

26 1 35989337 TN C «
21 1 36062312 TN C P
28 1 36414737 TR A N
29 1 36729560 AT «
30 1 36936453 . AT .
31 1 37261912 VO GRETI
32 1 37277934 . G A . . .
33 1 37708424 R CER T
34 1 39672350 o G G R
35 1 42038123 i CRSTI S
36 1 45810549 S CENT «
37 1 46950651 c T

38 1 46984444 c T

39 1 47698623 6 T

40 1 47446596 6 T .

41 1 47619512 s R GETA .

42 1 48781219 . A G .
43 1 50032004 G A .

44 1 50642579 (i .

.9

Home

alyze Tutorial Contact

(§) mutalisk

MUTATION ANALYAIS TOOLKIT

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. Genomic & epigenomic annotation

[GRCh3T/hg19 [Homo sapiens (human)] v|  3-1. MLE method Localized hypermutation (kataegis)
Transcriptional strand bias
GC content

v COSMIC

2. Input file

The input file format of this tool is VCF file. [ ENCODE dataset reference cell ]

3-2. Cancer type

You can select multiple files (max 300). [ GM12878 (Blood - Normal) v|

The total size of mutliple files should be less 3-3. Select the mutational sigitar

than 1GB. DNA replication timing
M v I3 2
Gsignawrel  Bsignawrez  Usig - DNasel hypersensitivity
r: 4 -~= S rz . ’ s

Histone modification
+ sample_lung.vcf Osig 7 Osig Osig
i Dr'= 10 D < 1 Dc- 12 (NA) : Not Available

M Sig: 1B O Sig 14 D", 15 Reference to the genomic/epigenomic data:
D" 16 < 17 Dr 18 ¥ The ENCODE Project & UCSC genome browser
Osig 19 Osig 20 Usig 21
Osi 22 D", 23 Dr, 24
Osignature2s Oignatore2s O'ignature2?

DSignatumZB DSignatureZQ DSignature30
St Al | Deselect Al

Reference to the mutational signatures:

* Signatures of Mutational Processes in Human Cancer

» PCAWG - SigProfiler (provisional)

» Custom signatures

National Cancer Center. 323 llsan-ro, llsandong-gu, Goyang-si Gyeonggi-do, 10408, Republic of Korea
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(§) mutalisk

Summary of the best results from our tool

sample_king St s2 sS4

"I A Q0000 e B OO D BEENE B E B e

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

Localized hypermutation (kataegis)

Distance betwoen mutations

.
M .
. . .
. . .
. e e e .

P R R N S S P O Y
BCGCABCGGEGCGTITABTNL. @6

.

6 51241317

Signature 5

Signature 1

Signature 2

Signature 4

Signature 13

Signature 17 0
00

Mutational signatures
No. Signatures Probabilities gﬁ‘;‘m BC
5 512413 (MOwBest 0.54157 0.22279 0.10995 0.09268 0,03300 @ 098400 287106
Total mutations: 3396 oA 66 o1 A "
Y
M‘J I.-.I.j] ol i)
©6 o1 A ne He
- 1
0.54363 0.22094 0.10903 0.09342 0.03298 0.00000 ® 0.98400 28719.280 Close
ro—
kol
Q
o~
¢}
02 04

LUSINE Jiimanty. v.sos o

Get this result
6 51241317 0.54363 0.22094 0.10903 0.09342 0.03298 0.00000 ® 093400 28719.280 View
7 s12413617 0.53078 0.21571 0.11005 0.09363 0.03316 0.01000 0.00668 ® 098400 28725.380 View
4 51213 0.63748 0.21879 0.10846 0.03527 @ 098100 28732.020 View
3 512 0.66229 0.21649 0.12121 @ 097500 28776.940 View
252 0.87389 0.12611 @ 031700 29168.280 View
115 1.00000 @ 0.26800 29907.540 View
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Transcriptional strand bias

CA 24 or TA e 6

GA 6 (34

-
2
e

E: I TATIITeg HM:. b uu.;uuu.;uuux.uhu..h Hk“ﬂ“ﬂhiiﬂﬂhuiﬁi

PAPIPIPOPPPIOIPP PIPISIPIPILPPOPD PSSP
TA ne 6

Obsorved

TP STEAT IRTRTNT FRRRTRTINRI I 1 1 “&LMHH:&“B U913V SURT IR TN TR PRTR TR Tt [RTONRTRIPTEINN '8

PIPP PP PP PP PP PP PP PP PP P PP PP PEP I PP PP PP P PE PP PSP S PP

Get this result
Correlation coefficients of somatic mutations (1IMbp resolution)

e

/f/j/./ LAl f"é’/f}’a:f;'? 24

DNA replication timing - Cell line : GM12878

[0 e B o [ oy B et B o
501+ p-value = 2.37e-33 *kk
l :
40
» 2
§
2 §20
'° gl ™ Iiu
0 NGANCGGEGT BHANTLC TG 0
Early Inlermediste Lale CGA GG T T>A ™C -6

GA &6 &1

75-

I Wuuumu‘mlﬁmﬂmﬂ“ﬂm“ TR TTON TPTT OO '8 13 “Hh“ﬂhhhﬁ“““““hh“

g V” s .V’ AP APF P P F P e ﬁ" &"’“ &”‘rﬁ""«f""f S P AP P, S PHPP PR P PP PP
A e 6
- -
815
80~

NPT TR FT ﬂwhwmm bbbl sl bl il

......

PFPFPFP P FFP S PF PP PB BB PPl PP PGB A B PP PF BB DB B8 DB O 55 P8

' Get this result
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DNasel hypersensitivity - Cell line : GM12878

** p-value = 4.24e-43

Low Intermediie High

A

se-

1 C>A [l C>G [ &T

AL T>C

™C

Ilmlmlmnl

*k%k  kkk

** ]

A BC 16

]

2

Observed spectrum (%)

o 'i
GG OT

GA

CT

- o

::Wﬂ.‘umdduﬂu.umﬂﬂﬂ “‘“"‘““““‘-“‘l“““‘“‘“ﬂhﬂ Wdﬂhdﬂdﬂd“‘“‘ddﬂ

P P I PSSP AF P P I PP PP PP P A P

o >4 : » 4G
R A Al Al e ar o e

™6

v o s s h#hﬂﬂ“&“'ﬂﬁ-ﬂﬂﬁww“ kg ittt st skl M

SN P g P P P PP e R B P P PP P PP P S T P P P P P P

Get this result

mutalisk

WETATION ARALYIIS TOBLAIT

)

1. Genome assembly

|GRCh37/ng19 [Homo sapiens (human)] v/

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.

« sample_lung.vef

Run Mutalisk (v3)

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

3. Mutational signatures

3-1. MLE method Linear Regression v
» COSMIC
~ PCAWG - SigProfiler

3-2. Cancer type

3-3. Select the mutational signatures.

O Full screening @ Random sampling

Bsest  Eses2  Esess  Esese

@sess7  Esasss

B sesse
B ses60

B sesso

Select Al Dessect Al

+ Custom signatures

Home Analyze Turtorial Contact

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)

DNA replication timing
DNasel hypersensitivity
Histone modification

v]

(NA) : Not Available

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

sample kng [NSTHNNN  s2 NSSNNNNNNN s s A0 —

| IO KN BN O BN O R0 B EORT OER BN B B Bl EEesmrety B3 £ 0 £l
sssfa sz sf2 sl oo W2l sl Bslx My B sfelofle o« D lsloelecl
(BB 808088 B0

File : sample_lung

[ Get merged results ][ Get all results at once ]

Localized hypermutation (kataegis)

Distance between mutations
-

s -

s & 8§ g

. .
.

& @ # P P

o o o o o o o RS o

BCABCGGECT OTA BTCOTMNB’E

Mutational signatures
No. Signatures Probabilities similarity BIC Sl
7 4051242813 OF0urBest 0.34360 0.28486 0.12329 0.07696 0.07506 0.06595 0.03027 @ 098200  28715.860 View |
Total mutations: 3396 oA [ or A ™e »e
‘
Bea 5,
6
CsT
IhA 3,
nne
6 !
l-.-..l-ll.-l- et h.l.l
©A 6 o1 A Be H6
.
.
)
L)
’ll.ll.lm.i] | nl.l-.....
. (TR N
L] w0
Coh o6 or A e 6

¢
i
Cosine Similarity: 0.962 §

Get this result
§ 405142213 0.45078 0.24808 0.12562 0.07674 0.07292 0.02585 @ 098100 28752020  [Vew
5] ss1242 051372 0.21934 0.12658 0.07069 0.06967 ©® 097700 28781680 | vew
4] 40512 054065 0.26599 0.12495 0.06841 © 097300 28833100 | vew
3 4012 0.79616 0.13761 0.06622 @ 096000  28952.230 View
2] 401 0.86418 0.13582 ©® 092000 20134730  [Veew)
1) is 100000 @ 057700 29897340 | Veew)

-34-




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. SBS5 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

Untranscribed : 559 Transcribed : 581 1 Untranscribed [ Tunuuul
P ** p-value = 4.61e-10 *k
15
10
, e
Unvansoribed  Trascribed PNCANCGGHGT TANTC TG GGA GG OF BA DBC D6
C>A (] CT

a0~
7.5

Alo

gu Hﬁuuuuuuum uﬂi B i st ki, h ﬁ““ﬂ“ﬂhi“xﬂhiiﬂi

‘ PAPP P PP PP PP PFPS PAPFIP B PAPPPHIP P56 5 P P
A e 6
§|l° -
18
8 80
8-
l .l“-hlu BETETE TTRIRIRIRIRI PO 4 “uﬂﬂuuuﬁﬂ zuﬂdu; ‘1 1. uhuuuhu..uuuux.ﬂ
PFE B PP PP BB DSBS Db DD B8O DD B D OB Db BB B D b8
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Correlation coefficients of somatic mutations (1Mbp resolution)

T

“/ff:/'f 17777777 VI

60{

g

s
g

&
&

3

Explained variances (%)

GC-content
o B s
** p-value = 8.420-04 *hE kkE Rk

Low Intermediste Hgh

il

>T BA T N6

BorlceloT i nAlne )l 16 0

GA GG G

CoA &6 (=
- .o . - e e e e
-

fgfw,..wmum.mﬂ.gh b s s, oo, M hul IJJIMA“NJ“

; P PSP P P P F S PP F P F PP PP PP PF AP P S S S
; TA ™e ™6

"o EUEY - -
-
8

(s

:::Nm&h&umm.uu&mhmh kﬂhk&umu&muﬂhmmh PRI RRTINTIY RN T YRR |

PP FF L LIPS PP PE P PF PP PP F P E P F P PP F I F I

DNA replication timing - Cell line : GM12878

[ oy I v e

#{* p_value = 2.376-33 ’ . e

0

0

0

" Tl

0

Early Intermediste Late GA GG O A »e G

GA ©G6 o1

5-

2 P PG S P P F PP P FF P PP PP PP PP PP ISP P S G S S
E A e 6
1

R ol O el e e e L e O R e e L

Get ths resut

- 36 -




DNasel hypersensitivity - Cell line : GM12878

| 1 Low I vermeaae [ gh |

l B ovserves
** p-value = 4.24e-43 0 *hk REE AR
g
Ew
g
§
. Em ii Hhi
NOGANCGGEGT BANTDLE TG 0
GA CG O DA BC D6

Low Intermedisle High

CoA GG T

R  ar e

% A e 6
1
8

Eu k.. umﬂuuuu.aﬂﬂﬂuﬂ b taadiadsad bl a1 cabbbh b, H Wﬂﬂhdﬂiﬂd“‘ﬂ‘ddﬂ

- . e - -

R o O e SR P R LA ‘%“«"«“ P P P c«"’a"‘e"ﬁ,«’%«“"w"‘«"«"' et

Get this result

TO Part |l

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 (201812015)

1 deep learning 127 284 790 2,107 2,285 16.69
2 pd1 blockade 0 6 8 9 9 10.00
3 circularrna 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 ras 80 140 308 612 567 757
7 mutational burden 30 61 107 225 230 729
8 blood-brain barrier 5 8 9 40 23 6.83
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 1844 1,594 5.78
endogenous rna 82 119 239 467 463 564
receptor t 57 110 194 320 262 553
liquid biopsies 47 124 193 250 179 5.23
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Latest Cancer Research Trend Analysis - Cancer Genomics

Keyword 2015 2016 2017 2018 2019 c"m”'(azt",‘fsg‘]‘;";')h T2
deep leaming 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 3.12
cancer genome 789 1,017 1,359 1,904 1614 241
germline variants 71 85 117 159 143 222

Al?

Strong Al = General Al Weak Al = Narrow Al

3 33

=

B HAHANE ol

a3 v

Google

T=5Lnm

9330/ Google 21 7§l £| X3} Apple Watch £3% 23| Tesla autopilot recognition
4] =

S E olOE ASHEl=
HEFEHMARZISE 2R EE Q7 2F A S UTE TS A

(5 7182
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Cancer drugs

e Vemurafenib and trametinib
BRAF V600E mutations in melanoma

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

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

¢ Nivolumab, ipilimumab and atezolizumab
High tumor mutation burden

Which goal ?

Deep learning

N

extractor Classifier

Feature
Feature extractor & Classifier
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P_.I-B A2 EA: 20064 112 1Y "‘

A2 EA: 20204 118 10

PlayStation 3 2|2 7H4: $499 2|% 744: $499
CPU: 3.2 GHz 4l HZEME AHl ¢ XBOX CPU: AMD ZEN 2 7|5t HAE! Tjo|3
PPE, 8 SPEs 2 0p7|EN
RAM: A|AE RAM: 256MB (XDR SERIES X

HY: 8320{ 16285, 3.6 GHz
RAM: 16 GB, GDDR6 ECC SGRAM
GPU: AMD RDNA 2 7|4t #AH Oto|

DRAM)
H|C|2 RAM: 256MB (GDDR3)
GPU: 550 MHz IH| C|01/SCEI RSX 2|

2| LA x| 32017|4H
PS3 1CH FLOPS = 230.4 GFLOPS XBOX 1CH FLOPS = 12.1472 TFLOPS
[ ]
0|32 336042 ps3 & 0|8 SN 2N S ATAURE =
500 TFLOPS 2001 #Tf ZEE ACSI white 12.3 TFLOPS

HF7| BH M EYO|ME AE (578 28 37))

CPU Intel Pentium lll 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 b 30,103
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Sci Rep 2020 Nov 19;10(1):20222.
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2.7. Machine learning 1} Deep learning

Machine learning

: AREPLHOIE S Sof 222 SHEclo] 0fF0|Lt HEHE HIBohE 7|5 Deep learning
A2 ASHBYS ¥ualF2 &A= MY 7|E

&) 72 22749 3|53} e =
(https://adssettings.google.com/authenticated) P, -

—) o " _

ANy = Y

“ e .B “ > -" e el
. @ Hidden Hidden Hidden
& : — Layer 1 Layer 2 Layer 3

D

3] n
)
0-- - .

Human $
Feature vector
[ )
Input [ .
[
- ° | * - Output
o
[ )

. Output

£l dssifie] Feature extractor & Classifier

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)
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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
2. Functional and biological study
3. Treatment of patients

Classifying the Modern NBA Player (2014-2017)

\\\\\

B e @fastbreakdata
: I g ,,@Fasib reakData
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Machine Learning Research in Genomics

1-SNE dimensionality raduction (2,801 samplas)

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

Over 100 World Health Organization
(WHO) CNS tumor subtypes

17 histological types

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
CCATCAGTTTGGAGAGAGTCAACC
GCGCCGITACACCTATCECGGATA
ATCAGGACCAACGATTTGGAGTGC
CGABACTCGAAGAACTTGGCTTCG
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??

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




Deep Learning Research in Genomics

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)

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

Enzyme commision (Ryu et al., PNAS 2019)

Zou et al., Nat Genetics 2019

Deep Learning Research in Genomics - DeepSEA

or 2 N DeepSEA (Zhou et al., Nat Methods 2015)
= R ot Using genomic sequences (1,000 bp) predict chromatin organization
| (transcription factor binding, histone marks, DNase sensitivity).

fallele A)

Output:
predicled chromatin a0 C
affact 0k

Comparg '

DHS TF binding
Output:
pr;‘flg.caa'ele Allele T OCOOOOO
ecific chromali
wie  ea 00Q0000

Predict '

Training data: Train

ENCODE, Deep convolutional network
Roadmap Epigenomics (DeepSEA)
chromatin profiles

Heslone marks

Hierarchical Structure

Convolution layer
(high-order sequence features)

Multilayer Nonlinear
Transformation

f

Pooling layer
(Spatial scaling)

Convolution layer
(Interaction of sequence
features)

f

Input:
Qenomic saquences
(1,000 bp)

Variant position

Convolution layer
(Scan for motifs)

Multi-task Prediction

f

Sequence
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Output layer
(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

B (1) inferring survival
ion MiRNA-Seq subgroup
(19,883 features) (365 features)
— . e R

(1) Predicting labels
for new samples

) —
| TCGAraining dataset

Features codr
transtormation |

1
1
1
|
A fMeth 'J:-:'l!: mANA [ mikNA [Methylation
|
|
|
|
1
|
|
1
I

Bottleneck layer

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 LIRS-JP cohort NCI cohort
(bog-rank P value 0.00000713) (log-rank P value 0.000442) (log-rank P value 0.00105)

(x]

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

10

08

Probability of survival
0.0 02 c.4q 0.6 o8 1.0

Probability of survival
0.0 0.2 0.4 a6 08 10

Frabability of survival

0.0 02 0.4 a6

Years Years

D MIRANA GSE31384 cohort (Chinese) E E-TABM-36 cohort Hawalan cohart
(log-rank P valus 0.000849) (log-rank P value 0.103) (log-rank P value 0.0535)

ival

Probabllity of survival
Prebability of sury
02 04

O Download ( i ) Separata in Iql\l Tibe and filter out @ Per-tile training (V) Test ng and

from GDC 3 datasels background tiles per-glida tile
database . aggragation

PN 1

=== | UAD at 5x
AUGC = 0.919, Cl = 0.861-0.949

= | USC at 5x
AUC = 0.977, Cl = 0.949-0.995

True positive

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

Frozen LUSC at 20x
05 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 aRtificially intelligent Bayesian approach to
predicting 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

B W Response

No response

11,315 TCGA tumor samples
33 cancer types

Gene expression

Excluded patients without (56,715 genes)

drug response data

. Feature Machine learning
- Training set g o - Logistic regression
1,660 patients / (2,133 genes) - Random forest

Excluded patients without Drug response "'\.
platinum drug response data Clsplain Oraliplain Carbopial \‘-.‘
h 4 \
. ¢ @ @ \ —
698 patients \ > o 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

C t Databases that collects data of the same data source Databases that collects data of the same data type
urren

Cell Line Databases Public Cohort Databases Expression Data Collections

Problems in e ") S
—— - oo

Appyng D T T

Le a rn I n g to NCBI Gene Expression Omnibus (GEQ)

Genomics

Sanger GDSC St. Jude Cloud PeCan

) QO ETEL R Broad GDAC
OncoKB NCBI ClinVar

My Cancer Genome Sanger COSMIC
. European Genome-phenome
Suitable for RiEa

deep-learning

g Not suitable for 2 MSigDB | KEGG g BioGRID / STRING / ENCODE

deep-learning

Gene-centered Portal System

-




Cell line data

Genomics of Drug
Sensitivity in Cancer

Cancer Omics Data

—
P_q
https:/lwww.cancerrxgene.org/ Z -

Summary Methods & dataset
Exome sequencing
Array exome sequencing
GDSC1  GDSC2 Mutekion
Cell line 987 809 Copy Number
Compounds 367 198 Methylatllon
Expression
1C50 310,904 135242 Drug Screening - IC50s

Cancer Cell Line
Encyclopedia

:CCL
Summary
CCLE

1,457
24 (504 cell line test)

Cell line

Compounds

https://portals.broadinstitute.org/ccle

Dataset

WES
Mutation
Fusion

structural variant

miRNA

Global Chromatin

RPPA
Antibody
RPKM

RSEM
Methylation
copy number
metabolomics

m) NATIONAL CANCER INSTITUTE
GDC Data Portal

Cancer Omics Data

Human genomic data

https://portal.gdc.cancer.gov/

Summary
Projects 67
Primary sites 68
Cases 84,392
Genes 23,399
Files 596,758
Mutations 3,287,299

Method

Clinical data Diagnostic image
Biospecimen data Tissue image
Pathology Reports Radiological image
SNP microarray Bisulfite sequencing
Copy number microarray ~ Bead array

Low-Pass DNA Sequencing miRNA Sequencing
Whole exome Total RNA Sequencing
Whole genome Microarray

SNP microarray Reverse-Phase Protein Array
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  25576GB

Method

Proteome
Phosphoproteome
Acetylome
Gycoproteome
Ubiquitylome

L) 718 e

% ICGC
Data Portal
Summary
1CGC
cancer project 86
Cancer primer sites 22
Donor with molecular data in DCC 22,230
Total donors 24,289
Simple somatic mutations 81,782,588
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https:/idcc.icgc.org/

Method

Clinical data
Biospecimen Data
WXs

WGS

RNA-Seq
miRNA-seq
Bisulfite-seq




Issues to be considered

r

» Z4Zte| GlofE B7| 7|E

otof 2 GlofE FEol EH Y

ex)1.1IL2 = IL-2 =
2. typing error

interleukin - 2 =

interleukin-2

Table $1: Correcting drug names from TCGA to standard names

N\

Recorded Name frem TCGA & [Standard drug name
— 2 DBO0CA1 Adrsleakin
<> Qf% H7 I*E. w2 DBOOCA Ndesleskin
Interleukin -2 DBO0GS1 Adesteakin
Interleukin-2 DB00041 Aldesleaiin
IDMP = =
Anastrorsie DBO1217 Anastrotole
Identification of M«Mnal Products Mv ANASTROZOLE 0801217 Aasstrocole
Data clments Arriden 0801217 Aewstrosole
wmm;mwxmm».m NSWMWMDWQS ARIDEX DBO1317 prer—
PF04605412 N ants ASBY irtegin momockeul antibody PF-04605412
MORAB-004 N manoclons! o04?
atologous vacdine NA autologous vaccine
haeity 0806626 At
) DBOGE26 Aultinib
Cedeand 0804649 AZoUN
ol I I in
0988l B4 b ot —
vastia 0800112 Bencizmsd
SNOMEDCT = =
NIH )t
“The gichal umum Bevacirimad 0800112 Bevacizamad
e g BEVACIZUMAB 0800112 Bevacizuns
Sicalutemide 0801128 Bxabtermice
casader DB01128 Bicahtamide
Casoder 0801128 Bicabsiemide
Bleomycin 0800250 Bleomyein
Blecenycin DB0S0 Bleomycia
BRAF invibie NA BRAF imhibitor
cabaitarel DO06T72 Cataaitaxel
Jetana 0806772 Cabaitaxel
Cabozaatind DBOBETS Cabozantinid
Cancer Vax NA Cancer Vax
copcitabine 0801101 Copecitabing
\_ Capecitabine DBO1101 Casecitie  Bioinformatics, 32(19), 2891-2895. )
5 7isancta
8 CAOUC VIRSTY O KORIA,
Preliminary study - methodology
( ) (e A
2slets 4 o 1Y
= ool Gl il
AutoEncoder +0|5 22 (supenvsed
° ° Remfo.rcement Learning)
0,00 °
[ )
° (3
6 é
32 UMY H4 EX Med
\ J |\ J
= A =l A A
N HX[ & & 231 84

(Supervised Learning)

(Unsupervised Learning)

" gns s o
H

of
=
SRA7IE WY

A o

En| =

g

K

=
%
M
=

(Reinforcement Learning)

( 4y £ 43 2t )

82 Hholels Yo
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Preliminary study

I Genomic of Drug - g'l“‘lﬁ mutation
Sensitivity Cancer - expression
o . - Protein expression
E"°|E1 SEF% :RD:“Q?ZEI:T’S:::" .(Igzzgor:ssep DI:‘OS: response)
(1cs50) TCGA - Clinical data
s N X +
Sudy1 © [] Study 41 Q Study 4-3 0
= e
= !'.w«_. "'i"m = Ror # A\ +Cﬁ: *or
A3 g 2| o levels G N Iinical
=8 TE RNA levels _ All compound i RorNR RNA levels Al dTUQ levels  data Alldrug
o e g Al drug 0 6]
QM wHl RNia 1
oA 29 evels.
o I %42
g o Suy2 O Study_4-2 Study 44, 0,
e e ) TACAGTT
ln# &/ M Ra\R -y :
Protein Ievels PIatln drug RNA levels All drug levels  Mutation All drug
— i
) ( - ) r 0 Y e 0 A
AutoEncoder +0]Z 2 Zoets + 05 2 23S 4 0% 1Y
° ° (Reinforcement Learning) (Supervised
ib%&i L “ ¢ Reinforcement Learning)
. 0,00 00 o °
EER i.} $outh, s,
[ YT
= E o] x . . .‘ ¢ Lo ’
32 YK 52 2o 25 ME [ |
L 38 =5 () J’ ) . .
=g E iy
L 8 §Y MY )
Results
- 87 %8 WE X
e e
- (42 0| RNA
Genomic of Drug 0.66 Study._1 datah Elés [TEETET
Sensitivty Cancer RNAlevels Al compound " 7/ E4 s B
-RNA i —
 Drug ecponse(c50) AutoEncoder +0|% 2% | e
smdy ; 0006 - -3 %8 Y g
q:« 000 » -/ 0TS 253 45 e n
Protéln levels ~Platind¢n drug f
° 2
TCGA 2o 5% %1 54
Stu dy 3 o EUNE & p
- DNA mutation v 21 ) /
- RNA expression P'_'_ (," —
- Protein expression g :mx:::;:: - B x50 3
- Drug response Etém levels RorNR . 4 —snn::mx-nm 077“‘ T
(Response, non response) e e o ) '
- Clinical data l'l"'l' All drug ! ! . ’ "
RNA levels
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Results

[ HlojEf 28

] [ g 29 34
87

}a”ﬁoil'ltr%‘lfi'ﬂ%ollé][ 5% ]_—

o

TCGA

- DNA mutation
- RNA expression

Felof o8t A S71et Tt 37t

2 %
2
-Hanoz B X

ret 52

R v

(Reinforcement Learning)

s
RNA levels

[ ]
Study_4-1 | L _
- The model needs least 10000 episodes
— Qz 0,00 o0 m .
-ium # RorNR .’ . .‘.. :. ° - ‘ for train

( \

- Protein expression All drug [] (] -10000 episodes = 3350000 min =6 years
- Erug response . '
(,::.f::::)r non | BaEm ) 33671 SEXI0| L3 ZatA A0 &
- Clinical data
Z 56 =1.3998E + 101
(336-n)lxn!l
n
\ y
Results

o >
r;_|>.'. i3
= H
nE p2
rek -
=20x
=
rlu
a2
o
rE
olo
=2
A%
—
M
ot
of>
oz
13
-

- DNA mutation
- RNA expression
- Protein

TCGA 00 ° . 00 R (]
B +C|ﬁca|*‘ orNR ° ‘000' o .'
P levels  data Alldrug e e

Study 4-2

=

Sy b ([ zatsra = oo )

o S oot Study2 0.0
RNAlevels Al drug _ (Supervised

Reinforcement Learning)

Study_4-3

- Drug response

(Response, non
response)

- Clinical data

-
|\
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Results

-
Total gene KEGG cancer pathwa COSMIC cancer gene census
Cancer type Sample size 9 petway 9 v
typ (R:NR) (20531 genes) (525 genes) (683 genes)
AUROC Loss AUROC Loss AUROC Loss
1794
PANCAN @259) 0.791 0.795 0.782 0.875 0.720 0.715
278
BRCA (1585) 0.902 0.579 0.913 0.722 0.910 0.624
176
LGG #020) 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 _EN 23S o8
HNSC % 0.989 0.10 0.958 0.225 0.989 0.139 ofFf 22 a7
I @575) I . . . . .
KIRC (8;'? 9 0.750 21965.61 0.750 8.888 0.750 12.087
1
KIRP 7327) 0.333 141.36 1.000 0.141 1.000 0.041
8
KICH (675:125) 0.500 32591.15 0.500 13.325 0.500 17.119
LUAD 112 0.752 1.143 0.811 0.921 0.750 1.016
(47:53) ) ) ’ ' ) '
43
PRAD (3367) 0.593 1.230 0.704 1.371 0.580 1.827
. J
Results
( \ ——

su3e
group 1

bkl
group 2

- QA NSHENA 5 YU B NSHEA 49 3, 54 23
(88 5402 3R 4

UsHEHA A

group 1

group 2

« AUC

group 3 group 2+3

o Lloss

- o #H MsH
ZHANMN EY F
£3 0324 28
A gE 58 g4E
i1 (AUC=0.80)
Ozl 284 HE
7t FHMHE.

@
@
oln

process
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Results

-358 E402 0509 48
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|
glwp 1 '
s4%38

goup3

MsHENA B

¢
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.

group 1 group 2

=3
BAE
£ 0

9 .
Cgowp4  groups

B

group3 group 1+2 group 2+3 group 3+1group 1+2+3

Group 142+5

- SUN 23 HsH

2HACN Y =
£ 30524 o3
A 8% 53 B4E
A1 (AUC=0.80)
050 224 He
7hHHE.

N

.54 55 17
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signaling, cellular
processes &
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Results
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913 X5 X AlphaFold®| 27§

o
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Sl 1 CAmioC UNNERSTY OF K0REA

> AlphaFold

Primary protein structure
is saquence of a chain of amino acids

Pleated sheet Alpha helix

occurs when the sequance of amino ackds
are linked by hydrogen bonds

B
‘ Secondary protein structure
)\

Pleated sheet

Tertiary protein structure

occurs when cartain atractions are presant
between alpha helices and pleated shests.

Quaternary protein structure
is & protein consisting of mora than one
amino acid chain.

ey e ol Baman s drolom 1 RBIC Tty Bk of S rtewin POR 259, wrend mli 7[!2' ["UPILI
g PYNOL Delns SSaeate Famman C= | _(% T: :n;rv—u‘(*ku
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Analysis of Protein structure
> AlphaFold

Past 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

14 Molecules 2018, 23(8), 1963

s, MEEu g

THE CATHOLIC UNIVERSITY OF KOREA

Protein structure prediction

> AlphaFold

e B

1994 2022
Critical Assessment of CASP15
protein Structure Prediction
(CASP1)
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Welcome to the Protein Structure Prediction Center!
) 71

THE CATHOUC UNIVERSITY OF KOREA
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v

Model backbone accuracy
% correctly identified residues, GDT_TS

AlphaFold

DeepMind AlphaFold & AlphaFold 2

1994
Critical Assessment of
protein Structure Prediction
(CASP)

Template-based modeling targets

8

=3
(=]

=

N
o

~
(=]

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

ab initio modeling

2018
CASP13
AlphaFold1

¢ 2

Similarﬁy

measurement "\
X
'v-.l
5
L
O CASPI4
— CASR2 AP ~ =
ot aases o,
2 CASPE CASP7 5
» ot ) E
CASP10 caseit 7
CASP12 e CASP13
At e CASP1A SEIVEF
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. — Difficult

GDT; Global distance test

2020
CASP14
AlphaFold2
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What can | do for a medical research ... ?

g
> AlphaFold
ey b DeepMind
. . . .
Improved proteinstructure prediction using
. .
potentials from deep learning
https://doi.org/101038/s41586-01919237  Andrew W. Senior'**, 2",Johnjumpor"‘. James “, Laurent Sifre",
v e e e
Accepted: 10 December 2019 David T. Jones™, David Silver', Koray Kavukcuoglu' & Demis Hassabis'
Published online: 15 January 2020 0 o
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> AlphaFold

6 DeepMind  AlphaFold2

Highly accurate proteinstructure prediction
with AlphaFold

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

https://doi.org/101038/541586-021-03819-2  John Jumper'*~, Richtd Evans, Alexander Pritzel™*, Tim Green', Michael Figurnov',
Olaf berger*, Kathryn 1, Russ Bates", Augustin Zidek™,
Receive: 1 May 2021 o', Alex Bridgland®, Clemens Meyer', Simon A A Ko,
Accepted: 12 July 2021 Andrew J. Nlld“ e et Re redes, Nikolov',
. Rishub Jain", JomAdnr‘anBael‘ Stig Petersen’, mm‘ ﬂll\ullwy
Published online: 15 July 2021 hal Zielinskd', Martin Stei 23 Michalina Pacholsk
Openaccess Sebastian Bodenstein' David Slver’, Oriol Vinyals', Andrew W. Senior', Koray Kavukcuogls,
=
2] Checkfor ushmeet Kohli' & Demis Hassabis"*

e 75” e

Dirrsry P
”E teiert —O—*ér&*

T'H !
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Inputt saquence |

 Recycing (ves tmes

7| = E‘J |'_|| m—|
o Colab H01A2] AlphaFold AL
INPUT
AlphaFold 2 process
AA sequences Database
- Database ~2,200GB |
~240GB [ 1| o
EFU Intel i5 (4 cores, 8 threads)
RAM: 32 Gb
Gonge Ssge 0 ke | ocal
lcb |
mm alabre: Github - lu 2. To eventually become an unofficial Pytorch

replication of Alphafold2, as defails of the architecture get released
@ _ (1) Use alphafold in local PC - download alphafold )
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 AlphaFold and download prediction

@ ( Download alphafold Database

@ ( Install docker

(4)(_Install GPU driver

@ ( Install NVIDIA container toolkit

@ ( Build docker image

@ ( Running alphafold in local PC

Tuuuuu\r

( Alphafold process

| |
OUTPUT

m u
PO PKL] 2 I
L[] - .

- 7|§a||;|1m1

VERSTY OF KOREA
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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.
pdb70/ # ~ 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_seqgres. 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/ mgnify
# 13 files.
uniprot/ # ~ 98.3 GB (download: 49 GB) small bfd
uniprot.fasta uniprot
uniref9e/ # ~ 58 GB (download: 29.7 GB)
uniref90.fasta
Colab 0| M2| AlphaFold AL&'H : AlphaFold2
= READMEmd
AlphaFold
o00gle

TI037 / 6vrd
90.7 GDT

(RNA polymerase domain)

T1049 / 6y4f
933 GOT
(adhesin tip)

Experimental result

@ Computational predi
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Colab 70| A2| AlphaFold A2 : AlphaFold2

m & get PDBipymb 1
e [t [view insat Ructime Tooks Hep Comoes it sotbe smed
_ vew Click@
L0 seeaueas Cubnted
Out cel or sefecion

& AIF Copy el o« selection

Paste
This Cutepp et th f @ protei a sightly simplified version of AlphaFold v2.1.0.
Find and repiace Camebi
REC  oen cug 30 notebook mpl structures) and a selected portion of the BED
G2 e cobnineg ® PDB structires. While the full
Aph | fracti is. For best
..u| Notok setngs |C|ick @r Notebook settings
This e s cupuss suracy Hy multi : suracy it is highly
(" NCEIRN eem3eeOver, the Alpt  Hardware accelerator ke inthe
complex, hence it s substantialy siower If your notebook| O x @ lsing Coleb Pro
i Nore |
or running AlphaFold locally. ,?v.mus'vjal:muﬂmsymm
Please note that this Colab notebook is provided as an eat Clle @ hecretical
ey onv s aton ool b e o [:Iﬂa:lgmundexecnnr
Citing this work
Want your notebook to kaep running even after
Any publicaticn that discloses findings arising from using | il v P
close your browser? Upgrade to Colab Pro+
Licenses.
This Colab uses the AlphaFold model pacamsters which 3 D Omit code cell output when saving this notebock {EY40) Roense.
The Colab itself is provided under the Apache 2.0 license.
More information e
You can find inf i how AlphaFold w
« AlphaFold methods paper
* AlphaF f of the hy paper
+ AlphaFold-Multimer paper
FAQ on how 10 interpret AiphaFold predictions are here.
If you have any questions not covered in the FAQ, please contact the AlphaFold team at alphafold@daepmind.com.
Getin touch
We would love to hear your feedback and understand how AlphaFold has been useful in your research. Share your stories with us at
aphafoid@ceermind.com

hER 0ot
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Colab 02| AlphaFold A2 : AlphaFold2

© 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.

AL TN

Five steps to run AlphaFold2

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

AL J7N

~ 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.

OTE NS 11IE SEaTen SUaNe a1s0ases ana 1

ben minutes to hours, depending 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

e s ot 1 input length range: min: 16, max: 2500

o If you enter multiple sequences, the multimer model will be used

sequence_l: ~ G710) tent 2%

sequence_2: 4710 text 2%

sequence. 3. (7]0 text €%

sequence_d: 070 1ent 98

sequence.5: 0170 et Q1%

sequence.6:  07|0) text 2

B 7=

THE CATHOLC UNIVERSITY OF KOREA
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ucsc genome browser X m @[ Q

Google

Q4 @ oo 16| &3

BN % 4740,000% (0.45%)

D&Y Bwr 04

https:/igenome.ucsc.edu ¥
UCSC Genome Browser Home
- Interactively visualize genomic data - BLAT - Rapidly align sequences to

iy align PCR primer pairs to

Genomics
Institute

SHNTA AT e

Institute

VAT

Jodly  Werm

Genome Browser Gateway

Find Position

SARS-CoV-2 Assembly
[ Jan 2020 (NC_0455122)

E EN

Genome Browser

ot MyD

Term

Enter position. gene symbol or search terms

|Enter species. common name or assembly ID

Current position: NC (455102129503 @)

Unable tofind a genome? Send us a reguest. SARS-CoV-2 Genome Browser - wuhCor1 assembly [ view sequences |
BESC DECIRS TRER 4UG CORRLSHED ARSTRALY MY -
| # The SARS-Co di h v
D grieshowi — i i (COVID-19).
o e | Organization on March 11, 2020, e
Amelifers Ho-1, obtained R
Y China), it
Coogm 7 [ Publc Health Clinical enter on January 5, 2020 204 tothe US National Centerfor oo
€ breseer | i Bictechnology Information on Janwary 17, 2020, Pl R
C beiggsae | | o 000000
Cionica { | B The UCSC SARS-Co\ September 9,
8 BLAT - Rapidly align sequences to the genome C C.remune - = 2020158 of Noture Genetics.
u In-Silico PCR - Rapidly align PCR primer pairs to the genome ¢ | R X SCCOVID-19 4
' Table Browser - Download and fiter data from the Genome Browser ¢ Sl | e
" LiftOver - Convert ger dinates between bl . Download sequence and annotation data:
# REST AP - Returns data roquested in JSON format E "’*t?
/ | L
¥ Variant Annotation Integrator - Annotate genomic variants 4 | Lo
mex m More tools...
= =
THERY
THE CAT ERSITY OF KOREA
=2 3 ES
AlphaFoldE 0|88t SARS-Cov-22| THHE 1% 0|5
UCSC Genome Browser on SARS-CoV-2 Jan. 2020 (NC_048512.2) (wuhCort) ——
777777 mo:em«(»»»;zwninu.z.m-u-mnulu:hio-loo- Now: binds ACE2
malt-tegion | NC_O45512v2:1-29.903 29,903 bp. [chicemasome rangs, search tarms, help pages, see eramples || go | examrples Quick start guide ,_h“m o
| mlt-region | 3 NG O455121222871-23088
Genomic Size: 215
[ne_ousrae T oes12v2 1| Strand: +
R Visw DNA for this feature (mACOrI/SARS-Cov2)
J Sl 1040} ] kot =
NC_048812v2 5,000] 10,000] 18,000 20,000] 25,000/ e
Gaows from NG 0455122 N
ORFla S orFe | Status of COS start  cmpl
ORF1ab ORF3a’ N annctation (none,
ORF10’ unknown, incomplete,
or complete)
Statusof COSend  ampl
annctation (none,
unknown, h
d of complete)
Exon frame (0,1.2), or 0
I 1 if no frame for exon
Tramscrist type swsorot
Primary idantifar for
gene
Alternathve/human-
reacable gene name
nspd i Gene type
nsp10) protein 7'
orsl Status Manuslly roviewed (Swiss Prot)
ORF7a Annotation Type regjon of nterest
ORF7S Positon i 305 437.608 o0 proin PODTC2 |
r Long Name
UniProt haghlghted *Regors of Interest”
Disordered ml m GpppAbinding|  Disordered | Sysonyms
Binding 1o 40s. Fingers
| PP Pt .| Subeell. Location
| Rifp Paln Nder Comment Receptor-dinding most, binding to human ACE2
(-2 | RdRp Fingees C. UniProt record POOTC2
Discrdered | RdRp Paln Cter
Rdfp Thumb) Source articles
Links to sequence:
o Transiated Protein from ganomic DNA
o Pradicted TRNA
»_Genomic Secuence fom assembly
View table schewa
Gow rack convols

Source data version: Unrot Covic-19 pre-reiease 14-Oct-2022, ified through biat direct on 2021-12+13 (tadd 2687049, 81260460a)
Data last updated at UCSC: 2022-10-18 05:17:28

JHERI O
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Google  covineage X

QU4 Qoo [ sy w2 QXNE 4w
F42 2 8150,0007 (0.44%)
https:fcov-lineages.org ¥ Most common countries
Cov-Lineages
Pangolin was the dynamic of SARS-CoV-2 lineages & United States :m""“b::ngm
- - United_Arab_Emirotes i
the Pango nomenclature. It allows a user to assign a SARS-CoV-2 . 80%, 0%, 40%
Lineage List
A lineage predominantly circulating in California but with
Pangolin
Pangolin was developed to implement the dynamic .., 8 United States of America 37.0%,

. United Kingdom 19.0%, China 7.0%,
Lineage B Mezico 6.0% Germany 40%
Lineage B. Go to parent lineage: A - View more information at .

11 gl United States of America 46.0%,
B.11529 2022-11-25 risstmestmo
This webpage is generated using publically available sequence ... Canada 40% france 3.0%

cov-lineages,org 24 H27] >

Lineage List

208-
12-30

2008~
12-24

0-01

- #
designated  assigned

Description

One of the two original haplotypes
of the pandemic (A and B). Many
sequences originating from China
ond many globol exports; including
to South East Asia Jopan South
Korea Australio the USA and Europe
represented in this lineage

4001 9688 One of the two original haplotypes

of the pandemic{ond first to be

discovered)

46228 Alarge European lineage the origin
of which roughly corresponds to
the Northern ltalian outbreak earlv

7['alqm
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° AlphaFoldS 0|83 SARS-Cov-29] EHHE 7% 0%

=

Most common countries assigned

- United States of America 220%, India 19.0%, United

Kingdom 13.0% Turkey 7.0% Germony 5.0%

uneage

Description

177047 Predominantly

India lineoge with
severol spike
mutations,
desianation issue

Lineage B.1.617.2
~Go to parent lineage: 81617

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

Most Common Countries: United States of America 22.0% India 19.0% United Kingdom 13.0% Turkey 7.0% Germany 50%
Earliest Date: 2020-03-27

Number Designated: 8274

Number Assigned: 177047

@) WHo Name: Deita

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

Compare to other inesges
View S-gene mutations

o nem

nmnn

Characteristic mutations in lineage

Mutations in at least 75% of B16172 sequences (read more)

000

HIDE MUTATION TABLE

Characteristic mutations of B1617.2

gene  amino acid
ORFlb  P314L
ORFlb  G662S
ORFlb  PIOOOL
S TR

$ EI56G

S dell57158
S L4528

S T478K

S D6MG
S PEER

S DISON

JlE o

=T
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v 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.

3L EA|

100% | 00/100 (¢lapsed: 04:37 remaining: 00:00]

<

12l 2. Download AlphaFold

A

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

IC BN

100 | 100/100 (elapsed: 01:39 remaining: 00:00]

Running with Tesla T4 GPU

B s

THE CATHOUIC UNIVERSITY OF KOREA

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

O Enterthe amino acid sequence(s) to fold:

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

sequence_1: ~ AATTCTAACAATCTTGATTCTAAGGTTGGTGGTAATTATAATTACCTGTATAGATTGTTTAGGAAGTCTAATCTCAAACCTTTTGAGAGAGATATTTCAACTGAAATCTATCAGGCCGGTAGCACACCTTGTAATGGTGTTGAAGGTTTTAATTGTTACTTTCCTTTACAATCATATGGTTTCCAACCCACTAATGGTGTTGGTTACCAACCATAC

soquence 2:  01710] text 2%

sequence_8:  C17|0] text 23

soquence_d:  047/0f text 2%

soquence 5:  01710] text 25

sequence_B:  017(0f text 23

soquence_7:  01710] text &5

soquenos B: 0170 text &%

214

@ Ueirg the eingle-chein nods!.

» 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.

2234

Getting NS4 for ssquence 1

Searching mgniy: 100% | /147 [elapsed: 36:06 remaining: 00:00)
1 uniqus esqusnces found in uniref3) for esqusnce 1

1 uniqus esqusncse found in enellbfd for ssausnce 1

1 uniqus esqusncse found in monify for esqusncs 1

1 uniqus esqusnces found in total for sequence 1

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

Non-Gap Count

B /1=

THE CATHOUC UNIVERSITY OF KOREA
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5. Run AlphaFold end download prediction

O 0nce vis cenn: 3 Lpeche wih

¥ g lssu

rum_relue |

1392

Warmiog: Ths

@l stereochemical violaticns

Petaxation s fasier with 3 GPU, but we have found 1190 De less stadie. You may wish 1o enable GPU for higher performance but f It 0oesn't converge we suggested reverting 1 using wthou: GPU.

relause gsu O

Model Confidence
. Very low (pLDDT < 50)
Low (70 > pLDOT > 50)
. Confident (90 > pLDDT > 70)
I Very high (pLDDT > 90)

s, MEEu g

THE CATHOUIC UNIVERSITY OF KOREA

MODEL 1
ATOM 1
ATOM 2
ATOM 3
ATOM 4
ATOM 5
ATOM 6
ATOM 7
ATOM 8
ATOM 9 (B
ATOM 10 0
ATOM 11 N
ATOM 12 CA
ATOM 13 C
ATOM 14 (B
ATOM 15 0
ATOM 16 CG
ATOM 17 0G
ATOM 18 N
ATOM 19 CA
ATOM 20 C
ATOM 21 (B
ATOM 22 0
ATOM 23 CG
ATOM 24 0G
ATOM 25 N
ATOM 26 CA
ATOM 27 C
ATOM 28 CB
ATOM 29 0
ATOM 30 SG
ATOM 31 N
ATOM 32 CA
ATOM 33 C
ATOM 34 (B
ATOM 35 0
ATOM 36 CG

11.310 45.250 12.074 1.00 27.48
10.784 44.580 13.260 1.00 27.48
10.026 43.310 12.882 1.00 27.48
9.877 45.523 14.047 1.00 27.48
9.012 43370 12.183 1.00 27.48
10.663 42.210 12.688 1.00 35.26
9.972 40.934 12.528 1.00 35.26
10.841 39.775 13.009 1.00 35.26
9.571 40.725 11.069 1.00 35.26
11.836 39430 12368 1.00 35.26
11.091 39.784 14373 1.00 44.04
11.033 38,576 15.189 1.00 44.04
9.720 38510 15.964 1.00 44.04
12217 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
13420 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
7475 38293 18321 1.00 44.39
6.357 38.939 16.287 1.00 44.39
7.7114 35364 14361 1.00 3247
7.085 34.230 13.693 1.00 3247
7.618 32911 14.240 1.00 32.47
7.321 34298 12.184 1.00 3247
7.032 31.853 14.001 1.00 3247
5952 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

onﬁmszﬁﬁnzohonﬁnzOnonhhzoﬁﬁnzoﬁﬁnz

(]

) 71
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© 3. Enter the amino acid sequence(s) to fold [
Enter the amino acid sequence(s) o fold:

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

B 3E o

v e w

/ Sequence of Receptor Binding Domain (RBD)

sequence_|: ~ RVOQPTESIVRFPNITNLCPFGEVFNAT

YNSASFSTFKCYGVSPTKLNDLCFTNVYADSF Q PODFTGC YRLFRKSNLKPFERDISTEIYQAGSTPCNGVEGFNCYFPLQSYGFQPTYGVGYQPYE

sequence 2: 7100 lext 2%

sequence3: " G710] text 2F

sequence d: ~ O4/10] text 4%

sequence.5: * 710] text 2

sequence B: 07100 text 2%

seauence.7: ~ %710) text 28

sequence_8: 017100 text 1€

2EEN

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.

Ic EA

© 5. RunAlphaFold and download prediction

Once this cell has been executed, a zip-archive with the obtained prediction will be automatically 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 distracting small stereochemical violati
run_relax:
I EA|
+ 35 4 HAE =-|[—. 7mg|;ﬂgm

THE CATHOLIC UNIVERSITY OF KOREA

AlphaFoldE 0|88t SARS-CoV-22| THAH X 0F

14 4, Search against genetic databases

Once this cell has been executed, you will see statistics about the mulliple 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.

Getting NSA for seauence 1

sschig oy 04 [ 15 s 179 01

653 unique sequences found in uniref30 for sequence 1
4 unlque sequences found In smallbfd for sequence 1
1 unlqua sequences found In monify for sequence 1

660 unique sequences found in total for sequence |

YeLx, o : %
YRLE 0} i 1%
YRLK 1) %
YELE, 1 %
TP o i3
YFLE 1) i
rELx 1 %
vELE o %
YRIK! i G

" x 1

: x] 15

=R

2225435 3 Feodsqngas

luo_nuo menel R 0
RLAD AERPE MLEE! %
o~ Per-Residue Count of Non-Gap Amino Acids in the MSA for Seguence 1 ST e o
Iu._lllﬂ EXEN] el
RLAD_ARCFY v AVEE 75
RLAO_METEA MAVXAKEQDD! EWKE 8
= RAo T caa s UCIAPRRLE L "
3 RLAD METYA ERNAL 2
s
jm 7
n
1%
EWDA kil
TR ) 1% o %0 ERDE »
17
12
RLAO_PICTO 12
raler 1...... 2
( uniref90 )
[ mgnity )
AA sequences
e “f?m :
( uniprot ) = UEEl !
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Predicted LDDT

%

Model Confidence

Very low (pLDDT < 50)

Low (70 > pLDDT > 50)

W 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

/520
Model Confidence
Very low (pLDDT < 50)
Low (70 > pLDDT > 50)
Confident (90 > pLDDT > 70)
Very high (pLDDT > 90)
Predicted LDDT
pLDDT(predicted Local Distance Difference Test)
. pLDDTE LDDTE 2 O F0t +X| 2 05 22| 2 residue A 2|
Me|=E oL,
5 AR ZEO residue?t HOFLE YX|St=X| 0 F0t 421 SA|0f S
h SIX|O| M CHHE X T} foldingO| & El=X| S LIEFH LI,
] pLDDTEO] RS2 A'EIE7P RS 20/t o /X[ Q|
. residueS 0| FEMot F25 71 S 0| L(Th
s LDDT: 01| DEHO| M| CHAE D ATHE UX|SH=X|E LiEtLY =
[0,1]2 | ML E 10| 7hitE =5 A CHE A UX|E 2
B e R ma 9|D|%”-|Ef.
. PAE(Predicted Aligned Error)
’ PAEE 29| residue?tQ K| Of LA X| 7} A K| 220t HOtL A}O|E
JFX| =X O ot 42 o T 4f0| RO F residue?t $%] 2
5 Yot g QoL
R » o, Ui BR i
5 % B 100 125 150 15 200 VERSITY OF KOREA
Scored residue
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Al

@ ugoges Hy X o Alphafoldipymb - Colabor
A [ Wec > 84 > wonjong > 22 v b 0% A
4 MEG B @ prola
Wy
b EDRE
$ogec
Bs
584 12 22 5
mEzRg
& 4R »
)8
e B8 023 () §
- 52 023 0
A ey o 0
2 ooy [procinzp JF * PDB file
R BAM. [ALZp 2P Fil ') ¥ PyMOL ChimeraX
~ 26877 [
In general predicted LDDT (pLDDT) Is best used for Intra-domaln 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 predictions of the human proteome paper, and the AlphaFold-Multimer paper as well as
our FAQ on how to interpret AlphaFold predictions.
F8R > User > &A » wonjong > & » prediction » prediction v | O | | prediction Z4
A
0 THS R 78 37|
[ predicted aligned_error json 2022-05-03 27 9:05  JSON It 54KB
WY selected_prediction.pdb 2022-05-03 27 9:05  Protein Data Bank... 89K8 s
7hEot
THE CATHOUC UNIVERSITY OF KOREA
AlphaFoldZ 0| &% SARS-CoV-20| THHE 1 oS pLDDT
- Atom Residue temperature factor | Element
Record Name  serial  Atom name Residue Name ChainID  sequnce X Y Z  Occupancy
(B-factor) symbol
PDB number number
- ATOM N MET A 1 -650 -1675 583 1 N
ATOM 2H MET A 1 -6533 -15.777 58.035 1 H
ATOM 3H2 MET A 1 -7.551 -16.959 58.547 1 H
ATOM 4H3 MET A 1 -6011 -1691 59.109 1 H
ATOM 5CA MET A 1 -6.158 -17.624 57.134 1 C
ATOM 6 HA MET A 1 -6.298 -18.659 57.494 1 H
ATOM 7¢C MET A 1 -4.65 -17.501 56.924 1 C
ATOM 8(C8 MET A 1 -6.99 -17.429 55.907 1 C
ATOM 9 HB2 MET A 1 -6.503 -17.961 55.09 1 H
ATOM 10 HB3 MET A 1 -7.043 -16.372 55.649 1 H
ATOM 10 MET A 1 -3943 -18.391 57.334 1 0
ATOM 1206 MET A 1 -8.406 -17.9% 56.05 1 C
ATOM 13 HG2 MET A 1 -8.337 -19.033 5639 1 H
ATOM 14 HG3 MET A 1 -8953 -17425 5681 1 H
ATOM 155D MET A 1 -9333 -17.958 54.511 1 S
ATOM 16 CE MET A 1 -10.835 -18.857 54.983 1 C
ATOM 17 HE1 MET A 1 -11.339 -18332 558 1 H
ATOM 18 HE2 MET A 1 -10578 -19.867 55.307 1 H
ATOM 19 HE3 MET A 1 -11.507 -18.914 54.132 1 H
ATOM 20N PHE A 2 -4.184 16412 553 1 N
ATOM 21H PHE A 2 -4.856 -15.744 55.949 1 H
ATOM 2CA PHE A 2 -2.816 -16.168 55.783 1 C
ATOM 23 HA PHE A 2 -2.798 -15.448 5473 1 H
ATOM pLYo PHE A 2 -1599 -16.889 56.41 1 C
ATOM 25C8 PHE A 2 -2.557 -14.651 55.862 1 C
ATOM 26 HB2 PHE A 2 -2.966 -14.246 56.783 1 H
ATOM 27 HB3 PHE A 2 -1.482 14476 55.89% 1 H
ATOM 20 PHE A 2 -0.756 -17.388 55.674 1 0
ATOM 296 PHE A 2 -3.0%9 13873 5468 1 C
ATOM 3001 PHE A 2 -2.249 -13.588 53.592 1 C
ATOM 31 HD1 PHE A 2 -1.221 -13.931 53.602 1 H
ATOM 32(CD2 PHE A 2 -4434 -13.423 54.655 1 C

MR
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1 AlphaFold v.2.2.3(2022.08.25 released)

— 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 ]
}
]
JHEAOD
AlphaFoldE 0| &3+ SARS-CoV-29| CHIE 7% 0% http;//hong|ab.catho“c_ac_kr
OF CATHOLIC UNIVERSITY OF KOREA, COLLEGE OF MEDICINE
e DATA SCIENTIST
Can Come With Us
[2023 KSBI-BIML] Z2] X2
]Y% Dongwan Hong kS 1
Hyay &2 BIML_27p[30688054 byte] g BIML_|.Zip{178277 byte]

o 2023KSBIBIML BYXE
« AphaFoldB BEY 0

LECTURE NEWS
(2022-11-04] HAIQ 2B MY [2023-01-27) [2023 KSBI-BIML] 2] &t2
[2022-09-24] [228111 = 281712 8f 238 _2E0lE 20230102 [T (M1 ) OhAT, e
[2022-09-16) [2281A = 2817 BITE B U B BS... [202242-27) [BK21_4TH_D[2QIREH 2j2f3fxt 2.,
[2022-08-30] [228}A = 2817) 9| YG[0[Ef, SBH... [202242-06) Al 7|} CIX|S BtO|@ AZX|Qf 2 E
(2022-06-14) [2] 847} 28114) (2281 18}7| HEIHE) (2022-44-30) LAIDD (LECTURES ON AI-DRIVE...
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Google colab® 0| &% Ol 5 +Z2| 34

Google  googlecolsd X m4@Q
QU Pool EEAN BRE2 PEA G £3
2442} © 249000007 (0.34%)
o O e https:ffcolab.reseacch google com v
Google Colab
(Colab notebooks allow you to combine executable code and rich text in 3 single document, dlong
with images, HTML, LaTeX and more. When you create your own Colab ...
of HOIXE 02 ¥ B2MAUC 12 B2 ¥R 21129
© google colab U Google Colab
Google Drive AWHOIA AZNEAE N 6|8 CHOJEI Colab A2 ..
@ google colab - Google Z4 X
Pro
- No subscription required. Only pay for what you use. Faster GPUS
Filter notebooks
Overview of Colaboratory - Markdown Guide - External data
Connect
Colab is 3 Python development environment that runs in the ..
google.com H4AX G| >
wi= Pl e
-'. THE CATHOUC UNIVERSITY OF KOREA
° AlphaFoldZ 0|83t SARS-Cov-29| EHAE 1% 0|5
Google colab® 0| &%t 05 PX2| 84
o H2AME Google Drive GitHub Yzc
( gl e | el gl gig |
#a A VtE R ot
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Google colab® 0| &% Ol 5 +Z2| 34

#4301

¢ Dy B B3 LAIDD
O =3 '/

A
v

B dA3g : F

B A
© Og=c
iCloud
& iCloud Drive
E? 38
HA
B Google Drive AlphaFold_draw.ipynb
= 24 - 251KB
@ Blue =
Wy o
@ =84
o =44 24 #Ha 1
=, Uil
° AlphaFoldE 0|88t SARS-Cov-29| T H 1% 0%
Google colab® 0| &% 0|5 FZ2| 34
Co & AlphaFold_draw.ipynb 7+
0¥ 23 2| MY PEQY B EET 2% 0040 0O
It HAE
1Y ox T 7
G B &
Q Ej C ° import pai
MM xEA0| Y2E :
B import nu
{x} from matp.
» @ sample_data
|D [ ] colab plde
b =1
[ 1 with open
for line
-, Wik
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Get information from PDB & JSON file - draw pLDDT & PAE

v (1] import json
import pandas as pd
import numpy as np
from matplot!ib import pyplot as plt

v (2] colab_plddt =[]

b =l
Predicted LDDT
v (3] with open('/content/selected prediction.pdb’, 'r') as file:
for line in file: n
if line.startswith(*ATOM'):

nunber = int(line(22:26]) -

f number == b:
b=l "
score = |ine[61:65) .strip() 8o
colsb_plddt.spoend(float (score)) »

elif number = 1 and b > 2: o
b=!
be=1 3
score = line[61:65) .strip()
colab_plddt.append(float(score)) »

L] o »w 150 m
Berdue

v ° plt.figure(figsize=(16, 6])
plt.plot(colab_plddt, linestyle="solid")
plt.grid('True')
plt.xlabel('Residue’)
plt.ylabel( pLDOT")
plt.suptitle('Predicted LDDT',fontsize=20)
plt.savefig(’/content/oL00T .png*, dpi=300) =1[—'. 7'§gjl|:“ghl

THE CATHOUIC UNIVERSITY OF KOREA

o AlphaFoldE 0| 8%t SARS-CoV-22| CHHE X 0f|F
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 =)
b =l 90 T
[3] with open('/content/selected prediction.pdb’, 'r') as file: 8
for line in file:
i line.startswith('ATOM'): -
number = int(line[22:26))
if number == b: 5
b+=1 aﬁo
score = |ine[B1:66] .strip()
colab_plddt.append(f loat(score)) 5
elif number == 1 and b > 2:
b=I
bt=| “
score = |ine[61:66] .strip() L
colab_plddt.append(f loat(score)) » °
1
[9] plt.figure(figsize=(8, 1) renge
plt.boxplot([colab_plddt])
plt.xlabel( " range")
plt.ylabel("pLODT")
plt.suptitle( Predicted LDOT',fontsize=20) —_ EBI[H0H
plt.savefig(’ [content/oLODT png”, dpi=300) = Zt?"r‘“?m
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Get information from PDB & JSON file - draw pLDDT & PAE

ficolab AlphaFold latest version result file

Predicted Aligned Error

import json [ s
import pandas as pd ‘
import numpy as np _i bl
from matplotlib import pyplot as plt :
§ 100
with open('/content/predicted_aligned error.json', 'r') as pae: = 15
. . g 175 -
info = json. load(pae) o
pae = infol0] ['predicted_aligned_error'] < 150 1 10
max_pae = infol0] ['max_predicted_aligned_error'] 175
5
200 1
plt.imshow(pae, vmin=0., vmax=max_pae, cmap='Greens r') : : : . : 0
plt.colorbar(fraction=0.046, pad=0.04) 0 50 B 10dl} i 50 20
' 0 0 0 0 ored residue
plt.title( 'Predicted Aligned Error')
plt.xlabel('Scored residue')
plt.ylabel('Aligned residue")
plt.savefig('/content/PAE.png', dpi = 300)
[IEY 7SRO
o AlphaFoldE 0|88t SARS-Cov-29| T H 1% 0%
Get information from PDB & JSON file - draw pLDDT & PAE
ficolab AlphaFold old version result file
Ll Predicted Aligned Eror
import pandas as pd 0 =
import numpy as np g
from tpl “b import lot as plt
rom matplotiib import pyplo p m 5
with open('/content/predicted_aligned_error.json’, 'r') as pae: W04
info = json. load(pae) u Q0
residuel = info(0] ['residuel’] 'E 04
residue2 = infol0] ['residue2'] ﬂ |
pae_score = infol0] ['distance’] T 15
U404
=
pae_array = np.ones((max(residuel), (max(residue?)))) = 50 4 10
for x, v, z in zip(residuel, residue2, pae_score): 601 5
pae_array[int(x-1),int(y-1)] =z
704

plt.subplot(t, 1, 1)

plt.imshow(pae_array, alpha=!, cmap="Greens_r")
plt.colorbar(fraction=0.046, pad=0.04)
plt.title('Predicted Aligned Error')
plt.xlabel('Scored residue’)
plt.ylabel(‘Aligned residue’)
plt.savefig('/content/PAE.ong', dpi = 300)

Scored residue

= K

tEEO
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Get information from PDB & JSON file - draw pLDDT & PAE

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

11 Wuhan-hu-12] pLDDT 2t %2

wild_plddt =[]
b =l

with open('/content/wild.pdb’, 'r') as file:
for line in file:
if line.startswith("ATOM'):
number = int{line[22:261)
if number == b:
b+=1
score = line[f1:66]) .strip()
wild_plddt.append(f loat(score))
elif number == 1 and b > 2:
b=1
b+=1
score = |ine[61:66) .strip()
wild_plddt.append(f loat(score))

#2.delta® pLODT ¢t £2

mutated_plddt =[]
b =

with open('/content/mutated.pdb’, 'r') as file:
for line in file:
if line.startswith('ATOM'):
number = int(line[22:26])
if number == b:
b+=1
score = line[61:66].strip()
mutated_plddt.append(f loat(score))
elif number == | and b > 2:
b=|
b+=1
score = |ine[61:66] .strip()
mutated_plddt.append(f loal(score))

s, MEEu g

THE CATHOUIC UNIVERSITY OF KOREA

#. Y Je4= 2epd|

plt.figure(figsize=(10, 6)
plt.plot(wild_plddt, linestyle="solid", lsbel="¥T")

plt.plot(nutated_plddt, linestyle="dashed", label="MT")

plt. legend()
plt.grid('True')
plt.title('Predicted LDOT")
plt.xlabel ("Residue’)
plt.ylabel( pl0OT")

plt.savefig(’/content/compare plddt.png’, dpi=300)

Predicted LODT

) 71
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Get information from PDB & JSON file = view 3D structure

E UCSF ChimeraX

meaX Home UCSF ChimaraX (or simply ChimeraX) is the next-generation molacular visualization program from the Rescurce for Siocomouting, Visualization and infoematics (REVY, following LICSF Chimera. ChimeraX can be downloaded free of charge for academic,
government, nonprofit, and perscnal use. Commerdal wsers, please see Chimera commeegial fgpnging.

ChimeraX 15 developed with support from Naboaal Inshtutes of Health ROT-GM129325, Chan Zuckerbeeg Indiatve grant EOSS4-0000000439, and the Office of Cyber Infrastructure and Computabonal Bickogy. National Institute of Alery and Infachous
Duisgses.

| Feature Highlizht
B Interactive H-Bond Histogram
Hydrogen bonds (H-bonds) can be identified with the H-Bonds tool, hbonds command, or the Molecule Display <mamu ploted 35 an interactive histogram with the

command srosshinks histogram.

The ChaneraX graphics wandow shows the complex between a natural kiler cell recepior 284 and iis hgand CD48 (PDB 201t). The receptor proten i biue, the kgand proten prk,
and H-bonds between them dashed yellow, with Hebonding residues lsbeled. Akhough not done here. the Hebonds could also be labeled by distance.

G The hestogram of H-dond distances on the top night 1 inberactive: when the cursor is placed over a bar in the hstogram, the comespending H-bonds are temporanly enlarged in
.5 schure of whe < the 30 view and the others hidden. For image setup other than crientation, see the command file hb3cx
smaen 3\‘6.’ - NLM Ket
o e 2022 W
106117935 399-405. S
Shrustral b of actin Banent
: 03, Oosterneert W,
Kk BU ¢ ol flanue 2022 Nov
8117351374375,
Molesdar giue i{ww SEmpssini
2094 ]
coalemation Watson ER, Novick §
o Soence 2002 Now
4378166191529.553.
Mechanam of 0 ntpmesbane
Smalinscate L Kim MK ot
Netare. 2022 Nov
ISNPIMLIE-165.
A5 T export By e bacheral P
¥ Kien Ta, B-factor Coloring
redenc DW ef ol mie 2002 Oct
BT Atormic B-factor values are read from POB and mmCIF input files and assigned as attributes that can be shown with colaring and used in atam soecification This example shows B-factor
More itatons., variabon withn a structure of the HIV-1 protease bound to an infabxtor (PDB 42wl For complete image setup, incuding posiboring. color ey and label, see the command file
bfactocon
‘Addtional color key examples can be found in tutorials: Colring by Bleciresatic Porential Coloring by Saguance Corsenvation
Mo ot

@ 7e=20ua
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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, govemment, nonprofit, and personal use;
commercial users, please see commercial 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 plder releass if a bundle you wish to use has not been updated yet. Showing releases for Windows 10. "'.
<
Windows ChimeraX-15 exe 20223 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 log). While a given build may have unforeseen problems, these are often fixed by the next day. Showing releases for Windows 10.
Windows chimerax-dailyexe  [2022'1 118 28% | Download is @ Windows installer. Tested on Windows 10 and Windows 11.» More Info...
» Other releases
7tE=Ciotn
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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
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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
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> Cancer®A| AlphaFoldE 0|&%t protein 3AH¢ X 0%

b
»N
o
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)

» Journal article  m Preprint

o ~
o ol

N
o

Number of research articles

Paper describing
N ——————— [, 1] 7 —
AlphaFold2 released, with
announced as source code.
winner of o : :
protein-folding
software contest.

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. onature

e, MR
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> Cancer0] A AlphaFoldE 0|83t protein 3kt X 05 *

nature reviews drug cliscovery

Explore content v About the journal v Publishwithus v Subscribe

pature > > pews > article

NEWS | 14 September 2021

What does AlphaFold mean for drug

discovery?

dRoseTT)

[

Inactive Active

for protein

gher Mulard
vy f =

Source: Noture 596, 583-589 (2021)/Springer Nature Limited

Non-uniform motions Uniform motions
Labroots: Drug Discovery & Development

"?"h

https://pdb101.rcsh.org/motm/motm-about

® Moving parts

® The longer wish list
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Cancer drugs

o 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

FGFR1/3fusion _ Mismatch repair deficiency (AMMR)

1.3% ROS1

fusion | - ALK Nivolumab, ipilimumab and atezolizumab
0.8% fusion | | KRAS mut. L p

RET fusion 4.9 | | 6% High tumor mutation burden
1% BRAF mut,L HER2vmul

1% o

Cancer0i M AlphaFoldE 0| &% protein 3A4H X 0%

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

a3 .
.
:
-]
g
3
-
- .
£ ’
8
* . s g a e v o w xw |[EEGE %

= T - T
0 20 @0 600 800 100 121000

: mﬂwﬂf\f’“ﬂﬁﬂ’”\j"w% rﬁ“\(\’f\r(’“r‘*‘f“f'f-"\ M | |
e ) MV!\J” V i

10 0 x 0 0 0 n 50 5% 1000 1% 100
Reudie

- 88 -



Cancer®|A] AlphaFoldE 0| &% protein 3X2 1% 0%

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

EGFR protein kinase[712:979] W Very high (pLDDT > 90)
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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 compliance with the licenses.

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

HER0{t
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v [

lgit clone https://aitlab.con/ElofssonLab/Fol dDock. git

Cloning into 'FoldDock'. ..

renote: Enumerating objects: 30083, done.

remote: Counting objects: 100% (198/198), done.

renote: Compressing objects: 100% (190/190), done.

renote: Total 30083 (delta B9), reused 61 (delta 8), pack-reused 29885
Receiving objects: 100% (30083/30083), 2.94 GiB | 18.00 MiB/s, done.
Resolving deltas: 100% (5586/5586), done.

Checking out files: 100% (19182/19182), done.

lpython3 fcontent /Fol dDock/src/pdocka.py —-pdbfile fcontent/selected prediction.pdb

nDock = 0.154 for /content/selected_prediction.pdb
This corresponds to a PPY of at least 0.71331784

0 K0 50 K0 K0 K0 2 KD 2 KD 12 KD 5 K 50 KD KD KO A AD
PPN A A A A2 A A0 ) A

o Cancer0i M AlphaFoldE 0| &% protein 3A4H X 0%
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0-4 T T T T T T T T ) S— — — — | o T T I I I
i Mincorrect U4 Mincorrect
04" [HAcceptable | W Acceptable
. Medium 0.35+ Medium -
MHigh [WHigh
“0.35 . 0.3+ -
503 C3=080 - §
0 0025 Cl=0.24 C2=0.51 C3=0.81
Y025 C1=0.23 C2=0.49 {1 9
g 0 0.2
S 02 L5
'43 ]
8015 | uéo.ls
w w
01 0.1
0.05 ‘ 0.05 | 1
haas, ‘[II ||||||I||“| ||||“|||”I nnn L JJIII |IIIII|I||| |||||||||””‘I llll IL_.

bins

9 45 10 40 9 45 0 A0 9 A0 0 K9 0 A 1 50 5 A0 0 O
0002000405010 40 40 20 0 1 20,000 P 20 0
Q‘Q 0'0 0"\’@\’ Q'} Q'}Q?) Q?’ QP Q'h Q?’ 09.) Q?) 0?) Q,'\ Q"\ 0“6 Qiﬁ 09 09

bins
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Use alphafold in local PC - download alphafold

@ Downloaded file list

Augustin-Zidek 3nd Copybara-Service Intemal change

https://github.com/deepmind/alphafold

ol wonjong@wonjong-MS-7C94:

v . (base)

2 (base)
(base)
/dccpmnd/alphafold.gul

~[/Desktop/alphafold Q =

$ mkdir alphafold
$ «d alphafold/

$ git clone https://qithub.com
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Download alphafold Database

P main v alphafold / scripts /
wonjong@wonjong-Ms-7C94: ~/alphafold/alphafold/scripts

/ ktop/alpha aroef
alphafold/scripts/download_all_data.sh place/where/download/databa
se

Sebastian Bodenstein and Copybara

download_all_data.sh

Database download directory should not in alphafold dir
download_alphafold_params.sh ectory.

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

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

(e B e B e B e B e = R o= o= A o B o R

download_uniref90.sh

=

=_'P P

oo MEEL

o Local computer®|A{ AlphaFold At 4

Install docker

#update advance packaging tool(apt) list serlocabost:- N
$Sud0 apt Update File Ect View Search Terminal Help

(base) [user@localhost ~]$ sudo docker run hello-world
#install apt-transport-https, ca-certificates, curl, gnupg, and Isb-release to setting d  #etto fros vocter
Ocker repOSItory This nessage shows that your installation appears to be working correctly.
$ sudo apt install apt-transport-https ca-certificates curl gnupg Isb-release To Scacrite T2 feasmne, Dacter sool T Touolna skeas;

The Docker client contacted the Docker daemon
2. The Docker daemon pulled the "hello-world" image from the Docker Hub.

1 (and64)
#generate dOCker GPG(GNU PnVaCy Guard_) key S I:: D:(kev daemon created a new container from that image which runs the
$ curl -fsSL https://download.docker.com/linux/ubuntu/gpg | sudo gpg --dearmor - executable that produces the output you are currently reading.
. . . 4. The Docker daemon streamed that output to the Docker client, which sent it

0 /usr/share/keyrings/docker-archive-keyring.gpg to your terninal

. . . Tot meth: re aabitious, run an Ubuntu container with:
#setting docker repository to install docker. Arch=amd64 or armé4 (users env) e e Gl e
$ echo "deb [arch:amd64 Signed-by=/USf/Share/keyfingS/dOCker-afChiVG-keyring.g Share inages, automate workflows, and more with a free Docker ID:

] https://hub.docker.con/

https://download.docker.com/linux/ubuntu $(Isb_release -cs) stable" | sudo tee /etc "1l o sy er oot tortesy
/apt/sources.list.d/dockerlist > /dev/null

(base) [user@localhost ~|s [}

#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
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Install docker - add user

user@localhost:~ ~ )

# add docker user group e e el e

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

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.

H H 2. The Docker daemon pulled the "hello-world" image from the Docker Hub.
#update group infomation o ot
$ 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 n heIIo-worId 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.con/

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

(base) [user@localhost ~]$ ]

s, MEEu g

THE CATHOUIC UNIVERSITY OF KOREA

oLocal computer®|A{ AlphaFold A 4

. user@localhost:~ = [k
Install GPU driver I
File Edt View Search Terminal Help
(base) [user@localhost ~]$ lshw -C display
#check PC GPU pI’OdUCt NARNING: you should run this program as super-user.
$ Ishw —C display +-display
ription: Vi mpatib ntri

product: TU182GL [Quadro RTX 6660/8660]
vendor: NVIDIA Corporation
physical id: @
bus info: pci@e6ee:17:60.0
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
500-91ffffff memory:380060000000-38006fffffff memory:380070000000-380071ffffff i
oport:5000(size=128) memory:92000000-9207ffff
*-display
description: VGA compatible controller
product: TU1626L [Quadro RTX 6600/8660]
vendor: NVIDIA Corporation
physical id: o
bus info: pci@ee0e:73:00.0
version: al
width: 64 bits

JtEE o

THE CATHOUC UNIVERSITY OF KOREA
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Install GPU driver

#in ubuntu environment, ubuntu can check and auto install g wonjong@wonjong-Ms-7C94: ~/Desktop Q. =
recommend?d GPU d_rlver (base) g $ ubuntu-drivers devices

$ ubuntu-drivers devices WARNING:root: pkg get_support nvidia-driver-390: package has invalid Support Leg
$ ubuntu-drivers autoinstall acyheader, cannot determine support level

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

modalias : pci:v000010DEd0000128BsvO00010435d00008770bcO3SCOO100
: NVIDIA Corporation
: GK208B [GeForce GT 710] (GT710-4H-SL-2GD5)
: nvidia-driver-390 - distro non-free

: nvidia-driver-470 - distro non-free recommended
: nvidia-driver-470-server - distro non-free

: nvidia-driver-418-server - distro non-free

: nvidia-driver-460-server - distro non-free

: 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®]A| AlphaFold At2 &

Install GPU driver from nvidia driver download paae
ZNVIDIA

SUPPORT ABOUT NVIDIA »

Select from the dropdown List below to identify the appropriate driver for your NVIDUA prodct.
Product Type: [NVIOWA RTX / Quadeo <
Step @ Product Series: | Quadro RTX Series
Product: | Quadro RTX 8000 -
Operating System: |Linux 4-bit
Downiload Type: | Producticn Branch

Language: [Englith (US) v

‘ DOWNLOAD DRIVERS'

X64 D64/EM64T) DISP DRIVER
THE ULTIMATE PLAY Version: 515.65.01
- Release Date: w82
J i Operating System: Linux 64-bit
' Language: English (US)
/ File Size: M1
SUPPORTED PRODUCTS ADO(TIONAL INFORMATION

+ Fized 2 bug that caused the X sevver to hang when VT-switching with steveo enabled.

* Fleed an sue that cavsed OpenGL applications 1o be unresponsive in SU Mosaic mode with no monitors enabied on
the primary GPU,

+ Improved performance on GPUS which are experienciag 3 high number of cormectable ECC memery errors.
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Install GPU driver from nvidia driver download page

wou

Download

DOWNLOAD DRIVERS

This downkoad ncludes driver and an option & ol

Step @

GEFORCE'
FXPFRIFNICF

‘ FRAMES WIN GAMES

« Qheme Q E & - 8 x
tw driver releases from NVIDW.
without
O frcent ‘ 2 P F »y. leaving your deskiop.
D Documesss . —d
ouda 1040, coderrepo-hel- 11 Doy Documents
¥ Dowslonds ANQ LN ook LLA0.
onaons
A Mk
@ Pores — < ==
Step @ e & @
B Tmh Doweiouts idednd mewende) Mearde et
Una b 4
+ Other Lacations. o
L~ P P
< b
Mar VO U i Petres Puie
ey
user@localhost:~

application. Decails for use of the software can be found i the NV/OU Geforce Software license

File Edit View Search Terminal Help
Step ®

(base) [user@localhost ~]$ sudo sh NVIDIA-Linux-x86_64-476.94.run

°Local computer®|A{ AlphaFold A 4

Install Nvidia container toolkit for using gpu in docker container

Install nvidia container toolkit

$ distribution=$(. /etc/os-release;echo $ID$VERSION_ID) &&

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-dockerlist | su
do tee /etc/apt/sources.list.d/nvidia-dockerlist

$ 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 ~]$ docker run --runtime=nvidia --rm nvidia/cuda:11.4.6-d
evel-centos8 nvidia-smi
Thu Sep 8 00:02:50 2022
CUDA Version: 11,4 |

+ ; X
| NVIDIA-SMI 478,94 Driver Version: 470.94

| 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 8060 off | 0600PEE0:17:00.0 Off | off |
| 33% 34C P8 20W / 260W |  3912MiB / 48601MiB | 0% Default |
| | | N/A |
................................ T T TR L O
| 1 Quadro RTX 8000 off | 9000PEE0:73:00.6 On | off |
| 33%  38C P8 17W / 266w | 572MiB / 4B592MiB | 5% Default |
| | | WA |
+ . + + +
| 2 OQuadro RTX 8066 0ff | 60000000:A6:00.0 Off | off |
| 33% 33C P8 9W / 260W | 2120MiB / 4B601MiB | 0% Default |
| | | N/A |
SRR I e B R e AR SRR N O et SR e AT +
e eeeeeeeeeeeesseeseeeeseseseseseeseeeeseeaes +
| Processes: |
| GPU GI CI PID Type Process name GPU Memory |

I I Usage |

|
-+

c

EEJ[H 3

o =
LY L i e

iEd

2
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Build docker image

. . . . P main «  alphafold / docker
Build docker image and install docker require packages

Augustin-Zidek and Copybara-Service Pin Cond verson 10 413

#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 1D CREATED
SIZE
alphafold latest €8d8550291¢c8 13 hours ago
12,668
7, l

Local computer®|A{ AlphaFold At 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 = .pdby/.pkl file

B

3

Ju
=
i
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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...

L ZHER ot
oLocal computer®|A{ AlphaFold A 4
pr—— - G
— ) (mgnify D1t
r’ o ” e -(
= e
MSA
drerges _<
Input sequence
(P =
| Strucare .
=
-
msas
bid. mgnify.hts.  pdb.hits.  unref90.
uniclust. sto hhe hits.sto
hits.a3m
L 70Ot
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= format of bfd_uniclust_hits.a3m

uniclust.
hits.a3m

Input AA sequence

>sp|PO0S33|EGFR_HUMAN Epidermal growith factor receptor OS=Homo sapiens OX=9606 GN=EGFR PE=1SV=2
MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLKTIQEVAGYVLIALNTVERIPLENLQIIRGNMYYENSYALAVLSNYDANKTGLKELPMRNLQEILHGAVRFSNNPALCNVESIQWRDIVSSDFLSNM
SMDFQNHLGSCQKCDPSCPNGSCWGAGEENCQKLTKIICAQQCSGRCRGKSPSDCCHNQCAAGCTGPRESDCLVCRKFRDEATCKDTCPPLMLYNPTTYQMDVNPEGKYSFGATCVKKCPRNYVVTDHGSCVRACGADSYEMEEDGVRKCKKCEGPCRKVCNGIGIGEFK
DSLSINATNIKHFKNCTSISGDLHILPVAFRGDSFTHTPPLDPQELDILKTVKEITGFLLIQAWPENRTDLHAFENLEIRGRTKQHGQFSLAVVSLNITSLGLRSLKEISDGDVIISGNKNLCYANTINWKKLFGTSGQKTKIISNRGENSCKATGQVCHALCSPEGCWGPEPRDCVSCR
NVSRGRECVDKCNLLEGEPREFVENSECIQCHPECLPQAMNITCTGRGPDNCIQCAHYIDGPHCVKTCPAGYMGENNTLVWKYADAGHVCHLCHPNCTYGCTGPGLEGCPTNGPKIPSIATGMVGALLLLLVALGIGLFMRRRHIVRKRTLRRLLQERELVEPLTPSGEAPNQ
ALLRILKETEFKKIKVLGSGAFGTVYKGLWIPEGEKVKIPVAIKELREATSPKANKEILDEAYVMASVDNPHVCRLLGICLTSTVQLITQLMPFGCLLDYVREHKDNIGSQYLLNWCVQIAKGMNYLEDRRLVHRDLAARNVLVKTPQHVKITDFGLAKLLGAEEKEYHAEGGKVPIKW
MALESILHRIYTHQSDVWSYGVTVWELMTFGSKPYDGIPASEISSILEKGERLPQPPICTIDVYMIMVKCWMIDADSRPKFRELIEFSKMARDPQRYLVIQGDERMHLPSPTDSNFYRALMDEEDMDDVVDADEYLIPQQGFFSSPSTSRTPLLSSLSATSNNSTVACIDRNGLQS
CPIKEDSFLQRYSSDPTGALTEDSIDDTFLPVPEYINQSVPKRPAGSVQNPVYHNQPLNPAPSRDPHYQDPHSTAVGNPEYLNTVQPTCVNS TFDSPAHWAQKGSHQISLDNPOYQQDFFPKEAKPNGIFKGSTAENAEYLRVAPQSSEFIGA

MSA

>tr/ADA218UMPE|ADA218UMPE_SPASE Receptor protein-tyrosine kinase OS=Lonchura striata domestica OX=299123 GN=ERBB2 PE=3 SV=1

------------------------- -AAAEVCTGTDMKLLRPSSPESHYETLRHLYQGCQVVQGNLELTYLPADADTSFLKDIKEVQGYVLIAENQVSGLELQSLRIIRGTQLFQDRYALAWGNAGPT-gTPGLRQLGMRHLTEILKGGVRIERNPELCFQETILWSDILH----
RQNEFRAEiqvesarsrsc------PDCRALCAEGHCWGEGKQDCQTLTNSICH-GC-
PRCKGTKPTDCCHEQCAAGCTGPKHSDCLACLNFNRSGICELHCPPLVVYNSDTFESMPNPDGRYTFGASCVSQCPYNYLATEVGSCTLVCPQNSQEVTVNNVQKCEKCSKPCPEVCYGLGVDFLKGVRAVNASNIQHFSGCTKIFGSLAFLPETFAGDPSTNTPPLDPKLLRIF
ESLEELTGFLYIAAWPPDMKDLGVFQNLRVIRGRVLHNGAYSLTLREI-
AVQALGLRALQEISSGMVLVHHNPQLCFLQKVPWHSIFRNPRQRLFQTHNKPPEQCESEGLVCFHLCAQGHCWGPGPTQCVACERFLRGQECVASCNLLDGAVREHANGTRCLPCHPECQPQngt---
ETCFGSDPDQCVACAHYKDAQQCVRRCPSGVKADASFVPVWKYPDEFGVCQLCPTNCTHSCTIRDEDGCPYDQKpSQVTSIAGVVGALLVIVLLLITVICVKRRRQQERKHTMRRLLQETELVEPLTPSGALPNQAQMRILKETELKKVKVLGSGAFGTVYKGIWIPDGESVKIPY
AIKVLRENTSPKANKEILDEAWMAGVGSPWSRLLGICLTSTVQLVTQLMPVGCLLDVVRENKDRJGSQDLLNWCVQ!AKGMSYLEEVRLVHRDLA»\RNVLVKSPNHVKITDFGLARLLD!D(YEYHADGGKVPIKWMALESILRRRFTHQSDVWSVGVTVWEUMFGAKWDG
IPAREIPDLLEKGERLPQPPICTIDVYMIMVKCWMIDSECRPKFRELVTEFSRMARDPQRFVVIQNDLVGLPGS-MDSTFYRALLDEEDMDDLVDAEEYLVPHHGFFSTDTSTTYRSRISSMRSTAESPaKVE-egeglaafs pevpdedkVA--LQSPP-
GREPGTLPRYSEDPTGLTA-kdgedpecFTVPAPHSAMPEYVNQAGE---RPPRAPPSPPDKPKGHQgkngliKDPKNSFPGPFghA--VENPEYLAPHGA--P-ssressesses APFSQAFDNPYYWNQDPAK- aggPEGGPGTTPTAENPEYLGLAGPDTTAV
>tr/ADAOF7Z597|A0A0F72597_CROAD Receptor protein-tyrosine kinase OS=Crotalus adamanteus OX=8729 PE=2 SV=1

QKYteisshrrrnc------PDCSQICPHNNHCWGEAKGSCQILTSTICASSC-
PRCKGGHPTDCCHEQCAAGCTGPKHSDCLACLHFNHSGICELHCPPLMNYNPDTFEIMHNPNGRYTFGASCVPHCPYNYLAAEVGSCTLVCPQNSQEVSIGAMQKCEKCDSSCPEVCYGLGMDFLKGVRAVNASNIHHFTGCTKIFGSLAFLKETFAGDPATNTPPLQLEQLE
VFVHLKDLTGFLYIESWPETLLDLSPFQNLQVIRGRALYNGAYSLMLQNI-
NISSLGLRSLQEISSGMVLIHHNPNLCFIQNVPWDDIFRNPRQKLFHNDNNSPEQCDLQGQVCYSLCSQGHCWGPGKSQCVSCSGFLRGKECIENCNVLDGDIREYVNGTHCFPCHPECMPQngt---
ESCYGSEADQCIACAHYKDGLSCVERCPSGVKLDGSFIPVWKYPDEDNVCQLCPYNCTLSCALRDEFGCPVDQkpSHASSIIAGVVSAALALLLLLLTVICINRRKQQERKHTMRRLLQETELVEPLTPSGALPNQAQMRILKETELKKVKVLGSGAFGTVYKGVWIPDGENVKIPVA
IKVLRENTSPKANKEILDEAYVMAGVGSPYVSRLLGICLTSTVQLVTQLMPYGCLLDYVRENKDRIGSQDLLNWCVQIAKGMSYLEDVRLVHRDLAARNVLVKSPNHVKITDFGLARLLDIDETEYHADGGKVPIKWMALESILRRRFTHQS DVWSYGVTVWELMTFGAKPYDGI
PAREIPDLLEKGERLPQPPICTIDVYMIMVKCWMIDSECRPKFRELVTEFTRMARDPQRFVVIQNDEKMGLASPIDSTFYRTLLEEEDMQDLVDAEEYLVPHQGFFSGETSADYRSRISSTRNAIEtQMDAG-

eteespaypylgpsiseesesitsdireedy TASKaVQNSAPLQaPDCSLQRYSEDPTSASLNekenpdnksYTTPLTLAVIPEYINQPENNL-ppnKNLRLQGSTLEKQKRHMgkng iKEPKNAFYTSFtsA--VENPEYLTPCSVPAS-----rnmreems
SPLPQAFDNLYYWNQENPKCNpaeffatsivppaATNGFPPTPTAENLEYLGLSEPVTCSKDF

oLocal computer®|A{ AlphaFold A 4

we.  bfd_uniclust_hits.a3m2| format

uniclust.
hits.a3m

>db|Uniqueldentifier|EntryName ProteinName 0S=0OrganismName OX=Organismldentifier [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(4 2 %)

OX : unique identifier of the source organism, assigned by the NCBI( 2 4|2 H D)
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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mgnify_hits.sto #3GS MGYP001020618282/199-769  DE [subseq from] PL=00 UP=0 BIOMES=0000000100000

magnify_hits.

sto

UNiref90_hits.St0 | 1-ce unsetss aonamscriantoizor o faubeen from Racootor orctin-tirotine kins ned Tausfan TaD=3596 RecD=ADAZRICTLS PANPA

uniref90_
hits.sto

¥ STOCKHOLM 10 A

#2065 sp|POOS33[EGFR HUMAN  DE Epidermal growth factor receptor 05=Homo sapiens OX=9606 GN=EGFR PE=1 SV=2
#205 MGYP000383186742/226-829  DE [subseq from] PL=00 UP=0 BIOMES=0000000100000
#=GS MGYP000583186742/1016-1366 DE [subseq from] PL=00 UP=0 BIOMES=0000000100000

sp[POSIEGFR HUMAN MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNXLTQLGT-FEDHFLSLQRMENNCEVVLGNLETYVQ--Revve-Nevr-Yeee- DLSF-LKT--r~KQEVAGY-VU-ALNTVE--RIP--LENLQIRG-NMYY: - SYAL
829 LEKICIGTSNRMSGQHN-KTOHYQNLAERYANCTYVIGNLEITWLO---KAASGEQ-+~~-Vorr-DLSF-LES -~ IREITGY-LU-AYVEVE--RIR--MPNLQIRG-ROLF --ve-Keve-LN---SDQKEEF ---Al

MGYPOODI3186742/1016-1366

199-789 JHN-KTOHYQNLAERYRNCTYVIGNLETWLE - <-KeeeesGPDNKPV - DLTF-LES weee IREITGY-LLI-AYVEVE--KIR--MPNLQURG-ROLF-ss+Ress ol N---NGQKEEF---Al
MGYPOO1020616282/983-1329
¢ STOCKHOLM 1.0 A
#3268 splPO0S3ZEGER_ HUMAN DE Epidermal growth factor receptor OS=Homo sapiens OX=9606 GN=EGFR PE=1 SV=2
#8GS UniRef30_P00533/1-1210 DE [subseq from] Epidermal growth factor receptor ne96 TaxiD=1437010 Rep! | HUMAN

#2GS UniRefo0_A0A23GX32/20-1206  DE [subseq from)] Receptor protein-tyrosine kinase n=3 Tax=Nomascus leucogenys TadD=61853 RepiD=A0A23GX32 NOMLE

$pIPO0SIZ|EGFR_ HUMAN MRPSG-TAGrA-AcL-LomseArl ool remeAreAnelsenConePrnponess; Reneernnelsaseforeafoneonkios L QGoneToroobioKrmnnl e ToQunnlonnenTFen e Do Gl eQennnneioFoblone NG EVVL oG NLE)
UniRef$0_P00533/1-1210 MRPSG-TAG-A-AcL-LevesArL ool oeneheeAnel cenalonePucArensS ReveAcsnsslsesfrocfosckoke L QG TGN Kueeal o ToQueel oG eTFeoEoe DeeHELS Lo Quev e R-MF-No--NCEWL -+ G- NLEI-
UniRefS0_ 206 N

TFeEerDn-HFLS-L--Qem

UniRef30_ADAZRICTLE/11-1201
UniRefo0 AOASBTHANZ/1-1208

i, MLk
THE CATHOLIC UNIVERSITY OF KOREA
oLocal computer® A AlphaFold A& %
mgnify_hits.sto | ¥ STOCKHOLM 10
9| format
#=GS sp|PO0533|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
#=G6S MGYP000983186742/1016-1366 DE [subseq from] PL=00 UP=0 BIOMES=0000000100000
mgnify_his #=GS MGYP001020618282/199-789  DE [subseq from] PL=00 UP=0 BIOMES=0000000100000
sto
uniref90_hits.sto
9| format # STOCKHOLM 1.0
#=GS sp|P00533|EGFR_HUMAN DE Epidermal growth factor receptor 05=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 ReplD=EGFR_HUMAN
uniref90.. #=GS UniRef90_AOA2I13GX32/20-1206 DE [subseq from] Receptor protein-tyrosine kinase n=3 Tax=Nomascus leucogenys TaxID=61853 ReplD=A0A2I3GX32_NOMLE
hits.sto #=GS UniRef30 AOA2RICTL6/11-1201 DE [subsea from| Receptor pretein-tvrosine kinase n=4 Tax=Pan TaxID=9596 ReplD=A0A2RICTLE 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.

i, UEEL
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huery 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 8326

Neff 632692

Searched_HMMs 80799

Date Wed Oct 26 16:16:13 2022

Command Jusr/oin/hhsearch -i /tmp/tmpOpc346f3/query.a3m -o /tmp/tmpOpc34673/output hhr -maxseq 1000000 -d /mnt/pdb70_database_path/pdb70

No Hit Prob E-value P-value Score SS Cols Query HMM Template HMM

13QWQ_A Epidermal growth factor 1000 B8E-93 9.9€-98 8889 00 641 1-641  1-641(648)
2 SMY6_A Receptor tyrosine-prote 1000 2.9€-87 3.66-92 8349 00 608 29-637  1-620 (622)
3 6JK8_A Insulin-like growth fac 100.0 1.1€-85 14E-91 8343 00 876 53-974 47-1272(1367)

pdb_hits.hhr 4 1MOX_B Epidermal Growth Factor 100.0 226-85 276-90 7985 00 500 26-525  2-501 (301)
5 6PXV_A Insulin receptor (EC2 1000 3-85 376-00 8815 00 906 27075  4-1258(1354)
6 3P11 A Fab DL11 heawy chain, F 1000 336-65 4E-S0 8009 00 507 25:538 4513 (522) ®
pdb_hits.
hhr
No1

>3QWQ_A Epidermal growth factor receptor (EC2.7.10.1); CELL SURFACE RECEPTOR, TYROSINE KINASE; HET: BMA, FUC, MAN, NAG; 2.75A {Homo sapiens}
Probab=100.00 E-value=8e-93 Score=88893 Aligned_cols=641 Identities=100% Similarity=1.644 Sum_probs=547.3 Template_Neff=9.000

Q sp|P00533|EGFR 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (1210)

Q¢ T 1=t Gt===~1 Yertmm =y =Gntelt=i ofeFt=—80(1210]

e R e e e At o e e S A @
T Consensus 1 C~g Ct~inG-l I~ 80 (648)
T3QWQA 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVWLGNLEITYVQRNYDLSFLK 80 (648)
L ~CCCCEECCBCCTTCEESSHHHHHHHHHHHHTTCSEESSBEEEECCCTTCCCGGGG
T ss_pred CCCcHHHHHHHHHHHHHHchhcceeceCceeeccCCCeceCCChHHHHHHHHHHNCCCCEEeCCEEEEeecCCCCchhhe
Confidence 8999999999999999999999939999999¢3999999999999999999999999999999999887778899999

°Local computer®|A{ AlphaFold A %

pdb_hits.hhr No Hit

Prob E-value P-value Score SS Cols Query HMM Template HMM
9| format @

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

Proby: 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 (£.C.2.7.10.1); CELL SURFACE RECEPTOR, TYROSINE KINASE; HET: BMA, FUC, MAN, NAG; 2.75A {Homo sapiens) ®0
Probab=100.00 E-value=8e-93 Score=888.93 Aligned cols=641 Identities=100% Similarity=1.644 7.3 Template_Neff=0.000 48 @
®
Q sp|PO0S33[EGFR 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (1210)
QConsensus 1 ~wmmmmmommon [l VO Gty ey NCOWn Gl wedllsFl~ 80 (1210)
[ L | L | E N C e b
T Consensus T v Crgrmmmm e CteinGlmimm e v |~ 80 (648)
T3QWQA 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (648)
Tssdssp = eeeemeeemeccmceccceceene. CCCCEECCBCCTTCEESSHHHHHHHHHHHHTTCSEESSBEEEECCCTTCCCGGGG
T ss_pred CCCcHHHHHHHHHHHHHHCchhccceceCeeeeccCCCeecCCChHHHHHHHHHHNCCCCEEeCCEEEEeecCCCCchhhe
Confidence 89999999999999999999999999999999999999999999999999999999999999999999887778899999

(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.

9 7l 5

2 ] -

=
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}
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oLocal computer®|A{ AlphaFold A %

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 Consensus ettt Inllvmmmmmmn VC~Gtrv |y | vy e nNCW~ G Lelt i~ ~ ~dIsFl~ - 80 (1210)
| R E L [ R LR | A E e b
T Consensus 1 s e e e e e e e e e Cngrmm e e e e e e e e Ctei~Grl~im e~ e I~ 80 (648)
T3QWQA 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (648)
Tssdssp ~  eemeeeeseeeseccccceeeeend CCCCEECCBCCTTCEESSHHHHHHHHHHHHTTCSEESSBEEEECCCTTCCCGGGG
T ss_pred CCCcHHHHHHHHHHHHHHchhccccccCeeeeccCCCeecCCChHHHHHHHHHHNCCCCEEeCCEEEEeecCCCCchhhe
Confidence 89999999999999999999999999999999999999999999999999999999999999999999887778899999

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) 515 7188
— THE CATHOUXC UNIVERS!

2 2
BT
EEd

}
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No 1
>3QWQ_A Epidermal growth factor receptor (E.C2.7.10.1); 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 Consensus LR [wllmmm i VC~Gtvmm| Y|y nCtW~GnLelt~i~~~~dIsFl~ 80 (1210)
e Y e 0 . i P O s

T Consensus 1 | Crgrmmm CtminGlrimmm v~ |~ 80 (648)

T3QWQA 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (648)

Tssdssp ~  =eeeeeesecccmeeccceeeee. -CCCCEECCBCCTTCEESSHHHHHHHHHHHHTTCSEESSBEEEECCCTTCCCGGGG

T ss_pred CCCcHHHHHHHHHHHAHHHchhccceccCeeeeccCCCeceCCChHHHHHHHHHHCCCCEEeCCEEEEeecCCCCchhhe

Confidence 89999999999999999999999999999999999999999999999999999999999999999999887778899999

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)

s, MEEu g
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e
[ N-terminus Ala ey b 5 .

I L Dssp algorithm

(hydrogen bond estimation algorithm)
= ww

sheet a-hedix

(3 strands)
. \§ %I)
g
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No1
>3QWQ_A Epidermal growth factor receptor (EC2.7.10.1); CELL SURFACE RECEPTOR, TYROSINE KINASE: HET: BMA, FUC, MAN, NAG; 2.75A (Homo sapiens)
Probab=100.00 E-value=8e-93 Score=88893 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 Consensys 1 Lol (oGl Jozoyo0CON ol elteic oo dlcEle 80 (1210)

L e S T A L e I
TC 7 T~ - Tt i~G~I~ T m
T3QWQA 1 MRPSGTAGAALLALLAALCPASRALEEKKVCQGTSNKLTQLGTFEDHFLSLQRMFNNCEVVLGNLEITYVQRNYDLSFLK 80 (648)
L ~CCCCEECCBCCTTCEESSHHHHHHHHHHHHTTCSEESSBEEEECCCTTCCCGGGG
Tss_pred €CCCcHHHHHHHHHHHHHHchhcccoeeCeeeeccCCCoccCCChHHHHHHHHHHRCCCCEEeCCEEEERecCCCCchhhe

Confidence £999992999999999999999999999999999999999999999999959959999999999999988 7778899999

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

column score between -1.5 and -0.5
column score between -@.5 and +8.5
column score between +.5 and +1.5
column score above +1.5

e

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) 7|§

0oL
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o Local server®[A| AlphaFold A8 4
Get information from Pkl file

Ranking_debug.json file® A 2t ZHO| B plddtztC 2 AT rank Y2 7HKQ4A 24
rank?| pkl fileJEE H=0t

1 ranking_debug json - Windows 4 2%

BYA B8 H40) Wl £826) (2] import pickle

i import json
“pldats™s { inport pandas as nd
“model_1_ptm_pred_0"; 94.41104130504127, iport numpy as np
"model 2 ptm_pred (": 93.75401871735953, fron matplotlib inport pyplot as plt
‘model_3_ptm_pred_0": 54.51199709165903, inport seaborn as sns

“model_4_ptm_pred (" 48.86862857508933,
“model_5_ptm_pred 0" 51.993447355271364
)

#from Bio import Seql0

°“.1:;[d 1_ptm_ored 0" [3] with open(’fcontent /MT/ranking_debug.json’, 'r') as rank:
“model_2.ptm_pred 0", IT_rank = json. load( rank)
‘model_3_ptm_pred 0", for i in range(0,5):
“model_5_ptm_pred 0, rank = IT_rank['order'][i]
‘model_4_ptm_pred 0" with open(' fcontent T/ result_"+rank+'.pkl®, 'rb') as f:
| ! alobals()["WT_ranking'+str(i)] = pickle. load(f)

PKI fileol M data key list

8 0 i lers) 1

dict keysi['distoaraa’. ‘eceriventally.resolved’, ‘saskedasa’, ‘oredicted.alimed erree’, ‘oredicted.ldft’. ‘structurenodule’. ‘old’. ‘alloned.confldence orcbs’. ‘sax.oredicted.al lmederree”, ‘ota”,
*ranking_confidence’])
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Get information from Pkl file

TYOEUBWE i

O Vi
/ "al laned_conf | dence orcbs”
|7 distogran’
0 5 *overinental ly_resolved'
[ .
{1 |7 wmecscedicted al igned erroc”
ety
| ‘oredicted_al igned error
{1 |2 “oredicted_lo2 "
ER
CIRTE e
- 2 structure sodule”

i} dngdl‘olait’) |

array(93.90081104, 6.61947251. 6.10561773. %.2623725, %.763036.
97.064621, 97, 17RGEG11, 97.0004344, 1. 52001455, 0 %CRT,
94.96600012. 95.3330915, 96, 26168408, 95, SBSRCS21, . CETRIETS.
1513471, B FERAU, 7. 240511%, % BT, B SN0,
97.0TRE172, . SR, B.STERIS), 7. HIZS, 9. 70555,
.075120 , 9. 15666005, 97,2010, 9784007, 97,8481,
97, 43461835, 95, TEAD7236, 96.3TBSRA01, 5. TUOGI6RT, O 260082
%6, 7005%0 . 95.15075237, 95,2954, O 6220502, 2. 6600%6.
90, EURUIEG, 89,8391 , 69, 6A0, 0. 3TAT6, 8,106,
.2206142, 76, 76078, 10.00EBI, 23,0570, 86, G617,
9190306421, 94, 97430827, 4,6631009, 95, 9600689, %.2978215,
97.2787268, 97.21190158, 97.2686917, %.5129087, %. T4,
97, 66200Sh, 97. 808157, G511 , %.5201, %. ORI,
95, Q9665R2A, 95, 0257401, 96.STSONTS. 6. 290870, 6. 607420,

anking0l ‘pléde’]
ingl {"pldde’]
nking2]"plédt ]
oking3| ‘pladt’]
ingdl "pldde’]

901 predicted_aligned_arror’],

| ‘sax.predicted.alignad.srrer’])

09! [“pradicted.al igned arror’),
gel ‘predicted.alignedacror’),

sacpredictad.alignad arrer’])
s predictad sl igoad arree’])

093] ‘pradicted_al igned arror’],

savpredictad.aligned. arrer’])

WTPAES = (0T, cankiogd] pradicted.alignedaeror’],

s predicted.aligoad.arrer’])

1131 oasl, aaxsael = WIPAE!

JHERLfo
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Get information from Pkl file - draw pLDDT & PAE
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s B BR < 118 ple. Hisureltiga zesl, 61)
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Q RN aov(pae], Wi, mwsancsml, n* Greess )

SIt.col arbar[fracti om0 05, padeC. 04}

PIt.tItheC Prodicted Aligd Errar')
SIt.xfadei( Seceed rosidor’)

Slt.ylad0lC Al igeed residon’)
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Compare other predictions - local

[ ] with open(’/content/4T/ranking_debug.json’, 'r') as rank:
YT_rank = json. load(rank)
for i in range(0,5):
rank = WT_rank[ order'] [i]
with open(’ /content/MT/result_"+rank+".pkl", 'rb') as f:
globals()["WT_ranking +str(i)] = pickle.load(f)

1] ¥iolddtot = WlrankiesOl oldct’]
Yiolddt -2 = ¥, ankieg! [ pldct’]
Violddt3 = (AR |
Violddt4 olddt’]

Violddt s olédt’]
VIPAED = Ing0["predicted.al Igned_arror”|, ank Ing0[ nae.prodicted_al igned_error”])
VI_PAE2 Ingl["predicted.al Igned_prror Ingl["sax.prodicted_aligned_error*])

VIPAE3
VIPAEL
VIPAES =
Wavg_plddt .
Wavg.plddt 2 =
Vavg.plddt 3 = ¥
Vg olddtd = ¥
avsolddt 5 = 0.

Ing2("predicted.al Igned_nrror
Ing3("predicted.al Igned_nrror
Ingd["predicted.al Igned_nrror
raok ingDl " ranking_confidence’ |
"ranking_confidence” )
“ranking_confidence”)
*rankingconfidence’|
*rankins.confidence”|

“waxprodicted.aligned_error’])
wae.prodicted_aligned_error’])
ank Ingdl nac.prodicted_aligned_error’])

g

[ ] with open(’ /content/MT/ranking_debua.json’, 'r') as rank:
MT_rank = json. load(rank)
for i in range(0,5):
rank = WT_rank[ order'][i]
with open(’ /content/MT/result_"+rank+ .pkl", 'rb') as f:
globals()['NT_ranking +str(i)] = pickle.load(f)

[ ] Npldde.t =

im0l ‘predicted_alisned_error’], N
el ['predicted_alisned_error’],
Ing2| ‘predicted_aligned_error’),
93| ‘predicted_aligned_error”),
ngd[ ‘predicted_al Igned_error’],
k| ng[ ‘raking.confldence’]

[raokins0l ' sacoredicted_al igned_error'])
canking! ['scc_predictod_al igoed_vrror'])
ng2("sxce.predicted.al Igned_nrror|)
33| "sxe.predicted.al Igned_srror])
ngd'wac_predicted.al | gned_error’])

WT.ava.pldde.2 = “renking.confidence’)
NTavgpléde.d = 2l "raking_confidence’]
[ECEIL ] ' racking.contidence’)
W.ava.plédt.5 = 4l ranking.confidence’)

B s
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Local server®|A| AlphaFold At&

Compare other predictions - local

['] plt.figure(figsize=[I5, 6])
plt.subplot(l, 2, 1)
plt.plot(¥i_plddt.1, linestyle="solid", label="%I rank]")
pit.plot(Ni_plddt.1, linestyle="dashed", Iabel="MI rankl’)
plt. lesend()
plt.text (59,100, 9T avg :
plt.grid("Tre')
plt.title("Predicted LOOT')
plt.xlabel(Residue’)
plt.ylabel (*pLOOT")
plt.saveflg(" /content/11.png’, dpl=300)

* e "I0.30°% W avg plddt 1+ "WNT avg : °

WT vy 4411

Predicted LDOT WTavg 97331

+ “W.30°% N avg plddt 1)

5 71 E20{%
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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) -
o, UEE L
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ﬁ
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Job List

No Project name Prediction Target virus Status Resutt link
1 None Multimor Y Complete fiesult ko
2 Sars-Cov-2 Test Monomor SARS-COV-... Complete fiezult ko

Job List [6

No Project name Prediction Target virus Status Resutt ink
@ 1 None Multimor bl | Complete Seautt o
CD 2 SarsCow2 Test Monomor SARS-CoVF... Complete St iy
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AIVE AFE M9 . Z1} MY

W Virus amino acid info
- Wild type virus sequencing

[RIK[[H]K[c[a[e[H[H[n]K[A[A[E[H[H]e[o[A[A[K[K[H[H[A[A[A]E[H[H]E[K[c[e[H[E[a[A[A[H[H[A[o[T[A[Y[4]
(e[e[w[e[[W[N[A]e 6[8[8[N[N]A 6[[A[P]N]w]6[8[8[B[N[N]N[A[8[B]A[8]N[A[s[A[P[N]N[B[8[N]ATP]N[P[N]

[e[e[w[e[e[s[n[ofe[eeTe[n[n[o[[e[o[p[H[n[E[E[e[e[H[[n]o[[e[o[E[s[o[E[o[P H[H[E[E[H[o[P[H[H[H]

OO

i

([H]K[H[A[E[e[H]A[A[o[A[A[¥]H[o[A[E[H]H]A[P[K[P[D]
(e[e]e[B[W[A[A[e]w[N[P[W[n[e 6 A[N[A[e]8]w[N[B[n]A]

@ [E[e[efe[w[o[o[e]u[w[p[n[n[E]E[o[H[o[eTE]H]S[E[5]o]

- Mutated type virus sequencing

(RIK[A[H]K[c[a[e[H[H[H]K[A[A[E[H[H]e[[A[A[K[K[H[H[A[A[A]E[H[H]E[K[c[e[H[E[a[A[A[H[H[A[o[T[A[Y[4]
s[s[N[B[B[N[n]a[8[B[B]B[N[N[A]B]B[A[P[N]N]B][B[B[B]N]N]N[A[B]B]A]B[N]A]B]A[P[N]N]B]B][N[A[P[N]P[N
5] [e[e[w[e[e[s[n[ofe[e[eTe[n[n[o[[e[o[p[H[n[E[E[e e [H[n[n]o[[e[o[E[s[o[E[o[p H[H[E[E[H[o[P[H[H[H]

i
([H]K[[A[E[E[H]A[A[o[A[A[¥]H[p[A[E[H]H]A[P[K[P]W]
(][ [8[W[A[ATe]n]n]?[W[n[s[s[[N[]e [e]N]n]s[n]H]

[e[e[e[e[n]o[o]e[n[n[p[n[n[E[E[o[H[o[E E[H]s[E]s[H]

Polarity feature oo ackd
Nee-Polar | | A (A, Val (), Lew (L), Gay (G), Be 0, Met (M), Tep (), Phe (F), Pro ()
Polacty Polr " Sew (S), Cys (0), Asn (N) , Gan (), The (7, Tye )
Toares Adde W Asp (0], Glu )

Baic ) s 060, ke (), His 0)
Renino acxts with eectrically charged side chaln_Negatve ! s 06, ke, (), Hs )

Arming acids with electrccally charged side cha postie 2 Asp 01, Glu )
Five amino
xd Aming acids with Polar ucharged side hain 1 Sex (), Asn (W), G
progerties
Special cases ‘ G0, Gy (), Pro P}
Aemino acids with bydeophobic side chain s Ala (A, Val IV, Lew L, e, Met (M, Trp 0, Phe ()
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