Drug discovery and development -
Pharmacogenomics and beyond
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Drug discovery and development
- Pharmacogenomics and beyond
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2013-2018 Assistant Professor, Gwangju Institute of Science and Technology (GIST)
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INTRODUCTION TO
PHARMACOGENOMICS

saSBiREgEEEn

Pharmacogenomic

" The term pharmacogenetics was coined in the 1950s and
captures the idea that large effect size DNA variants contribute
importantly to variable drug actions in an individual (single
gene-drug).

" The term pharmacogenomics is now used by many to describe
the idea that multiple variants across the genome that can
differ across populations affect drug response. The
International Conference on Harmonisation, a worldwide
consortium of regulatory agencies, has defined
pharmacogenomics as the study of variations of DNA and
RNA characteristics as related to drug response.

Dan M Roden et al., Lancet . 2019 Aug 10;394(10197):521-532.
FaoBiREEEus




DNA
profiling

/ i

Bad side effects

with same

Good response

No response

Look for genetic variants that affect drug response used to treat the
condition. The analysis will yield results that allow physicians to

determine if their patient will have a positive response to the drug
treatment.

[National Human Genome Research Institute]

Pharmacogenomics Adds Precision to the Practice of Medicine, June 15, 2015 (Vol. 35, No. 12)

https://www.genengnews.com/magazine/249/pharmacogenomics-adds-precision-to-the-practice-of-medicine/

Current Medicine 8¢
One Treatment Fits All CrownBio

y No effect
Therapy
Cancer patients with

e.g. colon cancer Il

Adverse effects

Future Medicine
More Personalized Diagnostics

Cancer patients with
e.g. colon cancer

Effect

https://blog.crownbio.com/pdx-personalized-medicine#_

-3-




Drug discovery and development

Drug Pre-
| .................................... discovery | ......... dinical | ......................................

Target Hit Lead ~ Pre-
discovery screening < optimization clinical

Efficacy
Animal studies .
100~200 patients
Literature study 3D Modeling Safety / PK Efficacy
KO/KD test SAR/QSAR 50~150 patients 500~5000 patients

- Phasel Phase2 Phase3

High throughput
screening

ADME/PK

saSBidRERER

Pharmacogenomics in
drug discovery and development

Drug Pre- 'I
I .................................... discovery —— I ......... dlinical = I ..............................................................

Hit
screening

- - Phasel Phase2 Phase3

" clinical

Lead
optimization

Target
discovery

Suggest best candidates Suggest best trial case

Target discovery ADME/T
W/ variations (CYP450)
Interactions w/ Drtgg '
variations repositioning

Patients stratification

saSBidRERER




Example 1 -
TPMT

Pharmacogenetics in
Oncology

Azathioprine or

The thiopurine S-methyltransferase (TPMT) is a

metabolizer of chemotherapeutic agents 6MP
and azothiopurine (used mainly in blood-based
malignancies)

TPMT deficiency leads to severe toxicity

associated with treatment (potential mortality)

TPMT function

—>

6-mercaptopurine ——»

dose

Dan M Roden et al., Lancet .

saSBidRERER

—>

Normal function

Decreased function

No function

>

2019 Aug 10;394(10197):521-532.

Expected drug
effect

Risk of
haematological
toxicity

High risk of

haematological
toxicity

Example 2 -
CYP2D6

Norcodeine
Codeine-6-glucuronide
Normorphine

Codeine dose

Cytochrome P450 2D6 (CYP2D6) is an enzyme that in
humans is encoded by the CYP2D6 gene. CYP2D6 is
primarily expressed in the liver.

In particular, CYP2D6 is responsible for the metabolism
and elimination of approximately 25% of clinically used
drugs, via the addition or removal of certain functional
groups — specifically, hydroxylation, demethylation, and
dealkylation. CYP2D6 also activates some prodrugs.

CYP2D6 function

—>

v v

Increased function

Normal function

Decreased function

No function

»

Active drug concentration

High morphine
concentration
Expected morphine
concentration

Lower morphine
concentration

No morphine

Dan M Roden et al., Lancet . 2019 Aug 10;394(10197):521-532.
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KEY DATA RESOURCES
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SNP (THAU A 7|t )

Single-nucleotide polymorphism

From Wikipedia, the free encyclopedia

This article’'s use of external links may not follow Wikipedia's policies or guidelines. Please improve this article by

'\y removing excessive or inappropriate external links, and converting useful links where appropriate into footnote
N

references. (October 2072) flearn how and when to remave this template message)

A single-nucleotide polymorphism, often abbreviated to SNP (/snip/; plural /snips/), is a variation in a single
nucleotide that occurs at a specific position in the genome, where each variation is present to some
appreciable degree within a population (e.g. > 19).["]

For example, at a specific base position In the human genome, the C nucleotide may appear in most
individuals, but in a minority of individuals, the position is occupled by an A. This means that there Is a SNP at SNP
this specific position, and the two possible nucleotide variations — C or A — are said to be alleles for this
position.

SNPs underlie differences in our susceptibility to disease; a wide range of human diseases, e.g. sickle-cell

anemia, B-thalassemia and cystic fibrosis result from SNPs.2IBI4 The severity of illness and the way the body
responds to treatments are also manifestations of genetic variations. For example, a single-base mutation in The upper DNA molecule differs from the lower 2

the APQE (apolipoprotein E) gene is associated with a lower risk for Alzheimer's disease.l”] 3R mo‘ec_we e s e = n @ TR
polymorphism)

A single-nucleotide variant (SNV) is a variation in a single nucleotide without any limitations of frequency and
may arise in somatic cells. A somatic single-nucleotide variation (e.g., caused by cancer) may also be called a
single-nucleotide alteration.

https://en.wikipedia.org/wiki/Single-nucleotide_polymorphism
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NCBI dbSNP

1 How To [~
cyp2ds B seorch

Clinical Display Settings: = Summary, 20 per page, Sorted by SNP_ID Sendto: =  Filters: Manage Filters
Significance
benign N E]
drug response Search results Find related data
likely benign Database:
other Items: 1 to 20 of 3318 <= Fist = Prev Page EI of 166  Next= || Last>=
Validation Status
by-ALFA O rs16947 [Homo sapiens]
by-cluster 1.
by-frequency Variant type: SNV Search details =)

o Alleles: G>AT [Show Flanks] -
Publication R S (Gncmel;] cyp2dBlAl| Fields)
Litvar Annotated 22:42523943 (GRCh37)
PubMed Cited Canonical SPDI: NG_000022.11:42127940:G:A NC_000022.11:42127940:G.T
PubMed Linked Gene: CYP2D6 (Varview) P

N Functional Cor - coding_s variant,mi: variant -
Function Class H o — -

: Clinical significance: likely-benign, benign, drug-response
inframe deletion : 21 S
inframe indel Validated: by frequency,by alfa.by cluster - e more
inframe insertion MAF: A=0.366535/4092 (ALFA)
intron A=0.255618/91 (PharmGKB) -
missense A=0.376465/47272 (TOPMED) Recent activity (=)
nom Coting ranscrit varant NC_000022 11°g 42127941G=A, NC_000022 11:9.42127941G=T, Tum Off  Clear
g pt NG_008376 4:g 7870C=T, NG_008376 4'g 7870C=A, NG_008376 3:9 7051C=T,

synonymous NG_008376 3:g 7051C=A, NM_000106 6:¢ 886C=T, NM_000106 6:c 886C=A, Q cyp2d6 (3318) -
Variation Cla SR A £ e e ane £ mans s nnammsis sl
del See more.
delins
ins -
v iens]
Annotation SNV

https://www.ncbi.nlm.nih.gov/snp/?term=cyp2d6
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& National Center for Biotechnolc X =

€ 5 C (0 @ ncbinimnihgov * 90600 CcBNN(

H

Ncoiome " Welcome to NCBI

The National Center for Biotechnology Information advances science and health by providing access 1o
blomedical and genomic information

About the NCBI | Mission | Organization | NCBI News & Blog

Submit Download
Transfer NCBI data to your
computer

e

1 &

NCBI News & Blog

Alale Frequancy Aggregator (ALFA)
Release 2 is available!

22 Jan 2021
Wao are excited to announce the NCBI
Alala Framuanes Anavanatar 1A FAL

=
NCBI on YouTube: RAPT and BLAST+

9‘38 on the Cloud, SARS-CoV-2 genome data

in Datasets

15 Jan 2021

We tima we dn anabhar rasndin of whoat'e

RefSeq release 204 is now available

14 Jan 2021

RefSeq release 204 is now avadable
online, from the FTP site and through
NCAI'= Ftraz nroaramminn idilitiss F.

You are here: NCBI > National Center for Biotechnology Information

ACTTINA CTADTEN BECnIDrES

N T e ko kT “
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https://www.ncbi.nlm.nih.gov/projects/SNP/docs/rs_attributes.html#gmaf

gnomAD browser

genome aggregation database

Search by gene, region, or variant

Examples - Gene: PCSK9, Variant: 1-55516888-G-GA

The Genome Aggregation Database (gnomAD) is a resource developed by an international coalition
of investigators, with the goal of aggregating and harmonizing both exome and genome sequencing
data from a wide variety of large-scale sequencing projects, and making summary data available for
the wider scientific community.

The data set provided on this website spans 125,748 exome sequences and 15,708 whole-genome
sequences from unrelated individuals sequenced as part of various disease-specific and population
genetic studies. The gnomAD Principal Investigators and groups that have contributed data to the
current release are listed here

All data here are released for the benefit of the wider biomedical community, without restriction on
use - see the terms of use here. Sign up for our mailing list for future release announcements here.

https://gnomad.broadinstitute.org/

SBIsEg%NESIﬂ 15
e x  +
& 5 C () @ gnomadbroadinstitute.org * S B9 Ogaoe nxe® B »»=0

FAQ

gnomAD browser gnomAD v2.1.1 About News Downloads Terms Publications Contact

genome aggregation database
gnomAD v2.1.1 ~ ) } i

Please note that gnomAD v2.1.1 and v3.1 have substantially different but overlapping sample
compositions and are on different genome builds. For more information, see the FAQ “Should

witch to the latest version of gnomAD

Examples - Gene: PCSK9, Variant: 1-5

The Genome Aggregation Database (gnomAD) is a resource developed by an international coalition
of investigators, with the goal of aggregating and harmonizing both exome and genome
sequencing data from a wide variety of large-scale sequencing projects, and making summary data
available for the wider scientific community.

The v2 data set (GRCh37/hg19) provided on this website spans 125,748 exome sequences and
15,708 whole-genome sequences from unrelated individuals sequenced as part of various disease-
specific and population genetic studies. The v3.1 data set (GRCh38) spans 76,156 genomes, selected
as in v2. The gnomAD Principal Investigators and groups that have contributed data to the current

SBl li“‘é%"“iﬁlﬁl https://gnomad.broadinstitute.org/ 16
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https://www.pharmvar.org/htdocs/ar
chive/index_original.htm

saSBidRERER

The Human Cytochrome P450 (CYP)
Allele Nomenclature Database

Allele nomenclature for Cytochrome P450 enzymes

New List: CYP allele frequencies from 56,945 unrelated individuals
of five major human populations

Inclusion criteria - New criteria regarding variants identified by NGS

iRAMP_calculator of contribution of rare variants.

Cytochrome P450 Oxidoreductase: POR

CYP1 family:
CYPIAl; CYPIA2, CYPIBI

CYP?2 family:
CYP246; CYP2413; CYP2B6, CYP2CS, CYP2C9; CYP2CI9;

CYP2D6: CYP2EI; CYP2FI; CYP2J2; CYP2RI: CYP2SI; CYP2W1

CYP3 family:
CYP3A44; CYP3AS5; CYP3A47; CYP3A443

CYP4 familv:
CYP4A411; CYP4A22; CYP4B1;, CYP4F2

CYP=4 families:
CYP541; CYPSAI; CYPI9Al; CYP2142; CYP2641

SNP information on CYP17A1 can be found here

@ Human Cytochrome P40 (CVF X =

€ > C (0 & pharmvarorg/htdocs/archive/index_originalhtm

o

* g9 =0Doeo0cCBAENREDNGE-»TQ:

The Human Cytochrome P450 (CYP)
Allele Nomenclature Database

Allele nomenclature for Cytochrome P450 enzymes

New List: CYP allele frequencies from 56,945 unrelated individuals

of five major human populations

Inclusion criteria - New criteria regarding variants identified by NGS

IRAMP,_calculator of contribution of rare variants.

Cyrochrome P450 Oxidoreductase: POR

CYP1 family:
CYPIAL; CYPIAZ: CYPIBI
CYP?2 family:

CYP246: CYP2413; CYP2B6: CYP2CS; CYP2C9; CYP2C19;

CYP2D6; CYP2EL: CYP2F1: CYP2J2; CYP2RI1; CYP2SI; CYP2W1

CYP3 family:

CYP3A44; CYP3AS; CYP3A47; CYP3A443
CYP4 family:

CYP4A1l: CYP4422; CYP4BI; CYP4F2
CYP>4 families:

CYPS5SAI: CYP8AI: CYP19A1: CYP2142: CYP2641

g';SB| YUY HELS) https://www.pharmvar.org/htdocs/archive/index_original.htm

-9.-



https://www.pharmvar.org/htdocs/archive/index_original.htm

PharmVar

The Human CYP Allele
Nomenclature Database

A1

% PharmGKB

After more than 15 years the Human Cytochrome
P450 (CYP) Allele Nomenclature Database has transitioned...

\ 4

...to the Pharmacogene Variation (PharmVar) Consortium at www.PharmVar.org

PharmVar will serve as a central repository for pharmacogene variation to facilitate
allele (haplotype) designation and the interpretation of pharmacogenetic test results to guide precision medicine
PharmVar is a PGRN resource funded by NIGMS.

After September 26, 2017, please visit www.PharmVar.org to access content of the original
P450 Nomenclature Database

http://www.cypalleles.ki.se/

saSBidRERER

Q

x 4+

€ > C O & phamvacor * Y9060 CBREDRCEDNEE O

MEMBERS  RESOURCES CONTACT LOGIN

P h 0 r mVO r (u' HOME ABOUT  GENES  SUBMISSIONS
PVID Lookup Q)

Phormacogene Variation Consortium

PharmVar

Pharmacogene Variation Consortium

The Pharmacogene Variation (PharmVar) Consortium is a central repository for
pharmacogene (PGx) variation that focuses on haplotype structure and allelic variation

The information in this resource facilitates basic and clinical research as well as the

interpretation of pharmacogenetic test results to guide precision medicine.

@ PharmVar API Services are now available for third party use. For more information, visit the AP| Service Documentation Page

W Follow us on Twitter

PharmVar Publications
Articles published by PharmVar are available on the resources page.

Original content from the cypalleles.ki.se site is available through the archive

https://www.pharmvar.org/
&2 SBigmgyun v

-10 -



&% PHARMGKB

Drug Label
Annotations

g 780"

N S h Ak E i

Korean Saciety for Biowformatics

Search PharmGKB

PHARMGKB

Publications News Downloads Contact

Search for a molecule, gene, variant, or combination

PharmGKB data are under a Creative Commons license. More details are in our Data Usage
Policy. Please cite PharmGK8 if you use our information or images.

Clinical Guideline
Annotations

165"

Curated
Pathways

i 151"

https://www.pharmgkb.org/

@ Help

Annotated
Drugs

@ 709"

PharmGKs x
13 +

&

> C (0 @ phamgkborg

Q PHARMGKB

Search PharmGKB

Drug Label
Annotations

g 780°

¥ OpiaRunnNs)

Korear Socety for Bioinformatics

=}

xX

A *x SR =0DcOoCBEBOEDNCE YO

Publications News Downloads Contact

Search for a molecule, gene, variant, or combination

Therapeutic Resource for COVID-19

PharmGKB data are under a Creative Commons license. More details are in our Data Usage Policy.
Please cite PharmGKB if you use our information or images.

Clinical Guideline Curated
Annotations Pathways
165" ¥ 151

https://www.pharmgkb.org/

@ Help

Annotated
Drugs

B 709"
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Resources for pan-cancer
genomics profiles and tools

Brief Bioinform . 2020 Dec 1;21(6):2066-
2083. doi: 10.1093/bib/bbz144.

g'.;SB| SR HY RES|

Kerear Sty fo

Table 2. Resources for pan-cancer penomics profiles and tools

Resource Data type Profiling  Sample size Description Link References
platform
Adult cancers
TCGA (The Cancer  Clin, CNA,GEX,  Microarray, ~11300 Mostly primary tumors of 33 Individual cancers:  [150]
Genome Atlas) Methyl, miEX,  NGS cancers https://partal gdc.
SNV cancer.gov/
Merged pan-cancer
data: hitps-//gdr.
cancer.gow’
node/305/
Also downloadable
byan
R/Bioconductor
packaps
ToGAbiolinks [41]
METS00 CNA, SNV NGS 500 Metastatic tumors of 30 ‘https//metso0.path.  [43]
Cancers med umich.edw/
Pediatric cancers
TARGET clin, GEX, miEX, NGS ~3200 (according 6 pediatric cancers (according  httpss/portalpde.  [44]
(Therapeutically SNV totheGDCData  to the GDC Data Fortal cancer.govf
Applicable portal accessed  acressad in May 2018) Also downloadad
Rresearch to in May 2018) byan
Generate Effective R/Bioconductor
Treatments) packape
ToGAbiolinks [41]
PedPancan SNV NGS 961 24 pediatric cancers ‘http/farwre [45]
iatric pedpancan.com
Pan-Cancer study)
Cancer cell lines
CCLE (Cancer Cell  CMA, GEX,RFFA, Micoarray, ~1500 ‘hitps:/fportals. [15,151]
Line Encyclopedia) SNV TGS broadinstitute org/
cole
Also accessible
through the Cancer
Dependency Map
(DepMap): https://
X depmap.
Curations
ICGC (Intemational  Clin, CNA,GEX, Curation  ~24 000 Curation of 80+ international  hitp/ficgc.org’ [45]
Cancer Genome Methyl, miEx, cancer projects, induding
Consartium) SNV TCGA and TARGET
COSMIC (Catalogue  CNA, SNV Curation sSummarization af ‘hitps:/fcancer. [45]
of Somatic cancer-related mutations sanger.ac.ukf
Mutations in across 32 000+ tumors and cosmic
Cancer) cancer cells curated from
25 000 papers
Pan-cancer data visualization
TumarMap 2D maps Curation Visualization of TCGA, TARGET, https//tumormap.  [47]
ete. ucsc.edu’
and biological
MsigDB (Molecular  Genes sets Curation  ~17 800 gene sets Genes seis of cytobands, ‘hitpa/fsoftware. [52-54]
signatures curations, motifs, broadinstitute org/’
Databasa computation, Gene gsea/msigdbfindex
Ontologies, ancogenic 5p
sipnatures and fmm;
Pathway Commons  Biological Curation 4000 pathways Collection of biclogical ‘hitps/iwww. [152]
pathways P from 201 pathwaycommans.
databases,induding KEGG ~ orgf
and Reactome
NDEx (Network Data  Biological Curation Interactive database that wwwidexbioorg’  [153]
Exchange) networks allows users to query,
visualize, upload, share and
distributa biological networks
Normal tissues
GTEx GEX NGS ~11700 Expression profiles of 53 https/fgtexportal.  [15,155]
(Genotype Tissue non-diseased tissues across  org/home/
Expression) ~1000 individuals that can be
used as normal controls for
cancer studies
Clin, clinical data; CNA, copy number alteration; CEX, g Mcthyl, I, il son; NS, next RPPA, reverse
e . SV, o : :

NCBI PubChem

Browse Data

https://pubchem.ncbi.nim.nih.gov/

g'.;SB| SR HY RES|
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@ PubChen

x +
3> C (3 @ pubchemncbinimnih.gov o * g9 cEQOoOCCBEBED “ B ~»»0

m) National Library of Medicin
N

onal Center for Biotechn

Inf on

Pub@hem About  Blog  Submit  Contact

Explore Chemistry

Quickly find chemical information from authoritative sources

Try aspirin EGFR CIHB04

(m]

C1a(C=C(C=C1)C=0

E=

Draw Structure Upload ID List Browse Data Periodic Table

https://pubchem.ncbi.nim.nih.gov/

oG uTyms 0

DrugBank

@ORUGBANK

Browse ~ COVID-19 Search > Downloads Commercial D3

WHAT ARE YOU LOOKING FOR?

’Tylenol
Q s .:@s‘

@ORUGBANK

DrugBank is a pharmaceutical knowledge base that is enabling
major advances across the data-driven medicine industry.

The knowledge base consists of proprietary authored content describing clinical level information about
drugs such as side effects and drug interactions, as well as molecular level data such as chemical
structures and what proteins a drug interacts with. DrugBank offers a suite of products powered by the
DrugBank Platform and has customers located around the world crossing multiple industries including
precision medicine, electronic health records, drug development and regulatory agencies. DrugBank also
provides DrugBank Online as a free-to-access resource for academic research and is used by millions of
pharmacists, pharmacologists, health professionals and pharmaceutical researchers every year.

Cnmgsarkfarchnerc'a\ Use >> <C'teD|quank @) (About DrugBank >>

& CpjazumzLss) https://go.drugbank.com/
a arrratics

Kerear Society for ratic
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& X t x +
&€ > C (0 @ godugbankcom * B9 pDoe0cOCBEDBED

@ORUGBANK Browse ~ COVID-19 Search ~ Downloads Commercial Data ~ Help ~ About ~

WHAT ARE YOU LOOKING FOR?
. .
Aspirin
o Drugs e Targets 0 Pathways o Indications

@RUGBANK

DrugBank is a pharmaceutical knowledge base that is enabling
major advances across the data-driven medicine industry.

Korean 5

e OB R u Yy https://go.drugbank.com/

Genomics of Drug Sensitivity in Cancer (GDSC

¥ MASSACHUSETTS

- @ GENERAL HOSPITAL
= sanger
» institute

CANCER CENTER

Genomics of Drug Sensitivity in

Cancer

Features Downloads

What's new?

Genomics of Drug Sensitivity in Cancer Release 0.3 (une 2020)

The functionality of the Genomics of Drug
Sensitivity in Cancer database has now
been enhanced with two new data
Wwe have characterised 1000 human cancer cell lines and screened them with 100s of compounds. visualisations. The Combined Analyses
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What's new?

Genomics of Drug Sensitivity in Cancer Relense 8.3 (lune 2020)

The functionality of the Genomics of Drug
Sensitivity in Cancer database has now

been enhanced with two new data
We have characterised 1000 human cancer cell lines and screened them with 100s of compounds. visualisations. The Combined Analyses

On this website, you will find drug response data and genomic markers of sensitivity. Volcano Plot overlays all tissue specific and
pan-cancer associations to visualize
significant biomarker associations across all
context-specific ANOVA analyses. Compare
compound plots the correlation of dose

: response results (IC50 or AUC ) between
Search by druQ‘ geneor cell line name different drugs across the cell line set.
e.g. Docetaxel, RP-56976, BRAF, COLO-829 <
Datasets
GDSC1 GDSC2
Age
from 2010 to 2015 v NEW
Size
H 987 Cell lines 809 Cell lines
overVIew 367 Compounds 198 Compounds
310904 1CS0s 135242 ICS0s
Assay
- .=
§2 SB| B2 HY 25| https://www.cancerrxgene.org/
Korear Socety for Biomlormatics

" Lecturel
— Introduction to pharmacogenomics
* Drug discovery and development
— Key data sources
— Representations of proteins, chemicals

" Lecture 2
— Studies related to pharmacogenomics based on machine learning

PROTEIN REPRESENTATIONS

EFSSBl SR HY RES|

Korean Saciety for Bioinformatics
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Why protein representations are necessary?

Representation of proteins for machine-learning features that fully
captured wide ranges of properties of the target molecule

aopigRRRERas

Types of protein representations

" Protein descriptors
— Amino Acid Composition (AAC) - 20D
— Dipeptide Composition Descriptor - 400D
— Tripeptide Composition Descriptor - 8000D
— Composition, Transition and Distribution (CTD) - 147D

" Protein embedding
— One-hot embedding
— Knowledge graph embedding

aopiERRIERas
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Amino Acid Composition ~AAC (20D)

Amino acid compositions for unfiltered sequences from 38 organisms

T R L N -2 Q12 S RO N QU R R A s e, R I

EELSLPELSS 28 Mw L L PP S ewfo"ff«’ffflffff

330 o0 tms g pi ooh cho sap Beu  neq oM kir Fae 535 50 G ple mao mhe haal hvo ath 83 3o 3w ud«neﬂmm«uwmmmmmm

BMC Research Notes volume 11, Article number: 117 (2018)
g2 Cpj Ry YLty

Korean Saciety for Biowformatics

Dipeptide (400D) / Tripeptide (8000D)
Composition

## AN RA NA DA CA EA
## 0.003565062 0.003565062 0.000000000 0.007130125 0.003565062 0.003565062
## QA GA HA IA LA K4

## 0.007130125 0.007130125 0.001782531 0.003565062 0.001782531 0.001782531

## MA FA PA SA TA WA
## 0.000000000 0.005347594 0.003565062 0.007130125 0.003565062 0.000000000
#i# YA VA AR RR NR DR
## 0.000000000 0.000000000 0.003565062 0.007130125 0.005347594 0.001782531
## CR ER QR GR HR IR
## 0.005347594 0.005347594 0.000000000 0.007130125 0.001782531 0.003565062
## Anh RAA MASA DaA CAA EAA

## 0.000000000 0.000000000 O.000000000 0.000000000 0.000000000 O.000000000

## Qas GAA HaA IaA LAA KA
## 0.001785714 0.000000000 O.000000000 0.000000000 0.000000000 O.000000000
## MALA FAA PAA SAA TAA WAL
## 0.000000000 0.000000000 O.000000000 0.001785714 0.000000000 O.000000000
## YAL WAL ARA RRA NRA DRA
## 0.000000000 0.000000000 0.000000000 0.000000000 0.000000000 O.000000000
## CRA ERA QRA GRA HRA IRA

## 0.000000000 0.000000000 0.000000000 0.001785714 0.000000000 O.000000000
## LRA KRA MRA FRA PRA SRA
## 0.000000000 0.000000000 0.000000000 O.000000000 0.000000000 O.000000000
n == B
i pjeRuTas)

Korear Saciety for Bionformatics
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Composition, Transition and Distribution (CTD),

147D

Sequence M T E T A S MV K ELRE A TGTG A
Sequence Index 1 5 10 15 20
Transformation 3 2 1 3 2 2 2 3 3 1 1 3 1 1 2 2 2 2 2 2

Index for 1 1 2 3 4 5
Index for 2 1 2 3 4 5 6 7 8 9 10
Index for 3 1 3 4 5

1/2 Transitions |
1/3 Transitions |
2/3 Transitions |

Table 1: Amino acid attributes, and the three-group classification of the 20 amino acids by each attribute

Group 1 Group 2 Group 3
Hydrophebicity Polar Meutral Hydrophebicity

RKEDON GASTPHY CLV,LMFW
?:I'l::_l“eli"”d e 0-278 295-40 403-8.08

G ASTADC N V,.EQ L w'H'K“}'R'Y'
Polarity 49-6.2 80-9.2 10.4-130

LLEWCMVY PATGS HQREKNED
Polarizability 0-1.08 0.128-0.186 0.219-0.409

GASDT CRNVEQLL SR
Charge Positive Meutral Megative

KR \P;.N,C,QG,H,I,l.M.F.P,S,T,W.Y, O.E
Secondary Structure Helix Strand Cail

Eﬂ'I'M'QK'R' VLY, CGW. RT G,NP5D

Sohvent Accessibility

saSBidRERER

Buried Exposed

ALFCGLVW RKQEND

Intermediate

M,5,P,T.HY

https://mran.microsoft.com/snapshot/2017-12-06/web/packages/protr/vignettes/protr.html

«

co _LBIML.ipynb %
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Protein descriptors (R 53 E)

b

+3
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43

W MY UEY EP E8Y

In

E;
+ HAE

v Protein Descriptor

colab.research.google.com/drive/1smQsJSVITKsI7difhyzlco-2eGI6mCCL#scrollTo= 6X5A32q5qXQ7

= J =4 U‘%‘At\‘&‘O pe R

{x}
c : - i .
v PyBioMed& O| &%t protein descriptor
(b}
v [1] Ipip install rdkit-pypi # install rdkit
% [2] !pip install pybel_tools # install pybel
¥ [3] lgit clone https://github.com/gadsbyf|y/PyBioMed.git
%cd PyBioMed
Ipython setup.py install
v Using PyBioMed - AA composition
<>

v 0

import PyBioMed

Qa % & & ¢ e O 00

%%#@

Colab Al S

n

gz 2

RAM __
v a3 v

rveoBARDE

from PyBioMed.PyProtein import AAComposition

coSBig=eeERs https://colab.research.google.com/drive/1smQsJSVITKsI7difhyzLco-2eG96mCCL?usp=sharing
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Protein Embedding
(Convert Categorical Data to Numerical Data)

" One-Hot Encoding

06\@&00 2 ¥
the => [0|0|0|0 |1
cat=> |{1/0/0|0|0
sat => |[0/0|0|1|0

" Word embedding

cat => 12 | 01| 43 | 32

mat => |04 | 25 [ 09| 05

on == 21 0.3 0.1 0.4

Lo Opj sy nRys https://www.tensorflow.org/text/guide/word_embeddings
=] Korear Satiety for Biomfonmmatics

Knowledge Graph

" A knowledge graph is a knowledge base that uses a graph-structured data
model to integrate data.

— entities (such as objects, people, and concepts) are depicted as nodes

— relationships or connections between entities are represented as edges

" Knowledge graphs enable enhanced information retrieval, reasoning, and
knowledge discovery.

LAJOCONDE [V
A WASHINCTON

pausiA sey

is a friend of

saSBiREEE
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Hetionet (eLife 2017)

g2 Cpj Ry YLty

Korean Saciety for Biowformatics

11 node types (metanodes), 24 edge types (metaedges)

Hetionet (eLife 2017)

Table 1. Metanodes.
Hetionet v1.0 includes 11 node types (metanodes). For each metanode, this table shows the abbrevia-
tion, number of nodes, number of nodes without any edges, and the number of metaedges connect-

ing the metanode.

Metanode Abbr Nodes Disconnected Metaedges
Anatomy A 402 2 4
Biological process BP 11,381 0 1
Cellular component cC 1391 0 1
Compound C 1552 14 8
Disease D 137 1 8
Gene G 20,945 1800 16
Molecular function MF 2884 0 1
Pathway PW 1822 0 1
Pharmacologic class PC 345 0 1
Side effect SE 5734 33 1
Symptom S 438 23 1

g2 Cpj Ry Lty

Korear Saciety for Bionformatics
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Table 2. Metaedges.

Hetionet v1.0 contains 24 edge types (metaedges). For each metaedge, the table reports the abbrevi-
ation, the number of edges, the number of source nodes connected by the edges, and the number
of target nodes connected by the edges. Note that all metaedges besides Gene—regulates—Gene

are undirected.

Metaedge Abbr Edges Sources Targets
Anatomy-downregulates-Gene AdG 102,240 36 15,097
Anatomy-expresses—-Gene AeG 526,407 241 18,094
Anatomy—upregulates—Gene AuG 97,848 36 15,929
Compound-binds-Gene CbG 11,571 1389 1689
Compound-causes-Side Effect CcSE 138,944 1071 5701
Compound-downregulates-Gene CdG 21,102 734 2880
Compound-palliates-Disease CpD 390 221 50
Compound-resembles—Compound CrC 6486 1042 1054
Compound-treats-Disease CtD 755 387 77
Compound-upregulates-Gene CuG 18,756 703 3247
Disease-associates-Gene DaG 12,623 134 5392
Disease-downregulates-Gene DdG 7623 44 5745
Disease-localizes—Anatomy DIA 3602 133 398
Disease-presents—-Symptom DpS 3357 133 415
Disease-resembles-Disease DrD 543 112 106
Disease-upregulates-Gene DuG 7731 44 5630
Gene-covaries-Gene GeG 61,690 9043 9532
Gene-interacts-Gene GiG 147,164 9526 14,084
Gene-participates-Biological Process GpBP 559,504 14,772 11,381
Gene-participates—Cellular Component GpCC 73,566 10,580 1391
Gene-participates—Molecular Function GpMF 97,222 13,063 2884
Gene-participates—Pathway GpPW 84,372 8979 1822
R Gene—rregulates—Gene Gr>G 265,672 4634 7048
$a SB' ?E Pharmacologic Class-includes—Compound PCIC 1029 345 724

Knowledge Graph Embedding (KGE)

® A Knowledge graph embedding (KGE) is a representation of a

KG element into a continuous vector space.

— The primary objective is to ensure that these embeddings capture the
semantics and relations such that similar or related entities/relations

are closer in the embedding space.

Liverpool
Acme Inc i
e s !
N\ bornln T O Acme Inc Liverpool
1 @® Ci
worksFor basedIn City L Grvloses ®
worksFor filn isA :> Mze F .Live;m:)l:l%
erson ool cam
o Liverpool FC Geoge . ®
/ friendWith Mike P Football Team ¢ timavin
] 18
[ w;rkam' PY
1SA- - ° >
George bomin @ | basedin
Person L4

Image adapted from https://towardsdatascience.com/knowledge-graph-embeddings-101-2cclca5db44f

saSBiREgEEE
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Knowledge Graph Embedding (KGE)

' (a) Matrix Factorization |
|
| X \]T [
| ~
| A ot U dxN :
l ’
Knowledge Graph ' R T3 I A Node Embedding Space
I
| &) Transiational Distance Models | o0
: e
|
' O
|
' h + r =t . d> ® o
I | . ‘ ‘
. | o
e e e
|(©) Neural Network Models ! ® e
o I
I Q o | Low Dimensional
! o ° : N g I Representation
| D 90 <8
| - N0 :
| . Q [ <] |
l Node2vec Autoencoder

- e - - e e e e e - w— o - = - - = = =l

Nicholson et. al., Comput Struct Biotechnology J 18, 1414—1428 (2020)

saSBidRERER

Translational Models

® TranskE :

— If two entities are related by a specific relationship, the embedding of
one entity plus the embedding of the relationship should be close to
the embedding of the second entity.

— For a given triple (h,rt) (where /is the head entity, r is the relation, and
t is the tail entity), the relationship is modeled as: h +r= t

oo, 4 TransE A
f nkel”
E h t h@y ="t
§ / le) ’/ foet
< 52> /tpeople);
e P
f ,
TransE has difficulty modeling
1-N, N-1, and N-N
« -1y https://learnijing tistory.com/5 relationships.
& SBl%%@fgff%%‘
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Translational Models

® TransR

— TransR learns relation-specific embeddings. Each relationship has its
own embedding space, and entities are transformed into this space
before translation.

— For each relation r, there's a transformation matrix M.. Entities are first
transformed:

h,=h-M,
t.=tM,
Then, the translation is applied: h, +r = t,

WA A

TWE
AAOA\,

SB| I%Eqp@"ngﬁgpging.tistory.com/ 5 Entity Space Relation Space of r
b i SR,

TransR

Translational Models

® RotatE

— RotatE represents relations as rotations in the complex vector space.
For a triple (h, r, t), the relation ris modeled as a rotation from hto t in

the complex plane.

— This approach is particularly powerful for capturing symmetric,
antisymmetric, transitive, and inversion properties of relations.

e OB gz ezEEAs
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Protein embedding (&

23 colab.research.google.com/drive/1smQsJSVITKsI7difhyzlco-2eGI6mCCL#scrollTo=qfnawWX8AP92

C @

oY 4% %7 MY HEY £ £8% 95

In

+ 3 + HAE

v Protein embedding Of| &|

v example: one-hot embedding (PyTorch)

Y [12] import pandas as pd
o import numpy as np
import torch
from torch.nn.utils.rnn import pad_sequence

# Define the amino acid alphabet

seq_rdic = ['A', 'I", ik R A e e B ]
seq_dic = {w: i + 1 for i. w in enumerate(seq_rdic)}
def encodeSeq(seq, seq_dic): # Change AA to number

if pd.isnull(seq):
return (0]
else:

return [seq_dic[aa] for aa in seq)
print(seq_dic)

protein = encodeSeq("AAAAAAAAVGE" , seq_dic)

saSBidRERER
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https://colab.research.google.com/drive/1smQsJSVITKs|7difhyzLco-2eG96mCCL?usp=sharing

" Lecturel
— Introduction to pharmacogenomics
* Drug discovery and development
— Key data sources
— Representations of proteins, chemicals

" Lecture2

— Studies related to pharmacogenomics based on machine learning

MOLECULAR REPRESENTATION

saSBiREgEEE
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Why molecular representations are necessary?

Representation of chemical compounds for machine-learning features
that fully captured wide ranges of chemical and physical properties of
the target molecule

2 OB AR

Types of molecular representations

" Molecular descriptors
" Molecular fingerprints
" Molecular embeddings

2 OB AR
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Molecular descriptors

" Molecular descriptors are numerical values that characterize
properties of molecules

" The goal of a molecular descript is to provide a numerical
representation of molecular structure

" There are numbers of molecular descripts vary in complexity
of encoded information

®) ) MW?
~ N
h P /N 194.08
O ITI N

e OB gz ezEEAs

Molecular descriptors

HO™ ~O
0D 1D 2D éD
OOO
OOOO RZ/O o]
OOOOO g<>z o]
;°. g/"\

1) 0D-descriptors (Molecular formula, i.e. Molecular weights, atom counts, bond counts),
2) 1D-descriptors (Chemical graph, i.e. Fragment counts, functional group counts),
3) 2D-descriptors (Structural topology, i.e. Wiener index, Balaban index, Randic index,

BCUTS),
4) 3D-descriptors (Structural geometry, i.e. WHIM, autocorrelation, 3D-MORSE, GETAWAY),

5) 4D-descriptors (Chemical conformation, i.e. Volsurf, GRID, Raptor)

Grisoni F., Ballabio D., Todeschini R., Consonni V. (2018) Molecular Descriptors for Structure—Activity
S;Biajigagig%gﬂ_;ﬁands@n Approach. In: Computational Toxicology. Methods in Molecular Biology, vol 1800.
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Molecular fingerprints

" Fingerprint representations of molecular structure and
properties are a particularly complex form of descriptors.
Fingerprints are typically encoded as binary bit strings whose
settings produce, in different ways, a bit “pattern”

characteristic of a given molecule.

" Fingerprints are designed to account for different sets of
molecular descriptors, structural fragments, possible
connectivity pathways through a molecule, or different types

of pharmacophores.

ijojofofajofofal

o SBI BIRAID A B3| https://doi.org/10.1016/j.ymeth.2014.08.005
oD Vorean Sadety for Bicwommotics

Types of fingerprints

T R o

Structural based Pattern-based FP
Topological Path-based FP
Circular FP

Pharmacophore FP

Neural network based Graph-based representation

Molecular embedding

e OB gz ezEEAs

MACCS, PubChem, FP3,
FP4

Daylight, FP2
ECFP2, ECFP4, ECFP6
2D pharmacophore

GNN (graph convolutional
network (GCN), graph
attention network (GAT),
gated graph neural
network (GGNN), ...)

seq2seq, mol2vec

- 27 -




Pattern based fingerprints

SMARTS pattern PubChem Fingerprint

+  E73 SMARTS pattern 72 & 7|H2 2 3t +  PubChemOf| A K|A|SH SR £ 2E 7|HIQ = ot
PN R PN s s K| =22 X} (881 bit vector)
Key position Key description Annotation Sections Description
11 il Radeiadalodetadi | 4M Ring Section 1 (#0~#114) Hierarchic element counts
12 [Cu,Zn,Ag,Cd,Au,Hg] Group IB, 1IB Section 2 (#115~#262) | Rings in a canonic Extended Smallest
13 [#8]~[#7](~[#6])~[46] ON(C)C Set of Smallest Rings ring set
14 [#16] - [#16] s Section 3 (#263~#326) | Simple atom pairs
Section 4 (#327~#415) | Simple atom nearest neighbors

MACCS fingerprint SMARTS pattern 7| 2= I Section 5 (#416~#459) | Detailed atom neighborhoods

Section 4 (#460~#712) | Simple SMARTS patterns

v" MACCS fingerprints (166 keys)

Section 4 (#713~#880 C lex SMARTS patt
v" FP3, FP4 fingerprints from OpenBabel ection 4 { ) | Complex patterns

PubChem fingerprints bit2 description

. EXIX
= o

- 0|0] Ho|El 519 FxO| R E BEISIO AHEE X EHRLE 519 F= ZMo
FESIL O|2e] =S BT & YIS

- JHH2Z HEO 2OV E S

2 OB AR

Path-based fingerprints

. < Ifé =2 RE Imearfragment £ 18{d}
+ Bl (hashing) & 12|F=S AtEE

i
O|I
>
|0
Hu
ot

. ZtH Fingerprints
v" FP2 fingerprints (1,021 bit vector)
v" RDK fingerprints, Layered fingerprints (RDKit), CDK fingerprints (CDK)

H (o]
. =5y ~_r
- ofjd gne[E 2 AHESHY LYot om0
OLf| R E BT = U AEXIL . . . o N
Zo| 2Eg +=AS c c
- Ol FEO| AMHX[AOl He QS e n n
— ~ =0 ~ s
- XN 2EXI2| resolution= 6 H%;' \ - /
e[ et FetE = AS painengin =2 ; " ; .
- Bit collision2f bit space H|E I2{ot - =/ F° T PO Y
7'0'9' XlIE dxl-g &t Z'JO' path length =3
oS N R N Y .
[ A U S 7 ( <«

Z0[0f [[HZ fragment =F Of| A|
https://docs.eyesopen.com/toolkits/python/graphsimtk/fingerprint.html#section-fingerprint-path

2 OB AR
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Morgan/Circular fingerprints

« OtLto| RAIS 7|Z=2 2 FO|T Bt Lo ote| 7= YES

OIAY:O %Xl'&"gi %I'A—I]I_(')_I-I_ 7|':H
\\ « ol &d(hashing) 7| 2 A SHO] £ 20| LYQ]
=N XZHAHAZ t.'_*%FOM Arggt
Diameter 0: Idertifiers:
p . . Tiearizes
° _Tlil- Elj Fingerprints P . ! o o . - - :g§§§§§§§
v" Morgan/Circular fingerprints P Diameter 2 _ _ M asosrses
v’ ECFPs (ECFP4, ECFP6), FCFPs r i D R N S GV I G ) R
EII I‘l pameeré o o .., . . 0 =252457408
* So9 Y Y Y Y - ARune
- Ol Dl xo'iglEJ —_|-L_7|:_7|' OI'IF_'I 'C')'l-—?-l —_|-L_7F_01| R N N ~iarsssaass
CHat E310| THs 3t
H A 57} 2 e eviaes sorososss . o _
_ xl__l x_” &li OI_I ;1-5 xo_i E% E I_:l _6|-E 1' 168772 595\':'\.\1?:‘.-.7:1:]:5:64 .}2\}4:‘3_/].3’:"19_4_ -':'35‘.1'\-'4.‘..;.3?_ 19.’99\5\‘!&'5!‘ ]._'EO-‘-F(J-‘-SI 5; ;
'IQI'% Ol'l_l' Ol'—?—l —_rl'x ?:I A_I O‘”E /-"-‘."'\_ = ",' ] - “.\‘ /. Hash function
&! El"é‘l-Xl ?_6!‘% Fixed-length bmumw-mﬂlm < f_m e <«
RS S
ECFP fingerprint2] At& A X}
https://docs.chemaxon.com/display/docs/Extended+Connectivity+Fingerprint+ECFP
faoBigzgzY=Es
° Mol2vec learns vector Step 1: Generation of Mol2vec embeddings — Step 2: Application of Mol2vec descriptors
unsupervised pre-training as input in supervised ML
representatlons of n
molecular substructures @{( @ﬁn
that point in Similar Sentence extractio Sentence u“\‘f“?\“ s
directions for Corpus: 19.9 million compounds Data set: thousands of compounds
chemically related § et ook
substructures. -
*  Compounds can finally $§ § Euraction of vectors
be encoded as vectors ’}l s Bt 1 : |
by Summlng the vectors [0.2,0.1, ...] [0.3,0.5,...] ... Sum([0.2, 0.1,...] [0.3,05,...] ...)=[0.7,0.8,.]
: HVH High dimensional vector representations of Compound vectors
of the individual i wbmcwm

values
table _ ‘
Compound

Pl'\‘pk‘l‘l.\'

prediction

SBI ali-)glgzlitlﬂ




GNN

Graph neural networks (GNNs) are

connectionist models that capture
the dependence of graphs via

message passing between the nodes

of graphs.

— Extract features by considering the
structure of the data

— Enables automatic feature extraction
from raw inputs

— can embed the drug(molecule) into
vectors which has topological structure
information with edge and atom features

* With end to end learning, the
model can learn data driven
features

saSBidRERER

(a) 2D Convolution. Analogous
to a graph, each pixel in an image
is taken as a node where neigh-
bors are determined by the filter
size. The 2D convolution takes
the weighted average of pixel val-
ues of the red node along with
its neighbors. The neighbors of a
node are ordered and have a fixed
size.

(b) Graph Convolution. To get a
hidden representation of the red
node, one simple solution of the
graph convolutional operation is
to take the average value of the
node features of the red node
along with its neighbors. Differ-
ent from image data, the neigh-
bors of a node are unordered and
variable in size.

Fig. 1: 2D Convolution vs. Graph Convolution.

https://arxiv.org/abs/1901.00596

Graph Neural Network

®  Message Passing : aggregate information from neighbors

(t+1)

- my = message_passing({h‘(,lf) ,Yw e N(v)})

u Update : with message passing, update the hidden representation

hi+t = update(m™V, h(D)

® Readout : represent graph with all hidden representations

httl = readout(hLt, vv € G)

(
B
N Em
GNN Layer
ey
2
LT )
R
3 Message passing
R . Update
| ng?
B® u
&
HETN O
h{f}
T

saSBidRERER

ht : hidden embedding vector of node v at t-th GNN layer

hd =X,
N(v) : set of nodes adjacent to v

hi+1
m
- Readout
2
"y = —
o L]
hi s Graph
- h representation
hi* [
hg'l'l
O

60

-30 -




Graph Neural Network
® Message passing
— Message : Information that flows between neighbors and the target node

message_passing : function that aggregate neighbor information of target node at t
time step with propagation rule

— mY* = message_passing({hY ,Yw € N(v)})
4 o )
= =m ) Y
() h
Target node b . soie Messtepang IR ASTY
F (t=1)
\ h,(f] | Il-t —] _-’ s
h® Y ol (t-)
m he" . .
B | 1 S _
HE = R I
(O ;
7
[ mgt“) = message_passing ({hgt) ) hc(tt)' hgt)}y
2 OB TR .
" Update

— update : function that update the t+1 time step hidden representation with t time step
node representation and message passing

hi*tl = update (m,(fﬂ), hl(,t))

A
1 h(zt) (n hit—l)

N Bl
0 . . (t=1)
Target node h; | ] Update Mesgage passing hy
E (t=1)
—H %
. (3 o
plt) o
4 R+ Y
t 3
| R
() |
‘ - ® \\E hg™
N E A
i +1) ® L© L©
t+1 . ¢ N
EE mg = message_passing({hy’ ,h;”, hs'})

hitt = update(mé”l), hgt))
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Graph Neural Network

® Readout

— readout : function that represent the graph calculated by all hidden

representations

— kit = readout(hit,vv € G)

/ h§+1
[
h5+1
|
h§+1
hi+1 - -
| hEtt
- hg+1 -
hg+1
|

h§+1
A5
A HE

hEt = readout( hiY' MEEE ) =
hé"'l -
hé‘l’l -
h;+1 -

~

PN ESCEEERE

/

Graph Neural Network Models

®  Semi—Supervised Classification with Graph Convolutional Networks (GCN)

" |nductive Representation Learning on Large Graphs (GraphSAGE)
" Neural Message Passing for Quantum Chemistry (MPNN)

" Graph Attention Networks (GAT)

" How Powerful Are Graph Neural Network? (GIN)

" Analyzing Learned Molecular Representations for Property Prediction

(DMPNN)

— Various Message passing, Update, Readout function

e OB gz ezEEAs
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Compound representation

C M 23 colab.research.google.com/drive/1smQsJSVITKs|7difhyzlco-2eGI6mCCL#scroliTo=oAnDISpq6shK

cO & BIML.ipynb v

{x}

<>

v

v (3]

IY 4% &7 MY HEY £ E8W LE WAANWO NI

+ HAE

v Compound Descriptor

v RDkitS O| 2%t compound descriptor

[1] Ipip install rdkit-pypi # install rdkit

[2] from __future__ import absolute_import

import rdkit

from rdkit import Chem

from rdkit.Chem import rdMolDescriptors # Module containing functions to compute molecular descriptors
from rdkit.Chem import Descriptors

import rdkit.rdBase

from rdkit.Chem.MACCSkeys import GenMACCSKeys

from rdkit.Chem import Al|Chem

from rdkit.Chem import Draw

# Reading single molecules

m = Chem.MolFromSmi les( "CN1C=NC2=C1C(=0)N(C(=0)N2C)C") # caffine
from rdkit.Chem.Draw import IPythonConsole #Needed to show molecules

from rdkit.Chem.Draw.MolDrawing import MolDrawing. DrawingOptions #0nly needed if modifying defaults

(AI

v

AL

Qa ax & & o @

a %2

RAM _
Cj23

© e O 00

238 B @

- Colab Al S

https://colab.research.google.com/drive/1smQsJSVITKs|7difhyzLco-2eG96mCCL?usp=sharing

i OpjeRuTas)
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Lecture 1- END.
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KSBi-BIML 2024

Drug discovery and development -
Pharmacogenomics and beyond

Hojung Nam, Ph.D.
Professor
School of Electrical Engineering and Computer Science (EECS)
Gwangiju Institute of Science and Technology (GIST)
Contact: hjnam@gist.ac.kr

Contents

® |lecturel

— Introduction to pharmacogenomics
* Drug discovery and development

— Key data sources
— Representations of proteins, chemicals

" Lecture 2
— Studies related to pharmacogenomics based on machine learning

ch

SBigzzzEAs

o

d
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CYP450 VARIATIONS AND DRUG
RESPONSES

e OB gz ezEEAs

Pharmacogenomics and drug metabolism

" A patient’s genetic makeup and their response to
pharmaceutical drugs are seen with regards to their
metabolism

Ultra-rapid Normal Poor
Metabolizer Metabolizer Metabolizer
Under-dosed: Expected Over-dosed:
. Adverse drug
Lack of efficacy response .
reactions

e OB gz ezEEAs
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Cytochrome P450 enzymes

" The super-family of cytochrome P450 enzymes has a crucial

role in the metabolism of drugs

" CYPs are the major enzymes involved in drug metabolism,

accounting for about 75% of the total metabolism

" Most drugs undergo deactivation by CYPs, either directly or by

facilitated excretion from the body

CYP3R4/5 | ] 36%
[ —— T
(=17 1= 1 — T
cvpraz [ 1%
cypac1e T 8%
cvezEl ] ax
cvpzee ] 3%

cypaas [ 3%

% 5% ltli% 15;96 2(;% 25‘% 30‘% 35‘96 dt‘b% -1:‘;% 5(;%
e.g. ) Proportion of antifungal drugs metabolized by different families of CYPs.

SBifil—;L)glgzgga_.lﬁ https://en.wikipedia.org/wiki/Cytochrome_P450#Drug_metabolism

CYP450 isozymes

" Humans have 57 genes and more than 59 pseudogenes

divided among 18 families of cytochrome P450 genes and 43

YP2CS, CYP2C18, CYP2C1S,

CYP2 | drug and § L
CYP2U1, CYPZWT
CYPI | drug stercid (including testost bolism
: CYPAAT1, CYPAAZZ, CYP4B1, CYRAF2, CYPUF3, CYPAFE, CYPAF11, CYPAF1Z
CYP4 | arachidenic acid or fatty acid metabolism

CYPAF22, CYPAVZ, CYPAX1, CYPAZY

CYP5 | thromboxane Ay synthase CYPSA1
CYPT | bile acid biosynthesis 7-alpha hydrovylase of steroid nuclews
CYP8 | vared

CYP11 | sterced bicsynthesss

CYPTAT, CYPTBI

enes | CYPEAT (prostacychn synthase), CYPE81 (bile acid biosynthesis)
nes | CYP11A1, CYP11B1, CYP1182

P17
CYP19
CYP2O

CYPITAY

CYP19AT

esis, 17-alpha hydrooylase

52 aromatase synthesizes estrogen

CYPZ0A1

CYP21 | sterced b

CYPZ1AZ

CYP24 | witam

degradation

CYP26 | retinoic acid hydrexylase

; in Dy 1-alpha hydroxlase,
CYP2T | varied 3 subfamilies, 3 genes : i

CYP39 | 7-alpha hydrexylation of 24-hydrowycholestersl 1 subfamily, 1 gene
1 sublamily, 1 gene, 1 -
CYP46 | cholesterol 24-hydroxylase CYP46A1
pseudogens
1 subfamily, 1 gene, 3

CYP51 | cholesterol becsynthesis
preudogenes

CYPS1A1 (lancsterol 14-alpha demethylase)

& SB| sl2amaEsts  https://en.wikipedia.org/wiki/Cytochrome_P450#Drug_metabolism
=] Korear Satiety for Biomfommatics

preudogenes

CYPIDIP

Too many to list

CYP3ASTP, CYP3ASZP,
CYP3IASAP, CYPIAIITP

Too many to list

CYPZ1ATP

CYPABALF

CYPS1P1, CYPSIP2,
CYPSIP3
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CYP2D6 alleles

e

High-function alleles

K (gene duplications)

CYP2D gene locus *1x2, *2x2 and *35x2
/ \
& s

5 CYP2D8P =
Chromosome 22 (pseudogene) 1
£ > Normal-function alleles

: 7 (e.g., *1, *2 and *35)
’ £ -
Y CYP2D7 P

a (pseudogene) _CI
I Low-function alleles
‘ (e.g., “10, *17 and *41)
S CYP2D6 B
S Null-function alleles
(e.g., *3,"4,°5,"6, "7,
*8, "12, *13, *14, *15,
*16, *18, *19, *20, *21,
R *38 and so on)

S

https://www.futuremedicine.com/doi/10.2217/fmeb2013.1
3.130
faSBigRBY =

Related study:
prediction of CYP2D6 haplotype function

Transfer learning enables prediction of
CYP2D6 haplotype function

Gregory Mclnnes', Rachel Dalton»>®, Katrin Sangkuhl?, Michelle Whirl-Carrillo®,

\ala Data
Seung-been Lee®, Philip S. Tsao%7, Andrea Gaedigk®®?, Russ B. Altman*'%#, Erica < nathus [ I ot
L. Woodahl 2+ and
R e ey
| (e e
iy W
| R | L
B Data formatting 2 T :
and annolaton dals
G Functional prediction -
Inpub: Dva-hirl anendid sacmne @
and annotation data
Output Funcional probabilies:
score. O
D.Conversion of ordinal scores lo e
e ]
Qutput  CYPZDG functional prediction
@ Dnine
s

Mclnnes G, Dalton R, Sangkuhl K, WhirlCarrillo M, Lee S-b, Tsao PS, et al. (2020) Transfer learning enables prediction of CYP2D6

g‘. SBI AN L1 55| haplotype function. PLoS Comput Biol 16(11): €1008399. https://doi.org/10.1371/journal.pcbi.1008399
=] Kerear Sotiety for Biemformatics
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https://www.futuremedicine.com/doi/10.2217/fmeb2013.13.130

Related study:
prediction of CYP2D6 haplotype function

" CYP2D6 is an enzyme expressed in the liver that is responsible
for metabolizing more than 20% of clinically used drugs

" More than 130 haplotypes comprised of single nucleotide
variants (SNVs), insertions and deletions (INDELs), and
structural variants (SVs) have been discovered and catalogued
in the Pharmacogene Variation Consortium

e OB gz ezEEAs

Related study:
prediction of CYP2D6 haplotype function

" Input

A CYPZD6 Star Alele Data
— CYP2D6 Full genomic sequence (one hot s C g e v
vector)  wwew —
— 9 annotations (one hot vector) i B | Wt

e Coding region, rare variants, deleterious,
INDEL, methylation mark, DNase

B. Data formatting

hypersensitivity, TF binding site, eQTL, active T““‘J&%W”mﬂ: — e ot
site R
C.Functional prodiction ey
" Output el Lo & O
Poroal Ancoen oose, % heoton i -
— Haplotype activity (No, Reduced, Normal o PpEN ©
activity)
* Data . = €O
Output: CYP2D6 functional pradiction prieg
— Pre-training with 50,000 randomly selecting ® .. —
a pair of CYP2D6 star alleles with curated e =

function, Pre-training with 314 in vivo data e ‘a .

— Fine-tuning with PharmVar data
" Model-3CNN+2FC

Mclnnes G, Dalton R, Sangkuhl K, WhirlCarrillo M, Lee S-b, Tsao PS, et al. (2020) Transfer learning enables prediction of CYP2D6
:} SBl SR AHDIA 1 B} 5| haplotype function. PLoS Comput Biol 16(11): e1008399. https://doi.org/10.1371/journal.pcbi.1008399
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Hubble.2D6 Results
a  Training predictions p Validation predictions
Accuracy: 100% Accuracy: 88%

SO By
1 TS K
" ooE K

No function Decreased Normal No function Decreased Normal
True function True function

Baseline Model Results
¢  Training predictions

Predicted function

d Validation predictions

Accuracy: 74% Accuracy: 54%
i 2 - [l 0
g Oncsed 4 - 0 o I o
-y

No function Decreased  Normal
True function

No function Decreased  Normal
True function

Predicted function for uncurated alleles

30

Count

10

Normal
Predicted star allele function

Decreased function No function

Fig 2. Star allele classification results. The figure depicts performance metrics for the prediction of star allele function in the training and validation sets; confusion
matrices for class prediction in training and validation are shown in (a) and (b), for Hubble.2D6 and in (c) and (d) for the baseline model. (e) shows the frequency of

predicted function for uncurated star alleles.

MclInnes G, Dalton R, Sangkuhl K, WhirlCarrillo M, Lee S-b, Tsao PS, et al. (2020) Transfer learning enables prediction of CYP2D6

=YY LS|

Korean Saciety for Biowformatics

haplotype function. PLoS Comput Biol 16(11): €1008399. https://doi.org/10.1371/journal.pcbhi.1008399

@ Measured metabolic activity for star alleles with curated function

€ Measured metabolic activity for uncurated star alleles

3::: A—x&- 4 o
454 _— il
344 i 23 P
4:4 ® 224 ——
274 —— 284 L ——
304 ——
49+ _— 434 ——
[T
461 —— 264 —_——
174 — —
a5+ _— a2+ —_——
o 351
§5] = — - ——
= 294 s Bt
-4 - et e
@ 724 i ® I ELE —_—
314 —E— Decreased
104 - 524 — =
T4 @ @ Nofunction
404 @ 65 al
544 el
624 A Training 374 W Legend
25| ® Test - ¥ ® Nomal
14 O Tiue label I 9 Dycreased
1] Q. ® Predicted label | 54{ @ ® Notunction
b d
i —— | —
j — I — -—
.g RE:0.712 g R* 0.475
b=} ANOVA P: 6.98e-08 3 ANOVA P 0.01
HIl H
0 F) % T

&0
Metabolic activity (% of CYP2D6*1)

30 60
Metabolic activity (% of CYP2D6*1)

Fig 3. Prediction of star allele function with in vifro data. The figures summarize the distribution of metabolic activity measured in vitro for star alleles whose function
was predicted by Hubble. The distribution of functional activity is shown in (a) and (b) for star alleles with CPIC-assigned clinical function assignments. (a) star alleles
included in the training process are depicted with a triangle, and those held for testing are depicted with a circle. Error bars depict the standard error of the measured
function. The outer edge of each point indicates the true, curator-assigned phenotype, while the inner color represents predicted function. (b) distribution of values for
each predicted functional class for data shown in (a). (c) star alleles without assigned function status; colors represent the predicted function. (d) variance in measured
activity of the star alleles for each predicted label for data shown in (c).

¥ OpiaRunnNs)

Mclnnes G, Dalton R, Sangkuhl K, WhirlCarrillo M, Lee S-b, Tsao PS, et al. (2020) Transfer learning enables prediction of CYP2D6

Korear Saciety for Bionformatics

haplotype function. PLoS Comput Biol 16(11): €1008399. https://doi.org/10.1371/journal.pcbi.1008399
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GENETIC VARIATIONS AND DRUG
RESPONSES

saSBidRERER

Related study:
prediction of cancer cell sensitivity to drugs

SCIENTIFIC RE Pg}RTS = P

| L@\ )
OFEN. Cancer Drug Response Profile scan PiODEGE |@ 8;: Mast e
. i )
(CDRscan): A Deep Learning Model Patient's Virtwaldrugs
. . genomic data . _® ok ¢
That Predicts Drug Effectiveness % 47
Received: 10 Jun 018 H H G & : vr \ W
Ayt My 018 from Cancer Genomic Signature 5%0 i,
Published oaline: |1 June 2018 o0 3, Hyejin Parc, Hyunin Yang’, Seungjs Lee!, Kwee-YumLee™, S inpatler  hiddentaer  OutpdR tyer Drug responsive
L,sﬁﬁfﬁzr;:nﬁn;ihimﬂ:?m; rabLec) ee YumLes™ Approved dru?(s) genomic 'g‘gerpnms
or any small Keras 2.0.6 corresponding
chemical TensorFlow 1.3.0 cancer types
Ubuntu 16.04.3 LTS
* GDSC
ccLp GDSC
. .. . r L 1
* 28,328 mutation positions in 567 genes
— DDOOOCI o y
i DOCDORE :
* 787 cell lines 6% . %4
DO -
L]
244 drugs Y | pooTond e
{ :}7 %
25 n?sf:lzgn 787 Anl‘car?é‘:rd gs
c f utati 7 i ru
(TCGA delined) j,ostions, ~ Cellines TS

Chang, Yoosup, et al. "Cancer Drug Response Profile scan (CDRscan): A Deep Learning Model That Predicts Drug
Effectiveness from Cancer Genomic Signature." Scientific reports 8.1 (2018): 8857.
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Related study:

prediction of cancer cell sensitivity to drugs

a
CDRscan (mean of five models) Random Forests SVM

L R?=0.843 15 R%=0.698 L R%?=0.562
g 10| RMSE = 0.980 T g 10| RMSE =1.374 - g‘; 10| RMSE =1.516
5 s 5 < s
SO0 20 . 30
ks 5 ks 5 3 3
8 8- ¢ 8-
2 10 o 10 2 10

-15 " o ; ; ’ = | -15

-15 -10 -5 0 5 10 15 -15 -10 -5 0 5 10 15 -5 -10 -5 0 5 10 15

Observed In(ICs)

Observed In(ICsp)

Observed In(ICsg)

* multi-fold cross validation (five-fold with each fold)

Chang, Yoosup, et al. "Cancer Drug Response Profile scan (CDRscan): A Deep Learning Model That Predicts Drug
Effectiveness from Cancer Genomic Signature." Scientific reports 8.1 (2018): 8857.
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DrugcCeli

Cancer Caell

Volume 38, Issue 5, 9 November 2020, Pages 672-684.e6

P

CellPress

Article

Predicting Drug Response and Synergy Using a
Deep Learning Model of Human Cancer Cells

Brent M. Kuenzi %, Jisoo Park 1 %, Samson H. Fong 12, Kyle S. Sanchez 1, John Lee !, Jason F. Kreisberg %, Jianzhu
Ma #, Trey Ideker 1,2,3,60

Show more

o Share ®3 Cite
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A
Genotype Drug
1 1
v v
Embedding
of chemical
structure
ANN
In silico
treatment of
cell with drug
DrugCell

Response of cell to drug

CTRP (Cancer Therapeutics
Response Portal) v2 + GDSC
509,204 cell line-drug pairs,
covering 684 drugs and 1,235
cell lines.

=YY LS|

Korean Socety for Bioinformatics

#25Bi

DrugCell

Binary mutations Chemical

structure

2,086 subsystems
6 neurons / subsystem

A4
Genotype embedding Drug structure embedding

Morgan Fingerprints (nbits = 2048, radius = 2)
e CCLE

Binary vector of top 15% most frequently mutated
genes -> total 3,008 genes

d

IROWSE CELL STRUCTURE  SIMULATE CELL FUNCTION

Serusaton Exanges
Select an exargie.

YELOG1C YHR129C

Search Reselt (Click o select peaype)

0 SNEIO

Kimesie mamcr proses

parent-child
relationships
from ontology
definition are
represented as
neuron
connections

Predicted growth & Neuron
genetic interaction )
ranging from
ntracellular non-membrane 20 to 11075

per system

x

Intracellular organelle

a 2
________
complox
ARPT L) e
—— |
& Other paths /

Figure 1 | Modeling system structure and function with visible learning. (a) A conventional neural network translates input to output as a black box

without knowledge of system structure. (b) In

a visible neural network, input-output translation is based on prior knowledge. In DCell, gene-disruption

7, genotypes (top) are translated to cell-growth predictions (bottom) through a hierarchftﬁg ‘W/GWH‘G?’%P#MG”TOS@/‘WPF‘4‘627

| the prior structure using multiple neurons per subsystem. (d) Screen capture of DCell-ontmeservite:
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DrugcCeli

No performance
loss than ANNSs.

A B (o
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8 g oo 3 00]
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° c s
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Actual drug response (AUC)
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00 04 08 12 or LKB1 mutations
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-
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PROTEIN SEQUENCE AND DRUG
INTERACTIONS

rrrrrrrrrrrrrrrrrrrrrrrrrrrrrr

Imatinib

BCR/ABL fusion protein

rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrr
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DTI prediction using protein descriptors

Large-Scale Prediction of Drug-Target Interactions
from Deep Representations l

Peng-Wei Hu Keith C.C. Chan Zhu-Hong You
Department of Computing
Hong Kong Polytechnic University
Hung Hom, Kowloon
Hong Kong
{esphu, cskechan, esyzhuhong }Ecomp.polyu.eduhk

‘ U)\
E

9le
2

MFDR employed stacked Auto-Encoder(SAE) to abstract Auto-Encoder
original features into a latent representation with a small

dimension. With latent representation, they trained a

support vector machine(SVM), which performed better -
than previous methods, including feature-and similarity-

based methods. (Tm;h\rf‘?mr

Chan, Keith CC, and Zhu-Hong You. "Large-scale prediction of drug- — ﬁ
target interactions from deep representations.” Neural Networks
(ICNN), 2016 International Joint Conference on. |EEE, 2016.

Multi-scale features deep representations
inferring interactions (MFDR)

AN S e

Korean Saciety for Bioifonmatics

DTI prediction using protein descriptors

5fold cross-validation

Muclear receptors GPCRs

"t

] e
. o o I WF DR 4 ) 0 BT a1 ] 3 - I . MFDR{E-t) O B7S
Fig. 2. A Stacked Auto-Encoder composed by two visible layers and two MDA S Llosa ikl
hidden layers 01 03 03 04 06 0B OF 08 08 01 02 03 04 05 06 07 OB 09
False-positive rate False-positive rate

DRUG-TARGET DATA STATISTIC

Nuclear o chanmes
Type lon channel | Enzyme | GPCR receptor "
Drugs 210 445 223 54
881 bits = i
B
Targel proteins = !
567 1449 204 664 95 26 %
Descriptors [Descriptors| =
Positive o TMOET —rr T
Drug target 1476 2926 635 90 gl |_m;;;;:;; B o
Interactions . " S R S B T
Chrarriertret g ong You. "VarBe‘sgadladicklisd ot OF drug-tardet ™ Gucapositive rate
‘o interactions from deep representations." Neural Networks (IJCNN), 2016
- & ’
gpa SB' ?T[???E?Er{%! International Joint Conference on. |EEE, 2016.
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DTI prediction using protein sequence

OXFORD

Biginformatics, 34, 2018, 821829
doi; 10,1083/ bivinformatics/bly593
ECCE 2018

DeepDTA: deep drug-target binding
affinity prediction

Hakime Oztiirk", Arzucan Ozgiir'* and Elif Ozkirimli®*

=  Model

— Input — Protein sequence, SMILES
— Output — Binding affinity
— Model -

=  Contribution

— first used CNN to learn representations

of proteins

saSBidRERER

CNN for protein, DNN for drug

[r] ‘e
7\
=
———
[ ‘.
= Orosout DeepDTA
Oropout
| e —
7 T
|
I —
] Sequence representation
CNN
[_coma | Blocks [ oo |
[_com2 | [_com2 |
[_comt | [_comv1 ]
Embedding Embedding
layer. layor
Label Label
‘encoding mrnl
’_I_\ | —
CN=C=0 MEVKREHWATRLGLILAMAGNAVGLGNF . .
SMILES

E

Fig. 2. DeepDTA model with two CNN blocks to learn from compound
SMILES and protein sequences

DTI prediction using protein sequence

RESEARCH ARTICLE

DeepConv-DTI: Prediction of drug-target
interactions via deep learning with
convolution on protein sequences

Ingoo Leen*, Jongsoo Keum*®, Hojung Nam*

= Model
— Input — Protein sequence, ECFP4
— Output — Interaction/Non-interaction
— Model — CNN for protein, DNN for drug

= Contribution

— Embedding representation of protein
works well

— Model can capture local residue
patterns

¢ Daep Neural Netwark Model

Kncmn Url.'. mnw’m uum:rawu noﬂ:luml.'irls

DT database
- DrugBank #of compounds 11,950
= KEGG # of proleing © 3675
IUFHAR # of positive DTls : 32.568

'lralrung Dawscl Generation G

ngeeprinis ansmaramensr
Optimization
IUIUI']’[ [TTT I: 3ing 1 Dataset

Fully connected layer - MATADOR
i - Predicled negative OTI

Fully connacted layar —
I_I_\_I_I_I_II_II_II_II_II_I i sorcomsounss ¢ 490
it #of profoins ¢ 538

#of positive OTls = 370

“"“"" i et negative DTIs: 507
Construstion Chulput acore
I l . #of compounds 1 21 90?
= Active binding assays + Inactive other assays @ of proleins :
gls B - PubChem Bloassay #of positive OTls 18528

- KinaseSARan #of negative DTIs: 18228

¢ New DTIs Prediction using Independent Dataset

All proteins and compounds

DTl (Propased;
BRFSE Brigy e B

Performance

Sen Se Pre AL F1

‘o Lee |, Keum J, Nam H (2019) DeepConvDTI: Prediction of drug-target interactions via deep learning with convolution on protein
o == MEHE
S'.; SB' ?_ g?éi,_til sequences. PLoS Comput Biol 15(6): €1007129. https://doi. org/10.1371/journal.pcbi.1007129
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* Compare pooled convolution result with binding sites from sc-PDB

A Protein and ligand B Binding site and ligand
of 1a7x_1 of 1a7x_1

*  FKB1A [Enzyme]

Cc Protein and ligand D Binding site and ligand
of 1ny3_1 of 1ny3_1

*  MAPK2 [Kinase]

Number of convolution results covering residue

[~ .

0 1 2 3<

s | BHANO 2 5L Lee |, Keum J, Nam H (2019) DeepConvDTI: 'Predlctlon of drug-target |ntera'ct|ons via deep. learning w!th convolution on protein
g’; | Sl s Bt sequences. PLoS Comput Biol 15(6): e1007129. https://doi. org/10.1371/journal.pcbi.1007129

HoTS: Highlights on Target Sequence and Prediction of
Drug-Target interaction (2022)
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* Prediction of binding regions for DTls
* Showed better performance in hit identification
* Aninterpretable deep Learning model

Ingoo Lee, Hojung Nam*,
g.- SBiiE‘_,g.g,éiﬂil "Sequence-based prediction of binding regions and drug-target interactions", Journal of cheminformatics 2022
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Performance improvement in

DTI prediction

DTI test dataset 1: proteins
collected from the DTI Database
as general druggable targets

* evaluate DTI prediction

performance for druggable o0 |
targets whose BRs have
not been trained. 60 1
DTI test dataset 2: DTls for 50 -
proteins whose SCOPe family
was the same as the BR training ::J
dataset
* evaluate DTI prediction 00 |
performance for proteins
with the same or similar o0 1
interacting motifs.

S’;SBiiEg%ﬁiﬂi?' Ingoo Lee, Hojung Nam*,

"Sequence-based prediction of binding regions and drug-target interactions", Journal of cheminformatics 2022

DTI Test dataset 1

Precision Accuracy

DTI test dataset 2

N HoTS
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Related study:
prediction of cancer cell sensitivity to drugs

DeepDSC: A Deep Learning Method to
Predict Drug Sensitivity of Cancer Cell Lines

Min Li, Yake Wang, Ruiging Zheng, Xinghua Shi, Yaohang Li, Fang-Xiang Wu, and Jianxin Wang

.:>

GDSC, CCLE

Transcriptomic feature

Morgan fingerprint

/
\

Autoencoder based feature extraction : ”j‘

B
oL
H U

Li, Min, et al. "DeepDSC: A Deep Learning Method to Predict Drug Sensitivity of Cancer Cell Lines." IEEE/ACM
«® SBI SHRAND 2 K 55| transactions on computational biology and bioinformatics (2019).
a Nerean Sediety for Bicwfommatis
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N

TS

Related study:
prediction of cancer cell sensitivity to drugs

method NN KBMEF RF DeepDSC

v EMSE 0.83 0.83+/- 0.75+/- 0.52+/-0.01
1.00 0.01

R 0.72 0.32+/- 0.74+/- 0.78+/-0.01
0.37 0.01

LOTO REMSE 0.99 NA 0.81+/- 0.64+/-0.05
0.16

R 0.61 NA 0.72+/- 0.66+/-0.07
0.08

LOCO REMSE NA 0.85+/- 1.40+/- 1.24+/-0.74
041 0.580

R: NA 0.52+/- 0.13+/- 0.04+/-0.06
0.37 0.11

* 10-fold cross-validation
* Better performance than typical machine learning methods

* Deep learning based feature extraction

Li, Min, et al. "DeepDSC: A Deep Learning Method to Predict Drug Sensitivity of Cancer Cell Lines." IEEE/ACM

,:: SBl SR AN 53| transactions on computational biology and bioinformatics (2019).
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Related study:
prediction of cancer cell sensitivity to drugs

B Mutation autoencoder
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Mutation

Input layer
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Hiddan layars.

A Mutation autoencoder %
2 Prediction
Mutation 2 Q network (F)
Tocas-| :.5‘::'; g ( Hidden layers Gutput lapor
encoder (Menc) . i
CCLEC> 3
pr 0
]
CCOLEC=> / Y z
Teen .__e:nder(Ee,‘gf_ g g
T x Expression %D
Expression autoencoder §
_ Tall TCGA pretrainin mp,m' s orers sz:’;m .
* TCGA for pre-training rec g - o Fer
o . prefraining
* GDSC for response prediction network
* Using both of genomic and transcriptomic feature b,
* Autoencoder based feature extraction B s
Chiu, Yu-Chiao, et al. "Predicting drug response of tumors from integrated genomic profiles by deep neural networks."
- - BMC medical genomics 12.1 (2019): 18.
Ta® AHOH 2 K &)
FaoBigREEEns
Related study:
o
prediction of cancer cell sensitivity to drugs
Measurement DeepDR Linear regression SVM Random initialization PCA Eenc Only Mepc only
Median MSE in testing samples® 196 1024° 8.92° 230 244 1.96 3.09
Median number of training epochs® 14 - - 9 29 17 9.5

~ __ TAMOXIFEN in BRCA 5 GEFITINIB in NSCLG - TGX22'I in LGG = VINORELBINE in BRCA
= s ' = = 31
2 | P2 26x10% o2 Pe.5ax102 2 f>—2 22107109 z P=737x107!
o5 ] o 5§ o -2 .
84 B g 24
B3 o = 4 -
g 2 & 2
5 2 20 = T4
E g — B i 3
{n 719) (n 214; & EGFRmi  EGFRW & TPsFmwt TPsIwWA @ TPE&-mut  TP53-wl
(n=58) (=937} (m=2271 (n=274) (n=316) (n=664)
o= BORTEZOMIE = PHENFORMIN VINORELBINE
=z, 7 2y ; =X = EPOTHILONE-B
= P=4.3Tx10 308 244 P=2 p0x10°21 = = T
3 6 217 =0 =0 P=3 By 107252 +
o 4 918 6%" = %
g2 T s = Q.
= o = i g ; T3
E -2 o ; -
% -4 g E E E -4
£ : 5 3 S g5
&IPS MUt TPS3w & TTPEImut  TP53w 5 B -6
(n=3108)  (n=5950) (n=3109)  (n=5850) o Tm mut o p Y
(n=2733) f" 53253 (n=2733) tn—6326]

* Samples with mutation showed significantly different result compared
to non-mutated samples

Chiu, Yu-Chiao, et al. "Predicting drug response of tumors from integrated genomic profiles by deep neural networks."

h. SBF‘E@%"”‘ENﬂ BMC medical genomics 12.1 (2019): 18.
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Related study:
prediction of cancer cell sensitivity to drugs
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pubs.acs.org/molecularphamaceutics

& Cite This: Mol Pharmaceurics 2019, 16, 47974806
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Toward Explainable Anticancer Compound Sensitivity Prediction via Layers d
Multimodal Attention-Based Convolutional Encoders N I I I
Matteo Manica,f"I Al Oskuoei,'r‘” Jannis Bom,f':'J"“ Vigneshwari Subramanian,” ' Encoded Gene Expression  Encoded SMILES or FPs
Julio Sicz—Rodn’gucz.” and Maria Rodriguez Martinez*"
IBM Research, 8803 Ziirich, Switzerland

Gene Expression Encoder SMILES Encoders

FETH Ziirich, 8092 Ziirich, Switzerland
J'l.Jnim:rsﬂ)« of Ziirich, 8006 Ziirich, Switzerland
SRWTH Aachen University, 52056 Aachen, Germany
Genes Subset

"Heidelberg Univessity, 69047 Heidelberg, Germany SMILES Embedding

ropagation
E@
== i

Transcriptomic feature SMILES:[.C C O H N C C C Cl H..]
Gene Expression
PPI for feature selection

Inputs: or
~16000 genes FPs:  [00000000010 ... 00000000010 ]

SM I LES Figure 1. Multimodal end-to-end architecture of the proposed
encoders. General framework for the explored architectures. Each
model ingests a cell-compound pair and makes an IC50 drug
sensitivity prediction. Cells are represented by the gene expression
values of a subset of 2128 genes, selected according to a network
i propagation procedure. Compounds are represented by their SMILES
Attentlon based mOdel string (apart from the baseline model that uses 512-bit fingerprints).
™ |nterp reta ble The gene-vector is fed into an attention-based gene encoder that
assigns higher weights to the most informative genes. To encode the
SMILES strings, several neural architectures are compared (for details
see section 2) and used in combination with the gene expression

encoder in order to predict drug sensitivity.

7,8 SB BHRANOY A 5 8} Manica, lMatteo, etal. "'I"'oward explainable anticgncer compound sensitivity prediction via multimodal attention-based
e | e e e convolutional encoders." Molecular Pharmaceutics (2019).

Related study:
prediction of cancer cell sensitivity to drugs

75 | standardized RMSE = 0.0457
RMSE = 0.887
5.0 Pearson = 0.9284
R2 = 0.8619
s n = 16064
Masitinib ’ ‘, Imatinib E 25
o e o
P St @ ;
T MEG01 7 High § 0.0 "*
Attontion ‘é —2.5
o Weight =
b o - o - -5.0
e L @
= @~
o = o, =75 =50 =25 0.0 2.5 5.0 7.5
& 6 i S athESEY log(Predicted 1C50)
&% . . Encoder tvpe Drug Standardized RMSE
o % = yp structure Median + IQR
& - Deep baseline (DNN) Fingerprints 0.122 £ 0.010
- ® ' - Bidirectional recurrent (bRNN) SMILES 0.119 £ 0.011
Stacked convolutional (SCNN) SMILES 0.130 + 0.006
T e Self-attention (SA) SMILES 0.112% 4 0.009
Contextual attention (CA) SMILES 0.110*% £+ 0.007
Multiscale convolutional attentive (MCA) SMILES 0.109* £ 0.009
MCA (prediction averaging) SMILES 0.104%* + 0.005
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HiDRA
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Iljung Jin, Hojung Nam, “HiDRA: Hierarchical Network for Drug Response Prediction with Attention”, J. Chem. Inf. Model.
2021, 61, 3858-3867
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lljung Jin, Hojung Nam, “HiDRA: Hierarchical Network for Drug Response Prediction with Attention”, J. Chem. Inf. Model.
. 2021, 61, 3858-3867
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