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Curriculum Vitae

Speaker Name: Minji Jeon, Ph.D.

» Personal Info

Name Minji Jeon
Title Assistant Professor
Affiliation Korea University

p Contact Information
Address 161, Jeongneung-ro, Seongbuk-gu, Seoul, 02708

Email mjjeon@korea.ac.kr

Research Interest
Al-driven drug discovery, machine learning, bioinformatics

Educational Experience

2012 B.S. in Computer Science, Korea University, Korea
2014 M.S. in Interdisciplinary Graduate Program in Bioinformatics, Korea University, Korea
2018 Ph.D. in Computer Science, Korea University, Korea

Professional Experience

2018-2019 Research Professor, Korea University, Korea
2020-2022 Postdoctoral Fellow, Icahn School of Medicine at Mount Sinai, USA
2022- Assistant Professor, Korea University, Korea
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Genome-based Disease Research

* GWAS (Genome Wide Association Study)

» To identify genomic variants that are statistically associated with a risk for a d|sea
a particular trait

* Limitations: association with disease is generally not sufficient to establish causality or
to provide mechanistic and circuit-level biological |n5|ghts

@ Duta collection b Gesotyping € Qatliycootrl

Uffelmann, Emil, et al. Nature Reviews Methods Primers (2021)
Tam, Vivian, et al. Nature Reviews Genetics (2019) 2




ConnectivityMap Concept

» ConnectivityMap: Linking disease, therapeutics and cell physiology

.
&:lence Currentlsswe  Firslrelease papers  Archive  About I( Subma manus

HOME > SCIENCE 3 VOL 313,M0.5793 W, T CONNECT SMALL MGLECULES, GENES, AND-
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The Connectivity Map: Using Gene-Expression
Signatures to Connect Small Molecules, Genes, and
Disease
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Abstract

To pursue a systematic approach to the discovery of functional connections among
diseases, genetic perturbation, and drug action, we have created the first install-
ment of a reference collection of gene-expression profiles from cultured human
cells treared with hinactive small malecules, topether with partern-marching soft-

ware to mine these data. We demonstrate that this “Connectivity Map™ resource @
can be used to find connections among small molecules sharing a mechanism of -
action, chemicals and physiological processes, and diseases and drugs. These re- E
sults indicate the feasibility of the approach and suggest the value of a large-scale

community Connectivity Map project. P

Lamb, Justin, et al. science 2006 3

ConnectivityMap Concept

* Linking disease, therapeutics and cell physiology




ConnectivityMap Concept

* Gene expression data could be used for the functional annotation of s
molecules and genes
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Applications of the ConnectivityMap

* The Connectivity Map is a tool for the bench researcher

Unannotated chemical cmap hypothesis Experimental verification New inhibitors

Disease state cmap hypothesis Experimental verification Clinical evaluation

Nature Reviews | Cancer

Lamb, Justin. et al. Nature reviews cancer (2007) 6




Definitions

* Perturbation: an alteration of the function of a biological system, induc
by external or internal mechanisms.

* Perturbagens: perturbing agents that are screened in an assay (e.g., small
molecules, shRNA etc)

* Gene Signatures: differential expression of genes between two conditions, a
control condition and a perturbation condition

ConnectivityMap v1

* Perturb cells and measure cellular responses

[e]ele]s]
+ Ooé)OOOO =
164 small molecules 4 cell lines 564 microarray profiles
FDA-approved drugs MCF7 (breast cancer) 10 uM concentration
nondrug bioactive tool compounds  PC3 (prostate cancer) 6 or 12 hours
HL60 (leukemia) with controls
SKMEL5 (melanoma) -> 453 gene signatures < :
8




ConnectivityMap v1

* Query
* Input: gene signature (query signature)
» Search: rank-based pattern matching strategy based on Kolmogorov-Smirnov statistics
* The genes on the array are rank-ordered according to their differential expression relative to

instance, ordered by their corre-
sponding connectivity scores
with the Glaser et al. (14)

lichostatin A[1112]  100nM  MCF7  0.908
tichostain A[1072] 1M MCF7  0.908
10 tichostatin A[1014]  1uM  MCF7 0893
11 fichostainA[332]  100nM  MCF7 0882
12 fichostatinA[331]  100nM  MCF7 0846
13 frichostatin A[448]  100nM  PC3 0788
14 valproicacid[345]  10mM  MCF7 0743
15 valproic acid [23] 1M MCF7 0735
16 valproicacid[1047]  1mM  MCF7 0733
17 ftrichostatin A[413]  100nM  ssMCF7  0.725
18 valproicacid[410]  10mM  HL60  0.725
19 valproicacid[458]  1mM  PC3 0680
33 valpoicacid[409]  1mM  HLBD 063
39 valpoicacid [1020]  500pM  MCF7 0619
52 valpoicacid[346]  2mM  MCF7 0582
61 valproicacid [1078]  500pM  MCF7 0563
T valproicacid[629]  1mM  SKMELS 0539
72 valproicacid [347]  500pM  MCF7 0520

the control
* The query signature is then compared to each rank-ordered list to determine whether up-
requlated query genes tend to appear near the top of the list and down-regulated query
genes near the bottom
BIOLOGICAL STATE REFERENCE DATABASE CONNECTIONS Leading edge subset
gjgﬁﬁgg (PROFILES) ¥ Gene set S
d ~ @™ A
positive
g2 82 92 %2 S ",
w . \/ \/ \/ V LY S Correlation with Phenotype
~8 i B £ T & = %
n g ¢ query = E E S owe , @ Random Walk
dow.ﬂn . \ 4
A~ = E = E ES(S) -
g = = = 1= A Y
= ? :_‘g "? negative f'fo“"zg"g deviat meGeneListRank
m
gg;i;g ) il gggggve ehrchment scoro ES(S)
9
L] [ ] L]
Results: HDAC inhibitors
. i Fig. 2. HDAC Inhibitors. (A) A
Query gene Slgnatures HDAC inhibitors are highly ; rank peltturbagen dose cell score
1 vorinostat [1000] oM MCF7 1
2 Inchostatin A [873] 1M MCF7 p.969
3 trichostatin A [992] 100 nM MCF? 0831
4 tichostain A[1050]  100nM  MCF7 0929
H : horizontal lines, each represent- 5 vorinostat [1058) 10pM  MCF7 0817
Trichostatin A) ing an individual treatment 6 tichostatnA[81]  TuM  MCF7 0915
7 HC toxin [909] 1000M  MCF7 0914
8
9

signature (+1, top; =1, bottom).
* Results Al valproic acd (1 = 16),tricho
. . . statin A (n = 12), vorinostat
* New molecules: HC toxin, valproic ac - 2, and c tosin (-
instances in the data set are
colored in black. Colors applied
to the remaining instances re-
flect the sign of their scores
(green, positive; gray, null; red,
negative). The rank, name [in-
stance id], concentration, cell

line, and connectivity score for 45

* 13 signatures downloaded from T24  ferked vith an extemal HOAC
: . inhibitor signature. The “bar-
(breast carcinoma) cells treated with view is constructed from 453

each of the selected HDAC in- 73 vapoicacd(98]  1mM  MCF7 0538
hibitor instances is shown. Un- 78  valproic acid [433] 1 mM PC3 0.528
abridged results from this query 89 frichostain A[364]  100nM  HL6O 0507
are provided as Result 51. (B) 92 valproic acid [497] 1 mM %'g'f 0.501
Chemical structures. 297 valproic acid [348] 50 1M 0

388 valproicacid (394]  200pM  MCFT 0

403 valproicacid [1002]  50uM  MCF7 0
419 valproicacid [1060)  50pM  MCF7  -0.537

10




Results

« anthelmintic drug parbendazole as an inducer of osteoclast differentiati
(Brum et al,, 2015)

« celastrol as a leptin sensitizer (Liu et al., 2015)

* compounds targeting COX2 and ADRA2A as potential diabetes treatments
(Zhang et al,, 2015)

« small molecules that mitigate skeletal muscular atrophy (Dyle et al., 2014)
and spinal muscular atrophy (Farooq et al., 2009)

* new therapeutic hypotheses for the treatment of inflammatory bowel
disease (Dudley et al, 2011) and cancer (Singh et al., 2016; Muthuswami et
al, 2013; Wang et al,, 2008; Schnell et al, 2015; Fortney et al,, 2015; Wang
et al, 2011; Churchman et al, 2015; Rosenbluth et al,, 2008; Saito et al,,

- 2009, Stockwell et al, 2012)

A 25,200 unique perturbagens

5075 314 19,811
genes  biologics  small molecules

L1000 assay

WY = +20,000 perturbagens
ConnectivityMap

Pattern matching algorithm

+80 cell lines I
Touchstone Discover
(Reference)

1.3 million profiles / 473,647 signatures

CMap version 2 with 1.3 M‘p‘foﬁles

12




LINCS Consortium

8

DATA COORDINATION AND
INTEGRATION CENTER

01K - LINCS
DATA COORDINATION AND
INTEGRATION CENTER

—N

¥ Indicates awardee
el -

DATA COORDINATION AND

INTEGRATION CENTER

University of Miami

* The Library of Integrated Network-Based Cellular Signatures (LINCS)

NEUR®LINCS

M

LINCS

Harvard Medical School

ConnectivilyMap
Broad Institute

LINCS PCCSE
Panorama Repository
Broad Institute

EURBLINCS

Johns Hopkins
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L1000 Assay Enables Massive Scale Up of Data
A B
Capture and reverse  Ligate probes and amplify ~ Hybridize to beads Coupletwo genesto  Deconvolute peaks
franscribe mRNA with biotinylated primers ~ and stain with SAPE the same colorbead i readout
‘ﬁa Barcode Gene-specific Gene ®
384-well ! Bead
5 'Q  sequence sequence ?APE . / i E Use twice the f® abundance
My v number of beads increases
- — PR & &N torgene Bthan @ peak height
9
e + ' =] é gene A Intensity
B — o — Wl (!)'.'. - '\g{.'. { Therefore
AAAA I s Identify gena and \ ¢ I ﬂ ,
Target mANA Biotinylated primer quantify expression mANA abundance |
Pool shitspeak | Gene
16
100 - g g,
T b gl '
4]
$ 80 - Y
2 FTRNI ET
— 60 . T T T 1T T T ; £ 0 T T 1
)] 0 5 10 11O 5 W0 15 0 5 10 15
5 ANAsaq flogy RPKM)  AiNAseq ogz RPKM) Rhlkseq fog, RPKM)
€ 40 -
g = - Wel-infemed
£ e B
8 20 - 2 L
X 151 = 064 Notwel- .
L= <
T T T 1 Ditrert samples 1 sy
100 1,000 10,000 51 e 02
Number of landmarks o 0 : :
0 02 04 06 08 10 -1.0 00 10 1 4
Spearman comsiation Satt-corelation




L1000 Assay Enables Massive Scale Up of Data

0=

DATA
LEVEL

o GEx

Tk

@ Norm

Deconvolution
of peaks

Raw scans

Scaling to
control genes

L1000  RNA-Seq

Cost $ $5%

Library
prep? Fast Slow
Detection of Needs
non-abundant No change deeper
transcripts coverage
“Accuracy” High High
Evidence of 2
additional benefit

@Inf __@ZS

l1k l1k

All Inferred Gene (AIG)
space - 12,328 genes

o ModZ

Landmark
‘genes - Iii---i
12kQ L E mmm =
Inference of ~ Compare repli-  Consensus
transcriptome  cates to control  signatures
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1M Profiles of CMap v2

A 25,200 unique perturbagens

5075 314
genes

LOF GOF

19,811

biologics  small molecules

Touchstone Discover

(Reference)

Perturbagen Type

Compound
Peptides and other biological agents (e.g. cytokine)
shRNA for loss of function (LoF) of gene

Consensus signature from shRNAs targeting the
same gene

cDNA for overexpression of wild-type gene
cDNA for overexpression of mutated gene
CRISPR for LLoF

Controls - vehicle for compound treatment (e.g

DMS0)

Contrals - vector for genetic perturbation (e.g
empty vector, GFP)

Contrals - consensus signature from shRNAs that
share a common seed sequence

Controls - consensus signature of vehicles
Controls - consensus signature of vectors

Controls - consensus signature of many untreated
wells

Controls - Untreated cells

pert_type designation in
metadata files

frt_cp
trt_lig
trt_sh

trt_sh.egs

trt_oe
trt_oe.mut
trt_xpr

ctl_vehicle

ctl_vector

trt_sh.ess

ctl_vehicle.cns
ctl_vector.ens

ctl_untrt.cns

ctl_untrt

16




1M Profiles of CMap v2

* small molecule compounds
* ~1,300 FDA-approved drugs
» ~5,585 bioactive tool compounds
« 2000+ screening hits

* knocking-down genes (shRNA) or over-expressing genes
* ~900 target/pathways of FDA-approved drugs
* ~600 candidate disease genes
* 500+ community nominations

* cells including primary cell lines, cancer cell lines, stem cell lines, and
differentiated cell lines from different tissue types

Big Data Science with the BD2K-LINCS DCIC by Avi Ma'ayan

17

1M Profiles of CMap v2

Replicates of the same experiment

T
00

\

' Control replicate

‘ Experiment replicate

s/

plate1 plate2 plate3
\ )
* 384 wells in each plate Y
_ About 18 control replicates per plate Batch
bout 2~4 plates per batch (e.g. CPC020_VCAP_6H) {:

bout 366 experiments per batch

Big Data Science with the BD2K-LINCS DCIC by Avi Ma'ayan

18




Data Levels

Level 1 Raw fluorescent intensity (Fl) values measured for every bead detected by Lumin
(LXB) scanners. Each 384-well plate generates 384 LXB files, where each file contains a

fluorescent intensity value for each observed bead in the well.
Level 2 Gene expression levels for the 978 landmark genes, deconvoluted from the measured P
(GEX) fluorescent intensity values.
Level 3 NORM - Gene expression are normalized to invariant gene set curves and quantile

(NORM, INF) | normalized across each plate.
INF- Additional values for 11,350 additional genes not directly measured in the
L10000 assay are inferred based on the normalized values for the 978 landmark genes.

Level 4 Z-scores for each gene based on Level 3 with respect to the entire plate population.
(Z9) This comparison of profiles to their appropriate population control generates a list of
differentially expressed genes.

Level 5 replicate-collapsed z-score vectors based on Level 4. Replicate collapse generates
- | (MODZ) one differential expression vector, which we term a signature. Connectivity analyses are
r performed on signatures.

82

ConnectivityMap Score

* Computing similarities - Weighted Connectivity Score (WTCS)

W, = {(ES“p —ESuoun) /2, if sgn(ESyy) # sgn (ESaoun)
or =

0, otherwise A

Where £5,,is the enrichment of g, in rand £S5, is the enrichment
of @,,,,In . WICS ranges between —1 and 1

* Normalization of Connectivity Scores (NCS)

* Given a vector of WTCS values w resulting from a query, we normalize the values
within each cell line (c) and perturbagen type (t) to obtain normalized connectivity
scores (NCS) as

e/ “::t if sgn(we) >0

NCS,.; =
o {wc,t [Hzy otherwise

20
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ConnectivityMap Score

» Connectivity Map Score (Tau 1)

* by comparing each observed NCS value ncsq,r between the query g and a reference
signature r to a distribution of NCS values representing the similarities between a

reference compendium of queries (Qref) and r

* Tau (1) that ranges from —100 to +100 and represents the percentage of queries

in Qref with a lower [NCS| than |ncsa,r|

100

Tqr = g0 (ncsq,) N Z@{I [Inesiy| < |nesg|

Results

* Discovery of MOA of Unannotated Small Molecules

g1 ?Mmemmm et Y
% l v 7 ‘} \‘m'ﬁ"
P TR G RN
’ 5 ? oth ::?“ ) '0“?‘ b Topoisomerase

s _‘
" vi{:” n'é D 2

L}
N

PIK3/MTOR
3

% % o YH o lnl'il‘altom
NV {& ‘ol
'Q% . :‘ » o ?o‘ \ . /
{n ] o %,; : rnﬁrm
“Bey'yg "o‘.“\a.v Dhoa b
V% q AN B
LIRS T o 1Y '
’ \? g'r\ * * ’ 3, Y.
& .
@ ., ! ! ., NFGIKK Proteosome
W inhibitors  inhibitors
At v ']l * Aurora kina
inhibitors fxe, ekl g ﬂ HIF modulators
YOl
HDAC "’
; 1 MEK inhibitors
wbios 2 Tubulin inhibitors Ecﬂ:n(ﬁ‘;‘gm
3 Glucocorticoid
receptor agonists

L ] inhibitors

Figure 5. Characterizing Known and Unex-
pected Activities of Small Molecules

(A) HDAGC inhibitor PCL substructure. Hierarchical
clustering of pairwise connectivities of the HDAC
inhibitor PGL members reveals substructure within
the class. Pan-HDAC inhibitors cluster together,
distinct from more isoform-selective compounds.
(B) Antibacterials exhibit lower franscriptional
activity than other drugs. Distributions of the
maximum TAS per compound for 147 antibacte-
rials and 2,372 known drugs in CMap-Touchstone
(TS). The antibacterials’ TAS distribution is signifi-
cantly lower (p < 37"} than that of other drugs.
(C) Comparison of unannotated compounds with
known drugs. -SNE projection of the signatures of
2418 unamnctated but franscriptionally active
compounds (orange) with PCL members (teal).
Some unannotated compounds occupy regions
not covered by drugs, presenting opportuntties for
novel chemical development.

22
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Results

* Discovery of a Selective CSNK1A1 inhibitor

™ CSNK1A1
CSNK1D
CSNK1E

? @0 es0
P @01 «10-85

cuac
CLK2/4/1
@®01-1:>3%

o156

g

1Cs9=129 M

CSNK1A1 activity (%)
3

o

T T
-10 -8 -6 -4

Figure 6. Kinase Inhibitor Discovery Using
Reference Transcriptional Signatures

(A) Discovery of ROCK1/ROGK2 inhibitor. Top left
panel: chemical structure of BRD-2751, predicted
tobe a ROCK inhibitor. Right: TREEs pot selectivity
profile of Kinomescan binding assay confirmed
compound binding to ROCK1/ROCK2. Bottom
left dose response testing by Kinomescan
showed ROCK1 K of 56 nM.

(B) Discovery of novel CSNK1A1 inhibilor. Top left
panel: the chemical structure of BRD-1868. Top
fight TREEspot image of Kinomescan binding
assay performed with BRD-1868 at 10 pM
demonstrated inhibition of 6/456 kinases tested,
Including CSNK1A1. Bottom left: CSNK1A1 bind-
ing by BRD-1868 confimed by Kinomescan, with
Kd 22 yM. Bettom right BRD-1868 inhibits
phespherylation  of peptide  substrate by
CSNK1A1, with 1Csq 12.9 M. Error bars indicate
standard deviation between technical replicates.

Log concentration (M)
23
Table4. An overview of the application of CMap for a number of different diseases
Disease Method Data set Result Drug
CNS injuries CMap tool Human MCF? breast adenocar- The findings show the hypothesis that Calmodulin and piperazine [54]
cinoma (GSE34331) inhibition of calmodulin signaling might phenothiazine (repurposed)
allow neurons to alleviate substrate
derived neurite growth restriction and CNS
regeneration.
GBM Pathway analysis GEM data sets (GSE4290, Investigated antitumor drugs in GEM cell ‘Thioridazine 55]
and CMap tool GSE7696, GSE14805, lines and identify novel drugs that can
(GSE15824 and GSE16011) suppress GBM tumors.
Geaucher disease (GD1) Pathway analysis GD1 mouse (GSE2308) Predicted highly enriched anti-helminthic Albendazole and oxamniquine [52]
and CMap tool compounds for new drug action on GD1
and repurposing.
Ovarian cancer CMap tool MCF7 and PC3 cell lines Found a d as PI3K/AKT pathway Thiorid 58]
|GSES258) inhibitor that shows the mechanism of
cancer therapeutics,
Stem cell leukemia (SCL) GSEA and CMap tool hESCs cell lines (GSES4508) Found two HDAC inhibitors as potential in- Trichostatin A and suberoyla- [s7]
ducers that can be used in treating 5CL and nilide hydroxamic acid
acute megakaryoblastic leuke mias.
T-cell acute lymphoblastic GSEA and CMap tool Human and mouse T-ALL cell Identified interconnecting regulatory path- HDAC, PI3K and HSP0 [s1]
leukemia (T-ALL) lines (GSE12948, GSEB416 and ways as therapeutic targets for T-ALL. inhibitors
GSE14618)
Prostate cancer CMap tool Celastrol- and gedunin-treated Identified target pathways of androgen Celastrol and gedunin [17)
cell lines (GSES505 and receptor (AR) signaling and modulation of
GSES508) HSPS0 MoA.
Gastriccancer Hierarchical cluster- Yonsei gastric cancer Predicted two possible drug candidates for Vorinostat and trichostatin A [53]
ingand CMap tool (GSE13861) gastric cancer therapy.
Myelomatosis CMap tool Human myeloma cell lines Found a drug with potential to induce sup- Pristimerin (581
(GSE14011) pression of cyclin D2 p gulati :
AML CMap tool AML data (GSE7538) Predicted novel treatment of human primary Celastrol |59i
AML with parthenolide and transcriptional
response of cells.
Musa, Aliyu, et al Briefings in bioinformatics (2018) 25
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How to get gene signatures?

* The most fundamental problem:

» Detecting and interpreting differences in the abundance of genes or other genomic
features between experimental conditions, cell types, or disease states

RMNA-Seq reads
e DE:! EII:[ I:IE DD L =
o gtgEEo S‘:DD o
a == =] = .
gL T || Widtype | Mutnt
A \:ﬂ”ﬁ:ﬁ;ﬁf"‘ Mouse 1 Mouse 2 Mouse T Mouse 2
- Gene 1 45 60 30 39
=] (=[] _
o — N
00 coob oo L= Gene 2 0 4 3 7
= = T
G ! Gene3 1010 800 3099 3450
Ry Azsemble transcripts Align transcripts
. fomspliced alignments 1o genome
L IS
/ O~ More abundant [ |
| [(——r)
(] Less abundant

27
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Differential expression analysis

« Differential expression analysis tests thousands of hypotheses (one test
each gene) for gene activity changes between conditions (case and contr

* Factors affecting analysis power include limited biological replicates, non-
normal distribution of read counts, and measurement uncertainty for lowly
expressed genes.

Differential expression analysis

* There are a number of software packages that have been developed fo
erential expression analysis of RNA-seq data

» Tools like edgeR and DESeq2 overcome these limitations using statistical m -
odels based on negative binomial distribution.

* There is no one method that performs optimally under all conditions

DESeq edgeR

q:

Soneson, Charlotte, and Mauro Delorenzi
BMC bioinformatics (2013)
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NIH LINCS Program

« LINCS Tools https://lincsproject.org/LINCS

* >50 tools developed by the consortium
* Interactive visualizations

+ Data querying and browsing e
* Various analysis workflows e

« LINCS Data = ogmEs $ =
* Transcriptomics, proteomics, epigenomics, imaging ¢ = e =
+ L1000 data contain >3 million samples, >1 million si = = 01=
* Programmatic access via APIs @
« User interfaces for querying and viewing signatures :

LINCS Tools Marketplace
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ConnectivityMap

* Search tools

Tools

Query
Find perturbagens that give rise to similar (or opposing) expression signatures

~ Touchstone

Explore connectivities between signatures from ~3,000 drugs and genetic loss/gain of
function of ~2,000 genes that make up the CMap touchstone (reference) database

perturbational information

Repurposing
Explore our collection of ~5000 drugs and tool compounds to find potential drug
repurposing opportunities to improve disease treatments

Morpheus
Explore, analyze, and annotate heat maps. Choose an existing dataset or upload your

own data (for example, gene expression or connectivity scores)

@ Data Library
Explore datasets available through clue.io including L1000 cohorts and related

Metadata Browser * A
CLUE Metadata browser '

32

ConnectivityMap

* Query signature
* To find perturbagens that give rise to similar (or opposing) expression signatures
* Take some time.. ~50min

Query.

Query CMap for reference parturbagen Signatines

miast smilar (or dissimiar) to your samples

h Ing 'Latest' from the query fon below, will run

‘the query against our beta dataset released on (Dec 17, 2020)

ThName your gty

L e

3y Query paraeriens.

Gene expression {LON0) *| | Tounooe = | | eious query

"

g
oo T —— Mg
e e e e 2 pert_name celiname | perhyps  penjose  penfime  moa nsample 135 | raw s o far_Qnibg10
i JUN H1299 nt_oe - %h 666 300 066 082 1565

2 ropiven e SO0 ptend yos koo BRD-KI2645985 PC3 wep  0uM 24h 566 300 057 060 366

[omtrom i | oot et s Leadrom oy | P DA 0 e e TG-101348 PC3 il_cp 10 uM 24h JAK inhibitor[FLT3 ihibitor 200 052 059 333
lasalocid HATE th_cp 10uM 2h Bacterial parmeability inducer 300 061 058 33
JUN H1299 i oe by %% h -666 300 060 058 320
HG-551-01 NFC it cp 1uM Mh -G66 300 053 058 319
PFI-1 NPC m_cp 10 uM 24h Bromodomain inhibitor 300 058 057 317
sunitinib HT29 i cp 10uM AUh FLT3 inhibitor{KIT inhibitorPDGFR inhibitor|RET inh3.00 068 057 313
volaserti HCCS15 il op 3133uM Mh PLK inhibitor k1] 055 057 309
BMS-$33923 AT mn_cp 10 uM 4h Smoathened receptor antagonist 300 063 056 306
GSK-1070916 AB4Y int_cp 10 uM 24h Aurora kinase inhibitor 200 055 R F_ 306
AKT1 H129% nl_ve - 46 h -G66 200 064 0N~ 300
|-BET-T62 H n_cp 10 uM U4h Eromodomain Inhibitor 300 063 055 299
PTTG1 HT29 trt_sh = %h -666 400 043 055 298
lasalocid THP1 t_cp 10uM 1h Bacterial permeabllity inducer 20 040 055 290
BRO-A19037878 HLAD n_cp 03TuM  2h 666 6.00 085 055 296
F10 HT29 towpr 666 %h -666 300 016 055 294
|-BET-151 A5 i_cp I U Bromodomain inhibitor 300 069 054 29
MK-2206 HCC815  w cp 10 uM 4h AKT inhibitor 300 048 054 293
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ConnectivityMap

* Touchstone

o ohm ‘denTipten

* Find connectivities between signatures e
function of ~2000 genes that make up S g
PRS0
. o e PU3K inbibiler
* AKT1 inhibitor MK-2206 el e gt
RE-17053 ‘asreneegic eceplor antigonist 3

L Connections of refarence perturbagens o index
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e
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ConnectivityMap

* Repurposing
* Explore the collection of ~5000 drugs and tool compounds to find potential drug
repurposing opportunities to improve disease treatments

oy

o o e

]
g

T H
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ConnectivityMap

* Morpheus

* To explore, analyze and annotate heat maps. Choose an existing dataset or upload
your own data
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L1000CDS2

* L1000CDS2: LINCS L1000 Characteristic Direction Signature Search Eng|
(npj Systems Biology and Applications, 2016)

* CD improves compared to MODZ
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L1000CDS2

* Query and results

¥ L1000cDs?

Rank

~Examples and Sig 1¢es)0 @ Perturtation Celdie  Dcse  Teme  Overlap Torget Signanre
e ? Socta RO RIPI TP O Hgpen e W £ 1 onts < Kergautone B@ HME wem 60 om0 4
== 2 omm NG [ WE it 20 W @ &
[ tmispim | czoam | e e e o
(- Configy 1 wz ¢ 08000289 B A% Nem um oW 6 4
SNSRI Soahfor el clorls st T vene sy bt s omw < BROKITIZIS W tem 6 M 0 4
(st ] The catabase version 0 be used for search -
O Soas e sabisdin 6 osie $8225002 HAME  100mm 2400 M @ i
(O inchudng more small mecus n e syratue search 7 oss PHATET4S! HT29 3xem 240 n e 4
downgenes 4 0 Yes. | agree 10 share my inpet signature and metadata for search by other imvessgaicrs. 8 08144 ( 10006350 L]7] MCFT 100um 2400 " ] Fy
sl s % oss < BROXE2B57%05 BB M7 wem um M o 4
Tag addatag Parameters 08172 4 Methy! 2 5-dtydorytinnamate [1]7] HAIE 100um 2400 " [} 4
cal Nodsa
— osm ¢ Vrdlastre sutze [ ]7] HAE  f00em 2400 W @ &
Nodwa ’ 12 oss G001 [L]7] HWME  f00m 2400 M @ 4
13 o818 ¢ PHATET4S1 H8 iftem 20 W 0@ Y
1" o8 chelenythrne chiodde 1] HAME  33wm 20 M @ 4
Chemcal Fetudatcns .: 3 4
B
38
aqn
§ 60 3 1504  -o Relative percent inhibition
* Query and results 2| o e ottt
5 5&
; j ; £, 220 ..4—.—.—.—.—.-_|\|
* Input: Ebola virus signatures i Sg
3 g1
* Top candidate: Kenpaullone gl . b i
& §3
¢ 22 o : . ;
Table 1, Top five predicted drugs at each time point € 1 H 5 4 :
log [Kenapaullone], M
Drug name Cosine Batch  Cell  Time Concentration v
distance line  point  (uM) ‘f
{h)
30 min
Kenpaullone 12584 CPCOO2 HAIE 6 10
0800-0289 11978 CPCOT4 AS49 24 10
BRD-K37312348 11965 CPCOY6 HT29 6 10
SB 225002 11896 CPCOOT HATE 24 10
10006350 11856 CPCO12 MCF7 24 10
60 min
Kenpaullone 12756 CPCOOZ HAIE 6 10
PD 166793 12619 CPCOO1 HATE 24 10
BAPTA-AM 12564 CPCOO1 HATE 24 10 d
BROD-U74615290 12396 CPCO4 HT29 6 10 1454
NCGC00229596-01  1.2303 CPCO0B HT29 6 10 g
120 min 128
Kenpaullone 13489 CPCO02 HAIE 6 10 §
NSC 23766 13478 CPCO0G PC3 24 160 £ 3
Rosiglitazone 13386 CPCO06 HAE 24 80 108 ‘C
Thydroxy2, 3,4, 13351 CPCOO7 AS49 24 10
5-tetrahydro-TH{1) =
benzofuro[2, 3-¢] U3
azepin-1-one il
LY 364947 13183 CPCOO3 PC3 24 10 Vehide % 0 ol 39
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L1000CDS2

* Drug combinations

L1000CDS?
Rank

1 %€ 19. GF-109203 34, BROKMB4158S

2 8998" 39 BRD-AG8005927 47.0CC20%6

3 8997 35, AG14361 45.LY2183240

4 8997 2 LY218040 3 TWS119

5 8996 408000289 32 BROKSCI82ST

6 L2 10. Metmy! 2.5-ghyoronycnnamate 19. GF-105203X

7 s00r 19 GF-109208X 22 MNSOS4

L} 9009 34, BROX94841505 45 BUSJ48s41

9 8991* 17. wotmannin 19 GF-105203X

10 8969 25. LAWSONE 142 N9 sopropyclomoutne

1 89.88° 31, HERNUARIN 45 BuS345841

? 8988 23 niktnd 35 AG14351

] 047 13 PHAT67491 30. NOCODAZOLE

" 8982 3% mioaniene 50. avocidd

Comonatons . 23 4
q:
40

L1000FWD

+ 11000 fireworks display (L1T000FWD, https://maayanlab.cloud/1000fwd/) (Bioinformati
2018)
* Graph visualization of L1000 signatures
* Similarity between signatures is computed by cosine similarity
16.8K nodes and 594K edges from 68 cell lines, 3K compounds, 3 time points, 132 dosages

g
g

3e5gse

EUENEEEIEEE
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§aszazy
g

WNPC
Ll

TM-A.
Dacinostet, RD{('I_N!H&
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L1000FWD

Time  MOA sopet{ - |
[ —

‘Search compounds:

Typethenameofadg ~

Signature Similarity Search:

Upgenes

N8 |

ACACA

ACATZ

ACLY

ACSIA o
Signature similarity search results %
Simbar sgnannes | Oppose sigralures
Show 10~ eniries Search:
sig_id drig similarity scora’| pyales . gwakie Zecore combined score
CPOI06_VCAP SH-ERDATOTIZIE000002.02¢  10.0EBC 0E 173130 TAN03 173 2078
CRON0S_VCAP BHERDATSINTIZOMO1-E10  BROATSINTOZ Q5463 250e74 53eT) AT 12805
CPO0T_VCAP_SHERD-AMAIZAI0M01E10  NTHCE [ 6Tt G5TedT 158 TS
CPCI0T_VCAP_SHERDKEZIOB4L001 01810 T.05475 0500 17582 GMeSd 1B WS
(CPCO20_VCAP_SH-BRDKEBAETH000-115:10  mefioguine 04815 TATes2 236e53 185 1289
CPCI_VCAP_SHERDHKAZASMO0MO1END  Iyamine 04515 24%M 14040 AT2 10944
CROT_ATE_MHBADKITNSIELOM L2040 BADKININ6I 04815 100683 4ETeH) AT 11156
ERGONS_ VCAP_MHERDHESINIMI0006.220 fupheraine 04815 126262 49%e5 A 1803
ERGOCS_VCAP_$SHBROHBSIITIM-0000-220 fupherazine  QL4M15 12084 B30ed1 194 12404
(CPC0B_VCAP_ SHERDKAMGEZI0E00101-210  VUBHIM3 Q45 A55e43 15853 175 '4?9.29
Showing 1 fo 10 of 50 entries Pvm:s. 213! 5§ MNed
Ukse ik o Ciplion+C: o copy the link Beiow i share:

42

SigCom LINCS

* A cloud-agonistic platform for serving, storing, and que
+ >1 million signatures from
* LINCS
* GTEx (Genotype-Tissue Expression)
+ Signatures of aging

* GEO (Gene Expression Omnibus)

+ RNA-seq signatures automatically extracted from GEO

CREEDS (Crowd Extracted Expression of Differential Signatures)

+ Participants extracted signatures from GEO

SigCom LINCS
Metadata Search

—

| :
a0

~1,000,000
Million
£E‘§';“B Signatures

https://maayanlab.cloud/sigcom-lincs R SRNES

a

Evangelista, et al. NAR 2022 43
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SigCom LINCS

O SigeCamset @ UnDown Came Sets
Qs s sycem LIS

Chick hare to 1y an exampie of up and down peoe sets

‘negutively

Searchipere

STATS | MAPKY | ACEZ / 8297756 | ei3g2988582ToC

n H
431 33866
Datasets Sevarl molecades.
8 U
7 4957
Data and Signature Generation Centers. SN
L] B4

1113059 353
Spateres

om ARGHSE

&

7492
CHSPR ot

4082
Gene cver-expressions

329

Signature Similarity Search Results

¥ 15

X

TEM
jrate .
pmet. HEC2S1 M
ec.

HELA Mh
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Evangelista, et al. NAR 2022

Appyters

* Transform Jupyter Notebooks into lightweight, fully functional, standalo

web-based bioinformatics applications

* Enable reusable workflows

for

* Customized machine learning pipelines

» Analyzing omics data

» Producing publishable figures and interactive visual

o

Construct Jupyter
Notebook Meta-
Report

l Compile
v

—:A

Customized
& Persistent
Report

—

CSV

User Submit
Data and
Parameters

Appyter

Clarke DJB et al. Patterns (2021) 45
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Appyter Cataolog

+ Integrates all available Appyters (>100) into a  Adppyters
* Github pull requests
+ Standardized, machine-validatable requirements 8 e o e o e e

* Allows for categorization and search ¢ .

* https://appyters.maayanlab.cloud — I e
== |
[ ] [ ] ]
]
o{:
— Clarke DJB et al. Patterns (2021) 46

URL: https://appvters.maavanIéb;v

Bulk RNA-seq Analysis Appyter

Differentiél Gene

Visualization pression Analysis

Differential Gene Ex
pression
Data Preprocessing T

.....

O )

Upload users dataset
S
(.csv, .txt format files)

L3 Bulk RNA-seq Analysis
-
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Input for Bulk RNA-seq Analysis Appyter

Series GSE154613 Query DataSets for GSE154613

Status Public on Jul 17, 2020
Title Modulating the transcriptional landscape of SARS-CoV-2 as an effective

method for developing antiviral compounds
Organism Homo sapiens &
Experiment type  Expression profiling by high throughput sequencing i
Summary The pandemic of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-

2) has imposed a significant burden on the human population. To understand
the virus and the disease it causes we sought to interfere with the
transcriptional response of the infected host. Utilizing the expression pattern of
SARS-CoV-2-infected cells, we identified a region in gene expression space
that was unique to virus infection and inversely proportional to the
transcriptional footprint of known compounds characterized in the Library of
Integrated Network-based Cellular Signatures (LINCS). Here we demonstrate
the successful identification of compounds that display efficacy in blocking
SARS-CoV-2 replication based on their ability to counteract the virus-induced
transcriptional landscape. These compounds were found to potently reduce
viral load despite having no impact on viral entry or modulation of the host
antiviral response in the absence of virus. RNA-Seq profiling implicated the
induction of the cholesterol biosynthesis pathway as the underlying mechanism
of inhibition and suggested that targeting this aspect of host biology may
significantly reduce SARS-CoV-2 viral load. q:

URL: https://appyters.maayanlab.cloud/#/Bulk RNA seq

URL: https://appyters.maayanlab
[
Input for Bulk RNA-seq Analysis Appyter
Supplementary file Size  Download  File type/resource
GSE154613_RAW.tar 7.6Mb (http)(custom) TAR (of TXT)
A B c ] E F G
SRA Run Selector @ - - . -
o 1 GSMHGTSTI: GSMAGTSTG. GSMAGTSTT, GSMMGTS T, GSMMGTS 6! GSMAGTST68:

Raw data are available in SRA 7 DOKIIL ) 0 1 0 0 0
Processed data provided as supplementary file 3 WASHTP B (2] 15 bt} @ 108

4 FAML38A 0 0 ] [ 0 0
Custom GSE154613_RAW.tar archive: 5 FAMI138F 0 0 o 0 0 o igl

Supplementary file File size 6 OR4FS 0 0 ] 0 0 0

T 51T gy _ P 7 L0CT9T37 1 6 5 3 13 3
[)GSM4675765_ACE2-A549_Amoldipine_drugonly_3.counts.genes.bxt.gz 116.2 Kb 8 Jloctooixy i 9 0 g 0 d

9 LOCI001320 0 0 ] 0 0 0
[ G5M4675766_ACE2-AS49_Berbamine_COVZ_1.counts.genes.txt.gz 117.7 Kb 10 LOC1001333 u ) ET) I @ %
[ GSM4675767_ACE2-AS49_Berbamine_COV2_2.counts,genes.txt.gz 117.2Kb 11 ORaF29 o o Ll 0 0 0
= S 12 OR4FIE 0 0 ] 0 0 0
[ GSM4675768_ACE2-A549_Berbamine_COVZ_3.counts.genes.tvt.gz 116.8 Ki 13 ORMF3 0 0 0 0 0 0
[ G5M4675769_ACE2-A549-Berbamine-drugenly-1,counts.genes. vt gz 114.4 Kb 14 10C1002880 jH b 12 0 4 %

15 UNQDO11S 2 9 3 5 bE] 2

-AS49- - - 116.3 Kb

[ G5M4675770_ACE2-A549-Berbamine-drugenly-2,counts. genes. vt gz 16 L0CBI3837 18 25 166 188 28 286
[ GSM4675771_ACE2-AS549-Berbamine-drugenly-3,counts.genes.txt.gz 114.5Kb 17 FAMMIC ] 0 0 0 [ 0
7 . 116.1 Kb 18 LOC1001304 ) % % u k] Er
[ GSMa4675772_ACE2-A549-DMSO-COV2-1.counts.genes.txt.gz o e o & e = =
1 GSM4675773_ACE2-A549-DMS0-COV2-2.counts.genes.txt.gz 116.3 Kb 20 NOGIL 925 us7 825 83 1508 97
1 GSM4675774_ACE2-A549-DMS0-COV2-3.counts.genes.txt.gz 116.5 Kb iy 6 B L) 8 B 151

22 PLEGN 9 3 2 u [ [
[)GSM4675775_ACE2-A549_Loperamide_COV2_L.counts.genes.tit.gz 117.3 Kb 23 Clorf1?0 3 g 3 § u 19
DGSM4675776_ACE2-A549_Loperamlde_mVZ_Z.munm.genﬁ.h:t.gz 117.2Kb
[ 65Md675777_ACE2-A549_Loperamide_COV2_3.counts.genes.txt.gz 117.6 Kb ISamp|g_]d (lass
[ 65Md675778_ACE2-A549-Loperamide-drugonly-1.counts.genes.txt.gz 116.0 Kb GSM4ET5774 Qurl
[ 65Md675779_ACE2-A549-Loperamide-drugonly-2.counts.genes.txt.gz 115.6 Kb GSMAETST57 Case

- []G5Md675780_ACE2-A549-Loperamide-drugonly-3.counts.genes.txt.gz 115.1 Kb | GSM46T5773 Qrl

(] G5Md675781_ACE2-A549-Mock-1.counts.genes.txt.gz 116.7 Kb | GSM4E75772 Crl L | 3
(] G5Md675782_ACE2-A549-Mock-2.counts.genes.txt gz 116.6 Kb | GSM4675756 Case
[)GSMA675783_ACE2-A549-Mock-3.counts.genes. bt.gz 115.9 kb |G5M4675768 Gase
(select Al 6 file(s), 700.7 Kb
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Input for Bulk RNA-seq Analysis Appyter

. The bulk RNA-seq analysis Appyter starts with an expression matrix

aw read counts and metadata
- - Bulk RNA-seq Analysis

An appyter for the analysis and visualization of your bulk RNA sequencing datasets.

@ Load your Data
Load your metadata and expression data in commaftab separated formats. Genes should be in rows and samples shoud b in columng

GSE154613_meta.csv Browse
Meta data file Lesvor tv) @ —

Load example: GSE7046E_evample_metadata et

GSE154613_exprosv Browse

RNA-seq data e (csvor t) @ (E—

Load eample GSE70466_emample_sxpression it

Class column namein metadata @ cellline

Sample ID column name in metadata Sample_geo_accession
9

URL: https://appyters.maayanlab.cloud/#/Bulk RNA seq

Input for Bulk RNA-seq Analysis Appyter

Select Differentially Exprssed Gene Analysis Parameters
@ Select Normalization Methods —

Differential expression analysis e

method @:
Filter genes? @ ifferenti i ?
o Differential expression analysis Volcano plot
plotting method ©:
Low expression threshold @: 03 al Select Visualization Parameters
—_ P-value threshold @ 0,05
logCPM normalization? @ m No logFC threshold @: 15
Interactive plots? @ No
log normalization? ®  yes n Maximum genes for Enrichr @2 500
Visualization Methods ©:  PCA
Z normalization? @ E EEEmmSS
Genes for Dimension Reduction @ 2500 Enrichr Libraries (opto2): [
Quantile normalization? © Yes B Transaription Factor
Gene List for Clustergrammer None Top ranked gene sets @: 15
(Optional) 0.
Small molecule analysis method ©: | L1000FWD
Genes for clustergrammer ©: 800 Geres forL00OCDS2or ¢ W -
L1000FWD ©: v
Top ranked drugs from L1000CDS2
or L1000FWD ©:

appyters.maayanlabicloud/#/Bulk RNA seq

- 25 -



Figure 1. muwmfm mm?ﬂeﬁgumdm‘mmmmm three-dimensional
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Results from Bulk RNA-seq Analysis Appyter
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three-dimensional space. If provided, sample mmmrmmmmm@m«wwmm

a sample, and
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Results from Bulk RNA-seq Analysis Appyter

. Up-requlated in Case
Ctrl vs. Case Signature | Volcano Plot

Down-regulated in Case

Up-regulated in Case
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value < 0.05 in red and genes with logFC < -1.0 and p-value < 0.05 in blue. Additional information for each gene is avallable by
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Down-regulated in Casa
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| “microtubale motor activity (G0:0003777)
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Results from Bulk RNA-seq Analysis Appyter
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Introduction

* Ligand-based drug discovery
* To find common structures among prototype drugs that bind to a desired target
* To design structural analogs of the prototype drugs, and evaluate them

* Target discovery is essential

* Unable to work for undruggable targets

* Limited range of drug candidates: excludes drug candidates that may have similar effects despite binding to
another protein

\

)

F r'l'
https://application.wiley-vch.de/books/sample/352731 25797c01%df

]

Gene Expression-based Drug Discovery

+ ConnectivityMap (CMap) by LINCS Consortium
* Gene expression profile-based drug repurposing pl

+ Over 3 million gene expression praofiles before and aft
treatments, shRNA knockdown, CRISPR knockout, etc. and
million gene signatures

* User's up- and down-regulated genes in the signature DB to
find chemical compounds/shRNA/CRISPR that can mimic or
reverse them

* Provide transcriptional response-based similarity scores of
compound pairs (CMap Scores)

.+ However, as a drug repurposing platform, it is difficult to
discover novel drug candidates
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Approach

Dataset Preparation Compound Pairs as Input  Compound Representation Learning  Evaluation
Siamese Neural Network
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I Example pairs with similar structures but low actual CMap scores
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Drug discovery case study 1: Haloperidol

* Haloperidol
» FDA-approved drug for schizophrenia RS A

» Dopamine receptor antagonist ol I
them, and it blocks the ability
« Structure: of dopamine o aciivle them.

Chlorpromazine
Dopamine v
©4/\\) reosplor b

The blockage of

dopamine receptors
by chlorpromazine sends
a feedback signal to the
presynaptic neuron, which
increases the release of

dopamine.

The feedback signal increases '\

the release of dopamine, which is Dopamine
broken down in the synapse, resulting metabolites
in elevated levels of dopamine Dopamine
metabolites.

Drug discovery case study 1: Haloperidol

Table 2. Top drug candidates for Haloperidol from the ZINC15 database

ZINCISID ZINC15 name Predicted similarity Similarity # of articles Description
score by ReSimNet  score by ECFP

ZINC2516029  Chlorohaloperidol 0.995 0.884 6 Chlorohaloperidol targets the Dopamine D2 receptor

ZINC601270 Bromperidol 0.967 0.792 66 Bromperidol is an FDA-approved drug for dementia,
depression, schizophrenia, anxiety disorders and
psychosomatic disorders (Yasui-Furukori
etal., 2002)

ZINC4214827 Amiperone 0.961 0.704 0 Amiperone targets the Dopamine D3 receptor and D3 is
a potential target of Parkinson’s disease and
schizophrenia (Varady et al., 2003)

ZINC538026 Moperone 0.955 0.792 11 Moperone is a Dopamine D2 receptor antagonist®
ZINC35851465  Cyantraniliprole 0.946 0.098 0 -
ZINC1481990 Budipine 0.942 0.172 1 Budipine is used in the treatment of Parkinson’s

disease (Klockgether et al., 1993)

ZINC12494203  B-Hyodeoxycholate 0.938 0.113 0 —
ZINC3824281 Ganaxolone 0.933 0.129 1 Ganaxolone is one of neurosteroids and is used for
epilepsy (Nohria and Giller, 2007}
ZINC3812988 Butorphanol 0.933 0.200 9 Butorphanol is a neuropsychiatric agent (Iyengar
b etal., 1987)
| ZINC2041178  2,3-Dibromopropanol 0.93 0.158 0 —

*htps:/fpubchem.nchi.nlm.nih.govicompound/173712#section=ChEMBL-Target-Tree. / “
"https:lhvww‘kegg.jp,‘dbge_rllbi_l_ﬂ“w_bget? D01105. R/‘ J /J'/

Bioinformatics, 2019
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Drug discovery case study 2: Selumetinib

* Selumetinib

* FDA-approved cancer drug —
« MoA: MEK1/2 inhibitor |
* Structure: (St |

QO
/

Table S 11. Top drug candidates for Selumetinib from the ZINC15 dataset. There
were only two drug candidates with a score > 0.9.

ZINC15 Pmd;::id Similarity 4 of
ZINC15 TD S ccore by T Description
name score by ECFP articles
ReSimNet
L e Binimetinib is a MEKI;’Z
ZINC3846G0704  binimetinib 0.993 0.841 inhibitor [1]
Buparlisib is a PI3K
| . \ - ; inhibitor. PI3K is in a
ZINC43154039  buparlisib 0.937 0.084 pathway parallel to the .
MEK pathway [2] / E\\I "1‘|
— )
h ‘ Bioinformatics, 2019
Jeon etal BUC Boiaformatics  (2022) 23374 BMC Bioinformatics

hitps:/{dai.org/10.1186/512859-022-04895-5

RESEARCH Open Access

Transforming L1000 profiles to RNA-seg-like 2
profiles with deep learning

Minji Jeon'?, Zhuorui Xie', John E. Evangelista', Megan L Wojciechowicz', Daniel J. B, Clarke' and

Avi Maayan"

“Comespondence:

admagyangmem.edy Abstract

TDepanment o framecdoged | 11 L1000 technology, a cost-effective high-throughput transcriptomics technology,
Sciences, Mount Sinai Center has been applied to profile a collection of human cell lings for their gene expression
for Boinformatic kahn Scheol response to> 30,000 chemical and genetic perturbations. In tatal, there are currently
of Medicing at Mount Sinai, One ; . . .
Gustave L Levy Plce. Box 1603, over 3 million available L1000 profiles. Such a dataset is invaluable for the discovery of
ewYork NY 10029, USA drug and target candidates and for inferring mechanisms of action for small molecules.
mmmm“ The L1000 assay only measures the mRNA expression of 978 landmark genes while
Seou Pepubicofoes 11,350 additional genes are computaticnally reliably inferred. The lack of full genome

coverage limits knowledge discovery for half of the human protein coding genes, and
the potential for integration with other transcriptomics profiling data. Here we present
a Deep Learning two-step model that transforms L1000 profiles to RNA-seq-like pro-
files. The input to the model are the measured 978 landmark genes while the output
is a vector of 23,614 RNA-seq-like gene expression profiles The medel first transforms
the landmark genes into RNA-seq-like 978 gene profiles using a modified CycleGaN
model applied to unpaired data, The transformed 978 RNA-seq-ike landmark genes are
then extrapalated into the full genome space with a fully connected neural network
model, The two-step model achieves 0,914 Pearson’s comrelation coefficients and 1,167
root mean square errors when tested on a published paired L1000/RNA-seq dataset
produced by the LINCS and GTEx programs. The processed RNA-seg-like profiles are

made available for download, signature search, and gene centric reverse search with N
unigue case studies, Iy 3\\' \,1\|

)|
Keywords: L1000, RNA-seq, Gene expression translation, Generative adversarial x/'
networks
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Introduction - The LINCS L1000 Data

+ L1000 assay
» The L1000 assay only measures the mRNA expre L1000 data processing

* An additional 11,350 genes are computationally ., soounn sz s ST g

* L1000 data ol s I
* An expression profile is generated from a single % WA A QE mt W
point by B W5 MR g o
* Signatures (differentially expressed genes) are c.
plate Perturbagens Signatures
>80K >1M

o Annotated Core cell lines (9)
§ 3
& g
© 5
. ‘e
3 '
o S
o -
4]
5 é
]
5 &
Unannotated Variable lines >20 W \\“-:-.
)
https://\incsprOJect_org/UNCS/too\s/vvorkﬂovvs/ﬁnd-the-best-p\ace-to-obtain-the-\incs-\1OOO-%\ '/’{7

Introduction - Limitations & Challenges
Limitations of the L1000 Data
* Half of the protein-coding gene are missing from the L1000 data
* This limits knowledge discovery about those missing genes

* This limits the potential for integration of the CMap data with other transcriptomics pr -
ofiling data

Project Challenges

* Transform L1000 profiles to RNA-seqg-like profiles at the full genome scale with Deep Learning
* How can we train a model when there are not a lot paired L1000 and RNA-seq profiles for training?
* How can we demonstrate that predicted RNA-seq-like profiles contain knowledge?

 What new applications the predicted RNA-seq-like profiles can provide and how we can demonstrate these
applications as use cases?

* How the trained model compares to other published models and simpler baseline models?
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Methods - CycleGAN: Supervised Learning for Unpaired

* CycleGAN (Zhu and Park et al.): An approach for learning to translate a
age from a source domain X to a target domain Y in the absence of pair
samples

Monet  Photos

. =
:

nge of domain A,
This makes the shape to be maintained
when Gas generates a harse image from the zebra.

Real brage in doreain B

W,
Py R
RJEI )
Zhu and Park et al., | \/'/2917

Methods - Two-Step Model for L1000 to RNA-seq-like P

/ : \ 4
Step 1 - | | —
' I .
G100 to RNAseq GRNAseq to L1000 . .
: O 0
g 8
i O 0:
8 g
@ b
: O O
| ——
Real Profile Generated Profile Drwas Reconstructed Profile D Generated Profile .
in L1000 Domain in RNA-seq Domain in 11000 Domain - “%%°| | in RNA-seq Domain )
L J
f_._‘ N
LJ 9 .
rd % '-.I'.I
Real Profile Real Profile |
in RNA-seq Domain in L1000 Domain / /fy
BMC Bioinformatics, 2022
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Results - GTEx Paired Samples

* Evaluation Metrics: The average of PCC and RMSE for each sample

Violin plots for samples
* Step 1 L P
Predicted RNA-seq - Real RNA-seq
) Input L1000 - Predicted RMA-seq N ———
Input L1000 - Predicted RNA-seq
——— R ——

Input L1000 - Real RNA-s2q

Violin plots for samples

Predicted RNA-seq - Random Real RNA-seq { —<m—

T T T T u T
0z 04 06 08 10 0 5 10 15 20 5
PCC RMSE

Violin plots for samples

Predicted RNA-seq - Random Real RNA-seq

Input LL0DD - Real RNA-seq —‘—

Violin plots for samples

* Step 2
|P.|'edicled RNA-seq - Real RNA—seq| “ | Predicted RNA-s2q - Real RNA—seq}

Predicted RNA-seq - Random Real RNA-seq ":
r i
. ! )l

AR — T T T T T T T T &
0 065 070 075 080085 090 095 100 0 5 20 5 4

v BMC*Bioinformatics, 2022

rd

Results - PCA of GTEx L1000-RNA-seq Paired Sam

* GTEx and LINCS profiled the same postmortem tissue samples using L1000 and RNA-
* 2,929 samples from 53 tissues downloaded from GSE92743

* PCA plot of real RNA-seq profiles, predicted RNA-seq profiles, and original L1000 profiles fr-
om colon in GTEx using 11,780 common genes

Colon - Transverse

# Real RNA-seq
HE A o Pradicted RNA-seq
] # Original L1000

%,
R] )
.///y

BMC Bioinformatics, 2022
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Results - Gene Centric Signature Reverse Search
KO genes Small Molecules
SFRP s : § LIS .
litazane \
| 0 =
.\ [eu}] .: ‘{:BPJ '\n;lwhje?
" wpuce T o
C E: D =
s /Fzﬂl ﬁl- /bdimﬂ
s .\:cnaz m;' 5‘”‘ ¥ s
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- FOD3 o : 1 " :%/nrlnm‘ht
L. 5 IR
o o e Qz)\)
CIOUd/U OOO_RNAseq_Gene_Search/ BMC Bioinformatics. 2022
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De novo generation of hit-like molecules from gene
expression signatures using artificial intelligence

Oscar Méndez-Lucio"?*, Benoit Baillif® !, Djork-Arné Clevert?, David Rouquié">* & Joerg Wichard*>*

Finding new molecules with a desired biological activity is an extremely difficult task. In this

context, artificial intelligence and generative models have been used for molecular de novo

design and compound optimization. Herein, we report a generative model that bridges sys-

tems biology and molecular design, conditioning a generative adversarial network with

transcriptomic data. By doing so, we can automatically design molecules that have a high

probability to induce a desired transcriptomic profile. As long as the gene expression sig-

nature of the desired state is provided, this model is able to design active-like molecules for

desired targets without any previous target annotation of the training compounds. Molecules

designed by this model are more similar to active compounds than the ones identified by / \\KI
similarity of gene expression signatures. Overall, this method represents an alternative ) ),}l
approach to bridge chemistry and biology in the long and difficult road of drug discovery. /
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dai: 10.1093 bivinformatics/btab275
ISMB/ECCB 2021
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Predicting mechanism of action of novel compounds
using compound structure and transcriptomic signature
coembedding

Gwanghoon Jang', Sungjoon Park™*, Sanghoon Lee', Sunkyu Kim', Sejeong Park’
and Jaewoo Kang © "2+

"Department of Computer Science and Engineering, Korea University, Seoul, Republic of Korea and and *Interdisciplinary Graduate
Program in Bivinformatics, Korea University, Seoul, Republic of Korea

*To whom correspondence should be addressed.

Abstract

Motivation: Identifying mechanism of actions (MoA) of novel compounds is crucial in drug discovery. Careful under-
standing of MoA can avoid potential side effects of drug candidates. Efforts have been made to identify MoA using
the transcriptomic signatures induced by compounds. However, these approaches fail to reveal MoAs in the ab-
sence of actual compound signatures.

Results: We present MoAble, which predicts MoAs without requiring compound signatures. We train a deep learn-
ing-based coembedding model to map compound signatures and compound structure into the same embedding
space. The model generates low-dimensional compound signature representation from the compound structures.
To predict MoAs, pathway enrichment analysis is performed based on the connectivity between embedding vectors
of compounds and those of genetic perturbation. Results show that MoAble is comparable to the methods that use
actual compound signatures. We demonstrate that MoAble can be used to reveal MoAs of novel compounds with-
out measuring compound signatures with the same prediction accuracy as that with measuring them.

Availability and implementation: MoAble is available at https:/github.com/dmis-lab/moable

Contact: : sungjoonpark@korea.ac.kr or kangj@korea.ac.kr

Supplementary information: Supplementary data are available at Bioinformatics online.
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DeepSide: A Deep Learning Approach
for Drug Side Effect Prediction

Onur Can Uner™, Halil Ibrahim Kuru“, R. Gokberk Cinbis*, Oznur Tastan“, and A. Ercument Cicek

Abstract—Drug failures due to unforeseen adverse effects at clinical trials pose health risks for the participants and lead to substantial
financial losses. Side effect prediction algorithms have the potential to guide the drug design process. LINCS L1000 dataset provides a vast
resource of cellline gene expression data perturbed by different drugs and creates a knowledge base for context specific features. The
state-of-the-art approach that aims at using context specific information relies on only the high-quality experiments in LINCS L1000 and
discards a large portion of the experiments. In this study, our goal is to boost the prediction performance by utilizing this data to its full extent.
We experiment with 5 deep learning architectures. We find that a multi-modal architecture produces the best predictive performance among
multi-layer perceptron-based architectures when drug chemical structure (CS), and the full set of drug perturbed gene expression profiles
(GEX) are used as modalities. Overall, we observe that the CS is more informative than the GEX. A convolutional neural network-based
model that uses only SMILES string representation of the drugs achieves the best results and provides 13.0% macro-AUC and 3.1%
micro-AUC improvements over the state-of-the-art. We also show that the model is able to predict side effect-drug pairs that are reported
inthe literature but was missing in the ground truth side effect dataset. DeepSide is available at http:/github.com/OnurUner/DeepSide.

Index Terms—Drug side effect prediction, deep learning, LINCS

+

EEmEaE,. AFSTENERETINV,

2020 IEEE International Conference on Big Data and Smart Computing (BigComp)

A Drug-induced Liver Injury Prediction Model
using Transcriptional Response Data with Graph
Neural Network

Doyeong Hwang**, Minji Jeon**, Jaewoo Kang* 3
*Department of Computer Science and Engineering
Jf.‘merdisrripmmry Graduate Program in Bioinformatics
Korea University
Seoul, Republic of Korea
Emails: {desertbeagle, mjjeon, kang;} @korea.ac.kr
TBoth authors contributed equally
§lfﬂrrc.f.pnnding author

Abstract=Drug-Induced Liver Injury (DILI) is a major cause
of failed drug candidates in clinical trials and withdrawal of
approved drugs from the market. Therefore, machine learning-
based DILI prediction can be key in increasing the success rate
of drug discovery because drug candidates that are predicted
to potentially induce liver injury can be rejected before clinical
trials. However, existing DILI prediction models mainly focus on
the chemical structures of drugs. Since we cannot determine
whether a drug will cause liver injury based solely on its
structure, DILI prediction based on the transcriptional effect
of a drug on a cell is necessary.

Several machine learning models trained on datasets such
as Liver Toxicity Knowledge Base (LTKB) [4] and Open TG-
GATEs [5] were previously proposed for DILI prediction.
Most of the previously proposed machine learning models are
trained on drug structure information for predicting DILI [6]-
[9]. However, such models used for DILI prediction do not
consider genetic information or the structures and complex
hiological mechanisms of drugs [10]. Therefore, these models
cannot predict whether a drug will cause liver injury based
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Fig. 1. The overall architecture of GLIT. The structure of a drug, the drug-induced gene expression level, and the dosage and duration of drug administration |<‘ o

}
(@)

B
are used as inputs for GLIT. A drug embedding vector is extracted from the last layer of a neural network with three layers, and a drug-induced gene J /,l f-'-l
expression embedding vector is extracted from a graph neural network using a biological knowledge graph called OmniPath. The two embedding vectors are -’/
concatenated with the dosage and duration of drug administration information, and fed to the prediction layers of GLIT to predict DILI. 8']
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DeSIDE-DDI: interpretable prediction 2
of drug-drug interactions using drug-induced
gene expressions

Eunyoung Kim and Hojung Nam'®

Abstract

Adverse drug-drug interaction (DDI) is a major concern to polypharmacy due to its unexpected adverse side effects
and must be identified at an early stage of drug discovery and development. Many computational methods have
been proposed for this purpose, but mast require specific types of information, or they have less concern in inter-
pretation on underlying genes. We propose a deep learning-based framework for DD prediction with drug-induced
gene expression signatures so that the model can provide the expression level of interpretability for DDIs. The model
engineers dynamic drug features using a gating mechanism that mimics the co-administration effects by imposing
attention to genes. Also, each side-effect is projected into a latent space through translating embedding. As a result,
the model achieved an AUC of 0.889 and an AUPR of 0.915 in unseen interaction prediction, which is competitively
very accurate and outperforms other state-of-the-art methods. Furthermore, it can predict potential DDIs with new
compounds not used in training. In conclusion, using drug-induced gene expression signatures followed by gating

and translating embedding can increase DDI prediction accuracy while providing model interpretability. The source . \\“
code is available on GitHub (https://github.com/GIST-CSBL/DeSIDE-DDI). R 2))
Keywords: Drug-drug interaction, Polypharmacy side effects, In silico prediction, Deep leaming /82
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Abstract

Single-cell transcriptomics enabled the study of cellular heterogeneity in response
to perturbations at the resolution of individual cells. However, scaling high-
throughput screens (HTSs) to measure cellular responses for many drugs remains
a challenge due to technical limitations and, more importantly, the cost of such
multiplexed experiments, Thus, transferring information from routinely performed
bulk RNA HTS is required to enrich single-cell data meaningfully. We introduce
chemCPA, a new encoder-decoder architecture to study the perturbational effects
of unseen drugs. We combine the model with an architecture surgery for transfer

learning and demonstrate how training on existing bulk RNA HTS datasets can y \\*.;-..
improve generalisation performance. Better generalisation reduces the need for )
extensive and costly screens at single-cell resolution. We envision that our pro- R/‘ )
posed method will facilitate more efficient experiment designs through its ability ‘ 84

to generate in-silico hypotheses, ultimately accelerating drug discovery.

(1) Encoder-Decoder: (2) Attribute embeddings:  (3) Adversarial classifiers:

Cell lines | Paosbiscstar
m Trassetinid
2 drugs .
FE] I ool A¢ & : Table 1: Comparison of multiple models on their performance on generalisation to unseen drug-
- Flwgiiol  COVariate combinations for dosage values of 1 uM and 10 uM.

(i , Z, Dose  Model Ef]all E[r?| DEGs Medianr?all Median r* DEGs
T; i z-,a ; Peturbation network Py 3 Baseline 0.69 051 0.2 0.62
L8 i Aeov [[6]™ seGen 073 059 0.7 068
i % : 1uM CPA 072 0.54 036 067
it +iju HiGi "D"' K chemCPA 04 060 0.6 066
UG, zd‘ S chemCPA pretrained 077 0.68 0.85 0.76
% Zoi Fdy Baseline 0.50 029 048 0.2
h ! seGen 062 047 0.6 049
drug $i 104M CPA 0.54 034 052 026
Figure 1: Architecture of chemCPA. The model consists of three parts: (1) the encoder-decoder chemCPA 071 058 0.77 0.64
g C partz: (1) chemCPA pretrained 076 0.68 082 079

architecure, (2) the attribute embeddings, and (3) the adversarial classifiers. The molecule encoder
G can be any graph- or language-based model as long as it generates fixed-sized embeddings hgnys.
The MLPs S and M are trained to map the embeddings to the perturbational latent space. There,
24, is added to the basal state 2; and the covariate embedding z,,. In this work, the latter always
corresponds to cell lines. The basal state z; = Ey(x;) is trained to be invariant through adversarial

classifiers A;, and the decoder Dy, gives rise to the Gaussian likelihood N'(z; | ji;, ;).
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DESeq2

* Models estimate parameters (mean and dispersion) to describe co
distribution accurately.

» Dispersion parameter o affects variance; edgeR and DESeq2 employ similar
empirical Bayes methods to shrink o towards similar-gene dispersions,
enhancing differential expression test results.

* DESeq?2 workflow:

+ Normalize read counts by computing size factors, addressing differences in library sizes
and library compositions.

* Calculate dispersion estimate for each gene.

* Plot dispersion estimates of genes against mean normalized counts,
and fit a line.

* Shrunk dispersion values of each gene towards the fitted line.

* A Generalized Linear Model accounts for confounding variables and negative binomial
istribution, fitting count data.

a contrast (e.c};., drug-A treated vs. untreated), differential expression test assesses |
0g fold change of normalized gene counts.
)

are adjusted for multiple testing.

- 44 -



DESeq2: Normalization

* DESeq?2 expects as an input a matrix of raw counts (un-normalized cou

* These counts are supposed to reflect gene abundance (what we are

interested in)

» But they are also dependent on other less interesting factors such as gene

o LGNl nmm mmmiiamatina et aw llvaw  Ammail A atbi S
Sample 1 Sample 2 Sample 1 Sample 2 Control cells  Treated cells
__: __: -i- :-h ;-—-:: e el e = A =
- R = T -
-j_ g EE_":': o e oy ' T, _l—.llm —mre- _r'.] et
SEESE SESSE | S e
— T — T 5-‘_'_‘—3';-%\-‘_: ﬁ:-"*:"i"';.: :-:—E_|_=_: :_=__|_‘-E ]
- o ~ T I
Gene length Sequencing depth Library composition
/7 ,‘\.}.‘:ﬁ-
[\ D))
K I. L
DESeq2: Normalization
2 Geometric
* Step 1: DESeq?2 creates a pseudo-referere — wmi wme s s s e o
M M Genel 807 1240 1080 ns2 1004 B8] ey 102055158
wise geometric mean (for each gene). @« = W w0 w0 ow
Geneld 1434 67 1902 2159 1311 1672
& Gened 1038 177 1429 1561 1383 1263
* Step 2: For every gene in every sample, & . . L omow oo
sample are calculated. coms |
Step2
3 . Geometric means
* Step 3: The median value of all ratios fo
e for th | W sels  war MR el g s
Sca e aCtor Or t at samp e Gﬂ!l 0.7%043905 1.21455319 105783665 LI5T7434 0.9833963 08648794
075119426 1.24092311 L.07663200 0.3201685 10636484 10179957
» Step 4: Normalized counts can be O o =
002817337 0.02817337 005634573 281733673 278352869 285114477
Values In a glven Sample by ‘that Sample Gene6 079539418 128458712 0.99952835 12043916 0.8843384 09193328
. l... I...., I....., lm l,..., I...,.
s . U 1 samplez  sample3 sample§ sample§
Sj = medla]] ‘”m . SCALING adb> <dbl>
i m FACTORS 07731685 1253789  10IS7S  LISM29 09848803 0.9100567
(H kw) Raw counts
v=1 i Scaling Factor
T B B I
Genel 1043.755554 983.0017578 1063.253362 10247705 1019.413 970.2692 &
Gerel 1638.709154 1669.3392573 1787 840838 13455532 1821540 1886.6557 ./’ ‘R\.-:'
Gened 1854703176 1967.6340465 1872507310 18718102 1838801  1837.2482 [\‘ b} ] "|
Gened 1420.128375 1416.5057435 1406 841717 1353.3560 1404231 1387.8256 - A
Genes 1293377 0.7975821 1968988 856.9802  1003.167 1112.0186 &
Genet 1411074733 14053395946 1349741073 14322512 1231621  1385.6260
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DESeq2: Count Modeling

Sample1 Sample2 m
U C X g
Genel
Gene?2
Gene3
: )
| « Normal distribution (X) o
: . Fit Poisson g I
3 » Continuous (X) distribution
5 ) * Number of cases is large
3 + Probability of an event happening is low
I + Selecting mRNA from a large number of
& mRNA read
] * mean = variance
; alw 4r[m ﬂlw aulu lnnlnn : _,_‘\f":-
Number of observed reads (gene-wise) [\ J ;I-i__ﬁ.-l

DESeq2: Count Modeling

* But RNA-seq data does not fit Poisson distribution
* variance # mean

* Negative Binomial distribution
* variance > mean

Kij ~ NB(mean = n;j, dispersion = a;)

VAR(KT,}) = Hjj + . U?j

K_ij = count of gene i for sample |

%,

)

4-;)
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DESeq2: Count Modeling

* Dispersion estimation

» Dispersion: When comparing gene expression levels between groups, it is important
know also its within-group variability

* RNA-seq experiments typically have only few replicates
» It is difficult to estimate within-group variability
« Solution: pool information across genes with are expressed at similar level
* assumes that genes with similar average expression strength have similar dispersion
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DESeq2: Generalized linear model

* Generalized linear model:

log2(qij) = Bo + Pr.zj+e
B 14
Bl SizeFactor;

qij

By is the log2 expression level in the reference (control samples)
By is the log2FC between treated and control cells
z;=0if sample j is the control sample

':cjzl if sample j is the treated sample /g
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Characteristic Direction

* Characteristic Direction (Clark et al. 2014, BMC bioinformatics)
* Genes do not function in isolation but as part of a complex network of interactions
* This leads to significant correlations
* Univariate approaches can miss some structure in the data

* Multivariate approaches are sensitive to the curse of dimensionality
g B
5 7 e
ch TR A
‘e :o‘ ,/ I L
» & P ...' .
o / o L
gene /‘ A\
D))
<)

Characteristic Direction

* Linear discriminant analysis
* Bayes rules for the classification probability

* The contribution of each b can be interpreted as quantifying the relative contribution -
of each component to the total differential expression giving the significance of the
corresponding gene

Linear classification boundary

Normal vector = direction of
characteristics in gene
expression data
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