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Introduction to Cancer Dependency Map
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Cancer Dependency Map (DepMap) portal (https://depmap.org/portal) Q

P depmap portal Q Searchforagene, cell e, compound, neage, orfle

Tools

Welcome to the DepMap Portal > Data Explorer
The goal of the Dependency Map @ 4 148 Custom Analyses
(DepMap) portal is to empower the R ¥ Celligner
research community to make discoveries &
related to cancer vulnerabilities by ) S ¥ y ‘jb Target Discovery
providing open access to key cancer PN
dependencies, analytical, and visualization B 4;\? N \ & 8 Context Explorer
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What is DepMap ?

nature reviews cancer

Explore content v About the journal v Publishwithus v Subscribe

nature » nature reviews cancer > perspectives » article

Perspective  Published: 28 October 2024

The present and future of the Cancer Dependency Map
Fand Arafeh, Tsukasa Shibus, Joshua M. Dempster, William C. Hahn & & Francisca vazguez &

Nalure Reviews Cancer 26, 59-73 (2025) | Cile this ericle
18k Accesses | 182 Citations | 60 Altmetric | Metrics

Abstract

Decnit:

F inthe past decade, the ¢
cancer complicates efforts to identify new therapies and therapeutic combinations that
achieve durable

1oy and b F

inmost patients. Further ad in cancer therapy will rely, in

part, on the d of targeted th ics matched with the genetic and molecular
characteristics of cancer, The Cancer Dependency Map (DepMap) is a large-scale data
pository and h platform, aiming ically reveal the landscape of cancer
Inerabilities in th ds of ge d molecularl d cancer models.
DepMap is used routinely by cancer research scienti d has

facilitated the identification of several novel and selective therapeutic strategies for multiple

cancer types that are being tested in the clinic. However, it is also clear that the current

version of DepMap is not yet comprehensive. In this Perspective, we review (1) the impact and

current uses of DepMap, (2) the opportunities to enhance DepMap to overcome its current
and (3) the ongoing efforts to further improve and expand DepMap.

Arafeh R et al. Nat Rev Cancer. 2025 doi: 10.1038/541568-024-00763-x

_>te depmapportal
Overview

The DepMap project, building off of the original Cancer Cell Line
Encyclopedia (CCLE) project and Project Achilles, generates
data and tools that can be used and shared by researchers. New
DepMap data is released twice a year, in May and November.

DepMap has an ever-evolving data structure that allows for
flexibility in incorporating and analyzing new types of data. To
learn more about our data structure, read "How is DepMap data
structured?” below.

DepMap also hosts datasets that are generated with or provided
by collaborators and other institutions. These datasets may or
may not be continuously updated, but are available for the
community to use through the DepMap Portal.

Release Datasets

The DepMap Release dataset is continuously growing as new
data are generated by DepMap. Data may be analyzed and
visualized using our portal tools, including Data Explorer. To
learn more about our releases, visit the Current Release page.

View Current Release




Cancer cell lines (¥ M ZF)
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nature reviews cancer

Timeline | Major inthe development, impl ion and use of the NCI60 cell lines
Explore content v About the journal v Publish with us v Vedel deve Oparstion | Operationassenicesreen
11945-1980 (1590-2000 0%-present)

nature » nature reviews cancer » timeline » article

‘umm ‘

Timeline | Published: 01 October 2006
The NCI60 human tumour cell line anticancer drug
screen

Robert H. Shoemaker

Nature Reviews Cancer 6, 813-823 (2006) | Cite this article Related b s oo, DTR Devlsgrmertal harapesties Prggar NDA inestigaionsl e d DRl
27k Accesses 2421 Citations 27 Altmetric | Metrics a [l en [ One dose
3 Prescreen [ 60 cell lines
Abstract * EE——— el
100
< 400,000 W
The US National Cancer Institute (NCI) 60 human tumour cell line anticancer drug screen £ g \ o % g
5 < 350, 1
(NCI60) was developed in the late 1980s as an in vitro drug-discovery tool intended to .‘E" ;g : :\ g 000 o
supplant the use of transplantable animal tumours in anticancer drug screening. This g 0 TGl g 3900001 Natural products 7 -
screening model was rapidly recognized as a rich source of information about the jg ‘\_‘ g 250,000 1 / Synthetic.
v
mechanisms of growth inhibition and tumour-cell kill. Recently, its role has changed to that of -60 - [ z 206000 4
Concentration (ug ml™) £ Natural products
aservice screen supporting the cancer research community. Here | review the development, ] :
g £ 150,000 |
use and productivity of the screen, highlighting several outcomes that have contributed to . i 3 [

advances in cancer chemotherapy. GI50 (50% growth inhibition) 100,000 {

LC50 (50% lethal concentration)

Shoemaker RH. Nature Reviews Cancer, 2006. Tl (total growth inhibiion) |

Weinstein JN et al. Science, 1997.
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DepMap Motivations Q

Motivations for the Cancer Cell Line Encyclopedia (CCLE)
https://sites.broadinstitute.org/ccle/

At 1: A549-EGFR inhibitor At#|2: BRAFHO0|-MEK inhibitor

+ NCIB0OAf NSCLCH L= A549(EGFR wild-type)/t EZOZ AFE  « NCB0 4|5 CHAf SNP array — Mutation, CNV, Expression =75
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“These datasets are growing as part of the DepMap release dataset Number of cell lines in DepMap
Arafeh R et al. Nat Rev Cancer. 2025 doi: 10.1038/541568-024-00763-x
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EZBROAD DepMap founded by the Broad Institute

INSTITUTE

Broad Institute of MIT and Harvard.

The Broad Institute is an independent, non-profit research organization that aims to discover the root causes of
all common and rare diseases, and to use this insight to help develop safe and effective therapeutic
interventions.

Based primarily in Kendall Square in Cambridge, Massachusetts, the Broad Institute was [ounded in 2004 to

fulfill the promise of genomic medicine — three years after completion of the Human Genome Project, which
Broad scientists helped create and lead.

Wa tackle big scientific questions that no single lab can address alone. We empaower cross-disciplinary teams to

solve the most important challenges in hiomedicine. We invent and openly share cutting-edge technologies and
tools to accelerate research and catalyze improvements in human health throughout the United States and

beyond.
The Broad has spearheaded flagship scientific projects that have benefited the entire country, such as:
+ Human Genome Project (HGP)

» The Cancer Genome Atlas (TCGA)
« Human Cell Atlas (HCA)

« Cancer Dependency Map (DepMap)
« Covid testing to safely reopen K-12 schools, colleges, and universities

https://www.broadinstitute.org/about-us

What is the

Broad Institute?

Contents
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DepMapH|0[E| &57:

BXeuA vs EHHAT AL
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= 0 [o3 ko= W= =] I i
21 28A (Molecular Omics) Q Toig A32[d (Phenotypic Screening)
HIZO BXF HEIS FHEO0 7| HI0|Q0IAHE 78 [T wet- o= M2l invivo HE9 ZIHEHY) #E
CCLE | | GDSC Achilles GDSC | [ CTRP /| PRISM MetMap
o STH|WESWGS), HAHHI(RNA-seq), £ (MS) ZEIQYA o Achilles: CRISPR/RNA 9/ Z A (/T 4Z/Z4)
. S OF2 ZtA M g
® =21 50| 272 mRNA - miRNA - CHHE A o GDSC/CTRP/PRISM: %= Z4(AUC/IC50, pooled HIZF)
® MetMap: O ZTZH(in vivo, &7| 0| IHH)
Assay Initiative DepMap models Assay Initiative DepMap models
Sequencing  WES (Broad) B39 CRISPR Standard KO 1030
screens screens (Broad) ;
WES (Sanger) 1027 Score (Sanger) 2
S (Froady P RNAI Marcotte 65
screens
bl il Achile (Broad) a7
MIRHAICCLEY = Drive (Novartis) 385
Proteomics  RPPA (COLE) 808 Drug CTD® Network 8
screens (Broad)
MS {CCLE) s Repurposing an
——— (Broad)
Methylation CCLE 813 6056 (Sanges) o6
“These datasets are growing as part of the DepMap release dataset
"
(o) o= gl A
EH'H‘E OF A EFoQ —!_ %IE
-
| . (Q/f“ 2
- CCL Cancer Cell Line t/\)GDSC
pe e J
e Encyclopedia
tu Genomics of Drug Sensitvity in Cencer
Explorecontent ¥ About the journal ~  Publishwithus »  Subscribe Explore content v About the journal v Publishwithus v Subscribe
nature > letters » article = nature » articles » article -
. >8900 3| 218 >2800 8] 218
Published: 28 March 2012 Published: 28 March 2012
The Cancer Cell Line Encyclopedia enables predictive Systematicidentification of genomic markers of drug
modelling of anticancer drug sensitivity sensitivity in cancer cells
Jordi Barretina, Giordano Caponigro, Nicolas Stransky, Kavitha Venkatesan, Adam A. Margalin, Mathew J. Garnett, Elena J. Edelman, Sonja J. Heidorn, Chris D. Greenman, Anahita Dastur, King Wai
Sungjoon Kim, Christapher ... Wilson, Joseph Lehdr, Gregory V. Kryukov, Dmitriy Sonkin, Anupama Lau, Patricia Greninger, |. Richard Thompson, Xi Luo, Jorge Soares, Qingsong Liu, Francesco lorio,
Reddy, Manway Liv, Lauren Murray, Michael F. Berger, Jobn E. Monahan, Paula Morais, Jodi Meltzer, Didier Surdez, Li Chen, Randy J. Milano, Graham R. Bignell, Ah T. Tam, Helen Davies, Jesse A,
Adam Korejwa, Judit Jané-Valbuena, Felipa A. Mapa, Joseph Thibault, Eva Bric-Furlong, Pichai Raman, Stevenson, Syd Barthorpe, Stephen R. Lutz, Fiona Kogera, Karl Lawrence, Anne McLaren-Douglas, ...
Aaron Shipway, ... Levi A, G.’-Jrn'-wva',a_E + Show authors » =] - P
o EEBROAD ~ “rsme mom & Sanger © SR
ite this arti INSTITUTE IC ~
Nature 483, 603-607 (2012) | Cite this article Nature 483, 570-575 (2012) | Cite this article 7 ot instinte CANCER CENTER
135k Accesses | 5005 Citations | 123 Altmetric | Metrics 82k Accesses | 1118 Citations | 128 Altmetric | Metrics
Barretina J, et al., Nature. 2012, https://doi.org/10.1038/nature11003 Garnett MJ et al., Nature. 2012, doi: 10.1038/nature11005
Mutation, gene expression, CNV data from 947 human cancer cell lines Mutation, gene expression, CNV data from 639 human cancer cell lines
Pharmacological profiles for 24 anticancer drugs across 479 of the cell line Pharmacological profiles for 130 anticancer drugs across 507 of the cell line
12




Cancer Cell Line
Encyclopedia

Cancer Cell Line

i CCL

Encyclopedia (CCLE)

Molecular Omics

Neuroblastoma
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Mutation, gene expression, CNV data from 947 human cancer cell lines

A @ maximal effect level
a

Drug Screening

EC50 : half-maximal effective concentration

-Mwmummnut&i

-w:amumwnmw IGF1 expression {03, RMA)

Barretina J, et al., Nature. 2012, https://doi.org/10.1038/nature11003

Pharmacological profiles for 24 anticancer drugs across 479 of the cell line
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E. Robert McDonald (11, Jordi Barretina™*, Ellen T, Gelfand', Craig M. Bielski', Haoxin Li'*, Kevin Hu',
Alexander Y. Andreev-Drakhlin', Jaegil Kim', Julian M. Hess', Brian ], Haas', Francois Aguet', Barbara A, Weir',
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CCLE Updates (2019) + microRNA + Proteomics (RPPA)
Mutations Copy DNA mANA  Altemative Chromatin  Protein Eg?z
Next-generation characterization of the " s T SR e i el
Cancer Cell Line Encyclopedia Y =
Mahmoud Ghandi', Franklin W, Huang!? "%, Judit Jané -Valbuena"?, Gregory V. Kryukov', Christopher C. Lo', Busilshrphema o lj
3

Michael V. Rathberg', Erenton K. Paolella', Michael 5. Lawrence**#, Rehan Akbani’, Yiling Lu’, Hong L Tiv¥,

Prafulla C. Gokhale®, Antoine de Week®, Ali Amin Mansour', Coyin Oh', Juliann Shib', Kevin Had?™"", Yanay Rosen',
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Yosef E. Maruvka', Ancrew D. Cherniack}2, Aviad Tehernial, Franeisca Vazquez', Jacob D). Jaffe!, Andrew A. Lane?,

David M. Weinstock?, Cory M. Johannessen', Michael P Morrissey’, Frank Stegmeier”, Robert Schlegel’, William C. Hahn'?,
Gad Getz"***, Gordon B. Mills, Jesse . Boehm', Todd R. Golud™, Levi A_ Garraway""* & William . Sellers™* 5+
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Ghandi M et al. Nature. 2019, doi: 10.1038/s41586-019-1186-3
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Genetic, RNA splicing, DNA methylation, histone H3 modification, microRNA expression, RPPA data for 1072 human cancer cell lines




CCLE Updates (2020) + Proteomics (MS)

ource Multiplexed

Quantitative 1’

Prokeoni |
miz

Cell

Quantitative Proteomics of the Cancer Cell Line -
Encyclopedia
4
) ——
Graphical Abstract m:‘ - 375 Unique Cell Lines
. : : . 12,755 Proteins
375 Cancer Quantitative Mahmed Ghandi,.., Lovi A, Garraway, 4.7 milion peptides
CellLines Multiplexed i . Sels, tosen . Gl i
Frot Comespondence
Ill.l__...l DPN), Pathways
miz steven_gygi@hms.harvard.edu (5.P.G.) R
/ \_\:_ . I Brief
Corelated  Protein P— o375 cancorcal

Associaled With | jnae for the Cancsr Gell Line
M3l and shENA | Encycinpedia (CELE) reveal comelated

- pathvways and complenxes as well as Cell
‘_:- - assaciations between protein complexes Lines
e - and genetio features inchuding Ordered
microsatellite instabifty, individual gene B
_- - mutations, and sensithity to gens y
o= sekdowns. Protein
PC1
Highlights
« Quantified 1 375 celllines from iy
lineages in the COLE

» Comelated expression of probeins across many pathways
» Dx dation of multiphe protein s in
. -
» Protei iated with sensitivity to gene
kninckdawn and mutatian

Nusinow DP, et al. Cell. 2020, doi: 10.1016j.cell.2019.12.023
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Mass spectrometry data for 375 human cancer cell lines

&
& & 15
A
NiEzge
AT Cancer Type Cancer Subtype Age| Sex | Race |CellLineOrigin| Sample Collection Site
> 30 Llnea es ACH-000007 Bowel Colon Adenocarcinoma 63 | Male |Caucasian|  Primary Large Intestine
g ACH-000008 Skin Melanoma 56 | Male |Caucasian|  Primary Skin
1 673 Ce” "nes ACH-000011 | Bladder or Urinary Tract |  Bladder Urothelial Carcinoma | 53 | Male - Metastatic LymphNode
U ACH-000012 Lung Lung Adenocarcinoma 39 |Female|Caucasian|  Primary Lung
EH% ACH-000013 | Ovary or Fallopian Tube | High-Grade Serous Ovarian Cancer | 60 [Female|Caucasian| Metastatic Ascites
(n: 1 ’673) ACH-000014 Skin Melanoma 56 | Male [Caucasian| Metastatic LymphNode
ACH-000015 Lung Large Cell Lung Carcinoma 44 | Male |Caucasian|  Primary Lung
ACH-000018| Bladder or Urinary Tract |  Bladder Urothelial Carcinoma | 82 |Female|Caucasian|  Primary Urinary Tract
ACH-000019 Breast Invasive Breast Carcinoma 69 |Female|Caucasian| Metastatic Pleural Effusion
ACH-000021 Lung Lung Adenocarcinoma 55 |Female|Caucasian| Metastatic LymphNode
ACH-000022 Pancreas Pancreatic Adenocarcinoma | 64 [Female| - Metastatic Liver
X HIg{Z} o) -
FAR| et SHRH(n=19,197)
UHEF TSPANG TNMD DPM1 SCYL3 Clorf112 FGR CFH FUCA2
ACH-000007 3.350497 0 5957218 3129283 3716991 0028569 0014355  5.630231
ACH-000008 2.887525 0 7188638  2.198494  4.116864 0  0.097611 6.474274
ACH-000011 3.925999 0 5638074 2117695  2.584963 0 0378512 5575312
ACH-000012 5.15866| 0 6.132577, 1.974529 377926  0.028569  2.746313 6.27538

AEH% ACH-000013 4.917432) 0.056584 7.639232 1.914565 3.566815] 0.028569‘ 2.056584] 5.455163
- ACH-000014 2.967169| 0| 7.575993 2.381283 3.639232 0.056584 0.263034| 6.350674)
(h=1673) |

ACH-000015 4.180307, 0 6.990501 2.950468 3.697107, 0.01 4355‘ 3.548437| 6.185074

AcH-000018| 3785551 o 7amosd e asesed  oorosss] 2077243 5023
AcH-000019|  2.403268 o 740 oeoemd  aa7rerd  oordsss  oosessd 6750622
Acr000021] 4200455 o et 241959 452042 o 213001 6102008
Acroo02| 357321 o oasessd  o7sssg a0 001435 o00w7sti 5822479
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Genetic Perturbation Data (Project Achilles, RNAI)

Project Achilles

scientific data

Explors comtent v About the joumal v Publish with us +

et > sgencifcdata » data descipion » anide

Daca Descripter | Dpen gocess | Published: 30 September 2014

Parallel genome-scale loss of function screens in 216
cancer cell lines for the identification of context-

specific genetic dependencies

Glenn. 5 Comley, Bachars A Weir, Francisca Varguer, Pablo Tasayo. lustiee A Scolt, Scott Rusin, Alesaedin
Easi:Seletsky Lovi D A5 Wiliam F) Gerath, Sana £ Fantel Fairick H Lisotte. Gucahi fang. lessica Hsloo,
Aiad Tsherniak. izabech Dwinell Simon Acysma Michael Otamanc. Wiliam Hacsnglon Elien Gellind.
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In Brief

A large-scale analysis of 501 cancer cell
lines reveals new vulnerabilities that will

help prioritize therapeutic targets

DEMETER computational model segregates on-

Glenn S. Cowley et. al, Nature Scientific Data (2014)
Andrew J. Aguirre et. al. Cancer Discovery (2016)
Tsherniak, A. et. al. Cell (2017)

Genome-scale RNAI loss-of-function screens (17K genes x 707 cell lines)

from off-target effects of RNAI.
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Genetic Perturbation Data (Project Achilles, CRISPR-Cas9)
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improves specificity of CRISPR-Cas9 essentiality screens
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Genome-scale CRISPR-Cas9 screening data (18K genes x 1078 cell lines)

Genomic copy number confounds CRISPR-Cas9 loss-of-function screening results.
d Dapletion of 100 most ampiied genes per col ine

m««\*\\\% “ 4 N\“‘:f\\&”\% Q\%x\

e
»
v

It ._" 
JH; Wi i

<

000




Project Achilles Data Of|A|

Gene effect score

CRISPR-Cas9

Dempster JM, et al., Genome Biol. 2021, doi: 10.1186/s13059-021-

02540-7

Chronos: a cell population dynamics model of CRISPR experiments that
improves inference of gene fitness effects.

CRISPR Cas9
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Cheah, et al., Cell, 154, 1151-1161 (2013)
Seashore-Ludlow et al., Cancer Discovery, 5, 1210-1223 (2015)
Rees et al., Nat Chem Biol, 12, 109-116 (2016)

Drug sensitivity screens (545 drugs x 860 cell lines)

Dose-dependent viability screening for all drugs & cells
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Drug Response Data (PRISM)

nature cancer
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The presentand future of the Cancer Dependency Map

Fand Arafeh, Tsukasa Shibue, Joshua M. Dempster, William C. Hahn & & Francisca Vargquez B

MNalure Reviews Cancer 25, 59-73 (2025) | Cite this article
15k Accesses | 182 Citations | B0 Alimelric Mﬂu;:

Abstract

Despite tremendous progress in the past decade, the complex and heterogeneous nature of
cancer complicates efforts to identify new therapies and therapeutic combinations that
achieve durable responses in most patients. Further advances in cancer therapy will rely, in
of targeted theray
characteristics of cancer, The Cancer Dependency Map (DepMap) is a large-scale data

part, on the devel ics matched with the genetic and molecular

repository and research platform, aiming t ically reveal the land: feancer

vulnerabilities in thousands of genetically and molecularly annotated cancer models.
DepMap is used routinely by cancer researchers and translational scientists and has

facilitated the identification of several novel and selective therap ies for multiple
cancer types that are being tested in the clinic. However, itis also clear that the current
version of DepMap is not yet comprehensive. In this Perspective, we review (1) the impact and
current uses of DepMap, (2) the opportunities to enhance DepMap to overcome its current

limitations, and (3) the ongoing efforts to further improve and expand DepMap.

Arafeh R et al. Nat Rev Cancer. 2025 doi: 10.1038/s41568-024-00763-x

1. Drug sensitivity & biomarker discovery
Drug’s mechanisms of action
Gene-gene interactions

Synthetic-lethal dependencies

AR

Computational tool development
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Drug sensitivity & biomarkers — CCLE & GDSC
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“Activating mutations in BRAF and NRAS were among the top four predictors of
sensitivity in models generated for the MEK inhibitor PD-0325901.”

MEK inhibitors target MAPK pathway, downstream of RAF

Barretina J, et al., Nature. 2012
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Genomics of Drug Sensitviy in Cencer

Pharmacological profiles for 130 anticancer drugs across 507 cell lines
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Multivariate ANOVA

BCR-ABL rearrangement : ABL inhibitors
BRAF mutations: MEK1/MEK2 inhibitors
TP53 mutations: MEM2 inhibitor

Garmnett MJ et al., Nature. 2012
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Drug’s mechanisms of action (MOA)

News & Views

The Cancer Dependency Map enables
drug mechanism-of-action investigation

Erancisca Vazquez' © & Jesse 5 Bochm™" @

How do small molecules exert their effects
i mammalian cells? This seemingly simple
questios continet 1o reprecent sk of the.
fundamental challenges of modern trans-
lational science and as such has long been
the subject of intense seiantific sensting,
In thedr recent study, Gamett and collea-
gues (Cancalves ot al, 2020) demanttrats
proaf-ef-concept for 3 new way to attack
this problem systematically for Oncology
druge, by Identifying comelated CRISPR-
and drug-kiling profiles in the Cancer
Dependency Map dataset.

Mel Syst Biel. (2020) 16: 3757
Sex dhuy: E Gongalves et af (2020)

Project Achilles

Vazquez F, et al., Mol Syst Biol.

In the case of cascer, several promising
mew genomic fronthers are now emserging
that are heginaisg 1o anceleraie progress in
MoA. First, the wse of genetic RNAI or
CRISPR. modifier scrvens (0 idenify rescoe
of sensstiation 1o anti-cancer drug killing
has been a powesful approach [Jost & Wedss-
man, J0I8; Calie &r al, 2019). Shoond, the
use of gene expresshon andjer high content

molecular
systems

hiology

A A
& w

cancer drugs with Lisgely kmowm
that the corvelativn in viability bet
OF 17000 gemetic knockoome an
397 established drags across 464 dh
lines should rediscover the Mol
examples ol suecoss have been e
broad-scale study of this mew us
Camcer Dependency Map daa 1
become possible recently.

Imaging & a surogae has
enabled the asesement of “connectivity® in
signature space (e2. between a known
pesturbiation and tha of 3 smsl molecule]
(Subramanian of al, 2007). Despite these
advances. such approaches are ypically
llmud mspenﬁc camoer conbexts.

Cancer Therapeutics Response Portal B

2020

Theough
linsear regression analysss, M den B
thee merits o this approach. They i
26% of capes, the killing patters of
s directly phenocopied by the CRISI
paitern of the known drug Larg
Imvwiestigate the 264 cases In which

Inhibiting ‘A’ shows st

Tagl & -IIIIIlIII-IIl[lIIIIIIIIIIIIlIIIIIIIIIIIIIIIIIIIlll
Inhibiting ‘B’ shows no comelation fo the drug's kiling pattem

vore 5[0 MM

Correlations of genetic dependencies and drug sensitivities across cell lines can inform small molecule target(s) identification
and mechanism-of-action. Red bars: cell killing; blue bars: no cell killing.
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Drug sensitivity & MOA

LETTER Lot Therapens Respon ol 8

dai:10.1038/ mature23007
Viswanathan VS, et al., Nature 2017 doi: 10.1038/nature23007 a 61 GPX4 b 0 20 400
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A search for compounds against cancer cell lines with mesenchymal gene expression signatures has identified a handful of compounds that selectively kill these cells (ML210, RSL3, and ML162).
The mechanisms of action of these compounds converged on lipid peroxide reduction by glutathione peroxidase 4 (GPX4), a process known to be critical to the regulation of ferroptosis. 33
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Networks representing gene essentiality score correlations between genes from the indicated pathways
- Subsequent experimental analyses uncovered an alternative pathway of acetyl-CoA oxidation in the TCA cycle that involves the processing of citrate to malate in the cytosol.
Amold PK, et al., Nature. 2022 34
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Synthetic-lethal dependencies

Table 1| Therapeutic targets identified by the Cancer
Cancer Cell Line Dependency Map
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Schaffer AA, et al, Med. 2024 anwaals | FDB6 | NCOsOS &
Arafeh R et al. Nat Rev Cancer. 2025 35
Computational algorithm development
A DeepDEP: U ised pretraini
SCIENCE ADVANCES | RESEARCH ARTICLE Models without tumor context ek
CANCER Cell lines Celllines Cell lines/tumors
Ml Exp oyl CNA Fps _ Wad Exp Wellyl CMA Fs_ Mut Exp Methyl CNA Fps
e . . — =
Predicting and characterizing a cancer dependency T 2
map of tumors with deep learning ot
Yu-Chiao Chiu', Siyuan Zheng'?, Li-Ju Wang', Brian S, Iskra', Manjeet K. Rao'?, G;x"““‘ (1]
Peter J. Houghton'*, Yufei Huang®®, Yidong Chen'2* aching leaming e {
lasso %
Genome-wide loss-of-function screens have revealed genes essential for cancer cell proliferation, called cancer §
dependencies. It remains challenging to link cancer dependencies to the molecular compositions of cancer cells
or to unscreened cell lines and further to tumors. Here, we present DeepDEP, a deep leaming model that predicts ) &
cancer dependencies using integrative genomic profiles. It uses a unique unsupervised pretraining that captures ";;.f.f“".g':,‘ Prisictet gene. ()
unlabeled tumor genomic mfm!seniaﬁuns to Implmlheleamingu(mm:ﬂ dependencies. We demonstrated il
DeepDEP over | mach g i validated the perfi with three
Independent datasets, By systematic model interp , We ded the current depend y maps with B sl
functional characterizations of dependencies and  proof-of-concept In slico assay of synthetic essentiality. We Deperdency gens
applied DeapDEP to pan-cancer tumor genomics and built the first pan-cancer synthetic dependency map of 8000 2 Cancer cell line tC’EL} (DepOl)
tumors with clinlcal relevance. In summary, DeepDEP s a novel tool for investigating cancer dependency with 54 G o §ZT 1}
rapldly growing genomic resources, Gana mutabons b«nwmssm Ilﬂmﬂlyﬁa‘lm Cowrmbm Fingarprints
R
s CCL Gancer Cell Ling
: Encyclopedia
5x
o
i
E €
Predicled gene
Yu-Chiao Chiu et al., Sci. Adv. 2021. DOI:10.1126/sciadv.abh1275 dependency 36
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DepMap informs pharmacogenomics

Patients with same disease

Right drug for the right patient!

Stratification

Z

1\ R
R

Molecular Profiling <.« Prognostic Markers <. <
Markers predictive of drug¢
sensitivity/resistance %
+ Genome "
+ Transcriptome Markers predictive of ¢«
+ Proteome adverse events
> 20,000 genes
37
Pharmacogenomics %4 21 languages
Article  Talk
From Wikipedia, the fee encyclopedia \X/ IKIPEDI A
For the journal, see Pharmacogenomics (journal). The Free Encyclop edia
This article may be too technical for most readers to understand. Please help improve
it to make it understandable to non-experts, without remaving the technical details. (May -
. =8~ Comulative Cinical Pharmacogeneics
2024) (Learn how and when to remave this message) %0 Implemexason Cansortum (CPIOB) guideins &
o 3
Pharmacogenomics, often abbreviated "PGx", is the study of the role of the genome in drug Part of a series on g 'g
response. Its name (pharmaco- + genomics) reflects its combining of pharmacology and J5¢
P e . nectpteimee o8 2t §m Pharmacogenescs © 2§32
genomics, Pharmacogenomics analyzes how the genetic makeup of a patient affects their [ g = gg
response to drugs.! It deals with the influence of acquired and inherited genetic variation on I [ g2
_ vences s endine I i §
drug response, by correlating DNA mutations (including point mutations, copy number . .. 5 2 ?
variations, and structural variations) with pharmacokinetic (drug absorption, distribution, _ E Pharmacoganomics g
metabolism, and elimination), pharmacodynamic (effects mediated through a drug's 3
biological targets), and immunogenic endpoints, 21314l [ Wty stapics " or] 0 0
M—— § 8§ 8 1§ 8 8%
Pharmacogenomics aims to develop rational means to aptimize drug therapy, with regard to R ol ¢ & & 8 E § g RB
the patients’ genotype, to achieve maximum efficiency with minimal adverse effects.” It is personalzedmedicie (o] | W
hoped that by using pharmacogenomics, pharmaceutical drug treatments can deviate from [P i
. " I £ Cati
what is dubbed as the "one-dose-fits-all" approach. Pharmacogenomics also attempts to @ Category Qladmioy | CR
eliminate trial-and-error in prescribing, allowing physicians to take into consideration their RIS
- — . . Genevariant ofect 528
patient's genes, the functionality of these genes, and how this may affect the effectiveness of Seal

the patient's current or future treatments (and where applicable, provide an explanation for the failure of past treatments). 5/
Such approaches promise the advent of precision medicine and even personalized medicine, in which drugs and drug
combinations are optimized for narrow subsets of patients or even for each individual's unique genetic makeup. )

Pharmacogenetics vs. pharmacogenomics et

The term pharmacogenomics s often used interchangeably with pharmacogenetics. Although both terms relate to drug
response based on genetic influences, there are differences between the two. Pharmacogenetics is limited to monogenic
phenotypes (i.e., single gene-drug interactions). Pharmacogenomics refers to polygenic drug response phenotypes and

encompasses transcriptomics, proteomics, and metabolomics.

38

Solomon M. et al., CJASN May 2018
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Pharmacogenomic studies using DepMap data

Approach 1

Therapeutic targets for treating chemoresistance

(D) Drug sensitivity x 32 chemotherapies
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Approach 2

Compounds targeting undifferentiated hPSC
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Approach 3

Biomarkers of erastin sensitivity

% Erastin response (Y)
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ElasticNet regression - NRF2 + AhR downstream genes

Nuclear Receptor Meta-pathway (43)
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Hong SK et al., Molecular Cancer 2018

Kim KT et al., Biomaterials 2020

Kwon OS et al., Redox Biology 2020 39

Summary

DepMap aims to identify unique and specific cancer dependencies to facilitate personalized treatments.

and patients with cancer

[ ]
- Treatment 1 =—> _ | .
04 o Clinical tests Best c» Patient specific,
— forgenetic __ therapeutic () Treatment 2 efficient and
or molecular option for non-toxic
alterations each patient? treatment
Patients with cancer (I Treatment 3 —

| Tumour cell DepMap |
| Fibroblast ] |
| |
| Comprehensive genetic Utilize DepMap |
| and molecular annotation portal to }
: Immune |dent|fy the |
: Z cells vulnerability |
' . R Genetic, Multimodal associated with
| Models covering the diversity ~——» compoundand ~ ——> measurement of —> cancer-specific |
. and complexity of both cancer biological screens screen effects alterations |
| |

Arafeh R et al. Nat Rev Cancer. 2025 doi: 10.1038/541568-024-00763-x
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Summary

ST olf ] G O Ef#| 0] A 284
ZEIQYA +7|SRUM + 4=2S  CCLE - GDSC - CTRP -PRISM Er/H10| 20tH Y=
Achilles - MetMap %= MOA, gene-gene interactions

Synthetic lethality

DepMap informs pharmacogenomics !
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