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Precision	therapeutics can	be	defined	as	the	ability	to:
• prescribe	effective	therapies	only	to	those	patients	who	will	
respond	effectively (cure),

• while	limiting	toxicity	to	normal	tissues	and	minimizing	side	effects.	
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vCancer	Cell	Line	genomics	as	model	systems

vSLFN11	as	a	highly	penetrant	determinant	of	response

vPractical	implications:	example	of	temozolomide
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Synthetic	lethality	for	BRCA	cells	beyond	PARP	inhibitors
TOP1	inhibitors
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v Camptothecin	derivatives	(Irinotecan and	Topotecan)	are	potent	anticancer	agents	and
highly	selective	TOP1	inhibitors

v Camptothecins	are	the	only	chemical	class of	TOP1	inhibitors	(many	tubulin,	TOP2…)

v Camptothecins	are	selective	for	HR	(BRCA)	deficient	tumors

v Camptothecins	have	well-established	limitations

ü Chemically	unstable	(inactivated	within	minutes	in	plasma)
ü Reversibly	block	TOP1-DNA	complexes	(long	exposure	required	to	maximize	effect)

ü Short	plasma	half-life	(2-3	hours	due	to	rapid	clearance)
ü Eliminated	from	cancer	cells	by	ABC	drug	efflux	transporters	(ABCG2	– ABCB1)

ü Dose-limiting	bone	marrow	toxicity
ü Severe	diarrhea	(Irinotecan)

Rationale	for	the	development	of	non-camptothecin	TOP1	inhibitors
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mice	for:
-	An0tumor	ac0vity,
-	Toxicology
-	Pharmacokine0cs

																																																LMP744			LMP776		LMP400
Ac0ve	Dose	(mg/kg	QDx5)		12-33						4.5-10					8-24
Half-life	(hours)																					11-25						10-20					10-14
MTD	(mg/kg	QDx5)															33											10											24

LMP744				

LMP776				

LMP400				

Non-camptothecin	TOP1	inhibitors	developed	by	the	NCI:	the	Indenoisoquinolines:	the	LMPs

LMP400 (Indotecan)	and	LMP776 (Imidotecan)	completed	Phase	1
LMP744 is	beginning	phase	1



Synthetic	lethality	of	the	indenoisoquinolines	for	BRCA	cells	beyond	PARP	inhibitors
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The	indenoisoquinoline	TOP1	inhibitors	are	in	Phase	1-2	clinical	development

v As	the	TOP1	inhibitor	camptothecin	derivatives	(Irinotecan and	Topotecan),	the	
indenoisoquinolines	are	potent	anticancer	agents

v Camptothecins	are	the	only	chemical	class of	TOP1	inhibitors	(many	tubulin,	TOP2…)

v The	indenoisoquinolines are	selective	for	HR	(BRCA)	deficient	tumors

v The	Indenoisoquinolines overcome	the	limitations	of	camptothecins

ü Chemically	unstable	(no	lactone	E-ring)
ü More	stable	block	of	TOP1-DNA	complexes	than	camptothecins

ü Short Long	plasma	half-lifes (12-17	hours	vs.	2	hours)
ü Eliminated	from	cancer	cells	by	ABC	drug	efflux	transporters	(ABCG2	– ABCB1)

ü Dose-limiting	bone	marrow	toxicity
ü Severe	diarrhea	(Irinotecan)
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The	NCI	CellMiner	Genomic	and	Bioinformatics	facility	(CGBF)

CellMiner	is	a	unique	facility	open	world	wide	with	over	thousands	of	user	monthly	since	its	inception.
It	can	be	accessed	through: http://discover.nci.nih.gov/cellminer

http://discover.nci.nih.gov/cellminercdb

Our	mission	is	to	integrate	pharmacological,	genomics,	proteomic	and	metadata	to:
1. Discover	new	drug	response	determinants	(sensitivity	<->	resistance;	signatures)
2. Enable	others	to	make	new	discoveries	through	user	friendly	interface	across	multiple	cancer	cell	lines	databases	
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NCI-60

GDSC	(CGP)

CCLE

http://discover.nci.nih.gov/cellminer/
http://discover.nci.nih.gov/cellminercdb/

http://www.cancerrxgene.org/ (Genomics	of	Drug	Sensitivity	in	Cancer	Project)	

http://www.broadinstitute.org/ccle/ (Broad-Novartis	Cancer	Cell	Line	Encyclopedia)

CTRP
http://www.broadinstitute.org/ctrp/ (Stuart	L.	Schreiber	Research	Laboratory)	

The	publicly	available	cancer	cell	line	databases and	the	
CellMiner	website
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CellMiner	CDB	(Cross	Data	Base):	a	new	online	tool	for	the	community	
of	biomedical	researchers,	biologists	and	pharmacologists

http://discover.nci.nih.gov/cellminercdb

~	80,000
genomic	
parameters

13

a
DNA mRNA DNA DNA Mir Protein

Variant Exp Copy Meth. Exp Exp

NCI-60 60 57 21768 9307 25040 23232 17553 417 162 
(RPPA) 75711

GDSC 1080 900 297 16532 19562 * 17580 NA NA 53674
CCLE 1036 491 24 1667 19851 23316 * * *(RPPA) 44834
CTRP 823 751 481 1667 19851 23316 * * *(RPPA) 44834

NCI-SCLC 67 66 526 NA 17804 NA NA NA NA 17804

# 
Molecular 

# Drugs# Lines 
(Median 

# LinesSource

Cell	lines
overlap

Drugs
overlap

b
CELL 
LINES NCI-60 GDSC CCLE CTRP

NCI-60 60 55 44 41
GDSC 1080 671 597
CCLE 1036 823
CTRP 823

DRUGS NCI-60 GDSC CCLE CTRP
NCI-60 21768 57 12 63
GDSC 256 13 74
CCLE 24 16
CTRP 481

Gaps
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CellMiner	CDB:	the	power	of		Cross	DataBase analyses	(SLFN11	as	test	run)
Reproducibility	is	high	across	databases	(cell	lines	are	comparable	at	the	genomic	level)	
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CellMiner	CDB:		Exploring	gene	expression	determinants:	CDKN2A	– p16	tumor	suppressor	
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CANCER THERAPY

Anticancer sulfonamides target
splicing by inducing RBM39 degradation
via recruitment to DCAF15
Ting Han, Maria Goralski,* Nicholas Gaskill,* Emanuela Capota, Jiwoong Kim,
Tabitha C. Ting, Yang Xie, Noelle S. Williams, Deepak Nijhawan†

INTRODUCTION: Indisulam is an aryl sulfon-
amide drug that inhibits the proliferation of
certain human cancer cell lines. Its mechanism
of action and the mechanism underlying its
selectivity are poorly understood. On the basis
of its anticancer activity in vitro and in mice,
indisulam has been extensively tested in pa-
tients with advanced-stage solid tumors. No un-
acceptable toxicities were reported in patients
receiving indisulam monotherapy, but fewer
than 10% of patients showed a clinical response.

RATIONALE: At present, there is no way to
predict which cancer patients are most likely
to benefit from indisulam treatment. We rea-
soned that a better understanding of the
molecular mechanism underlying indisulam’s

anticancer activity might reveal why only a sub-
set of tumors respond to it. This in turn might
lead to more effective clinical use of the drug.
To study indisulam’s mechanism of action, we
identified genetic mutations that confer resist-
ance to its cytotoxic effect.

RESULTS:Using a forward genetic strategy,
we discovered that several single amino acid
substitutions in a nuclear protein called RBM39
(RNA binding motif protein 39) conferred re-
sistance to the toxic effects of indisulam in
cultured cancer cells and in mice with tumor
xenografts. In the presence of indisulam, RBM39
associated with the CUL4-DDB1-DDA1-DCAF15
E3 ubiquitin ligase complex (CUL4-DCAF15),
leading to polyubiquitination and proteasomal

degradation of RBM39. Mutations in RBM39
that cause indisulam resistance, in contrast,
did not associate with CUL4-DCAF15 and were
thus neither modified with polyubiquitin nor
degraded by the proteasome.
In experiments with purified recombinant

proteins, we found that indisulam formed a ter-
nary complex with RBM39 and the E3 ubiquitin
ligase receptor DCAF15, with no detectable af-
finity for either species alone. RBM39 mutations

that cause indisulam re-
sistance impeded the for-
mation of this complex.
Interestingly, we found
that two other clinically
tested sulfonamides with
structural similarity to

indisulam—tasisulam and chloroquinoxaline sul-
fonamide (CQS)—share the same mechanism
of action as indisulam. RBM39 is a nuclear pro-
tein that is involved in precursor mRNA (pre-
mRNA) splicing. Biochemical isolation of RBM39
revealed an association with numerous splic-
ing factors and RNA binding proteins. We
found that degradation of RBM39 by indisulam
led to aberrant pre-mRNA splicing, including
intron retention and exon skipping, in hundreds
of genes.
In a large survey of indisulam sensitivity

across more than 800 cancer cell lines, we found
that cancer cells derived from the hematopoietic
and lymphoid (HL) lineages were more sensitive
than cancer cells derived from other lineages. In
HL cancer cell lines, DCAF15 mRNA expression
levels and DCAF15 gene copy number variation
directly correlated with indisulam sensitivity.

CONCLUSION: Cancer genome–sequencing
studies have highlighted the importance of pre-
mRNA splicing in tumorigenesis. Drugs such as
indisulam, tasisulam, and CQS—which we col-
lectively refer to as SPLAMs (splicing inhibitor
sulfonamides)—provide a strategy to target
RBM39-dependent pre-mRNA splicing in cancer.
Many of the earlier clinical trials of indisulam
focused on patients with solid tumors. Our find-
ings suggest that indisulam may be most effec-
tive in patients with leukemias and lymphomas
that express relatively high levels of DCAF15.
The activity of SPLAMs resembles that of

IMiDs (immunomodulatory drugs). IMiDs are
anticancer drugs that act as a “molecular glue,”
bringing together the E3 ubiquitin ligase re-
ceptor cereblon and a variety of neosubstrates.
In an analogous manner, SPLAM derivatives
potentially could be used to target DCAF15 to
novel neosubstrates that, like RBM39, are other-
wise undruggable. ▪

RESEARCH

Han et al., Science 356, 397 (2017) 28 April 2017 1 of 1

The list of author affiliations is available in the full article online.
*These authors contributed equally to this work.
†Corresponding author. Email: deepak.nijhawan@
utsouthwestern.edu
Cite this article as T. Han et al., Science 356, eaal3755
(2017). DOI: 10.1126/science.aal3755

SPLAMs target the splicing factor RBM39 for proteasomal degradation. A class of clinically
tested anticancer sulfonamides, including indisulam, tasisulam, and CQS, functions by promoting
the interaction of the RBM39 splicing factor and the CUL4-DCAF15 E3 ubiquitin ligase, leading to
polyubiquitination and proteasomal degradation of RBM39. Cancer cell lines from hematopoietic
and lymphoid lineages that show high expression levels of DCAF15 are more sensitive to the
cytotoxic effects of SPLAMs, suggesting that DCAF15 is a potential biomarker to guide future
clinical trials of SPLAMs.

ON OUR WEBSITE
◥

Read the full article
at http://dx.doi.
org/10.1126/
science.aal3755
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Validation	of	Exceptional	Responders	in	Cancer	Cell	Lines
(CTRIP-CCLE	cancer	cell	line	encyclopedia	(Stuart	Schreiber)

Blood	and	Lymph	cell	lines	colored	in	red

http://discover.nci.nih.gov/cellminercdb

Han	et	al.,	Science
356,	397	(2017)
28	April	2017



Other	synthetic	lethal	interactions	and	genomic	signatures	to	determine	
rational	indications	and	combinations

CellMiner	CDB	(http://discover.nci.nih.gov/cellminercdb)

LM
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44

SLFN11	expression

Univariate	Analysis Collaboration	Sanger	
Institute

18

Regression	Analysis	- Multivariate	Analysis	- Lasso	Regression	Analyses

100	most	sensitive	(green)	and	
most	resistant	(red)	cell	lines	
are	displayed	above

LMP744	

(see	CellMiner	website)
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TheCancerCell LineEncyclopedia enables predictive
modelling of anticancer drug sensitivity
Jordi Barretina1,2,3{*, Giordano Caponigro4*, Nicolas Stransky1*, Kavitha Venkatesan4*, Adam A. Margolin1{*, Sungjoon Kim5,
Christopher J. Wilson4, Joseph Lehár4, Gregory V. Kryukov1, Dmitriy Sonkin4, Anupama Reddy4, Manway Liu4, LaurenMurray1,
Michael F. Berger1{, John E. Monahan4, Paula Morais1, Jodi Meltzer4, Adam Korejwa1, Judit Jané-Valbuena1,2, Felipa A. Mapa4,
Joseph Thibault5, Eva Bric-Furlong4, Pichai Raman4, Aaron Shipway5, Ingo H. Engels5, Jill Cheng6, Guoying K. Yu6, Jianjun Yu6,
Peter Aspesi Jr4, Melanie de Silva4, Kalpana Jagtap4, Michael D. Jones4, Li Wang4, Charles Hatton3, Emanuele Palescandolo3,
Supriya Gupta1, Scott Mahan1, Carrie Sougnez1, Robert C. Onofrio1, Ted Liefeld1, Laura MacConaill3, Wendy Winckler1,
Michael Reich1, Nanxin Li5, Jill P. Mesirov1, Stacey B. Gabriel1, Gad Getz1, Kristin Ardlie1, Vivien Chan6, Vic E. Myer4,
Barbara L. Weber4, Jeff Porter4, MarkusWarmuth4, Peter Finan4, Jennifer L. Harris5, MatthewMeyerson1,2,3, Todd R. Golub1,3,7,8,
Michael P. Morrissey4*, William R. Sellers4*, Robert Schlegel4* & Levi A. Garraway1,2,3*

The systematic translation of cancer genomic data into knowledge of
tumour biology and therapeutic possibilities remains challenging.
Such efforts should be greatly aided by robust preclinical model
systems that reflect the genomic diversity of human cancers and for
which detailed genetic and pharmacological annotation is available1.
Here we describe the Cancer Cell Line Encyclopedia (CCLE): a
compilation of gene expression, chromosomal copy number and
massively parallel sequencing data from 947 human cancer cell lines.
When coupled with pharmacological profiles for 24 anticancer
drugs across 479of the cell lines, this collection allowed identification
of genetic, lineage, and gene-expression-based predictors of drug
sensitivity. In addition to known predictors, we found that plasma
cell lineage correlated with sensitivity to IGF1 receptor inhibitors;
AHR expression was associated with MEK inhibitor efficacy in
NRAS-mutant lines; and SLFN11 expression predicted sensitivity
to topoisomerase inhibitors. Together, our results indicate that large,
annotated cell-line collections may help to enable preclinical strati-
fication schemata for anticancer agents. The generation of genetic
predictions of drug response in the preclinical setting and their
incorporation into cancer clinical trial design could speed the emer-
gence of ‘personalized’ therapeutic regimens2.
Human cancer cell lines represent amainstay of tumour biology and

drug discovery through facile experimental manipulation, global and
detailed mechanistic studies, and various high-throughput applica-
tions.Numerous studies have used cell-line panels annotatedwithboth
genetic and pharmacological data, either within a tumour lineage3–5 or
across multiple cancer types6–12. Although affirming the promise of
systematic cell line studies, many previous efforts were limited in their
depth of genetic characterization and pharmacological interrogation.
To address these challenges, we generated a large-scale genomic data

set for 947 human cancer cell lines, together with pharmacological pro-
filing of 24 compounds across,500 of these lines. The resulting collec-
tion, which we termed the Cancer Cell Line Encyclopedia (CCLE),
encompasses 36 tumour types (Fig. 1a and Supplementary Table 1; see
also http://www.broadinstitute.org/ccle). All cell lines were characterized
by several genomic technology platforms. The mutational status of
.1,600 genes was determined by targetedmassively parallel sequencing,
followed by removal of variants likely to be germline events (Sup-
plementary Methods). Moreover, 392 recurrent mutations affecting 33

known cancer genes were assessed by mass spectrometric genotyping13

(Supplementary Table 2 and Supplementary Fig. 1). DNA copy number
wasmeasuredusinghigh-density single nucleotidepolymorphismarrays
(Affymetrix SNP6.0; SupplementaryMethods). Finally,messengerRNA
expression levels were obtained for each of the lines using Affymetrix
U133 plus 2.0 arrays. These data were also used to confirm cell line
identities (Supplementary Methods and Supplementary Figs 2–4).
Wenextmeasured the genomic similarities by lineage betweenCCLE

lines and primary tumours from Tumorscape14, expO, MILE and
COSMIC data sets (Fig. 1b–d and Supplementary Methods). For most
lineages, a strong positive correlation was observed in both chromo-
somal copy number and gene expression patterns (median correlation
coefficients of 0.77, range5 0.52–0.94,P, 10215, for copynumber, and
0.60, range5 0.29–0.77, P, 10215, for expression, respectively; Fig. 1b,
c and Supplementary Tables 3 and 4), as has been described previ-
ously3–5,15. A positive correlation was also observed for point mutation
frequencies (median correlation coefficient5 0.71, range520.06–
0.97, P, 1022 for all but 3 lineages; Supplementary Fig. 5), even when
TP53 was removed from the data set (median correlation coefficient5
0.64, range520.31–0.97, P, 1022 for all but 3 lineages; Fig. 1d and
Supplementary Table 5). Thus, with relatively few exceptions (Sup-
plementary Information), theCCLEmayprovide representative genetic
proxies for primary tumours in many cancer types.
Given the pressing clinical need for robust molecular correlates of

anticancer drug response, we incorporated a systematic framework to
ascertain molecular correlates of pharmacological sensitivity in vitro.
First, 8-point dose–response curves for 24 compounds (targeted and
cytotoxic agents) across 479 cell lines were generated (Supplementary
Tables 1 and 6, and Supplementary Methods). These curves were
represented by a logistical sigmoidal function with a maximal effect
level (Amax), the concentration at half-maximal activity of the com-
pound (EC50), a Hill coefficient representing the sigmoidal transition,
and the concentration at which the drug response reached an absolute
inhibition of 50% (IC50).
Broadly active compounds, exemplified by the HDAC inhibitor

LBH589 (panobinostat), showed a roughly even distribution of Amax

and EC50 values across most cell lines (Fig. 2a). In contrast, the RAF
inhibitor PLX4720had amore selective profile:Amax or EC50 values for
most cell lines could be categorized as ‘sensitive’ or ‘insensitive’ to

*These authors contributed equally to this work.
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The systematic translation of cancer genomic data into knowledge of
tumour biology and therapeutic possibilities remains challenging.
Such efforts should be greatly aided by robust preclinical model
systems that reflect the genomic diversity of human cancers and for
which detailed genetic and pharmacological annotation is available1.
Here we describe the Cancer Cell Line Encyclopedia (CCLE): a
compilation of gene expression, chromosomal copy number and
massively parallel sequencing data from 947 human cancer cell lines.
When coupled with pharmacological profiles for 24 anticancer
drugs across 479of the cell lines, this collection allowed identification
of genetic, lineage, and gene-expression-based predictors of drug
sensitivity. In addition to known predictors, we found that plasma
cell lineage correlated with sensitivity to IGF1 receptor inhibitors;
AHR expression was associated with MEK inhibitor efficacy in
NRAS-mutant lines; and SLFN11 expression predicted sensitivity
to topoisomerase inhibitors. Together, our results indicate that large,
annotated cell-line collections may help to enable preclinical strati-
fication schemata for anticancer agents. The generation of genetic
predictions of drug response in the preclinical setting and their
incorporation into cancer clinical trial design could speed the emer-
gence of ‘personalized’ therapeutic regimens2.
Human cancer cell lines represent amainstay of tumour biology and

drug discovery through facile experimental manipulation, global and
detailed mechanistic studies, and various high-throughput applica-
tions.Numerous studies have used cell-line panels annotatedwithboth
genetic and pharmacological data, either within a tumour lineage3–5 or
across multiple cancer types6–12. Although affirming the promise of
systematic cell line studies, many previous efforts were limited in their
depth of genetic characterization and pharmacological interrogation.
To address these challenges, we generated a large-scale genomic data

set for 947 human cancer cell lines, together with pharmacological pro-
filing of 24 compounds across,500 of these lines. The resulting collec-
tion, which we termed the Cancer Cell Line Encyclopedia (CCLE),
encompasses 36 tumour types (Fig. 1a and Supplementary Table 1; see
also http://www.broadinstitute.org/ccle). All cell lines were characterized
by several genomic technology platforms. The mutational status of
.1,600 genes was determined by targetedmassively parallel sequencing,
followed by removal of variants likely to be germline events (Sup-
plementary Methods). Moreover, 392 recurrent mutations affecting 33

known cancer genes were assessed by mass spectrometric genotyping13

(Supplementary Table 2 and Supplementary Fig. 1). DNA copy number
wasmeasuredusinghigh-density single nucleotidepolymorphismarrays
(Affymetrix SNP6.0; SupplementaryMethods). Finally,messengerRNA
expression levels were obtained for each of the lines using Affymetrix
U133 plus 2.0 arrays. These data were also used to confirm cell line
identities (Supplementary Methods and Supplementary Figs 2–4).
Wenextmeasured the genomic similarities by lineage betweenCCLE

lines and primary tumours from Tumorscape14, expO, MILE and
COSMIC data sets (Fig. 1b–d and Supplementary Methods). For most
lineages, a strong positive correlation was observed in both chromo-
somal copy number and gene expression patterns (median correlation
coefficients of 0.77, range5 0.52–0.94,P, 10215, for copynumber, and
0.60, range5 0.29–0.77, P, 10215, for expression, respectively; Fig. 1b,
c and Supplementary Tables 3 and 4), as has been described previ-
ously3–5,15. A positive correlation was also observed for point mutation
frequencies (median correlation coefficient5 0.71, range520.06–
0.97, P, 1022 for all but 3 lineages; Supplementary Fig. 5), even when
TP53 was removed from the data set (median correlation coefficient5
0.64, range520.31–0.97, P, 1022 for all but 3 lineages; Fig. 1d and
Supplementary Table 5). Thus, with relatively few exceptions (Sup-
plementary Information), theCCLEmayprovide representative genetic
proxies for primary tumours in many cancer types.
Given the pressing clinical need for robust molecular correlates of

anticancer drug response, we incorporated a systematic framework to
ascertain molecular correlates of pharmacological sensitivity in vitro.
First, 8-point dose–response curves for 24 compounds (targeted and
cytotoxic agents) across 479 cell lines were generated (Supplementary
Tables 1 and 6, and Supplementary Methods). These curves were
represented by a logistical sigmoidal function with a maximal effect
level (Amax), the concentration at half-maximal activity of the com-
pound (EC50), a Hill coefficient representing the sigmoidal transition,
and the concentration at which the drug response reached an absolute
inhibition of 50% (IC50).
Broadly active compounds, exemplified by the HDAC inhibitor

LBH589 (panobinostat), showed a roughly even distribution of Amax

and EC50 values across most cell lines (Fig. 2a). In contrast, the RAF
inhibitor PLX4720had amore selective profile:Amax or EC50 values for
most cell lines could be categorized as ‘sensitive’ or ‘insensitive’ to
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The systematic translation of cancer genomic data into knowledge of
tumour biology and therapeutic possibilities remains challenging.
Such efforts should be greatly aided by robust preclinical model
systems that reflect the genomic diversity of human cancers and for
which detailed genetic and pharmacological annotation is available1.
Here we describe the Cancer Cell Line Encyclopedia (CCLE): a
compilation of gene expression, chromosomal copy number and
massively parallel sequencing data from 947 human cancer cell lines.
When coupled with pharmacological profiles for 24 anticancer
drugs across 479of the cell lines, this collection allowed identification
of genetic, lineage, and gene-expression-based predictors of drug
sensitivity. In addition to known predictors, we found that plasma
cell lineage correlated with sensitivity to IGF1 receptor inhibitors;
AHR expression was associated with MEK inhibitor efficacy in
NRAS-mutant lines; and SLFN11 expression predicted sensitivity
to topoisomerase inhibitors. Together, our results indicate that large,
annotated cell-line collections may help to enable preclinical strati-
fication schemata for anticancer agents. The generation of genetic
predictions of drug response in the preclinical setting and their
incorporation into cancer clinical trial design could speed the emer-
gence of ‘personalized’ therapeutic regimens2.
Human cancer cell lines represent amainstay of tumour biology and

drug discovery through facile experimental manipulation, global and
detailed mechanistic studies, and various high-throughput applica-
tions.Numerous studies have used cell-line panels annotatedwithboth
genetic and pharmacological data, either within a tumour lineage3–5 or
across multiple cancer types6–12. Although affirming the promise of
systematic cell line studies, many previous efforts were limited in their
depth of genetic characterization and pharmacological interrogation.
To address these challenges, we generated a large-scale genomic data

set for 947 human cancer cell lines, together with pharmacological pro-
filing of 24 compounds across,500 of these lines. The resulting collec-
tion, which we termed the Cancer Cell Line Encyclopedia (CCLE),
encompasses 36 tumour types (Fig. 1a and Supplementary Table 1; see
also http://www.broadinstitute.org/ccle). All cell lines were characterized
by several genomic technology platforms. The mutational status of
.1,600 genes was determined by targetedmassively parallel sequencing,
followed by removal of variants likely to be germline events (Sup-
plementary Methods). Moreover, 392 recurrent mutations affecting 33

known cancer genes were assessed by mass spectrometric genotyping13

(Supplementary Table 2 and Supplementary Fig. 1). DNA copy number
wasmeasuredusinghigh-density single nucleotidepolymorphismarrays
(Affymetrix SNP6.0; SupplementaryMethods). Finally,messengerRNA
expression levels were obtained for each of the lines using Affymetrix
U133 plus 2.0 arrays. These data were also used to confirm cell line
identities (Supplementary Methods and Supplementary Figs 2–4).
Wenextmeasured the genomic similarities by lineage betweenCCLE

lines and primary tumours from Tumorscape14, expO, MILE and
COSMIC data sets (Fig. 1b–d and Supplementary Methods). For most
lineages, a strong positive correlation was observed in both chromo-
somal copy number and gene expression patterns (median correlation
coefficients of 0.77, range5 0.52–0.94,P, 10215, for copynumber, and
0.60, range5 0.29–0.77, P, 10215, for expression, respectively; Fig. 1b,
c and Supplementary Tables 3 and 4), as has been described previ-
ously3–5,15. A positive correlation was also observed for point mutation
frequencies (median correlation coefficient5 0.71, range520.06–
0.97, P, 1022 for all but 3 lineages; Supplementary Fig. 5), even when
TP53 was removed from the data set (median correlation coefficient5
0.64, range520.31–0.97, P, 1022 for all but 3 lineages; Fig. 1d and
Supplementary Table 5). Thus, with relatively few exceptions (Sup-
plementary Information), theCCLEmayprovide representative genetic
proxies for primary tumours in many cancer types.
Given the pressing clinical need for robust molecular correlates of

anticancer drug response, we incorporated a systematic framework to
ascertain molecular correlates of pharmacological sensitivity in vitro.
First, 8-point dose–response curves for 24 compounds (targeted and
cytotoxic agents) across 479 cell lines were generated (Supplementary
Tables 1 and 6, and Supplementary Methods). These curves were
represented by a logistical sigmoidal function with a maximal effect
level (Amax), the concentration at half-maximal activity of the com-
pound (EC50), a Hill coefficient representing the sigmoidal transition,
and the concentration at which the drug response reached an absolute
inhibition of 50% (IC50).
Broadly active compounds, exemplified by the HDAC inhibitor

LBH589 (panobinostat), showed a roughly even distribution of Amax

and EC50 values across most cell lines (Fig. 2a). In contrast, the RAF
inhibitor PLX4720had amore selective profile:Amax or EC50 values for
most cell lines could be categorized as ‘sensitive’ or ‘insensitive’ to
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Top1 & Top2 inhibitors, cisplatin, carboplatin, gemcitabine, cytarabine



Determinants	of	response	to	PARP	inhibitors	beyond	BRCA	and	MDR	
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BRCA-independent	determinant	
of	talazoparib sensitivity

IC50 for	Talazoparib	(=BMN674)	(µM)

Sixty	cancer	
cell	lines Sensitive	to	talazoparib

Resistant	to	talazoparib

Homozygous	mutation	of	BRCA1:	0/60
Homozygous	mutation	of	BRCA2:	1/60
(Sousa	et	al.,	DNA	repair,	2015)	

Developmental	Therapeutic	Program

Very	potent
Cmax:	50	nM

NCI-60

=>	CellMiner	
(cdb)
COMPARE
analysis)
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http://discover.nci.nih.gov/cellminercdb
Drug	discovery	signatures
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High	correlation	between	expression	of	Schlafen 11	
(SLFN11)	and	cellular	response	to	talazoparib

r=0.612, p<10-7

CellMiner
http://discover.nci.nih.gov/

SLFN11 Talazoparib
r=0.612, p<10-7

Low	exp. Resistant

Developmental	Therapeutic	
Program



High	correlation	between	expression	of	Schlafen 11	
(SLFN11)	and	cellular	response	to	talazoparib

r=0.612, p<10-7

CellMiner
http://discover.nci.nih.gov/

SLFN11 Talazoparib
r=0.612, p<10-7

High	exp. Sensitive



Molecular	biology: SLFN11

• A	member	of	the	Schlafen	(SLFN)	family,	found	only	in	mammals;
• Located	in	the	nucleus;
• A	putative	DNA/RNA	helicase;
• Binds	to	chromatin,	RPA	at	damage	sites,	tRNA…

Schlafen
=	To	sleep	in	German

27

• Transcriptionally	regulated	by:
v ETS	transcription	factors (EWS-FLI1	in	Ewing's)

(Clin Cancer	Res	2015)
v Promoter	methylation

(Oncotarget	2015;	Cancer	Res	2017)
• Determines	sensitivity	to	PARP	inhibitors (Oncocotarget 2016)



SLFN11	inactivation	in	4	different	isogenic	cell	lines confers	high	resistance	to	PARP	inhibitors
=> SLFN11	inactivation is	a	novel	mechanism	of	resistance to	PARP	inhibitors

DU145: Prostate cancer
MOLT4 and CCRF-CEM: Leukemia
EW8: Ewing’s sarcoma

(CRISPR/Cas9)
SLFN11	determines	response	to	a	broad	range	of	DNA-targeted	agents:
TOP1,	TOP2,	PARP	inhibitors,	cisplatin,	carboplatin,	gemcitabine,	hydroxyurea…
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Junko	Murai



Replication	Stress
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SLFN11	induces	lethal	replication	arrest
independently	of	ATR and	BRCA1/2

Murai…Pommier
Oncotarget	2016
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Working	model	for	replication	block	by	SLFN11

30

In the absence of SLFN11
(≃ 50% cancer cell lines: HeLa, U2OS, HCT116, RKO,
MCF7, MDA-MB231…), ATR-CHK1 transiently arrests
replication to allow DNA repair

SLFN11-negative	cell

binds	to	stressed	replication	forks	through	RPA,	
and	arrests	replication		by	blocking	the	replicative	
helicase	complex

SLFN11-positive	cell
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The	regulation	of	SLFN11	in	cancers:
• Transcriptional	target	of	FLI1	and	ETS	(Ewing’s)	(Tang,	S.	2015)
• Inactivation	in	about	40%	of	cancer	cell	lines	(NCI-60	and	

CCLE)	(not	by	gene	deletion)
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SLFN11 inactivation	in	about	40%	of	cancer	cell	lines	is	in	part	
due	to	epigenetic	imprinting	by	promoter	methylation



SLFN11 inactivation	in	
about	40%	of	cancer	
cell	lines	is	in	part	due	

to	epigenetic	
imprinting	by	

promoter	methylation

CCLE	and	GDSC
Cross	database
Analysis	with	
Cellminer cdb



SLFN11	inactivation	by	promoter	methylation	correlates	with	
resistance	to	a	broad	range	of	DNA	damaging	agents	(NCI-60	database)

Reinhold,	W….Doroshow,	J...Pommier	2017	Cancer	Res



vSynthetic	lethality	beyond	BRCA	and	PARP	inhibitors
Ø TOP1	inhibitors

vCancer	Cell	Line	genomics	as	model	systems

vSLFN11	as	a	highly	penetrant	determinant	of	response

vPractical	implications:	example	of	temozolomide



Temozolomide	(TMZ)	is	an	oral DNA	methylating	
prodrug	approved	for	glioblastomas	based	on:
• its	selective	cytotoxicity	in	methylguanine

methyltransferase	(MGMT)-deficient	cells	(which	is	
frequent	in	glioblastomas)

• its	liposolubility and	blood-brain	barrier	(CNS)	
penetration.

• its	relatively	low	cytotoxicity	to	normal	cells	(dose	
limiting	toxicity:	bone	marrow)
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MGMT	determination	and	staging
based	on	cancer	cell	lines	(NCI-60)

• MGMT deficiency is frequent (1/3 of NCI-60) 
and not limited to CNS cancer cells.

• High correlation between protein expression 
(measured by RPPA – reverse phase protein 
array - Gordon Mills)

=> transcripts or protein are reliable.
• Poorer performance for promoter 

methylation ó methylation misses many cell 
lines such as the CNS, which have no 
protein (and transcript).
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MGMT	is	a	gene	whose	epigenetic	silencing	by	DNA	methylation	level	is	a	positive	prognostic	indicator	for	
temozolomide	treatment	(41).	In	the	NCI-60,	DNA	promoter	methylation	levels	above	40%	appear	to	affect	
MGMT	expression	levels,	but	result	in	background	levels	of	expression	for	only	a	portion	(81.2%)	of	those	cell	
lines.	In	addition,	DNA	promoter	methylation	levels	less	than	40%	occur	in	only	a	portion	(81.8%)	of	expressed	
cell	lines.	Thus	MGMT	methylation	is	a	useful	but	incomplete	indicator	of	MGMT	expression,	and	for	the	cell	
lines	is	as	predictive	for	all	other	tissue	of	origin	types	(excepting	colon	with	two	out	of	seven	expressed	in	the	

presence	of	>40%	methylation)	as	it	is	for	the	glioblastomas	(CNS).	

MGMT	promoter	methylation	is	not	a	“precise”	
measure	of	MGMT	status	(transcripts	or	protein)
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vSynthetic	lethality	beyond	BRCA	and	PARP	inhibitors
Ø TOP1	inhibitors

vCancer	Cell	Line	genomics	as	model	systems

vSLFN11	as	a	highly	penetrant	determinant	of	response

vPractical	implications:	example	of	temozolomide

vDNA	repair	alterations	are	frequent	in	cancers



Drugs SLFN11 ABCG2 ABCC3 ABCB1 LMNA TOP1 TOP2A MGMT MMR MYC MYCL MYCN TP53	(mut)
TOP1	inhibitors	(camptothecins,	indenos) 1 1 1 0 1 1 0 0 0 ? ? ? 0
TOP2	(Daunorubicin,	Etoposide) 1 0 ? 1 ? 0 1 0 0 ? ? ? 0
PARP	inhibitors	(olaparib,	talazoparib,	niraparib) 1 0 ? 1 ? 0 0 0 0 ? ? ? 0
Temozolomide 0 ? ? ? ? 0 0 1 1 ? ? ? 1
ATR	inhibitors	(VE-970;	AZD6738) 0 ? ? ? ? 0 1 0 0 ? ? ? 1
Wee1	inhibitor	(AZD1775) 0 ? ? ? ? 0 1 0 0 ? ? ? 1
Chk1/2	inhibitor	(LY-2606368;	Prexasertib) 0 ? ? ? ? 0 1 0 0 1 1 1 1
DNA-PK	inhibitor	(VX-984) 0 ? ? ? ? 0 ? 0 0 ? ? ? ?

Genomic	Biomarkers
SLFN11	exp
ABCG2	exp
ABCC3	exp
ABCB1	exp
LMNA	exp/mut
TOP1	exp
MGMT	exp
MMR	(MLH1,	MLH3,	MSH2,	MSH3,	MSH6,	PMS1	and	PMS2)	exp/mut
MYC	exp
MYCL	exp
MYCN	exp
TP53	mut

Genomic	Biomarker	(mRNA	expression)

Testable	genomic	signatures
Matching	DNA	targeted	drugs	and	genes
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vCancer	Cell	Line	genomics	as	model	systems

vSLFN11	as	a	highly	penetrant	determinant	of	response

vPractical	implications:	example	of	temozolomide

vDNA	repair	alterations	are	frequent	in	cancers



Precision	therapeutics can	be	defined	as	the	ability	to:
• prescribe	effective	therapies	only	to	those	patients	who	will	
respond	effectively (cure),

• while	limiting	toxicity	to	normal	tissues	and	minimizing	side	effects.	



Second	Generation	Camptothecins	with	Targeted	Delivery

Camptothecins as
warheads

Tumor-specific delivery

*  FDA Approved, October 2015

**

*** FDA Breakthrough, August 2017 (Breast)

*

** FDA Breakthrough, February 2016

***
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