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Outline

« Cancer Cell Lines

— to study human cancer biology

— preclinical model for drug discovery and development
« Cancer Cell Lines Resources

— NCI-60

— Catalog of Somatic Mutations in Cancer (COSMIC)

— Cancer Cell Lines Encyclopedia (CCLE)

— Genentech Cancer Cell Line Screening Initiative (gCSl)
« Beyond Cancer Cell Lines

— Patient-derived tumor xenografts (PDX)

— XactMice

— Humanized Mice
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 First cancer cell lines

* Derived from cervical cancer
patient (Henrietta Lacks) in . o B
1951 at Johns Hopkins OF

* The cell line was found to be
remarkably durable and
prolific
— Contamination of many other REBECCA SKLOOT

cell lines used in research

HENRIETTA
LACKS




Hela

HelLa cells were also the first human cells to be successfully cloned in 1955 by
Theodore Puck and Philip | Marcus at the University of Colorado, Denver.

A RAPID METHOD FOR VIABLE CELL TITRATION AND CLONE
PRODUCTION WITH HeLa CELLS IN TISSUE CULTURE: THE USE
OF X-IRRADIATED CELLS TO SUPPLY CONDITIONING FACTORS*

By THEODORE T. Puck AND PHILIP I. MARCUS

DEPARTMENT OF BIOPHYSICS, FLORENCE R. SABIN LABORATORIES, UNIVERSITY OF COLORADO
MEDICAL CENTER, DENVER

Communicated by O. H. Robertson, May 5, 1956

Studies of many aspects of the genetics and metabolism of animal cells are
seriously handicapped by lack of a simple, effective technique for large-scale colony
production from single cells. Thus it is not easily possible to develop a new popu-
lation from the single-cell survivors isolated after the action of high-energy irradi-
ation, virus invasion, or any of a variety of toxic drugs or nutritional stresses. This
difficulty also makes almost impossible the preparation of mutant cell strains, a
technique which has so enormously advanced studies of cell and virus genetics and
biochemical transformations in microbial systems.! In addition, it is not possible
to determine what fraction of any animal cell population is able to initiate multi-
plication, and therefore it becomes difficult to evaluate the mechanism of action of

agents which change growth rates. PNAS 1955 41 (7) 432-437



Cancer Cell Lines as Preclinical Models for
Studying Human Cancers
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Cancer Cell Lines Resources for Drug Development

Cancer Cell Line Encyclopedia Garnett et al. cell set
947 cell lines 639 cell lines
24 agents tested/———\130 agents tested
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\ . Clinical tumour sets / "

NCI-60 cell panel \ (TCGA 1099) , Organ specmc panels
59 cell lines k ~ (breast, lung etc.)
>100,000 agents tested \

GSK cell set
311 cell lines



NCI-60

TIMELINE Abstract | The US National Cancer Institute (NCI) 60 human tumour cell line
anticancer drug screen (NCI60) was developed in the late 1980s as an in vitro

The NCI 60 human tu mour Ce” Ilne drug-discovery tool intended to supplant the use of transplantable animal

. tumours in anticancer drug screening. This screening model was rapidly

antlcanCer drug screen recognized as a rich source of information about the mechanisms of growth

inhibition and tumour-cell kill. Recently, its role has changed to that of a service

Robert H. Shoemaker screen supporting the cancer research community. Here | review the development,
use and productivity of the screen, highlighting several outcomes that have
contributed to advances in cancer chemotherapy.

Timeline | Major events in the development, implementation and use of the NCI60 cell lines

Model development Operation as primary screen Operation as service screen
(1986-1990) (1990-2000) (2000—present)
Halichondrin B decision
network presentation Role of MEK in
anthrax lethal factor MDR Demonstration of
Halichondrin B Molecular target mechanism revealed targeting MEK dependence
COMPARE algorithm | mechanism identified characterization | E7389 INDA compound in melanomas
reported with COMPARE programme initiated DTP programme review approved reported with UBRAF

1987 1989 1990 1991 1992 1995 1997 1998 1999 2000 2001 2002 2003 2005 2006

Initiation of work on MDR characterization PS-341 submitted for screening | PS-341 Salicylihalamide Bortezomib NDA
natural products reported | INDA filed identfied as approved
repository Salicylihalamide isolated vATPase inhibitor

from crude extract

Related events are indicated by colour coding. DTP, Developmental Therapeutics Program; INDA, investigational new drug application; MDR, multidrug resistance;
MEK, mitogen-activated ERK kinase; NDA, new drug application.
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NCI-60

Panel/cell line NSC 623436 — MT479 — EGFR*
immunotoxin TGFo—-PE38

Leukaemia

CCRF-CEM ]
HL-60(TB) I
K-562 I
MOLT-4 /]
RPMI-8226 —
SR ——
Non-small cell lung cancer
A549/ATCC

EKVX

HOP-18

HOP-62 | —
HOP-92
NCI-H226
NCI-H23
NCI-H322M
NCI-H460 (-
NCI-H522 /
Small cell lung cancer

DMS 114

DMS 273

Colon cancer

COLO 205

DLD-1

HOC-2998

HCT-116

HCT-15

HT29

KM12 -
KM20L2

SW-620

JDHU 10

I iGN

A

Mean log,, GI50

*The EGFR mRNA levels shown were generated using RNAse protection assays by Susan Bates, and are part of
the publicly searchable database (designated MT479 in database).



Discovery

Development
Pathways
Grants/Contracts
Books/Publications
Site Search

Data Search
What's New

NCI-60 DTP website

Discovery Services
» Tumor Catalog and Ordering Information
» Obtaining Research Compounds, Plates and Extracts
. Find status of compounds previously ordered from the NCI
Open Chemical Repository Collection

» e Animal Production
» o Screening
» e NCI-60 DTP Human Tumor Cell Line Screen
» o Submitting Compounds for Screening
» o Web-accessible Data and Tools
= ¢ Molecular Targets
= ¢ Main COMPARE web page
» o Chemical Biology Consortium (CBC)
Development Services

» Biopharmaceutical

» Pharmaceutical

» Pharmacology and Toxicology

Grants and Contracts Programs

Provocative Questions website

Developmental
Therapeutics Program
NCI/NIH

What's New
» NCI-60 characterization
» NCI Experimental Therapeutics Program (NEXT)
» Approved Oncology Drugs Set now available: Approved Oncology Drugs Set
» NCI Immunotherapy Workshop
» Important Changes to NCI 60 Cell Screen
» Compound Submission Process Diagram

About DTP
» Our Organization
» Investigational Drugs. Chemical Information
» Working with FDA: Biological Products and Clinical Development Workshop

DTP 50th Anniversary Symposium

DTP Drug Discovery Timeline (Flash)
View Videocast (Realplay required)

Assistance

Quick Reference Guide
Mavigate the DTP Web site
more easily with this quick

reference to DTP’s resources
and services, GO >

» Help Desk

Please send questions, comments and suggestions by email to

ncidtpinfo@mail.nih.gov. You should receive a response within 24
business hours.

Site Map | Disclaimer | Privacy Policy

http://dtp.nci.nih.gov/

- Jerry M. Collins, Ph.D., Associate Director
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NCI-60 DTP website

Browse Cancer Screening Data
[ « | »> ] + |+ http://dtp.nci.nih.gov/dtpstandard/cancerscreeningdata/index.jsp c] (Q' Google
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Browse Cancer Screening Data

Search for: Select Data type:
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O PubChem SID
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O Protocol Documentation
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O Servlet Documentation
O Ping MeanGraph

Enter search parameters:
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NCI-60 DTP website

®0o0 Browse Cancer Screening Data
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NCI-60 DTP website

DTP Test Results

[ « | 8 ] ™1 http://dtp.nci.nih.gov/dtpstandard/serviet/MeanGraphSummary?searchtype=namecontains&chemnameboole:
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NCI-60 Mean GI50 Gra

Mean Graph for Compound 718781

Gl
Nc?gancer Screen Current Data, October 2009
f«verageGl50 over all cell lines is 5.51E-6

[Cell Panel Cell Line Log Gl., Gl

Leukemia CCRF-CEM 4.8 -
HL-60(TB)
K-562
MOLT-4
RPMI-8226
SR
Non-Small Cell Lung A549/ATCC
EKVX
HOP-62
HOP-92
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[Colon COLO 205
HCC-2998
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HCT-15
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KM12
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[Central Nervous System SF-268
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U251
Melanoma LOX IMVI
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NCI-60 Dose-Response Curves

National Cancer Institue Developmental Therapeutics Program
Dose Response Curves for NSC 718781
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Download Data

Search The DTP Data

Home

e Search for all data for compounds

Discovery
Instructions for Searching the DTP Open Compound Collection by Structure

Development

e Basic Chemical Data

Pathways o Assays of Molecular Targets

Grants/Contracts e Browse Cancer Screening Data (September 2012 Release)
o Bulk Data Download

Books/Publications
e Search In Vivo Screening Data

Site Search e Search Yeast Screening Data

Data Search e AIDS Screening Data (May 2004 Release)

¢ NCI Plate Map

e Search for Chemical Names

What's New

¢ Smiles Search

Search for Molecular Target Data

e Search by gene name, text string, or pattern ID

e Download Molecular Target Data

Search for Natural Product Data

e Browse by phylum and family



Molecular Target Data

https://wiki.nci.nih.gov/display/NCIDTPdata/Molecular+Target+Data

Molecular Target Data

20 Added by Daniel Zaharevitz, last edited by Daniel Zaharevitz o 3 (view change

Data from the DTP Molecular Target program.

Molecular Target Team [moltarget@mail.nih.gov]

Email questions concerning DTP's molecular targets program to:

Primary molecular target data (excluding microarray data)
includes protein, MRNA, miRNA, DNA methylation, mutations, SNPs, enzyme activity, metabolites

WEB DATA ALL MT.ZIP A3.4 Mb zip file -
The uncompressed file is approximately 82.7 Mb.

When uncompressed the file is comma delimited in the following format:

File Format: MOLTID (NCI pattern #), GENE, TITLE, MOLTNBR (NCI exp. id #), PANELNBR, CELLNBR, pname, cellname, ENTITY_MEASURED, GenelD, UNITS, METHOD, VALUE

Protein Data Only

Asubset of WEB_DATA_ALL_MT containing just the protein data

WEB DATA PROTEIN.ZIP A 219 Kb zip file -
The uncompressed file is approximately 3.2 Mb.

‘When uncompressed the file is comma delimited in the following format:

File Format: MOLTID (NCI pattern #), GENE, TITLE, MOLTNBR (NCI exp. id #), PANELNBR, CELLNBR, pname, cellname, ENTITY_MEASURED, GenelD, UNITS, METHOD, VALUE

DNA Data Only

Asubset of WEB_DATA_ALL_MT containing just the DNA data

WEB DATA DNAZIP A 26 kb zip file -
The uncompressed file is approximately 580 Kb,

‘When uncompressed the file is comma delimited in the following format:

File Format: MOLTID (NCI pattern #), GENE, TITLE, MOLTNBR (NCI exp. id #), PANELNBR, CELLNBR, pname, celiname, ENTITY_MEASURED, GenelD, UNITS, METHOD, VALUE

DNA Methylation Data From Sequenom
A subset of WEB_DATA_ALL_MT containing just the DNA methylation data, Proc Natl Acad Sci USA 2008, Mar 25; 105(12): 4844-9.

WEB DATA SEQUENOM METHYLATION.ZIP A 5.2 Mb zip file -
The uncompressed file is approximately 43.8 Mb.

When uncompressed the file is comma delimited in the following format:

File Format: MOLTID (NCI pattern #), GENE, TITLE, MOLTNBR (NCI exp. id #), PANELNBR, CELLNBR, pname, celiname, ENTITY_MEASURED, GenelD, VALUE

microRNA Data From the Israel Lab

Asubset of WEB_DATA_ALL_MT containing just the microRNA data from the Israel lab. Cancer Res. 2007, Mar 15; 67(6): 2456-68.

WEB DATA ISRAEL MIRZIP A 98 Kb zip file -
The uncompressed file is approximately 1.1 Mb.

‘When uncompressed the file is comma delimited in the following format:

File Format: MOLTID (NCI pattern #), TITLE, MOLTNBR (NCI exp. id #), PANELNBR, CELLNBR, pname, celiname, ENTITY MEASURED, UNITS, METHOD, VALUE, TEXT

microRNA Data From the Weinstein and Croce Labs

A subset of WEB_DATA_ALL_MT containing just the microRNA data from the Weinstein and Croce labs. Mol Cancer Ther 2007, May; 6(5): 1483-91.
WEB DATA CROCE-WEINSTEIN MIR.ZIP A 601 Kb zip file -
The uncompressed file is approximately 6.3 Mb.
‘When uncompressed the file is comma delimited in the following format:

File Format: MOLTID (NCI pattern #), TITLE, MOLTNBR (NCI exp. id #), PANELNBR, CELLNBR, pname, cellname, ENTITY_MEASURED, UNITS, METHOD, VALUE, TEXT

Metabolomic Data From Metabolon- data averaged from triplicate experiments

A subset of WEB_DATA_ALL_MT ic data from

just the

WEB DATA METABOLON.ZIP A 171 Kb zip file -
The uncompressed file is approximately 1.2 Mb.

‘When uncompressed the file is comma delimited in the following format:

File Format: MOLTID (NCI pattern #), TITLE, MOLTNBR (NCI exp. id #), PANELNBR, CELLNBR, pname, celiname, VALUE, STD DEV

Metabolomic Data From Metabolon - individual data from each of the triplicate experiments

WEB DATA METABOLON ALLZIP A 404 Kb zip file -
The uncompressed file is approximately 3.2 Mb.

‘When uncompressed the file is comma delimited in the following format:

File Format: SAMPLENAME, TITLE, PANELNBR, CELLNBR, pname, celiname, VALUE

THE FOLLOWING DATASETS ARE DERIVED FROM LARGE-SCALE EXPERIMENTS

Estimated chromosomal band copy number, extracted from spectral karyotyping Cancer Res 63, 8634-47 (2003)
Data is provided as an Excel file listing copy number of each chromosomal band for each cell ine. Download excel file
Affymetrix 125K SNP array data from the Sellers' lab Nature 436, 117-122 (2005)

Data is provided as 3 datasets: Copy number, allele calls and identifiers.

The Copy Number Data:

COPYNUM.ZIP A 51.6 Mb zip file - The uncompressed file is approximately 307 Mb.

‘When uncompressed the file is comma delimited in the following format:

File Format: MARKER, CelllD, COPYNBR, PANELNBR, CELLNBR, pname, cellname

The Allele Call Data:

ALLELECALLZIP A 29.6 Mb zip file - The uncompressed file is approximately 290 Mb.



NCI ALMANAC

Therapeutics, Targets, and Chemical Biology

The National Cancer Institute ALMANAC:
A Comprehensive Screening Resource for the
Detection of Anticancer Drug Pairs with

Cancer
Research

Check for
updates

Enhanced Therapeutic Activity

Susan L. Holbeck', Richard Camalier', James A. Crowell', Jeevan Prasaad Govindharajulu?,
Melinda Hollingshead', Lawrence W. Anderson', Eric Polley', Larry Rubinstein’,
Apurva Srivastava?, Deborah Wilsker?, Jerry M. Collins', and James H. Doroshow*

Abstract

To date, over 100 small-molecule oncology drugs have been
approved by the FDA. Because of the inherent heterogeneity of
tumors, these small molecules are often administered in combi-
nation to prevent emergence of resistant cell subpopulations.
Therefore, new combination strategies to overcome drug resis-
tance in patients with advanced cancer are needed. In this study,
we performed a systematic evaluation of the therapeuticactivity of
over 5,000 pairs of FDA-approved cancer drugs against a panel of
60 well-characterized human tumor cell lines (NCI-60) to uncov-
er combinations with greater than additive growth-inhibitory
activity. Screening results were compiled into a database, termed
the NCI-ALMANAC (A Large Matrix of Anti-Neoplastic Agent

Combinations), publicly available at https://dtp.cancer.gov/ncial
manac. Subsequent in vivo experiments in mouse xenograft mod-
els of human cancer confirmed combinations with greater than
single-agent efficacy. Concomitant detection of mechanistic bio-
markers for these combinations in vivo supported the initiation of
two phase I clinical trials at the NCI to evaluate clofarabine with
bortezomib and nilotinib with paclitaxel in patients with
advanced cancer. Consequently, the hypothesis-generating
NCI-ALMANAC web-based resource has demonstrated value in
identifying promising combinations of approved drugs with
potent anticancer activity for further mechanistic study and trans-
lation to clinical trials. Cancer Res; 77(13); 3564-76. ©2017 AACR.



NCI ALMANAC

In vitro testing begins June 2011 B Drug A » Drug Z
NCI ALMANAC A e )
In vitro combination drug screen e T TemeTl . s -
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"
@ Drug Z -
Additional testing P -
Select active combinations for xenograft testing lization
Develop pharmacodynamic markers cancer community
Assay in tumors from combo-treated mice Develop and test
Potential to assay patient samples hypotheses

!

Clinical testing: 1st combo patient enrolls
October 2014

Bortezomib + Clofarabine NCT02211755
Paclitaxel + Nilotinib NCT02379416

Figure 1.

NCI-ALMANAC screen strategy and summary results. A, Workflow diagram for the NCI-ALMANAC screen and follow-up preclinical and clinical studies.

Double-headed arrows indicate the iterative flow of information between different stages of the project. B, NCI-ALMANAC reveals a large number of
potentially active, clinically novel drug combinations (according to clinicaltrials.gov analysis). Data were downloaded from clinicaltrials.gov and processed to
identify the cancer trials that had utilized the drug combinations examined in this study. Each drug is shown as both the abscissa and ordinate, alphabetically,
with green indicating drug pairs that were identified as having been reported as tested in combination in a clinical trial and blue indicating pairs that have not.



NCI ALMANAC

Drug combinations

Percentage of drug pairs

494

0 1-5 6-10

11-30  31-50
Number of cell lines in which ComboScore > 0

>50

Figure 2.

In vitro activity of drug combinations
in the NCI-60 panel. A, Two-way
hierarchical clustering was used to
cluster ComboScores for 57 cell lines
(the SK-MEL-2, SNB-75, and LOX-IMVI
lines had many missing values and were
excluded) and 4,629 drug
combinations. Red, positive
ComboScores (i.e., better-than-
additive effects; blue, negative values
(i.e., less-than-additive effects). Tumor
tissue derivations for the NCI-60 cell
lines are indicated by colored circles:
red, leukemia; green, colon; blue,
non-small cell lung; gray, CNS; orange,

2 o @ ps melanoma; purple, ovarian; yellow,

i = @~ & © 89 o= O T

IRLY 1y 2% 33 roo 9 & n‘.\ESgg‘? @ renal; turquoise, prostate; and pink,
psBexR i Reny TAR00E o8 S TReRTEiiota8 pog, 8 bresst, e majortyofcngparshad
298 s00E030E35500500005288E 02235080082 R800SLERT i vitroactivity in 11-30 cell ines of the
s s eeescecec.seccesses e eece e ceeessces -se 0. NCI-60 panel, indicating that most drug

pairs only have greater than additive
activity in a subset of the NCI-60
cell lines.

|

2
(4%)

mCombo has > single-agent activity (time-to doubling)
2 Combo has > single-agent activity (expert panel)

" Highly efficacious single agent

mCombo no better than single agents

Figure 3.

Antitumor efficacy of NCI-ALMANAC-derived drug combinations in the tested
NCI-60 xenograft models. A total of 44 unique xenograft efficacy experiments,
involving 20 different drug combinations that had not previously undergone
clinical testing (according to clinicaltrials.gov), were performed using sets of
drug combinations and NCI-60-derived models that demonstrated positive
in vitro ComboScores. Experiments in which combination treatment yielded
improved antitumor efficacy compared with both single-agent treatments were
identified by Kaplan-Meier and log-rank analysis of time-to-tumor-volume-
doubling (P < 0.05; dark pink) or by a panel of xenograft experts (light pink).
Experiments with no greater-than-single-agent activity are shown in dark
blue, while those for which one single agent was highly efficacious are shown in
light blue. See Supplementary Table S4 for a complete list of xenograft
experiments and results.



NCI ALMANAC
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Median tumor volume (mm?)
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Figure 4,

Therapeutic activity of the NCI-ALMANAC-derived combination of bortezomib and clofarabine. A, The combination of bortezomib and clofarabine in vitro
yielded positive ComboScores across several cell types. Tumor tissue derivations for the NCI-60 cell lines are indicated by bar color: red, leukemia; green, colon; blue,
non-small cell lung; gray, CNS; orange, melanoma; purple, ovarian; yellow, renal; turquoise, prostate; and pink, breast. A leukemia cell line for which no ComboScore
was available for this combination is indicated by gray text. Models for which xenograft experiments revealed the presence or absence of in vivo greater-than-single-
agent activity are indicated by filled triangles or empty triangles, respectively. B and C, Clofarabine-bortezomib combination treatment exhibits enhanced
efficacy relative to the respective single-agent treatments in the human colon cancer HCT-116 xenograft model (B) but not in the M14 melanoma xenograft
model (C). Median tumor volumes are shown for mice treated with vehicle, single-agent bortezomib [5 x every two days (Q2D), intraperitoneal injection],
single-agent clofarabine [5 x every two days (Q2D), oral administration], or the combination (schedule and administration for each agent as indicated for the
respective single-agent treatments); treatment commenced on day 6 for the HCT-116 experiment (B) and on day 17 for the M14 experiment (C; dosing period indicated
by gray-shaded area in both graphs). D, Kaplan-Meier curves for time-to-tumor doubling analysis of HCT-116 xenograft models treated with the clofarabine-
bortezomib combination. The y-axis indicates probability of event-free survival, where an event is defined as one tumor doubling or drug-related death

(the latter occurred for only one animal in the 60 mg/kg clofarabine + 0.75 mg/kg bortezomib-treated group). #, the combination-treated group exhibiting greater-
than-single-agent time-to-tumor-doubling compared with both bortezomib-alone and clofarabine-alone groups at the corresponding doses (P < 0.1), as
determined by log-rank tests. Doses (mg/kg) for each treatment group are indicated in the legend (n = 16 mice for the vehicle group; n = 8 mice for all other groups).
Error bars, SE of the median.



NCI ALMANAC

B u.s. National Library of Medicine

ClinicalTrials.gov

Find Studies v About Studies v Submit Studies v Resources v About Site v

Home >  Study Record Detalil 7 Save this study ~ Saved Studies (0)

Trial of the Combination of Bortezomib and Clofarabine in Adults With Relapsed Solid Tumors

This study is currently recruiting participants. ClinicalTrials.gov Identifier:

See P> Contacts and Locations NGTO2211755

First Posted: August 7, 2014
Last Update Posted: October 27, 2017

Verified October 13, 2017 by National Institutes of Health Clinical Center (CC) ( National Cancer Institute (NCI) )

Sponsor:
National Cancer Institute (NCI)

A The safety and scientific validity of this study is the responsibility of the study sponsor and investigators. Listing a study does not mean it has been evaluated by
the U.S. Federal Government. Know the risks and potential benefits of clinical studies and talk to your health care provider before participating. Read our disclaimer
for details.

Information provided by (Responsible Party):
National Institutes of Health Clinical Center (CC) ( National Cancer Institute (NCI) )

Full Text View  Tabular View  No Study Results Posted Disclaimer  [E] How to Read a Study Record

> Purpose

Background:

- Researchers want to develop better ways to treat cancer. In this study, they will give people with cancer two drugs. These drugs have been used on their own to treat some
blood cell cancers.

Objectives:

- To test the safety and efficacy of the drug combination of bortezomib and clofarabine.

Condition Intervention Phase

Neoplasms Drug: Bortezomib plus Clofarabine Phase 1

Myelodysplastic Syndromes

Study Type: Interventional

Study Design: Intervention Model: Single Group Assignment
Masking: None (Open Label)
Primary Purpose: Treatment

Official Title: ~ Phase | Trial of the Combination of Bortezomib and Clofarabine in Adults With Refractory Solid Tumors, Lymphomas, or Myelodysplastic Syndromes
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DTP Developmental Therapeutics Program

NCI ALMANAC Study Results

The NCI ALMANAC study results may be navigated using four different methods. You may choose to view the data from a heat map containing the relative results from
all drug pairs tested. You may also select a specific drug pair from drop-down lists. Alternatively, you may view the data from a heat map containing all results from a
particular drug and optionally a modifier mechanism. Finally, you may generate a heat map showing how well each mechanism tested for a particular drug. For those
wishing to analyze the entire dataset using their own tools, the data may be downloaded at https://wiki.nci.nih.gov/display/NCIDTPdata/NCI-ALMANAC.

Navigate NCl ALMANAC results by: (*J Analyzing a heat map with results from all drug pairs
*J Selecting both drugs in the combination from lists
() Selecting a test drug and optionally a modifier mechanism
(»J Finding an effective modifier mechanism from a heat map

DTP Home | NCI ALMANAC Home 1 Data Download | Contact
DTP Home | Contact DTP | Site Map | NCIHome | Accessibility | Policies | File Readers/Plug-ins

U.S. Department of Health and Human Services | National Institutes of Health | National Cancer Institute | USA.gov

NIH... Tuming Discovery Into Health®

https://dtp.cancer.gov/ncialmanac/
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Click a bar in the chart below to view the detailed results for a particular cancer cell line.

Click a cell in the heat map below to view results by cell line for a particular drug combination.

Chemical Names (A => Z)
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Clofarabine

ctrib

Cyclophosphamide
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Dactinomycin
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Streptozocin

\neristing
Uncrebine
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Zelendrorie acid

Calculation Type: « Mean ComboScore From All Cell Lines Tested

Maximum ComboScore From All Cell Lines Tested

Number of Cell Lines Meeting Goal Efficacy

Chemical Names (A => 7)
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NCI ALMANAC Study Results

This page will generate a heat map containing a summary of the results for each mechanism of the selected agent. The heat map displays the various cell lines of cancer
and the set of mechanisms with which the selected agent was tested. The scale illustrates how well the drug pair tested against each cell line of cancer, where the color

red generally indicates more effective results. Scroll over a cell to see the calculated score value for a drug pair and cancer cell line.

Retrieve data for all mechanisms containing the selected agent
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Catalogue of Somatic Mutations in Cancer (COSMIC)

COSMIC ’

Catalogue of somatic mutations in cancer

Home About Download Publications News Contact Help FAQ

L Login I #[A|A|A

Search COSMIC v70 COSMIC

All cancers arise as a result of the aquisition of a series of fixed DNA sequence abnormalities,
mutations, many of which ultimately confer a growth advantage upon... [More

By Cancer Search Gene name, Mutation, Tissue, Sample .. Cosmic Release v70
] COSMIC v70 includes an initial integration of gene expression data from TCGA, full literature curation of
By Gene CALR, CD79A and CD79B...[More]
eg. BRAF, V60OE, lung, COLO-829 L.
By Sample St,
Search via Cancer Browser Genes 28735 Fusions 10435
Samples 1029547 Genomic Rearrangements 61299
Coding Mutations 2002811 Whole Genomes 12542
Papers 19703 Copy Number 695504
Unique Variants 1564699 Gene Expression 60119787

Cancer Genome Project Links

=
‘
Cell Line Cosmic Whole Drug COSMIC CONAN Census Trace Archive Systematic COSMIC Curated
Project Genomes Sensitivity Genome Screens Biomart Genes &
Browser Fusions

Help | Contactus | Legal® | Cookiespolicy @ | Data sharing &

Wellcome Trust Sanger Institute, Genome Research Limited (reg no. 2742969) is a charity registered in England with number 1021457

http://cancer.sanger.ac.uk/cancergenome/projects/cosmic/




Querying Gene Mutation in COSMIC

Cosmic » Gene » Overview » BRAF

0,408 Genome View Sequence Fusions Studies References

Gene name

Gene Id

Synonyms

Genomic Summary

Drug Sensitivity Data:

No.of Samples

BRAF
COSG2

B-raf 1,B-
raf1, BRAF1,MGC126806,MGC138284,RAFB1,CCDS5863.1,P15056,ENSG00000157764

7:140434397. .140624503

1 n 1 n n 1 n n 1 n L 1
140500k 140600k

COSHIC Transcripts
BRAF
e & aumimne 610 fie g (g i ol —

i |

Hutation densitr/details

Breakpoints

Honozygous Deletion

LOH
. _______________________________________________________________
Hnilification
C Nunb: Ch.
opa unber anie

Click here® for BRAF drug sensitivity data

Mutations in BRAF are associated with altered sensitivity to the following drug(s) :

Inceased sensitivity: PF-562271%, CEP-701%, FTI-277%, 17-AAG¥, PD-0325901%,
SB590885%, AZD6244%, PD-173074'§‘ ZM-447439% | BIBW2992%, Temsirolimus®
Metformin®, AZD6482% | Gefitinib® , PLX4720% , Nutlin-3a®, AZ628% Bortezormb'g

Embelin®, RDEA119@, FH535%, CI-1040%, CH1R-99021@, AP-24534@, Obatoclax
Mesylate'§I

Total number of unique samples: 168311
Unique samples with mutations: 33263

Mutation Analysis

Hlstog[ Distribution
) Au ud‘;mi 3 ' ‘
- l”
External Links
OMIM: 164757%
Transcript: NM 004333%
Ensembl Contig View: BRAF?
UCSC Browser: BRAF?
Copy Number: CONAN®
CCDS: CCDS5863.1%
Pfam: P15056%

Atlas Genetic Oncology: BRAFID828%
HGNC: 1097%



Querying Gene Mutation in COSMIC

Cosmic » Gene » Overview » BRAF

Overview Sequence Fusions Studies References

Browser | Select Tracks Upload and Share Tracks Preferences
Search
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Querying Gene Mutation in COSMIC

Cosmic » Gene » Overview » BRAF
Overview Genome View B2 (1. (VY Fusions Studies References
c¢DNA Sequence NM 004333
Protein Sequence BRAF
Transcript and Protein Aligned NM 004333+BRAF

Cosmic » Gene » Overview » BRAF

Overview Genome View Sequence Piiil)it} Studies References

BRATF is involved in fusions with AGTRAP ( 1 mutations in 1 samples )
: FAM131B _ENST00000443739 ( 3 mutations in 9 samples )
SLC45A3 ( 1 mutations in 6 samples )
FCHSDI1 ( 1 mutations in 2 samples )
KIAA1549 ( 462 mutations in 1091 samples )
AKAP9 ENST00000356239 ( 4 mutations in 292 samples )




Querying Gene Mutation in COSMIC

Cosmic » Gene » Analysis » BRAF Filters
Mutations Fusions Tissue Distribution Gene BRAF
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Querying Gene Mutation in COSMIC

Cosmic » Gene » Analysis » BRAF

Histogram P\ (17107 "} Fusions Tissue Distribution

Show 10 [4) entries

A csv v e

Search:

Mutation (CDS) Mutation (Amino Acid) Mutation ID (COSM) ‘

c.37G>T
30 c.89G>A
S5 c.158T>C
64 c.190C>A
89 c.267A>G
95 €.284G>C
102 ¢.305C>T
113 ¢.338G>T
129 ¢.386C>T
146 c.436C>T

Showing 1 to 10 of 374 entries

p.E13*

p.S102F

p.S1131

p.S129L

p.R146W

COSM1622438

COSM303873

COSM1184861

COSM1086272

COSM745342

COSM745343

COSM1167905

COSM599331

COSM1312758

COSM1548502

Subsututlon -
Nonsense

1 Substitution -
Missense
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Missense
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Missense
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coding silent
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Querying Gene Mutation in COSMIC

1T IMIS 1INK Opens in a new winaow|

Cosmic » Gene » Analysis » BRAF

Histogram Moutations Fusions Tissue BVE5 [T Mutation Distribution Pie Charts
| Substitutions ( coding strand) |

| Deletions | Insertions

Mutant
Color Mutation Type samples Percentag

Substitution nonsense 0.07

Substltutlon missense 32955 99.07
- Substitution 80 0.24

synon ous
" Insertion inframe 25 0.08
- Insertion frameshift 1 0.00
B Deletion inframe 13 0.04
" Deletion frameshift 5 0.02
B complex 39 0.12
B other 172 0.52

Total 33263 100




Querying Cancer Cell Line in COSMIC

Search Cell Line Project v65

m Search Gene name, Mutation, Tissue, Sample ..

By Gene

By Sample

cg. BRAF, VOOOE, lung, COLO-829

Search by Tissue

Cell Line Browser

NCI-60 Brows C¢l lines » Sample » Overview » MDA-MB-231

Overview P UT7107 ") Fusions Mutation Spectrum Non-Mutant Genes Studies References

wor EIE] @

Show (10 ) entries Search: |

Cell lines » Sample » Overview » MDA-MB-231

Mutations Fusions Mutation Spectrum Non-Mutant Genes Studies References

Sample Information

Additional Information

Microsatellite Stability

Sample name
Sample Id
Primary Site; Subtypel; Subtype 2; Subtype 3
Primary Histology; Subtypel; Subtype 2; Subtype 3
Source
Individual details
Age
Parents tested
Family
Normal tissue tested
Gender
Ethnicity
Supplier
Institute
Address

External Links
Cancer Genome Project : CGH map : SNP6.0

Cancer Genome Project : CGH map : 10k

AA Mutation CDS Mutation Somatic status Zygosity Validated [ Type 4

BRAF M 004333% p.G464V. ¢.1391G>T Previously Observed Heterozygous Verified Substitution
CDKN2A NM _000077% p.0? c.1 471del471 Previously Observed Homozygous Verified Deletion
CDKN2a(pl4) EN: 1570%  p.0? c.1 522del522 Unknown Homozygous Verified Deletion
KRAS NM _004985% p.G13D c.38G>A Previously Observed Heterozygous Verified Substitution
NEF2 NM 000268.2% p.E231* ¢c.691G>T Unknown Homozygous Verified Substitution
NF2 NM 000268.2% p.E231* €.691G>T Unknown Homozygous Verified Substitution
TP: NM_000546% p.R280K ¢.839G>A Previously Observed Homozygous Verified Substitution
Showing 1 to 7 of 7 entries First| | Previous | 1| Next| Last
MDA ¢
COSS905960

Breast; NS; NS; NS
Carcinoma; NS; NS; NS
Cultured Sample( primary; cell-line )

51
Unknown
Unknown
Unknown
Female

Caucasian

Developmental Therapeutics Program
National Cancer Institute Frederick, MD 21701

MDA-MB-231%
MDA-MB-231%

[ BAT25 ] BAT26 | DsSa46 | D2si23 | DI78250 |

stable stable

failed
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Genomics of Drug Sensitivity in Cancer
GDSC COSMIC)

Genomics of Drug Sensitivity in Cancer Il vc'come trust MASSACHUSETTS

\\ sanger GENERAL HOSPITAL

Bl inctitute CANCER CENTER

Home Compounds Genes Cell Lines About News Downloads Documentation

The Genomics of Drug Sensitivity in Cancer project is an academic research program to identify molecular features of cancers Search

that predict response to anti-cancer drugs.

Enter drug, gene or ce Search )

Browse our data e.g. Docetaxel, RP-56976, BRAF, COLO-829

Ay

Compounds Cancer Genes Cell Lines

What's new!

Release 5 (June 2014)

Sensitivity data can now be browsed by cell line.
The cell line page shows the sensitivity across all
drugs for each cell line using a z-score value.

Please be aware that our website and results are part of an ongoing project. These webpages are updated frequently and our results are not final or complete.

Mailing List

To receive news and data release alert, please sign
up Translation-announce &

.t .t The Genomics of Drug Sensitivity in Cancer Project is a collaboration between the Cancer Genome Project & at the Wellcome Trust Sanger Institute & (UK) and the Center for
mm rUS Molecular Therapeutics &, Massachusetts General Hospital Cancer Center & (USA). This work is funded by the Wellcome Trust &,

This site is hosted by the Wellcome Trust Sanger Institute &, Contact us | Cookies policy | Terms & Conditions.

http://www.cancerrxgene.org/




ARTICLE

doi:10.1038/naturel1005

Systematic identification of genomic
markers of drug sensitivity in cancer cells

Mathew J. Garnett'*, Elena J. Edelman?*, Sonja J. Heidorn'*, Chris D. Greenman'f, Anahita Dastur?, King Wai Lau',

Patricia Greninger?, I. Richard Thompson', Xi Luo?, Jorge Soares', Qingsong Liu>*, Francesco Iorio™>, Didier Surdez®, Li Chen?,
Randy J. Milano?, Graham R. Bignell', Ah T. Tam? Helen Davies', Jesse A. Stevenson?, Syd Barthorpe!, Stephen R. Lutz?,

Fiona Kogeral, Karl Lawrence!, Anne McLaren—Douglasl, Xeni Mitropoulosz, Tatiana Mironenko', Helen Thi2, Laura Richardson’,
Wenjun Zhou®*, Frances Jewitt!, Tinghu Zhang>*, Patrick O’Brien!, Jessica L. Boisvert?, Stacey Price', Wooyoung Hur>*,
Wanjuan Yang', Xianming Deng>#, Adam Butler', Hwan Geun Choi*>*, Jae Won Chang™*, Jose Baselga®, Ivan Stamenkovic’,
Jeffrey A. Engelman2, Sreenath V. Sharmaz’r, Olivier Delattre®, Julio Saez—Rodriguezs, Nathanael S. Gray3 4] effrey Settleman?,
P. Andrew Futreal', Daniel A. Haber?®, Michael R. Stratton', Sridhar Ramaswamy?, Ultan McDermott" & Cyril H. Benes?

639 cell lines treated with 130 drugs

Clinical responses to anticancer therapies are often restricted to a subset of patients. In some cases, mutated cancer genes
are potent biomarkers for responses to targeted agents. Here, to uncover new biomarkers of sensitivity and resistance to
cancer therapeutics, we screened a panel of several hundred cancer cell lines—which represent much of the tissue-type
and genetic diversity of human cancers—with 130 drugs under clinical and preclinical investigation. In aggregate, we
found that mutated cancer genes were associated with cellular response to most currently available cancer drugs. Classic
oncogene addiction paradigms were modified by additional tissue-specific or expression biomarkers, and some
frequently mutated genes were associated with sensitivity to a broad range of therapeutic agents. Unexpected
relationships were revealed, including the marked sensitivity of Ewing’s sarcoma cells harbouring the EWS (also
known as EWSRI)-FLII gene translocation to poly(ADP-ribose) polymerase (PARP) inhibitors. By linking drug
activity to the functional complexity of cancer genomes, systematic pharmacogenomic profiling in cancer cell lines
provides a powerful biomarker discovery platform to guide rational cancer therapeutic strategies.
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Analysis of drug sensitivity data
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Analysis of drug sensitivity data
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Correlating Mutation in Specific Tumor Type
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High Confidence Drivers

A Signals of positive selection used to identify driver genes

CLUST bias FM bias Recurrence

ACTIVE bias

Comprehensive identification of
mutational cancer driver genes across 12

fumor types
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Stringent Filters using HCD

1x 10724
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FDR 1%

143,000 drug-gene
interactions

2,286 significance
associations (p <
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GDSC 2.0

A Landscape of Pharmacogenomic
Interactions in Cancer
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Resources

GDSC Download

This page allows access to all of our drug sensitivity data and the genomic datasets used in our analyses.

Data File Download Tool

load d of your ch
Data Files
Data Class
Data Type Objects

Annotated Reference Cell lines

Annotated Reference Drugs

Annotated Reference Cell lines

Copy Raw Cell lines

number

Copy Preprocessed Cell lines

number

Copy Preprocessed Cell lines

number

Copy Preprocessed Cell lines

number

Drug Raw Cell lines
Drugs

Drug Preprocessed Cell
lines/Drugs

Drug Preprocessed Cell
lines/Drugs

Expression  Raw Cell lines

Expression  Preprocessed Cell lines

Methylation Raw Cell lines

Sequencing Raw Cell lines

Sequencing Preprocessed Cell lines

Sequencing Preprocessed Cell lines

using Data Download Tool .

Brief description (with
links)

Annotated list of Cell lines &
Screened compounds &

Shared cell lines and drugs
(GDSC, CCLE & CTRP)

Copy number data for Cell
lines &

Gene level copy number
data &

RACS in cell lines @

RACSs CNV BEMs for cell
lines

compound sensitivity data
for Cell lines &

log(IC50) and AUC values &

ANOVA resuits &

Expression array data for
Cell lines &

RMA normalised expression
data for Cell lines

DNA methylation data for
Cell lines &

WES data for Cell lines &

Cell-line sequence variants

Sequencing BEMs for Cell
lines

List of Cell lines included in the study with molecular and drug-response data availability, microsatellite instability
status, growth properties and media, TCGA and COSMIC tissue classification

List of screened drugs including targets, targeted process/pathways, clinical stage

To aid comparison we list the cell lines and drugs within the GDSC study that are also in the CCLE (Barretina et al,
Nature 2012) and/or CTRP (Seashore-Ludlow et al, Cancer Discovery 2015) studies

Affymetrix SNP6 cel files at EGA (EGAS00001000978)

Copy number data for all genes across all samples derived from PICNIC analysis of Affymetrix SNP6 segmentation
data (available via COSMIC Cell Lines Project)

Recurrently altered chromosomal segments in cell lines identified from the analysis of patient tumours. As
described in Iorio F, et al. Cell. 2016

Binary event matrix with status in cell lines of recurrently altered chromosomal segments (RACS) identified from
the analysis of patient tumours. As described in Iorio F, et al. Cell. 2016.

GDSC drug screening data

Natural log half maximal inhibitory concentration (IC50) and Area under the dose-response curve (AUCs) values
for all screened cell line/drug combinations

Results from Pan-Cancer and cancer specific ANOVA

Affymetrix Human Genome U219 array data at ArrayExpress (E-MTAB-3610)

RMA normalised basal expression profiles for all the Cell lines

IlluminaHumanMethylation450 BeadChip data at GEO (GSE68379)

Illumina HiSeq 2000 Whole exome sequence BAM files at EGA (EGAS00001000978)

List of genomic variants found in Cell lines by whole exome sequencing

Binary event matrix with status in cell lines of selected cancer genes identified from the analysis of patient
tumours. As described in Iorio F, et al. Cell. 2016.

Results of data analysis (from 'A landscape of pharmacogenomic interactions in cancer’, Iorio F et al. Cell. 2016)

Click here to navigate linked webpages to access data and results associated with our publication "A landscape of Pharmacogenomic Interations in Cancer". We provide these as a resource but for our most current please
access data through the GDSC website.

Archive

Click here & to download all releases.
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The Cancer Cell Line Encyclopedia enables predictive
modelling of anticancer drug sensitivity
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978 cell lines treated with 24 drugs
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Paclitaxel Taxol
L-685458
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Topotecan Hycamtin
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Lapatinib Tykerb
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Cancer Cell Lines Encyclopedia (CCLE)
(Broad and Novartis
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Register Why Register?

ncyclopedia

HOME ANALYSIS TOOLS

Broad-Novartis Cancer Cell Line Encyclopedia (CCLE) What you can do on this portal

The Cancer Cell Line Encyclopedia (CCLE) project is a collaboration between the
Broad Institute, and the Novartis Institutes for Biomedical Research and its Genomics Institute
of the Novartis Research Foundation to conduct a detailed genetic and pharmacologic
characterization of a large panel of human cancer models, to develop integrated
computational analyses that I|.nk qlsnnd Phannacolpg@ vulnerab|I|Ue§ to geno.mlc .
patterns and to translate cell line integrative genomics into cancer patient stratification.
The CCLE provides public access to genomic data, analysis and visualization for

Search Cell line, Annotation, Gene

about 1000 cell lines.

Search for information

The CCLE is an ongoing project and some data are not complete yet. The CCLE website is subject to periodic

changes and improvements. Please visit regularly! Enter a keyword to search for genes, news items and publications.

Search results for a gene include links to annotations and analyses.

This project is funded by Novartis. Data Sets
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Figure 1 | The Cancer Cell Line
Encyclopedia. a, Distribution of
cancer types in the CCLE by lineage.
b, Comparison of DNA copy-number
profiles (GISTIC G-scores) between
cell lines and primary tumours. The
diagonal of the heat map shows the
Pearson correlation between
corresponding tumour types. Because
cell lines and tumours are separate
data sets, the correlation matrix is
asymmetric: the top left showing how
well the tumour features correlate
with the average of the cell lines in a
lineage, and the bottom right showing
the converse. ¢, Comparison of
mRNA expression profiles between
cell lines and primary tumours. For
each tumour type, the log fold change
of the 5,000 most variable genes is
calculated between that tumour type
and all others. Pearson correlations
between tumour type fold changes
from primary tumours and cell lines
are shown as a heat map.

d, Comparison of point mutation
frequencies between cell lines and
primary tumours in COSMIC (v56),
restricted to genes that are well
represented in both sample sets but
excluding TP53, which is highly
prevalent in most tumour types.
Pairwise Pearson correlations are
shown as a heat map. Asterisk
indicates that the correlations of
oesophageal, liver, and head and neck
cancer mutation frequencies are
restored when including TP53.
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Browse Data
PAGE INFO A

Data Type

™ Affy SNP ™ Drug data @ Gene expression ™ Mutation @ Sample annotation
check all uncheck all

Cancer Cell Line Encyclopedia (55.7GB)

Include previously released (deprecated) files
DNA Copy Number (41.3GB) Affy SNP (Published)

Affymetrix SNP6.0 arrays.

Raw Affymetrix CEL files were converted to a single value for each probe set representing a SNP allele or a copy number probe. Copy numbers were then inferred based upon estimating
probe set specific linear calibration curves, followed by normalization by the most similar HapMap normal samples. Segmentation of normalized log2 ratios (specifically, log2(CN/2)) was
performed using the circular binary segmentation (CBS) algorithm.

P Show Available Data

mRNA expression (8.0GB) Gene expression (Published)

Affymetrix U133+2 arrays.
Raw Affymetrix CEL files were converted to a single value for each probe set using Robust Multi-array Average (RMA) and normalized using quantile normalization. Either the original
Affymetrix U133+2 CDF file or a redefined custom CDF file (ENTREZG - v15) was used for the summarization.

P Show Available Data
Cell Line Annotations (196.1KB) Sample annotation (Published)

P Show Available Data

Oncomap mutations (464.8KB) Mutation (Published)

Oncomap mutation data.
The mutations were assessed in 33 genes (381 specific mutations) using Oncomap 3.0 core. See the associated publication.

P Show Available Data

Hybrid capture sequencing (6.4GB) Mutation (In process)

List of mutations and indels in 1651 genes, determined by targeted massively parallel sequencing. Note: the hybrid capture process might yield sequences in genes outside of the target
list; those were kept in the analysis and mutations in these genes are present in the files below.

P Show Available Data

Pharmacological profiling (8.0MB) Drug data (Published)
Pharmacologic profiles for 24 anticancer drugs across 504 cell lines.

P Show Available Data



mRNA expression (8.0GB) Gene expression (Published)

Affymetrix U133+2 arrays.

Raw Affymetrix CEL files were converted to a single value for each probe set using Robust Multi-array Average (RMA) and normalized using quantile normalization. Either the original
Affymetrix U133+2 CDF file or a redefined custom CDF file (ENTREZG - v15) was used for the summarization.

¥ Show Available Data

CCLE_Expression_2012-09-29.res

CCLE Expression_Entrez_2012-09-29.gct

CCLE_Expression.Arrays.sif 2012-10-18.txt

CCLE_Expression_Entrez 2012-10-18.res

CCLE Expression_Entrez IGV_2012-09-29.tdf

CCLE Expression.Arrays 2013-03-18.tar.gz

CCLE_expression_CN_muts GENEE_2010-04-
16.gctx

589.6MB
167.2MB

124.6KB
204.6MB

2.0GB

5.0GB
63.4MB

Pharmacological profiling (8.0MB) Drug data (Published)
Pharmacologic profiles for 24 anticancer drugs across 504 cell lines.

¥ Show Available Data

CCLE NP24.2009_Drug_data 2012.02.20.csv

CCLE_NP24.2009_profiling_2012.02.20.csv

CCLE _GNF_data 090613.xls

2.3MB
2.4KB
5.7MB

17-Oct-2012
17-Oct-2012

18-Oct-2012
18-Oct-2012

19-Oct-2012

19-Mar-2013
18-Sep-2013

20-Jun-2012
17-Apr-2012
06-Sep-2013

RMA-normalized mRNA expression data. (Affymetrix annotations)

Gene-centric RMA-normalized mRNA expression data. (ENTREZG v15 CDF file, see
the Brainarray website for more details about the probe set annotations; gct file format.

Expression arrays samples info file.

Gene-centric RMA-normalized mRNA expression data. (ENTREZG v15 CDF file, see
the Brainarray website for more details about the probe set annotations; res file format)

Gene-centric RMA-normalized mRNA expression data (ENTREZG v15 CDF). This
format is only meant to be used with the Integrative Genomics Viewer (IGV, available in
the "Analysis tools" section) and the value for each probe set is median-centered and
divided by the MAD (robust z-score).

Raw CEL files in a compressed archive.
The gctx file contains the Affymetrix mMRNA expression levels, DNA copy number,

mutations and indels in 1651 genes by targeted massively parallel sequencing,
pharmacologic profiles for 24 anticancer drugs, and cell line annotations.

Pharmacologic profiles for 24 anticancer drugs across 504 CCLE lines.

List of the 24 drugs profiled across 504 CCLE lines.



Analysis Tools in CCLE

Analysis Tools: Integrative Genomics Viewer (IGV)
PAGE INFO A

Step1: Tools l

Step1: Select a tool

STEP INFO A

e

Int ti . . . e . .
gez%':‘i'cv: A high performance integrated visualization of copy number, gene expression, phenotype and other genomic data.
. “» Tutorial 3 Multimedia Tutorial

Viewer (IGV)

A high performance visualization and analysis tool for RNAi and gene expression data.
O GENE-E ) . . .
» Tutorial @ Multimedia Tutorial
0 Differential Heat map visualization and tabular results showing the differentially expressed genes.
Expression “» Tutorial @ Multimedia Tutorial
0 Gene Heat map visualization showing gene expression values for co-expressed genes.
Neighbors “» Tutorial @ Multimedia Tutorial
Gene Set
Enrichment A report showing pathway gene sets correlated with phenotype classes of interest.
Analysis » Tutorial @ Multimedia Tutorial
(GSEA)




Reproducibility between CCLE & GDSC?

ANALY SIS

doi:10.1038/naturel12831

Inconsistency in large pharmacogenomic
studies

Benjamin Hajbe-Kaing"Q, Nehme El—l—Iacheml, Nicolai Juul Birkbak3, Andrew C. Jin®, Andrew H. Beck“*, HugoJ. W. L. Aerts™ '
& John Quackenbush™™*

Two large-scale pharmacogenomic studies were published recently in this journal. Genomic data are well correlated
between studies; however, the measured drug response data are highly discordant. Although the source of inconsisten-
cies remains uncertain, it has potential implications for using these outcome measures to assess gene-drug associations
or select potential anticancer drugs on the basis of their reported results.
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Two large-scale pharmacogenomic studies were published recently in this journal. Genomic data are well correlated
between studies; however, the measured drug response data are highly discordant. Although the source of inconsisten-
cies remains uncertain, it has potential implications for using these outcome measures to assess gene-drug associations
or select potential anticancer drugs on the basis of their reported results.
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Pharmacogenomic agreement between
two cancer cell line data sets

The Cancer Cell Line Encyclopedia and Genomics of Drug Sensitivity in Cancer Investigators*

Large cancer cell line collections broadly capture the genomic diversity of human cancers and provide valuable insight
into anti-cancer drug response. Here we show substantial agreement and biological consilience between drug sensitivity
measurements and their associated genomic predictors from two publicly available large-scale pharmacogenomics
resources: The Cancer Cell Line Encyclopedia and the Genomics of Drug Sensitivity in Cancer databases.
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A comprehensive transcriptional portrait of human
cancer cell lines

Christiaan Klijn!, Steffen Durinck!-2, Eric W Stawiskil-2, Peter M Haverty!, Zhaoshi Jiang!, Hanbin Liu!,
Jeremiah Degenhardt!, Oleg Mayba!l, Florian Gnad!, Jinfeng Liu!, Gregoire Pau!, Jens Reeder!, Yi Caol-3,

Kiran Mukhyalal, Suresh K Selvaraj?, Mamie Yu3, Gregory ] Zyndal, Matthew ] Brauer!, Thomas D Wul,
Robert C Gentleman!, Gerard Manning!, Robert L Yauch3, Richard Bourgon!, David Stokoe3, Zora Modrusan2,
Richard M Neve?, Frederic ] de Sauvage?, Jeffrey Settleman3, Somasekar Seshagiri? & Zemin Zhang!

Tumor-derived cell lines have served as vital models to advance our understanding of oncogene function and therapeutic
responses. Although substantial effort has been made to define the genomic constitution of cancer cell line panels, the
transcriptome remains understudied. Here we describe RNA sequencing and single-nucleotide polymorphism (SNP) array
analysis of 675 human cancer cell lines. We report comprehensive analyses of transcriptome features including gene expression,
mutations, gene fusions and expression of non-human sequences. Of the 2,200 gene fusions catalogued, 1,435 consist of genes
not previously found in fusions, providing many leads for further investigation. We combine multiple genome and transcriptome
features in a pathway-based approach to enhance prediction of response to targeted therapeutics. Our results provide a valuable
resource for studies that use cancer cell lines.
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Reproducible pharmacogenomic
profiling of cancer cell line panels

Peter M. Haverty'*, Eva Lin?*, Jenille Tan?, Yihong Yu?, Billy Lam?, Steve Lianoglou', Richard M. Neve?, Scott Martin?,
Jeff Settleman?, Robert L. Yauch? & Richard Bourgon!

The use of large-scale genomic and drug response screening of cancer cell lines depends crucially on the reproducibility
of results. Here we consider two previously published screens, plus a later critique of these studies. Using independent
data, we show that consistency is achievable, and provide a systematic description of the best laboratory and analysis

practices for future studies.
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Figure 1 | gCSI, CCLE and GDSC drug response statistics reveal (equivalent to area under the log-dose/response curve) across tested
different patterns of response for specifically versus broadly active drug concentrations for cell lines as assayed by each pair of projects is
drugs. We include all lines in the two-way gCSI/CCLE overlap in the plotted for specifically active drugs (a) and broadly active drugs (b). 0%
top rows, and all lines in the two-way gCSI/GDSC overlap in the bottom corresponds to complete growth inhibition at all doses; 100% corresponds
rows (see Extended Fig. Data 3 for restriction to only those lines included to viability equal, on average, to untreated control wells. Values are capped
in the three-way overlap). In each panel, # refers to the number of lines at a maximum value of 100% for consistency with GDSC published data.

in common and plotted for each pairwise comparison. Mean viability gCSI values are derived from three biological replicates (Methods).



Cancer Therapeutics Response Portal

Cancer Therapeutics Response Portal &2

COMPOUNDS FEATURES TARGETS CLUSTER

Identifying and targeting cancer dependencies with small CTRPv2

« 481 compounds X 860 CCLs
m O I ec u I es « annotations for small molecules by protein target
« annotations for CCLs by mutation and lineage
« Interactive interface to explore clustering by small molecule and CCL
The Cancer Therapeutics Response Portal (CTRP) links genetic, lineage, and other cellular features of cancer cell lines to « cluster enrichments for small and CCL ar
o 0- 9 small-molecule sensitivity with the goal of accelerating discovery of patient-matched cancer therapeutics. « correlations to copy-number and gene-expression data
=5 We generated an 'Informer Set' of 481 small-molecule probes and drugs that selectively target distinct nodes in cell « correlation analysis on-the-fly
V)L NH NMe €l circuitry and that collectively modulate a broad array of cell processes. We quantitatively measured the sensitivity of 860 + box-whisker visualization
o] Me deeply characterized cancer-cell lines to Informer Set compounds, and have undertaken analyses connecting sensitivity to + dril-down to scatter plots and concentration-response curves
cancer features, including mutations, gene expression, copy-number variation, and lineage. These analyses, and links to the Etiebylineageiublypelirowinipode
N underlying da}a, arg provided openly on tpe CTBP. . ) o . << You are here
The CTRP is a living resource for the biomedical research community that can be mined to develop insights into small-
o Me)\\ molecule mechanisms of action and novel therapeutic hypotheses, and to support future discovery of drugs matched to
OH patients based on predictive biomarkers.
inhibitor of SHH pathway - _ _ F
JAm Chem Soc (2013) PfCYTDb Qi site antimalarial
ACS Med Chem Lett (2012)
Me
Me;Nl - :s¢0
Publications Complementary Resources i Me N/\:/\oo
PhHN Me
Please cite our cancer cell-line profiling Resource by referencing: 1) | The National Cancer Institute's CTD2 Network maintains an Open- Y Me, )()\/H
"Correlating chemical sensitivity and basal gene expression reveals b ; Access Data Portal that makes available raw data downloads from © 0
mechanism of action” Rees et al., Nat Chem Biol, 12, 109-116 (2016), =~ member Centers, including all raw sensitivity and enrichment data and
and other supporting information from the Broad related to this portal.
"Harnessing Connectivity in a Large-Scale Small-Molecule Sensitivity _ . _ _ CTRP v1
Dataset" Seashore-Ludlow et al., Cancer Discovery, 5, 1210-1223 (2015),and  The Cancer Cell Line Encyclopedia provides public access to genomic data, R RET
"An Interactive Resource to Identify Cancer Genetic and Lineage analysis and visualization for about 1000 cell lines. . pre—com;:?tued enrichment analysis and visualizations
Elipz‘;;,e: :4951 1;919:?1 tzg;r;)a Il Molecules” Basu, Bodycombe, Cheah, et The Genomics of Drug Sensitivity in Cancer provides public access to data on : f;l;e;:g !mtnfxx::?xm g TEck

the sensitivity of genomically characterized cancer cell lines to select

Acknowledgements compounds. Visit CTRPV1 >>

Project Achilles is a systematic effort aimed at identifying and cataloging
genetic vulnerabilities across hundreds of genomically characterized cancer
cell lines.

Carcar Target Discovery.

CTDZ waoeere - The Cancer Therapeutics Response Portal was
Rl developed by researchers at the Center for the Science of
N Therapeutics at the Broad Institute and is sponsored in
part by the NCI's Cancer Target Discovery and Development Network.
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Prole_ct Achllles is a- §Ystematlc effort aimed at ldentlfy|ng and Search Genes m
cataloging genetic vulnerabilities across hundreds of genomically

characterized cancer cell lines. The project uses genome-scale RNAi and
CRISPR-Cas9 genetic perturbation reagents to silence or knockout individual genes and identify those genes
that affect cell survival. By linking these genetic vulnerabilities to the genetic or molecular features of the
tumors, this project is providing the foundation for a “Cancer Dependency Map”.

Citing Achilles

m Cowley, Weir & Vazquez, et al. Parallel genome-scale loss of function screens in 216 cancer cell lines for the identification of context-
%:-‘E‘ :, specific genetic dependencies. Nature Scientific Data 1, Article number: 140035. September 30, 2014,
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A Word of Caution

A tale of two impostors

FEATURES

call myself a corrector,” says University
of Colorado geneticist Christopher
Korch. What Korch passionately wants
to correct is the contamination of lab-
oratory cell cultures, a problem that
has bedeviled biomedical research for
more than half a century. Over the past
15 years, he has published on 78 widely
used cell lines that turned out to be
overgrown with other cells. Thyroid lines
were actually d of mel. cells,

LINE OF
ATTACK

Christopher Korch is adding up
the costs of contaminated cell lines

have ignored my findings," Korch says.
“Not one of my published papers has led
to a retraction by a journal or scientist.
Less than 10 corrections have been issued,
when each false line I discovered affects
the cc lusi of h dreds or th d.
of papers.”

Now Korch has a band of allies and, he
hopes, a novel way to persuade recalcitrant
biologists: Zoom out from individual cases
of ination to show the big picture.

prostate tissue was displaced by bladder
cancer, and normal uterine cultures turned
out to be nothing but breast cancer, casting
doubt on countless studies of basic biology
and disease.

And yet until recently he has felt more
like a voice in the wilderness than a
catalyst for change. “All too often, scientists

938 27 FEBRUARY 2015 » VOL 347 ISSUE 6225

After a year of intensive data gathering and
analysis, he believes he has for the first time
begun to quantify the damage done to the
scientific enterprise by contaminated cell
lines. “We’re looking at tens of thousands of
publications, millions of journal citations,
and potentially hundreds of millions of
research dollars,” he says.

Published by AAAS

By Jill Neimark

Many widely studied cell lines continue to be overrun
by Hela cancer cells (displayed behind Korch).

A few scientists who have seen a
preliminary draft of Korch's white paper,
which is now under review at a journal,
have been moved to set changes in motion.
“What impresses me about Dr. Korch’s
analysis is that the problem is more
pervasive than I might have predicted,” says
Ferric Fang, a University of Washington,
Seattle, microbiologist who recently co-
authored a study estimating the amount of
National Institutes of Health (NIH) funding
wasted on a decade’s worth of papers that
had been retracted.

Fang, who edits the journal Infection
and Immunity, says he will present Korch's
findings to the leadership of the American

sclencemag.org SCIENCE

Christopher Korch estimated the impact of

research on two cell lines, HEp-2 and INT 407.
Due to contamination long ago. both are now

widely acknowledged to be composed of

cancer cells called Hela.

5789

ARTICLES

in 1182 journals may have used

HEp-2 inappropriately, producing an

estimated 174,000 citations

1336

ARTICLES

in 271 journals may have used INT 407

inappropriately, producing an
estimated 40,000 citations

$713

MILLION

Estimated amount spent on
the eriginal articles published
on INT 407 and HEp-2

$3.5

BILLION

Estimated amount spent on
subsequent work
based on those papers




Moving Forward

Clinical

CCR Translations
Commentary on Julien et al., p. 5314

The Promise of Patient-Derived Xenografts: The Best Laid
Plans of Mice and Men

Scott Kopetz, Robert Lemos, and Garth Powis

Cancer
Research

Cell line
xenografts

Cell lines
in vitro

Patient-derived Patient with

refractory cancer

xenografts

Compared with xenografts from previously established cell lines, patient-derived xenogr T
faithfully recapitulate the molecular diversity, cellular heterogeneity, and histology seen in No intlrJar:lt:t:lgral Higher intratumor High intratumor
although other limitations of murine models remain. The ability of these models to i heterogeneity heterogeneity heterogeneity heterogeneity
development and answer mechanistic questions will determine their ultimate use. Clin Canc
5160-2. ©2012 AACR. Modest diversity | | Modest diversity Higher number Full range of
e of molecular of molecular of molecular > molecular
subtypes subtypes subtypes subtypes
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© 2012 American Association for Cancer Research
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Figure 1. Cell line-based models have been criticized for their poor ability to predict outcomes for advanced patients with cancer (3). Patient-derived
xenografts have several characteristics that better recapitulate the clinical reality for patients. This tumor model "abacus" highlights areas of strength and
weakness of patient-derived xenografts as compared with the cell line and human models. Blue squares further to the right represent positive characteristics
of the patient-derived xenografts that are closer to the tumor biology of the patient.



Patient-Derived Tumor Xenografts (PDX)

Patient-derived tumour xenografts as models
for oncology drug development

John J. Tentler, Aik Choon Tan, Colin D. Weekes, Antonio Jimeno, Stephen Leong, Todd M. Pitts,
John J. Arcaroli, Wells A. Messersmith and S. Gail Eckhardt

Abstract | Progress in oncology drug development has been hampered by a lack of preclinical models

that reliably predict clinical activity of novel compounds in cancer patients. In an effort to address these
shortcomings, there has been a recent increase in the use of patient-derived tumour xenografts (PDTX)
engrafted into immune-compromised rodents such as athymic nude or NOD/SCID mice for preclinical
modelling. Numerous tumour-specific PDTX models have been established and, importantly, they are
biologically stable when passaged in mice in terms of global gene-expression patterns, mutational status,
metastatic potential, drug responsiveness and tumour architecture. These characteristics might provide
significant improvements over standard cell-line xenograft models. This Review will discuss specific PDTX
disease examples illustrating an overview of the opportunities and limitations of these models in cancer drug

development, and describe concepts regarding predictive biomarker development and future applications. B
Consented patient Surgically removed Engraftment Expansion Treatment phase (F; ... F)
Tentler, J. J. et al. Nat. Rev. Clin. Oncol. 9, 338-350 (2012); publishe ~ With cancer tumour (Fo) - phase (Fy) phase (F) I '
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Patient-Derived Tumor Xenografts (PDX)

Endocrine-Therapy-Resistant ESR1 Variants
Revealed by Genomic Characterization
of Breast-Cancer-Derived Xenografts

Shungiang Li,"*>'2 Dong Shen,*'? Jieya Shao,' Robert Crowder,” Wenbin Liu,* Aleix Prat,>® Xiaping He,® Shuying Liu,*
Jeremy Hoog,' Charles Lu,® Li Ding,%%° Obi L. Griffith,®> Christopher Miller,® Dave Larson,® Robert S. Fulton,®

Michelle Harrison,® Tom Mooney,® Joshua F. McMichael,? Jingqin Luo,?” Yu Tao,” Rodrigo Goncalves,

Christopher Schlosberg,? Jeffrey F. Hiken,® Laila Saied,® Cesar Sanchez,'? Therese Giuntoli," Caroline Bumb,’

Crystal Cooper,! Robert T. Kitchens,! Austin Lin," Chanpheng Phommaly,’ Sherri R. Davies,' Jin Zhang,®

Megha Shyam Kavuri,’ Donna McEachem,’" Yi Yu Dong,' Cynthia Ma,'-2 Timothy Pluard,’-2 Michael Naughton, -2

Ron Bose, 2 Rama Suresh,! Reida McDowell,’ Loren Michel,-2 Rebecca Aft,'2 William Gillanders, 2
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Patient-Derived Tumor Xenografts (PDX)

Drug sensitivity screening » Bioinformatics in
in preclinical models biomarkers’ dis
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Patient-Derived Xenografts Encyclopedia (PDXE)
(~1000 PDX models)
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e cine NIBR PDXE

High-throughput screening using patient-derived tumor
xenografts to predict clinical trial drug response

Hui Gaol7, Joshua M Korn!”/, Stéphane Ferretti>’, John E Monahan?, Youzhen Wang?, Mallika Singh>S,
Chao Zhang*$, Christian Schnell?, Guizhi Yang!, Yun Zhang?, O Alejandro Balbin!, Stéphanie Barbe?,
Hongbo Cail, Fergal Casey>, Susmita Chatterjee®, Derek Y Chiang!, Shannon Chuai?, Shawn M Cogan!,
Scott D Collins!, Ernesta Dammassa?, Nicolas Ebel?, Millicent Embry®, John Green!, Audrey Kauffmann?,
Colleen Kowall, Rebecca J Leary!, Joseph Lehar?, Ying Liang?, Alice Loo!, Edward Lorenzana®,

E Robert McDonald III!, Margaret E McLaughlin, Jason Merkin!, Ronald Meyer?, Tara L Naylor?,
Montesa Patawaran®, Anupama Reddy*®, Claudia Réelli?, David A Ruddy?, Fernando Salangsang®,
Francesca Santacroce?, Angad P Singh!, Yan Tang>, Walter Tinetto?, Sonja Tobler?, Roberto Velazquez!,
Kavitha Venkatesan!, Fabian Von Arx?, Hui Qin Wang?, Zongyao Wang*, Marion Wiesmann?, Daniel Wyss?,
Fiona Xu?, Hans Bitter!, Peter Atadja?, Emma Lees®, Francesco Hofmann?, En Li?, Nicholas Keen!,

Robert Cozens?, Michael Rugaard Jensen?, Nancy K Pryer>$, Juliet A Williams!-® & William R Sellers!8

Profiling candidate therapeutics with limited cancer models during preclinical development hinders predictions of clinical
efficacy and identifying factors that underlie heterogeneous patient responses for patient-selection strategies. We established
~1,000 patient-derived tumor xenograft models (PDXs) with a diverse set of driver mutations. With these PDXs, we performed
in vivo compound screens using a 1 x 1 x 1 experimental design (PDX clinical trial or PCT) to assess the population responses
to 62 treatments across six indications. We demonstrate both the reproducibility and the clinical translatability of this approach
by identifying associations between a genotype and drug response, and established mechanisms of resistance. In addition, our
results suggest that PCTs may represent a more accurate approach than cell line models for assessing the clinical potential

of some therapeutic modalities. We therefore propose that this experimental paradigm could potentially improve preclinical
evaluation of treatment modalities and enhance our ability to predict clinical trial responses.
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Figure 1 The Novartis Institutes for
Biomedical Research patient-derived
tumor xenograft encyclopedia (NIBR
PDXE). (a) Distribution of cancer
types in the PDXE by lineage
(n=1,075). (b) Similarity of PDXs
between passages and lineages
using Affymetrix mRNA expression
data (MAS5 normalized). x axis,
Pearson correlation coefficient (bar,
median; box, first and third quartile;
whiskers, data within 1.5*IQR of
lower or upper quartile; circles: data
outside whisker range). y axis,
passage distance (defined in
Supplementary Fig. 1); numbers in
parentheses, number of PDX pairs

in each passage distance. (c) Somatic
mutation frequencies in PDXs.
Points, individual PDX models;
parenthesis, number of models per
indication. Tumor types are ordered
by median somatic mutation frequency,
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and colored by chromosomal instability (CIN) score. Lower panel, relative proportions of the six different possible base-pair substitutions. SS, soft tissue
sarcoma; PDAC, pancreatic ductal carcinoma; EC, esophageal cancer; OVC, ovarian carcinoma; RCC, renal cell carcinoma; BRCA, breast carcinoma; CRC,
colorectal cancer; NSCLC, non-small cell lung carcinoma; CM, cutaneous melanoma. (d) Genomic landscape analysis of melanoma across PDXE, TCGA
and CCLE data sets. Parenthesis, number of models per indication; blue, homozygous deletions; salmon, amplification >5 copies; red, amplification

> 8 copies; light green, known COSMIC (Catalog of Somatic Mutations in Cancer) gain-of-function mutations; dark green, truncating mutations/frameshift
or known COSMIC loss-of-function; mustard, novel mutation; purple, pathway altered in at least one gene; gene names colored black or gray to indicate
inclusion in same-colored pathway listed above; percentages indicate percentage of samples altered for the given gene or pathway.
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Figure 2 Systematic approach for in vivo compound profiling using PDXs (PCT), and its reproducibility. (a) Feasibility assessment of 1 x 1 x 1 PCT
approach by Pearson correlation analysis. x axis, number of majority response from each response category; y axis, fraction of individual animal response
relative to the majority (average + s.e.m.). A total of 2,138 single-animal response data were collected and categorized from 440 unique treatment
models (Online Methods). CR: complete response; PR: partial response; SD: stable disease; PD: progressive disease. (b) Summary of compound
sensitivity in the PCTs. The BestAvgResponse was used to make response calls (Online Methods), and each square represents a PDX. A total of 62
treatment groups were tested in 277 PDXs across six indications (BRCA (breast cancer, n = 43), CM (cutaneous melanoma, n = 33), CRC (colorectal
carcinoma, n = 59), GC (gastric cancer, n = 64), NSCLC (non-small cell lung carcinoma, n = 36) and PDAC (pancreatic ductal adenocarcinoma,
n=42)). Arrow (CR—»PD, PR—PD, SD—PD, and CR>PD, PR>PD, SD>PD) indicates disease progression; > indicates progression seen after 64 d;

> pindicates progression in <64 d. (c) Waterfall plot of responses to the PI3K inhibitors CLR457 (n = 205) and BKM120 (n= 213) across all
indications; each bar represents an individual PDX. (d) Kaplan-Meier progression-free survival curve of PDXs treated with CLR457 (n = 205) and
BKM120 (n = 213) across all indications.
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Cancer immunotherapy:Monoclonal antibodies!41'¢!

Brand Approval | Approved
Antibody Type Target
name date treatment(s)
B-cell chronic
. lymphocytic
Alemtuzumab | Campath | humanized | CD52 2001 .
leukemia
(CLL)l
: : A bladder cancer
Atezolizumab | Tecentriq | humanized | PD-L1 2016 1]
. metastatic
Ipilimumab Yervoy human CTLA4 2011 291
melanomal?2!
refractory
Ofatumumab Arzerra | human CD20 2009
CLLI23]
unresectable
ligand activation of the or metastatic
. . programmed cell death melanoma,
Nivolumab Opdivo human 2014
1 (PD-1) receptor on squamous
activated T cells non-small cell
lung cancer(24!
. . programmed cell death metastatic
Pembrolizumab | Keytruda | humanized 2014 o4]
1 (PD-1) receptor melanomal?4!
non-Hodgkin
o Rituxan, ey 1997 [25]
Rituximab chimeric CD20 lymphoma
Mabthera

2010 cLL28l
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FDA Approves Merck's KEYTRUDA® (pembrolizumab) in Metastatic
NSCLC for First-Line Treatment of Patients Whose Tumors Have High PD-

L1 Expression (Tumor Proportion Score [TPS] of 50 Percent or More) With
No EGFR or ALK Genomic Tumor Aberrations

Efficacy Results from KEYNOTE-024

Endpoint KEYTRUDA Chemotherapy
) , S ) 200 mg every 3 weeks
Demontated Supero Pogression e andOvrall SurialCompered t oty i aents o (n=154) (n=151)
Tumors Expressed High Levels of PD-L1 PFS
fﬂaszzzﬂz;zfzzﬁi‘;%zzg;z‘;zfz:f;ﬁ?;”ﬁz;’3;,:zz,’;::::zﬁ;;;zf;i"g:z:’z%iif;zzzﬁiﬂCW-”"” Number %) of patients with event 73 (47%) 116 (77%)
e e s "7 1% Median in months (95% CI) 103(67. NA) 60(42,62
Monday, October 24, 2016 6:04 pm EDT Hazard ratio™ {95% CI) 0.50(0.37, 0.68)
p-Value (stratified log-rank) <0.001
0S
Number (%) of patients with event 44 (29%) 64 (42%)
Median in months {95% Cl) NR NR
{NR, NR) (9.4, NR)
Hazard ratio* {35% Cl) 0.60(0.41, 0.89)
p-Value (stratified log-rank) 0.005"
Objective Response Rate
0RR % (95% Cl) 45% (37, 53) 28% (21, 36)
Complete response % 4% 1%
Partial response % 41% 27%
p-Value (Miettenen-Nurminen) 0.001
Median duration of response NR 6.3
in months {range) (1.9+,14.5+) {21+, 12.64)

* Based on the stratified Cox proportional hazard model
TP-value is compared with 0.0118 of the allocated alpha for this interim analysis
NR = not reached
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THE XACTMICE YOU NEED FOR A TUMOR
MICROENVIRONMENT

By Brian Soper, Ph.D.

Human immune cells and the tumor microenvironment

Exciting progress is being made in the development of mice that support tumor growth in the presence of
a human immune system. A new publication in Oncogene (Morton et al., 2015) demonstrates the
importance of human immune cells in maintaining the microenvironment of patient derived xenografts
(PDX). The human immune cells infiltrate the tumor, stimulate lymphangiogenesis, and help to maintain
the original genetic expression profile of the PDX. These observations highlight the complex interactions
between tumors and the immune system and demonstrate the importance of these interactions in
maintaining original tumor fidelity. Maintaining all aspects of human tumor growth in a mouse may
enable identification of new treatment strategies that more accurately translate into clinical applications.
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ORIGINAL ARTICLE
XactMice: humanizing mouse bone marrow enables

microenvironment reconstitution in a patient-derived
xenograft model of head and neck cancer

JJ Morton'®, G Bird*®, SB Keysar', DP Astling’?, TR Lyons', RT Anderson’, MJ Glogowska', P Estes?, JR Eagles', PN Le', G Gan®,
B McGettigan', P Fernandez’, N Padilla-Just’, M Varella-Garcia', JI Song® DW Bowles’, P Schedin’, A-C Tan'3, DR Roop?’, X-J Wang®”,
Y Refaeli*” and A Jimeno'%”

The limitations of cancer cell lines have led to the development of direct patient-derived xenograft models. However, the interplay
between the implanted human cancer cells and recruited mouse stromal and immune cells alters the tumor microenvironment and
limits the value of these models. To overcome these constraints, we have developed a technique to expand human hematopoietic
stem and progenitor cells (HSPCs) and use them to reconstitute the radiation-depleted bone marrow of a NOD/SCID/IL2rg™/~ (NSG)
mouse on which a patient’s tumor is then transplanted (XactMice). The human HSPCs produce immune cells that home into the
tumor and help replicate its natural microenvironment. Despite previous passage on nude mice, the expression of epithelial,
stromal and immune genes in XactMice tumors aligns more closely to that of the patient tumor than to those grown in non-
humanized mice—an effect partially facilitated by human cytokines expressed by both the HSPC progeny and the tumor cells. The
human immune and stromal cells produced in the XactMice can help recapitulate the microenvironment of an implanted xenograft,
reverse the initial genetic drift seen after passage on non-humanized mice and provide a more accurate tumor model to guide
patient treatment.

Oncogene (2016) 35, 290-300; doi:10.1038/0onc.2015.94; published online 20 April 2015
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Figure 1. Overview and characterization of XactMice. (a) Schematic describing the generation of XactMice from human HSPCs, whose
progeny migrate into the xenograft and differentiate into stromal cells. The growth and composition of tumors can be compared in nude,
NSG and XactMice. (b) Flow cytometry measuring the expansion of HSPCs in vitro by the percentage of CD34/CD38+ cells. (c) Flow cytometry
detecting human hematopoietic CD3/CD45+ cells in peripheral XactMice but not NSG blood, indicating that the HSPCs have successfully
engrafted and are generating circulating lymphocytes. (d) The average percentage of human CD3/CDA45+ cells in the peripheral blood of
XactMice, as determined by flow cytometry, over the course of 7 months after engraftment. (e, f) There were no significant differences in
either CUHN0O04 or CUHNO13 tumor growth rates between nude, NSG and XactMice. Tumor measurements (W x Wx H)/2 were recorded from
all mouse strains in three separate experiments. Although tumors seem to grow faster in the NSG and XactMice, no statistical difference was
observed in growth between the three strains in these experiments. Average tumor volumes (mm?) with the standard errors were used to
create the recorded growth curves.
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Development and function of human innate immune
cells in a humanized mouse model

Anthony Rongvaux’1?, Tim Willinger!-'?, Jan Martinek?3, Till Strowig!%, Sofia V Gearty!,
Lino L Teichmann*>, Yasuyuki SaitoS, Florentina Marches?, Stephanie Halene’, A Karolina Palucka?,
Markus G Manz® & Richard A Flavelll-8

Mice repopulated with human hematopoietic cells are a powerful tool for the study of human hematopoiesis and immune function
in vivo. However, existing humanized mouse models cannot support development of human innate immune cells, including
myeloid cells and natural killer (NK) cells. Here we describe two mouse strains called MITRG and MISTRG, in which human
versions of four genes encoding cytokines important for innate immune cell development are knocked into their respective mouse
loci. The human cytokines support the development and function of monocytes, macrophages and NK cells derived from human
fetal liver or adult CD34* progenitor cells injected into the mice. Human macrophages infiltrated a human tumor xenograft in
MITRG and MISTRG mice in a manner resembling that observed in tumors obtained from human patients. This humanized mouse
model may be used to model the human immune system in scenarios of health and pathology, and may enable evaluation of
therapeutic candidates in an in vivo setting relevant to human physiology.
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From Bench to Bedside: Lessons Learned in Translating
Preclinical Studies in Cancer Drug Development

Christopher H. Lieu, Aik-Choon Tan, Stephen Leong, Jennifer R. Diamond, S. Gail Eckhardt

Manuscript received August 5, 2012; revised June 12, 2013; accepted June 17 2013.

Correspondence to: Christopher H. Lieu, MD, Division of Medical Oncology, University of Colorado, MS 8117, 12801 E 17th Ave, Aurora, CO 80045
(e-mail: christopher.lieu@ucdenver.edu).

The development of targeted agents in oncology has rapidly expanded over the past 2 decades and has led to clinically signifi-
cant improvements in the treatment of numerous cancers. Unfortunately, not all success at the bench in preclinical experiments
has translated to success at the bedside. As preclinical studies shift toward defining proof of mechanism, patient selection, and
rational drug combinations, it is critical to understand the lessons learned from prior translational studies to gain an understand-
ing of prior drug development successes and failures. By learning from prior drug development, future translational studies will
provide more clinically relevant data, and the underlying hope is that the clinical success rate will improve and the treatment of
patients with ineffective targeted therapy will be limited.

J Natl Cancer Inst;2013;105:1441-1456



Take Home Message

» Cancer cell lines capture the genomic
features of human cancers

« Comprehensive characterization of the
cancer cell lines served as rich resources
for studying human cancer biology

* Pharmacogenomics profiling in cancer cell
may identify putative biomarkers of drug
response for future validation



