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Abstract

Identifying genetic alterations that prime a cancer cell to respond to a particular therapeutic agent
can facilitate the development of precision cancer medicines. Cancer cell-line (CCL) profiling of
small-molecule sensitivity has emerged as an unbiased method to assess the relationships between
genetic or cellular features of CCLs and small-molecule response. Here, we developed annotated
cluster multidimensional enrichment analysis to explore the associations between groups of small
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molecules and groups of CCLs in a new, quantitative sensitivity dataset. This analysis reveals
insights into small-molecule mechanisms of action, and genomic features that associate with CCL
response to small-molecule treatment. We are able to recapitulate known relationships between
FDA-approved therapies and cancer dependencies and to uncover new relationships, including for
KRAS-mutant cancers and neuroblastoma. To enable the cancer community to explore these data,
and to generate novel hypotheses, we created an updated version of the Cancer Therapeutic
Response Portal (CTRP v2).

INTRODUCTION

Patient response to cancer medicines is increasingly tied to genetic or lineage features of
cancer cells (1). Identifying the small-molecule targets that exploit the context-specific
vulnerabilities of cancer cells can be critical for the development of novel precision
medicines. Furthermore, given the heterogeneous response of patients to cancer therapies
and the frequent development of drug resistance, it is imperative to identify the molecular
settings in which small molecules or combinations of small molecules lead to durable patient
responses (2, 3).

Cancer cell lines (CCL) have long served as models for therapeutics discovery, and profiling
the small-molecule sensitivity of CCL panels has emerged as a systematic method to relate
the genetic or cellular features of CCLSs to patterns of small-molecule response (4). The first
high-throughput CCL sensitivity profiling effort, the NCI-60, evaluated the response of 59
CCLs to >10° small-molecule probes to identify instances of differential responses to small-
molecule treatment among CCLs from various lineages (5). Unlike with cytotoxic
chemotherapies, patients respond at much lower rates and in a more context-restricted
manner to targeted therapies (4). In order to capture these clinically relevant, context-
specific events in profiling experiments, larger panels of CCLs that faithfully represent the
diversity of patient tumors are needed. Several recent studies have demonstrated the
feasibility of profiling the small-molecule sensitivity of much greater numbers of CCLs that
are genetically and cellularly characterized, with the goal of identifying genomic markers of
CCL response (6-9).

The ability of CCL sensitivity profiling to inform development of new patient-matched
therapies, particularly those targeting proteins other than oncogenes, remains to be proven.
Furthermore, optimal methods to design, execute, and analyze such experiments are still
being determined. For example, one report recently highlighted inconsistencies in drug-
response measurements within and between two reported sensitivity profiling studies (10).
Despite these open questions, many clinical genomic predictors of cancer-cell response to
small-molecule treatment can be recapitulated in CCL models (6-9). Furthermore, recent
efforts have demonstrated that CCLs derived from patients who developed resistance to
targeted therapies can be used in vitro to suggest combinations for overcoming resistance
(11). As such, we believe that the use of prudently selected small-molecule and CCL
collections in well-controlled sensitivity profiling studies, coupled with effective analysis
methods, has the potential to reveal context-specific dependencies of cancer cells.

Cancer Discov. Author manuscript; available in PMC 2016 May 01.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Seashore-Ludlow et al. Page 3

With this goal in mind, we measured the viability of 860 genetically characterized CCLs
individually against members of an “Informer Set” of 481 compounds, in 16 concentrations
in duplicate. The Informer Set comprises FDA-approved drugs, clinical candidates, and
small-molecule probes, resulting in the largest quantitative CCL sensitivity dataset available
to date. The small molecules were carefully selected to target a diverse array of protein
targets; the CCL panel encompasses 25 lineages, and comprehensive genetic
characterization is publicly available (8). To support the discovery of predictors of small-
molecule response, we developed a new annotated cluster multidimensional enrichment
(ACME) analysis. Compared with previously described methods, which aim to identify
response markers for each compound individually (6-9), the new method simultaneously
integrates information from multiple compounds and CCLs. ACME analysis detects small
molecules sharing a common target that perform similarly in the profiling experiment to
robustly identify protein targets upon which CCLs are dependent. Concurrently, the
common genetic and cellular information of CCLs that share patterns of response is found,
thereby pinpointing the likely CCL vulnerabilities that result in small-molecule sensitivity
from the large number of cataloged CCL genetic alterations (e.g., passenger mutations).
Using ACME analysis, we identified mechanisms of action previously unreported for
compounds in preclinical development, as well as candidate dependencies in the context of
neuroblastoma and KRAS mutation. A new resource containing associations based on our
method, and an exploratory visualization tool for browsing clusters, is publicly available in
an updated version of the Cancer Therapeutics Response Portal (CTRP v2; ref. 9), enabling
the cancer biology community to evaluate associations between the genetic and cellular
features of CCLs and small-molecule sensitivity profiles.

RESULTS

Generation of a New Small-Molecule Sensitivity Resource

The small-molecule Informer Set contains 70 FDA-approved agents, 100 clinical candidates,
and 311 small-molecule probes, enabling us to find clinically relevant genomic predictors of
drug response and potential opportunities for drug development or repurposing
(Supplementary Fig. S1A). To aid in the interpretation of the profiling experiments, we
curated known protein targets, creating a set of high-quality annotations (Fig. 1; ref. 12).
Around 115 of the probe compounds have no confirmed protein targets, including a number
of novel mechanism-of-action (nMoA) compounds selected for their ability to effect unique
gene-expression changes (Supplementary Fig. S1B; ref. 13). Overall, this Informer Set
targets more than 250 distinct proteins, encompassing a broad range of cell circuitry relevant
to CCL growth and survival. Moreover, we included small molecules with distinct structures
targeting the same protein targets, or with varying selectivities for overlapping protein
targets, to assess shared sensitivity patterns (Supplementary Fig. S1C and S1D).

Similarly, each CCL has been deeply characterized with respect to its genetic and cellular
features as part of the Cancer Cell Line Encyclopedia (CCLE) effort (8). In the profiling
experiment, CCLs were individually treated with each small molecule at 16 concentrations
in duplicate. Percent-viability curves were fit and an area-under-concentration-response
curve (AUC) was calculated for each compound—CCL pair, as a measure of CCL sensitivity
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to small-molecule treatment. Additional quality-control (QC) heuristics to ensure reliable
data were also implemented (Supplementary Methods). In analyses relating CCL features to
compound response, we included (i) classifications of primary site, histology, and histologic
subtype (Supplementary Figs. S1E and S2), and (ii) mutations and indels in 1,651 genes,
determined by targeted massively parallel sequencing (8). We further classified mutations as
follows: (i) nonsynonymous mutations in the coding region of a given gene; (ii) mutations at
a specific amino acid location in a gene; and (iii) specific amino acid changes at a given
location (e.g., associations to BRAF, BRAFV600, BRAFV600E),

ACME Analysis

Initially, we performed unsupervised, hierarchical clustering of AUC data independently for
each of compounds and 664 CCLs to examine the overall patterns of sensitivity present in
the profiling experiment (Fig. 2A; refs. 14, 15). We restricted the analysis to adherent CCLs
due to the greater sensitivity of suspension CCLs in this assay format (9), and further
excluded 3 CCLs lacking genetic or cellular characterization (Supplementary Table S2). In
order to account for the varying number of shared CCLs between small-molecule or CCL
pairs, the Pearson correlation coefficient for each pair was normalized to the number of
overlapping AUCs by Fisher z-transformation (Supplementary Fig. S3A, ref. 16). The
resulting z-score was then reconverted to a distance using a monotonic double-sigmoid
transformation that preserves the overall ranking of distances and emphasizes linkage
variation in the relevant part of the dendrogram (Supplementary Fig. S3B).

Visual inspection of the resulting clustered response matrix revealed horizontal and vertical
“stripes” of high sensitivity (low AUCs; Fig. 2A). These stripes likely correspond to broadly
(vs. narrowly) bioactive small molecules or “fragile,” frequently sensitive, CCLs (9).
Importantly, we observed sensitivity “hotspots,” restricted areas of sensitivity in the
clustered matrix, for small groups of compounds and CCLs. We then reasoned that certain
sensitivity hotspots, those which occur at the intersection of a cluster of CCLs sharing
genetic or cellular features and a cluster of small molecules with overlapping targets, could
reveal vulnerabilities of CCLs that impart sensitivity to small molecules (Fig. 2B).

To identify sensitivity hotspots automatically, we developed ACME analysis, in which we
applied three statistical tests to the clustered matrix. First, we located regions of sensitivity
in the clustered matrix that correspond to the intersection of one compound cluster and one
CCL cluster (Supplementary Fig. S3C). Second, to determine if the corresponding
compound or CCL clusters were statistically enriched for a feature annotation (protein
targets for compound clusters; mutation or lineage for CCL clusters), we probed each node
of the row or column dendrogram for annotation enrichment. We also used purity (fraction
of cluster members sharing the annotation) and confidence (fraction of total members
sharing the annotation present in the cluster) to identify nodes with a coherent biologic
signal (17). We retained sensitivity hotspots that simultaneously connected to an enriched
cluster of compounds and an enriched cluster of CCLs. The resulting associations represent
a new resource that can be mined to uncover relationships between small-molecule targets
and genetic or lineage features of CCLs. Insights resulting from sensitivity hotspots revealed
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by ACME analysis are highlighted below, as well as potential use cases of the new resource
now in CTRP.

Querying the Resource: Validating Known Vulnerabilities

First, we were able to recover clinically relevant relationships between the genetic
vulnerabilities of cancer cells sharing a cellular feature and FDA-approved therapeutics. For
example, a hotspot was observed for a cluster of proto-oncogene BRAFV800-mutant CCLs
and MEK/MAP2K1 inhibitors, such as selumetinib (18), and BRAF inhibitors, such as
PLX-4720 (Fig. 2C; Supplementary Fig. S4A). This particular group of CCLs is restricted to
the skin lineage, a finding that is also observed in patients (19). We also found that ERBB2/
HER?2 inhibitors target a cluster of CCLs from the breast lineage (Fig. 2D). Investigation of
copy-number variation and basal gene expression of this cluster reveals that these CCLs are
ERBB2 amplified, resulting in ERBB2 overexpression, thereby providing a mechanistic link
to the observed association (Fig. 2E; Supplementary Fig. S4B; ref. 20). ACME analysis
associates neuroblastoma cell lines with sensitivity to Aurora kinase (AURK) inhibitors.
Several studies have noted that models derived from childhood cancers with high MYCN
levels respond to AURKB inhibitors (Supplementary Fig. S4C; ref. 21). Intriguingly, we
observed that EGFR inhibitors target squamous cell carcinoma CCLs and upper
aerodigestive tract CCLs (Supplementary Fig. S4D). Sensitivity to EGFR inhibitors is often
linked to EGFR mutation status, and two CCLs harboring the EGFR7464¢l mytation, PC14
and HCC827, cluster together and respond dramatically to these EGFR inhibitors (9). The
CCLs in the two clusters above, however, are EGFR wild-type with high EGFR expression
(Supplementary Fig. SAE). This finding suggests two contexts where CCL response to
EGFR inhibitors may be dependent on high EGFR expression, an observation that is borne
out in clinical findings (22, 23). Thus, the clinically relevant response of specific patient
populations to small molecules can be captured by automated analysis of the profiling data.

Insights into Small-Molecule Mechanism of Action

ACME analysis inherently depends on knowledge of the small-molecule targets. The
analysis can also be used to assess the accuracy of reported targets by examining the small-
molecule clusters. We found clusters of small molecules enriched for BRAF, MTOR,
MDM2, or NAMPT modulators, where these targets represent the sole target annotation of
the compound. This observation indicates that CCL sensitivity measurements can capture a
variety of small-molecule modes of action, including protein—protein interaction inhibitors
and protein kinase inhibitors (Fig. 3A). These clusters have high purity and confidence with
respect to these protein target annotations, indicating high quality of the small-molecule
probes and suggesting high reproducibility within the profiling experiment (Supplementary
Fig. S4F). Furthermore, inhibitors targeting similar cell circuitry often cluster together. For
example, the AKT1 inhibitor MK-2206 clusters with other inhibitors of the PI3K pathway
(e.g., inhibitors of PIK3CA). Because activation of AKT1 occurs through a PI13K-dependent
mechanism, clustering of these compounds is probably mechanistically linked (Fig. 3A). For
compounds with multiple reported targets, clustering can reveal likely mechanisms of action
by which the compounds affect cell viability in the profiling experiment. KW-2449 is
reported to inhibit FLT3, ABL1, and AURKA (Supplementary Fig. S5A, ref. 24). This small
molecule clusters with multikinase inhibitors that modulate FLT3 and members of the
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VEGFR, FGFR, and PDGFR families, but not with other ABL1 or AURKA inhibitors in the
Informer Set, suggesting that the inhibition of FLT3 or related kinases by KW-2449 is likely
responsible for cell death across the CCL panel (Supplementary Fig. S5B).

In some cases, we find that clusters enriched for a particular protein target also contain
probes with unrelated target annotations, suggesting previously unreported targets or
activities for these compounds. This type of analysis led to our initial hypothesis that
STF-31, a putative GLUT1 inhibitor, was instead an NAMPT inhibitor (25). Here, we
identified a cluster of compounds known to interfere with mitosis, comprising (i) inhibitors
of microtubule dynamics, including both drugs (e.g., paclitaxel) and probes (e.g.,
nakiterpiosin; ref. 26), and (ii) inhibitors of the mitotic kinases PLK1 (e.g., GSK461364)
and KIF11 (SB-743921; Fig. 3A). Interestingly, small molecules nominally targeting the
MET proto-oncogene (tivantinib), the SRC proto-oncogene (KX2-391), PDE4A, B, and C
(MLO030), and ERG (YK-4-279) were also present in this cluster. Recently, the cytotoxicity
of tivantinib was tied to the disruption of tubulin polymerization both in biochemical and
cellular assays (27). We evaluated the effects of several of these small molecules on tubulin
polymerization in vitro and found that KX2-391, ML030, NVP-231, LY2183240, and
YK-4-279 modulated tubulin polymerization (Fig. 3B; Supplementary Fig. S5C and S5D).
Furthermore, cells treated with KX2-391 and YK-4-279 showed decreased a-tubulin levels,
indicating disruption of microtubule dynamics (Supplementary Fig. S5E). To decouple the
observed tubulin polymerization effects from cytotoxic effects, we further validated our
findings in a short-term cellular assay assessing microtubule network regrowth after cold
treatment. Similar to nocodazole treatment, KX2-391, ML030, NVP-231, ceranib-2, and
YK-4-279 reduced microtubule filament regrowth, indicating modulation of microtubule
assembly (Fig. 3C; Supplementary Fig. S6). Overall, these data suggest that the small
molecules found in this particular cluster likely induce cytotoxicity or growth inhibition in
the profiling experiment by targeting microtubule dynamics or mitotic arrest.

Using a similar approach, we identified a cluster containing three compounds selective for
the bromodomain and extraterminal (BET) family proteins (BRDT, BRD2, BRD3, BRD4),
as well as LRRK2-in-1, an LRRK2 inhibitor discovered by ATP-competitive kinase
screening (Fig. 3A, ref. 28). We evaluated whether LRRK2-in-1 also inhibited BRD4
bromodomains 1 and 2 using a time-resolved fluorescence resonance energy transfer (TR-
FRET) assay and found that LRRK2-in-1 inhibited the BRD4-acetylated peptide interaction
in vitro, with comparable affinity to GSK525762A (I-BET; Fig. 3D). Notably, two other
reported LRRK2 inhibitors (CZC 54252 and GSK2578215A) showed no activity in the
assay. To evaluate the cellular effects of LRRK2-in-1, MYC levels were examined in the
multiple myeloma CCL MM1S after compound treatment. MYC levels were diminished in
samples treated with known bromodomain inhibitors at comparable levels to those treated
with LRRK2-in-1 (Fig. 3E). Overall, these data suggest that LRRK2-in-1 is also a
bromodomain inhibitor and that small-molecule clustering can be used as a complementary
method to identify dual kinase—bromodomain inhibitors (29).
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Using ACME Analysis to Identify Optimal Contexts for Dual IGF1R-ALK Inhibition

By uncovering unreported mechanisms of action for biologic probes, ACME analysis can
identify the small-molecule target profile likely to be most effective in a particular context.
Ilustratively, the analysis revealed sensitivity of a group of neuroblastoma CCLs to IGF1R
inhibitors (Fig. 4A; Supplementary Fig. S7A and S7B). Recently, the anti-IGF1R antibody
cixutumumab has shown some clinical efficacy in a phase 1l clinical trial, including patients
with neuroblastoma (30). We note that the four IGF1R inhibitors included in our study
clustered with NVP-TAE684, a small molecule nominally targeting ALK (31). NVP-
TAEG684 was discovered in a Ba/F3 NPM-ALK fusion protein model, and initial
experiments suggested that, despite comparable biochemical inhibition of ALK, IGF1R, and
INSR, NVP-TAE684 was selective for the NPM-ALK fusion in cellular assays
(Supplementary Fig. S7C; ref. 32). Our results suggest IGF1R inhibition may also contribute
to the effects of NVP-TAEG684 in neuroblastoma cells. To evaluate this hypothesis, we first
showed that treatment with NVP-TAE684 leads to loss of phospho-IGF1R in NBL1 cells
(Fig. 4B). We then evaluated the sensitivity of a number of neuroblastoma CCLs to NVP-
TAEG684, BMS-754807 (IGF1R inhibitor), and crizotinib (ALK inhibitor). NVP-TAE684
has greater effects on viability of neuroblastoma CCLs compared with crizotinib, further
strengthening the notion that IGF1R inhibition contributes to its effects on cell viability (Fig.
4C; refs. 32, 33). In contrast, NVP-TAE684 and BMS-754807 have similar killing potential
in the neuroblastoma CCLs, except for the CCL NB1, which is not in the identified
neuroblastoma cluster.

To better understand why NB1 behaves differently than other neuroblastoma CCLs, we
compared the sensitivity profiles of BMS-754807 and NVP-TAE684 and found that NB1
responds similarly to CCLs harboring ALK fusions (Fig. 4D; Supplementary Fig. S7D).
Notably, NB1 has the highest expression of ALK among CCLs tested, leading us to
hypothesize that neuroblastoma CCLs with ALK overexpression may be more vulnerable to
dual inhibition of ALK and IGF1R than to inhibition of either protein alone (Supplementary
Fig. STE). Consistent with this hypothesis, cotreatment with crizotinib plus BMS-754807
significantly shifted the 1C5q compared with crizotinib or BMS-754807 alone in the NB1
CCL, as did cotreatment with NVP-TAE684 plus BMS-754807 (Fig. 4E and F).
Furthermore, the neuroblastoma CCL KELLY, which harbors an activating ALK mutation
(F1174L), clusters with NB1 (33, 34). KELLY also responds better to cotreatment with
BMS-754807 plus crizotinib, as do CCLs carrying ALK fusion proteins (Supplementary Fig.
S7F and S7G). Two additional small molecules with similar reported polypharmacology,
LDK-378 and AZD3463, gave comparable results for NB1, although the remainder of the
neuroblastoma CCLs were less responsive to LDK-378 (Supplementary Fig. S7H). Finally,
we found that treatment with dual ALK—-IGF1R inhibitors reduces phospho-AKT levels in
the ALK-overexpressed neuroblastoma CCL NB1 compared with treatment with IGF1R or
ALK inhibitors alone, suggesting that ALK overexpression could be a potential mechanism
of resistance to IGF1R therapies (Supplementary Fig. S71; ref. 35). ALK amplification is a
common event in neuroblastoma and has recently been tied to poorer prognosis (36). This
analysis reveals a clinically actionable combination that may provide a necessary therapeutic
effect (37).
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Using ACME Analysis to ldentify Synergistic Combinations

ACME analysis may associate a particular genetic or lineage feature to more than one small-
molecule target (Fig. 5A). We hypothesized that treatments with enhanced efficacy for a
particular cluster of CCLs might be obtained by combining compounds arising from the
different clusters identified by ACME analysis. This is especially important for compounds
such as MEK inhibitors, which predominantly exert a cytostatic effect in vitro and have not
produced significant clinical responses as single agents (38). Furthermore, it has been
hypothesized that combinations may lead to more durable patient response (3).

To explore this potential application of ACME analysis to our sensitivity dataset, we
examined small-molecule interactions in a group of CCLs enriched for KRAS mutations.
This CCL cluster was associated with multiple compound clusters, linking sensitivity of
these CCLs to MEK, IGF1R, SRC, EGFR, MTOR, PIK3CA, and HDAC inhibitors (e.g.,
Supplementary Fig. S8A). We selected exemplary compounds from five of these enriched
target classes to test in a combination panel, namely BMS-754807; dasatinib, a multikinase
inhibitor from the SRC cluster; afatinib, an irreversible EGFR inhibitor; selumetinib; and
entinostat, an HDAC inhibitor (Fig. 5B). We also included navitoclax, which is known to
synergize with MEK inhibitors in KRAS-mutant CCLs but was relatively nontoxic alone
(AUC = 13.9; ref. 38), and austocystin D, one of the most effective compounds in these
CCLs (Supplementary Fig. S8B; ref. 39). Three additional compounds were chosen from
target classes that were cytotoxic but were not identified by ACME analysis for this specific
CCL cluster: foretinib, crizotinib, and nutlin-3.

We devised an efficient high-throughput method to probe all pairwise combinations (45
total) of this set of 10 compounds in the KRASG12D-mutant CCL LS513 (Fig. 5B). Using
this approach, we uncovered 10 synergistic combinations and two antagonistic
combinations, where each combination had significantly more or less efficacy than additive
(Fig. 5C; Supplementary Fig. S8C). Overall, inhibitors suggested by the resource accounted
for 13 of the 20 (65%) synergistic partners identified. Whereas all of the compounds
suggested by ACME participated in at least one synergistic interaction, the three compounds
that were not identified by ACME did not produce synergistic combinations. As expected,
the interaction between selumetinib and navitoclax is synergistic (38); intriguingly,
navitoclax also synergized with BMS-754807 (Supplementary Fig. S8D). Other synergistic
relationships between dasatinib and BMS-754807, dasatinib and selumetinib, afatinib and
navitoclax, selumetinib and BMS-754807, and afatinib and selumetinib were suggested by
this approach (Fig. 5D; Supplementary Fig. S8D). Given the similarity in response of LS513
to MEK and IGF1R inhibitors, we delved deeper into the sensitivity of these CCLs to
IGF1R inhibitors and MEK inhibitors. We found a strikingly high correlation between
sensitivity to BMS-754807 and selumetinib in lung and large intestine CCLs harboring the
KRASC12 mutation. These inhibitor classes appear to target the same genetic vulnerability in
these mutants, implying a mutation-specific response to these small molecules (Fig. 5E;
Supplementary Fig. S8E; ref. 40). These preliminary data suggest that ACME analysis of
profiling data may be useful in nominating compounds for combination testing.
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DISCUSSION

Precision cancer therapies can achieve strong responses in specific patient populations by
targeting vulnerabilities particular to the underlying genetic alterations and lineage features
in the cancer. Developing new effective therapies and matching them to the right patients
requires both an understanding of the vulnerabilities that cancers acquire as a result of their
genetic and cellular features, and identification of the small-molecule targets which, when
modulated, can elicit a patient response. CCL sensitivity profiling has emerged as an
unbiased method to associate responses to small-molecule treatment with potential
predictive markers. Here, we report a sensitivity dataset that includes responses to a broader
range of small-molecule mechanisms of action than previously examined. Furthermore,
rather than focusing on identifying predictors of sensitivity to compounds individually, we
developed and automated an analytical methodology, ACME, to examine shared patterns of
response for CCLs and small molecules. By synthesizing information from multiple CCLs
and multiple compounds, we were able to strengthen associations of CCL sensitivity to a
given genetic or cellular feature and a protein target, and make our interpretation more
robust to identify, for example, previously uncharacterized polypharmacology of individual
probes. ACME analysis may help de-noise potential confounding factors, such as
discrepancies in mutation calling (41) or differences in growth media preference for each
CCL. Importantly, our approach also identifies new associations that may merit deeper
investigation for their clinical relevance, such as the efficacy of dual ALK- IGF1R
inhibitors in neuroblastoma CCLs.

In addition to identifying potential cancer vulnerabilities, CCL profiling can uncover
previously unreported protein targets for small molecules and drugs that may mediate their
effects on cell viability. Developing small-molecule modulators with selectivity for targets
of interest remains a major challenge for drug discovery. Here, we show that ACME
analysis can identify unexpected mechanisms of action for small molecules, such as the
inhibitory activity of LRRK2-in-1 on bromodomains. When a compound has multiple
mechanisms of action, ACME analysis can also provide insight into which protein target
may be primarily responsible for mediating the compound’s killing potential. As
information about relevant small-molecule targets can be critical in interpreting CCL
sensitivity experiments, we expect this dataset will be valuable to the cancer community that
is using small molecules to investigate cancer-relevant pathways.

Combination treatments may mitigate the development of the drug resistance often observed
with single-treatment therapies (42), yet principled methods to identify effective
combinations have yet to be defined. Unbiased combination screening has been used to
successfully identify acquired mechanisms of resistance to targeted therapies (43), though
the scale of experiments required to assess combinations prohibits the routine use of this
approach. Here, we developed a high-throughput method to rapidly assess interactions
between small-molecule treatments. Using this method, we proposed 10 synergistic
compound combinations. Corroborating our results, several of the synergistic pairs were
previously identified with alternative screening methods, such as the combination of IGF1R
and MEK inhibitors (44, 45). Furthermore, two inhibitor classes suggested by ACME
analysis that we did not test, those targeting MTOR and PIK3CA, have also been explored
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in combination treatments in KRAS-mutant CCLs (46, 47). Although we assessed a small set
of pairwise combinations, these results demonstrate the potential ability of profiling data to
inform selection of effective combinations. Interestingly, the interactions identified in our
studies appear to be specific to the genomic context of the CCLs, as the synergy between
crizotinib and BMS-754807 in the neuroblastoma CCL NB1 did not recapitulate in the
KRAS-mutant CCL LS513. This context specificity of combination therapies, mirroring the
context specificity of targeted single agents, further emphasizes the need for systematic
approaches such as CCL profiling to link sensitivity to the genetic and cellular features of
cancer.

This study has focused on only a small number of relationships between compound features
and cancer features. To enable wider analysis by the cancer research community, we created
a second generation of our publicly available Cancer Therapeutics Response Portal (9).
CTRP v2 is based on a foundation of quantitative sensitivity data on an unprecedented scale.
As new “omic” characterizations of the CCLs become publicly available, such as metabolite
levels, protein levels, or epigenetic markers, we intend to incorporate these features and their
analysis in subsequent versions of the CTRP. Furthermore, combinations of “omic” features
and/or pathway annotations of the CCLs could lead to greater insights into the sensitivity of
the CCLs to small-molecule treatments; for example, Haibe-Kains and colleagues found the
most consilience between datasets with pathway-based correlations (10). Efforts to address
these types of connectivity analyses are currently under way, and further analyses will be
incorporated into the public portal, including enrichment (9) and correlation analyses.

METHODS
CCL Profiling

An Informer Set of 481 small molecules (Supplementary Table S1) was tested for sensitivity
in 860 publicly available human CCLs. Using an automated platform, CCLs were plated at a
density of 500 cells per well in white, opaque tissue-culture—treated Aurora 1536-well
MaKO plates (Brooks Automation) in the provider-recommended growth media
(Supplementary Tables S2 and S10). Compounds were added 24 hours after plating by
acoustic transfer using an Echo 555 (Labcyte Inc.). The effects of small molecules were
measured over a 16-point concentration range (2-fold dilution) in duplicate. As a surrogate
for viability, cellular ATP levels were assessed 72 hours after compound transfer using
CellTiterGlo (Promega) with detection on a ViewLux Microplate Imager (PerkinElmer).

Sensitivity Data Processing

Log-transformed duplicate data were averaged during normalization of luminescence values
to vehicle (DMSO) treatment and background (media-only) wells, and at each compound
concentration, a D-score was calculated (9), which after re-exponentiation we used as the
percent-viability (PV) score. A total of 6,239,426 average PV response-point measurements
were computed across all cell lines, compounds, and concentrations. Prior to curve fitting,
we applied two QC heuristics to concentration—response data: (i) we checked whether the
highest 1 or 2 concentrations returned an otherwise low-viability signal back toward the
DMSO signal by 20% or more (indicating a likely problem with compound solubility at

Cancer Discov. Author manuscript; available in PMC 2016 May 01.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Seashore-Ludlow et al. Page 11

these concentrations); (ii) we computed a sum, 8, of the absolute change in response across
all pairs of adjacent concentrations. If this heuristic value remained below an acceptable
threshold (8 < n/8, where n is the number of concentrations), we fit all points without
censoring. Otherwise, we used Cook’s distance (48) during the curve-fit procedure to censor
outlier points, but did not allow the highest two concentration points to be censored this
way.

Curves were fit with nonlinear sigmoid functions, forcing the low-concentration asymptote
to 1 (appropriate for DMSO treatment) using a three 3-parameter sigmoidal curve fit. If the
predicted ICsq was higher than the highest concentration used, we refit with the bottom
asymptote forced to 0, using a 2-parameter sigmoidal curve fit to avoid problematic curves
with unrealistic 1Cggs and effect sizes. In total, we attempted 397,710 concentration—
response curve fits, of which 397,681 fits succeeded (99.993% success; average 15.6
concentration points each; 6,198,098 PV points total).

The AUC for each compound—CCL pair was calculated by numerically integrating under the
16-point concentration—response curve (Supplementary Table S3). Subsequent to curve
fitting and AUC calculation, we performed visual inspection of sets of curves to determine
additional QC heuristics (Supplementary Methods). In all, 395,263 concentration—response
curves were kept for further analysis (99.39% of those fit, 99.38% of total attempted).
Primary sensitivity data are available from the NCI Cancer Target Discovery and
Development (CTD?) Data Portal (ctd2.nci.nih.gov/dataPortal/).

ACME Analysis

We developed ACME analysis to automatically identify sets of related compounds to which
sets of related CCLs are specifically sensitive. After clustering compounds across all CCLs,
and CCLs across all compounds, regions of the resulting clustered heatmap (“hotspots™) are
tested statistically for fulfillment of three criteria: a hotspot must (i) be enriched in low
AUC:s (i.e., high sensitivities); (ii) correspond to a compound cluster enriched for a target
protein; and (iii) correspond to a CCL cluster enriched for a CCL mutation or lineage
annotation.

Correlation and Clustering—We developed a method to perform correlation-based
clustering on a matrix with missing data. First, we calculated pairwise correlation
coefficients using Pearson correlation. We used Fisher z-transformation to normalize the
correlations based on the number of non-empty elements shared by each pair, resulting in a
z-score for each correlation whenever two sets of responses shared at least 4 elements (16).
The Fisher-transformed z-scores were converted back to correlation distances using a
monotonic double-sigmoid transformation:
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which uses the distribution of linkage distances to emphasize variation in the most relevant
part of the resulting dendrogram without changing dendrogram connectivity. For this
transformation, we used k = 3 and derived a by tuning a single constraint, forcing the
double sigmoid to pass through the point (zjim, —0.95). Because the z-scores from Fisher
transformation are approximately normally distributed, we can map them to P values using
the cumulative distribution function for the normal distribution, ¢, »(X). To get zjjy,, we

) —log;o (Prim)+10g1(0.05)
find pljj, such that —108 10 (Pmin)+10g10(0.05) » where Pim = ¢(0,1)(Zlim), Pmin =
?0,1)(Zmin), and Zpn is the minimum z-score in the dataset (16). Finally, we generated
clusters by complete linkage of the resulting distances and stored all cluster node

memberships for further analysis.

=-0.95

Sensitivity Enrichment—For a clustered M x N matrix with corresponding M-2 “row”
nodes and N-2 “column” nodes (we did not consider singleton or root nodes), we identified
areas of sensitivity enrichment as the intersection of row cluster m and column cluster n for
which the Wilcoxon rank-sum test comparing AUCs in the intersection with the remaining
AUCs from m and n is significant [i.e., comparing AUCs in (m ~ n) with AUCs in (m & n);
Supplementary Fig. S3C]. This definition accounts for broadly active small molecules and
frequently sensitive CCLs in creating the appropriate null distribution for each putative
sensitivity hotspot. The resulting output was corrected using the Benjamini-Hochberg
procedure (49) to account for multiple hypothesis testing.

Cluster Node Enrichment—To compute enrichment of dendrogram nodes in annotation
terms (protein target for compound row nodes; lineage or mutation for cell line column
nodes), we consider only those annotations with =2 occurrences in the entire dataset. For
enrichment of dendrogram nodes in annotation terms, we use a method similar to CLEAN
(14). Specifically, for each of P annotation terms, we consider (M-2) x P or (N-2) x P
possible chances for a dendrogram node to be enriched in a term, applying a Fisher exact
test for each such comparison. P values resulting from Fisher exact tests were corrected
using the Benjamini-Hochberg procedure (49) to account for multiple hypothesis testing,
treating each distinct Fisher exact test as a separate hypothesis. Annotations are listed in
Supplementary Tables S4, S5, and S6. Final ACME analysis outputs appear in
Supplementary Table S7. See Supplementary Methods for filtering heuristics of ACME
analysis output.

Cellular Validation and Follow-up Assays

The small molecules and CCLs used in validation assays are listed in Supplementary Tables
S8, S9, and S10. CCLs for large-scale profiling were obtained from the Broad Biological
Samples Platform, thawed, and tested for sensitivity in tranches between January 2012 and
February 2013. When a reference SNP genotype was available for a CCL through the CCLE
project (8), we set aside a sample for SNP genotyping by Fluidigm as described (50). At the
time of publication, we have thus far positively matched 82.5% of the 664 CCLs analyzed in
this study to their reference genotype (Supplementary Table S2). As additional samples are
matched, we will provide updated information and analyses reflecting any changes at the
CTD? Data Portal (ctd2.nci.nih.gov/dataPortal/) and in CTRP v2 (9). Small molecules were
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transferred using a CyBi-Well Vario pin-transfer machine 24 hours after plating. Sensitivity
was measured using CellTiterGlo 72 hours after the addition of small molecules as
previously described (9). DMSO-normalized concentration-response curves were generated
using four-parameter sigmoidal nonlinear regression in GraphPad Prism. For the
combination treatment follow-up experiments, cells were plated at 1,000 cells per well in 20
uL. After 24 hours, 10 pL of additional media containing a small molecule or DMSO was
added. The second small molecule was added using pin transfer.

Combination Screening

Viability measurements were performed as described above (2-fold serial dilution). A 1:1
mixture of the top concentration of the individual compounds, followed by serial dilution (2-
fold), was used for combinations. Experiments were run in duplicate (r = 0.84; P < 6.4 x
10716; Spearman correlation). We determined the highest observed inhibition in response to
compound A, B, or A+B. Next, we observed the distance from no inhibition to this
inhibition level on the A+B concentration-response curve. Using a Loewe Additivity Model
(51), which assumes a compound does not interact with itself, and individual concentration-
response curves, we calculated an expected distance from no inhibition to this inhibition
level on the A+B concentration response. We computed a compound-interaction score
[logo(observed/expected)] for each compound pair. In this setting, a compound-interaction
score of 0 is interpreted as an additive compound pair, whereas significantly negative and
positive scores mean synergistic or antagonistic compound pairs, respectively. In order to
establish our experimental error, we conducted self-self compound-interaction controls
where each compound is mixed with itself as if it were a combination pair, which yielded a
mean of 0.01 and an SD of 0.07. We used a 99% confidence interval, giving —0.17 as our
synergy cutoff and +0.23 as our antagonism cutoff. We also required the combination score
in both replicates. This analysis results in 10 synergistic compound pairs and two
antagonistic pairs (Supplementary Table S11).

Western Blotting

Western blotting was conducted following a previously reported protocol (8). Primary
antibodies used were: phospho-ALK p-Y1604 (Abcam; ab62185), phospho-AKT p-S473
(Invitrogen; 700392), phospho-IGF1R p-Y1331 (Cell Signaling Technology; 3021),
GAPDH (Cell Signaling Technology; 2118S), ALK (Invitrogen; 51-3900), IGF1R (Cell
Signaling Technology; 3027), AKT (Cell Signaling Technology; 9272), and MYC (Cell
Signaling Technology; 9402S).

IGF1 Stimulation

Cells were plated into 6-well dishes or 10-cm plates. Upon reaching 75% confluence, cells
were serum-starved overnight. The next morning, cells were treated with compound at the
indicated concentrations for 3 hours, followed by IGF1 stimulation for 10 minutes (Gibco;
PHGO0078; 10 ng/mL). After 10 minutes, the cells were lysed for Western blotting.
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Tubulin Polymerization Assay

Tubulin polymerization assays were run using a fluorescent porcine tubulin kit
(Cytoskeleton; BK0O11P), according to the manufacturer’s conditions with either the
standard conditions (Supplementary Fig. S5A) or inhibitor conditions (Supplementary Fig.
S5B). The following final concentrations were used for each compound: nocodazole, 3
umol/L; paclitaxel, 3 umol/L; all other inhibitors, 10 umol/L.

Microtubule Regrowth Assay

NCIH661 cells were plated in NUNC Lab-Tek Il 4-chamber slides. After 24 hours, slides
were removed from the incubator and put on ice for 30 minutes. Following ice treatment,
cells were treated with compound or control and either fixed directly (aspirate media, 4%
formaldehyde) or incubated for 5 minutes at 37°C. After 5 minutes, the media were
aspirated and the cells were fixed (Supplementary Methods). Imaging was performed on a
Zeiss Cell Observer. Antibodies used were as follows: a-tubulin (Cell Signaling
Technologies; 3873P), phalloidin CF568-conjugated (VWR, 89138-134), and FITC 488.

BRD4 TR-FRET Assay

The TR-FRET bromodomain peptide displacement assay was run according to the
manufacturer’s conditions (Cayman Chemical; 600520). Each compound was run in
duplicate.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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SIGNIFICANCE

We present the largest CCL sensitivity dataset yet available, and an analysis method
integrating information from multiple CCLs and multiple small molecules to identify
CCL response predictors robustly. We updated the CTRP to enable the cancer research
community to leverage these data and analyses.
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Figure 1.
The Informer Set comprises 481 small-molecule compounds targeting a wide range of

proteins involved in cell growth and survival. Sunburst visualization of validated protein
targets of the small molecules in the Informer Set using protein family hierarchy from the
Panther database (12). Approximately 115 compounds within the Informer Set do not have
validated protein targets (nMoA). These compounds were included because they are known
to affect a specific process or pathway, or to elicit gene-expression responses not seen in
compounds having known mechanisms of action; however, they are not represented in this
visualization.
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Figure 2.

ACME analysis identifies hotspots that link genetic features of CCLs to patterns of small-
molecule response. A, clustered AUC matrix for 481 small molecules and 664 adherent,
genomically characterized CCLs, and the corresponding dendrograms (blue, CCLs; black,
small molecules). Gray represents AUC values that were not measured or did not pass QC
metrics. B, visualization of ACME analysis, which requires enrichment of small-molecule
annotation, CCL annotation, and sensitivity of CCLs to the small molecules. Depicted are
data for the association of sensitivity of chronic myeloid leukemia cell lines to treatment
with inhibitors of ABL1. Both compound and CCL clusters (red) and the area of sensitivity
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in the AUC matrix (black) are depicted. C, hotspot and corresponding dendrograms for
MEK inhibitors and BRAFY600 CCLs (left), including AUCs corresponding to the
intersection of the two clusters (black box). The distributions of the AUCs for compound
clusters, as well as the null distributions, can be visualized either with a fitted density curve
(middle; bin number selected to scale with the number of CCLs), or empirical cumulative
distribution function (CDF) plot (right). Each dendrogram segment is marked with the
corresponding maximum height. The purity of both the compound cluster and the CCL
cluster is 1. D, association of CCLs from the breast lineage with response to ERBB2
inhibitors. Visualization of the hotspot (black box) in the AUC matrix with the
corresponding dendrograms (left), and the corresponding empirical CDF plot (right). The
purity of both the compound cluster and the CCL cluster is 1. E, ERBB2 expression from
CCLE for available adherent CCLs and the CCLs in the breast CCL-enriched cluster.
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Figure 3.

ACME analysis sheds light on small-molecule mechanism of action. A, dendrogram of the
small-molecule Informer Set. Colored dots on the dendrogram denote the location of the
enlarged dendrogram segments displayed to the right (color-coded to boxes). The top left
inset (red box) is a “zoom in” of the cluster enriched for P13K signaling, and the bottom left
inset (blue box) contains one cluster enriched for MDM2 and one enriched for bromodomain
inhibitors. The right inset (orange box) is the antimitotic cluster discussed in the text. For
this inset, protein targets are colored by class: inhibitors of microtubule assembly (black),
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antimitotic kinase inhibitors with targets other than tubulin (red), and compounds with
nominal protein targets unrelated to microtubule assembly or mitotic kinases (orange). B,
recombinant tubulin polymerization assay. Every third data point is displayed. Each
compound was run in duplicate (paclitaxel, 3 pmol/L; nocodazole, 3 umol/L; KX2-391, 10
umol/L; YK-4-279, 10 umol/L; NVP-231, 10 umol/L; LY2183240, 10 umol/L). RFU,
relative fluorescence units. C, microtubule regrowth assay in NCIH661 cells. Cells were
cooled for 30 minutes on ice prior to compound treatment at time 0, and cells were either
fixed directly or warmed to 37°C for 5 minutes and then fixed, followed by immunostaining
for nucleus/DNA Hoechst stain (blue) and a-tubulin (green). All compounds were used at
500 nmol/L. D, BRD4 bromodomains 1 and 2 time-resolved FRET assay. E, Western blot of
lysates from MMLS cells treated for 6 hours with compound at the indicated concentrations.
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Figure 4.
ACME analysis associates the sensitivity of neuroblastoma CCLs to IGF1R inhibitors to

reveal the exquisite sensitivity of ALK-overexpressed neuroblastoma CCLs to dual IGF1R
and ALK inhibition. A, the three enrichments for IGF1R inhibitors and neuroblastoma
CCLs: row and column dendrograms and empirical cumulative distribution function (CDF)
of the AUC distributions. The purity of the compound cluster is 0.8 and the confdence is 1.
The purity of the CCL cluster is 0.55 and the confdence is 0.43. On the compound
dendrogram segment, IGF1R inhibitors (black) and NVP-TAE684 (inhibiting ALK; red) are
depicted. B, Western blot of lysates from NB1 cells that were serum-starved overnight,
followed by 3-hour treatment with NVP-TAEG684 at the indicated concentrations, and then
10-minute stimulation with IGF1. Experiments were repeated twice. These data confrm loss
of phophorylated (p) IGF1R upon treatment with NVP-TAE684. C, confrmation of profling
results for BMS-754807, crizotinib, and NVP-TAE684. The average of two replicates from
two independent experiments is shown. D, AUC-AUC comparison for NVP-TAE684 and
BMS-754807 with neuroblastoma CCLs (dark blue), CCLs with NPM-ALK rearrangement
(light blue), and EML4-ALK rearrangements (orange) highlighted. E, sensitization of
crizotinib by cotreatment with BMS-754807. Two independent experiments were
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performed. The average of one experiment with 5 to 7 replicates is shown. F, sensitization
of NVP-TAE684 by cotreatment with BMS-754807. Two independent experiments were
performed. The average of one experiment with 5 to 7 replicates is shown.
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ACME analysis suggests vulnerabilities of a specific genetic context of KRAS-mutant CCLs
to combination treatments. A, cartoon example of multiple hotspots for a single CCL cluster.
B, the 10 compounds probed in the combination screen in LS513 cells and the rationale for
their choice. Five were identified by ACME analysis. C, results from combination screen.
Two biological and two technical replicates of the high-throughput screen were performed.
The averages from the two biological replicates are shown. The synergy threshold is —0.17,
and the antagonism threshold is +0.23. D, validation of the synergistic combinations
identified. Two independent experiments were performed. The average of one experiment
with 5 to 7 replicates is shown for each combination. E, AUC comparison of BMS-754807
and selumetinib in KRASG12-mutant CCLs in lung and large-intestine lineages.
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