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Abstract

A systematic understanding of genotype-specific sensitivity or resistance to anticancer agents is
required to provide improved patient therapy. The availability of an expansive panel of annotated
cancer cell lines enables comparative surveys of associations between genotypes and compounds
of various target classes. Thus, one can better predict the optimal treatment for a specific tumor.
Here, we present a statistical framework, Cell Line Enrichment Analysis (CLEA), to associate the
response of anticancer agents with major cancer genotypes. Multi-level omics data, including
transcriptome, proteome and phosphatome data, were integrated with drug data based on the
genotypic classification of cancer cell lines. The results reproduced known patterns of compound
sensitivity associated with particular genotypes. In addition, this approach reveals multiple
unexpected associations between compounds and mutational genotypes. The mutational genotypes
led to unique protein activation and gene expression signatures, which provided a mechanistic
understanding of their functional effects. Furthermore, CLEA maps revealed interconnections
between TP53 mutations and other mutations in the context of drug responses. The TP53
mutational status appears to play a dominant role in determining clustering patterns of gene and
protein expression profiles for major cancer genotypes. This study provides a framework for the
integrative analysis of mutations, drug responses and omics data in cancers.
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Introduction

Genotypic variation in cancer cells is a major cause of inconsistency in anticancer drug
responses 3. Cancer cells exhibit extreme heterogeneity in terms of genomic mutations and
DNA copy number (Fig. S1). Thus, understanding the relationship between genotypic
variation and therapeutic compound responses is of critical importance for characterizing the
mechanism of compound action and predicting the efficacy of compounds in individual
cancer types and mutational backgrounds. Because collections of cell lines derived from
human cancers also exhibit diverse genotypic variations, they could potentially provide a
useful surrogate tool for studying genotype-dependent compound responses in cancers.
However, previous efforts have mainly focused on the lineage-dependent association
between cell lines and drug responses 4-°. The relationship between genotype and drug
response has not been systematically analyzed due to the limited number of tested cell lines
and lack of statistical confidence .

For example, the NCI60 data set, which includes over 40,000 compounds screened on 60
cell lines 7, has provided a useful resource for studying the cellular response of various
chemical structures. Several studies proposed quantitative models on structure-activity
relationships using NCI60 dataset, predicting cellular response of compounds with similar
structural features 8-10. However, the varied response on diverse compounds has not been
interpreted in terms of diversity of mutational genotypes in cancer cell lines. The number of
cell lines and genotypic diversity in the NCI60 set is not sufficient for statistically analyzing
the relationship between compound response and various cancer genotypes. Genotype-
correlated sensitivity to 14 kinase inhibitors has been surveyed using a large number (~500)
of cancer cell lines 11. It showed that several kinase inhibitors were highly sensitive to
cancer mutations, such as EGFR, MET and BRAF. More recently, over 150 cancer cell lines
have been simultaneously used for testing diverse classes of anticancer drugs and drug
candidates 12, Omics data such as DNA microarray profiles for the cell lines were also
included for an integrative analysis of drug response on selected lineages and genotypes of
cancer. Although the data revealed many interesting patterns in the associations, they did not
provide a quantitative and statistical measure on genotype-correlated drug sensitivity and
gene expression.

It has been suggested that cell line modeling provides a promising tool for recapitulating the
association of specific genotypes with drug sensitivity 3. In order to capture complex
patterns of association of cancer genotypes with drug response and omics profiles, we need a
systematic approach using an appropriate quantitative measure including a statistical
confidence. In this study, we developed and implemented a tool to study the relationship
between genotypes and compound responses by using a collection of compound screening
data on a large, diverse and highly characterized set of cancer cell lines. We obtained the
screening data, including a large collection of cell lines (over 300), for profiling the GI50
data of various anticancer compounds 11-12, Genotypic annotation (i.e., sense mutations and
gene amplification) is also available from public 14 and internal resources for most of the
tested cell lines. In addition, multi-level omics data, including transcriptome, proteome and
phosphatome data for the majority of the cancer cell lines were collected for the
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identification of genotype-specific omics signatures and for better interpretation of
genotype-specific compound responses. In order to quantitatively associate various
experimental data (such as G150, gene expression, and protein expression.) with genotypes,
we designed a simple rank-based method, Cell Line Enrichment Analysis (CLEA). CLEA
yields an enrichment score for the selected cellular property (genotype, lineage) against a
given experimental observation (such as drug response, gene/protein expression or protein
activation). A rank-based approach provides a consistent measure on heterogeneous data
which have varied distributions on different experimental scales. It has been widely used in
validating computer-based virtual screening processes in drug discovery. In order to provide
a statistical confidence for this enrichment score, we designed a permutation analysis by
random shuffling of cell line annotations, i.e., genotype or lineage.

The goal of this study was to provide tools able to recapitulate the association of genotypes
with drug sensitivity and/or omics data files. As a proof of concept, we attempted to
reproduce many known genotype-specific patterns of drug sensitivity, together with
unexpected new association patterns. We also applied CLEA for the identification of
genotype-specific signatures in gene expression, protein expression and protein activation.
We expect that the present system-level study provides both novel tools and insights on
genotype-based cancer therapy and biomarker discovery. Furthermore, it has applications in
identifying and optimizing therapeutic windows of single or combined anticancer agents.

Materials and Methods

Data acquisition and generation

G150 data of 34 compounds on various cell lines were obtained from Greshock and
McDermott 11-12 Microarray gene expression data for 300 cell lines were obtained from
Bioinformatics Grid™ (caBIG) of the National Cancer Institute (downloaded from https:/
cabig.nci.nih.gov/caArray GSKdata/). This data set has 950 arrays performed in triplicate
for each cell line. Additionally, the microarray gene expression data for the NCI60 set were
obtained from Shankavaram 1. The data sets based on Affymetrix HG-U133A chips are
available online at http://discover.nci.nih.gov/cellminer.

The RPPA (Reverse Phase Protein Array) data set was generated using a total of 170 cancer
cell lines that were included in the compound screening and DNA microarray experiments.
They were purchased from several vendors (American Type Culture Collection;
Developmental Therapeutics Program, National Cancer Institute; German Resource Centre
for Biological Material; and European Collection of Animal Cell Cultures) and grown to
standard culture media recommended by the vendor. Genetic identity of cell lines were
determined by cross comparing all cell lines in this set 11712, Cells were maintained in RPMI
1640 supplemented with 5% fetal bovine serum at 37°C in a humidified 5% CO»
atmosphere. Proteins were harvested when the cells reached approximately 70% confluence.
These cells were lysed in buffer containing 1% Triton X-100, 50 mM Hepes pH 7.4, 150
mM NacCl, 1.5 mM MgCl,, 1 mM EGTA, 100 mM NaF, 10 mM NaPPi, 10% glycerol, 1
mM NazVO,4 and Complete Protease Inhibitor Cocktail (Roche Diagnostics). Protein
supernatants were isolated using standard methods 16, and protein concentration was
determined using the BCA assay (Pierce). Samples were diluted to a uniform protein
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concentration and denatured in 1% SDS for 10 minutes at 95°C. Samples were stored at
-80°C until use. RPPA analysis was performed as described previously 16-18. A logarithmic
value reflecting the relative amount of each protein in each sample was generated for
subsequent analyses. The RPPA analysis was performed using a total of 108 antibodies. The
assignments of mutational genotypes for individual cell lines were determined based on the
annotation of the COSMIC Sanger database. Genotypes were further confirmed by direct
sequencing of target genes.

CLEA calculation

We designed a statistical analysis to associate experimental data (compound response
(Glsp), gene/protein expression or protein phosphorylation) with cancer lineages or
genotypes (i.e., mutations). Each of tested cell lines were classified into pre-defined 13
lineages and 17 genotypes (Table S1). Since most cell lines contained mutations on multiple
genes, each cell line was classified into multiple genotype categories. Minor mutational
genotypes were excluded in the categories for the statistical confidence of the analysis. To
quantify the association between the experimental observation (GlggG, gene/protein
expression or protein phosphorylation) and a lineage (or a genotype), a prioritization score
of given lineage (or genotype) on the experimental observation was calculated. For example,
the prioritization of cell lines of a particular genotype for the given experiment (e.g., Glgg)
was analyzed on a Receiver Operator Curve (ROC) plot 9. Ranking the cell lines, starting
with the cell line most sensitive to a given drug (or gene/protein expression, protein
phosphorylation), was used to generate ROC curves (See details in Figure S2). A ROC
curve describes the tradeoff between sensitivity and specificity. Sensitivity is defined as the
ability of the model to avoid “false negatives” (i.e., where a cell line without the mutational
genotype is a good responder to the experiment), while specificity relates to its ability to
avoid “false positives” (i.e., where a cell line with the mutational genotype is a poor
responder). Thus, the area under the ROC curve (AUC) is a measure of accuracy in the
association of the genotype to the given experimental condition. An AUC value of 0.5
represents no association, while 1.0 represents perfect association. The AUC of the ROC
plot is a measure of “sensitivity” or “resistance” of a given genotype to a drug. Number of
cell lines in classes of lineages and genotypes are varied, thus the statistical significance (p-
value) for the AUC score is assigned through permutation tests by repeating random
shuffling of the ranked list of a lineage or a genotypes 1,000 times. For DNA microarray
data, we carried out 100-time permutation, due to the overwhelming number of associations
for each of >40,000 gene probes. We calculated AUC and its p-value for every lineage and
genotype on drug data, gene/protein expression and protein phosphorylation data,
independently.

Network analysis

In the analysis of drug response data, Pearson’s correlation coefficient (PCC) between
mutational genotypes were calculated using the CLEA values (-log p-value) of the 34
compounds on cancer genotypes. The PCC cutoff values for a link were 0.4 and —0.4 for
positive and negative correlations, respectively. The compound, gene and protein signatures
that shared a common genotype association as determined through the CLEA calculation
were integrated. Pearson’s correlation coefficient (PCC) and its p-value between compound
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and omics signatures were calculated using the —log(p value) of the AUC values derived
from the CLEA calculation. Genes and proteins with a significant correlation to a compound
(p<0.01) were selected. In addition, the PCC cutoff values of genes for a link were 0.85 and
-0.85 for positive and negative correlations, respectively. Finally, the network was
constructed for the selected 1170 links between compounds and omics signatures using the
Cytoscape tool 20, In the analysis of the phosphatome data, the Forced-Directed layout
algorithm within Cytoscape was used to optimize the network topology based on the PCC
values. Only significant PCCs (p<0.01) were selected for the positive and negative
correlations, respectively.

Results and Discussion

Genotype-dependent drug response

We integrated the G150 profile of 34 compounds on 310 human cancer cell lines. These
compounds are known to interact with major cancer targets, such as PI3K, IGF1R, VEGFR,
ERBB, AKT and MEK (Table S2) 11-12, |ndividual compounds showed a wide range of
G150 values on the tested cell lines (Fig. S3). For example, compounds such as paclitaxel
and GSK637 showed consistently low GI50 values on most cell lines, while other
compounds exhibited highly selective inhibitory effects (low GI50) on only a small number
of cell lines. Compounds such as GSK212 (MEK inhibitor), GSK916 (AURK inhibitor) and
temsirolimus (MTOR inhibitor) showed extreme selectivity in the tested cell lines. This
result is compatible with the recent trend of target-oriented design of anticancer agents,
which results in a narrow range of sensitivity in a collection of cancer cell lines.

In this study, we quantitatively determined the association of compound response with
lineage and genotype using CLEA on a large dataset of GI50 results. A total of 17 genomic
aberrations, including mutations and copy number amplification, were used to classify 310
cell lines into different cancer genotypes in addition to a lineage-based classification (Table
S3). First, the 310 cell lines were classified into 13 lineage classes, and their CLEA map for
34 given compounds was calculated. The lineage-based CLEA map separated compounds
into two major groups (Fig. 1A). Many different target classes of compounds, including
IGFR and PI3K inhibitors, were clustered together, exhibiting common sensitivity in breast
and leukemia cell lines. In general, compounds with different targets did not show
distinguishable associations with lineage classes. In addition, two putative MEK inhibitors,
GSK212 and AZ628, showed different patterns of lineage association, potentially due to
different off-target activities or different pharmacological activities. GSK212 was uniquely
active in colon, pancreas and melanoma cell lines, while AZ628 showed no selectivity in
colon lines but was active in CNS, lung and sarcoma lines. These results indicate that the
lineage-based association study does not provide a general insight into the mechanism of
compound action.

The CLEA map for the 34 compounds was generated using 17 genotypic categories (Fig.
1B). Compounds sharing a common target class showed a similar association profile on a
number of cancer cell genotypes. The genotype-based CLEA map separated compounds into
three major groups in which IGF1R and PI3K compounds showed expected and
distinguishable association patterns with cancer genotypes. Interestingly, the genotype
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associations for less sensitive compounds (middle of Fig. 1B) were weak, including the
AURK inhibitors, sunitinib, sorafenib and Met compounds. Generally, genotype association
was strong for the PI3K, IGF1R and MEK compounds. MY C amplification (MY C-Amp)
and the NRAS mutation were shown to be major genotypes for which IGF1R inhibitors had
significant selectivity. In contrast, the ERBB2-Amp and PIK3CA mutant lines were highly
sensitive to most PI3K compounds. The only exception was GSK478A, which targets PI3K
delta and has a unique association with EGFR mutations. The MEK inhibitors AZ628 and
GSK212 clustered together in this analysis, exhibiting common sensitivity to NRAS and
BRAF mutations. These data correlate with evidence that BRAF mutations predict
sensitivity to MEK inhibition, and this dependency is independent of tissue lineage 2. In the
present study, we found that GSK212 shows additional selective activity in other genotypes,
including APC, KRAS, CTNNB1 and CDKN2A mutations. This additional sensitivity of
GSK212 might cause the discordance between the activities of the two MEK inhibitors in
the lineage-dependent CLEA map. These data suggest that the dependency on MEK activity
offers a rational therapeutic strategy for these genetically defined tumor subtypes. The
clustering pattern in Fig. 1B indicates that the present genotype-based CLEA method
provides a novel, useful tool for identifying sensitive (or resistant) genotypes for a
compound and, thus, can potentially be used for optimizing the therapeutic selection of
anticancer compounds in clinical applications.

In order to further analyze the compound response among different mutational genotypes,
pair-wise correlations between mutation groups were calculated using their CLEA values on
34 compounds (Fig. 2). In general, positive correlations were observed among oncogenic
mutations, while negative correlations exist between a tumor suppressor and an oncogene.
Additionally, mutations in common signaling pathways were relatively well correlated with
their compound responses. Furthermore, the drug response of the BRAF and KRAS
mutations in the ErbB signal pathway were positively correlated to that of the CTNNB1 and
APC mutations in the Wnt signaling pathway. The mutation of APC, a tumor suppressor in
the TGFp signaling pathway, was strongly correlated with the KRAS oncogenic mutation,
which may account for the apparent sensitivity of cells with APC mutations, for example
with the MEK inhibitor (GSK212) and the broad activity of the IGF1R inhibitors (Fig. 1B).
The mutation of RB1 in the cell cycle pathway was negatively correlated with mutations in
the ErbB and Wnt signaling pathways in terms of compound response. The compound
response of cells with STK11 (LKB1) mutations was negatively correlated to that of cells
with mutations in the mTOR pathway, such as PIK3CA. The STK11 mutation was also
negatively correlated to many other mutations, such as ERBB2-Amp, APC and TP53. A
logical inference from these observations is that compounds with selectivity for cells with
RB1 or STK11 mutations might be good candidates for combination with inhibitors of the
ErbB and PI3BK/mTOR pathways, thus improving their anticancer efficacy.

TP53 dependency in compound response

Genotypic categories can be further divided by combining different mutations, thus
assessing the effects of coordinate mutations in single tumors. The activation of oncogenes
by nonsynonymous mutations or copy gains is often considered independently. However,
results from Modrek et al. (2009) suggest that activating mutations and copy gains may
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often occur within the same tumor. Survey data in Fig. S1 show that mutation of TP53 is
frequent in all major cancer lineages. To reflect this observation, we divided each of the
genotypic categories in Fig. 1B into two groups: one with TP53 mutations and the other
without TP53 mutations. A genotype-based CLEA map for the 34 compounds was
recalculated using 20 categories of combined mutations (Fig. 3). Strikingly, the inclusion of
the TP53 co-mutation improved the clustering of most compounds based on their target
classes, such as IGF1R, AKT, PLK, MEK and PI3Ks, suggesting that TP53 mutations alter
the response to multiple classes of targeted therapeutics. Furthermore, the response of the
different genotypic classes clustered based on the existence of a TP53 co-mutation. With the
exception of NRAS mutations, all genotypes showed TP53 mutation-dependent
classification patterns.

PI3K, mTOR and AKT inhibitors were highly correlated with PI3KCA mutation status
when TP53 was co-mutated, but less so when wild type TP53 was present. IGF1R inhibitors
were highly active in cells with NRAS and RB1 mutations and wild type TP53 compared to
cells with mutant TP53. Three IGF1R inhibitors were also active in cells with BRAF and
CTNNB1 mutations when TP53 was co-mutated. Interestingly, lapatinib was active in most
mutational categories with TP53 co-mutation, while MK0467, AURK and FLT3 inhibitors
were exclusively active in cells without TP53 co-mutation. This result supports the fact that
lapatinib was selectively active in cells with TP53 mutations but that MK0467, AURK and
FLT3 inhibitors were inactive in the same cell sets. Thus, the genotype-based sensitivity to
compounds in many classes of targeted therapeutics is highly dependent on the co-
mutational status of TP53. TP53 plays a critical role in the progression in most cancer
lineages 2224, CLEA maps showed that consideration of the co-mutational status of TP53 in
various cancer genotypes is of critical importance in evaluating the sensitivity of target-
oriented compounds in cancer therapy.

In contrast, the activity of MEK inhibitors was relatively independent of TP53 co-mutation.
GSK212 and AZ628 showed activity against cell lines with BRAF and NRAS mutations,
which was independent of TP53 mutational status. GSK212 showed activity against KRAS
and CTNNB1 mutations, regardless of TP53 mutational status. MY C-Amp cell lines were
consistently sensitive to IGF1R inhibitors, regardless of TP53 mutations status. Previous
studies have shown that MY C expression is disrupted by IGF1R inhibition 25-26, The
present analysis, which demonstrates that MY C amplification can predict TP53-independent
sensitivity to IGF1R inhibitors in cancer cells, corroborates this observation.

Genotype-based analysis of omics data

In addition to compound responses, a genotype-based CLEA map for protein activation was
generated using the RPPA data for 32 independent phosphoproteins (Fig. S4). As indicated
above, with drug response, the mutational status of TP53 plays a major role in determining
the sensitivity of many genotypes. In contrast, protein phosphorylation patterns were
relatively consistent in a genotype, regardless of the mutational status of TP53. Overall, the
major signaling network-specific signatures were clustered together in the present genotypic
categories (Fig. 4). Proteins associated with the PI3K/AKT signaling network (phospho
GSK3, TSC2, AKT and PDK1) were specifically activated in cell lines that contained a
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PTEN or PIK3CA mutation with a TP53 co-mutation. The genotypic association of these
signatures was consistent with their sensitivity to the PI3K inhibitors (Fig. 3). These data
provide evidence that sensitivity to PI3K inhibitors in a given genotype is related to the
signaling cascades reflected by these four signature phosphorylation events. MEK1, MAPK
and p90RSK signatures of MAPK/Erk signaling networks clustered together with BRAF
mutations. Their phosphorylation pattern was not dependent on the mutational status of
TP53, thus explaining the TP53-independent sensitivity of MEK inhibitors in BRAF
mutations. IGF1R inhibitors were highly associated with MY C-amp genotypes (Fig. 3). The
phosphorylation of cMY C and ER was highly associated with the MY C-amp genotype, as
expected. In addition, SGK and IGFR1 were shown to be specifically activated in MYC-
amp genotypes (Fig. S4). SGK has been reported to play a role in cMYC stabilization 27.
Network analysis showed that SGK phosphorylation is directly correlated with MYC
activity (Fig. 4). The ERBB2-amp genotype was associated with the phosphorylation of
many proteins in the ErbB/HER signaling networks.

The expression of 76 cancer-related proteins was also analyzed against mutational genotypes
using the CLEA method. The overall association of protein expression with mutant
genotypes was dependent on the co-mutational status of TP53 (Fig. S5). Many different
genotypes clustered together based on the mutational status of TP53. In wild type TP53 cell
lines, mutations such as CTNNB1, KRAS, PIK3CA, CDKN2A and STK11 were enriched
with respect to the over-expression of signatures in the cell cycle signaling network (Rb,
Cyclin D1, p21, c-Myc and B-Catenin). MYC-amp and NRAS mutations were highly
associated with high levels of proteins in the MAPK and apoptosis signaling networks
(INK2, HER2, ER, Stathamin, Caspase7, BIM, cKIT, FOXO3a and Caspase3), which were
also independent of the TP53 genotype.

A CLEA map of gene expression was also produced using microarray data for the 310 cell
lines. A total of 1,722 gene probes showed a significant (p<0.01 and AUC>80) association
with a particular genotype (Fig. S6A). In general, the gene expression data separated the
genotypes into clusters based on the mutational status of TP53. When we selected 252 gene
probes with consistent patterns (p<0.01) of genotype association between the GSK and
NCI60 data sets, they clearly separated based on the mutational status of TP53 (Fig. S6B).
Most of selected 252 gene signatures that had significant association with mutational
genotypes were involved in cancer-related pathways when they were analyzed against the
KEGG pathway database (i.e., p53 signaling pathway, focal adhesion, cell cycle, MAPK
signaling pathway, apoptosis, ERBB signaling pathway, PI3K signaling pathway, mTOR
signaling pathway) (Table S4). Interestingly, genes involved in p53 signaling and cancer
pathways were the most abundant in the selected genotype-specific gene signatures. These
observations confirm that the mutational status of TP53 plays a major role in the genotype-
based classification of transcriptome data.

Integration of compound and omics data

In this study, we demonstrated that CLEA provides a novel and general tool for the analysis
and integration of cancer mutations, compound responses and omics profile data. For
example, the sensitivity of the MEK inhibitor GSK212 was associated with the NRAS,
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KRAS and CTNNB1 genotypes in addition to the BRAF genotype (Fig. 3 and 5A) and was
not dependent on the mutational status of TP53. From the integrative CLEA analysis of the
protein expression and phosphorylation data sets, the ErbB, MAPK and mTOR signaling
networks were classified into three groups based on genotype-based specificity (Fig. 4 and
5B). KRAS and CTNNB1 mutations showed a similar profile to each other in protein
signatures, while NRAS and BRAF mutations had unique signature proteins. 4EBP1,
Caspase3, Caspase?7 and Stathmin were highly associated with the NRAS mutation. The
phosphorylation or expression of ER, PDK1, p85PI13K and SGK was up-regulated in both
NRAS and BRAF mutations. AKT, p-catenin, MAPK, FAK and MEK1/2 were uniquely
associated with BRAF mutations. p90RSK and PTCH were up-regulated in association with
KRAS, CTNNB1 and BRAF mutations. In the case of KRAS or CTNNB1 mutations, p-
catenin, E Cahedrin, cMyc and STAT were exclusively up-regulated.

In conclusion, CLEA enables associations to be made between mutational genotypes and
compound responses, transcriptome data and proteomics data with high statistical
confidence. Using the p-value of the association between a genotype and experimental data,
we generated a network that integrates compound and omics data based on the similarity of
genotype association (Fig. 6). This network reveals drug-oriented clustering of omics
signatures for cancer genotypes. A complete list of gene and protein signatures for
individual clusters of compounds is available in Table S4 and provides direct clues on how
genotype-specific signatures in diverse cancer pathways are correlated to compound
responses, thus providing insights on the mechanism of action of the tested drugs.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Genotype-based CLEA map for 34 compounds
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The —log(p-value) of the AUC is represented in different colors. Red represents a positive association of a drug with a cell line
class, while green represents a negative association. Each cell line was combined into lineage or genotypes using CLEA method.
The lineage association map is shown in (A), and the genotype-based association is shown in (B). The number within the
bracket (x-axis) represents the total number of cell lines in the category.
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Pearson’s correlation coefficient (PCC) values between genotypes was calculated using the CLEA values (-log p-value) of the
34 compounds in Fig. 1B. The PCC cutoff values for a link are 0.4 and —0.4 for positive and negative correlations, respectively.
The varied thickness of the links between the genotype nodes quantitatively represents PCCs. Red represents oncogenes, and
blue represents repressors.
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Figure 4. Correlation network of genotype-dependent protein phosphorylation

PCC values between phospho-proteins were calculated using the CLEA values [-log(p-value)] of the 34 compounds in Fig. S3.
Only significant PCCs (p<0.01) were selected for the positive and negative correlations, respectively. The varied thickness of
the links between the phospho-protein nodes quantitatively represents PCCs. Nodes and links in red represent genotypes that are

significantly (p<0.01) associated with protein phosphorylation.
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Figure 5. Genotypic association of GSK 212 and protein signatures
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(A) The four genotypes that are most highly associated with GSK212 (MEK inhibitor) are shown. (B) The CLEA of protein
expression (black) and protein phosphorylation (red) is shown for the four selected genotypes. The —log(p-value) of the AUC is
represented in different colors. All proteins on the map have a p-value < 0.05 in at least one of the four selected genotypes. Red

represents a positive association of protein expression with a cell line class, while green represents a negative association.
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Figure 6. Integrated correlation network of compound and omics data
The genes and proteins that show a significant correlation (p<0.01) with a compound in the CLEA maps are linked with the

compound in the network. Groups of blue, sky blue and orange colors represent drugs targeting MEK, IGF1R and PI3K
proteins, respectively. Complete list of drugs, genes and proteins are available in Table S4.
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