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Abstract

Kinase inhibitors form the largest class of precision med-
icine. From 2013 to 2017, 17 have been approved, with 8
different mechanisms. We present a comprehensive profil-
ing study of all 17 inhibitors on a biochemical assay panel
of 280 kinases and proliferation assays of 108 cancer cell
lines. Drug responses of the cell lines were related to the
presence of frequently recurring point mutations, insertions,
deletions, and amplifications in 15 well-known oncogenes
and tumor-suppressor genes. In addition, drug responses
were correlated with basal gene expression levels with a
focus on 383 clinically actionable genes. Cell lines harbor-
ing actionable mutations defined in the FDA labels, such as
mutant BRAF(V600E) for cobimetinib, or ALK gene trans-
location for ALK inhibitors, are generally 10 times more
sensitive compared with wild-type cell lines. This sensitivity

window is more narrow for markers that failed to meet
endpoints in clinical trials, for instance CDKN2A loss for
CDK4/6 inhibitors (2.7-fold) and KRAS mutation for cobi-
metinib (2.3-fold). Our data underscore the rationale of a
number of recently opened clinical trials, such as ibrutinib
in ERBB2- or ERBB4-expressing cancers. We propose and
validate new response biomarkers, such as mutation in
FBXW7 or SMAD4 for EGFR and HER2 inhibitors, ETV4
and ETV5 expression for MEK inhibitors, and JAK3 expres-
sion for ALK inhibitors. Potentially, these new markers
could be combined to improve response rates. This com-
prehensive overview of biochemical and cellular selectivities
of approved kinase inhibitor drugs provides a rich resource
for drug repurposing, basket trial design, and basic cancer
research.

Introduction
The theory of "oncogene addiction" postulates that, despite the

diverse array of genetic lesions typical of cancer, some tumors rely
on one single dominant oncogene for growth and survival (1). In
the last two decades, the oncogene addiction model has been
successfully translated into the design of personalized targeted
therapies, particularly in the kinase field. Well-known examples
include the EGFR kinase inhibitor gefitinib to treat lung cancers
with activatingmutations in EGFR (2), inhibitors ofmutant BRAF
(V600E) for metastatic melanoma (3), or ALK inhibitors to treat
lung cancers characterized by transforming ALK translocations
(4). Currently, 44 kinase inhibitors have been approved for
clinical use by the FDA (status July 2018).

Despite these successes, the current markers of oncogene over-
activity do not always correlate with clinical responses. For

instance, one half of patients with melanoma positive for BRAF
(V600E) responded to BRAF inhibitors and one half did not (5).
Furthermore, mutations in the PIK3CA oncogene were not pre-
dictive of response to PI3K inhibitor therapy in breast cancer (6).
This warrants a continued search for novel, more predictive drug
response biomarkers. One of the best strategies to identify these is
by profiling inhibitors in proliferation assays on cancer cell line
panels (7, 8). Cancer cell lines faithfully resemble the mutations
and gene expression features observed in primary biopsies (7),
and all personalized therapies basedon "oncogene addiction" can
be reproduced in cell line models (7–9).

In order to understand clinical drug responses, and to
rationalize their pharmacogenomic characteristics, it is impor-
tant to understand the potency and selectivity of inhibitors.
One of the earliest BRAF inhibitors, sorafenib, was insufficien-
tly selective for BRAF to show clinical efficacy in BRAF(V600E)-
mutant patients (10), which later was seen with the more
selective inhibitors vemurafenib and dabrafenib (5). On the
other hand, imatinib is approved for indications based on its
polypharmacologic inhibition of ABL, KIT, and PDGFR kinases
(11). Unfortunately, many kinase inhibitor potency values and
selectivity profiles have been released only by the companies
that market these inhibitors. Independent profilings on large
kinase panels do not include all approved inhibitors (12). As a
result, there is currently no independent head-to-head com-
parison of the kinase selectivity of all FDA-approved kinase
inhibitors.
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In this study, we profiled 17 small-molecule kinase inhibi-
tors (Table 1) that have been approved by the FDA in the past
4 years (from November 2013 to May 2018) on a panel of 280
biochemical kinase assays and a cell panel of 108 human cancer
lines derived from various tumor tissues (Oncolines;
ref. 13; Table 1). This follows up on an earlier study in which
we profiled all kinase inhibitors approved prior to November
2013 (14). Fourteen of these 17 drugs were not included in
previous comparative biochemical kinome profiling studies
(12), although all except brigatinib and acalabrutinib were
recently proteomically profiled (15).

Eight of the drugs are not included in any large-scale cell panel
profiling studies such as the Genomics of Drug Sensitivity in
Cancer (GDSC) and Cancer Therapeutics Response Portal (CTRP)
databases (7–9). For the other nine, new, independently deter-
mined data are valuable, because cell line profiling data are
known to be variable (8). The profiling data were used to analyze
cellular responses using genomic (7, 8, 16) and transcriptomic (9,
17, 18) data. Novel markers of drug sensitivity were validated
using the existing pharmacogenomic data from public sources.
Our study provides unique insight into the relationship between
biochemical and specific cellular responses of approved targeted
therapy, and opens opportunities for wider application.

Materials and Methods
Kinase inhibitors

All kinase inhibitors were purchased from commercial vendors
as summarized in Supplementary Table S1. Compounds were
stored as solids at room temperature and dissolved in dimethyl
sulfoxide before experiments.

Kinase profiling in enzyme activity assays
In total, 280 wild-type kinases were profiled in mobility shift,

ELISA, and immobilizedmetal ion affinity particle (IMAP) assays as
described earlier (Fig. 1A; Supplementary Table S2; refs. 14, 19). The
compound concentrationwas1mmol/L, and theATP concentration
was within 2-fold of the KM,ATP for every individual kinase (KM,bin).
IC50swere determined for primary and secondary kinase targets and

for clinically relevant mutants. To quantify selectivity, selectivity
entropies were calculated from percent inhibition values and
measured IC50s as described before (Table 1; ref. 14).

Kinase-binding assays
Binding of inhibitors on their primary targets was analyzed by

surface plasmon resonance measurements on a Biacore T200
using biotin-tagged kinases as described (20).

Cancer cell lines
Cancer cell lineswereobtained from theAmerican TypeCulture

Collection (ATCC) from 2011 to 2017 and cultured in ATCC-
recommendedmedia. All experiments were carried out within ten
passages of the original vials from the ATCC, who authenticated
all cell lines by short tandem repeat analysis. Identity was verified
by ascertaining themutant status of 25 cancer genes from samples
generated at Netherlands Translational Research Center B.V.
(NTRC) (13).

Cell proliferation assays
Cell proliferation assays were performed as described (13, 14).

In brief, cells were seeded in a 384-well plate and incubated for 24
hours. After addition of a dilution series of compound solution,
the plates were incubated for an additional 72 hours followed
by cell counting through use of ATPlite 1Step (Perkin Elmer).
Percentage growth compared with uninhibited control was used
for curve fitting to determine IC50s and 50% lethal doses relative
to the seeding cell density (LD50s) as outlined before (Supple-
mentary Table S3; ref. 13). IC50swere used for all analyses because
they better reproduced clinically validated biomarkers.

Cell line genetics
The mutation status of the cell lines was downloaded from the

COSMIC cell lines project version 80 (https://cancer.sanger.ac.uk/
cosmic; ref. 8). Only mutations, insertions, and deletions in
recurrently mutated positions in tumor samples were considered
(16). RL95-2 was annotated as mutant EGFR based on data from
the Cancer Cell Line Encyclopedia (CCLE; ref. 21). Copy-number
variations in the analyzed genes were also considered a

Table 1. Biochemical characteristics of recently approved kinase inhibitor drugs

Generic
namea

Trade
name Clinical use

Primary
target

IC50

(nmol/L) Ssel
b

Secondary
target

IC50

(nmol/L)
Tertiary
target

IC50

(nmol/L)

Abemaciclib Verzenio ERþ/HER2� breast cancer CDK4/CycD3 0.7 2.4 CDK6/CycD3 8.4 —

Palbociclib Ibrance ERþ/HER2� breast cancer CDK4/CycD3 1.1 1.0 CDK6/CycD3 3.9 —

Ribociclib Kisqali ERþ/HER2� breast cancer CDK4/CycD3 2.5 0.8 CDK6/CycD3 29
Ceritinib Zykadia ALK-positive NSCLC ALK 0.6 2.6 NPM1-ALK 0.7 IGF1R 9.77
Brigatinib Alunbrig ALK-positive NSCLC ALK 0.6 3.3 NPM1-ALK 0.7 ROS 2.19
Alectinib Alecensa ALK-positive NSCLC ALK 0.9 0.9 NPM1-ALK 1.0 —

Acalabrutinib Calquence B-cell lymphoma BTK 33 1.4 TEC 14 —

Ibrutinib Imbruvica B-cell lymphoma BTK 0.3 2.4 EGFR 17 HER2 16
Osimertinib Tagrisso EGFR(T790M)-mutant lung cancer EGFR (T790M) 6.1 2.1 EGFR 25 —

Neratinib Nerlynx HER2-positive breast cancer HER2 43 1.6 EGFR 0.8 —

Cobimetinib Cotellic B-RAF–mutant melanoma MEK1 66 0.8 MEK2 352 —

Copanlisib Aliqopa Lymphoma p110a/p85aa 0.099 0.1 p110d/p85ac 0.13 p110g/p85ac 0.097
Idelalisib Zydelig Lymphoma, CLL, SLL p110d/p85aa 0.60 0.04 p110a/p85ac,d 122 p110g/p85ac 14
Midostaurin Rydapt FLT3-mutant AML FLT3 3.3 3.4 — —

Lenvatinib Lenvima Renal cell cancer VEGFR2 1.3 2.0 VEGFR1 6.8 VEGFR3 1.83
Nintedanib Ofev Pulmonary fibrosis VEGFR2 1.4 2.6 VEGFR1 12 VEGFR3 1.37
Tivozanib Fotivda (EU only) Renal cell cancer VEGFR2 0.9 3.1 VEGFR1 3.3 VEGFR3 0.59

Abbreviations: AML, acute myeloid leukemia; CLL, chronic lymphocytic leukemia; NSCLC, non–small cell lung cancer; SLL, small lymphocytic leukemia.
aOrder as discussed in this work.
bSsel indicates selectivity entropy (14).
cData from binding assay using SPR.
dData from binding assay using SPR, taken from ref. 20.
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mutation. ANOVA and multiple test corrections (significance
limit Padjusted < 0.2) were carried out in R as described previously
(13). For a detailed workflow, see Supplementary Fig. S1.

Gene expression analyses
Gene expression profiles were downloaded for 18,900 genes for

94 of the 108 Oncolines cell lines, from the CCLE (7, 9), and
correlated to drug response. First, Pearson correlations were cal-
culated between expression levels and 10logIC50s. Analyzed genes
were limited to 383 clinically actionable genes (as defined by
DGIdb, version 3; ref. 22). Correlation scores were compared with
the average correlations of 142 compounds profiled in the same
cell panel (13) by Fisher z-transformation (9) and ranked. From
this set, genes were highlighted blue that also showed significant
(P < 0.05) correlations in at least 2 of 3 other mRNA expression
databases [COSMIC (8), CCLE RNAseq (9), Genentech (17),
which contain data for 102, 94, and 75 cell lines, respectively]
and, when available, another IC50 data source such as the CTRP
(v2.0; ref. 9) orGDSCdatabase (v7.0; ref. 8), as incorporated in the
PharmacoDB (v1.1; ref. 18). If genes could also be validated from

compounds with similar molecular targets, they were highlighted
in red. All analyses were done in R. For the workflow, see Sup-
plementary Fig. S2. For results, see Supplementary Fig. S3A–S3Q.
For results of the validation, see Supplementary Table S4.

Results and Discussion
To identify new potential applications of kinase inhibitors, we

determined the biochemical potencies and selectivities of all
approved kinase inhibitors since 2013 in a panel of 280 biochem-
ical kinase assays (Fig. 1A). In addition, we generated the cell
proliferation inhibition profiles in a tumor-agnostic panel of
108 cell lines (Fig. 1B). For the nine compounds that were profiled
earlier, the averagePearsoncorrelationwith 10logIC50s in theGDSC
or CTRP databases is 0.52, consistent with earlier reproducibility
studies (8). A network tree based on cellular inhibition signatures
clusters the kinase inhibitors according to the clinical distinction of
their mechanisms (Fig. 1B). New approvals since 2013 have
occurred in the area of CDK4/6, ALK, BTK, EGFR, HER2, MEK,
PI3K, and spectrum-selective VEGFR inhibitors (red in Fig. 1).

Figure 1.

Panel profiling of kinase inhibitors approved for clinical use. A, Ward-based clustering of biochemical inhibition profiles of 17 new inhibitors on 280 wild-type
protein kinases. Previously published data of afatinib, crizotinib, and trametinib were included for completeness (14). B, Network tree based on cellular
inhibition profiles. Nodes are linked if the Pearson correlation (r) � 0.5 between inhibition profiles. The 17 new inhibitors are red. Previously FDA-approved
kinase inhibitors and nonkinase inhibitors with r � 0.5 are included. Pastel colors indicate cluster identities based on hierarchical clustering.
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The CDK4 and CDK6 inhibitors ribociclib, palbociclib, and
abemaciclib

Among the new approvals are three cyclin-dependent kinase 4/
6 (CDK4/6) inhibitors: ribociclib, palbociclib, and abemaciclib
(Table 1), which are used for treatment of hormone receptor–
positive, HER2-negative breast cancer (www.fda.gov).

Abemaciclib is the most potent inhibitor of CDK4 in a bio-
chemical enzyme activity assay (IC50 ¼ 0.6 nmol/L), whereas
palbociclib is the most potent on CDK6 (IC50 ¼ 3.9 nmol/L).
Ribociclib is 4 to 8 times less potent than the other two inhibitors

(Table 1). This potency order is in line with the geometrically
averaged IC50s of abemaciclib, palbociclib, and ribociclib in the
108 cell line panel (Fig. 2) and consistent with a recent proteomic
selectivity profiling study (15).

In the kinase assay panel, abemaciclib is the broadest spectrum
CDK4/6 inhibitor, targeting 20 kinases at 1 mmol/L with > 95%
inhibition, predominantly CDK2, 4, 6, and 9, CaMK2 isoforms,
HIPK1-4, GSK3a and -b, PIM1-3, and DYRK1-3 (Supplementary
Table S2). Under the same conditions, palbociclib only inhibits
three kinases: CDK4/CycD3, CDK6/CycD3, and CLK1, and

Figure 2.

Response biomarker analysis of CDK4/6 inhibitors. A, Waterfall plots of cellular 10logIC50s compared with the geometric panel average. The most sensitive
lines are shown on top. Colors indicate the presence of previously observed response biomarkers. Geometrically averaged IC50s are 640 nmol/L, 1,120 nmol/L, and
3,360 nmol/L for abemaciclib, palbociclib, and ribociclib, respectively. B, The response window in the MCF7 proliferation assay depends on incubation time, as
illustrated for palbociclib. For clarity, only the cell seeding density for the 3-day assay is shown. Seeding densities for the 5- and 7-day assayswere 40% and 33% of final
viability. C, ANOVA analysis relating ribociclib response to hotspot cancer gene mutations and copy-number variations in cell lines. Genes with padjusted < 0.2
(dotted line) are colored green. Circle areas are proportional to number of cell lines with variations in the gene. x axis IC50 ratio < 1 indicates sensitivity. x axis
IC50 ratio > 1 indicates resistance. D, Cell lines with normal CDKN2A copy numbers can show low mRNA expression levels. The top 20 CDK4/6 inhibitor–sensitive
cell lines (on average) are colored red. The sensitive lines SW48 and SK-N-FI have low CDKN2A mRNA levels but no genomic CDKN2A loss. E, Correlation
analysis of drug sensitivitywithbasal geneexpression levels in thecell lines.Only clinically actionablegeneswith significant Pearsoncorrelations are shown(P<0.05). In
this example, palbociclib (red circles) is compared with the score of 142 other inhibitors (blue circles). Correlations were Fisher-z transformed and normalized
to a S-score. A positive score indicates that low mRNA expression correlates with low (potent) 10logIC50. The 20 highest scoring genes are shown. Gene names
highlighted blue indicate correlations that remain significant (P < 0.05) after cross-validation with at least 2 of 3 alternative gene expression sources and that
are significant in an earlier palbociclib profile (PharmacoDB; ref. 18). Genes highlighted red meet the same validation requirements also in the abemaciclib or
ribociclib profiles. F, As in E, but the top 20 most negative scores, indicating correlations between high mRNA expression and low (potent) 10logIC50.
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ribociclib only two: CDK4/CycD3 and CDK6/CycD3. To quantify
selectivity based on the overall 280-kinase profile, we calculated
the selectivity entropies, which summarize a panel profile in a
single value (14). These label abemaciclib as moderately selective
(Ssel ¼ 2.4) followed by the highly selective palbociclib and
ribociclib (Ssel ¼ 1.0 and Ssel ¼ 0.8, respectively). This order is
identical to earlier profiling experiments (15, 23, 24).

During clinical trials, it appeared that the dose-limiting toxicity
(DLT) of abemaciclib is fatigue, whereas theDLT for the other two
compounds is neutropenia (25). This different clinical profile has
been attributed to abemaciclib's higher activity on CDK4 com-
pared with CDK6 (25). However, in the biochemical assays, all
three CDK4/6 inhibitors are 3- to 10-fold more potent on CDK4
than on CDK6 (Table 1). Potentially, the neutropenia observed
for palbociclib and ribociclib could be related to CDK4/6 inhi-
bition and be counteracted by inhibition of some additional
kinase by abemaciclib. A good candidate would be GSK3b inhi-
bition, which leads to Wnt activation, resulting in enhanced
proliferation of bone marrow progenitor cells and ultimately
neutrophils (26). Abemaciclib is a potent inhibitor of GSK3b
(Fig. 1A; 95% at 1 mmol/L) and was shown to be able to activate
Wnt signaling, in contrast to the other CDK4/6 inhibitors (27).

New response biomarkers for CDK4/6 inhibitors
Various biomarkers have been tested in clinical trials, such as

loss of CDKN2A, amplification of CCND1, and presence of wild-
type RB1 (28), although none were included in the final label.
Indeed, in the Oncolines panel, CDKN2A loss is strongly predic-
tive of CDK4/6 inhibitor sensitivity, and cell lines withmutations
in RB1 are consistently more resistant (Fig. 2A). For ribociclib,
CDKN2A-mutant and RB1-mutant lines are 2.7 and 5.9 times
more sensitive and insensitive, respectively. Also the finding that
CDK4/6 inhibitors are particularly effective in neuroblastoma is
confirmed (ref. 29; Fig. 2A).

The ERþ/HER2� breast cancer cell line MCF7, which best
represents the current patient population for these inhibitors, is
only moderately sensitive to CDK4/6 inhibitors compared with
the other cell lines (Fig. 2A). Becausework byothers indicated that
CDK4/6 inhibitors need extended incubation times, we also
performed the proliferation assays for 5 and 7 days (30). This
indeed improves IC50s, but not in such a way that the MCF7 cell
line becomes especially sensitive (Fig. 2B). It should be kept in
mind, however, that clinically, CDK4/6 inhibitors are coadmini-
strated with antiestrogens or aromatase inhibitors, which syner-
gistically enhance their activity (30).

Tofind additional response biomarkers, we performedANOVA
based onmutations and copy-number variations in known cancer
hotspots in the cell lines and the measured drug responses
(Supplementary Fig. S1). The analysis confirms CDKN2A and
shows CTNNB1 and EZH2 mutations as significant sensitivity
markers (Fig. 2C; Supplementary Fig. S3A–S3C).TP53mutation is
a resistance marker (Fig. 2C), consistent with the clinical obser-
vation that breast cancer patients with mutations in TP53 are
generally less responsive to abemaciclib (31). Other significant
resistance markers are mutations in PIK3CA (for ribociclib) or
PTEN (for abemaciclib and palbociclib) which both lead to
activation of the PI3K pathway. PI3K pathway activation is also
an adaptation in acquired CDK4/6 inhibitor resistance (32).

In addition,we searched for gene expression–basedmarkers. To
limit the number of false positives, we only considered clinically
actionable genes and normalized correlations relative to the

profiles of 142 other anticancer agents. This yielded a list of
expression-based response markers (Fig. 2D–2F). Top scoring
genes were validated by recalculating correlations using experi-
mentally independent gene expression data and IC50 datasets (red
and blue in Fig. 2E and 2F).

The most significant mRNA-based sensitivity marker is low
CDKN2A expression (Fig. 2D and 2E). Interestingly, some sensi-
tive cell lines, such as SK-N-FI and SW48, harbor wild-type
CDKN2A at the DNA level, but have low CDKN2A mRNA levels,
suggesting both are independent markers (Fig. 2D). High RB1
expression is confirmed as sensitivitymarker (Fig. 2F). Novel gene
expression–based sensitivitymarkers, which reach significance for
at least two of three inhibitors, are high expression of the DNA
repair protein RAD51D and the hepatocyte growth factor HGF,
and low expression of CDKN2B (Fig. 2E and F). Also interesting
is high CCNE1 expression as a resistance marker for palbociclib
(Fig. 2E), which was also reported recently (30).

The ALK inhibitors ceritinib, brigatinib, and alectinib
The first anaplastic lymphoma kinase (ALK) inhibitor, crizoti-

nib, was approved in 2011. Since then, three new ALK inhibitors
were approved: ceritinib, brigatinib, and alectinib. The indication
for all inhibitors is ALK-positive non–small cell lung cancer,
which originates fromanALK-activating gene rearrangement such
as EML4-ALK or NPM-ALK. In addition, crizotinib has shown
activity inALK-positive lymphoma, but hasnot been registered for
this indication yet (33).

Profiling in the 280 biochemical kinase assay panel shows that
alectinib is the most selective ALK inhibitor, with a selectivity
entropy (Ssel) of 0.9 and inhibiting only four kinaseswith >95%at
1 mmol/L: ALK, LTK, MSSK1, and CHK2. Ceritinib and brigatinib
inhibit, respectively, 16 and 48 kinases in the panel and have Ssel
values of 2.6 and 3.3, indicatingmedium to low selectivity. In our
earlier profiling study (14), crizotinib inhibited 28 of 313 kinases
(Ssel ¼ 2.7).

Biochemically, ceritinib binds most strongly to ALK, closely
followed by brigatinib, whereas alectinib and crizotinib are less
potent. This is apparent from the biochemical assays (Table 1)
but especially in ALK-binding assays using surface plasmon
resonance (SPR; Fig. 3A). Also the inhibitory IC50s in assays of
common ALK activation and resistance mutants show this order
(Fig. 3B). This shows for the first time that ceritinib is active on
the R1275Q activation mutant (34). Only the G1202R resis-
tance mutation is not well-targeted by any of the four inhibitors
(Fig. 3B).

Two cell lines in the Oncolines panel have the NPM-ALK
translocation: the lymphoma lines SR and SU-DHL-1. Consis-
tently, these are the two most potently inhibited in the cell panel
(Fig. 3C). The cellular potency order does not correspond to
biochemical activity as the antiproliferative IC50s on the SR and
SU-DHL-1 cell lines are better for brigatinib and crizotinib com-
pared with the other drugs (Supplementary Table S3). Based on
IC50 ratios (calculated from log-averages), brigatinib (52-fold)
and alectinib (20-fold) most selectively inhibit ALK-transformed
cell lines, followed by ceritinib (15-fold) and crizotinib (11-fold).
This order of relative potencies is in agreement with earlier work
using the artificial BaF3 expression system (35).

The high cellular selectivity of brigatinib shows that spectrum-
selective compounds can have very targeted effects in cellular
systems, provided that they are potent. In this, brigatinib resem-
bles the ABL inhibitor dasatinib (14). The cellular selectivity of

Uitdehaag et al.

Mol Cancer Ther; 18(2) February 2019 Molecular Cancer Therapeutics474

D
ow

nloaded from
 http://aacrjournals.org/m

ct/article-pdf/18/2/470/1860496/470.pdf by guest on 19 M
ay 2023



alectinib provides evidence that biochemical selectivity can trans-
late into a more specific targeting of oncogenic drivers. A recent
meta-analysis of ALK inhibitor data indicated that alectinib actu-
ally also has the mildest toxicity profile in the clinic (36).

In some cases, cellular selectivity is confounded by off-target
activities. Ceritinib, a known IGF1-R inhibitor (37), also inhibits
SK-N-FI, which uses an IGF1 autocrine loop for growth (38).
Consistently, high IGF1R mRNA expression correlates with cer-
itinib sensitivity (Supplementary Table S4). Crizotinib, originally
developed as anMET inhibitor, inhibits cMET-amplified cell lines
and those with an HGF autocrine loop (HGF is a ligand of
cMET; Fig. 3C). However, not all cellular activities can be
explained in this way, especially the sensitivities of the KG1 and
DoTc2 4510 lines for alectinib (Fig. 3C).

To further investigate the mechanistic basis of these potency
differences, we searched for additional drug response markers.
Although the mutation analysis yielded no significant results
(Supplementary Fig. S3D–S3G), we were able to validate expres-
sion of ALK, IL10, DICER1, and JAK3, as response markers
(Fig. 3D). High ALK expression is a direct result of the NPM-ALK
translocation. Across the 1000-cell lineCCLEdataset (9), IL10 and
DICER1 mRNA expressions are significantly correlated with ALK
expression (P < 4�10�7), suggesting they cooperate with ALK as
oncogenic drivers. JAK3 is known to play an accessory role in ALK-

driven lymphoma (39). Brigatinib and crizotinib have additional
activity on JAK3, in contrast to ceritinib and alectinibwhichmight
explain their relatively potent cellular activity on NPM-ALK–
driven lines.

The BTK inhibitors acalabrutinib and ibrutinib
BTK plays a crucial role in B-cell receptor activation and has

been recognized as an oncogenic driver of several B-cell malig-
nancies (40). At the moment, ibrutinib has been FDA-approved
for mantle cell lymphoma and several leukemias. Acalabrutinib
has been approved for mantle cell lymphoma. Trials are ongo-
ing in other types of B-cell malignancies, such as follicular
lymphoma (41).

Both inhibitors bind covalently to a cysteine in the active site of
BTK, which is reflected by potent IC50s in a kinase enzyme assay,
even with a short incubation time, and confirmed in SPR-binding
experiments (Fig. 4A). Our data confirm that acalabrutinib is
more selective than ibrutinib (42). Ibrutinib inhibits 16 kinases
bymore than 95%at 1mmol/L (Fig. 1A; Supplementary Table S2).
Most of these are kinases with a cysteine in the active site, such as
EGFR, HER2, and HER4 (the protein products of the EGFR,
ERBB2, and ERBB4 genes), but not all, such as VEGFR2, PDGFRa,
and FGFR. In contrast, acalabrutinib only inhibits 2 kinases in the
panel by more than 95% at 1 mmol/L, i.e., BTK and TEC. This is

Figure 3.

Analysis of ALK inhibitors. A, SPR-binding assay on immobilized ALK cytoplasmic domain (residues 1058–1620). Kinetic parameters are given in Supplementary
Table S5. B, Biochemical IC50s of ALK inhibitors in various clinically occurring ALK variants. C, Waterfall plots of potencies in the cell panel. Geometrically
averaged IC50s are 17, 1.3, 2.7, and 1.9mmol/L for alectinib, brigatinib, ceritinib, and crizotinib, respectively. Brigatinib is themost selective inhibitor of cell lineswith the
NPM-ALK translocation (red). Crizotinib also targets cell lines with MET copy-number gain (green). D, Correlation analysis of drug sensitivity and basal gene
expression levels in the cell lines, as outlined in Fig. 2E, for the cellularly most selective ALK inhibitor brigatinib. The 15 most negative scores are shown,
indicating correlation between high mRNA expression levels and low (potent) 10logIC50. Genes highlighted blue are validated as described in Fig. 2E. Genes
highlighted red are also validated for alectinib or ceritinib.
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reflected in the substantial selectivity entropy differences between
acalabrutinib (Ssel ¼ 1.4) and ibrutinib (Ssel ¼ 2.4; Table 1).

The higher biochemical kinase selectivity of acalabrutinib
is reflected in its cell panel profile. Acalabrutinib only inhibits
SU-DHL-6, a follicular lymphoma cell line, with an IC50 of < 100
nmol/L, whereas ibrutinib inhibits the proliferation of eight cell
lines, among which SU-DHL-6 (Fig. 4B).

The effect on SU-DHL-6 is unexpected, because it is classified as
a germinal center B-cell subtypeof diffuse largeB-cell lymphomas,
which are considered unresponsive to BTK inhibitors (40). We
verified inhibition of SU-DHL-6 (a partial effect of �40%) with
the BTK inhibitor GDC-0853, which is chemically unrelated to
the other two (Fig. 4C). SU-DHL-6 bears some hallmarks of the
BTK inhibitor–responsive ABC-subtype, notable expression of
IRF4, SPIB, and PIM (9). A more precise definition of the BTK
inhibitor responder genotype seems needed.

Because acalabrutinib only inhibits one single-cell line in the
panel, drug sensitivity analysis is less informative. For ibrutinib,

analysis of hotspot mutations and copy-number variations
reveals, a.o., amplification of ERBB2 (Fig. 4D), which is one of
the off-targets of ibrutinib (Supplementary Table S2; ref. 43). Also
from gene expression analysis, ERBB2 is one of the most signif-
icant sensitivity markers (Fig. 4E). Thus, the cell panel profiling
experiments support clinical trials of ibrutinib in HER2-driven
cancers, such as ERBB2-amplified esophagogastric carcinoma
(NCT02884453).

The most significant gene expression–based marker for ibruti-
nib is ERBB4, also an off-target (Fig. 4E). This supports the
application of ibrutinib in ERBB4-overexpressing cancers (44).
Other validated potential response and resistance biomarkers are
indicated in Fig. 4E and F.

The EGFR inhibitor osimertinib
Osimertinib is a covalent EGFR inhibitor that was approved by

the FDA in 2017 for treatment of EGFR(T790M)-mutant lung
cancer. It was designed to potently and selectively inhibit EGFR

Figure 4.

Analysis of BTK inhibitors. A, SPR profiles binding to immobilized full-length BTK. B, Waterfall plots of potencies in the cell panel. Relevant tissue types or
genetic changes are indicated by colors for each cell line. Overexpression refers to mRNA levels and is defined as a z-score � 1.96 (equivalent to P � 0.05) in the
CCLE or, if not available there, if gene overexpression is indicated in the COSMIC database (z-score > 2). Geometrically averaged IC50s in the panel are 7.3 mmol/L for
ibrutinib and 25 mmol/L for acalabrutinib. C, Proliferation assays of SU-DHL-6 demonstrating reproducible, partial inhibition (GDC-0853 is a selective BTK
inhibitor in discovery phase). D, ANOVA analysis relating ibrutinib response to hotspot cancer gene mutations and copy-number variations in cell lines. See Fig. 2C
for details. E, Highest correlations of drug sensitivity and basal gene expression levels, as outlined in Fig. 2E. F, As in E, but displaying the five most negative
correlations. Genes highlighted blue are also significant using other gene expression databases and the ibrutinib data in PharmacoDB. For acalabrutinib, no
response marker analysis is shown because it only inhibits one cell line.
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(T790M), a frequently occurring resistance mutation after treat-
ment with first-line EGFR inhibitors (45).

It has been claimed that osimertinib is selective for EGFR
(T790M) (45). However, in the kinase assays, it has similar
activities on wild-type and T790M-mutant EGFR, in presence
and absence of activating mutations (Table 1; Fig. 5A). First-
generation inhibitors such as erlotinib and gefitinib are respec-
tively 600 or 2,500 times less potent on the T790M variants (Fig.
5A). In general, osimertinib is less selective than first-generation
inhibitors, inhibiting 11 kinases with >95% at 1 mmol/L (ACK,
ALK, BRK, HER2, HER4, JAK3, LTK, MNK1/2, TNK1, and ROS;
Supplementary Table S2). This supports earlier work (15, 45) and
is also apparent from osimertinib's selectivity entropy of 2.1,
compared with 1.0, 0.5, and 0.5, for afatinib, erlotinib, and
gefitinib, respectively (Table 1; ref. 14).

Consistent with the clinical indication, osimertinib targets the
two cell lines with EGFR drivermutations in the panel (SW48 and
RL95-2) with approximately 33 times more potent IC50 than
non–EGFR-mutant lines (Fig. 5B). Themost osimertinib-sensitive
line is RL95-2, which contains the EGFR(A289V) ectodomain
mutation. The cell line SW48, which contains the EGFR(G719S)-
activating mutation, is 2-fold less sensitive. In contrast, RL95-2
is 8-fold less sensitive than SW48 to erlotinib and gefitinib
(Supplementary Fig. S4A and S4B), indicating that osimertinib
might be particularly effective in targeting ectodomainmutations.

In linewith osimertinib's biochemical inhibition ofHER2, also
cell lines with ERBB2 amplification and high ERBB2 gene expres-
sion levels are sensitive (Figs. 1 and 5B). Because osimertinib was
designed to avoid the kinase gatekeeper region, it might be useful
against ERBB2-driven cancers with gatekeeper mutations such as
HER2(T798I), which was recently observed in neratinib-treated
patients (46).

The HER2 inhibitor neratinib
Neratinib was approved in 2017 for HER2-positive breast

cancer. It is a covalently binding drug that inhibits HER2 and,
evenmore potently, EGFR (Table 1; Fig. 1). In addition, neratinib
inhibits HER4, MST3, MST4, and LOK by more than 95% at
1 mmol/L (Supplementary Table S2). Its selectivity entropy of
1.6 indicates moderate selectivity (Table 1).

In the cell line panel, neratinib targets ERBB2-amplified breast
cancer cell lines such as AU-565 and BT-474 (Fig. 5B), which on
average are 95-foldmore sensitive than theother cell lines (ratio of
log-averaged IC50s). Because ERBB2-amplified cell lines highly
express ERBB2, this is also the most significant gene expression–
based marker (Fig. 5F). Also EGFR gene expression predicts drug
sensitivity to neratinib (Fig. 5F).

Neratinib's drug action is best compared with that of lapatinib,
a noncovalent HER2 inhibitor that is also approved for HER2-
positive breast cancer. Although lapatinib is biochemically more
potent and selective (IC50,ERBB2 ¼ 9.8 nmol/L, Ssel 1.0; ref. 14), it
targets ERBB2-amplified lines with a 27-fold IC50 ratio (Supple-
mentary Table S3). The increased cellular selectivity of neratinib
supports the ongoing head-to-head clinical trial with lapatinib
(NCT01808573; ref. 47).

Novel drug response biomarkers for EGFR/HER2 inhibitors
Not all responses of cell lines to osimertinib or neratinib can be

explained by EGFR or ERBB2 activation (45, 47). Mutation hot-
spot analysis shows SMAD4 loss and FBXW7 mutation as addi-
tional genomic response markers for both inhibitors, and KRAS

mutation as resistance marker (Fig. 5C and D). To deconvolute
whether these are EGFR or HER2 related, we profiled additional
FDA-approved therapy including the highly selective EGFR inhib-
itor erlotinib and the anti-HER2 antibody herceptin in 102 cell
lines (Supplementary Fig. S4A). Apparently, FBXW7 mutation
sensitizes to EGFR inhibition, whereasKRASmutation is anHER2
inhibitor–related marker, in agreement with earlier work (14).
SMAD4 is also a marker for afatinib response. Across 1,000 cell
lines (9), low FBXW7 expression correlates significantly with high
EGFR expression (P < 2�10�25), and low SMAD4 with high
ERBB2 (P < 2�10�23) and EGFR expression (P < 2�10�46) which
substantiates a mechanistic connection.

Our gene expression–based marker workflow suggests FGFR2,
FGFR3, NFKBIA, and TP63 as additional sensitivity markers for
osimertinib, even though the drug does not inhibit FGFRs (Fig.
5E). These genes were validated in 102 cell line profiles of erlotinib
and gefitinib, and in independent pharmacogenomic datasets of
these drugs (Supplementary Table S4), making them interesting
for follow-up studies. FOXA1 was independently validated as a
sensitivity marker for neratinib (Fig. 5F).

The MEK inhibitor cobimetinib
In 2015, the FDA approved cobimetinib for the treatment of

BRAF(V600E)- and BRAF(V600K)-mutant melanoma in combi-
nation with the BRAF inhibitor vemurafenib (Zelboraf), which
followed the earlier approval of the MEK inhibitor trametinib
(Mekinist) in combination with the BRAF inhibitor dabrafenib
(Tafinlar).

Cobimetinib is very selective for MEK1 and MEK2 (Table 1),
with only additional activity on MEKK1, leading to a very low
selectivity entropy of 0.8 (Table 1). This is due to its unique type III
allosteric binding mode, which it shares with trametinib (48).
Cobimetinib is less potent but somewhat more selective com-
pared with trametinib (IC50,MEK1 ¼ 17 nmol/L, IC50,MEK2 ¼ 42
nmol/L, Ssel ¼ 1.3; ref. 14). Both drugs partially inhibit BRAF
and RAF1 at 1 mmol/L (Supplementary Table S2), which could
contribute to their efficacy.

Consistent with its clinical label, the cellular profile of cobi-
metinib shows high activity on BRAF(V600E)-mutant cell lines,
and the BRAF(V487-P492>A)-mutant BxPC-3 line (Fig. 5G and
H). These show on average a 21-fold better sensitivity than wild-
type lines (10log-averaged IC50s). This is in the same range as
trametinib (16-fold IC50 difference; Supplementary Fig. S5A). For
comparison, the BRAF inhibitor dabrafenib shows a 56-fold IC50

difference between BRAF(V600E) and BRAF wild-type lines in a
102-cell line profiling (Supplementary Fig. S5A).

Another well-known MEK response marker that has been
evaluated in clinical trials is RAS mutation (48). Cobimetinib
also targets RAS-mutant cell lines in the Oncolines panel (Fig.
5G), although the average sensitivity difference is only 2.3-fold
between KRAS-mutant and wild-type cell lines. This is similar for
trametinib (Supplementary Fig. S5B). This relatively poor cellular
selectivity windowmight in part explainwhy clinical trials ofMEK
inhibitors in RAS-mutant patients have failed (48).

Based on basal gene expression, ETV4 and ETV5 can be vali-
dated as sensitivity markers, and BARD1, AKT2, and BCL6 as
resistance markers (Fig. 5I). These are consistent with both inter-
nal and independent pharmacogenomic profiling of trametinib
(Supplementary Table S4). ETV4 and ETV5 are transcriptional
targets of MEK/ERK signaling and were previously identified as
sensitivity markers for selumetinib, another MEK inhibitor (49).
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Figure 5.

Analysis of EGFR, HER2, MEK, and PI3K inhibitors. A, Biochemical IC50s of osimertinib on various clinically occurring activating and resistance variants of
EGFR. Data for gefitinib, erlotinib, and lapatinib in the same panel are taken from ref. 19. B, Waterfall plots of EGFR/HER2 inhibitors in the cell panel. Coloring
as in Fig. 4B. Geometrically averaged IC50s in the panel (IC50,average) are 2.1 mmol/L for osimertinib and 1.2 mmol/L for neratinib. C and D, ANOVA analysis
relating osimertinib and neratinib responses to hotspot cancer genemutations and copy-number variations in cell lines. See Fig. 2C for details. E, Correlation analysis
of osimertinib sensitivity and basal gene expression levels in the cell lines. See Fig. 2E for details. Genes highlighted in blue are also significant using other
gene expression databases and, if present, in the PharmacoDB. Genes highlighted red can also be validated in a similar way for erlotinib or gefitinib. F, As in
E but for neratinib. Genes highlighted red are also validated for lapatinib. G, Waterfall plot of cobimetinib in the cell panel. IC50,average is 457 nmol/L. H, ANOVA
analysis for cobimetinib response. I, As in E but for cobimetinib. Genes highlighted red are also validated for trametinib. BCL6 is not shown here. J and K,
Waterfall plots of PI3K inhibitors in the cell panel. IC50,averages are 114 nmol/L for copanlisib and 18.1 mmol/L for idelalisib.
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The PI3K inhibitors copanlisib and idelalisib
The profiling also includes the first two clinically approved

inhibitors of PI3Ks: copanlisib, a PI3Ka inhibitor, and idelalisib, a
PI3Kd inhibitor. Both are used to treat follicular lymphoma, with
idelalisib also having additional indications. PI3kinases are lipid
kinases, not protein kinases, and consistently both inhibitors have
no activity in the biochemical assay panel (Fig. 1A). To study their
target affinity, we profiled both inhibitors with SPR. Immobilized
PI3Ks consisted of p110a, -b, -g , or -d catalytic subunits bound to
the p85a regulatory subunit (Table 1; Supplementary Table S5).
This shows that copanlisib is a pan-PI3K inhibitor and idelalisib a
selective PI3Kd inhibitor.

Both drugs are most active on the SU-DHL-6 cell line, which
is the only line of follicular lymphoma origin (Fig. 5J and K).
Copanlisib and idelalisib have, respectively, a 29- and 1,440-
fold more potent IC50 on SU-DHL-6 than nonfollicular lines.
For idelalisib, this selective cellular response reflects its bio-
chemical selectivity. SU-DHL-6 contains a p110d(E83K) muta-
tion (8), which is involved in activated PI3 kinase d syndrome.
For copanlisib, PIK3CA-mutant cells are 2.2-fold more sensitive
than nonmutant lines, which is significant in a t test (P <
0.05; Fig. 5J). PIK3CA targeting was also seen for the PI3Ka
inhibitor alpelisib (13). Other markers are given in Supple-
mentary Table S4.

Multikinase inhibitors
Finally, we profiled four newly approved inhibitors which are

spectrum selective: the angiogenesis inhibitors lenvatinib, ninte-
danib, tivozanib, and the FLT3 inhibitor midostaurin. Biochem-
ically, lenvatinib is the most selective of the angiogenesis inhibi-
tors (Ssel ¼ 2.0), whereas midostaurin is the least selective of the
entire kinase inhibitor set (Ssel ¼ 3.4; Table 1). As a result of
spectrum-selectivity, cellular inhibition profiles are determined
by off-target effects. For profiles and analysis, see Supplementary
Tables S2 and S3 and Supplementary Fig. S6A and S6B. Notably,
midostaurin is very active on cell lines that overexpress PDGFRB,
which it also potently inhibits biochemically (Supplementary
Table S4).

Biomarker sensitivity and specificity
As last step, we reanalyzed all validated biomarkers in a binary

way.Wedivided cell lines into responders andnonresponders and
calculated the sensitivity and specificity of response predictors
(Supplementary Table S6). Almost all clinically-used markers
score high, even though we only use in vitro data. Other markers
might need combination tomeet selectivity and specificity thresh-
olds, for instance those for CDK4/6 inhibitors.

Conclusion
We present the combined profiling of approved kinase inhi-

bitors on a biochemical assay panel of 280 kinases and in a
proliferation assay panel of 108 cancer cell lines. The compre-

hensive selectivity data will contribute to repurposing approved
drugs for cancer or other diseases. For instance, CLK1 is an
important target for Duchenne muscular dystrophy (50), which
is strongly inhibited by ceritinib, brigatinib, abemaciclib, and
palbociclib. High expression of ERBB4, encoding HER4, is a
recently discovered oncogenic driver (44) and is inhibited by
ibrutinib, neratinib, brigatinib, and osimertinib.

The data will also help to further define patient populations
that can benefit from kinase inhibitor treatment. For most drugs,
the tissues andmutations described in the FDA labels correspond
to the molecular characteristics of the most sensitive cell lines,
demonstrating the translational utility of cell panel profiling. For
markers used for therapeutic decisions, such as BRAF(V600E),
ALK translocation, or ERBB2 amplification, inhibitors show
between 11-fold (crizotinib) and 95-fold (neratinib) potency
difference between biomarker-positive and -negative cells. For
markers that failed to meet endpoints in clinical trials, this
potency window is lower, e.g., 2.3-fold for KRAS mutation and
cobimetinib and 2.7-fold for CDKN2A loss for CDK4/6 inhibi-
tors. This suggests that a high sensitivity window in cell panel
profiling is a prerequisite for clinical success of targeted therapy.
Combination of markers, such as CDKN2A, RB1, and TP53 status
for CDK4/6 inhibitors, would be a viable strategy to prove efficacy
in new patient populations.
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