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A kinome-wide selectivity screen of >20000 compounds with a rich representation of many structural
classes has been completed. Analysis of the selectivity patterns for each class shows that a broad
spectrum of structural scaffolds can achieve specificity for many kinase families. Kinase selectivity and
potency are inversely correlated, a trend that is also found in a large set of kinase functional data.
Although selective and nonselective compounds are mostly similar in their physicochemical character-
istics, we identify specific features that are present more frequently in compounds that bind to many
kinases. Our results support a scaffold-oriented approach for building compound collections to screen
kinase targets.

Introduction

Thehumangenome containsmore than500proteinkinases,
which transfer the γ-phosphate of ATP to the hydroxyl group

of substrate tyrosine, serine, or threonine residues.1 Exoge-
nous kinase inhibitors compete with ATP to occupy the ATP
binding site, a cleft between the two lobes of the kinase
catalytic domain that is highly conserved across the kinome.1,2

Kinase inhibitors have been developed as therapeutic agents
that selectively target one or more kinases, and marketed
kinase drugs exhibit a wide range of selectivity.More selective
inhibitors include gefitinib3,4 and fasudil. Examples of less
selective inhibitors are sorafenib,which targets stemcell factor
receptor (KIT),a platelet-derived growth factor receptor
(PDGFR), B-RAF, and vascular endothelial growth factor
receptor-2 (VEGFR2);5 and dasatinib, which inhibits Src
family kinases, ABL1,KIT, PDGFR-β, focal adhesion kinase
(FAK), and EphA2.6-9

Lead compounds in a kinase drug discovery project are
screened against multiple kinases to monitor their selectivity
for the target (or targets) of interest. Selectivity screening
typically involves close homologues of the intended target,
which have ATP binding sites highly similar to those of the
target and thus are likely to bind similar compounds. Recent
large-scale kinase selectivity screens have confirmed that
selective inhibitors tend to bind kinases that are grouped
together on the kinome phylogenetic tree, and less commonly
to distantly related kinases.10-12 While these studies have
characterized the targets of select inhibitors, they have not
systematically explored the molecular characteristics that
influence whether compounds are selective or nonselective
in kinome-wide screens.Moreover, the previous screening sets
maximized structural diversity and therefore included few
representatives of each class of chemical structure. Fully
characterizing the selectivity patterns of specific structural
classes would require many examples of each class.

Here, we report the results of a nearly kinome-wide selec-
tivity screen of>20000 compoundswith a rich representation
ofmany structural classes.We describe the selectivity patterns
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for each class and show that a broad spectrum of structural
scaffolds can achieve specificity formost kinases.Wealsomap
a trade-off between kinase potency and selectivity that is
consistent across multiple assay platforms. Although we find
that selective and nonselective compounds are mostly similar
in their physicochemical characteristics, we identify specific
features that are present more frequently in compounds that
bind to many kinases. Finally, we discuss the implications of
our results for building compound collections to screen kinase
targets.

Results

Summary of the Data Set. A total of 21851 compounds
were screened at Ambit BioSciences at 1 μM in an assay
panel of 317-402 kinases; 12960 compounds were screened
against the full 402-kinase panel. Compounds were selected
for screening by two mechanisms. Approximately 13000
compounds were culled from preexisting sets of kinase

inhibitors that had exhibited activity in one or more kinase
functional assays. The remainder were recently synthesized
for ongoing kinase projects and were submitted to Ambit
BioSciences for screening regardless of their activity in
in-house assays. Because of the two-track selection process,
the collection includes both a diverse set of compounds and
deep sampling of select chemotypes.

Activity Cutoff Selections. The binding assays performed
at Ambit BioSciences were compared to functional data
generated internally for a smaller set of compounds to
determine reasonable activity thresholds. The two formats
were compared for 40 targets for which substantial data were
available. Figure 1 shows the comparison between the IC50

values determined by functional assays and the Ambit
BioSciences binding data (% control) for CDK2 (19678
compounds), FLT3 (6880 compounds), and EGFR (3155
compounds). A theoretical IC50 can be computed from a
single-concentration binding result using the following

Figure 1. Relationship between the Ambit BioSciences binding assays and functional IC50 determinations performed in house for three
representative assays: (A) FLT3, (B) EGFR, and (C) CDK2. Functional IC50 values are plotted on a log scale. Plots were generated with
Excel 2003.
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equation (see the Experimental Section for its derivation):

estimated IC50 ¼ 0-% control

% control- 100

� �
ð1Þ

The red curves in Figure 1 indicate the theoretical IC50 values
that correspond to the single-point binding values on the
y-axes as calculatedwith eq 1. If the single-point binding data
perfectly corresponded to the functional data, all of the data
points would lie along the calculated curves. On the basis of
visual inspection of the relationship between the binding
data and functional data, it was determined that for most
targets a clear correspondence was apparent. The three
assays shown are representative of the range of comparisons
observed, with FLT3 being among the best, CDK2 being
among the worst, and EGFR being typical of the majority of
cases. The relatively poor correspondence for CDK2 is likely
due to the presence of the cofactor cyclin E in the functional
assay and not in the binding assay (see the Experimental
Section).

Given the reasonable relationship between the red lines
calculated from the single-concentration binding data in
Figure 1 and the IC50 values from functional assays, we used
eq 1 to select cutoffs of 5% control (very potent activity),
13% control (potent activity), and 33% control (moderate
activity), corresponding to estimated IC50 values of roughly
50, 150, and 500 nM, respectively. Table 1 illustrates the
agreement between the binding assay cutoffs and the IC50

values from the functional assays for the three representative
kinases. For example, 3155 compounds were tested in both
the EGFR Ambit BioSciences binding assay and the in-
house EGFR functional assay; 83% of the compounds with
binding activity below the cutoff for very potent activity
(e5% control) had IC50 values in the functional assay of
e50 nM, and 76% of the compounds with binding activity
below the cutoff for potent activity (e13% control) had IC50

values ofe150 nM. For CDK2, 64%of the compounds with
binding activity that wase5% control had IC50 values in the
CDK2 functional assay of e50 nM and 69% of the com-
pounds with binding activity that was e13% control had
IC50 values of e150 nM.

Of the 21851 compounds screened, 4187 (19.1%) com-
pounds bound none of the assayed kinases at even a moder-
ate level (e33% control). Of the active compounds, 7790
demonstrated both selectivity and extreme potency [the “SP
set” (see the Experimental Section)]. It is important to note
that throughout this work, selectivity is defined by the
number of kinase targets bound below a certain cutoff. Thus,
selective compounds bind few targets, and nonselective
compounds bind many targets. The selectivity index SI(x)
quantifies selectivity for a given activity threshold x. For
example, an SI(33) value of 0.2 indicates that a compound
bound 20% of the targets assayed at e33% control. This

definition of selectivity does not take into account the
relative affinities of the compound for its multiple targets.
A compound that was assayed in 100 binding assays and
bound two targets is considered selective, regardless of
whether it bound the two targets with equal affinity or
whether it bound targetA10 timesmore strongly than targetB.

Figure 2A shows a heat map of the Ambit BioSciences
activities for the SP set. Each row represents a single kinase
and each column a single compound.Kinases are grouped by
family/subfamily classification, and compounds are clus-
tered by structural similarity. Bright regions of the heat
map indicate clusters of similar compounds that bound to
particular families of kinases. Figure 2B presents a detailed
view of one heat map segment. The two boxed regions
highlight two clusters of compounds: compounds in the first
cluster bound Tec family kinases as well as select Src family
kinases (primarily BLK and HCK); compounds in the
second cluster did not bind Tec kinases and bound to almost
all Src family kinases.

Kinase Hit Rates. Each kinase was potently bound by at
least one compound, but the hit rates for the kinases varied
from 0.03 to 18% (<13% control). Hit rates for all targets
for all 21851 compounds, and for only the compounds in the
SP set, are provided in the Supporting Information. Of all
402 kinases, the kinases with the lowest hit rates were the
tyrosine kinase CTK (4 hits) and two serine/threonine
kinases that function in the MAPK pathway, MAP3K6/
ASK2 (6 hits) andMAP3K4 (13 hits). Their lowhit ratesmay
indicate that it would be difficult to develop inhibitors to
target these kinases.

Because most kinases targeted for drug discovery efforts
belong to the tyrosine kinase (TK) branch of the kinome, we
examined the hit rates for TKs inmore detail. Table 2 lists for
each TK family the average hit rates for all compounds and
for the SP set only. The family of type III receptor tyrosine
kinases (family PDGFR in Table 2) had the highest average
hit rate for all compounds (13%). This family includes KIT
and Flt3, which are known to bindmany structurally diverse
compounds.13-17 When only the SP set was considered, the
average hit rate for the PDGFR family (10.4%) was roughly
the same as for all compounds, showing that both selective
and nonselective compounds bound to PDGFR family
kinases. The RET and DDR families had similar average
hit rates for all compounds of 8 and 7.6%, respectively.
However, they had very different average hit rates when only
the SP set was considered. For DDR kinases, the SP set
average hit rate was comparable to the hit rate for all
compounds (7.3%), while for RET kinases, the average hit
rate dropped to 2.7%. The reduction in the hit rate for the SP
set indicates that most of the compounds that bound to RET
kinases are nonselective.

Activity Homology and Sequence Identity. The compound
activity profiles that were generated for each kinase can be

Table 1. Measure of Correspondence between the Ambit BioSciences Binding Assays and Functional Assay IC50 Determinations

log(estimated IC50)
a vs functional log(IC50) activity threshold correspondence

target slope intercept R2 5%/50 nMb 13%/150 nMc 33%/500 nMd

CDK2 0.42 1.18 0.17 64 69 76

FLT3 0.88 0.34 0.67 84 88 93

EGFR 0.81 0.24 0.47 83 76 69
aLog(estimated IC50) is calculated from the estimated IC50 for theAmbit BioSciences binding assay (eq 1). bPercentage of all compoundswithAmbit

BioSciences binding values that aree5%control that are alsomore potent than 50 nM in the functional assay. cPercentage of all compoundswithAmbit
BioSciences binding values that are e13% control that are also more potent than 150 nM in the functional assay. dPercentage of all compounds with
Ambit BioSciences binding values that are e33% control that are also more potent than 500 nM in the functional assay.
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used to calculate activity-based measures of kinase homol-
ogy. We define activity homology as the prior probability
that a compound will be active for kinase B given that it is
active for kinase A (see the Experimental Section). Figure 3
shows the cumulative distribution function of activity
homology (CDFH) for pairs of kinases which were binned
by the sequence identity of their kinase catalytic domains. In
general, kinase pairs with higher sequence identity had
greater activity homology; half the kinase pairs with
80-90% sequence identity had >60% activity homology,
while only 20% of kinase pairs with 50-60% sequence
identity had activity homologies in the same range.

Exceptions to the general trend of sequence homology
correlating with activity homology exist. For example, the

kinase domains of YSK1 and MST3 share 88% sequence
identity, with only one residue difference (Ile-78 vs Val-94) in
their active sites. We would therefore predict that most
compounds that bind YSK1 would also bind MST3 (and
vice versa) and that these two kinases would have similar hit
rates. Both kinases are very selective, with hit rates of 1.1 and
1.2%, respectively (corresponding to 244 and 262 hits,
respectively, out of 21851 compounds tested). Surprisingly,
however, only 53.3% of compounds that were active in
YSK1were active inMST3, and only 49.6%ofMST3 actives
boundYSK1.Despite their high sequence similarity, activity
in the YSK1 assay is not necessarily predictive of activity in
theMST3 assay, and vice versa. The observed lack of overlap
between compounds active for YSK1 and MST3 may be
caused in part by the low sensitivity of the YSK1 andMST3
binding assays and the limitations of data obtained by
screening at a single compound concentration. Nonetheless,
the activity homology of these two kinases is unusually low
as compared to those of kinase pairs with similar sequence
homology (Figure 3).

Cases of low sequence identity and high activity homology
can also be found. Bamborough et al.10 found that LKB1
and AAK1, which are distantly related in sequence, had

Figure 2. Heatmap of binding data for potent, selective compounds. Each row represents a single kinase and each column a single compound.
Kinases are grouped by family and compounds by structural similarity. Heat map values range from 0% (red, maximum binding activity) to
100% (blue, minimum binding) of control. (A) Binding data for all potent, selective compounds (the SP set). (B) Detailed view of binding to
Tec, Syk, and Src family kinases for two clusters of structurally similar compounds. The heat map was generated with Spotfire DecisionSite
version 9.1.

Table 2. Average Hit Rates for Members of Each Tyrosine Kinase
Family

family hit rate (all) hit rate (SP set)

PDGFR 13.09 10.44

Ret 7.97 2.73

DDR 7.61 7.29

Src 7.41 4.51

InsR 5.95 4.58

JakA 5.91 6.01

Trk 5.5 2.6

Ack 4.94 1.25

Abl 4.76 2.76

Tec 4.42 3.01

VEGFR 4.25 3.15

Axl 4.19 1.45

Tie 3.98 1.98

EGFR 3.93 4.72

Fak 3.73 0.93

Sev 3.7 1.54

Eph 3.66 1.58

Alk 3.59 0.96

Musk 3.46 1.47

Csk 2.65 2.09

Met 2.44 2.06

FGFR 2.26 0.74

Fer 1.09 0.28

Syk 0.89 0.42

Figure 3. CDF of activity homology. Pairs of kinases were binned
by sequence identity. For the kinase pairs in each sequence identity
bin, the cumulative distribution function of activity homology is
plotted as a separate function. Activity homology for kinases A and
B is the fraction of compounds active for kinase A that are also
active for kinase B.
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unexpectedly similar profiles of inhibitor activity. Our data
confirm this activity homology: 87% of compounds that
bound LKB1 also bound AAK1. Similarly, the kinase
domains of the EphA and EphB kinases share low overall
sequence homology with PDGFRB (19-26% identity).
When only the 26 residues of the ATP binding site are
considered, EphA and EphB kinases are more similar to
PDGFRB (∼50% identity). Despite their dissimilarity in
sequence, some EphA and EphB kinases had high activity
homology with PDGFRB. For example, EphB1 has low
sequence similarity to PDGFRBbut high activity homology;
75%of EphB1 actives were also active in PDGFRB (Table 3).
EphA6, in contrast, has the same level of sequence similarity
to PDGFRB as EphB1 but much lower activity homology:
only 46% of EphA6 actives showed activity in PDGFRB.

One explanation for this disparity is the identity of the so-
called gatekeeper, a residue in the active site that can affect
kinase selectivity.9 Both EphB1 and PDGFRB have a threo-
nine in the gatekeeper position, while EphA6 has a valine
(Table 3). This single position may account for the greater
activity homology of EphB1 to PDGFRB than EphA6.

Activity homology can be used to identify kinases that
may present selectivity issues when targeting a specific
kinase. For example, 20 kinases had >90% activity homol-
ogy with EphB2 (i.e., they bound to 90% or more of the 372
compounds that bound EphB2). These 20 activity homo-
logues include three EphA and three EphB kinases, which as
close sequence homologues would be expected to have high
activity similarity to EphB2, but they also include more
distantly related tyrosine kinases such as LCK (98%),
ARG (95%), and FGR (91%).

Potency and Selectivity. Figure 4A plots maximum bind-
ing activity versus selectivity [SI(13) (see the Experimental
Section for the definition)] for very potent compounds.
Because binding ismeasured as percent control, a compound
that is more potent has a lower value of maximum activity.
As seen in the figure, compounds that are slightly less potent
bindverypotently to fewerkinases.Compoundswithmaximum
activity of 4-5% control all have SI(13) values of<0.04 (i.e.,
they bind potently to 16 or fewer kinases) and a mean SI(13)

Table 3. Sequence Similarity and Activity Homology of EphB1 and
EphA6 to PDGFR

kinase

PDGFRB

sequence

identity (%)

PDGFRB

binding site

sequence

identity (%)

PDGFRB

activity

homology (%) gatekeeper

PDGFR 100 100 100 T

EphB1 23 50 75 T

EphA6 20 50 46 V

Figure 4. Plots of potency vs selectivity. (A) Maximum binding activity vs selectivity index [SI(13)] for potent compounds. More potent
compounds have lower values of maximum binding activity, and more selective compounds have lower selectivity indices. The maximum
binding values were binned using a bin width of 1.0, and the SI(13) values were plotted as a box plot. For each bin, the top of the corresponding
box indicates the 75th percentile of SI(13), the bottom of the box indicates the 25th percentile, and the white line inside the box indicates the
mean value. The number of compounds in each bin and the mean SI(13) value are shown in the table below the plot. (B) Minimum IC50 vs
selectivity index [SI(100 nM)] for compounds tested in at least 10 in-house kinase functional assays. The minimum IC50 values were binned
using a binwidth of 20 nM, and the SI(100 nM) values for each binwere plotted as a box plot as in panel A. (C)Minimum IC50 vs log(IC50 ratio)
for compounds tested in at least 10 in-house kinase functional assays. See the Experimental Section for calculation of the log(IC50 ratio) values.
Plots were generated with TIBCO Spotfire version 2.2. The scatter plots corresponding to panels A and B are included in the Supporting
Information.
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value of 0.008 (i.e., on average they bind potently to three
kinases). In contrast, compounds that are slightly more
potent can bind with high affinity to more kinases. As
potency increases in the plot (maximum activity decreases),
the range of SI(13) values increases as well. Compounds with
maximum activity of 0-1% control have a mean SI(13)
value of 0.077, indicating potent binding to 31 kinases on
average, and 25% of compounds in this bin have SI(13)
values ofg0.10. Compounds that are more potent generally
acquire activity formultiple kinases,18 probablybecauseof the
conservation of ATP binding site features among kinases.

Figure 4A plots the trend of increased potency correlating
with decreased selectivity for the data set as a whole, for
which the more potent and less potent compounds being
compared include structurally diverse molecules. The same
trend holds true for pairs of structurally similar compounds
that vary in potency; 20003 pairs of structurally similar
compounds in which both compounds are very potent but
one compound is more potent than the other were as-
sembled. In 14298 cases (71.5%), themore potent compound
is also less selective. Compounds 1 and 2 are one such pair:
both are imidazo[1,2-a]thieno[3,2-e]pyrazines and were
designed to inhibit IKKβ.19 They differ only in the substitu-
tion pattern of the pendant phenyl (Figure 5). Compound 1

shows potent activity in five Ambit BioSciences assays and is
most potent in the IKKβ assay, with an activity of 0.2%
control. Compound 2, although structurally similar to 1, is
both more selective and less potent and bound only IKKβ at
4.8% control.

Importantly, the selectivity-potency trend outlined above
is also observed with a panel of kinase enzyme assays.
Figure 4B shows the correlation of greater potency with
decreased selectivity [SI(100 nM)] for this data set. Both
panels A and B of Figure 4 highlight the difficulty of
achieving potency and selectivity for a single target. It is
critical to note that in these plots, selectivity is calculated as
the fraction of assays for which a compound is active below a
given threshold. The relative activity of the compound for
different targets that meet the activity threshold is ignored.
This trend is particularly relevant in the hit identification
stage of drug discovery programs.

An alternative measure of kinase selectivity commonly
used with functional data is a compound’s fold selectivity for
its primary target over other, secondary targets. Even if a
compound potently inhibits a number of kinases, it may be
considered selective if its activity for the target of interest is

1 order of magnitude greater than its activity for any other
kinase. To quantify this relative selectivity, we compute the
log of the ratio of the compound’s second-most potent IC50

(for kinase 2) to its most potent IC50 (for kinase 1). A higher
log(IC50 ratio) indicates greater selectivity; a compoundwith
a log(IC50 ratio) value of 1 exhibits 10-fold selectivity for its
primary target (kinase 1). When the log(IC50 ratio) is plotted
versus potency, only a weak correlation is seen between
selectivity and potency (Figure 4C), with the average log-
(IC50 ratio) exhibiting a slight decrease as potency decreases.
This confirms that within a background of activity against a
number of kinases, compounds can nonetheless be made to
be extremely potent and relatively selective for a single target
during the course of lead optimization.

Structural Features of Nonselective and Selective Com-

pounds. The data set includes compounds that span the
selectivity spectrum from 0.002 e SI(33) e 0.76. A set of
286 compounds are particularly nonselective, with moderate
or potent activity for 40% or more of assayed kinases. To
elucidate what structural features may confer such nonselec-
tive kinase activity, the physicochemical properties of non-
selective compounds were compared to the properties of the
SP set. Both the SP set and the nonselective compounds were
filtered by structural similarity to avoid any bias introduced
by including multiple similar structures. Table 4 lists the
structural descriptors used and the coefficient for each
descriptor, which indicates how well-separated the descrip-
tor distributions are for the selective and nonselective classes.

As shown in Table 4, no descriptor completely separates
the two classes; for each structural feature, there is significant
overlap between the distributions for selective and nonselec-
tive compounds. Nonetheless, the results do highlight fea-
tures that are more prominent in nonselective compounds.
One of the descriptors that most significantly discriminates
between the two classes is the number of rings: only 9.6% of
selective compounds have at least 6 rings, while 33% of
nonselective compounds do (Figure 6A). Another feature
that tends to differ between the two classes is a shape
descriptor that corresponds to the “width” of the molecules.
Steric quadroples describe the extents of amolecule, with the
X, Y, and Z quadrupoles mapping to the length, width, and
height, respectively. Nonselective compounds have larger
values of the Y steric quadrupole, indicating that they may
span thewidthof theATPbinding sitemore fully than selective
compounds and thereby have the potential to interact with
more residues. In addition, nonselective compounds are

Figure 5. Structures and kinome binding profiles of a representative pair of compounds. The structures of compounds 1 and 2 are shown at the
left and their binding activities at the right. Binding data are shown for all targets that were bound by compounds 1 and 2 (e13% control).
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more likely to have many polar hydrogens: 23% of selective
compounds have at least four polar hydrogens, while 59%of
nonselective compounds have at least four polar hydrogens
(Figure 6B). One possible explanation is that the greater
number of hydrogen bond donors in nonselective com-
pounds increases the likelihood of forming hydrogen bonds
with the residues lining the ATP binding site in a greater
variety of protein conformations. Many, though not all, of
the additional polar hydrogens in nonselective compounds
are due to the more frequent presence of primary amines,
which have two polar hydrogens each. Positively charged
amines can potentially interact with the catalytic aspartate
and with the negatively charged residues that coordinate
Mg2þ ions when ATP is bound in the active site.

Interestingly, no significant difference is seen in themolecular
weight (MW) distributions of the two compound sets. It might
be expected that larger compounds would tend to be more
specific, because functional groups are typically added to a
molecular core to achieve greater specificity. In this data set,
however, no such trend is observed. The MW distributions

for both selective and nonselective compounds are skewed
toward higher molecular weights, with a slightly increased
skew for nonselective compounds. 68% of nonselective
compounds have molecular weights of >400, as do 59% of
selective compounds. As one can see in Figure 6C, the MW
distribution of the nonselective compounds does not differ
substantially from that of the selective compounds.

Chemotypes and Specificity. Using the chemotype assign-
ment scheme described in the Experimental Section, 34
chemotypes are represented in the SP set by at least 50
examples. Figure 7 plots the frequency with which each
chemotype is active (e13% control) against each kinase
family/subfamily. While there are gaps in the family cover-
age, many chemotypes have at least a few examples that are
active against every family. An equivalent plot with less
selective compounds included has even fewer gaps (data
not shown). For many of the chemotypes, the defining
substructure is a heteroatomic ring system that can in
principle bind to the hinge region of the ATP binding site.
For these chemotypes, the common structural motif can be

Table 4. Physicochemical Descriptors and Their Separation Coefficients for Selective and Nonselective Compoundsa

descriptor coefficient descriptor coefficient

no. of polar hydrogens 0.39 no. of heavy atoms 0.04

no. of rings 0.36 monopole 0.04

quadrupole Y 0.35 calculated LogP (VolSurf) 0.04

no. of NH and OH groups 0.31 quadrupole Z 0.03

no. of N and O atoms 0.28 molecular volume (VolSurf) 0.03

no. of amides 0.10 molecular surface area (VolSurf) 0.02

no. of halogens 0.08 MW 0.02

quadrupole X 0.05 no. of rotors 0.00
aAdditional descriptors and coefficients are given in the Supporting Information.

Figure 6. Structural characteristics of selective and nonselective compounds: (A) number of rings, (B) number of polar hydrogens, and (C)
molecular weight. The distributions are shown for the filtered nonselective and SP sets. Plots were prepared with Excel 2003.
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viewed as a core scaffold, and the members of the chemotype
differ in the identity of the substituents appended to the core.
Becausemost chemotypes have representatives that can bind
to most kinase families, the results suggest that for a specific
compound, the identity of the substituents may drive its
activity pattern asmuch ormore than the identity of the core.
Some chemotypes, such as the pyridines and 1H-pyrazoles,
have relatively evenly distributed activities across many
different families, while other chemotypes are skewed to-
ward a particular family. For instance, 74%of the indolin-2-
ones are active against NAK kinases (283 of 318), and 83%
(318 of 383) exhibit GSK activity. This does not necessarily
reflect an intrinsic affinity of this particular core for the
NAK and GSK families, because the screening collection
contains many structurally similar analogues and does not
constitute an unbiased set. Despite its skewed target distri-
bution, the indolin-2-one core is capable of binding many
different kinase families (Figure 7). Our data suggest that
many different core scaffolds can potentially be modified to
produce selective compounds for most kinase targets.

Structural Similarity and Profile Similarity. Chemically
similar compounds would be expected to inhibit the same
targets and thus to have similar activity profiles. Bamborough
et al.10 observed that structural similarity correlated with
activity profile similarity in their data set, and our larger
compound set follows the same trend. Profile-profile simi-
larities were calculated as a continuous Tanimoto score as

described in the Experimental Section. A higher Tanimoto
coefficient indicates greater profile-profile similarity. Figure 8
plots the CDF of the activity profile similarity (CDFP) for
pairs of compounds that were binned by their structural simi-
larity [Tc (see the Experimental Section)]. As shown in the
figure, pairs of compounds that have more similar structures
tend to havemore similar activity profiles, and therefore, the
CDFs are shifted to the right as structural similarity in-
creases. For example, approximately half (52%) of compound

Figure 7. Kinase families and chemotype specificity. Thirteen chemotypes with g50 representatives in the SP set are represented
along the X-axis, and kinase families are listed on the Y-axis. The color of each rectangle indicates the number of compounds in the
given chemotype that potently inhibit one or more kinases in the specified family. Plots were prepared with TIBCO Spotfire
version 2.2.

Figure 8. CDF of profile similarity (CDFP) by structural similarity
bin. Pairs of compounds were binned by structural similarity (Tc).
For the compound pairs in each structural similarity bin, the
cumulative distribution function of profile similarity is plotted as
a separate function.



62 Journal of Medicinal Chemistry, 2011, Vol. 54, No. 1 Posy et al.

pairs with moderate structural similarity (0.5-0.6) have an
activity profile similarity of >0.73. In contrast, 83%
of highly similar compound pairs (structural similarity
of >0.9) have activity profile similarities in that range.

Although structurally similar compounds tend to have
similar activity profiles across the entire panel (Figure 8), the
likelihood that structural neighbors will have similar activ-
ities for a particular kinase differs from target to target. For
each target, we identified compounds that are structurally
similar to compounds that bind the target and computed the
fraction of these structural neighbors that themselves bind
the target. The distribution of the neighbor hit rates by
target, shown in Figure 9A, is centered around 22%. On
average, ∼22% of structural analogues of a known active
compound can be expected to be active. As the number of
active compounds for a target increases, the neighbor hit rate
also increases (Figure 9B); if a target is inhibited by relatively
few compounds, a smaller fraction of structural analogues of
the active compounds are themselves active.

Discussion

Kinome Profiling and Target “Druggability”.Recent stud-
ies have described Ambit KinomeScan screening results for
small sets of 200-500 structurally diverse compounds that
were tested against panels of 119-317 kinases.10-12 Our
compound set is much larger and, while it includes a struc-
turally diverse set, was selected to include multiple represen-
tatives of many structural clusters. While the distribution of
hit rates found here largely agrees with that found by
Bamborough et al., there are significant differences in hit
rates for a number of kinases that are likely due in large part
to the differences in the compound sets. GAK, JNK3, CK1D
(CSNK1D),CK1E (CSNK1E), and JNK3had exceptionally
high hit rates in the earlier study, while in our data set, GAK
had a moderately high hit rate (8.1% of all compounds) and
JNK3, CK1D, and CK1E all had low hit rates (1.4, 2.6, and
3.6%, respectively). In a more typical case in which our hit

rates confirm previous findings, kinases of the MEKK/
MAP3K family had very few hits in our collection, in
agreement with the earlier study’s low hit rates forMAP3K5
(ASK1) andMAP3K4. The lack of hits in two such different
compound sets indicates that these kinases may be difficult
targets for drug discovery efforts.

In contrast, the kinases of the PDGFR family had high hit
rates in both screens. This led us to examine whether
PDGFR kinases have any unusual binding site features that
may contribute to their binding versatility. Alignment of the
PDGFR kinases reveals a conserved Cys-x-Tyr-Gly-Asp
motif in the extended hinge region at the outer edge of the
binding site. While the Gly and Asp of the motif are
commonly found in other kinase families, the Cys-x-Tyr
sequence is unique to the PDGFR family. The large tyrosine
is in a site commonly occupied by Gly. It is not obvious why
this unusual combination of residues would allow PDGFR
kinases to bind to structurally diverse ligands. One possibi-
lity is that the Cys-x-Tyr motif may allow sampling of
alternative conformations of the extended hinge in PDGFR
kinases as compared to other kinases.

The neighbor hit rate, coupled with the hit rate for all
compounds, provides a measure of a kinase’s potential
tractability as a drug target. The correlation between the
two rates suggests that the more hits that are found in an
initial kinase screen, themore likely it is that analogues of the
first hits will themselves be active. Interestingly, our finding
that on average 22% of analogues of active compounds tend
to be actives themselves agrees with an earlier study showing
that 30% of close analogues (Tanimoto coefficient ofg0.85)
of hits in high-throughput assays are themselves active.20

However, the range we find is 0-54%, suggesting that this
metric should be computed for each target.

Implications for Kinase-Focused Screening Collections.

Many chemical substructures have been identified as kinase-
specific privileged structures; i.e., compounds containing
these structure fragments are enriched for kinase activity as

Figure 9. Neighbor hit rates. (A)Distribution of neighbor hit rates over the set of kinase targets. The neighbor hit rate is defined as the percent
of structural analogues of a target’s actives that are themselves active for the same target. (B) For each target, the number of hits is plotted vs the
neighbor hit rate. The targets are colored by kinase class.
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compared to other target classes.21-24 These fragments
have flat aromatic ring systems containing hydrogen bond
acceptors and donors that can interact with the hinge
residues of the ATP binding site. The chemotypes in our
compound set represent many such substructures, including
well-known kinase-binding scaffolds such as pyrrolo[2,
1-f][1,2,4]triazines25 and 1H-pyrazoles.26 While these core
substructures may indeed bind preferentially to kinases as
compared to other target classes such as GPCRs or ion
channels, within the kinome the concept of privileged sub-
structures may be less applicable. Our data show that, in
general, most chemotypes can bind selectively to a broad
range of kinases; we do not find many chemotypes that are
capable of binding to only a few specific kinase families. This
indicates that kinase family specificity depends less on the
identity of the core scaffold and more on the specific
substituents appended to the core.

Various procedures for selecting compound sets for high-
throughput screening (HTS) of kinase targets have been
described.27-33 By screening a small, diverse collection of
compounds that are enriched for compounds likely to bind
kinases, one can find leads for novel kinase targets without
conducting a more extensive HTS campaign of more than
1millioncompounds.Toassemble suchkinase-focusedscreening
libraries, candidate compounds are assigned a score reflect-
ing their predicted kinase binding potential. Such scores may
incorporate various similarity metrics based on comparisons
to known kinase inhibitors,32 docking scores or interaction
fingerprints for one or more kinase structures,30-32 descriptor-
based activity predictions,27,28 and/or activities from pre-
vious kinase screens. High-scoring compounds are typically
identified and then passed through a diversity filter. This step
ensures that multiple diverse scaffolds are included and that
no single scaffold is overrepresented in the focused library.

Our results support a potentially complementary para-
digm. In this approach, a small number of known kinase
scaffolds would be selected on the basis of their synthetic
accessibility and potential for conferring intellectual prop-
erty. The librarywould comprise asmany analogues contain-
ing these scaffolds as possible. If a diversity pick were
required to select a subset from many analogues, it would
be based only on comparison of the structural fragments
appended to the core scaffold. Such an approach would take
advantage of the proven kinase binding potential of known
cores and allow exploration of more diverse fragments in the
noncore regions than may be found in standard kinase-
focused collections. Scaffold-oriented kinase libraries in line
with this paradigm have been synthesized and successfully
screened for active kinase inhibitors.34-36 Of particular note
is a recent effort to systematically identify and build libraries
around novel scaffolds with potential hinge-binding ele-
ments that were not represented in the kinase literature.36

A scaffold-oriented screening strategy may be especially
appropriate for kinases with low neighbor hit rates. Harper
et al.37 have shown that a target’s neighbor hit rate has a large
impact on the number of compounds that need to be
screened to find an expected number of leads. For kinases
with high neighbor hit rates, hits will likely be found by
screening a compound collection of many diverse chemo-
types (where each is represented by a small number of
compounds). Because analogues of active compounds have
a high probability of being active, active chemotypes can be
identified even if they are sparsely represented in the screening
collection. For a kinasewith a lowneighbor hit rate, however,

even if a particular scaffold can bind the target of interest,
many analogues containing the scaffold may need to be
sampled to identify a lead compound. Because most chemo-
types have the potential to bind most kinase families, screen-
ing a large number of analogues of a single chemotype may
be more productive for more difficult kinase targets than
screening fewer examples of more chemotypes.

Molecular Determinants of Selectivity. In general, we find
that selective and nonselective compounds have overlapping
profiles of physicochemical features. We did not see a
significant difference in the molecular weights of nonselective
compounds as compared to selective compounds, in contrast
to an earlier work that found that molecular weight greatly
affected selectivity.10We did find that extremely nonselective
compounds tend to have more rings and more polar hydro-
gens than selective compounds, suggesting that these fea-
tures should be avoided when feasible in designing new
kinase inhibitors. Initial attempts to select feature combina-
tions that would predict compound selectivity have shown
some promise (data not shown). Future refinement of the
models is expected to improve their predictive capabilities.

Conclusions

The kinome profiling data described in this work can be
used to evaluate the potential druggability of kinase targets
and to identify potential off-target liabilities. Because of the
observed variation in target tractability and our finding that
most chemotypes canbind tomostkinase families,wepropose
a scaffold-oriented screening strategy that complements other
methods of designing kinase-focused libraries. The observed
variability in hit rates and neighbor hit rates for the highly
conserved kinases suggests that targets in less conserved
classes may have similar screening variability. The considera-
tions that we outline for kinase screening strategies may
therefore apply to target classes such as GPCRs and ion
channels as well.

Experimental Section

Binding Assays.The binding assays were conducted byAmbit
BioSciences as described previously.11,12 Compounds were
screened at a single concentration of 1 μM. The assays measure
a compound’s ability to inhibit binding of a bait ligand, with 0%
control corresponding to full inhibition and 100% control to no
inhibition. Three different activity cutoffs were used in this work
to define moderate, potent, and extremely potent binding. On
the basis of comparisons between Ambit BioSciences binding
data and in-house functional assay data (see the following
section), moderate activity was defined ase33%control, potent
activity ase13% control, and extremely potent activity ase5%
control. The hit rates listed in Table 1 were calculated with the
potent activity threshold (e13% control). For each compound,
a selectivity index at an activity threshold x, SI(x), is calculated
as the number of assays for which the compound was activee x
% control divided by the total number of kinases for which the
compound was assayed. The range of potential SI values is 0-1;
an SI of 0 indicates that no kinases were bound at the given
threshold, and an SI of 1 means that all kinases were bound.

Functional CDK2, FLT3, and EGFR Assays. The kinase
functional assays were performed in 384-well plates using a 30 μL
reaction volume. The reactions were run for 1 h in reaction buffer
[100 mM HEPES (pH 7.4), 10 mM MgCl2, 0.015% Brij35, and
4 mMDTT]. The reaction was initiated by combination of kinase
CDK2/cyclin E (Proqinase), FLT3 (Invitrogen), orHER1/EGFR
(Invitrogen) and 1.5 μMpeptide substrate fluorescein-QSPKKG-
NH2 (forCDK2/cyclinE) or fluorescein-EAIYAAPFAKKK-NH2
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(for FLT3 and HER1/EGFR) in the presence of ATP in wells
containing the compound to be tested. The ATP concentrations
used in these assays were 30 μM for CDK2, 200 μM for FLT3,
and 6 μM for HER1/EGFR. The final concentration of DMSO
in these reaction mixtures was 1.6%. The reaction mixture was
analyzed on the Caliper LabChip 3000 (Caliper, Hopkinton,
MA) by the electrophoretic mobility shift of the fluorescent
substrate and phosphorylated product. Inhibition data were
calculated by comparison to no enzyme control reactions for
100% inhibition and DMSO-only reactions for 0% inhibition.
Dose-response curves were generated to determine the concen-
tration required to inhibit 50% of kinase activity (IC50). Com-
pounds were dissolved at 10mM in dimethyl sulfoxide (DMSO)
and evaluated at 11 concentrations, each in duplicate. IC50

values were derived by nonlinear regression analysis.
Selection of Activity Cutoffs. The Logit transformation is

relatedmathematically to theHill equation with the assumption
that the Hill slope is 1:

effect ¼ dose

Ki þ dose

which can be rearranged to

Ki ¼ dose� 1- effect

effect

which is mathematically equivalent to

Ki ¼ dose�Maxeffect- effect

effect-Mineffect

whereMaxeffect andMineffect are themaximum andminimum
effects possible in the assay, respectively. In the case of the
Ambit BioSciences binding assays, the maximum effect is 0%
control, the minimum effect is 100% control, and the dose is
1 μM. The following equation was utilized to calculate the
estimated IC50 values (red lines shown in Figure 1).

estimated IC50 ¼ 0-% control

% control- 100

� �
ð2Þ

Structural Similarity. To compare compounds by their che-
mical structures, we retrieved the connection table for each
compound from the corporate database. An atom-pair
fingerprint38 was generated for each structure. The Tanimoto
coefficient (Tc) was used as a measure of structural similarity.39

Two compounds are considered structurally similar if their
fingerprints have a Tc of g0.7. The all-against-all matrix of
compound pairwise similarities was calculated.

Neighbor Hit Rates. Structural neighbors of a compound
make up the set of compounds with Tc values of g0.7 to the
query structure. A compound is not considered its own neighbor
even though its Tanimoto similarity to itself is equal to 1. For
each kinase, all structural neighbors of all potently active
compounds (e13% control) were identified, and the combined
neighbor list was filtered to remove duplicates. The neighbor hit
rate is defined as the number of structural neighbors that were
active for the target of interest (e13% control) divided by the
total number of structural neighbors.

SP Set. A total of 7790 compounds were identified on the
basis of their selectivity and extreme potency. These compounds
are collectively labeled the SP set. Selectivity denotes moderate
or potent activity for atmost 10%of the panel [i.e., SI(33)e 0.1],
and extreme potency is defined as activity for at least one kinase
of e5% control and >0% control. Values of 0% control have
been shown tohave a higher false positive rate upon retesting than
values greater than zero, especially in caseswhere a compoundhas
0% control activity for a single kinase and no non-zero activity
for anyother kinase (datanot shown).Compoundswere therefore
required to have activity greater than zero and less than or equal
to5%control tobe consideredverypotent and included in this set.

Potency and Selectivity. To compare potency and selectivity,
we found 11935 compounds that met the criterion for extreme
potency (>0 and e5% control for at least one kinase), regard-
less of their selectivity. For these compounds, the SI(13) was
calculated to measure selectivity using a potent activity thresh-
old; 20003 pairs of structurally similar compounds were identi-
fied as described above (both compounds in each pair were
extremely potent).

Selectivity in Functional Assays. A total of 12455 compounds
that were tested in at least 10 in-house assays of kinase catalytic
activity and had an IC50 ofe100 nM for at least one assay were
identified. For each compound, a selectivity index, SI(100 nM),
was calculated as the number of assays that gave IC50 values of
e100 nM divided by the total number of kinases for which the
compound was assayed. Selectivity was also calculated for each
compound as the log of the ratio of the second-most potent IC50

to the most potent IC50. This measure describes the relative
selectivity of the compound for its highest-affinity target and
does not involve an activity cutoff.

Kinase Sequences and Alignments. Ambit BioSciences targets
were assigned to groups and families on the basis of the
Manning classification scheme.1 The DNA insert sequence of
each target was obtained from Ambit BioSciences and trans-
lated into its corresponding protein sequence. Each pair of
protein sequences was aligned with T-coffee version 6,40 and
the sequence identity was calculated as the number of identical
aligned residues divided by the number of aligned positions. To
compare theATPbinding sites of kinases in the PDGFR,EphA,
and EphB families, we identified 26 binding site residues by
visual inspection of a representative kinase crystal structure and
mapped them to the corresponding positions in the pairwise
sequence alignments.

Chemotype Assignment.ClassPharmer version 4.641 was used
to systematically identify the common ring systems in a large
database of known kinase inhibitors (data not shown). Two
hundred ninety-seven ring systems that contain the hydrogen
bonding characteristics of a kinase inhibitor were manually
selected and converted to SMARTS patterns. The SMARTS
generated from this procedure were used for substructure
searching in Pipeline Pilot version 7.5.242 to assign compounds
to “chemotype” classes. Compounds were annotated with all
matching substructures and thus may belong to multiple che-
motypes. The substructuremotifs are not true chemotypes in the
sense that they are not “cores”, and many matching structural
fragments may be noncore substituents. However, most of the
substructures used to define the chemotype classes are known to
function as kinase-binding cores and can form the critical
hydrogen bonds to the hinge residues of the ATP binding site.

Thirty-four chemotypes contained at least 50 representatives
in the SP set. For each of these 34 chemotypes, for each kinase
family, the number of compounds in the SP set that bound
potently (e13% control) to at least one family member was
tallied. These raw counts were converted to frequencies for each
chemotype by dividing the count by the total number of SP
compounds in each chemotype.

Activity Homology. The activity homology for each pair of
kinases A and B was calculated as the prior probability of
activity for kinase B given activity for kinase A, i.e., the percent
of active compounds (e13%control) for kinase B that were also
active for kinase A. An activity homology of 65% means that
65% of the compounds that were active for kinase B also had
activity for kinase A.

Kinase pairs were binned by pairwise sequence identity (as
described above), and the cumulative distribution function of
activity homology (CDFH) was calculated separately for the
kinase pairs in each sequence identity bin. CDFHi(x) is the
percent of kinase pairs in sequence bin i that have activity
homology of ex.

Physicochemical Features of Selective and Nonselective Com-

pounds. Two hundred eighty-six compounds were identified



Article Journal of Medicinal Chemistry, 2011, Vol. 54, No. 1 65

with an SI(33) of g0.4. For each of the 286 nonselective
compounds and the 7790 compounds in the SP set, a single
three-dimensional conformation was generated from the con-
nection table using Omega version 2.3.43 Simple derived proper-
ties such as molecular weight, the number of polar hydrogens,
etc., were calculated with molProps, an in-house tool based on
the OpenEye OEChem toolkit.43 Additional physicochemical
features were calculated with VolSurf version 4.1.4.44,45 For
each of the 90 total descriptors, the separation of the nonselec-
tive and selective classes was calculated using the mean-differ-
ences test. The separation coefficient for descriptor i, Si, equals
(avgs,i - avgn,i)

2/(stddevs,i
2 þ stddevn,i

2), where avgs,i and
stddevs,i are the average and standard deviation of the values
of descriptor i for selective compounds, respectively, and avgn,i
and stddevn,i are the average and standard deviation of the
values of descriptor i for nonselective compounds, respectively.

The analysis was repeated with the selective and nonselective
compounds clustered by structure to reduce the bias introduced
by having large clusters of very similar compounds in the
compound sets. Using the structural similarity matrix described
above, group-average linkage clustering was applied to both the
SP set and the set of nonselective compounds. Two similarity
cutoffs were tried. When a tight similarity cutoff of 0.7 was
employed, 3945 selective clusters (including singletons) and 152
nonselective clusters were found.A looser similarity cutoff of 0.5
yielded 1302 selective clusters and 61 nonselective clusters. For
both cutoffs, a single representative was chosen randomly for
each cluster and the separation coefficients were recalculated.
The calculations were also conducted with all nonselective
compounds included and only the SP set clustered by structure.
While the magnitude of the separation coefficients differed
depending on how compounds were clustered, the observed
trends are the same in all cases and the same features emerge as
important. The values shown were derived from the analysis
with the tighter cutoff and both selective and nonselective
compounds clustered.

Activity Profile Similarity. To compare the profile similarity
of two compounds, we developed an algorithm based on the
Tanimoto coefficient. The normal Tanimoto algorithm uses a
fingerprint in which each bit is a binary response. For a
fingerprint based on activity, an arbitrary activity cutoff must
be set to separate the actives from the inactives. This introduces
a large discontinuity when activities fall close to the cutoff value
and can make the similarity results rather dependent on that
value. Additionally, it was found that the large amount of
negative activity data (i.e., lack of activity) in the results for
these assays often overwhelms the positive data upon calcula-
tion of the Tanimoto coefficient, especially for more selective
compounds. TheContinuous Tanimoto algorithmwas designed
to address both of these issues.

The Tanimoto algorithm was modified to remove this dis-
continuity at the cutoff threshold by making the contribution of
one bit a linear function of the activities of one assay for the two
molecules.

An activity fingerprint is comprised of the values for each
assay (% control). A continuous version of the Tanimoto index
that uses the raw activity values rather than binning values into
discrete active and inactive categories was developed. The
Tanimoto profile similarity for compounds 1 and 2 is

S1, 2 ¼ ½2Naþ 2
X

i¼ 1, nðA2, 1b=100-A1, ia=100Þ�=f2Na

þ
X

i¼ 1, n½A1, iðb- aÞ=100� þ
X

i¼ 1, n½A2, iðb- aÞ=100�g

where N is the total number of assays, A1,i is the activity of
compound 1 in assay i, and A2,i is the activity of compound 2 in
assay i. The constants a and b were empirically set to 10 and 1,
respectively. The contribution for each assay is 10 if both
compounds are 0% control, 1 if they are both 100% control,
and 0 if one is 100% and the other 0%. For intermediate values,

the contribution is a linear extrapolation. There is a normal-
ization factor to put the results between 0 and 100% similarity.

The ratio of a to b is the weight of the contribution given to
active results versus inactive. A ratio of 1 generates similarity
results that are determined primarily by the inactive data. This
makes all highly selective compounds very similar, regardless of
the few targets against which they are potent. A very high ratio
would consider only the active data that are more appropriate
for selective compounds.A low ratioworks better for nonselective
compounds. A ratio of 10 produced similarity results formost of
our compounds that make intuitive sense upon comparison of
histograms of the raw profile data.

Compound pairs were binned by pairwise structural similarity
(Tc), and the cumulative distribution function of activity profile
similarity (CDFP) was calculated separately for the compound
pairs in each structural similarity bin. CDFPi(x) is the percent of
compound pairs in structural similarity bin i that have activity
profile similarity of ex.
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