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In this Letter, a novel strategy for assessment of ligand promiscuity is described. By using a carefully
selected small set of kinases together with multivariate statistical methods, a measure of selectivity
can be estimated. This will facilitate an appropriate selection of compounds for further development in
lead generation and optimization.
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The human genome contains approximately 500 protein ki-
nases that regulate numerous cellular processes.!? The modulation
of protein kinase activity has been implicated for the treatment of
several diseases such as cancer, inflammation, and metabolic dis-
eases.> However, the design of small-molecule kinase inhibitors
with optimal selectivity profiles for desired biological activity
and safety remains a major challenge.*” This has been further
complicated by the fact that several so called ‘specific’ inhibitors
from the past are now proving to be non-selective.®° In the era
of HTS, with a philosophy of one-target-one-disease, efforts were
focused on finding selective compounds interacting specifically
with one target. Today, multitargeted drugs are increasingly com-
mon and it is believed that certain diseases, most notably cancers,
cannot be effectively treated with single target agents.!®"'? In
either case, it is of great need to early on get an idea of the promis-
cuity of the individual hit/lead compounds. It would be a costly
process if one would perform selectivity determinations using
large kinase panels for many compounds. In this article is de-
scribed a method to determine the promiscuity of individual com-
pounds by determining the selectivity on a very limited set of
kinases.

A recent publication by Karaman et al. describes a quantitative
analysis of kinase selectivity.? In their work, they present interac-
tion data for 38 different kinase inhibitors with 290 distinct ki-
nases in the most comprehensive study of kinase selectivity
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published to date. The data was elegantly displayed in way of
interaction maps'? for each inhibitor. Given the large amount of
data available to the authors, they introduced a quantitative
parameter called the selectivity score, S. In a recent paper by Scia-
bola et al. this parameter is referred to as the promiscuity score.!
Graczyk on the other hand, make use of the Gini coefficient, G.'> In
the context of this work, G(c)~ 1 — S(c). S(c) is a value between 0
and 1 and describes the fraction of kinases found to bind with a
dissociation constant of less than a given concentration c. A high
value of S would indicate a promiscuous kinase inhibitor. Using
S(3 uM), the effect of kinase panel size on apparent selectivity
was evaluated.® Subpanels ranging from 20 to 288 kinases were
randomly selected and apparent S(3 uM) were calculated. The con-
clusion was stated as ‘small assay panels do not provide a robust
measure of selectivity’. This triggered us to explore the data in a
more rational way using multivariate analysis techniques, that is,
PLS (partial least squares projection to latent structures).!®!” We
hypothesized that a carefully selected smaller set of kinases would
be predictive of the selectivity score. To test the hypothesis, all Ky
data were extracted from the Karaman publication and the selec-
tivity score was calculated at 3 pM.

Missing pKq values were set to 4 representing inactive com-
pounds and staurosporine was excluded as an outlier. Thereafter,
the data set was partitioned into two equally sized classes, one
being the test set of the other. Starting with observations from
Class 1, a PLS analysis was performed and the 10 variables most
correlated with S(3 uM) were identified. Accordingly, a new PLS
model including only these 10 variables was determined. The
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derived model was validated by predicting the selectivity scores of
observations from Class 2 and by cross-validation. The procedure
was repeated starting with observations from Class 2. Results are
reported in Table 1.

The kinases most relevant for explaining S(3 pM) in the model
based on Class 1 data are AMPK-alphal, CLK2, DLK, ITK, JAK2,
LATS1, MAP4K1, MERTK, MST2, and MYLK2. For the model based
on Class 2, the kinases used are AMPK-alphal, AMPK-alpha2,
IKK-epsilon, MAP4K1, MAP4K3, MARK1, MARK2, MARK3, MARK4,
and MST1. These kinases are moderately promiscuous and bind be-
tween 5 and 13 ligands below 3 uM (average in the data set is 7.2,
median is 6 and data is ranging from O to 23 ligands).

The overlap between the two models is only 2 kinases, namely
AMPK-alphal and MAP4K1, yet, the predictive power of the mod-
els is high (Table 1 and Fig. 1). This suggests a redundancy in the
data set, or, in other words, some kinases show similar binding
profiles to the 38 inhibitors. To verify this, the 10 most important
kinases used above were excluded and new models were built as
above. The result from this exclusion study clearly shows that pre-
dictive models can be calculated using several different combina-
tions of kinases (Table 1).

A more orthogonal selection of kinases would probably reduce
the risk of erroneous predictions of novel kinase inhibitors and im-
prove the predictive power of the model. To illustrate this, a selec-
tion of the 40 most important kinases were made according to the
variable importance parameter in Simca.!” This would serve as a
good starting point for such an analysis. In this case, pKy data for
inhibitors in both classes were used. The top 40 kinases represent
the kinase groups AGC, CAMK, CK1, STE, TK, TKL, and various un-

Table 1
Statistics from the PLS analyzes
Training set
Class 1 Class 2 Class 17 Class 2°
R? 0.92 0.91 0.95 0.92
Q* 0.91 0.88 0.94 0.89
RMSEP 0.09 0.08 0.06 0.08

¥ The 10 most important kinases excluded and modeling repeated as before.

grouped kinases. Of particular notice, the CMGC group is not repre-
sented and thus, this group of kinases add little information on the
overall promiscuity of a kinase inhibitor. From the top 40 kinases a
diverse subset of 10 kinases could be selected in various ways. Per-
haps most intuitive would be to select kinases distributed over all
branches of the human kinome. The selection of, for example, the
kinases MAP4K3, FGFR1, AMPK-alphal, LATS1, SRPK2, DLK repre-
senting the groups STE, TK, CAMK, AGC, CMGC, TKL could serve
as a minimal panel for an initial assessment of the selectivity of
a kinase inhibitor. This results in a predictive model with a R? of
0.91 and a Q? of 0.88. The internal prediction of S(3 pM) within this
model'® is depicted in Figure 2.

Using all data from the paper by Karaman et al. to produce a
model leaves us with no test set for assessing the predictivity of
the model. A useful, although less rigorous measure of the predic-
tive ability of the model is Q% used as a quality measure of internal
validation. In this work, Q? has been calculated by sevenfold cross-
validation. A model with perfect predictability has Q? equals to one
while a model with Q? equals to zero cannot predict better than
random. Hence, the model presented here with Q?=0.88 is con-
vincing and the predictive ability is valid. There is always a risk
of overfitting and making the model less able to extrapolate. In or-
der to make sure that these results are true and not caused by pure
chance several models were calculated where the order of the y
values, that is, S(3 uM) were scrambled.!® The majority of all these
models have R? and Q? close to zero indicating that the present
model is stable and not caused by chance.

As a final validation of the work presented in this article, we
used a data set published by Bamborough et al.° In this article,
screening data are presented for 17 kinase inhibitors tested at
10 pM on 203 kinases. 12 of these were identified among the ki-
nases found to be important in assessing S in our analyses above.2’
By transforming the pKy at 3 M concentration used in the calcu-
lation of S(3 nM) to %control used in the data set of Bamborough,
we could calculate an approximate S(3 pM) using all 203 kinases.
Doing the same calculation of S(3 uM), using instead the set of
the overlapping 12 kinases, we found a very good correlation. This
is shown in Figure 3 (R? = 0.72). The result shows that the kinases
identified in this work as being important predictors of ligand pro-
miscuity are indeed useful also in other settings.
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Figure 1. Filled squares represent predictions of Class 2 with a model based on
Class 1 data. Open diamonds represents predictions of Class 1 with a model based
on Class 2 data.
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Figure 2. Internal predictions of S(3 uM) within a model based on data from 6
kinases each representing a branch of the human genome.
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Figure 3. Correlation between experimental approximate S(3 pM) using all kinases
and predicted S(3 pM) using only 12 kinases (R? = 0.72).

As an alternative approach to design a small panel of kinases, a
diverse selection based on the loading plot from a principal compo-
nent analysis (PCA) could be made.

Our conclusion is that, for a given kinase inhibitor, it is enough
to determine selectivity on a small panel of kinases to estimate the
degree of promiscuity. This is a parameter is of great importance
also to guide the early phases of drug discovery such as the
screen-to-hit and lead generation processes. For cost reasons, most
companies can not address this issue on a large enough number of
compounds this early. This hampers the efficiency of finding a lead
compound with a desired profile.?! Given the strong correlation
between S(3 uM) used by Karaman et al. and the Gini coefficient
used by Graczyk in a paper were single point data were used,'” it
might be more efficient from a cost performance perspective to
run a larger kinase panel at a single point concentration. The
authors of this paper would strongly recommend screening com-

panies to use their proprietary data to develop models for
prediction of kinase inhibitor promiscuity based on data from
smaller kinase panels. This would encourage small and mid-sized
pharmaceutical companies to enter the field of kinase inhibitors.

In conclusion, the results from our study show that there is
redundant information in data derived from large kinase panel
screens and that a proper selection of a carefully designed subset
of kinases will provide sufficient information to estimate ligand
promiscuity.
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