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Mitogen-activated protein kinase-interacting kinases 1 and 2 (MNK1 and MNK2) phosphorylate the
oncogene eIF4E on serine 209. This phosphorylation has been reported to be required for its oncogenic
activity. To investigate if pharmacological inhibition of MNK1 could be useful for the treatment of
cancers, we pursued a comprehensive virtual screening approach to rapidly identify pharmacological
tools for target validation and to find optimal starting points for a plausiblemedicinal chemistry project.
A collection of 1236 compounds, selected from a library of 42 168 compounds and a database of 18.8
million structures, were assayed. Of the identified hits, 26were found to have IC50 values less than 10 μM
(2.10% hit rate). Themost potent compound had an IC50 value of 117 nM, and 73.1% of these hits were
fragments. The hits were characterized by a high ligand efficiency (0.32-0.52 kcal/mol per heavy atom).
Ten different chemical scaffolds were represented, giving a chemotype/hit ratio of 0.38.

Introduction

The initiation of translation factor eIF4E is a partner in a key
signaling node that integrates inputs from the PI3K/Akt and
Ras/MAPK signal transduction pathways.1 eIF4E is a compo-
nent of the eIF4F complex that controls the rate-limiting step of
the recruitment of ribosomes to mRNAs. eIF4E binds to the
7-methylguanosine of the mRNA cap which brings the mRNA
in proximity to the ribosome in concert with eIF4G, the ribo-
some binding component of eIF4F.2Overexpression of eIF4E is
oncogenic and can suppress apoptosis.3 High levels of eIF4E
expressionhave been linked to the progressionof headandneck,
colon, breast, and bladder cancer.1Wendel et al.4 demonstrated
that the phosphorylaton status of serine 209 is key to eIF4E-
driven lymphogenesis.Theyobserved thatacatalytically inactive
dominant negative form of MNK1,a the kinase responsible for
the phosphorylation of eIF4E on serine 209, blocks eIF4E-
driven lymphomageneis.4MNK1was first identifiedas aprotein
kinase that associated and activated by theMAP kinase ERK.5

Subsequently it was found that MNK1 and MNK2 were the
protein kinases responsible for the phosphorylation of eIF4E.6

Thus far, no other MNK1 or MNK2 substrates have been
described. Mice in which both MNK1 and MNK2 have been
knockedout in theembryoareviableandshownogrossdefects,7

implying that inhibitors targetingMNK1 andMNK2would be

well tolerated. In order to investigate if pharmacological inhibi-
tion of MNK1 could be useful for the treatment of cancer, we
pursued the following strategy to rapidly identify inhibitors. The
goal was to identify pharmacological tools for target validation
and at the same time find optimal starting points for medicinal
chemistry. Small chemical structures, fragment-like molecules
(MW< 300 Da),8 were preferred because of their potential for
rapid expansion and their potential for optimization into leads
and then into preclinical candidates. To accelerate the process
and minimize costs, our strategy involved the screening of a
representative set of chemical structures from our compound
collection and a focused set of molecules, fragment-oriented,
which were selected using a comprehensive computational app-
roach. Several complementary virtual screening strategies were
used, together with in silico physicochemical profiling with a
special emphasis on fragment-like structures with optimal pre-
dicted solubility (>100 μM at pH 7.4). In this study we report
the identification of 26novelMNK1 inhibitors, one ofwhich, 29
(Table 1, ETP-45835), can be used as pharmacological tool for
MNK1 validation. Compound 29 had IC50 for inhibition of
MNK1 of 646 nM and was selective against a panel 24 protein
kinases. This hit inhibited MNK1 in intact cells, decreasing
phosphorylationof eIF4Eon serine 209with anEC50 of 4.7μM.
This exercise also identified expandable and viable starting
points for medicinal chemistry. In fact, 73.1% of hits were frag-
mentswith high ligand efficiency (LE) values,9 between 0.32 and
0.52 kcal/mol per heavy atom. There were 10 scaffolds repre-
sented by the 26 hits which provides an additional qualitative
value in termsof diversity, not only froman intellectual property
perspective but also considering their physicochemical profiling
and related ADME/Tox properties.10

Methods

Fragment-baseddrugdiscoveryhasproven tobeaveryuseful
approach in the hit finding process to identify optimal chemistry
starting points for drug discovery programs.11 Fragments with
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Table 1. The 26 Compounds Identified as MNK1 Inhibitors

aAll these active compounds were obtained from external sources (more details in Materials and Methods). b Identifiers, ETP numbers, for
compounds with molecular weight lower than 300 are labeled with letter b as superscript, fragments. c IC50 values are represented as mean values of two
independent experiments. Only differences in pIC50 up to 0.6 (SD < 0.5) were considered as reproducible and were maintained (see Materials and
Methods formore details). dExperimental LE is defined as LE=ΔG/NHA,

9a whereΔG is the free energy of ligand binding (ΔG=-RT lnKi),NHA is the
number of heavy atoms in the compound, andKi values are estimated from the corresponding IC50 experimental data andMNK1assay conditions.ATP
concentration was 100 μM, and the Km for ATP of MNK1 was determined to be 120 μM; thus, Ki = IC50/(1 þ ([ATP]/Km)).

eVS strategy, from the
comprehensive approach, driving to its identification as hit.
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their low-molecular-mass structure are likely to have high bind-
ing energies per unit of molecular mass and in addition are
simple structures that allow for enhancement during the multi-
factorial lead optimization process.12 Therefore, we assembled a
hit finding collection that is heavily represented by fragments.
The compounds represent themedicinal chemistry spacedefined
byour libraryofmolecules togetherwitha complementary set of
chemically diverse structures, and a focused set of compounds
were selected by a comprehensive fragment-oriented virtual
screening. Overall, the selected compounds were skewed 2:1
toward focused fragment-oriented molecules against the repre-
sentative selection of compounds from the CNIO library.

Virtual Screening (VS). Because of their complementary
nature, both structure-based and ligand-based virtual screening
strategies were applied to find inhibitors of MNK1. These
screens were performed against our CNIO library containing
42168 unique compounds and our virtual CNIO library com-
posedof 18.8million unique real compounds, i.e., commercially
available or/and reported (e.g., in PubChem, ChemBank, ...).
Different but complementary criteria were considered for com-
pound selection and purchase to build our CNIO library of
42168 compounds: (a) chemistry perspective, druglike com-
pounds, and (b) biological point of view, structures focused on
kinases (kinases libraries) and a diverse set of compounds
exploring different chemical spaces with a potential biological
activity.

The virtual screening was followed by in silico profiling fo-
cused on molecular weight and solubility.13 According to our
initial criteria, molecular weight values for selected compounds
had to be preferably lower than 300 or fit to a Gaussian curve
around this figure, andestimatedsolubilityvalues, in logarithmic
terms, had to be as close as possible to-4mol/L or higher. This
threshold for estimated solubility values was adapted per chemi-
cal series once experimental values were available.14

Structure-Based Virtual Screening. Crystal structures for
both isoforms, MNK1 and MNK2, have been deposited in
the ProteinDataBank (PDB).MNK1andMNK2have 78%
sequence identity within their catalytic domains.15 This
structural information was used to identify compounds
fitting the key structural requirements to achieve an optimal
binding to MNK1 and MNK2.

Three published crystal structures were considered. Two
structures correspond to the apo-form for MNK1 (2hw6.
pdb)15 and MNK2 (2ac3.pdb),16 both in the inactive confor-
mation (DFG/Dout) inwhich autoinhibition is due to Phe230
(MNK1) or Phe265 (MNK2) from the activation segment,
pushing Phe192 (MNK1) or Phe227 (MNK2) away from
DFG/D toward the ATP binding site where adenosyl moiety
of ATP should be accommodated. The third crystal structure
corresponds to the halo form for MNK2 (2hw7.pdb)15 com-
plexed with staurosporine. Staurosporine binds in the ATP
binding site; therefore, kinase active conformation involves a
movement towardDFG/D in. There are three key interactions
between staurosporine and MNK2: two with residues from
hinge region, Glu160 and Met162, and the third between the
titrablenitrogenbornby staurosporine andGlu209 (Figure 1).
In the case ofMNK1, only the crystal structure for the inactive
form is available in which the size of the ATP binding site is
reduced because of Phe192 being pushed toward the ATP
binding pocket. Since it is possible that inhibitorsmaywork in
either the inactive or active conformations, the initial goal
before performing any virtual screening was to elucidate those
residues thatmight be critical for the binding of ligands in both
inactive and active conformations.

The information concerning the ligand-receptor interac-
tions described above for MNK2 and staurosporine was
transferred to MNK1 taking into account the degree of
sequence identity and structural differences between the in-
active and active conformations. The first step was to deter-
mine if the docking software GOLD17 could recapitulate the
datapublished about theMNK2-staurosporine complex (see
Materials and Methods for details). Docking was performed
without constraints in order to obtain an unbiased result
and to explore all possible binding modes of the stauro-
sporine. GOLD was found to reliably redock the crystallo-
graphic ligand (rmsd=0.65 Å); therefore, this was used as the
reference for the rest of docking experiments. By use of a
similar docking setup, the staurosporine was docked in
MNK1, and as expected, it did not fit into the ATP binding
pocket of inactiveMNK1 probably because of spatial restric-
tions derived from inactive conformation mentioned above.
Consequently, the next step involved the definition of an
artificial structure, substructure 1, with the critical structural
requirements for binding identified in the ligand-receptor
map of the staurosporine-MNK2 complex described in
Figure 1. This substructure 1, atom type colored in Figure 1,
was then docked into MNK1 to check if the previously iden-
tified key chemical features, to interact with MNK2, might
also bind to MNK1. A consensus result was obtained from
docking studies confirming knowledge transfer: three key in-
teractions, two with residues from the hinge region, Leu127
and Gly130, and the third between the titrable nitrogen and
backbone from Phe192 (Figure 2) (also quite close toGlu174,
equivalent to Glu209 in MNK2, around 5.5 Å). Thus, on the
basis of this result, those three key chemical features may be
required for ligands tobind toMNK1and led to thedefinitionof
the pharmacophore that can bind to MNK1 (Figure 2). Addi-
tional factors were contemplated to fine-tune the pharmaco-
phoric requirements such as exclusion of volume toward the
gatekeeper Phe124 in order to avoid a potential clash with
this side chain and use of a a larger sphere than usual to define
the plausible spatial position for titrable nitrogen. The latter
point considered protein plasticity in the transition from the
inactive to the active conformation, because if the active con-
formation takes place, the highlighted interaction predicted
with Phe192 backbone might not occur but will occur instead
with Glu174.

Figure 1. (A) Interaction map, extracted from 2hw7.pdb, where key
chemical features from ligand (staurosporine) andMNK2 amino acids
involved in binding are highlighted. (B) Minimal substructure, from
staurosporine, required to get key interactions withMNK2 (atom type
color-coded). (C) Substructure 1 from part B.
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Once the residues and chemical features that may be critical
for binding ligands in active or inactive MNK1 conformations
were identified and the pharmacophore was defined (see
Materials andMethods for details), pharmacophore fittingwas
utilized as an alternative to docking in structure-based virtual
screening, since implicitly this considers protein plasticity which
allows for different alternatives for the titrable nitrogen spatial
position and no shape restriction for the ligand; thus, both large
and small cavities in the ATP binding site are accepted (active
and inactive forms). This pharmacophorewas utilized to screen
the CNIO library, and a total of 92 compounds were selected
that fit all the requirements and possessed an optimal physico-
chemical in silico profiling.

Ligand-Based Virtual Screening. Four different virtual
screening strategies based on ligand-based knowledge were
used. Examples ofMNK ligands have been published,18 several
ofwhich inhibitMNKas a secondary activity19 (see Supporting
Information Figure SI1). Six knownMNK-oriented inhibitors
(Figure 3) were selected to use as references for ligand-based
virtual screening: the well-knownMNK1 inhibitor CGP57380,
2,20 together with five additional compounds, MNK1 or/and
MNK2 inhibitors 3,21 4,22 5,23 6,24 and 7.25 The first two ligand-
based strategies were utilized to screen both the CNIO library
and the proprietary virtual database of external compounds.
For the last two cases only the CNIO library was used.

Strategy 1 involved substructural searches together with phar-
macophoric requirements (2DSubStruct) (Figure4).Theprocess
involved two sequential steps: (1) identification of compounds
bearing the structural requirements defined by the queries; (2)
within these compounds, identification of those meeting the
previous pharmacophore criteria. In total 249 structures were
selected that had all the key pharmacophoric features.

Strategy 2 involved two-dimensional structural similarity
(2DTanimoto). These similarity analyses were based on circu-
lar molecular fingerprints using ECFP_6 descriptors,26 imple-
mented in Pipeline Pilot,27 that defined themolecular structure
using radial atom neighborhoods. These analyses used four
compounds as reference structures: two MNK1 inhibitors
(structures 2 and 3) and two MNK2 ligands (compounds 4

and 5) (Figure 3). This approach identified 140 molecules as
structurally similar to the reference compounds. In the case of
the CNIO library, 0.05%of structures with the best Tanimoto
similarity values were selected (top values were around 0.40
depending on reference structure) and just 0.0001% of com-
pounds from the virtual CNIO library with best similarity
values were selected (top Tanimoto values of around 0.35,
again depending on reference compound).

Strategy 3 involved Feature Trees28 similarity (FTrees, see
Materials and Methods for its definition). The six ligands
reported in Figure 3 were utilized as references, and those
structures with similarity values greater than 0.90, compared
to the corresponding reference, were selected. In total, 124
compounds, 0.05% of chemical structures from CNIO li-
brary, with the best FTree similarity values were selected.

Strategy 4 involved three-dimensional similarity based on
shape29 and electrostatics30 (3D eMaps, see Materials and
Methods for details). The two reported MNK1 inhibitors
were utilized as reference structures (Figure 5). In this case,
compounds from CNIO library with the best Tanimoto
electrostatic similarity values (top values are around 0.60
and 0.80 for structure 2 and compound 3, respectively) and a
Tanimoto shape similarity value greater than 0.80 were
found. A total of 231 compounds were selected.

The above approaches yielded a final set of 836 chemical
structures; 73 of these compounds were purchased from com-
mercial suppliers. 70.0% of these selected structures have
estimated solubility values greater than 100 μM, and 74.4% of
them have a molecular weight lower than 300 (Figure 6).

In addition, a representative set of compounds from the
CNIO collection complementing the focused selection was
prepared (Rep. CNIO). This selection consisted of 320 com-
pounds representing, from a medicinal chemistry point of
view, as many key chemotypes as possible. In order to select
this diverse set of compounds, all molecules from our library
were computationally fragmented.10 Then scaffolds were
selected on the basis of the following criteria: (i) frequency
of representation in the library, (ii) number of fused rings,
(iii) number of diversity points, (iv) growing vectors
(orientation) for the diversity points, and (v) similarity based
on electrostatics30 and Tanimoto distance (2D Tanimoto),
described above, usingATPpurine as reference. Then, on the
basis of “maximum common substructure” around each
selected chemotype, as implemented in Pipeline Pilot,27

R-group analyses were performed selecting compounds for
which the R-groups provide diversity.

Finally, a D-optimal design strategy (see Materials and
Methods)31 was utilized to select an additional set of 80 com-
pounds from the CNIO library. D-Optimal designs can be used
in cases in which the data set is composed of discrete mole-
cular structures, thus facilitating the selection a few molecules
optimally spanning the domain of interest. This chemometric
strategy is particularly useful because it permits the selectionof a
small number of molecules that cover the entire chemical space
represented by our library which can be useful for deriving
reliable QSAR (quantitative structure-activity relationship)
models. This designed set of informativemolecules representing
the structural variation in our library collection ensures the
reliability of derived models. In addition, once biological data
are available for these selected compounds, we can exploit
those models using the response surface modeling (RSM)32

technique to point out trends, favorable directions, and acti-
vity regions.33 All these calculations were performed with
SIMCA-Pþ34 and MODDE.35

Figure 2. (A) Interaction map, top ranked answer for docked
complex, between substructure 1 andMNK1. (B)Key chemical fea-
tures derived from docked complex, those highlighted in Figure 1B
(hydrogen-bond donor in light blue, projection point for hydrogen-
bond acceptor in red, and titratable nitrogen in blue) together with
aromatic ring (in green) and excluded volume (in gray). (C) 5-points
pharmacophore, using CHD scheme, as implemented in MOE
(in this case, hydrogen-bond donor is magenta, hydrogen-bond
acceptor is light-blue, excluded volume is represented by a gray
sphere, aromatic ring is green, and titrable nitrogen is blue).
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Results and Discussion

Hit Identification. In total, 1236 compounds selected by
methods described above were assayed for the ability to
biochemically inhibit MNK1. A total of 26 compounds were
confirmed as hits with IC50 values less than 10 μM, giving a
hit rate of 2.10%.Ten different chemotypeswere represented
in the 26 hits. In addition, these 26 compounds are char-
acterized by a high ligand efficiency, between 0.32 and 0.52
kcal/mol per heavy atom (Table 1). Six compounds had IC50

values superior to that of the reference compound 2, which
had an IC50 value of 830 nM in our assay. It is noted that

73.1% of these hits were fragments with a molecular weight
less than 300.

In only 1 case out of those 26 hits, compound 28 (ETP-
43474), we obtained a selective MNK1 inhibitor vs MNK2;
ΔpIC50 was greater than 1 log unit. In this case, IC50 for
MNK1 was 847 nM and bigger than 100 μM for MNK2.

The initial goal of this exercise was to identify a compound
that could be used as a pharmacological tool as well as repre-
senting a reasonable starting point for medicinal chemistry
expansion. Compound 29 met these criteria. This compound
was selected by ligand-based virtual screening based on 2D
structural similarity within the 18.8 million compounds in the
virtual CNIO library of unique real compounds. It was within
the top 0.0001% similar structures to reference compound 3

(Figure 3) with a Tanimoto similarity value of 0.30. This
compound has an IC50 of 646 nM toward MNK1 and a mole-
cularweight of 228,which results in a very high ligand efficiency
of 0.52 kcal/mol per heavy atom. Compound 29was also active
towardMNK2,with IC50 of 575nM. Inorder todetermine if 29
was a selective MNK1/2 inhibitor, it was assayed in duplicate
against a panel of 24 protein kinases at 5 μM. This panel of 24
kinases included upstreamMNK1/2 activating kinases such as
B-raf, MEK1, ERK, and p38 to ensure that the observed
cellular activity was likely due to MNK inhibition and not to
off target activities.Compound29was relatively inactiveagainst
the 24 kinases tested; in all cases the corresponding percentages
of inhibition were less than 16%. These experimental values are
in agreement with the estimated “in silico chemogenomics”
profiling generated for this compound during its registration
process in our database, the Common Chemical Biology
Repository (CCBR)36 (Table 2). Compound 29 had an esti-
mated solubilityvaluegreater than100μMatpH7.4.13Thiswas
confirmed experimentally through a kinetic solubility assay (see
Materials andMethods for solubility assaydetails); its solubility
at pH 7.4 was 125 μM.

Five human tumor cell lines were screened to determine if
any had activated MNK1. Activation was determined by the
level of phosphorylation of the MNK1 on threonines 197 and

Figure 3. ReportedMNK1 andMNK2 inhibitors together with their corresponding activities in those cases where they are explicitly described
(only for compounds 2, 3, and 4). Compounds 5, 6, and 7 are preferred structures among those reported in their corresponding patents;
however, no activity value is described for them.

Figure 4. Example of a general query utilized for substructural
searches, together with pharmacophoric requirements utilized to
refine the final set of selected compounds. Hydrogen-bond donor is
in light blue, projection point for hydrogen-bond acceptor in red,
and titratable nitrogen in blue together with aromatic ring (in green)
and excluded volume (in gray).

Figure 5. Electrostatic maps, obtained with EON,30 for the refer-
ence structures 2 and 3.



Article Journal of Medicinal Chemistry, 2010, Vol. 53, No. 18 6623

202 and on serine 209 of its substrate eIF4E. The five cell lines
were from four different tissue origins and included prostate
(DU145), breast (T47D), lung (NCI-H460 and A549), and

acute myeloid leukemia, AML, (MV4:11). Of the five cell lines
screened only DU145 (prostate) and MV4:11 (AML) display
high endogenous levels of both phospho-MNK1 and phospho-
eIF4E (Figure 7A). Interestingly when the effect of compound
29was examined on the proliferation of these cell lines, only the
MV4:11 cells were affected (Figure 7B). The EC50 of the com-
poundwas 17 μM.The proliferation of theDU145 cells was not
affected (Figure 7B), indicating that activation of MNK1 may
notbeadeterminantof sensitivity in termsofanantiproliferative
response to inhibitors of MNK1. Compound 29 was able to
decrease the phosphorylation on serine 209 in eIF4E in a dose
dependent manner in treated MV4:11 cells (Figure 7C), thus
confirming its activity as a pharmacological inhibitor ofMNK1.
TheEC50was estimated tobe4.7μM.Thesedata suggest that29
is suitable to use as a tool to study the biological impact of
pharmacological inhibition of MNK1 in cellular systems.

On the basis of these results, an assessment of computational
approaches utilized for virtual screening was performed from
both a quantitative and qualitative point of view (Figure 8).
From a quantitative point of view structure-based pharmaco-
phore approaches and D-optimal design strategy (DoE), set of
molecules covering the structural diversity in our library collec-
tion, did not provide any hits. The reporting of negative results is
not customary, but still canbe informative. In contrast, using 2D
structural similarity retrieved 11 hits, 8 ligandswere identified by
FTrees, 3 hits were selected by 3D eMaps, and 4 hits came from
the representative selection of CNIO library covering diversity
from a medicinal chemistry perspective (Figure 8A). Thus,
approaches using 2D structural similarity and FTrees yielded
good hit rates of 7.86% and 6.45%, respectively (Figure 8B).
From a qualitative point of view, considering each virtual
screeningapproach independently, thebest resultswereobtained
by using 3D similarity and 2D structural similarity, both with
an excellent chemotype/hit ratio of 0.67 and 0.64, respectively
(optimal value being 1; more than one hit per strategy is nece-
ssary to conclude) (Figure 8C). In this case, the performance
obtained by the 2D structural similarity virtual screening ap-
proach, from quantitative and qualitative points of view, was
superior. This approach had a hit rate of 7.86% and an optimal
chemotype/hit ratio of 0.64 (7 different chemotypes out of 11
identified hits). The hits had ligand efficiency values between
0.40 and 0.52 kcal/mol per heavy atom, and 90.9% of those 11
hits were fragments. Compound 29 was identified among 18.8
million structures by this approach.

These results suggest that a compound selection strategy
comprising a representative set of compounds from the
CNIO collection and a focused set of molecules selected by

Figure 6. Histograms describing the profiling of a selected set of focused compounds, biased toward molecular weight lower than 300 and
optimal estimated solubility values log Sw (mol/L) bigger than -4.0 (100 μM).

Table 2. Profiling Compound 29 against a Panel of 24 Kinases

kinase IC50 (nM)a
% inhibition

at 5 μM b
in silico

chemogenomicsc

MNK1 646 87 NDd

MNK2 575 NDd

AKT1 0 no hit

ARK5 3 NDd

B-RAF V600E 9 no hit

CK1-R1 10 NDd

DYRK1A 0 NDd

EGF-R 1 no hit

ERK1 0 NDd

FAK 15 no hit

FGFR1 8 no hit

FLT3 0 no hit

IGF1-R 3 no hit

IKKβ 6 NDd

JAK2 0 no hit

KIT 7 no hit

MEK1 5 NDd

MET 1 no hit

MST1 0 NDd

P38-R 2 NDd

PDK1 0 NDd

PDGFR-R 1 no hit

PIM1 4 no hit

PIM2 1 NDd

RPS6KA1 11 NDd

SGK1 7 NDd

a IC50 values are represented as mean values of two independent experi-
ments. Only differences in pIC50 up to 0.6 (SD < 0.5) were considered as
reproducible and were maintained (see Materials and Methods for more
details); bPercentages of inhibition as the mean of two independent experi-
ments (see Materials and Methods for additional details). c“In silico
chemogenomics” profiling is generated for each compound registered in
our database, CCBR, where chemical biology data is stored, including in
silico.36 dApplication scope, from a biological space point of view, for this
“in silico chemogenomics” model is defined by 90 kinases. In this case, only
12 overlap with the assayed panel described; thus, estimations could not be
determined (ND) for some targets.
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a comprehensive fragment-oriented virtual screening was
optimal for the discovery of novel, efficient, and diverse
MNK1 inhibitors. More than 70% of the identified MNK1
ligands selected by this strategy were fragments that dis-
played submicromolar activities and therefore had high
ligand efficiency values (LE, 0.32-0.52 kcal/mol per heavy
atom). Therefore, considering that typically the primary hits
obtained froma fragment screen have biochemical activity of
millimolar to high micromolar range with rare exceptions in
the 50-200 μM range,8,37 we can consider these reported
results as good. A recent report11b by AstraZeneca describes
the performance of 12 real cases for which fragment screen-
ing was used in its discovery process. These cases included
different screening methods, sizes of assayed libraries used,
and different target classes and gave hit rates between 0%
and 15% (the criteria for hit definition were not reported).

As reported above, the hit rate for identification of MNK1
inhibitors was 2.10%. A hit was defined as a ligand with IC50

lower than 10 μM. If a rigorous comparison is performed
where only fragments are considered, the hit rate was 2.54%.
These hit rates were better than 8 out of those 12 cases
reported by AstraZeneca. An additional benchmark used by
AstraZeneca was to evaluate the ligand efficacy of fragment
hits (frits)11b considering the ratio pIC50/NHA. This value
was utilized to identify those fragments that should or should
not progress in their drug discovery programs. AstraZeneca
recommends not pursuing a frit for which the pIC50/NHA

ratio is less than 0.25 unless the low value can be clearly
understood in terms of its interaction with the target.11b In
our case the best value for pIC50/NHA (frit) corresponded to
0.37 (details in Table SI1, Supporting Information) which
places the results from our fragment-oriented screening
campaign in the fourth position relative to the 21 fragment
screening campaigns reported by AstraZeneca where frit
ratio was explicitly described.11b In those cases where
pIC50/NHA ratios are less than 0.25 but greater than 0.20,
such as the hit bearing the chemotype IV, structural informa-
tion for the complex target-frit might be critical to clearly
understand its interaction with the target in order to recon-
sider this frit for further optimization. Ligand efficiency
values exhibited by our hits, in kcal/mol per heavy atom,
were comparable to those recently described as highly effi-
cient hits for which LE values were from 0.30 to 0.50.38

Advanced fragment hits, such as 29 with a potency profile
more similar to those of classical high-throughput screening
(HTS) hits, are likely to be easier to progress than traditional
fragment hits (usually in the high micromolar) because the
key chemical features for its interaction with the critical
residues in the binding pocket of MNK1 are already incor-
porated into the hit molecule.8

The identified hits came from 10 different chemical series
(Figure 9), which provides an additional value in terms of
chemical diversity. From our point of view, the chemotype/
hit ratio should also be routinely quantified in screening
campaigns, as a third parameter together with hit rate and
ligand efficiencies, in order to properly assess results ob-
tained from screening campaigns from a qualitative perspec-
tive. In our case the chemotype/hit ratio was 0.38. If only the
fragments were considered, then there were 19 hits represent-
ing 7 different chemical series, yielding a chemotype/hit ratio
for fragments of 0.37.

The chemotypes represented by these hits cover a broad
diversity from a structural point of view and include (i) simple
five- or six-member heteroaromatic rings, (ii) bicycles with all
possible combinations of two fused five- and/or six-member
aromatic rings, including heteroaromatics, and (iii) tricycles
where different options for five and six-member fused rings
are covered. In addition, as Figure 8 shows, all these scaffolds
containmore than one diversity point fromwhere they can be
functionalized not only to optimize primary activity but also
to overcome potential ADME/Tox issues. This diversity in
chemotypes provides compounds with similar primary acti-
vities but different potential pharmacokinetics and off-target
profiles10 and increases the chance of finding chemotypes
with some room from an Intellectual property (IP) perspec-
tive. Therefore, obtaining an optimal chemotype/hit ratio is
critical to drawing conclusions about the performance of a
screening campaign. In theory the higher the ratio is, the
better, but a balance with the corresponding hit rate value
should be maintained. In a case such as ours, which used

Figure 7. Compound 29 inhibits MNK1 in human tumor cell lines.
(A) Determination of the levels of phospho-MNK1 and phospho-
eIF4E in human tumor cell lines. Lysates (25 μg of total protein) of
the indicated cell lines were analyzed by immunoblotting with anti-
P-eIF4E (Ser209), anti-eIF4E, anti-P-MNK1 (Thr197/202), anti-
MNK1, and anti-tubulin antibodies as described in Materials and
Methods. (B) Effect of treatment with 29 on the proliferation of
MV4:11 (solid black circles) and DU145 (solid gray squares).
Percent proliferation was calculated from the DMSO treated con-
trol. Data from two independent experiments performed in dupli-
cate are presented. (C) MV4.11 cells were treated with DMSO or
with 0.21, 0.62, 1.85, or 5.56 μM 29 for 4 h. Phospho-eIF4E, total
eIF4E, and tubulin were detected by immunoblotting as described
in Materials and Methods. The blot is representative of three
independent experiments.
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commercially available compounds for the screening cam-
paign, the possibility of achieving IP is unlikely. However,
because the chemical feasibility is guaranteed and some
analogues often are also commercially available, preliminary

studies for their structure-activity relationships (SAR) canbe
easily performed. As a next step, one can use bioisosteric
replacements using IP free chemotypes through fragment-
hopping strategies10,12 in order to obtain IP.

Figure 8. Histograms comparing the performance of computational approaches utilized for this virtual screening. Quantitative point of view: (A)
numberofhit compoundsand (B) hit ratebyVSstrategy,where eachcolor code representsadifferentVSstrategy:orange, 2Dstructural similarity; blue,
FTrees similarity; dark green, 3D eMaps and shape; green, CNIO library (MedChem representatives). Zero hitswere obtained for 3Dpharmacophore,
SSS and pharmacophore, and CNIO library (DoE representatives). Qualitative assessment was based on (C) chemotype/hit ratio.

Figure 9. Chemotypes borne by the 26 MNK1 hits reported in Table 1. Those 7 scaffolds in blue are borne by the 19 fragments identified as hits.
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Conclusion

The implemented strategy was based on two complemen-
taryapproachesused to select a limited set of compounds tobe
used for hit identification: (i) a representative set of com-
pounds from our collection and (ii) a focused set of fragment-
oriented molecules, selected from the CNIO library and
from a virtual DB of external compounds (18.8 million) by
both structure- and ligand-based virtual screening strategies
together with an in silico physicochemical and chemo-
genomics profiling. This comprehensive strategy presented
herein for the identification of MNK1 inhibitors gave satis-
factory results: 26 inhibitors (hit rate of 2.10%)with very high
ligand efficiency (0.32-0.52 kcal/mol per heavy atom) were
discovered. More than 73% of these identified hits are frag-
ments. Comparison of these results with recent reports11b,38

highlights their value. In addition, these 26 inhibitors bear 10
different chemotypes with good diversity, from five- and six-
member rings to bicycles and tricycles, and had an acceptable
chemotype/hit ratio: 0.38. Six of these hits had a better IC50

value than the best reference structure 2, and the best com-
pound had a binding affinity of 117 nM toward MNK1.

Apharmacological tool compound,29,wasdiscoveredby the
fragment-oriented virtual screening strategy utilized during this
hit finding process. Compound 29 is a soluble fragment with
veryhigh ligand efficiency (0.52kcal/molper heavyatom) and is
selective against a panel of 24 kinases including upstream
MNK1/2 activating kinases. The compound is active in cells
being able to inhibit the phosphorylationof eIF4Ewith anEC50

of 4.7 μM in acute myeloid leukemia cell line (MV4:11) and
therefore is suitable to use as a pharmacological tool to evaluate
the potential of MNK1/2 inhibition. Thus, our two goals were
achieved: the identification of a pharmacological tool for target
validation and identification of optimal starting points for a
plausible medicinal chemistry program.

These results suggest the applicabilityof this comprehensive
virtual screening approach to rapidly identify not only opti-
mal pharmacological tools for target validation that are
potent and selective but also soluble fragments, bearing
diverse chemotypes, with high binding affinities that represent
optimal starting points for medicinal chemistry.

Materials and Methods

Docking.TheGold 3.1 program17was used to carry out docking
of starurosporine and substructure 1 to MNK1 (2hw6.pdb)15 and
MNK2 (2hw7.pdb).15 The binding site was defined using the
available experimental information; thus, the docking region used
for MNK2 was a 12 Å sphere around the carbon CD2 of Leu212
(atom2301).GoldScore scoring functionwas used to rank docking
poses without constraints. Per each ligand, the top five best docked
structures out of 20 independent genetic algorithm runs were
retrieved. For validation purposes, we compared the data for
staurosporine docked to MNK2 with the corresponding crystal
structure (PDB entry 2hw7.pdb).15 The rmsd between reported
staurosporine and the pose obtained, unique consensus answer, is
0.65 Å. Once the setting of GOLD, using previous complex, was
validated, then a similar setupwas utilizedwithMNK1as receptor.
In this case, the binding sitewas definedusing a 12 Å sphere around
the carbonCD1 of Leu177 (atom 2234). Again, GoldScore scoring
function was used to rank docking poses without constraints. Per
each ligand, the top five best docked structures out of 20 indepen-
dent genetic algorithm runs were retrieved; in this case, the con-
sensus answer in the top three ranked results out of the five.

Pharmacophore. On the basis of the proposed binding mode
for substructure 1, the key chemical features providing critical
interactions with MNK1 were identified as well as exclude

volumes; therefore, the corresponding pharmacophore annota-
tion was performed. In this case, by using MOE,39 the charged-
hydrophobic-direction (CHD) scheme was utilized to build a
5-points pharmacophore.

Sampling the Conformational Space. Software developed by
OpenEye,40 Omega,41 was utilized to explore the conforma-
tional space around each molecule within an energetic window
of 25 kcal/mol, where conformers with a root of mean square
deviation (rmsd) of>0.4 Å are stored, until a maximum of 500,
to ensure adequate and diverse conformational representation.
Thus, multiconformer databases for CNIO library and selected
compounds from substructural searches were ready for pharmaco-
phore query searching.

Feature Trees Similarity. Features Trees (FTrees)28 are de-
scriptors that represent the molecule as a reduced graph. The
graph encodes functional groups and rings to single nodes.
FTree descriptor is a rather fuzzy description of the molecule,
ignoring its three-dimensional structure and chirality. It pre-
serves only the overall topology of the FTree nodes, but within
the nodes FTrees compare only property profiles without taking
into account the exact positions of certain functionalities.
FTrees focus basically only on the presence or absence of certain
functionalities in roughly the right position, and thus, it is able to
detect remote similarities.

3D Similarity Analysis. Once all conformers per each struc-
ture were generated, we had to align them with the correspond-
ing reference compound before doing any further analysis. In
this case, we utilize the ROCS (rapid overlay of chemical
structures) package,29 by Open Eye, to perform the alignment
because this is a fast and accurate method for superimposing
molecules. Shape similarity can be determined, in part, by
comparing the shapes of those molecules. This effectively re-
duces to calculating the overlap volume between two molecules
and has been previously reported. Once the overlap has been
optimized, the shape similarity may be computed by Tanimoto
equation. However, ROCS does not contain an accurate notion
of charge distribution and therefore is not a complete solution to
the search for molecular similarity. The electrostatic fields of
molecules can be calculated and the similarity between fields
expressed as the electrostatic Tanimoto. Electrostatics Tanimoto
(ET) scores are calculated using the EON program,30 by Open
Eye.Molecules are superimposed using ROCS, providing shape
similarities vs reference compound, and electrostatic potentials
are calculated using OpenEye’s ZAP Poisson-Boltzmann sol-
ver implemented in EON. In this case ET is calculated using an
external dielectric of 80, thus accounting for dampening of
electrostatic field by aqueous solvent, and may better represent
the field experienced upon binding a protein.42 A normalized
shape Tanimoto of unity indicates that the molecules are
identical, and the Tanimoto tends to zero as molecules become
less similar; the electrostatic Tanimoto ranges from-0.3 toþ1,
indicating dissimilar and similar electrostatic fields.40 From the
CNIO library, 0.30% top ranking compounds, in terms of shape
and electrostatics, are selected.

Design of Experiments (DoE). Three principal components
(scores t[1], t[2], and t[3]) derived from 315 1D and 2D descrip-
tors (including electrotopological state keys, VSA descriptors,
and molecular property counts as implemented in Pipeline Pilot)27

cover 73.1%of the chemical space defined byCNIO library (42168
compounds). Onion design is an addition to the design of experi-
ments toolbox, and MODDE software35 is utilized. An onion
design represents the experimental space as comprising a number
of subspaces. The experimental domain is constructed from score
variables derived from a multivariate projection, principal compo-
nent analysis (PCA), model. Here we refer to such a subspace as a
“layer” or “shell”. A local design is associated with a layer. These
local designs can be classical or D-optimal. We utilize onion design
in statisticalmolecular design; thus, a subset ofmolecules is selected
to represent the variation across the entire candidate set, the whole
CNIO library.One critical step in the generation of an onion design
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is the divisionof the design space into smaller parts.The subdivision
emanates from the defined center-point, and in our case, by use of
scores variables drawn from the PCA projection model, the subset
selection is distance-based. This means that each subdivision of the
experimental domain can be interpreted as a spherical “shell”
surrounding the center-point coordinate. Thus, the structure of
these designs resembles an onion. The onionD-optimal design was
based on those three scores obtained from the PCA described
above, covering 73.1% of the total variance, and three layers were
utilized. As regression, in this RSMapplication, a linearmodel was
selected to be supported in each layer, with the exception of the
outermost one, which supports a quadraticmodel.After generating
a number of tentative D-optimal designs, tailored to the various
layers, MODDE displays the recommended number of runs per
each layer. This proposed set of selected compounds, runs, is desi-
gned by G-efficiency. Thus, in our case, the final onion D-optimal
design had 80 compounds.

Biochemical Assays. MNK1 and MNK2 were purchased
from CARNABiosciences. The biochemical assay activity used
the ADP Hunter assay kit (DiscoveRx Corp., catalogue no. 90-
0077 which determines the amount of ADP as direct product of
the kinase catalytic activity. The reaction mixture consisted of
15 mM HEPES, pH 7.4, 20 mM NaCl, 1 mM EGTA, 0.02%
Tween 20, 10 mM MgCl2, and 0.1 mg/mL bovine γ-globulins.
MNK1 or MNK2 were included at a final concentration of
4 μg/mL (MNK1) or 0.7 μg/mL (MNK2). The final concentra-
tion of ATP (Sigma) was 100 μM. The peptide substrate
(TATKSGSTTKNR) was designed from the amino acid resi-
dues surrounding serine 209 of human eIF4E and was included
at a final concentration of 300 μM. The final reaction mixture
was incubated for 60min at 30 �C. The assays were performed in
384-well plates (Corning 3575 or 3573). The product of the
coupled reactions was the release of the fluorescent product
resorufin and was measured with a multilabel HTS counter
ENVISION (PerkinElmer) using an excitation filter at 550 nm
and an emission filter at 590 nm. The protein kinase assays, with
the exceptions of MNK1 and MNK2, depicted in Table II of
Supporting Information were performed at ProQinase, GmbH;
visit www.proquinase.com for details.

Cell Lines, Immunoblots, and Proliferation Assays. Cell lines
were obtained from the American Type Culture Collection
(ATTC; Manassas, VA). MV4:11 (human AML), T47D
(human breast cancer), NCI-H460, A549 (human lung cancer),
DU145 (human prostate cancer) cell lines were maintained in
RPMI 1640 (Sigma). All media were supplemented with 10%
fetal bovine serum (Sigma) and antibiotics-antimycotics
(Gibco). Cells were maintained in a humidified incubator at
37 �Cwith 5%CO2 and passaged when confluent using trypsin/
EDTA. For immunobloting experiments, cells were plated in
six-well tissue culture plates at 3 � 105 cells/well in 2 mL of
medium. Rabbit polyclonal antibodies to phospho-eIF4E (S-
209) (no. 9741), eIF4E (no. 9742), phospho-MNK1 (Thr197/
202) (no. 2111), andMNK1 (no. 2195) proteins were purchased
from Cell Signaling Technology (Beverly, MA). Antitubulin
monoclonal antibody was purchased from Sigma-Aldrich.
MNK1 inhibitors were dissolved in DMSO at 10 mmol/L, and
aliquots were stored at -80 �C. Stock solutions were diluted to
the desired final concentrations with growthmedium just before
use. Following treatment cells were washed with ice-cold phos-
phate-buffered saline (PBS) and lysed in buffer containing 50
mMTris, pH 7.5, 150 mMNaCl, 1%NP-40 supplemented with
protease and phosphatase inhibitors (Roche). Cell lysates were
clarified by centrifugation at 12000g for 15 min at 4 �C, resolved
by SDS-polyacrylamyde gel electrophoresis (PAGE), and sub-
sequently transferred onto nitrocellulose membranes. Blots
were probed with the indicated primary and appropriate Alexa
Fluor 680 conjugated or Alexa Fluor 800 conjugated secondary
antibodies (Molecular Probes) and were visualized and quanti-
fied using the Odyssey infrared imaging system (Li-Cor,
Biosciences). For proliferation assays cells were harvested just

prior to reaching confluency, counted with a hemocytometer,
and diluted with media. Cells were then seeded in 96-well micro-
titer plates at a density between 1000 and 4000 cells/well,
depending on the cell size. Cells were incubated for 24 h before
adding the compounds. Compounds were weighed out and
diluted with DMSO to a final concentration of 10 mM. From
here a “mother plate” with serial dilutions was prepared at 200�
the final concentration in the culture. The final concentration of
DMSO in the tissue culture media should not exceed 0.5%. The
appropriate volume of the compound solution (usually 2 μL)
was added automatically (BeckmanFX96 tip) tomedia tomake
it up to the final concentration for each drug. The medium was
removed from the cells and replaced with 0.2 mL of medium
containing the compound. Each concentration was assayed in
duplicate. Two sets of control wells were left on each plate,
containing either medium without drug or medium with the
same concentration of DMSO. A third control set was obtained
with the cells untreated just before adding the drugs (seeding
control, number of cells starting the culture). Cells were exposed
to the compounds for 72 h and then processed for MTT
colorimetric readout.

Solubility Assay. In 1 mL vials, test compound (5 μL of a
10 mM stock solution in DMSO) was diluted with 245 μL of pH
7.4 PBS buffer (A), pH 4 10mMphosphate buffer (B), or 10mM
HCl (C). Each mixture was prepared in duplicate. After being
stirred at 30 rpm for 24 h at room temperature, mixtures were
filtered through 0.45 μm polypropylene filters and analyzed by
LC-MS (method 1, details in Supporting Information). Solu-
bility was estimated by comparing area integrals of chromato-
grams (254 nm) with those of a standard sample prepared by
diluting 5 μLof test compound solution (10mM inDMSO)with
245 μL of methanol-dimethyl ether 50:50 (v:v) and analyzed by
the same LC-MS method. The integral area of the standard
samples was given a 200 μM solubility value.

Compounds. Tested compounds were purchased from seven
different vendors: ChemDiv, BioFocus, Calbiochem, Life
Chemicals,Asinex,Enamine, andAurora.Thevendorshadverified
that each compoundhadg95%purityby liquid chromatography-
mass spectrometry (LC-MS) or/and nuclear magnetic resonance
(NMR) experiments.An internal quality controlwasperformed for
those active molecules, 26 hit compounds; thus, evidence of their
purity was checked by LC-MS confirming that in all cases
compounds are g91% pure (details in Supporting Information,
Table SI2).
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