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The search for new scaffolds, “scaffold hopping”, is a
challenging goal in drug design.[1] Given at least one active
reference molecule, the aim is to identify different chemo-
types that effect equal biological responses through the same
receptor. Given the size of today"s screening libraries,
efficient computational evalution of these compounds
before biochemical testing is a pivotal step on the way to
increase the success rate of screening campaigns.[2]

Machine learning methods like artificial neural networks
(ANN) have been shown to be effective for meaningful
prioritization of regions in chemical space.[3] Here, we present
an approach that combines a three-dimensional (3D) phar-
macophore descriptor with ANN for the identification of
negative allosteric modulators (NAM), for example 1–5, of
metabotropic glutamate receptor 5 (mGluR5). Treatment of
pain, anxiety, and Parkinson"s disease are therapeutic pros-
pects of such molecules.[4] Metabotropic glutamate receptors
are class III G-protein-coupled receptors (GPCR).[5] Cur-
rently we lack detailed structural information for the trans-
membrane region, which contains the binding site for
mGluR5 NAMs.[6] As a consequence, ligand-based virtual
screening represents an attractive approach for this target
class. We have recently reported a ligand-based virtual
screening study using pharmacophore similarity searching
that already yielded novel active scaffolds for mGluR5
NAMs;[7] the best inhibitor was compound 1 with IC50=

12 mm. In the present work, we demonstrate the influence of

different ANN models on virtual screening performance and
scaffold-hopping.

Molecular representation and encoding is one of the
decisive steps that influence the outcome of a virtual screen-
ing experiment.[8, 9] Autocorrelation descriptors have been
successfully used in drug design.[10] We used one such
descriptor, CATS3D, for molecule encoding.[7,8b] CATS3D
records the distribution of pairs of potential pharmacophore
points in a molecule over 3D Cartesian space (for details, see
the Supporting Information). Instead of exhaustive confor-
mational sampling, a single heuristic conformer was calcu-
lated for each molecule using CORINA.[11a] This approach
was demonstrated to be satisfactory for rapid first-pass virtual
screening.[11b]

Then, two types of ANN were trained: supervised feed-
forward-type networks and self-organizing maps (SOM). The
feed-forward networks served as the basis for compilation of
an mGluR5-focused library, and the SOM were used for
picking structurally diverse compounds for bioactivity testing.
Supervised networks were trained on two classification tasks:
mGluR5 allosteric antagonists versus molecules acting on
other biological targets (“mGluR5-likeness” filter), and
mGluR5 versus mGluR1 allosteric antagonists (“mGluR5/
mGluR1 selectivity” filter), as mGluR1 is the most similar
receptor to mGluR5 among the family of metabotropic
glutamate receptors. To enhance prediction accuracy, net-
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works ensembles instead of single network classifiers were
used (averaged “jury” prediction).[12]

For training of the supervised networks, 68 known
allosteric mGluR5 antagonists with functional IC50 values
below 1 mm were used as “active” reference structures; they
were compiled from patents, literature, and Merz in-house
data (e.g. 2–5). Five different data sets of 100 diverse
“inactive” molecules (i.e. molecules that act on different
receptors) each were selected from the COBRA collection.[13]

The training set for “mGluR5/mGluR1 selectivity” consisted
of the 68 mGluR5 antagonists and 158 allosteric mGluR1
antagonists with IC50< 1 mm. In total, ten networks were
trained on “mGluR5-likeness” prediction: five for the differ-
ent training set combinations, and five using the principle
components (Eigenvalues > 1) of the CATS3D descriptors of
the five datasets as input. Two ANNs were trained on
selectivity classification.

The SOM were used to visualize the distribution of
molecules in high-dimensional CATS3D descriptor space.
The result of SOM training is a two-dimensional map
indicating the location of the molecules. This map yields
molecule clusters based on which we picked a diverse and
representative compound subset for testing (see the Support-
ing Information).

For virtual screening, we used the Enamine compound
collection[19] (1022483 molecules). Application of the
“mGluR5-likeness” filter yielded 41633 molecules (jury
network score > 0.885). This number was further reduced to
8403 molecules by the selectivity filter (jury network score
> 0.99), resulting in a focused library of potential mGluR5
antagonists.

We then analyzed scaffold diversity in this library. Three
definitions of “scaffold” were employed: 1) the “Murcko
scaffold”,[14] retaining all information about atom types and
bond order, 2) the “carbon scaffold”,[1c,d] ignoring informa-
tion about atom types and bond order, and 3) the “reduced
scaffold”,[1c,d] ignoring information about ring size as well.

The mGluR5 reference compounds and the predicted
focused library only marginally overlapped in their Murcko
scaffolds (training set: 34 scaffolds, focused library: 1586
scaffolds, overlap: 1). They partially (no. of scaffolds: 22, 499,
11) and almost entirely (14, 75, 12) overlapped according to
the definitions of the carbon scaffold and the reduced
scaffold, respectively. Considerable numbers of new chemo-
types were identified according to all three scaffold defini-
tions.

For picking a diverse set of screening compounds from the
focused library, two SOM with 5 E 5 neurons were trained
with the focused library plus the reference ligands of
mGluR5: one based on CATS3D descriptors and the other
based on MACCS substructure keys (166 bits as implemented
in MOE[20]). The compound distribution in the CATS3D
SOM displays two highly populated (E4, E5) and many
sparsely populated clusters (Figure 1a). The same set of
molecules is more evenly distributed over the map resulting
from MACCS substructure keys. This hints to a greater
variability of chemotypes compared to pharmacophores,
which is exactly what one expects from a scaffold-rich,
target-focused library.

Projections of the mGluR5 (Figure 1b) and mGluR1
(Figure 1c) ligands on the maps highlight two characteristics
of the predicted active set of molecules: The first refers to the
previously observed difficulty of predicting selectivity
between mGluR5 and mGluR1 using CATS3D,[7] which can
be attributed to the coarse-grained molecular representation
and the apparent similarity of the ligand binding sites. Many
clusters are populated by both mGluR5 and mGluR1
reference molecules, irrespective of the molecular descriptors
used. It is not surprising that using a simplifying pharmaco-
phore descriptor like CATS3D can also yield hits for related
receptors.[15] This effect has already been exploited as a ligand
design strategy: variations of ligands for one receptor led to
potent ligands for related targets.[16]

The second characteristic refers to the exploration of
“extended” chemical space: Several clusters (MACCS: 12,
CATS3D: 10) do not contain a single known reference
molecule for mGluR5, and some (3 for MACCS and
CATS3D) do not contain a reference molecule from either
mGluR5 or mGluR1. The latter might therefore be partic-
ularly “hot” candidates for screening: Based on the neural
network predictions, these molecules slightly extend the
known ligand space for mGluR1 and mGluR5.

Figure 1. SOM projections of the molecules predicted to be active by
the neural network. Each square represents a data cluster (“neuron”).
Left column: MACCS key descriptor. Right column: CATS3D descriptor.
a) Distribution of predicted active molecules (focused library). b) Dis-
tribution of the mGluR5 training set. c) Distribution of the mGluR1
training set. d) Distribution of tested molecules.
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As a general trend, we observed within our lead opti-
mization programs that weakly active mGluR5 antagonists
(IC50> 10 mm) display only a little or no tendency to displace a
highly active radio-ligand from a binding site without showing
an effect in functional assays (neutral allosteric site ligands,
for example, 5-methyl-6-(phenylethynyl)-pyridine).[17] Other
compounds that are functionally highly potent antagonists
might have a reduced potency in displacing the radio-ligand,
when binding sites are only partially overlapping. For an
assessment of the actual value and accuracy of our predictions
we therefore relied on functional assays with a diverse subset
of the focused library (see the Supporting Information).
Nevertheless, such ligands usually represent valuable starting
points for an activity optimization program, and potent
mGluR5 antagonists always displayed a stronger correlation
between functional and binding data (not shown). Since we
were not able to measure dose–response curves for the
majority of the ligands owing to low solubility above 10 mm,
the biological activities of some compounds were estimated
from single-point measurements (see the Supporting Infor-
mation).

From each SOM cluster, a representative molecule was
ordered. 33 of 50 molecules were delivered and tested (16
from the CATS3D map, and 17 from the MACCS map).
Seven molecules exhibited estimated functional IC50 values
below 50 mm in mGluR1 or mGluR5 FLIPR assays (see the
Supporting Information). The most potent mGluR5 hits 6, 7,
and 8 yielded functional IC50 values between 9.6 and 20.7 mm
(Figure 2). Noteworthy, four molecules exhibited IC50< 50 mm
in our mGluR1 FLIPR assays, with 6 and 8 yielding IC50=

2.5 mm and 4.6 mm, respectively (Figure 3). Dynamic light-
scattering experiments for all selected compounds indicated
that none of the active molecules seems to be active as a result
of unspecific aggregation.[18]

Remarkably, two mGluR5 hits were picked from clusters
lacking any of the reference structures (MACCS: E3;
CATS3D: D1). None of our hits comprises a Murcko or

carbon scaffold of an mGluR5 or mGluR1 reference com-
pound or has been reported to be active on other mGluR
subtypes (mGluR2-4, mGluR6-8).

Summarizing, we have presented and validated a virtual
screening approach for mapping and prioritization of chem-
ical space using supervised and unsupervised neural networks
and an alignment-free 3D pharmacophore descriptor. We
performed two-step filtering: First by supervised ANN, then
by SOM-based diversity analysis and compound selection.
Different scaffolds of mGluR ligands were obtained although
we followed a similar computational concept (neural net-
works) as in previous work.[7,16b] It is, therefore, not justified to
generally argue that neural network approaches can be
expected to lead to similar results. Seemingly minor technical
details can have a major impact on the outcome of virtual
screening. The presented strategy is suited for early-phase hit
and lead discovery since it selects promising screening
candidates from a large compound pool prior to testing in
experimental assay systems. It might also be useful for
systematically filling voids in screening compound collections.
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