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Scaffold hopping from natural products to synthetic
mimetics by holistic molecular similarity
Francesca Grisoni1,2, Daniel Merk1, Viviana Consonni2, Jan A. Hiss1, Sara Giani Tagliabue2,
Roberto Todeschini2 & Gisbert Schneider1

Natural products offer unexplored molecular frameworks for the development of chemical
leads and innovative drugs. However, the structural complexity of natural products compared
with synthetic drug-like molecules often limits the scaffold hopping potential of naturalproduct-inspired molecular design. Here we introduce a holistic molecular representation
incorporating pharmacophore and shape patterns, which facilitates scaffold hopping from
natural products to isofunctional synthetic compounds. This computational approach captures simultaneously the partial charge, atom distributions and molecular shape. In a prospective application, we use four natural cannabinoids as queries in a chemical database
search for novel synthetic modulators of human cannabinoid receptors. Of the synthetic
compounds selected by the new method, 35% are experimentally conﬁrmed as active. These
cannabinoid receptor modulators are structurally less complex than their respective natural
product templates. The results of this study validate this holistic molecular representation for
hit and lead ﬁnding in drug discovery.
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N

atural products have inspired numerous pharmacologically active lead compounds that have entered clinical
trials1–10. Natural products possess desirable molecular
frameworks as starting points for small molecule drug discovery11
as they contain larger fractions of sp3-hybridized bridgehead
atoms, chiral centers and diverse pharmacophores5,9,12. However,
the majority of natural products in the Dictionary of Natural
Products13 (DNP) do not have immediate synthetic counterparts5. This is partly due to a lack of dedicated research tools and
methods to harvest the full potential of natural products for drug
discovery, especially for designing ligands when scarce or no
target structural information is available. In such a situation,
molecular descriptor analysis can support early drug discovery by
enabling ligand-based scaffold hopping for hit and lead
ﬁnding14–16.
Molecular descriptors are numerical representations computationally derived from the underlying molecular structure17.
Molecular descriptors have been mainly used for reductionist
representations that capture certain individual molecular features,
such as fragments18 or atom/bond properties19. However, the
structural differences between natural and synthetic compounds
limit the scaffold hopping potential of these single-feature
representations20.
To this end, we have developed a novel molecular representation to transfer relevant structural and pharmacophore
information encoded in natural products to synthetically accessible compounds through similarity-based approaches. In contrast to the conventional single-feature descriptors, these
molecular descriptors are holistic, capturing many molecular
properties, such as geometric interatomic distances, molecular
shape, and the partial charge distribution. From this representation, the new Weighted Holistic Atom Localization and Entity
Shape (WHALES) descriptors are obtained.
For proof-of-concept, we employ WHALES to prospectively
screen a large library of commercially available compounds, using
four phytocannabinoids as natural product queries. Based on this
computational analysis, seven out of the twenty compounds
identiﬁed modulate human cannabinoid receptors (CB1, CB2)
with low-micromolar potencies, agonistic and antagonistic
activity, and different subtype selectivity. Five out of the seven
active scaffolds are novel compared to the known cannabinoid
receptor ligands from ChEMBL(v23)21 and SureChEMBL22.
These results demonstrate that WHALES descriptors capture
functionally relevant molecular features and enable scaffold
hopping from natural products to bioactive synthetic mimetics.
Results
WHALES descriptors. We designed the WHALES descriptors to
encode information on geometric interatomic distances, molecular shape, and atomic properties in a holistic way. The
respective molecular feature distributions are computed from
locally centered atom distances, drawing inspiration from a
recently proposed data analysis method23. For each atom position
in a three-dimensional (3D) molecular conformation, the spatial
distribution of the surrounding molecular atoms is captured by a
weighted atom-centered covariance matrix, which is used to
normalize the interatomic distances to account for local feature
distributions. The obtained interatomic distances are proportional to the remoteness of each atom from the center of local
atomic distributions, measured in variance units. Additionally, to
account for potential ligand-receptor interaction patterns
(“pharmacophore” features), the contribution of each atom to the
atom-centered covariance matrix is weighted by atomistic partial
charges, as explained below.
Step 1 Atom-centered covariance matrix calculation
2

Let X be the matrix of the atom coordinates, containing as
many rows as there are non-hydrogen atoms (n) and three
columns corresponding to the 3D coordinates of each nonhydrogen atom. The distribution of atoms and their partial
charges around any j-th atom is captured using an atom-centered
weighted covariance matrix (Sw(j)),
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where (xi − xj) are the differences between the 3D coordinates of
the j-th atomic center and those of any i-th atom, while |δi| is the
absolute value of the partial charge of the i-th atom. The atomcentered covariance is computed for any non-hydrogen atom of
the molecule. The weighted covariance matrix is inﬂuenced by the
density and partial charges of atoms surrounding j. In particular,
Sw(j) can be thought of as an ellipsoid centered on j, whose
principal axes are oriented in the three orthogonal directions of
maximum atom-centered variance; the greater the variance, the
longer the corresponding axis of the ellipsoid. This weighted
covariance ellipsoid is inﬂuenced by (Supplementary Figure 1): (i)
the distribution of the atoms surrounding j, since the ellipsoid
axes are oriented in the directions of maximal molecular
extension; and (ii) the distribution of the atomic properties,
which causes a rotation of the atom-centered covariance ellipsoid
toward the locations of high absolute partial charge (|δi|)
densities.
Step 2 Atom-centered Mahalanobis distance calculation
From Sw(j), the atom-centered Mahalanobis (ACM) distance
from the center j to any i-th atom is calculated as follows:

T


ð2Þ
ACMði; jÞ ¼ xi  xj  S1
wðjÞ  xi  xj ;
All of the pairwise normalized interatomic distances calculated
according to Eq. 2 are collected in the ACM matrix (Fig. 1c): Each
i-th row of the matrix represents how the i-th atom is “globally
perceived” by other atoms, while each j-th column contains the
distances from atom j to all the other atoms, where j itself is the
center of the molecular feature space. Thus, a column represents
how an atom “globally perceives” all the remaining atoms. Atoms
located in the directions of high variance will have a smaller
relative distance from the atomic center than atoms located in
low-variance regions, e.g., atoms residing off the main molecular
axis. Due to the normalization procedure based on Sw(j), the ACM
distance is dimensionless and asymmetric.
Step 3 Calculation of atomic indices
From the ACM matrix, three indices are calculated for each
atom (Fig. 1c):
(1)

(2)

Remoteness (Rem), which is the ACM matrix row-average,
calculated as follows:
Pn
ACMðj; iÞ
ð3Þ
;
RemðjÞ ¼ i¼1
n1
where n is the number of non-hydrogen atoms. Remoteness
is high for atoms with large ACM distances from many
atomic centers (global information);
Isolation degree (Isol), which is the ACM matrix column
minimum (excluding the atomic center):
IsolðjÞ ¼ mini ðACMði; jÞÞ i # j

ð4Þ

The isolation degree represents the distance of the j-th
object from its nearest atom neighbor. The isolation degree
is high for atoms located in “peripheral” regions of the
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(3)

procedure is applied to obtain a ﬁxed-length representation,
enabling the straightforward comparison of molecules with
different numbers of atoms. In particular, the WHALES
descriptors are calculated as deciles plus minimum and maximum
of (i) atomic isolation degrees, (ii) remoteness values, and (iii)
isolation/remoteness ratios. Thus, each molecule is characterized
by the same number of descriptors (i.e., 11 values for each atomic
index, for a total of 33 descriptors), regardless of the number of
atoms considered (Fig. 1d). WHALES descriptors are invariant to
any roto-translation of molecular coordinates and robust to small
conformational changes (Supplementary Figure 2).
For this present proof-of-concept study, Gasteiger-Marsili
partial charges24 and MMFF9425 energy-minimized structures
were used for WHALES calculations. However, the WHALES
descriptors can be computed using any type of energy-minimized
structures and partial charge scheme as input, e.g., quantumchemistry derived partial charges26.

molecule, i.e., atoms are surrounded by a few close atoms
(local information);
Isolation-Remoteness ratio, calculated as:
IRðjÞ ¼

IsolðjÞ
RemðjÞ

ð5Þ

The Isolation-Remoteness ratio (IR) simultaneously accounts for
the local and global information of each atom, assuming high
values for atoms residing off the main molecular axis (i.e., highisolation degree) and a small relative distance from most of the
atomic centers (i.e., low remoteness).
The remoteness, isolation degree values and their ratio
calculated for negatively charged atoms are assigned a negative
sign, as follows:
8
>
< IsolðjÞ ¼ IsolðjÞ
ð6Þ
if δ j >0 RemðjÞ ¼ RemðjÞ
>
:
IRðjÞ ¼ IRðjÞ

Scaffold hopping from natural products. To assess the potential
of WHALES for scaffold hopping from natural products, it was
compared to extended-connectivity ﬁngerprints18 (ECFPs), which
represent the molecule as a set of fragments that are radially
grown from each non-hydrogen atom. ECFPs are a benchmark in
virtual screening campaigns27 due to their widespread availability
in numerous software tools, ease of calculation and intuitiveness
to chemists. WHALES and ECFPs were compared to detect differences in their representation of natural products compared to

This procedure allows to distinguish positively and negatively
charged atoms having the same values of isolation degree and
remoteness.
Step 4 WHALES descriptors calculation
Because the number of calculated atomic indices depends on
the number of non-hydrogen atoms of the molecule, a binning
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Fig. 1 Overview of the WHALES concept. a Starting from a given molecular graph, 3D energy minimization and partial charge calculation are performed. In
this work, MMFF9425 energy-minimized conformation and Gasteiger-Marsili partial charges24 were utilized. b The coordinates and the computed partial
charges are used to calculate the atom-centered weighted covariance (Eq. 1). A schematic representation of the centered covariance (blue ellipsoid) is
shown for atom C2. The ellipsoid axes represent the directions and magnitude of maximal atom-centered covariance. c The atom-centered covariances are
utilized to calculate the ACM distance matrix (Eq. 2). From the ACM, the remoteness (Eq. 3) and isolation degree (Eq. 4) of the j-th atom are calculated as
the j-th row average (Avg.) and the j-th column minimum (Min.), respectively. Descriptor values of negatively charged atoms are assigned a negative sign
(Eq. 6, not shown in Fig. 1). d WHALES descriptors are calculated as the deciles, the minimum and the maximum of isolation degree (Isol.), remoteness
(Rem.) and isolation-remoteness ratio (IR), to obtain a molecular size-independent representation
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synthetic compounds. To this end, we compared 210,119 entries
from the DNP with a set of 3,383,942 commercially available
synthetic compounds. Each DNP natural product was used as a
query to rank the remaining DNP and commercial compounds
on a similarity-basis, using WHALES (Euclidean distance) or
ECFP (Jaccard-Tanimoto distance) descriptors. WHALES led to a
statistically higher (p < 0.001, Wilcoxon signed-rank test28)
number of natural compound synthetic neighbors than ECFPs on
average (Fig. 2a). Among the 200 nearest natural product
neighbors, an average of 26% of the synthetic compounds were

Synthetic compounds (%)

a 100

concentrated in the top-20 positions for WHALES, compared to
9% for ECFPs (Fig. 2b). This difference reﬂects the largely different chemical space representations obtained with the two
descriptors (Fig. 2c). WHALES descriptors suggest synthetic
compound “bridging regions” that connect clusters of natural
products. In contrast, the fragment-based perception of ECFPs
leads to a clear separation between synthetic compounds and
natural products. This comparative study indicates that WHALES
may be better suited for scaffold hopping between natural products and synthetic compounds than ECFPs. Thus, we applied

b
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Fig. 2 Similarity search using WHALES and ECFPs with natural products as queries. A total of 210,119 NPs were utilized as queries on 3,383,942
commercially available compounds (WHALES = Euclidean distance on Gaussian-normalized values; ECFPs = Jaccard-Tanimoto index). a Percentage of
commercially available synthetic neighbors of each DNP natural product according to the selected molecular description (i.e., ECFPs and WHALES). Given
portions of the list (i.e., 10, 20, 50, 100, and 200 neighbors) are displayed. Boxplots show median, mean (dot), 1st and 3rd quartiles (solid line), 95th
percentile (whisker), and 99th percentile (squares). The average number of neighbors of each NP retrieved from WHALES (p < 0.001, Wilcoxon signedrank test28) and the median number, up to 50 neighbors (p < 0.001, Kruskal–Wallis H-test29), are signiﬁcantly larger than those retrieved from ECFPs.
b The relative distribution of synthetic neighbors of NPs in the ﬁrst 200 positions. Several portions of the similarity ranks are considered, as indicated by
colors (1–10, 10–20, 20–50, 10–100, and 100–200 neighbors of NP); the larger the bar for a given portion of the list, the larger the average number of
synthetic neighbors of NPs in that portion. c Network analysis of a randomly compiled set of 15,000 natural products (green) and 15,000 synthetic
compounds (red); lines represent similarity relationships between the compounds (circles), which are colored according to their type (natural or synthetic
compounds, respectively in green and red). Left: minimum spanning tree obtained with ECFPs; right: minimum spanning tree obtained with WHALES
4
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WHALES to a prospective virtual screening on the Cannabinoid
Receptor (CB) using natural cannabinoids as queries. Retrospective analysis of WHALES on CB actives annotated in

ChEMBL showed that WHALES descriptors have a higher scaffold hopping potential on this target when compared to ECFPs
(Fig. 3).
Prospective virtual screening. For prospective screening, we
selected four of the most abundant active constituents of the
cannabis plant (Cannabis sativa) as queries29, namely (Fig. 4): (1)
(-)-trans-Δ9-tetrahydrocannabinol (THC), (2) (-)-cannabidiol
(CBD), (3) (-)-cannabinol (CBO), and (4) (-)-trans-Δ9-tetrahydrocannabivarin (THCV). 1 and 3 act as agonists or partial
agonists on CB1 and CB2 in vitro. Compound 4 shows dosedependent agonism on CB2 and CB1 in vivo, respectively, while
the mechanism of action of 2 is still under debate29–31. Each
phytocannabinoid was used in turn to perform a similarity-based
virtual screening on the commercial library, with the Euclidean
distance calculated on WHALES descriptors as a ranking criterion. The compounds were sorted according to the sum of their
reciprocal ranks obtained with each query. The 20 top-ranked
synthetic compounds were selected and, without any additional
exclusion criteria applied, tested in vitro for their modulatory
activity on human CB1 and CB2 receptors.
The WHALES-based virtual screening protocol led to the
identiﬁcation of seven active compounds (35% of the selected
compounds), with activity values (EC/IC50 and KB) in the low
micro- or nanomolar range and different selectivity proﬁles
(Table 1). Scaffold analysis of the core rings and atomic
frameworks32 of the synthetic hits revealed that ﬁve out of the
seven actives not only differ in their structure from the natural
product queries, but they also possess a novel scaffold that is not
contained in any of the CB actives (EC/IC50 or Ki/D < 50 μM, 6188
compounds) annotated in ChEMBL21 or in the patent literature
(SureCHEMBL)22 (Fig. 5). This result demonstrates that the
WHALES method is suitable for retrieving isofunctional synthetic
mimetics of bioactive natural products.
Among the novel actives, one non-selective agonist (5, CB1:
EC50 = 3.1 ± 0.5 μM; CB2: EC50 = 1.8 ± 0.6 μM) and three selective CB1 agonists (6, EC50 = 4.3 ± 0.7 μM; 7, EC50 > 30 μM; 9,
EC50 = 1.0 ± 0.2 μM) were identiﬁed. These hits inherited the
prevalent agonistic activity from the utilized natural cannabinoids
with different selectivity proﬁles. Computational ligand docking
(Fig. 6) suggests that 5 and 6 might act through similar binding

100

Scaffold diversity of actives (%)

80

60

40

20

0
CB2

CB1
ECFP
WHALES

Fig. 3 Retrospective analysis of ECFP and WHALES scaffold hopping
abilities on known cannabinoid receptor actives. Experimental activity
values on CB1 and CB2 were retrieved from ChEMBL (v23). Active
compounds (EC50, IC50, Ki or Kd ≤10 µM) were used as queries to rank the
remaining compounds on a similarity basis (ECFP: Jaccard-Tanimoto index;
WHALES: Euclidean distance). For each rank, the relative scaffold diversity
of actives was computed as the number of unique scaffolds32 present in the
actives of the top 1% list over the total number of actives found in the top
1% list. Boxplots show median (black line), mean (white dot), 1st and 3rd
quartiles (lines), 5th and 95th percentiles (whiskers); gray dots represent
the raw values
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Fig. 4 Natural product queries (1–4) and novel CB modulators (5–11). In vitro activities are reported in Table 1
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Table 1 In vitro activity of the queries and the active hits on CB1 and CB2
ID

Rank

CB1

CB2

1
2
3
4
5
6
7
8
9
10
11

—
—
—
—
5
6
9
10
17
18
19

EC50 [µM]
0.04 ± 0.02
8±5
0.6 ± 0.3*
0.11 ± 0.06*
3.1 ± 0.5
4.3 ± 0.7
>30
—
1.0 ± 0.2
—
—

IC50 [µM]
—
—
—
—
—
—
—
10.1 ± 0.7 (KB = 8.8)
—
3.2 ± 0.5 (KB = 0.9)
1.3 ± 0.2 (KB = 0.2)

EC50 [µM]
0.05 ± 0.01
1.4 ± 0.9
0.15 ± 0.05*
0.09 ± 0.05
1.8 ± 0.6
Inactive
Inactive
—
Inactive
Inactive
Inactive

IC50 [µM]
—
—
—
—
—
—
—
27.0 ± 0.8 (KB = 1.8)
Inactive
Inactive
Inactive

For the active hits (cf. Figure 4), EC/IC50 ± SEM (n = 2, inactive: inactive at 100 µM]) and the corresponding KB values for antagonists are reported. For the natural product queries, EC/IC50 ± SEM (or Ki
± SEM as indicated by asterisks) determined in radio-ligand-binding assays ([3H]CP55-940 or [3H]HU-243)30 are given. The full list of tested compounds can be found in Supplementary Table 1.
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Fig. 6 Predicted binding poses of non-selective agonist 5 and CB1-selective
agonist 6 in CB1/CB2 active sites. CB1: PDB-ID = 5XRA; CB2: homology
model. The hits were compared with their most similar NP according to
WHALES. Docking was performed with MOE on MMFF49x energyminimized structures, which were ranked and reﬁned by London dG and
Alpha HB scores36. Key interactions are shown with dashed lines. a Active
compound 6 (light blue) in comparison with THCV (4, green) in the
active site of CB1; b active compound 5 (orange) in comparison with THCV
(4, green) in the in the active site of CB1; c active compound 5 (orange) in
comparison with THC (1, green) in the modeled active site of CB2

poses and interaction patterns to their most similar naturalproduct templates according to WHALES (THCV [4] and THC
[1], respectively). The non-selective antagonist 8 (CB1: IC50 =
10.1 ± 0.7 μM, KB = 8.8 μM; CB2: IC50 = 27.0 ± 0.8 μM, KB =
1.8 μM) and two selective CB1 antagonists (10, IC50 = 3.2 ±
0.5 μM, KB = 0.9 μM; 11, IC50 = 1.3 ± 0.2 μM, KB = 0.2 μM) were
also identiﬁed.
The similarity of the predicted binding poses of 5 and 6 to their
natural product templates highlights that WHALES descriptors
did indeed capture the pharmacophore of phytocannabinoids in
terms of shape and partial charge distributions. At the same time,
the presence of active hits with antagonistic activity and/or
presumably novel receptor pocket interaction patterns demonstrate that the WHALES representation is sufﬁciently ﬂexible to
allow for the discovery of novel ligand-binding motifs. This is due
to the “fuzziness” of the WHALES descriptors, which represent
molecules by how their pharmacophore properties are distributed
in 3D space without any explicit fragment, ring system or atom
type information. Considering commercial building block availability, retrosynthetic analysis suggests that the bioactive hits can
be prepared in three or fewer steps and are thus more easily
synthetically accessible than the natural product queries (Supplementary Figure 3).
The screening library ranks obtained by considering only
molecular shape (i.e., WHALES without any charge-based
weighting, Eq. 1) or only charge (i.e., deciles of GasteigerMarsili partial charges) have a low correlation with those
obtained by WHALES (Kendall rank correlation coefﬁcient τ < |
0.08|). None of the active hits were scored in the top 1000 of the
screening compounds with the shape-only and charge-only
descriptions. These results conﬁrm the holistic character of
WHALES descriptors, which grasp “emergent” structural features
of NPs that cannot be captured by describing single aspects
separately.
To assess the ability of WHALES to identify novel actives
compared with existing tools, we compared the prospective
virtual screening results with six common molecular descriptors
(ECFP18, FeatMorgan11, RDKit33, MACCS 16634, AtomPair35
ﬁngerprints, CATS15) and four pharmacophore screening protocols (MOE pharmacophore search36, LigandScout37 ligand-based
pharmacophore search, ShAEP38, UFSRAT39). The virtual
screening protocol was performed starting from the natural
product queries (1–4) on the commercial screening library, using
the benchmark methods and the same ranking protocol as in the
productive WHALES run (Supplementary Note 1). None of the
novel active hits discovered by WHALES were scored in the top
100 lists obtained with any of these alternative methods
(Supplementary Table 2). This outcome clearly supports the use
of WHALES in medicinal chemistry workﬂows for the discovery
of novel active scaffolds.
Discussion
The results of this study demonstrate the suitability of this holistic
virtual screening method for scaffold hopping from natural
products to isofunctional synthetic compounds. The WHALESbased molecular representation bridges the gap between natural
product and synthetic compound chemical spaces and leads to
“bridging regions” of synthetic compounds that connect clusters
of natural products. With 35% of the top-ranked compounds
exhibiting low-micromolar in vitro activities, WHALES is at least
competitive with other screening protocols. Importantly,
WHALES proved suitable for retrieving novel active compounds
and scaffolds that were not found by other methods for similarity
searching. The cannabinoid receptor modulators obtained are
structurally less complex than the natural product templates.
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These results clearly highlight the effectiveness of this novel
holistic approach to harvest the potential of natural products by
obtaining synthetically accessible, natural product-inspired
bioactive compounds and to explore uncharted chemical space
regions.
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