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Abstract: Privileged structures inspire compound library
design in medicinal chemistry. We performed a comprehensive
analysis of 1.4 million bioactive compounds, with the aim of
assessing the prevalence of certain molecular frameworks. We
used the Shannon entropy formalism to quantify the promis-
cuity of the most frequently observed atom scaffolds across the
annotated target families. This analysis revealed an apparent
inverse relationship between hydrogen-bond-acceptor count of
a scaffold and its potential promiscuity. The results further
suggest that chemically easily accessible scaffolds can serve as
templates for the generation of bespoke compound libraries
with differing degrees of multiple target engagement, and
heterocyclic, sp3-rich frameworks are particularly suited for
target-focused library design. The outcome of our study
enables us to place some of the many narratives surrounding
the concept of privileged structures into a critical context.

In 1988, Evans et al. observed that “[…]certain Rprivileged
structuresQ are capable of providing useful ligands for more
than one receptor and that judicious modification of such
structures could be a viable alternative in the search for new
receptor agonists and antagonists.”[1] Generally speaking,
a privileged structure may be considered to possess geo-
metries suitable for decoration with side chains, such that the
resulting products bind to different target proteins. Herein,
we refer to such molecular frameworks as privileged scaffolds,
to avoid confusion with other terminologies. In 2002, we
introduced the related concept of frequent hitters[2] for
compounds that generate readouts in multiple activity
assays.[3–5] Some of these compounds are undesired false
positives.[6] Others, however, are truly promiscuous ligands
that potently, specifically, reversibly, but not selectively, bind
to members of different macromolecular target families
(Figure 1).

Privileged scaffolds may be considered desirable for the
bespoke design of compound screening libraries.[7] It is
important to realize that screening hits from a privileged-
scaffold library do not necessarily have to be promiscuous
with regard to their target; they can, in fact, represent useful
starting points for hit-to-lead expansion, with a well-defined
mode of action and selective target engagement. In 2010,
Welsch et al. published a broad list of privileged scaffolds
compiled from medicinal chemistry literature.[8] Popular
examples of molecular frameworks considered promiscuous
are indoles, quinolines, coumarines, isoxazolidines, benzimi-
dazoles, thiazolopyrimidines, and arylaminopyrazole.[9] Evi-
dently, the scaffold can contribute to bioactivity directly, via
shape or binding interactions, or indirectly, via functionaliza-
tion potential.[10] Often, the designated privileged scaffolds
are inspired by, or derived from, natural products.[11]

In this present study, we have computationally analyzed
the scaffold promiscuity of the ChEMBL22[12] compound
database. The hypothetical idealized privileged structure,
according to EvansQ definition, would be found in a ligand
that potently interacts with one (selective binder) or many
target receptors (promiscuous binder), and with a collection
of such compounds containing the privileged structure being
able to address all target families. We quantified the ability of
a scaffold to interact with members from different target
families in terms of its Shannon entropy H [Eq. (1)].[13a] This
value corresponds to the divergence between the distribution
of the reported activities from the idealized equal distribution
across all target families. The Shannon entropy was computed
based on the set of compounds containing a certain atom
scaffold. It may be considered a set property of the common
scaffold.

H ¼ @
X

i

pi?log2 pið Þ, ð1Þ

where pi is the observed fraction of actives for target family i.
Information I may be defined as the difference between the
maximal and the actual entropy [Eq. (2)].[13b] Accordingly,
high values of I designate target-selective scaffolds.

I ¼ Hmax@H: ð2Þ

We additionally computed the relative entropy to account
for the unequal target activity distribution in ChEMBL22

Figure 1. The concepts of frequent hitters and privileged structures.
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[Kullback–Leibler divergence, KLD; Eq. (3)].[13c]

KLD ¼
X

i

pi?log2
pi=qi

, ð3Þ

where q corresponds to the background (prior) distribution of
actives for the different target families considered.

In this present study, ten target families according to the
IUPHAR definition[14] with disparate, non-overlapping tar-
gets were considered (GPCR, enzyme, kinase, proteinase,
nuclear receptor, catalytic receptor, ion channel, transporter,
protein, unidentified). The Shannon entropy value for a scaf-
fold is maximal for the equal distribution of activity annota-
tions across the ten target families (Hmax = log2(10) = 3.32 bit).
Accordingly, the perfectly target-promiscuous compound
library would assume this value, while the ideal target-
family-selective library would be designated by H = 0 bit and
I = 3.32 bit, respectively.

Database analysis was performed using KNIME[15] work-
flows with RDkit[16] functions. ChEMBL22 contains 1397535
compounds with standardized activity annotations (Kd/i/b and
EC/IC50 values), and a total of 181 888 scaffolds (atom
frameworks, “Murcko” scaffolds[17]). By definition, such
a scaffold represents the union of all rings and their
connecting atoms in a given molecular graph. These atom
frameworks do not include side chains. To reduce the risk of

artefacts, we exclusively focused on the most potent com-
pounds (pActivity+ 6, 677 044 compounds) and the most
abundant scaffolds with at least 100 compound samples each
(585 scaffolds).

The most frequent scaffolds overall were a single phenyl
ring (1.6 % of all potently active compounds) and acyclic
frameworks (0.4%). False-positive spotting according to
Rishton[3] and Hann et al.[4] showed most warnings for acyclic
scaffolds (up to 37% substructure warnings with n+ 2 flags)
and compounds containing a single phenyl ring scaffold
(17 %). Otherwise, we observed low false-positive potential
for these scaffold-focused ligand sets according to the
substructure list of Hann et al., with generally more warnings
based on the Rishton list (see the Supporting Information).

We subsequently analyzed the activity annotations for all
scaffold sets with regard to target-family bias. The quinoline
compound set 1a turned out to possess the most balanced
activity spectrum (H = 2.75 bit, I = 0.57 bit, KLD = 0.37 bit),
followed by diphenylmethanes 2a (H = 2.54 bit, I = 0.78 bit,
KLD = 0.47 bit) and phenylether 3 a derivatives (H = 2.46 bit,
I = 0.86 bit, KLD = 0.87 bit; Table 1). Four of the ten most
promiscuous scaffolds (bisphenylether, benzyloxybenzene,
phenylbenzamide, benzylindole) are also part of WelschQs
list of traditional privileged scaffolds. Overall, among the set
of high-entropy scaffolds, we observed a prevalence of small

Table 1: Top-ranking scaffolds according to their promiscuity expressed as Shannon entropy H (1a–5a), and according to maximal information
content I (1b–5b). N = number of potent (pActivity+6) compounds containing only the respective atom scaffold and no other ring system.

Angewandte
ChemieCommunications

7972 www.angewandte.org T 2017 The Authors. Published by Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim Angew. Chem. Int. Ed. 2017, 56, 7971 –7974

http://www.angewandte.org


scaffolds containing two arene rings connected by a short
linker (e.g., methyl, ether, amine, amide). Whilst this finding
might appear somewhat trivial at first glance, it adds a novel
perspective on the concept of privileged structures, coming, as
it does, from an entirely target-driven vantage point. Quinn
and co-workers recently reported a similar observation for
natural products.[18] Furthermore, 12 % of the 1822 molecular
structures with a molecular weight less than or equal to
2000 gmol@1, which were approved by the U.S. Food and Drug
Administration between 1939 and 2016, contain this sub-
structure motif (data retrieved from the e-Drug3D data-
base[19]). Accordingly, it seems prudent to compile general
screening compound decks based on scaffolds with low
structural intricacy, to increase hit rates and facilitate swift
hit-to-lead expansion.[20]

In stark contrast to the architecture of these promiscuous
scaffolds, the most information-rich scaffolds retrieved from
ChEMBL22 were sp3-rich heterocyclic molecular frameworks
(1b–5b, Table 1). In fact, several of them are annotated as
target-family selective (H = 0 bit, I = 3.32 bit, KLD = 1.44–
5.14 bit; Table 1, see the Supporting Information). The
presence of several of these scaffolds on the Welsh list reveals
a dual perception of privileged structures among medicinal
chemists. However, according to EvansQ original definition of
the term,[1] target-selective scaffolds are not “privileged”. For
some of these examples, the ligand–protein complexes have
been solved by X-ray crystallography and exposed directed
interactions of the scaffolds with the respective binding
pocket, e.g., with kinase hinge residues in the case of scaffold
3b (PDB ID: 4N70[21]). Hypothesizing different degrees of
target promiscuity, it will be worthwhile to comprehensively
analyze ligand–protein interaction patterns with regard to the
scaffold promiscuity measures introduced in this present
study.[22]

A second computational analysis focused on the predicted
average promiscuity score of the scaffold-centered ligand sets.
In contrast to the scaffold Shannon entropy, this index is
computed for each compound individually. We employed
a neural network model for this purpose, which we had
previously trained to distinguish between undesired (poten-
tial false positives) and target-promiscuous frequent hitters.[23]

We found a lack of correlation (Pearson r = 0.05, 0.03)
between the two entropy measures (H, KLD) and the average
neural network score. This result shows that high Shannon
entropy (low relative entropy) of the scaffold does not
necessarily reflect the binding promiscuity of the individual
ligands.

Importantly, correlation analysis suggested an inverse
relationship between scaffold target promiscuity (H) and both
the sp3 atom count (r =@0.24) and the number of hydrogen-
bond acceptors (r =@0.28). Accordingly, scaffolds with few
hydrogen-bond acceptors have a greater promiscuity poten-
tial than scaffolds with many such interaction points. This
hypothesis was strengthened when focusing on scaffolds with
at least 300 active compound samples each (rsp3 =@0.38;
rH-bond acceptors =@0.53; Figure 2). This finding is in line with
former studies of the influence of scaffold structure and
complexity on hit-to-drug progression.[19, 24] Notably, we did

not observe a meaningful correlation between H or KLD and
the logP of the compounds (r = 0.07).

This present study showcases a straightforward informa-
tion-theoretical approach for the quantification of scaffold
promiscuity, which could assist medicinal chemists in scaffold
prioritization and screening library design. However, there
are several caveats to keep in mind when interpreting the
results presented here. Evidently, the information presented
merely reflects the current status of the ChEMBL activity
annotations, and there may be many more hitherto-unknown
ligand activities.[25] In addition, ChEMBL may not reflect the
true diversity of pharmacologically relevant compound struc-
tures, since the majority of the proprietary hits and lead
compounds from industry are not contained in the ChEMBL
database. Although we considered sp3 hybridization, our
analysis does not explicitly account for the three-dimension-
ality of scaffolds and compounds. It will now be worthwhile to
systematically apply the quantitative Shannon entropy con-
cept to analyze the relationship between the shape and
flexibility of a scaffold and its promiscuity.[26]

The Shannon concept has been used before to assess
chemical scaffold diversity.[27] Our present analysis comple-
ments these chemical-diversity analyses by contributing
a quantitative target-oriented vantage point. Promiscuity
seems to be a property of the full compound, and for most of
the published examples (ChEMBL) cannot be attributed to
the scaffold alone. More specifically, the results of this present
study do not corroborate the existence of an apparent
generalizable relationship between the size of a molecular
scaffold and the ability of a compound to bind to members
from different target families. However, the observed inverse
correlation between the number of sp3-hybridised centers and
hydrogen-bond acceptors present in a scaffold and the
promiscuity of the respective scaffold-based compound
libraries qualifies the use of certain scaffolds and fragments
for target-focused hit discovery. Our study further revealed
that chemically easily accessible scaffolds can serve as
templates for the generation of compounds that could bind
to almost all target families (i.e., scaffolds with high Shannon
entropy). Together with the neural network score, this
information could be utilized to generate custom-made
combinatorial screening decks, depending on the intended
target(s) or disease.

Figure 2. Relationship between the target promiscuity of scaffolds
(expressed as Shannon entropy H, based on ChEMBL22 activity
annotations) and the number of sp3-hybridised centers (a) and
number of hydrogen-bond acceptors (b). Only scaffolds with more
than 300 potent ligands were considered (87 scaffolds).
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