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Abstract: Background: Bioisosteric replacement is widely used in drug design for lead optimiza-
tion. However, the identification of a suitable bioisosteric group is not an easy task.

Methods: In this work, we present MolOpt, a web server for in silico drug design using bioisosteric
transformation. Potential bioisosteric transformation rules were derived from data mining, deep
generative machine learning and similarity comparison. MolOpt tries to assist the medicinal chem-
ist in his/her search for what to make next.
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Results and Discussion: By replacing molecular substructures with similar chemical groups, Mo-
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Conclusion: MolOpt is useful for the identification of suitable lead optimization ideas. The MolOpt

Server is freely available for use on the web at http://xundrug.cn/molopt.
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1. INTRODUCTION

Bioisosteric replacement plays a critical role in the pro-
cess of drug optimization [1]. A bioisosteric replacement
transforms an active compound into another compound by
replacing part of a molecule with other substructures that
share similar polar groups, volumes, shape and physiochem-
ical properties [2-10]. Bioisosteric replacement is broadly
used in medicinal chemistry to improve potency and selec-
tivity, unravel issues related to drug pharmacokinetics and to
get rid of undesirable side effects such as toxicity and meta-
bolic liabilities [11-25].

Identification of a suitable bioisosteric group is not an
easy task and requires large amounts of trial and error [1].
Computational strategies can provide very valuable help for
the identification of suitable bioisosteric transformation ideas
[26-28]. In this work, we present MolOpt, a publicly availa-
ble web server for drug design using bioisosteric replace-
ment rules. Three kinds of transformation rules were used in
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developing the server. One is based on the mining of bioac-
tivity database through matched molecular pairs analysis
method [16, 29-34]. The second one is based on a sequence-
based generative model. The third one is based on a similari-
ty comparison of putative bioisosteric substructure with top-
ological pharmacophore fingerprints. MolOpt also evaluates
important Absorption, Distribution, Metabolism, Excretion
and Toxicity (ADMET) related properties [35] for each newly
designed molecule using various predictive models [36-42].

2. METHODS
2.1. Overview

MolOpt is a web server for in silico hit/lead optimization
using bioisosteric transformation methods. When the user
inputs a molecule and selects a substructure he/she wants to
optimize, the server would recommend potential fragments
for replacing and generating analogs. The program is com-
posed of three modules; including a database of bioisosteric
transformation rules, analog generation module and molecu-
lar property prediction module. The heart of the program is
the bioisosteric replacement rule database which is designed
by cheminformatics techniques, data mining approaches, and
machine learning methods. Details of the methods used for
bioisosteric replacement rule database construction are ex-
plained in the following sections. The MolOpt server takes

© 2020 Bentham Science Publishers


http://crossmark.crossref.org/dialog/?doi=10.2174/1573409915666190704093400&domain=pdf

Bioisosteric Transformation

Bioisosteric replacement
Rule DataBase

Hit/Lead

Current Computer-Aided Drug Design, 2020, Vol. 16, No. 4 461

H;v Analogues
N
[¢] ]
Scoring, Sorting
Fragment Database
Fig. (1). Overview of the MolOpt webserver architecture.
Potential bioisosteric
. transformation
@ 1 2
‘ cut 1* 2% ‘
Molecule A
Common Keys
@ @ *
" 1* 2
1* 2*
Molecule B

Fig. (2). Schematic workflow of the fragment indexing Matched Molecular Pair algorithm.

four steps to complete the hit/lead optimization recommen-
dation task. Firstly, the program would divide the molecule
into fragments and pick the fragment which is chosen by the
user for data searching. Secondly, the program searches re-
placeable fragments according to the query fragment from
the bioisosteric replacement rule database. Thirdly, it sorts
the new fragments according to the topological similarity
and other properties. Finally, analogs were generated by
connecting the new fragments and the remaining parts of the
molecule (Fig. 1).

2.2. Mining Bioisosteric Groups from CHEMBL Database

CHEMBL is a manually curated chemical database of bi-
oactive molecules with drug-like properties [43]. CHEMBL
contains bioactivity data against drug targets extracted from
more than 60000 medicinal chemistry publications. Com-
pounds were associated with each of the journal article’s
records showing information about how medicinal chemists

optimize a lead compound. We obtained sets of analogues
from individual journal articles in the Chembl database (v.
23) and analyzed each set of analogues through the Matched
Molecular Pairs Analysis [23] method to derive historical
bioisosteric transformation rules used by medicinal chemists.

Hussain and Rea developed a computationally efficient
algorithm [44] to identify matched molecular pairs in large
data sets which are suitable for our data mining job. The
method works by fragmenting and appropriately indexing
the compounds under analysis (Fig. 2). Firstly, all the com-
pounds in the input data are fragmented on all its acyclic
single bonds iteratively. Secondly, appropriately all the
enumerated complementary fragments are stored and in-
dexed. Finally, for each pair molecule, the fragments having
a common pair are found followed by the corresponding
bioisosteric transformation. In our current implementation,
we only considered transformations smaller than 20 non-
hydrogen atoms. The transformation rules were encoded in
SMIRKS format and stored in a mysql database.
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0=C1CC([*:1])=C([*:2])01>>
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Fig. (3). Sequence-based generative model for molecular optimization.

2.3. Deep Generative Model

In the past several years, there was a growing trend in us-
ing deep neural networks for the generation of new chemical
structures. Many comprehensive generative models [45-47]
were constructed using SMILES as a representation, partly
driven by the adoption of natural language processing deep
learning tools. SMIRKS representation is widely used for
storing chemical transformation rules. Similar to SMILES,
SMIRKS representation is also suitable for deep generative
model building using recurrent neural networks. Similar to
the generative method described in a previous work by
Olivecrona and coworkers [46], we applied a Recurrent Neu-
ral Network (RNN) to bioisosteric transformations repre-
sented as SMIRKS strings to obtain generative models which
learn the probability distribution of characters in a SMIRKS
string. The SMIRKS is tokenized according to a vocabulary
list (Text S2). PyTorch was used for model building and
training. The RNN is composed of 3 layers with 512 Gated
Recurrent Units in each layer. The RNN was trained on
SMIRKS of 1.4 million bioisosteric transformation rules
derived from MMP analysis in section 2.1. The resulting
models were capable of generating new strings which corre-
spond to chemically meaningful SMIRKS. After training,
92% of the sequences generated by the model are recognized
as valid structures according to RDKit parsing. When using
the model for compound optimization, SMARTS of a query
molecular fragment and the transformation syntax (“>>) is
fed to the network as the initial sequence. The network
would generate new fragment SMARTS according to the
initial input sequence and the conditional probability distri-
bution learned by previous training (Fig. 3).

24. Identify Bioisosteric Groups by Similarity Compari-
son
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0=C1CC([*:1])=C([*:2])01>>0cnc([*:2])c([*:1])o1
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0=C1CC([*:1])=C([*:2])01>>COCL([*:2])C=CC([*:1])01

New transformation SMIRKS

Another approach to determine bioisosteric fragments is
to compare similarity. This approach does not use historical
lead optimization data, it is more likely to find out some
novel bioisostere. Many molecular representations have been
used for similarity comparison of putative bioisosteric sub-
structures including molecular properties and descriptors such
as size, shape, hydrophobicity, topological fingerprints, mo-
lecular field, H-bond capabilities or pharmacophore. In this
study, we used topological pharmacophore fingerprints [14] to
calculate the similarity between fragments to identify bi-
oisosteres. Each fragment is abstracted as a combination of
attachment points, hydrogen bond donors and acceptors, hy-
drophobic atoms, and non-hydrogen atoms. The distance rela-
tion for the underlying pharmacophore feature set is encoded
as fingerprints for similarity calculation. Tanimoto coefficient
is employed to measure similarity through fingerprints.

2.5. ADMET Prediction

Various types of pharmacokinetic and toxic data are gen-
erated in vitro and in vivo, and this data can now be used to
predict ADMET properties of a drug candidate at an early
stage. In our current work, we have collected different types
of data from public databases and literature, including Caco-
2 permeability assay, transporter inhibition assay, CYP450
inhibition/activation assay, cytotoxicity assay, acute oral
toxicity assay and so on. A total of 40 data sets were extract-
ed, details of which are listed in Table S1. 2048 bit ECFP 4
circular Morgan fingerprints and 196 different physiochemi-
cal descriptors (Text S1) generated by RDKit [48] were
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Analog structure and property:
Synthetic Caco-2 Permeability Download Rule
Index Analog Accessibility cLogP TPSA (logPapp) Molecule Example
000 213 4.078 2355 -4.574 smi history
o
001 2.485 5127 20.31 -4.459 smi history
o
N
002 2.109 4404 3234 -4.476 smi history
N\/
Fig. (4). Example figure on result table from MolOpt.
Transformation In Previous Studies
OH /0
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Index Molecule_A Molecule_B Reference
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0 _— P> Bioorg. Med. Chem Lett., 2007, 17, 964-968
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P

o
A \’l\ YR )
3 U‘ P> \&\ XL Bioorg. Med Chem Lett., 2005, 15, 2265-2269

Fig. (5). Example xlIsx file of historical examples using a specific transformation rule.

J. Med. Chem, 2015, 58, 9196-9213

Bioorg. Med Chem Lett., 2013, 23, 37-41
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used for building each of the prediction model. The Random
Forest (RF) module of the Scikit-Learn package [49] was
used as an underlying machine learning model to build bina-
ry classification RF models and regression RF models. The
performance of each prediction model is estimated by the
fivefold cross valuation and is listed in Table S1.

2.6. Web Implementation

The web server uses node.js code to run the interface
functionality and python code to perform SQL database que-
ry and similarity comparison. RDKit [48] is used for analyz-
ing matched molecular pairs, generating molecular topologi-
cal pharmacophore fingerprints, matching substructures and
drawing molecule picture. Standardizer [50] of ChemAxon
was used for structure canonicalization. Chemical Identifier
Resolver is used for converting molecular name and CAS id
to SMILES strings.

3. APPLICATION

The MolOpt web server offers the user many ways to
submit query molecules, namely SMILES strings, IUPAC
name, commercial name, CAS ID, InChl key or by drawing
a molecule. Usage of the MolOpt Sever takes two steps:
Firstly, a molecule is given as input followed by the selec-
tion of a transformation rule method(using historical bioiso-
steric transformation rules or using similarity-based meth-
ods). Secondly, the server will generate all replaceable sub-
structures on the input molecule, and the users choose the
substructure they want to optimize and submit. The results
page of MolOpt is composed of two main sections: Firstly, a
table of all the analogues generated by applying bioisosteric
replacements to the query molecule, together with the calcu-
lated synthetic accessibility [51] and properties (Fig. 4). The
replaced substructure of the analog is highlighted for visuali-
zation convenience. Each molecule can be downloaded di-
rectly as the SMILES format. Secondly, the full prediction
results are provided as an xlIsx file for downloading, includ-
ing SMILES and calculated ADMET properties for all ana-
logues. The SMILES can be used for further in silico evalua-
tion of potency, safety and other properties of these ana-
logues. In addition, the server also provides historical exam-
ples (Fig. 5) using a specific transformation rule which is
useful for further analysis and decision making.

CONCLUSION

MolOpt is a user-friendly and robust tool to navigate the
historical bioisosteric group space and identify new bioiso-
steric transformation ideas. The analogue generation process
for a single group optimization task usually takes about one
to two minutes. The web server does not require computa-
tional or programming skills from the user which is favora-
ble to medicinal chemists. MolOpt tries to assist the medici-
nal chemist in his/her searching process. The MolOpt server
will be continuously updated as new data become available.
This service 1is freely available to the public at
http://xundrug.cn/molopt.
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