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ABSTRACT

The major focus of cheminformatic approaches for drug discovery thus far, notably in the medical field, has been on organic molecules.
Cheminformatics has been used to analyze the characteristics of molecular compounds before chemical production and experimental
assessment. Cheminformatics-inspired approaches employ the structural and chemical properties of molecules and pharmaceuticals to
learn crucial information about the qualities of the molecules and materials being examined. The primary data mining methods utilized in
cheminformatics intelligence include structural similarity matrices, descriptor computations, and classification algorithms, which are
included in the property interpretations. Artificial chemical intelligence's core principles are focused on using it to find and create new
drugs. This review investigates the underlying questions of this method by providing real-world case studies of molecules, medications,
and practical uses of cheminformatics in drug design and discovery. In many areas of computer-aided drug discovery, including drug
repurposing, metallodrugs, chemistry, material informatics, quantitative structure-activity relationship research, de novo drug design, and
chemical space visualization, recent advances in cheminformatics and their use in current drug discovery processes have proven to be
incredibly helpful.

Keywords: cheminformatics intelligence, molecular modeling, soft computing, bioinformatics.

INTRODUCTION manufacturing, sensor design, and predictive control are just a
few of the computational disciplines where computational
intelligence has found use outside of its initial purview.
Additionally, computational intelligence is a crucial step in the
evolution of computer science and has extensive applications in
a wide range of scientific fields.? Current methods for managing
enormous volumes of information include theoretical
knowledge and computational intelligence-enabled research
applications.> One of them, for instance, is molecular
simulations, in which researchers anticipate different properties
*Corresponding Author: Dr. Rajiv Kumar of molecules, such as their solubility, reactivity, and toxicity,
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researchers to find prospective medications. A few of the
challenging problems involved with it are the dearth of data,
determining which molecular characteristics are essential for
predictions, and converting 3D molecule structures into inputs
for the molecular model.® It is possible to think of molecules or

Cheminformatics is a branch of research that uses computer-
based methods like machine learning and data science to solve
various chemistry-related challenges and issues. Computational
intelligence and cheminformatics look at a variety of metrics to
show the characteristics of molecules, their structure, and
forecasts that may be used in numerous medical claims and
industries.! Signal processing, molecular chemistry simulations,
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atoms as 3D quantum models when they have distinct positions
inside molecules. The relative distance between each molecule,
the atomic number, the structure of the cloud, the electron
probability, and many other details may be learned from 3D
models.® However, it is difficult to convert these outputs into a
3D quantum model (Figure 1). Fortunately, a few molecular
representations have been created to address this problem.”

Figure 1. Transforming detected outputs into 3D quantum model
that displayed molecular representations have been developed by
resolving the existed challenges.

The topic of computational intelligence has lately seen a
substantial expansion due to the development of soft computing
and artificial intelligence methodologies, tools, and strategies
utilized for conceptualizing the essence of intelligence
contained in real-world observations. Researchers have been
able to explain and comprehend real-world processes and
practices that were previously thought to be nearly impossible
to explore because they have a better understanding of the
inherent imprecision, redundancies, and ambiguities as well as
the lack of proper methods used to define the incompleteness
and vagueness of the information.® This scientific and
technological presentation of recent breakthroughs and current
techniques of cheminformatics intelligence will be used to
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foresee emerging strategies for researching hidden regions by
offering the most recent research findings.

Numerous computational algorithms have been created to
satisfy every conceivable charge material, accuracy, and
transport regime need due to the large variety of molecular
materials. The straightforward Metabolomics platform has been
integrated with bioinformatics tools based on machine learning
and data mining methods. Applications for evaluating and
comparing three-dimensional molecular objects are gathered
under the umbrella of computational intelligence. It converts
intricate three-dimensional data into comparable traits or
models, enabling high-throughput comparisons and providing
machine learning models with information to forecast critical
properties like druggable cavities, interaction patterns, protein-
protein interfaces, and interactive postures.® In order to gain a
better knowledge of cheminformatics, the writers of this article
study a wide variety of computational intelligence applications
across many platforms and industries.

This review article also aims to bring together, clinical,
academics and industry experts from the domains of science and
engineering who are engaged in primary and transdisciplinary
research in computational intelligence, soft computing,
communication setups, and computer networks.

CHEMINFORMATICS AND COMPUTATIONAL INTELLIGENCE

The collection, storage, analysis, and manipulation of
chemical data are the main concerns of cheminformatics, a
relatively new field of information technology. The chemical
data of interest (biological or engineering) typically includes
information on microscopic molecules and their molecular
formulas, spectra, activities, structures, and properties. More,
the fluctuation in the microbial B-glucuronidase level in the
human gut metagenomes was the explanation given by Ben
Busby et al. (2021) for the prediction of drug-metagenome
interactions.!® Thus, cheminformatics has a big influence on
many areas of biology, biochemistry, and chemistry even
though it was first designed as a tool to help with the drug
discovery and development process. The technological basis for
spectrometry and spectroscopy, which resulted in the creation of
cheminformatics and computational intelligence, required an
early, significant revolution. Farahnaz R. Makhouri et al. (2018)
talked about using computational methods for drug discovery
and design to fight illness.*!

Cheminformatics uses technology and software to
communicate processes and quicken data processing. To define
the functional characteristics of the molecular profiles present in
the dataset, computational chemistry offers a contextual
approach that incorporates ontologies and annotations. The
main technological steps in processing, metabolomics, data
collection, and statistical techniques, including machine
learning, are all covered by different researchers in this work.
Cheminformatics is primarily used for the storing and retrieval
of information. It may be difficult to index, search for, and store
the vast quantity of information that molecules and compounds
convey. Thanks to advancements in computer science,
particularly in data mining and artificial intelligence, chemists
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may now access a massive library of 2D and 3D
representations, including very accurate records of previous
work. In chapter 9, titles “cheminformatics and computational
techniques in metabolomics” of their book Computational
Biology, Holger Husi et al. (2019) discuss it. This is important
for research since it makes it possible for scientists to make
better judgments in the lab because there is more information
available.!?

The chemical and structural characteristics of chemical
compounds are used in modern cheminformatics-inspired tactics
to give vital information on important molecular interactions.
Reproducible computational drug discovery was described by
Chanin Nantasenamat et al. in 2020.%® This strategy could boost
biological research and knowledge, notably in the quest for new
medications and biomarkers. Its identification formerly
dominated high-throughput screening, which was costly, time-
consuming, and included extensive trials. Based on virtual
screening, biological assessment, and molecular dynamics
modeling, Mao, J. et al. (2022) discussed the finding of
microtubule stabilizers with unique scaffold architectures.’* The
value of theoretical research is expanding, especially in relation
to trend analysis of many elements, understanding of transport,
and loss processes (Figure 2).

Figure 2. An illustration of molecular chemistry of different proteins and
drugs resulting from cheminformatics intelligence to explore innumerable
features.
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For predicting the potential results of reactions, chemistry
and medical breakthroughs have employed a number of
computational intelligence methodologies and procedures.'?
Although it has demonstrated its value and importance in a
number of medical and industrial claims, little is known about
how well they hold up when it comes to the many molecular
chemistry aspects. In a study of computational methodologies,
Yorley Duarte et al. (2019) provided an explanation of the
integration of target identification, drug development, and drug
delivery.’® The thriving field of molecular chemistry has
sparked a rise in computational research and cheminformatics
information on the chemical and physical characteristics of
molecules and other materials, even at the nanoscale. The Bi(V)
organic framework in an asymmetric system was described by
Rajiv et al. (2008) using synthesis, spectroscopy, XRPD, and
molecular modeling.'® The pharmaceutical industry has begun
using cheminformatics to create innovative treatments, but this
would not be possible without the availability of virtual
libraries.

Using information from both actual and hypothetical
molecules, researchers may build virtual libraries of compounds
that enable them to explore chemical environments and theories
for the synthesis of novel compounds with a certain set of
properties. Advanced machine learning-based algorithms and
genuine classes of molecules can be used to create these unique
substances. This method gives you a lot of time to estimate how
a certain chemical will behave depending on its analysis.
Analyzing the quantitative structure-activity link is essential as
a result.t” Chemical expert systems can be used by researchers
to determine the physicochemical properties and biological
potential of compounds. Multi-descriptor physical approaches
to
computerized plant ecology, often known as multiSPAS, was de
scribed by Oleg Gradov et al. in 2021.%8 Because it may add to a
body of information that can support original ideas and direct
new decisions in a variety of scenarios, this analytical approach
goes beyond cost savings. Even if the most advanced and
complicated computational tools are advanced and complicated,
it is essential for researchers to keep collaborating with
developers to make sure that digital platforms stay accurate and
address the problems that the study itself raises. Therefore, the
field of cheminformatics confronts major challenges.

Putative drug targets and prospective drug leads were
discovered by David S. Wishart (2015) as beginning points for
virtual screening and docking.!®* Creating sophisticated
algorithms that can swiftly extract knowledge from big raw
databases is the main and most notable feature of it. In the
world of software development, the second problem is more
important (Figure 3). Current computational methodologies in
chemistry (such as quantum mechanical methods, statistical
machine learning, and molecular dynamics) are not appropriate
for broad chemical research since they cannot be scaled up to
large datasets. The main benefits and drawbacks of these
methods may be contrasted in order to show how each strategy
performs in various scenarios.
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Drug discovery is the process of developing new compounds
that have pharmacological effects on pathological disorders.?°
The entire process is costly and challenging. Despite the
incredible technological advancements, it is not practical to
create high-throughput screening experiments for all known
compounds for a specified target(s). For instance, it is crucial to
find interactions between drugs and protein binding sites while
developing novel treatments.

Figure 3. An illustration of cheminformatics intelligence applied for
exploring different features of molecular chemistry.

The fact that only a tiny percentage of compounds in the
chemical space may clinically retain medication-like qualities
highlights the complexity of drug invention approach. Rajiv et
al. in their (2015) expose architectural elements, molecular
mechanics and computational models were used for studying
organometallic assemblies, n-electron delocalization, lipophilic
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nature, bio-accessibility, p-bridging spacers, flexibility,
bioavailability, intracellular, antimicrobial assimilation and
trafficking routes.?* The process that kicks the whole thing off,
leading to the identification of molecules, is likewise lengthy
and challenging. Overall, chemoinformatics has a bright future,
although it is complex.

Looking at the history of computer use in chemical research
makes it simple to see how far the discipline has come.’? As
software developers and chemical professionals work together
to advance computational abilities when applied to a variety of
chemical-related difficulties, the foundation has been set for
future advancement.

STRUCTURE- BASED DRUG SCREENING AND DECOMPOSING
COMPOUNDS

Current cheminformatics intelligence methodologies have
been employed for trend analysis of molecular chemistry
simulations to the study points from the fragment's tolerance to
tiny chemical changes without modifying its way of binding.?®
In light of that, it would seem appropriate to look at the
structural data at the fragment level. Esther Kellenberger et al.
(2018) emphasized structural insights on fragment binding
mode conservation. It would be interesting to look at the
molecular properties and binding mechanisms of molecular
fragments from a structural viewpoint given the emphasis on the
significance of molecular fragments in the drug development
process (Figure 4). For structure-based drug screening, Michael
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Figure 4. The PS module's representation of optimized hits. The true positives (TP) discovered by the PS-driven module of A-HIOT were converted into
molecular 1Ds, combined with PLIP score (di), and ranked while adhering to the suggested CXCR4 binding interaction profile threshold. The shows the final
ranking score for each ligand molecule that was subjected to optimization; a displays the CXCR4 interaction patterns and participating amino acid residues
with its standard ligand (IT1t); b accumulates all four molecules (CHEMBL129, CHEMBL452868, CHEMBL461358, and CHEMBL518501) from an
independent set administered for optimization coupling interaction patterns; and ¢ describes the types of interaction and bond formation pattern. Reprinted
(adapted) with permission from.2? Copyright (2022) Vishal Acharya et al. Journal of Cheminformatics. BMC Springer Nature.
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Schroeder et al. (2022) showed how decomposing compounds
enabled the reconstruction of interaction fingerprints.?*
However, the majority of experiments were conducted in a
constrained space.

The constrained set is biased toward the study interests of
crystallographers, as seen in the work of Drwal et al. (2018),
which was restricted to fragments crystallized as small molecule
ligands in PDB structure. In this study, the authors describe the
binding of molecular fragments in all drugs from the parallel
database (PDB), create a structural metric to evaluate the
conservation of the fragments' binding modes, and then use the
results to reconstruct the whole drugs' binding modes in the
absence of structural data.?® The authors evaluate whether it is
feasible to transfer structural knowledge from a fragment level
to a drug level in order to expand the applicability of structure-
based drug repositioning and other techniques dependent on the
structural characterization of pharmaceuticals. In 2016, Steffen
Lindert et al. explored computational approaches to drug
development.?® Drug repositioning gives already-available
medications new applications. This approach has the benefits of
a decreased risk of failure, a quicker medication development
process, and cheaper costs. As a result, drug positioning offers a
strong substitute for conventional drug research and
development.

Figure 5. CK2 is found in several positions within cyclin-dependent kinase
2. Two binding mechanisms were identified by crystallographic structures
in the protein site (Uniprot: P24941). (a) Transparent blue sticks are used to
illustrate the crystallographic poses (PDB 1PXJ and 2C50). The top ranked
accurate poses (RMSD to the native pose 1.0) are displayed in green. The
worst stances are shown in grey. The top six poses as determined by GRIM
rating. (b) The top seven poses as determined by ROCS ranking. Reprinted
(adapted) with permission from.® Copyright (2019) Esther Kellenberger et
al. Journal of Cheminformatics. BMC Springer Nature.
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Structure-based drug repositioning employs the 3D model of
proteins to specify the binding strategy of drugs to their protein
objects from an energetic/geometrical perspective (Figure 5).27
The modeling of three-dimensional protein structures for use in
drug creation was described by Torsten Schwede et al. (2014).2
For a complete understanding at the quantum level, Rajiv
(2021) discussed computational studies and interpretations of
bonding in metallopharmaceuticals.?® As a result, this
knowledge makes it possible to screen for and identify new
drug-target associations that have the potential for novel
applications.

The structural concept encompasses pharmacophore-based
screening, docking®, interaction similarity screening, binding
site prediction, and other techniques. The improvement of
fragment docking with binding mode information was
researched by Esther Kellenberger et al. in 2019.%° Later on,
Bi(V)-MCs produced from streptomycin derivatives were
molecularly modeled by Rajiv et al. (2015) through synthesis
and spectroscopic research.®? Researchers can identify new
targets for repositioning candidates by contrasting the binding
characteristics of different drugs in in silico screening based on
3D interaction data.®* The concept of potential interactions
based on medication placement has been employed in several
research in the past. Ibrutinib was found to be a new inhibitor of
the autoimmune-related target VEGFR2, but more recently, a
fingerprinting technique based on the protein-ligand interactions
profiler tool has been successfully used for many tasks,
including the identification of repurposed medications for
treatments.?* The repositioning of amodiaquine as a cancer
medication and the forecasting of new LRRK2 inhibitors are
further tasks. The foundation of any pipeline for structure-based
medication repositioning is the collection of structural data that
describes the geometric conformations of medicinal substances.

Recent advancements in Parkinson's disease LRRK2-targeted
treatment were studied by Nicolas Dzamko et al. in 2019.3
Furthermore, it is hard to identify them structurally given that
the vast majority of the millions of pharmaceutical compounds
discovered in chemical libraries like Pubchem or ChEMBL lack
structures for crystalline targets. The availability of structural
data remains a significant obstacle to structure-based
medication repositioning.®® The concept of "building blocks"
offers a different perspective on the problem. A drug compound
is a group of specific chemical building components that give
the medicine the intended properties. Theoretically, a large
number of functional groups involved in protein binding are
present in fragments, and many of these groups exactly match
the target subpockets. Moreover, because to their diminished
size and complexity, fragments enable efficient exploration of
protein binding sites.® Recent research by Kozakov et al.
(2017) showed that conserved binding modes are frequently
present in the segments corresponding to low-energy hot
spots.®” Later, Drwal et al. (2019) carried out a comprehensive
analysis of PDB on a large scale in order to get a full knowledge
of fragment binding to ligand-able targets.® Fragments and
drug-like superstructures that have binding sites connect to the
same protein. Giordanetto et al. (2019)*° investigated the

J. Mol. Chem., 2022, 2(2), 440 Page | 5



deposited protein structures with bound fragment hits in-depth,
and their results are consistent with the notion that the majority
of the fragment-hit complexes are stabilized by attractive
contacts like hydrogen bonds, water bridges, and coordination
bonds to catalytic metal ions.

PYTHON- BASED INFORMATICS

The identification of novel natural and synthetic chemicals is
becoming more and more crucial in today's data-driven world,
and silicochemical processing has become an essential part of
biological and chemical research. PIKAChU is a Python-
based informatics tool for assessing chemical units, according to
Barbara R. Terlouw et al. (2022).*° Bioactivities and biological
pathways can predict the structures of molecules. COCONUT
online, collection of open natural products database was utilized
by Maria Sorokina et al. in 2021.** The chemical structure
predicts medicinal qualities. Chemical databases like PubChem,
NP Atlas, ChEBI, and COCONUT are linked to novel
metabolites.ChEBI in 2016: improved services and an expandin
g collection of metabolites was discussed by Janna Hastings et a
I. (2016).4> More, support vector machines were used by
Jonathan Alvarsson et al. (2016) to explain large-scale ligand-
based predictive modeling.** These studies depend on
trustworthy cheminformatics tools that carry out basic chemical
operations, such substructure matching, fingerprint-based
similarity searches, molecular visualization, and chemical
visualization for machine learning.

Chemical data formats, such as one-dimensional to three-
dimensional molecular representations, may be read by
cheminformatics kits to begin the molecule processing process.
One of these forms is the simplified molecular input line entry
system (SMILES). Smiles drawer, parsing and drawing
SMILES-encoded molecular structures using client-side
javascript was described by Jean-Louis Reymond et al. (2018).
ScottiSistematX is a web-based cheminformatics application
developed by Marcus Tullius et al. (2019) for managing
secondary metabolite data.*® It comprises details on a molecule's
stereochemistry, connectivity, composition, and atomic charge
and represents a molecule as a one-dimensional string. The
coordinates of an atom in three dimensions as well as the
aforementioned attributes are stored in text files using more
complicated formats like PDB and MOL.* Depending on the
application, several forms and follow-up processing are
necessary.

Comprehensive cheminformatics kits have gathered into
sizable software libraries because to the large number of
potential chemical research; yet, these libraries can be difficult
to browse and rely on a great number of dependencies, making
it challenging to use them in software packages. For users who
should perform basic in silico investigations like reading in
SMILES, sketching a molecule, or visualizing a substructure,
the cost-benefit analysis of the time required to acquire and
integrate these cheminformatics tools into a codebase
performing real analyses is consequently disproportionate. A
well-known open-source cheminformatics toolkit with these
problems is RDKit.*” The fact that RDKit is written in both
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Python and C** and has so many dependencies that it frequently
makes it difficult to integrate RDKit into other programs
disproportionately increases the number of libraries that must be
installed despite the fact that it is a lightning-fast and powerful
library that supports a huge range of potential chemical
operations. Due to this, RDKit is great for in-depth in silico
research like computing a molecule's 3D conformers or
producing electron density maps, but a bit heavyweight for the
fundamental operations required by the majority of scientists in
cheminformatics and bioinformatics. Another common
cheminformatics toolbox is CDK. The Cytoscape claim
chemViz2, the COCONUT database*, and the scientific
workflow software KNIME have all successfully employed it
for molecular processing. Workflow-driven cheminformatics
was described by Stephan Beisken et al. as KNIME-CDK.*®
(Konstanz Information Miner) It was created in Java and is
highly suited for use in online applications. However,
considering that Python is becoming the programming language
of choice for researchers, particularly those working in the
developing field of (deep) neural networks, CDK is not
necessarily the ideal choice.*

To make fundamental cheminformatics processing more
accessible to Python programmers, the authors provide
PIKAChU, a Python-based informatics tool for analyzing
chemical units. PecanPy, a quick, effective, and parallelized
Python version of node2vec, was introduced by Renming Liu et
al. in 2021.%° Thus, PIKAChU is a flexible cheminformatics
toolkit with some dependencies. The Python implementation of
the subtype and stage inference methods, pySuStaln, was
explained by Leon M. Aksman.®' It can visualize chemical
structures, carry out extended connectivity finger-printing and
infrastructures in Matplotlib, parse compounds from SMILES,
and carry out Tanimoto similarity searches, with an emphasis on
fundamental chemical processes with a focus on natural product
chemistry. Because PIKAChU just needs the most elementary
chemical processing, researchers believe it will be a useful
substitute for many Python-based bio- and cheminformatics
applications and databases.

The algorithm

To discuss the algorithm®2 applied for our purpose, we need
to follow eight steps, as described below:

Step-1: Necessary program is launched from the__init.py script
from a local RDKit environment. This script accesses SMILES
strings of the cycloadducts saved in the SMILES.txt file, reads
user input from the main configuration file (da. ini), and
contains flags that must be set according to the type of jobs the
user will like to carry out.

Step-2: SMILES strings accessed are converted into mol
objects, which are then used to locate and keep track of the
reactive sites (RS). As such, an ordered list of atomic indices is
returned, in which four atoms originate from diene and two
others from the dienophile. In case, cycloadducts have more
than one cyclohexene substructure, a 2 x n-shaped list is
returned, where n is the number of cyclohexene substructures;
and its outcome is dealing within competing paths that are
treated separately.
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Step-3: 3-dimensional geometry of cycloadducts in Cartesian
coordinates are obtained using a sequential procedure, including
the embedding of its mol object and optimization of the returned
conformer using UFF force-field.>® Kindly note that, UFF is a
broadly applicable force field that contains parameters for
almost all the atoms of the periodic table. This guarantees no
error is returned when studying a system with such uncommon
atoms like actinides due to inexistent force field parameters.
However, since UFF is a non-reactive force field, the topology
of the system under investigation is kept intact during this
conformation search, preventing any bond cleavage or
formation.* Additionally in case of failure, the procedure is
repeated, this time looking for more conformers (up to 60) and
increasing the number of runs (up to 2000). Selected conformer
is used as input in constrained optimization towards the pseudo-
guess of the TS as briefly describes in Step-4.

Step-4: A constrained optimization in internal coordinates
coerces the cycloadducts to adopt a symmetric two-fragment
configuration where two pairs of terminal C atoms from the
diene and dienophile are separated by 2.15 A. Please note that
the positions of these C atoms are retrieved from the List Atoms
Int obtained at the procedure described in Step-2. The default
separation distance of 2.15 A can be modified by the user by
simultaneously editing the ini.da configuration file and the
Gen_gjf _file_ts() method of the Geom_3D.py module. Using
default settings, this optimization returns 16 successive
configurations of the system, of which the highest energy
structure (a 2-fragment structure for intermolecular DA
reactions) corresponds to the pseudo-guess TS. The latter is
isolated and cleaned up at the same level of theory using the TS
single-ended Berny algorithm.® This gives rise to the guess-TS.
It is observed that the PM6 semi-empirical method has been
found to perform well at this step.

Step-5: For every system, a new TS calculation is performed to
refine the previous guess structure at a user-defined quantum
mechanics level of theory. This step is followed by a vibrational
check to make sure that the predicted stationary point is a real
TS. This check is meant to assure that the returned TS has only
one imaginary frequency. For the same, we examine (extract
and count) normal vibrational modes of the system. Only
structures with a unique negative (imaginary) frequency are
retained as actual TSs. Rejected stationary points are
automatically copied to an appropriate folder named
ERROR_FILES. Steps 3-5 are revealed in for a small set of
three randomly selected systems. Additional S1 depicts
(optimized) geometries of the associated reactants (diene and
dienophile), whose SMILES strings were first generated by
applying the process retro Diels Alder function of the
retro_DA() module to the cycloadducts SMILES, before being
sequentially optimized at the PM6 and B3LYP/6-31G(d) levels
respectively.

Step-6: If the TS has been located, we can determine the path
for IRC. Details about the theory level or the number of IRC
points are defined by the user in the da.ini file. We have
observed that at least 60 points per IRC direction from the TS
are sufficient to obtain a good IRC path (for mid-size systems
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with heteroatoms) linking the reactants to cycloadducts through
the TS. Geometries of the reactants and cycloadducts can be
optimized alongside that of the TS (during steps 2-4), if the
RC_FLAG in the da.ini is set to 1.

After the IRC calculations, a separate script named
myIRCAnalyzer.py can be executed to perform reaction force
analyses (RFA, step7), and atomic decompositions of the
reaction force and reaction force constant (as discussed in Step-
8 below) for specific reactions. Details about the system to
analyze or the atoms to consider in the decomposition must be
given in a separate configuration file (analysis.ini). Description
and usage of all keywords (and sections) found in the
analysis.ini configuration files are discussed.

Step 7 A special module (namely RFA, see % for details) has
been integrated to the package for executing all the calculations
related to the reaction force analysis. Two important quantities
of theory are the reaction force F and reaction force constant «,
which are defined by Equations (1) and (2), as given below,
where E is the system’s energy along the IRC path & Torro-
Labé and his co-workers (2009) have provided strong evidence
showing that F and « can help gain insight into the mechanism

of several reactions.*’
dE

FF-%y @
d’E _ dE
kg:E__dE' 2

where all symbols are having their usual meanings. Also, F and
k are numerically calculated at each point of the IRC path using
the finite difference approach. Technically, an average value of
forwarding and backward derivatives at each given point is used
as a good estimation of the exact derivative, except for the first
and the last points of the IRC path. Any attempt to run this
analysis will be ignored if the RFA_FLAG in the da.ini file has
not been set to 1.

Step 8 Komorowski, et al. (2016) described atomic resolution
for the energy derivatives on the reaction Path.%. In the reaction
force F and force constant k can be decomposed into atomic
contributions by introducing the Hellman—-Feynman®® forces
acting on each nucleus in the standard definition of F and « [see
Equations (3)-(4)]

Féz'd—Ez'ZAeM;Ti%z ZAEMFAadLEAZ YaFa(®), ©))
ke =- 3—5 = 'ZAEMd_Z [FA adi;] = Xaka(®. 4)
where all symbols are having their usual meanings. Moreover,
Ke can be split into two components originating from the atoms
and bonds of the molecule as described in the following

equation (5).
kEJ = Zg kAA(E) +2 Zg Zg<A kAA(E)

- kéztoms + kémndsl (5)
where all symbols are having their usual meanings, and the
sums run over all the atoms in the molecule. We have also
incorporated in the AMADAR package a module called RFD,
which implements in above Equations (3)-(5) in case of DA
reactions. To perform the series of decomposition analyses
available in the module, the RFD_FLAG in the da.ini file must
be set to 1 before running the mylRCAnalyzer.py script.
Calculation of a single reference PADIF
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After the individual references, PADIFs are extracted from the
GOLD rescoring files, usually, they are combined into a single,
median reference PADIF. Hence, for each PADIF element, the
median of all respective values in the reference PADIFs is
calculated for negative values so that only favourable
interactions are considered.® In case, all the reference values for
a certain element are zero or positive, the respective element
value is set to zero. Additionally, a weighting matrix is
generated which assigns weighting factors to the elements
depending on how often respective interaction occurs in the
reference PADIFs (for instance, if it occurs in four of ten
complexes, the weighting factor is 0.4).
Mathematical Computation for Scoring
The PADIF based scoring follows are being computed by

applying the following steps: (I). Compute the R elements (m,
n) whose value is less than zero in the reference PADIF (in case
favourable reference interactions). (11). Compute the P elements
(m, n) whose value is less than zero in the pose PADIF
(favourable interactions in the pose fingerprint).8t (I11).
Compute the maximum possible Overlap Omax (= P/R) between
reference and pose PADIF, but at maximum. (V). For the R
elements (m, n) check the respective values in the pose PADIF
and compute the individual elements score S(m,n) by following
small steps;

(i) S(m, n) = w(m, n) if pose PADIF(m, n) <0.

(ii) S(m, n) = 0 if pose PADIF(m, n) = 0.

(iii) S(m, n) = — w(m,n) if pose PADIF (m, n) > 0.
1. Compute the value for actual Overlap

Oreat = (PN R)/R.
2. Compute the value for relative Overlap

Orei= Oreal /Omax
Compute the total score Syt (= £S(m, n)—(1.0 — Orel)-|ZS(m,
n)[) by summing up the individual scores of all elements (for
many unfavourable interactions, it might be a negative value)
and decrease the total score depending on the deviation to a
perfect overlap of 1.0.
As per our observation, authors have a general prediction that,
for the combination with ChemPLP, ranking first contains only
the best three percent of poses by ChemPLP followed by
PADIF based ranking of the rest. Purpose of this was to
combine the strength of both methods to yield desired outputs.
Cheminformatics, metabolites, and chemical structures

The names of structurally annotated metabolites were

provided by the Metabolomics Workbench. We automatically
tried the chemical structures for all 130 metabolites using the
PubChem APL.%2 All the structures were standardized according
to the already published chemical curation protocols®. Ten,
metabolite chemical structures were characterized using
MACCS fingerprints®® computed using the RDKit* in Knim %,
A Pearson correlation coefficient cut-off of 0.9 was used to
filter out the highly correlated bits in the fingerprints.
Hierarchical clustering of metabolites based on their chemical
structures encoded as MACCS fingerprints was performed
according to Soergel distances (also known as Tanimoto
distances) and the average linkage. The ggtree package®® was
used to create circular dendrograms, and clustering of the
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significant metabolites for the construction of multi-metabolite
models proceeded in the same way. As a part of the hierarchical
clustering procedure, the number of clusters (k) was selected to
achieve a reasonable partitioning of the metabolites. We
selected the k value that resulted in the highest average
silhouette width (ASW) for cluster assignments. By maximizing
the ASW, we aimed to find the most “natural” number of
clusters in the data, in which cluster members are most like each
other, and distant from members belonging to other clusters. In
general sense, let a(i) be the average distance between
metabolite i and all the other members of its cluster, and b(i) be
the smallest average distance between metabolite i and the
members of any other cluster.

Then, the silhouette for metabolite i, s(i), is expressed by the
following mathematical equation:

. a(i) - b(i)
s()=—————"—

max{a(i), b(i)}

Where all the symbols are having their usual meaning.
However, the ASW is the average of the silhouette values for all
the i metabolites.

CHEMINFORMATICS INTELLIGENCE: METABOLITE PROFILES

Metabolites research is advancing swiftly and appears to be
catching up to proteomics and genome-based approaches, which
have been more frequently applied in the search for disease
biomarkers. The consequences of the imputation of missing
values using statistical analysis across analytical metabolomics
platforms and by the kind of biological matrix must be assessed,
however, in order to deal with missing data. Cheminformatics
technique was investigated by Hiroshi Tsugawa et al. (2019) to
characterize metabolomes in stable-isotope-labeled organisms.®
Building foundations, SOPs, and protocols are done in this
manner. By including and integrating more contextual
biological analogs like genomes and proteomics, we may gain a
complete picture of the system under study. Currently, matching
experimental spectrum data requires scanning several
independent database resources in order to maximize chemical
identification and have the optimum coverage. As well as
spectrum and compound chemical properties, these databases
should ideally provide data on biological activity obtained from
multiple sources. By combining mass spectrometry
cheminformatics and metabolome databases, Zijuan Lai et al.
(2018) discovered metabolites.” For the highest degree of
accuracy, it is recommended to personally annotate and amend
records.

Structure-based elucidation of new compounds is a
challenging, drawn-out process. Although this load can be
lessened and the in-line combined analysis of higher-
dimensional NMR studies with high-resolution MS can be
improved using computationally aided tools and algorithms,
precise identifications can still be made. In the approaching
years, there will surely be advancements in the creation of
comprehensive bioinformatics tools for accurate identification,
metabolite spectrum libraries, algorithms, and biological
elucidation of metabolite outlines. J. R. Ullmann et al. (1976)
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Alanine, aspartate and glutamate metablosim ***
Cyanoammo acid metabolism **
Starch and sucrose metabolism
Amino sugar and nucleotide sugar metabolism

& L 4 I—hsl:u:lme memb-ohsm ok
*L"&steme ancf'metfuonme metabolism * #

litrogen metabolism ***

Figure 6. An illustration of metabolites identified in the differential analysis as significant, cells next to the names of those metabolites are shaded dark blue.
Exploring and modelling trait-associated metabolite patterns using cheminformatics. If a metabolite was significant in at least one data set, named in green.
Reprinted (adapted) with permission from.” Copyright (2019) Denis Fourches al. Journal of Cheminformatics. BMC Springer Nature.

demonstrated a subgraph isomorphism method.%® These
bioinformatics technologies will affect the development of new
drugs and individualized medical treatments. Additionally, the
current understanding of biology and disease causation is being
illuminated by these cutting-edge approaches. An individual's
metabolome serves as a representation of their molecular
phenotype. Metabolomics and cheminformatics analysis of the
antifungal function of plant metabolites were investigated by
Miroslava  Cuperlovic-Culfet al. in 2016.% Profiling
metabolites, or small molecules with a molecular weight of
1500 Da, present in a given sample (such as serum, urine, and
plasma) can be used to conduct in-depth research into various
biochemical perturbations with internal (such as disease,
microbiome, and drug metabolites) and external (such as
exposome and drugs) origins. Metabolomic profiling stands out
from other omics techniques due to its exceptional sensitivity to
alterations in biological pathways with a mechanistic role in

Journal of Molecular Chemistry

these biochemical activities. The idea that a small number of
metabolites may be identified as disease biomarkers has given
birth to a rapidly expanding collection of metabolomics
investigations.

Cheminformatics technique was recommended by Jeremy R.
Ashet al. (2019) for investigating and modeling trait-associated
metabolite profiles.”” Metabolomics has been used, for instance,
to hunt for biomarkers for multiple sclerosis, colon cancer, and
Alzheimer's disease.® Investigations on the efficacy,
pharmacokinetic and pharmacodynamic properties, and toxicity
of drug candidates and their metabolites typically employ
metabolomics.”™ In the subject of pharmacometabolomics, the
investigation of the function of metabolites in medicine
response has also been useful.

Medicinal chemists employ metabolic profiling to more
effectively assess a compound's potential for unfavorable side
effects. They were able to investigate lead compound screening
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in vivo as a result. In every metabolomics inquiry, chemical
structure is the key to understanding the structure of the
metabolites; nevertheless, it is typically underutilized in the trait
association analysis that follows.”> Recent research has shown
that carefully considering the chemical makeup of metabolites
can greatly improve our capacity to conduct in-depth analyses
of metabolomics data.

In order to quantitatively and systematically characterize the
structural properties of substances through the consistent
computation of molecular descriptors, cheminformatics
approaches were developed. Therefore, one may predict
additional depiction of metabolites by calculating quantitative
molecular descriptors to characterize their chemical structures
(Figure 6). As a result, a recent research that compared the
chemical structures of medicines with endogenous human
metabolites found that 90% of commercially available
medications had a medium-to-high similarity (Tanimoto > 0.5)
with their structurally most comparable human metabolite. The
fact that metabolites in connected metabolic pathways share a
common chemical structure has also recently been demonstrated
by new algorithms that swiftly scan metabolic networks using
chemical fingerprints.”® The MetamapR network visualization
tool has demonstrated that it is feasible to create hypotheses
about the biological mechanisms behind an observed phenotype
by grouping metabolites into chemical categories. The same
research team has now released ChemRICH, a tool for
identifying metabolites for enrichment analysis based on
chemical similarities rather than biological annotation.

To the best of our knowledge, these strategies have not yet
been applied with a predictive modeling methodology. Overall,
the information included in metabolite chemical structures is
vast, but they have not yet been used as the primary analytical
and modeling framework for metabolomics datasets to create
more comprehensible trait-metabolite linkages. The inability to
annotate metabolic pathways substantially limits the use of
different techniques (such as route or reaction pair databases)
for figuring out the enzymatic links between metabolites,
especially for understudied species.

Compared to multi-metabolite models, which take into
account a variety of metabolite concentrations, single-
metabolite models can predict an interest trait more accurately.
Single-metabolite models are still often used in biomarker

detection since multi-metabolite models typically lack
interpretability.  Small-molecule metabolites have been
examined in order to identify biomarkers and potential

treatment targets.”* Metabolites that are biochemically related
and that have the same trait-metabolite linkages are likely to be
grouped if metabolites are bound for multi-metabolite models
based on their structural similarity.

In biological processes, enzymes make it easier for molecules
with comparable chemical properties to interact. It makes
perfect sense given that the biological impact of interest
typically acts at the level of biochemical pathways.” This
technique may boost the output of single-metabolite models
while keeping their intended interpretability because the
resulting models may still reveal pathways mechanistically
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associated to the characteristic of interest.”® Following this
procedure, further methods (targeted metabolomics and isotope
labeling) may be used to further investigate the compounds
discovered and the pathways leading to them. It could be able to
interpret metabolomics data in novel ways and find trait-
metabolite linkages that would have been overlooked with
earlier approaches since the metabolites in these models are
coupled biochemically.

As a result, scientists have developed a cheminformatics
method that combines chemically-informed clustering with a
multi-metabolite modeling strategy.” In a case study involving
lung cancer with adenocarcinoma, this technique was applied.
The primary goal must be to identify clusters of structurally
similar metabolites linked to pathways that have mechanistic
and/or important involvement in lung cancer. The scientists
hypothesized that structure-based clustering of metabolites
might assist in creating multi-metabolite classifiers that are
more accurate, reproducible, and understandable for patients'
cancer status than existing approaches.

CHEMINFORMATICS INTELLIGENCE: DRUG DISCOVERY

In the realm of drug development, the use of machine
learning algorithms has grown increasingly widespread.
Artificial neural networks with several hidden processing layers
provide the foundation for machine abilities to automatically
extract features from input data, capture nonlinear input-output
correlations, and demonstrate deep learning capabilities. It has
been demonstrated that deep learning algorithms offer a number
of benefits over traditional machine learning techniques that
rely on manually created chemical descriptors. Neural networks,
an overview of early research, contemporary frameworks, and
fresh difficulties were all explained by Ignacio Rojaset al.
(2016).”” Due to the relatively late rise in interest in deep
learning, there has already been an unmatched explosion in the
use of innovative modeling approaches and applications in the
pharmaceutical industry.

Numerous areas of the chemical sciences have already
benefited from the deep learning industry's ongoing
improvements. This opinion post discusses key elements that
have enabled deep learning techniques to flourish and, in some
cases, outperform the industry's accepted practices for
chemoinformatics. The use of artificial intelligence in drug
discovery: current advancements and future possibilities was
discussed by José Jiménez-Luna et al. in 2021.”® Structure-
based modeling, de novo molecule design, synthesis prediction,
and property-relation/quantitative structure-activity based on
ligands are specifically covered.

The authors also discuss the drawbacks of current artificial
intelligence (Al) in each area under consideration and forecast
how it might change the field of computer-aided drug discovery
in the future. There is evidence that Al applications are
beginning to be widely used in the drug research and design
process. With notable developments in QSAR modeling, de
novo molecular design, synthesis planning, and others, these
techniques are gradually living up to some of the community's
expectations. Direct steering of de novo molecule creation with
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descriptor-conditional recurrent neural networks was debated by
Esben Jannik Bjerrumet al. in 2020.7 It still must be proven
whether these methods can help scientists create and synthesize
"better drug candidates faster and ultimately be helpful.

In the context of ligand-based property prediction,
approaches depending on more "raw" chemical representations
(such as graph neural networks and SMILES-based recurrent
neural networks) can be anticipated to perform at least as well
as traditional descriptor-based models. Deep learning
approaches also make it possible to use data more efficiently,
for example, through multitasking and online learning.** These
methodologies are also easily adaptable to a larger range of
chemical entities and modeling tasks. Contrarily, conformation-
aware deep learning is still in its early stages, particularly when
considering the methods that take three-dimensional symmetries
into consideration while designing their algorithms (Figure 7).
Nevertheless, it is reasonable to expect that their use in drug
discovery and related disciplines like quantum physics and
material science will advance quickly, especially if they serve as
a substitute for the computationally more demanding first-

ASP 133 ‘;.)'4 .

(b)
Figure 7. Hydrophobic map-Yellow map; Hydrogen bond donor map—
Blue map; Hydrogen bond acceptor map — Red map. Figure Comparison
of the surface maps of pockets of GSK-3B identified by SiteMap. (A)
Druggable pocket (ATP-binding site) (B) Difficult pocket (Allosteric
site)
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principle computations.®® Rule-based and rule-free methods to
de novo drug creation have gradually gained in favor over the
past few years. These later compounds have limitations, such as
a restricted capacity for synthesis, yet they exhibit promise for
exploring hitherto unknown chemical space. A suitable solution
could be provided by combining rule-free and rule-based
techniques (sometimes referred to as "hybrid").

A specific emphasis will be given on generative techniques
that may make use of fresh data sources, such as the
groundbreaking  research  involving gene  expression,
conformational space, and ligand binding site data. On the basis
of gene expression patterns relevant to various illness stages,
Tareq B. Malas et al. (2020) discussed new ADPKD treatment
candidates.®? Automated synthesis planning and reaction
prediction will continue to be inspired by and propelled by
advances in natural language processing. There will be much-
needed focus on issues like yield estimate, predicting favorable
reaction conditions, and side-product formation.®?

Robotics and reinforcement learning advancements will
provide the groundwork for completely automated synthesis
during the next few years. With the rebirth of interest in
explainable Al, which encompasses techniques like feature
attribution, instance-based molecular counterfactual
explanation, and uncertainty estimation, the use of Al-supported
drug development will rise. To create and validate these
solutions, further multidisciplinary research is required.®
Additionally, techniques that may employ data in low-data
regimes, such as transfer learning, multitasking, and meta-
learning, will be given significant attention. The challenges to
learning about and then putting into practice deep learning
techniques have greatly diminished in recent years for
practitioners who are interested. This trend suggests that these
approaches will soon become more widely available due to the
ongoing creation of extensive, high-level research, the
distribution of software packages, and comprehensive
documentation.

BINDING SITE CHARACTERIZATION

In structure-based drug design, analyzing a target protein's
potential binding sites is the first step. The target binding site's
druggability is a vital step that may be determined by several in-
silico pocket detection programs. The SiteMap program from
Schrodinger, Inc. is the most effective instrument for
determining druggability. With the use of tiny chemical probes
typically molecules of methane or water that are docked on a
specific target protein, SiteMap is an energy-based technique
that identifies binding sites and determines whether a certain
protein region interacts with its environment positively.
SiteMap can discriminate between a target protein's
"druggable," "difficult,” and "undruggable" locations.?® An
analysis of the druggability of the glycogen synthase kinase
enzyme was recently conducted using a dataset of more than 24
distinct X-ray crystal structures that were retrieved from the
protein data bank. Based on the druggability score (Dscore),
SiteMap revealed two potential binding sites for GSK-3.
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A protein's binding sites can be divided into "druggable”
(Dscore > 0.98), "undruggable” (Dscore 0.83), and "medium
druggable/difficult” (Dscore between 0.83 and 0.98) sites based
on the Dscore criterion. The allosteric pocket of GSK-3 simply
didn't pass the druggability test, while the ATP-binding site was
shown to be a druggable location. The maps of both sites in
GSK-3 provide a visual representation of the capacity of
SiteMap to discern between a druggable and problematic
location.?® The ATP-binding site may be recognized from the
allosteric site's dispersed hydrophobic area by a clearly defined
hydrophobic region (yellow map). Both in terms of site
identification and druggability prediction, these approaches are
more accurate.

SIMILARITY SCREENING

Shape-based approaches via virtual screening have been
successful for lead generation strategies. Computational
approaches with combined shape-based and electrostatic
similarity can bind to a given protein and are thus valuable
methods for lead identification.® A recent progress in this
regard was the identification of a potent fibrinolysis inhibitor.®

@)

TXA: Tanimoto gicyostatice = 1.00, TaNMOtogyzpe = 1.00

OH
o
H2N HN
TXA

(b)

¢

4-PIOL: Tamimotocerostatics ™ 0.35, Tanimotogyape ™ 0.77

Figure 8. A representation showing the shapes and the electrostatic
potentials for TXA and 4-PIOL. Red color denotes electronegative
areas, whereas blue color shows electropositive areas.

The applied computational technique with a high-quality
low-throughput screen identified 5-(4-piperidyl)-3-isoxazolol
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(4-PIOL) as a potent plasminogen binding inhibitor with the
potential for the treatment of various bleeding disorders.
Remarkably, 4-PIOL was found to be more than four times as
potent as the drug TXA (Figure 8). The calculated Tanimoto
values show that 4-PIOL is electrostatically very similar to
TXA. The similarity screening strategy identified 4-PIOL as a
potent compound in the Clot-Lysis buffer assay with an 1C50 of
2.8 pM. Similarity screening methods with combined shape-
based and electrostatic similarity can generate potent lead
compounds.

CONCLUSION

Cheminformatics intelligence has produced useful knowledge
and predictions that have been used to shorten the time needed
for screening compounds. In order to analyze complex
molecular models, computational techniques have become a
powerful source of extra traditional experimental procedures.
By showcasing how current developments in computational
techniques have created sophisticated computational models and
how these cheminformatics intelligence procedures have been
used to the desired outcomes These initiatives have showed a lot
of promise, reduced human work by removing prejudice, and
expedited the use of computational models at the same time.

The authors provide a view on the current use of reported
methodology and how these approaches may alter future
methodologies in this article. Additionally, contributors express
their views on how issues developed, persisted, and eventually
offered solutions for each of them. Therefore, various
techniques for computational and cheminformatics intelligence
include (I) reaction mechanism-based themes, which compute
all necessary elementary steps; (Il) identify the steps that
determine rate and selectivity and then use kinetic analysis to
predict performance; (Ill) a descriptor-based approach, which
uses physical and chemical considerations to identify molecular
properties; and (V) a data-driven approach, which applies via
statistical analysis and machine learning. As said -earlier,
remedies based on artificial intelligence and ideal networking in
several industries might be amazing ways to remedy the
ongoing issue. These computational-based methods must be
improved, tested again, and trained to function fast and
efficiently.

Numerous domains, including robotics, algorithms, high
computing, system and process optimization, molecular
modeling and simulation, and cheminformatics intelligence,
have adopted recent developments and contemporary
cheminformatics intelligence tactics.’® Additionally, these
computational techniques were used in biomedical imaging,
protein structure prediction, modeling of biosets, and intelligent
manufacturing systems. These computational methods go
deeper into the study of optical communication systems, swarm
robotics, intelligent sensor design, environmental restoration,
ecological engineering, industrial system optimization, and
hazardous material detection methods. In expert system design,
environmental control and monitoring, interaction paradigms,
environmental sustainability, bioinformatics, and biomedical
engineering, several technologies generated via
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cheminformatics intelligence are used. In order to have a more
sophisticated perspective and flawless outcomes, distributed
artificial intelligence, image processing, and machine
intelligence all utilize greater computational intelligence.

In different areas such as nanoscience and advanced
computing, knowledge-based simulation, computer games,
intelligent photonics, multidimensional signal processing,
intelligent controllers, information theory and coding, and
mobile databases, computational intelligence has been applied
to better outputs. Further, during toxicity assessment,
epidemiological  studies, developing antennas, sensor
networking, adaptive intelligent systems, engineering intelligent
networks, cryptography, and pattern recognition®” discussed
computational analysis methods and tools smeared. In the fields
of knowledge discovery, optical engineering, photonics, gene
expression analysis, bio-imaging, signaling, computation,
mechanics, and computer-assisted medical diagnostic systems,
computational intelligence has explored various dimensions. In
the areas of environmental pollution, remediation, quality
guidelines, wastewater, sludge treatment, industrial wastewater
treatment, solid waste management, and recycling, the
cheminformatics tools and intelligence have been applied to
yield perfect results. Innovative intelligent systems, image and
information processing, and medical innovative technologies
have been developed via cheminformatics intelligence and used
for trend analysis of innumerable features of molecular
chemistry.
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