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Abstract: Natural products (NPs) are a rich source of structurally novel molecules, and the chemical
space they encompass is far from being fully explored. Over history, NPs have represented a signif-
icant source of bioactive molecules and have served as a source of inspiration for developing many
drugs on the market. On the other hand, computer-aided drug design (CADD) has contributed to
drug discovery research, mitigating costs and time. In this sense, compound databases represent a
fundamental element of CADD. This work reviews the progress toward developing compound da-
tabases of natural origin, and it surveys computational methods, emphasizing chemoinformatic ap-
proaches to profile natural product databases. Furthermore, it reviews the present state of the art in
developing Latin American NP databases and their practical applications to the drug discovery
area.

Keywords: chemoinformatics; compound databases; chemical space; diversity; drug discovery;
open science; pseudo-natural product

1. Introduction

Natural products (NPs) are a major source of bioactive molecules, and their im-
portance is invaluable [1]. Between 1981 and 2014, over 50% of newly developed drugs
were developed from NPs [2]. Over nearly four decades, they have been a significant re-
source of bioactive compounds for medicinal chemistry [3]. There are several sources for
bioactive molecules, which include marine [4,5], fungal [6,7], bacteria [8], and plants [9].
Endogenous substances produced by humans and animals are another vital source of bi-
oactive compounds [10]. Venoms and poisons produced by different animals are other
rich sources [11].

Currently, there is an effort to find bioactive compounds from NPs as starting points
for the further development of drug candidates for infectious diseases: antibacterial [12],
antiprotozoal [13], antifungal [14], and antiviral [15]. Additionally, NPs are currently em-
ployed in medicinal chemistry to develop new chemotherapies, for example, neurodegen-
erative [16], cancer [17], immune-related [18], liver [19], and kidney [20] diseases, to men-
tion a few examples. Moreover, during the current pandemic outbreak, NPs have been a
rich source for discovering potential lead compounds against severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) [21,22].

Figure 1 shows the chemical structures of representative NPs approved for clinical
use. The figure shows the pharmacological effect and the source of the compound . With
the exception of captopril, all compounds were approved for clinical use without modi-
fying the original chemical structure of the compound found in the extraction source.
Captopril was developed based on the bradykinin potentiating factor in Bothrops jararaca
snake venom. In 1981, it was the first animal toxin-based drug approved for human use.
[23,24]. Digoxin is obtained from the plants of the genus Digitalis [25].
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Figure 1. Chemical structures of representative natural products approved for clinical use. The phar-
macological effect and the source of the compound are indicated (plants, animals, and bacteria).
Captopril was inspired by a natural product (see main text for details).

Information regarding the known activities of plants, either of their therapeutic or
side or toxic effects, can serve as a starting point in the drug discovery process from NPs
[10]. Furthermore, the stress-driven growth of plants and micro-organisms is used in the
drug discovery process from NPs since it stimulates the production of secondary metab-
olites [26]. On the other hand, NP-based drug repositioning is a technique with potentially
lower development costs and shorter time frames [27]. NPs show great promise in drug
repositioning because they have been used for various medical purposes for thousands of
years [27].

Computer-aided drug design (CADD) [28] has helped to mitigate the cost of billions
and decrease time through the preclinical and clinical phases [29]. Chemoinformatics is a
discipline with many tools used in CADD that has deeply impacted drug discovery in the
pharmaceutical industry and academia [30]. One definition of chemoinformatics is the ap-
plication of informatics methods to solve chemical problems [31]. To date, the discovery process
of more than 70 commercialized drugs has included a computational method [28].
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Nowadays, chemoinformatics has major applications in the research of NPs to identify
and optimize bioactive compounds [32,33]. In this context, databases of NPs play a key
role in drug discovery. Over 120 different NP databases and collections have been pub-
lished and re-used since 2000: 98 of them are still somehow accessible, and only 50 are
open access [34]. Around the world, several NP databases have been published, which
contain compounds found in a certain country or geographical region. Specifically, in
Latin America, some databases have been published representing the biodiversity of a
particular geographical area [35].

The present manuscript discusses the importance of NPs as a source of bioactive mol-
ecules, the relevance of compound databases in drug discovery research, and the role of
chemoinformatics in the development and analysis of compound databases. Finally, it re-
views the state of the art in developing Latin American NP databases and their practical
applications in drug discovery.

2. Importance of Natural Products as a Source of Bioactive Molecules

Nature is an abundant source of privileged scaffolds. The term privileged structure
was first proposed in 1988 as structures capable of providing useful ligands for more than
one receptor [36]. However, in drug discovery, a privileged scaffold should not hit many
targets as in the term “frequent hitters” because they are associated with unwanted effects
[37,38]. Privileged scaffolds are sources of molecular skeletons around which one may
build compound libraries in the search for new drug candidates [3]. Terpenoid, polyke-
tide, phenylpropanoid, and alkaloid structures are examples of privileged scaffolds from
NPs that are currently used in the design and development of new drug candidates (Fig-
ure 2) [39].

There is one approach that involves the preparation of biologically relevant small-
molecule libraries through unprecedented combinations of NP fragments to afford novel
scaffolds that do not occur in nature; these molecules are called “pseudo-natural prod-
ucts” (pseudo-NP). Pseudo-NPs retain the biological relevance of NPs yet exhibit struc-
tures and bioactivities not accessible to nature or through the use of existing design strat-
egies. Pseudo-NPs may display unexpected bioactivities that differ from the activities of
the NPs from which their fragments are derived. That is why their bioactivity should be
monitored in a wide biological space through different biochemical and biological assays.
Most of the pseudo-NP collections fall within the “Lipinski rule of 5" (Ro5) space, showing
advantageous physicochemical “drug-like” properties. For the design of pseudo-NP li-
braries, it is important to consider that the combination of biosynthetically unrelated NP
fragments may be beneficial for novel bioactivity, maximizing the biological relevance of
the resulting pseudo-NP scaffold. There are pseudo-NP collections that have been devel-
oped through the first-time combination of some scaffolds, resulting in totally new chem-
ical entities, such as chromopynones, indotropanes, pyrrotropanes, and pyrroquino-
linones (Figure 3) [40,41].
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Figure 2. Examples of privileged scaffolds present in natural products.
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Figure 3. Examples of the combination of NP-derived fragments to form pseudo-NPs. The resulting
pseudo-NPs come from a specific synthetic route that is depicted elsewhere [40].

Throughout history, NPs have served as biomolecule reservoirs, both for molecules
that later ended up converting into approved drugs without suffering chemical modifica-
tions (Figure 1) and for starting points for optimization that later, with further structural
modifications, were approved for clinical use. Sometimes, bioactive molecules from NPs
lack suitable physicochemical properties, and their synthetic complexity may hinder their
direct use as therapeutics. In this case, to be developed as drug candidates, NPs need to
go through an optimization process that usually involves structural modifications to im-
prove one or more of the following characteristics: potency, selectivity, solubility, meta-
bolic and chemical stability, and the removal of toxicity (or at least a significant reduction
in toxicity) [42]. This is usually done by decreasing the molecular size, eliminating the
unnecessary functional groups and chiral centers, and introducing nitrogen atoms (be-
cause of the limited nitrogen presence in the NPs) [42].

3. Relevance of Compound Databases in Drug Discovery Research

CADD can potentially speed up and decrease the cost of the drug discovery process.
Traditional drug discovery technologies have very low hit identification rates. For in-
stance, the hit identification rate of high-throughput screening (HTS) is only 0.021% and
of molecular docking is 34.8% [43]. Compound databases are very useful resources in
CADD. A database can be defined as an organized collection of data in any field [44]. It is
important to highlight the importance of databases, firstly as a starting point to organize
information. Depending on the kind of information stored, databases can be divided into
six categories summarized in Table 1 [45]. In order to retrieve the required information, it
is important to identify and look into the correct database category.
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Table 1. Categories into which databases can be divided according to the type of information stored.
D
atabase Content Database References
Category
h .
. Chemical and crystal structures spectra ChemSpider [46]
Chemical in- . ChEBI
. Reactions and syntheses . . [47]
formation . Chemical Universe Database
Thermophysical data [48]
GDB
_ ! PubChem [49]
‘Inhllz?lt(?r constant (Ki) ChEMBL [50]
. .. Dissociation constant (Ka) .
Bioactivity . - . BindingDB [61]
Half maximal inhibitory concentration (ICso)
Half imal effecti tration (ECs0) ChemBank [52]
alf maximal effective concentration (ECso PDBbind [53]
Detailed drug dat.
Drug erared drug data . DrugBank [54]
Comprehensive drug target information
Universal Natural Product Data- [55]
Natural Pathways (synthesis and degradation) base
product Structures MeFSAT [56]
Natural Product Atlas [57]
hemical ZI
aSaii:ll)licliy Available compounds offered by chemical vendors Nléf Eg}
Structures FDB-17 [60]
Fragment Physicochemical information Fragment Store [61]
Binding site preferences PADFrag [62]

One major CADD approach for the identification of lead molecules is the virtual
screening (VS) of compound databases [45]. The term VS was first mentioned in the 1990s
[63], referring to the identification of novel hits from large chemical libraries. VS tech-
niques are usually classified into two major categories: structure-based (SBVS) and ligand-
based (LBVS). In general, SBVS is more suitable for finding structurally novel ligands and
is the preferred method when the three-dimensional (3D) structure of the target protein
has been experimentally characterized [64]. When the structure of the target is unknown,
or its prediction by structure-based methods is challenging, LBVS is the choice [65]. LBVS
assumes that molecules with similar structures exhibit similar behavior. Among the LBVS
techniques are the quantitative structure-activity relationship (QSAR) [64] and quantita-
tive structure—property relationship (QSRP) [66] studies. QSAR/QSPR studies aim to find
a mathematical association between the molecule structure with a given property, such as
biological activity [65]. In this sense, the bioactivity and chemical information (i.e.,
chemogenomic) databases are crucial to allow the creation of QSAR/QSPR models that
predict certain pharmacological activity or a property of pharmaceutical interest for a de-
termined molecule or set of analog molecules.

Another important application of the databases in the drug discovery process is the
training of artificial intelligence (AI) algorithms. Al encompasses a set of computational
algorithms that allow computers to simulate human cognitive abilities such as learning
from experience and solving problems [67]. Among the LBVS techniques is the Al-based
QSAR, and the creation and training of these models rely on the data found in the bioac-
tivity databases. Al can be applied to SBVS, specifically, to the docking of the protein-
ligand complexes [68]. Al-based scoring functions have shown better performance in
benchmark studies [69,70]. The creation of Al-based scoring functions depends on the
availability of the required data in the database to train the model. Al algorithms have
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already been applied in the drug discovery process from NPs such as: data-mining into
traditional medicines and peer-reviewed articles, the prediction of chemical structures
from microbial genomes, the automation of the dereplication process of NPs, encoding
NPs into molecular representations, the vectorization of NPs with molecular descriptors,
the mapping of NPs in the chemical space, the engineering of likeness scores, and the
deorphanization and generation de novo natural product-inspired compounds [71]. Fi-
nally, research on using Al to create models that allow the prediction of the biological
effects of NPs has increased in recent years. The application of Al models to predict the
biological effects of molecules, toxicity, and drug-target and drug-drug interactions has
been reviewed elsewhere [72].

4. Role of Chemoinformatics in the Development and Analysis of
Compound Databases

Generating a compound database relies on the capacity to represent chemical com-
pounds so that the actual chemistry software can recognize and differentiate the mole-
cules. For this purpose, several notations have been created that represent chemical struc-
tures. There are three types of notations for chemical structures: one-dimensional (1D),
two-dimensional (2D), and three-dimensional (3D).

The most popular 1D notation is the simplified molecular input line entry system
(SMILES), with its first version reported in 1998 [73]. A general issue with this notation is
that the same molecule can be represented with multiple SMILES strings. Therefore, the
canonical SMILES were developed: the canonicalization process allows the creation of
unique SMILES strings for every molecule. It is important to be aware that multiple algo-
rithms exist for canonicalization. Further, there is an extended version that allows stereo-
chemistry specification: isomeric SMILES [74]. Most of the compound databases store the
compounds using the SMILES notation. The international chemical identifier (InChl) [75]
notation was first introduced in 2007 [76]. In contrast to SMILES, InChl allows the creation
of a unique identifier for every molecule. Additionally, this notation allows the inclusion
or exclusion of stereochemical, isotopic, and tautomeric information. Nevertheless, InChl
was barely used: the reason could be that, in contrast to SMILES strings, it is not human-
readable and has a long string. InChIKey strings appeared in 2009 to tackle the problems
of InChl. It is a fixed-length (27-character) condensed version of InChl [76]. Later, SMILES
arbitrary target specification (SMARTS) notation was developed to specify substructural
patterns which allow the matching of molecules that contain the specified substructural
pattern [77]. For 2D graphical representation, there are programs that allow drawing of
the chemical structures and facilitate the storage and interconversion between standard
1D and 3D file formats [78]. 3D databases are very useful for structure-based screening. It
is not common to find (high-quality) 3D databases, but among the resources that provide
3D high quality molecular representations is the ZINC database [58] which provides the
protonated and tautomeric molecular form which is very important for molecular docking
and other 3D-dependant applications [45].

Chemoinformatics has played a key role in database assembly, curation, and content
analysis. Currently, there are available several open-source software that allow character-
ization of the physicochemical profile and structural features of compound databases. For
instance, RDKit [79] is a collection of chemoinformatics and machine-learning software
that is possible to use from Python or through a graphical interface with the free available
software KNIME Analytics Platform [80]. RDKit allows the efficient calculation of several
physicochemical properties of pharmaceutical interest from a large compound database.
Examples are the octanol/water partition coefficient (logP) [81], topological polar surface
area (TPSA) [82], molecular weight (MW), number of Lipinski hydrogen bond acceptors
(HBA) and donors (HBD), and number of rotatable bonds (RB) [83,84]. Furthermore, with
RDKit, it is possible to characterize the molecular complexity through the calculation of
the number of stereocenters and the fraction of carbon atoms with sp3 hybridization. Ad-
ditionally, this software allows users to identify and filter molecules with structural alerts:
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chemical moieties that can potentially confer toxicity to the molecule. There are more util-
ities of RDKit for the chemoinformatic analysis, characterization, and creation of com-
pound databases: identification of the Murcko scaffold [85], molecule fragmentation, cal-
culation of multiple fingerprints, and the generation of canonical SMILES, InChl and
InChlIKey strings. Moreover, it is suitable for the preparation of compounds for molecular
docking studies. RDKit software has been extensively used in academia, as shown in these
recent examples [86-90].

In the last ten years, chemoinformatic methods to evaluate the diversity of compound
databases have been developed and adopted in the drug discovery process. Molecular
diversity can be evaluated using the six physicochemical properties of pharmaceutical in-
terest previously mentioned: logP, TPSA, MW, HBA, HBD, and RB [84]. Molecular diver-
sity captures information regarding the whole molecule and is straightforward to inter-
pret. It can be evaluated using boxplots, histograms, and density plots. In order to have a
complete evaluation of the diversity, fingerprints help to capture structural information
that the physicochemical descriptors do not. Fingerprints capture structural features us-
ing the minimum unit of information in informatics: the bit. A string made of just bits,
containing only one and zeros, can be created for every compound in the database. Two
common molecular fingerprints employed to capture structural information are the Mo-
lecular ACCess System (MACCS) keys-166 bits [91] and Extended Connectivity Finger-
print (ECFP4) [92]. With either of both fingerprints, it is possible to make similarity com-
parisons, using the Tanimoto coefficient [93], among the compounds in the database and
even make comparisons between several databases. In this sense, the cumulative distri-
bution functions allow the comparison of structural diversity quantitatively among sev-
eral databases. The diversity of a compound database also can be computed by taking into
account just the core structure of the molecule: the scaffold. In this regard, there are three
different ways to evaluate scaffold diversity: counts, cyclic system retrieval curves, and
Shannon entropy (SE). Finally, global diversity can be assessed using consensus diversity
plots (CDPs). In CDPs, it is possible to represent four measures of diversity: the most com-
mon are fingerprint-based, scaffold, whole molecular properties associated with drug-like
characteristics, and size of the database. All the different ways to assess the diversity of a
compound database previously mentioned have been extensively reviewed recently [94].
Additionally, the reader is further directed to the following references for more detailed
information about the basis of molecular diversity analysis [95,96]. There is a free-access
online server for diversity assessment that uses, as an input, the SMILES strings and al-
lows the evaluation of diversity, creating the plots mentioned above in an automated way:
box plots, histograms, and density plots from the logP, TPSA, MW, HBA, HBD and RB,
cumulative distribution functions, cyclic system retrieval curves, CDPs, and SE determi-
nation [97].

5. Natural Product Databases

Between 2000 and 2019, 123 commercial and open access NP databases have been
published. Of them, 98 are still somehow accessible, 92 are open access, and only 50 con-
tain molecular structures that can be retrieved for a chemoinformatic analysis [34]. Table
2 summarizes examples of the most representative NP databases. Among the largest com-
mercial databases is the Dictionary of Natural Products [98]. It contains more than 230,000
compounds and provides names and synonyms, physicochemical properties, spectro-
scopic data, molecular structures, and biological source and use. Another commercial da-
tabase is Scifinder [99], assembled and maintained by the American Chemical Society
(ACS). It contains arguably the most extensive collection of NPs, with over 300,000. This
is due to the fact that, since 1957, the Chemical Abstracts Service (CAS), a division of the
ACS, assigns a unique registry number to every new chemical substance reported in the
scientific literature. Another large commercial database is Reaxys [100], collected and
maintained by Elsevier. It contains approximately 107 molecules including over 200,000
NPs. The Collection of Open Natural Products (COCONUT) [101] is a major open access
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database of NPs, containing more than 411,000 NPs collected from 50 open access NP da-
tabases. The Universal Natural Product Database [55] is a compilation that tried to gather
all the known NPs; it has more than 229,000 NPs. It provides 3D structures with stereo-
chemical information and calculated molecular descriptors. It is not yet accessible through
the link in the original publication. Instead, it is contained and maintained on the ISDB
website [102]. The SuperNatural II [103] database contains over 325,000 NPs and includes
information about 2D structures, physicochemical properties, predicted toxicity class, and
potential vendors. Nevertheless, it does not provide a bulk download.

ZINC [104] is another open access database with over 80,000 NPs, with approxi-
mately 48,000 which are purchasable. It includes information regarding known biological
targets and predicted targets. The download of the entire subset of NPs in 1D or 3D nota-
tion is straightforward. Some NP databases are no longer accessible through the link pro-
vided in the original publication. Fortunately, their structures are in ZINC. Such is the
case with the Herbal Ingredient Targets [105] and Herbal Ingredients in vivo Metabolism
database [106], which contain NPs mostly from Chinese plants. Specs [107] has an indus-
trial catalog of purchasable NPs, although the website does not allow the downloading of
compounds anymore. Nonetheless, the structures are available via ZINC. Despite the Uni-
versal Natural Product Database, SuperNatural II, and ZINC being among the largest da-
tabases of NPs in the public domain, they do not offer information regarding the taxo-
nomic and geographic origin of the organisms that produce the NPs, and there is a lack of
literature references [34].

Traditional Chinese medicine (TCM) is part of the public health system [108]. There-
fore, the China Government encourages research in the area of NPs, and as a consequence,
a large number of NP databases have been published [109-115]. Nonetheless, TCM@Tai-
wan is the most extensive database of NPs used in the TCM [116], containing approxi-
mately 58,000 molecules. Regarding traditional medicine in India (Indian Ayurveda),
there are two open access databases available: IMPPAT [117], which contains more than
10,000 phytochemicals extracted from 1700 medicinal plants; and MedPServer [118], con-
taining 1124 NPs coming from North-East India. Moreover, there are several databases
containing compounds from African traditional medicine [119-124]. Nevertheless, Af-
roDB [125] is the most comprehensive, composed of around 1000 NPs, and it is accessible
via ZINC.

Table 2. Most representative natural products databases.

Database Name Number of Compounds Accessibility Reference
Collection of Open Natural Products (COCONUT) 411,621 Open access [101]
Universal Natural Product Database ~229,000 Open access [55]
SuperNatural II 325,508 Open access [103]
ZINC ~80,000 Open access [104]
Dictionary of Natural Products ~230,000 Commercial [98]
Scifinder ~300,000 Commercial [99]
Reaxys ~200,000 Commercial [100]
TCM@Taiwan ~58,000 Open access [116]
IMPPAT ~10,000 Open access [117]
AfroDB ~1000 Open access [125]
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6. Latin American Natural Product Databases

Around the world, several NP databases are published that represent the biodiver-
sity of a specific geographical region. For instance, the databases mentioned in section 5
represent the biodiversity of China, India, and Africa. Latin America stands out for its rich
and unique biodiversity. In fact, it is home to at least a third of the global biodiversity
[126]. Therefore, the Latin America region is a potential source of new drug candidates.
Some Latin American countries have published their own NP database that contains com-
pounds found in their respective country. Table 3 summarizes the Latin American NP
databases released so far. In the next subsections, each database is discussed.

Table 3. Latin American natural products databases.

Database Size Country | Source Database website Reference
NuBBEDbs 2223 Brazil Plants Micro-organ- | http://nubbe.iq.unesp.br/portal/nubbe- | [127],[128]
isms search.html
Terrestrial animals
Marine animals
SistematX 9514 Brazil Plants https://sistematx.ufpb.br/ [129],[130]
UEFS 503 Brazil Plants http://zinc12.docking.org/cata- [131]
logs/uefsnp
CIFPMA 454 Panama | Plants Not available. [132],[133]
Structures accessible under request.
UNIIQUIM Unknown | Mexico Plants https://uniiquim.iquimica.unam.mx/ [134]
BIOFACQUIM | 553 Mexico | Plants Database version 1 [135],[136]
Fungus https://biofacquim.herokuapp.com/
Propolis Database version 2
Marine animals https://figshare.com/articles/da-

taset/BIOFAQUIM_V2_sdf/11312702

6.1. NuBBEDs

The database is the result of the collaboration between the Nuclei of Bioassays, Bio-
synthesis and Ecophysiology of Natural Products (NuBBE) research group of the Sao
Paulo State University and the Laboratory of Computational and Medicinal Chemistry of
the University of Sao Paulo. The database was published in 2013 as the first NP library of
Brazilian biodiversity, containing 640 compounds [127]; in 2017, an updated version came
out with more than 2000 NPs [128]. Currently, the database contains 2223 compounds.
The available information regarding the compounds includes the International Union of
Pure and Applied Chemistry (IUPAC) name, linear notations (SMILES, InChl, and
InChIKey strings), Ro5 and Veber descriptors, and predicted spectroscopic data: nuclear
magnetic resonance (NMR), source, therapeutic effect and reference. It is possible to
download the whole database in .mol2 format. Additionally, the database can be found in
Chemspider and ZINGC, and it is part of the COCONUT database.

The website allows users to search compounds by selecting specific criteria: meta-
bolic class (alkaloids, flavonoids, lignoids, etc.), name and location of the species that
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contain the NP, source (marine, plant, etc.), and drug-like physicochemical properties.
Furthermore, one can draw a structure and retrieve the compounds that contain it or
search compounds that contain a specific NMR signal.

An absorption, distribution, metabolism, excretion and toxicity (ADMET) profile of
the database revealed that 91% of the compounds can permeate through the human intes-
tinal barrier, and 93% of the molecules can efficiently move in systemic circulation and
reach their desired site of action. Moreover, it is predicted that most of the compounds do
not inhibit five isoforms of CYP450 (CYP 3A4, 2D6, 1A2, 2C9, and 2C19). The CYP450
enzyme is responsible for detoxifying more than 80% of drugs in liver first-pass metabo-
lism, and therefore, any compound that inhibits it may cause toxicity. The clearance pre-
diction revealed that 94% of the compounds are readily excreted from the human body
after executing their therapeutic function. Finally, 87% of compounds were shown to have
no mutagenicity, tumorigenicity, reproductive effect, and irritant properties [137].

Another study characterized the chemical space and diversity. It was found that
NuBBEDps has a focused chemical space within the space of drug-like physicochemical
properties. The study also revealed that the larger source of diversity is driven by the side
chains. Another finding revealed that the diversity and complexity varies according to the
origin of the compounds when comparing NuBBEbs to other NP databases. One conclu-
sion of the study is that NuBBEDs is a promising source of molecules for drug discovery
[138].

The NuBBEps database was employed in a VS study with the purpose of finding com-
pounds against Trypanosoma cruzi. The researchers looked for trypanothione reductase
inhibitors: this enzyme is a validated target for the discovery of new antiprotozoal com-
pounds. Ten compounds were identified as potential inhibitors of the enzyme [139]. In
another study, 13 compounds against Mycobacterium tuberculosis were identified from
NuBBEps [140]. The molecules are inhibitors of the serine/threonine protein kinase, which
is essential for the growth and survival of the pathogen [141].

6.2. SistematX

The database was developed at the Laboratory of Cheminformatics of the Federal
University of Paraiba, Brazil. The first version came out in 2018 containing 2150 secondary
metabolites [129], and a second version was published in 2021 with a total of 9,514 unique
secondary metabolites [130]. The information for every compound includes the IUPAC
name, SMILES, InChl and InChlIKey strings, CAS registry number, physicochemical drug-
like descriptors, predicted NMR spectra, predicted biological activities, and the biblio-
graphic reference. A unique feature is the information regarding the taxonomic rank, from
family to species, and the global positioning system (GPS) coordinates of the plant from
which the compound was isolated. On the website (Table 3), the search of specific com-
pounds can be through the 2D drawing of the structure, by the SMILES strings, compound
name, taxonomic rank, and physicochemical properties. It is possible to download the
entire database in .csv or .sdf format.

SistematX has been employed in five VS studies. In the first study, compounds with
potential antichagasic activity were identified from 1306 sesquiterpene lactones on the
database. (Chagas disease is an endemic disease caused by Trypanosoma cruzi.) The
study employed two approaches, LBVS and SBVS. From LBVS, the most prominent com-
pound showed a probability of 0.82 of inhibition. From SBVS, 13 potential inhibitors were
identified [142]. In another VS study, with the purpose of identifying compounds against
the intracellular parasitic protozoan Leishmania donovani which causes Leishmaniasis,
13 promising, enzyme-targeting, antileishmanial compounds were identified from the
sesquiterpene lactones on SistematX [143]. In the third VS study, the researchers looked
for compounds against Schistosoma mansoni, which causes the chronic parasitic disease
Schistosomiasis. From the 1000 alkaloids on SistematX, five compounds were identified
with potential multitarget schistosomicidal activity [144]. In the fourth VS study, 1955
diterpenes on SistematX were employed to search for compounds against SARS-CoV-2.
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Nineteen compounds were identified as potential SARS-CoV-2 inhibitors [145]. In the
most recent VS campaign, the researchers were seeking acetylcholinesterase (AChE) in-
hibitors, which is an approach for the treatment of Alzheimer’s disease. They employed a
combined approach in which machine learning classification models and molecular dock-
ing calculations were used to identify two promising AChE inhibitors [146]. Other appli-
cations of SistematX include chemotaxonomic studies using self-organizing map algo-
rithms [147] and the profile of over 2000 metabolites from the Asteraceae family while
screening for inhibitors of Leishmania major dihydroorotate dehydrogenase [148].

6.3. UEFS

The NP database of the State University of Feira de Santana [131] was developed and
is maintained by the State University of Feira de Santana in Bahia, Brazil (UEFS, for its
acronym in Portuguese: Universidade Estadual de Feira de Santana). The database contains
NPs that have been separately published, but there is no common publication nor public
database for it. Nevertheless, it is accessible via ZINC. There are 503 NPs in the database.
It is possible to download the whole database in .mol2 or .sdf format, and it provides a
bulk download of the SMILES strings. The available information of the NPs includes cal-
culated physicochemical properties, biological targets, and binding affinity, together with
the bibliographic reference. There is a cross-reference for the biological targets to Reac-
tome which is an open source, open access, manually curated and peer-reviewed pathway
database [149]. Finally, it is possible to find information about the vendors of individual
compounds.

6.4. CIFPMA

The NP database of CIFLORPAN from the University of Panama, Republic of Pan-
ama (CIFPMA) was developed by the Center for Pharmacognostic Research on Panama-
nian Flora (CIFLORPAN, for its acronym in Spanish: Centro de Investigaciones Farmacog-
ndsticas de la Flora Panamesia), College of Pharmacy of the University of Panama. The first
version was published in 2017 [132], containing 354 molecules; in 2019, the database was
updated to 454 compounds [133]. The compounds have been tested in over 25 in vitro and
in vivo bioassays, for different therapeutic targets including anti-HIV (human immuno-
deficiency virus), antioxidants, and anticancer. In fact, the compound structures are avail-
able upon request.

A chemoinformatic analysis of the database suggested that, in general, the com-
pounds have drug-like properties. The database was compared to the TCM@Taiwan and
UEFS databases mentioned in sections 5 and 6.3 and other NP databases. It was found
that CIFPMA has the largest scaffold diversity compared to other databases. Moreover,
unique scaffolds were found in the CIFPMA database. Finally, it was established which
scaffolds are present in compounds with experimental cytotoxic effect, anti-HIV-1, anti-
malarial, anti-trypanosomatid, and antifungal activities [132].

The database was part of another chemoinformatics study, which involved a com-
parison of several NP databases against other databases with compounds of synthetic
origin. The study revealed that so many of the NPs and synthetic compounds share the
same chemical space. Moreover, the NPs present a larger fingerprint-based diversity than
the synthetic compounds. Furthermore, the study revealed that NPs have a higher pro-
portion of chiral carbons and atoms with sp?® hybridization and greater complexity, while
synthetic products contain a greater proportion of aromatic atoms. Lastly, cyclicity, rela-
tive shape, and flexibility are very similar in NPs and synthetic compounds [133].

6.5. UNIIQUIM

The database was created at the National Autonomous University of Mexico
(UNAM, for its acronym in Spanish: Universidad Nacional Auténoma de México) by The
Informatics Unit of the Institute of Chemistry (UNIIQUIM, for its acronym in Spanish:
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Unidad de Informdtica del Instituto de Quimica). The database [134] is composed of NPs from
Mexico and mainly NPs isolated and characterized by the Department of Natural Prod-
ucts of the Institute of Chemistry, UNAM. The number of NPs on the database is not clear,
and the website is only in Spanish. The information on the NPs includes the IUPAC name,
CAS registry number, physicochemical properties, the species that synthesizes the NP, the
spectroscopic techniques employed to characterize the compound, experimental biologi-
cal activity, and reference to either the article where the NP is reported or to the articles
that report the biological activities. In the current version, it is not possible to make a bulk
download. The content can be browsed displaying a table either with the chemical struc-
tures or with the producing organism. Furthermore, the content can be browsed in a table
that contains the bibliographic references.

In a study, the chemical and toxicological profile of molecules with analgesic activity
was described. The results showed that most of the compounds probably interact with the
opioid receptor. Moreover, the predicted acute toxicity is low, and none is predicted to be
mutagenic. The study concludes that due to the structural diversity, the common nocicep-
tion activity and the predicted safety profile as nonmutagenic agents highlights the im-
portance of the molecules for further studies on the search of analgesic and nociception
effects [150].

6.6. BIOFACQUIM

The database was curated and constructed in Mexico by the Computer-Aided Drug
Design at the School of Chemistry (DIFACQUIM, for its acronym in Spanish: Disefio de
Firmacos Asistido por Computadora) research group, UNAM. The first version came out in
2019 [135] and contained 423 NPs isolated and characterized in Mexico at the School of
Chemistry, UNAM, between the years 2000 and 2018. Later, in 2020, a second version
came out [136], and the database was updated with NPs isolated and characterized by
research groups of other Mexican institutions, reaching a total of 531 molecules. Nowa-
days, the database contains 553 NPs. The database is composed mainly of NPs that come
from plants, followed by fungus, and to a lesser extent, propolis and marine animals.
There is a website for the first version of the database, and it allows the user to search the
compounds by name. Moreover, it is possible to retrieve compounds by kingdom (plant,
fungus, propolis). The entire database can be downloaded in .csv format. The latest ver-
sion of the database is available on a different website [136], and it is possible to download
the whole database in .sdf format. Information on the NPs includes the compound name,
SMILES strings, bibliographic reference, taxonomic rank (kingdom, genus, species), place
where it is found, the source from which the NP was isolated, biological activity, and ICso
value. The database is also available at ZINC, and it is part of the COCONUT database.

A chemoinformatics analysis of the first version of the database concluded that the
compounds have a broad coverage in the chemical space and overlap regions in the drug-
like space. Furthermore, compounds very similar to drugs approved for clinical use were
identified [135]. In another study, a structural content analysis of the second version was
performed. BIOFACQUIM was compared to ChEMBL 25 (1,667,509 molecules) and a da-
tabase with 169,839 NPs. The researchers concluded that 44.3% of the unique compounds
contained in BIOFACQUIM are focused on drug-like space in terms of physicochemical
properties. Additionally, a significant number of compounds and scaffolds (79 and 29,
respectively) were identified that were not present in the two large reference sets [136].
Finally, an in silico absorption, distribution, metabolism, excretion and toxicological (AD-
MET) profile of the second version of BIOFACQUIM was performed. The study con-
cluded that the absorption and distribution profiles of the compounds in BIOFACQUIM
are similar to those of approved drugs, while the metabolism profile is comparable to that
in other NP databases. The excretion profile of the compounds is different from that of the
approved drugs, but their predicted toxicity profile is comparable [151].

An independent VS study looked for beta-glucosidase inhibitors. The pharmacolog-
ical applications of these compounds include obesity, diabetes, hyperlipoproteinemia,
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cancer, HIV, and hepatitis B and C. Employing classification models (two-variable artifi-
cial network), eight compounds were identified from BIOFACQUIM as active [152]. In
addition, in an independent study, Barrera-Vazquez et al. looked for senolytic compounds
which selectively eliminate senescent cells. Cellular senescence is a cellular condition that
involves significant changes in gene expression and the arrest of cell proliferation. The
elimination of senescent cells delays, prevents, and improves multiple adverse outcomes
related to age. Through the use of chemoinformatics tools (fingerprinting and network
pharmacology), and employing two NP databases, InflamNat and BIOFACQUIM, three
senolytic compounds were identified [153].

Table 4 summarizes the main applications of databases of representative Latin Amer-
ican natural products to identify bioactive compounds.

Table 4. Practical applications of the databases of Latin American natural products.

Database Name Disease or Symptom Causative Agent Number of Identified Reference
Compounds
Chagas disease Trypanosoma cruzi 10 [139]
NuBBE
e Tuberculosis Moycobacterium tuberculosis 13 [140]
Chagas disease Trypanosoma cruzi 13 [142]
Leishmaniasis Leishmania donovani 13 [143]
SistematX Schistosomiasis Schistosoma mansoni 5 [144]
Coronavirus disease 2019 SARS-CoV-2 19 [145]
Alzheimer’s disease 2 [146]
UNIIQUIM Pain 6 [150]
Obesity 8
Diabetes [152]
Hyperlipoproteinemia Can-
cer
BIOFACQUIM HIV/AIDS *
Hepatitis B and C.
Age-related diseases 3 [153]

* Human immunodeficiency virus infection and acquired immunodeficiency syndrome

(HIV/AIDS). Although CIFPMA does not appear in the table, their compounds have been assayed
in a wide range of in vitro and in vivo bioassays.

7. Conclusions and Perspectives

Nature is a significant source of structurally novel compounds that remains far from
being fully explored. NP databases play an important role in the drug discovery process,
serving as a systematic and organized source of potential novel hit and lead molecules.
Several chemoinformatic methods have been used to organize, characterize, and mine dif-
ferent NP databases, identifying promising molecules. Nevertheless, many obstacles slow
down the drug discovery from NPs driven by chemoinformatics approaches. Firstly, not
all the NP databases are open source, restricting the access to a certain number of research
groups with enough resources to pay for the access. Even if a research group has sufficient
resources to pay for access, it will always be more attractive to resort to an open access
database. As a consequence, myriads of NPs will remain inaccessible due to the payment
restriction. On the other hand, access to many open access NP databases is not possible
anymore; thus, invaluable information is lost, perhaps forever. The number of countries
and research groups that curate and create NP databases is limited; just a few countries
have tried to characterize NPs specific to their geographical region. Therefore, an
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incalculable number of novel molecules are still to be discovered. Nowadays, the number
of open access and still available NP databases is limited. Therefore, there is a sense of
urgency to keep curating and creating new NP databases.

Latin America stands out for its rich and unique biodiversity, which maybe encom-
passes a third of global biodiversity [126]. Regardless, just a few Latin American countries
have gathered and characterized NPs from their region in a database. As far as we know,
research groups in Colombia, Peru, and El Salvador are currently building compound da-
tabases to be released in the future. Previously, the need for a unified NP database that
represents the biodiversity of Latin America has been pointed out [35]. Currently, in Mex-
ico, the DIFACQUIM research group, in collaboration with several other countries in Latin
America, is working on the creation and curation of a NP database that will gather all the
NP databases of Latin America. The construction is in an early stage. Nevertheless, it will
try to encompass the actual published NP databases and the upcoming ones.

In this review, we also surveyed the practical applications of the Latin American NP
databases in medicinal chemistry. It was concluded that most of the Latin American NP
databases had been used as a basis to identify multiple promising candidates to be con-
sidered for further development for the treatment of numerous diseases. The growth of
the practical applications of the Latin American NP databases is anticipated in the near
future.

Author Contributions: Conceptualization, ].L.M.-F.; Writing — Original Draft Preparation, A.G.-G.
and J.L.M.-F.; Writing — Review and Editing, A.G.-G. and J].L.M.-F. All authors have read and agreed
to the published version of the manuscript.

Funding: We thank the School of Chemistry of the National Autonomous University of Mexico for
funding.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: Not applicable.

Acknowledgments: A.G.-G thanks the Consejo Nacional de Tecnologia (CONACyT), Mexico for
the PhD scholarship (CVU number 912137).

Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations

1D, one-dimensional; 2D, two-dimensional; 3D, three-dimensional; AChE, acetylcholinester-
ase; ACS, American Chemical Society; ADMET, absorption, distribution, metabolism, excretion and
toxicity; Al, artificial intelligence; CDPs, consensus diversity plots; CADD, computer-aided drug
design; CAS, Chemical Abstracts Service; COCONUT, Collection of Open Natural Products; ECso,
half maximal effective concentration; ECFP4, Extended Connectivity Fingerprint; GPS, global posi-
tioning system; HBA, number of Lipinski hydrogen bond acceptors; HBD, number of Lipinski hy-
drogen bond donors; HIV, human immunodeficiency virus; HTS, high-throughput screening; ICso,
half maximal inhibitory concentration; InChl, international chemical identifier; IUPAC, Interna-
tional Union of Pure and Applied Chemistry; LBVS, ligand-based virtual screening; MW, molecular
weight; NP, natural product; NPs, natural products; NMR, nuclear magnetic resonance; NuBBEbs,
Nuclei of Bioassays, Biosynthesis, and Ecophysiology of Natural Products Database; QSAR, quan-
titative structure-activity relationship; QSRP, quantitative structure—property relationship; RB,
number of rotatable bonds; Ro5, Lipinski rule of 5; SARS-CoV-2, severe acute respiratory syndrome
coronavirus 2; SE, Shannon entropy; logP, logarithm of the octanol/water partition coefficient;
SMARTS, SMILES arbitrary target specification; SMILES, simplified molecular input line entry sys-
tem; SBVS, structure-based virtual screening; TCM, traditional Chinese medicine; TPSA, topological
polar surface area; VS, virtual screening.



Biomolecules 2022, 12, 1202 16 of 21

References

1. Cragg, G.M.; Newman, D.J. Natural products: A continuing source of novel drug leads. Biochim. Biophys. Acta 2013, 1830, 3670-
3695. https://doi.org/10.1016/j.bbagen.2013.02.008.

2. Newman, D.J.; Cragg, G.M. Natural Products as Sources of New Drugs from 1981 to 2014. ]. Nat. Prod. 2016, 79, 629-661.
https://doi.org/10.1021/acs.jnatprod.5b01055.

3. Newman, D.J.; Cragg, G.M. Natural Products as Sources of New Drugs over the Nearly Four Decades from 01/1981 to 09/2019.
J. Nat. Prod. 2020, 83, 770-803. https://doi.org/10.1021/acs.jnatprod.9b01285.

4. Li, X.-W. Chemical ecology-driven discovery of bioactive marine natural products as potential drug leads. Chin. ]. Nat. Med.
2020, 18, 837-838. https://doi.org/10.1016/S1875-5364(20)60024-3.

5. Banerjee, P.; Mandhare, A.; Bagalkote, V. Marine natural products as source of new drugs: An updated patent review (July
2018-July 2021). Expert Opin. Ther. Pat. 2022, 32, 317-363. https://doi.org/10.1080/13543776.2022.2012150.

6. Singh, A,; Singh, D.K,; Kharwar, R.N.; White, ].F.; Gond, S.K. Fungal Endophytes as Efficient Sources of Plant-Derived Bioactive
Compounds and Their Prospective Applications in Natural Product Drug Discovery: Insights, Avenues, and Challenges.
Microorganisms 2021, 9, 197. https://doi.org/10.3390/microorganisms9010197.

7. Tiwari, P.; Bae, H. Endophytic fungi: Key insights, emerging prospects, and challenges in natural product drug discovery.
Microorganisms 2022, 10, 360. https://doi.org/10.3390/microorganisms10020360.

8. TFoxfire, A.; Buhrow, A.R.; Orugunty, R.S.; Smith, L. Drug discovery through the isolation of natural products from
Burkholderia. Expert Opin. Drug Discov. 2021, 16, 807-822. https://doi.org/10.1080/17460441.2021.1877655.

9. Porras, G.; Chassagne, F.; Lyles, ].T.; Marquez, L.; Dettweiler, M.; Salam, A.M.; Samarakoon, T.; Shabih, S.; Farrokhi, D.R.;
Quave, C.L. Ethnobotany and the role of plant natural products in antibiotic drug discovery. Chem. Rev. 2021, 121, 3495-3560.
https://doi.org/10.1021/acs.chemrev.0c00922.

10. Zhang, L.; Song, J.; Kong, L.; Yuan, T.; Li, W.; Zhang, W.; Hou, B.; Lu, Y.; Du, G. The strategies and techniques of drug discovery
from natural products. Pharmacol. Ther. 2020, 216, 107686. https://doi.org/10.1016/j.pharmthera.2020.107686.

11. Bordon, K. de C.F.; Cologna, C.T.; Fornari-Baldo, E.C.; Pinheiro-Junior, E.L.; Cerni, F.A.; Amorim, F.G.; Anjolette, F.A.P.;
Cordeiro, F.A.; Wiezel, G.A.; Cardoso, I.A ; et al. From animal poisons and venoms to medicines: Achievements, challenges and
perspectives in drug discovery. Front. Pharmacol. 2020, 11, 1132. https://doi.org/10.3389/fphar.2020.01132.

12. Mohan, S.; Ajay Krishna, M.S.; Chandramouli, M.; Keri, R.S; Patil, S.A.; Ningaiah, S.; Somappa, S.B. Antibacterial natural
products from microbial and fungal sources: A decade of advances. Mol. Divers. 2022. https://doi.org/10.1007/s11030-022-10417-
5.

13. Llurba-Montesino, N.; Schmidt, T.]J. Salvia Species as Sources of Natural Products with Antiprotozoal Activity. Int. ]. Mol. Sci.
2018, 19, 264. https://doi.org/10.3390/ijms19010264.

14. Heard, S.C, Wu, G, Winter, J.M. Antifungal natural products. Curr. Opin. Biotechnol. 2021, 69, 232-241.
https://doi.org/10.1016/j.copbio.2021.02.001.

15. Yi, M,; Lin, S.; Zhang, B.; Jin, H.; Ding, L. Antiviral potential of natural products from marine microbes. Eur. ]. Med. Chem. 2020,
207, 112790. https://doi.org/10.1016/j.ejmech.2020.112790.

16. Maitra, U.; Stephen, C.; Ciesla, L.M. Drug discovery from natural products-Old problems and novel solutions for the treatment
of neurodegenerative diseases. ]. Pharm. Biomed. Anal. 2022, 210, 114553. https://doi.org/10.1016/j.jpba.2021.114553.

17. Siddiqui, A.J.; Jahan, S.; Singh, R.; Saxena, J.; Ashraf, S.A.; Khan, A.; Choudhary, R.K; Balakrishnan, S.; Badraoui, R.; Bardakci,
F.; et al. Plants in anticancer drug discovery: From molecular mechanism to chemoprevention. Biomed. Res. Int. 2022, 2022,
5425485. https://doi.org/10.1155/2022/5425485.

18. Wainwright, C.L.; Teixeira, M.M.; Adelson, D.L.; Buenz, E.J.; David, B.; Glaser, K.B.; Harata-Lee, Y.; Howes, M.-].R,; I1zzo, A.A,;
Maffia, P.; et al. Future directions for the discovery of natural product-derived immunomodulating drugs: An IUPHAR
positional review. Pharmacol. Res. 2022, 177, 106076. https://doi.org/10.1016/j.phrs.2022.106076.

19. Beyoglu, D.; Idle, ].R. Metabolomic insights into the mode of action of natural products in the treatment of liver disease. Biochem.
Pharmacol. 2020, 180, 114171. https://doi.org/10.1016/j.bcp.2020.114171.

20. Chen, D.-Q.; Hu, H.-H.; Wang, Y.-N.; Feng, Y.-L.; Cao, G.; Zhao, Y.-Y. Natural products for the prevention and treatment of
kidney disease. Phytomedicine 2018, 50, 50-60. https://doi.org/10.1016/j.phymed.2018.09.182.

21. Ebob, O.T.; Babiaka, S.B.; Ntie-Kang, F. Natural Products as Potential Lead Compounds for Drug Discovery against SARS-CoV-
2. Nat. Prod. Bioprospect. 2021, 11, 611-628. https://doi.org/10.1007/s13659-021-00317-w.

22. Vougogiannopoulou, K.; Corona, A.; Tramontano, E.; Alexis, M.N.; Skaltsounis, A.-L. Natural and Nature-Derived Products
Targeting Human Coronaviruses. Molecules 2021, 26, 448. https://doi.org/10.3390/molecules26020448.

23. Ferreira, S.H.; Rocha e Silva, M. Potentiation of bradykinin and eledoisin by BPF (bradykinin potentiating factor) from Bothrops
jararaca venom. Experientia 1965, 21, 347-349. https://doi.org/10.1007/BF02144709.

24. Camargo, A.C.M,; Ianzer, D.; Guerreiro, J.R.; Serrano, S.M.T. Bradykinin-potentiating peptides: Beyond captopril. Toxicon 2012,
59, 516-523. https://doi.org/10.1016/j.toxicon.2011.07.013.

25. Albrecht, H.P.; Geiss, K.-H. Cardiac glycosides and synthetic cardiotonic drugs. In Ullmann’s Encyclopedia of Industrial Chemistry;
Wiley-VCH Verlag GmbH & Co. KGaA, Ed.; Wiley-VCH Verlag GmbH & Co. KGaA: Weinheim, Germany, 2000; ISBN
3527306730.

26. Shams Ul Hassan, S.; Jin, H.-Z.; Abu-Izneid, T.; Rauf, A.; Ishaq, M.; Suleria, H.A.R. Stress-driven discovery in the natural

products: A gateway towards new drugs. Biomed. Pharmacother. 2019, 109, 459-467. https://doi.org/10.1016/j.biopha.2018.10.173.



Biomolecules 2022, 12, 1202 17 of 21

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

Huang, B.; Zhang, Y. Teaching an old dog new tricks: Drug discovery by repositioning natural products and their derivatives.
Drug Discov. Today 2022, 27, 1936-1944. https://doi.org/10.1016/j.drudis.2022.02.007.

Sabe, V.T.; Ntombela, T.; Jhamba, L.A.; Maguire, G.E.M.; Govender, T.; Naicker, T.; Kruger, H.G. Current trends in computer
aided drug design and a highlight of drugs discovered via computational techniques: A review. Eur. ]. Med. Chem. 2021, 224,
113705. https://doi.org/10.1016/j.ejmech.2021.113705.

Paul, S.M.; Mytelka, D.S.; Dunwiddie, C.T.; Persinger, C.C.; Munos, B.H.; Lindborg, S.R.; Schacht, A.L. How to improve R&D
productivity: The pharmaceutical industry’s grand challenge. Nat. Rev. Drug Discov. 2010, 9, 203-214.
https://doi.org/10.1038/nrd3078.

Martinez-Mayorga, K.; Madariaga-Mazon, A.; Medina-Franco, J.L.; Maggiora, G. The impact of chemoinformatics on drug
discovery  in  the  pharmaceutical industry.  Expert  Opin.  Drug  Discov. 2020, 15,  293-306.
https://doi.org/10.1080/17460441.2020.1696307.

Gasteiger, J.; Funatsu, K. Chemoinformatics—An important scientific discipline. |. Comput. Chem. Jpn. 2006, 5, 53-58.
https://doi.org/10.2477 fjccj.5.53.

Medina-Franco, J.L.; Saldivar-Gonzalez, F.I. Cheminformatics to characterize pharmacologically active natural products.
Biomolecules 2020, 10, 1566. https://doi.org/10.3390/biom10111566.

Chen, Y.; Kirchmair, J. Cheminformatics in Natural Product-based Drug Discovery. Mol. Inform. 2020, 39, e2000171.
https://doi.org/10.1002/minf.202000171.

Sorokina, M.; Steinbeck, C. Review on natural products databases: Where to find data in 2020. ]. Cheminform. 2020, 12, 20.
https://doi.org/10.1186/s13321-020-00424-9.

Medina-Franco, L.J. Towards a unified Latin American Natural Products Database: LANaPD. Future Sci. OA 2020, 6, FSO468.
https://doi.org/10.2144/fsoa-2020-0068.

Evans, B.E; Rittle, K.E.; Bock, M.G.; DiPardo, R.M.; Freidinger, R.M.; Whitter, W.L.; Lundell, G.F.; Veber, D.F.; Anderson, P.S.;
Chang, R.S. Methods for drug discovery: Development of potent, selective, orally effective cholecystokinin antagonists. J. Med.
Chem. 1988, 31, 2235-2246. https://doi.org/10.1021/jm00120a002.

Dantas, R.F.; Evangelista, T.C.S.; Neves, B.J.; Senger, M.R.; Andrade, C.H.; Ferreira, S.B.; Silva-Junior, F.P. Dealing with frequent
hitters in drug discovery: A multidisciplinary view on the issue of filtering compounds on biological screenings. Expert Opin.
Drug Discov. 2019, 14, 1269-1282. https://doi.org/10.1080/17460441.2019.1654453.

Stork, C.; Chen, Y.; Sicho, M.; Kirchmair, J. Hit Dexter 2.0: Machine-Learning Models for the Prediction of Frequent Hitters. J.
Chem. Inf. Model. 2019, 59, 1030-1043. https://doi.org/10.1021/acs.jcim.8b00677.

Davison, E.K.; Brimble, M.A. Natural product derived privileged scaffolds in drug discovery. Curr. Opin. Chem. Biol. 2019, 52,
1-8. https://doi.org/10.1016/j.cbpa.2018.12.007.

Karageorgis, G.; Foley, D.].; Laraia, L.; Waldmann, H. Principle and design of pseudo-natural products. Nat. Chem. 2020, 12,
227-235. https://doi.org/10.1038/s41557-019-0411-x.

Cremosnik, G.S; Liu, J.; Waldmann, H. Guided by evolution: From biology oriented synthesis to pseudo natural products. Nat.
Prod. Rep. 2020, 37, 1497-1510. https://doi.org/10.1039/d0np00015a.

Guo, Z. The modification of mnatural products for medical use. Acta Pharm. Sin. B 2017, 7, 119-136.
https://doi.org/10.1016/j.apsb.2016.06.003.

Doman, T.N.; McGovern, S.L.; Witherbee, B.J.; Kasten, T.P.; Kurumbail, R.; Stallings, W.C.; Connolly, D.T.; Shoichet, B.K.
Molecular docking and high-throughput screening for novel inhibitors of protein tyrosine phosphatase-1B. . Med. Chem. 2002,
45, 2213-2221. https://doi.org/10.1021/jm010548w.

Masic, I; Ferhatovica, A. Review of most important biomedical databases for searching of biomedical scientific literature. Donald
Sch. ]. Ultrasound Obstet. Gynecol. 2012, 6, 343-361. https://doi.org/10.5005/jp-journals-10009-1258.

Yang, J.; Wang, D.; Jia, C.; Wang, M.; Hao, G.; Yang, G. Freely accessible chemical database resources of compounds for in silico
drug discovery. Curr. Med. Chem. 2019, 26, 7581-7597. https://doi.org/10.2174/0929867325666180508100436.

Pence, H.E.; Williams, A. Chemspider: An online chemical information resource. |. Chem. Educ. 2010, 87, 1123-1124.
https://doi.org/10.1021/ed100697w.

Degtyarenko, K.; de Matos, P.; Ennis, M.; Hastings, J.; Zbinden, M.; McNaught, A.; Alcantara, R.; Darsow, M.; Guedj, M,;
Ashburner, M. ChEBI: A database and ontology for chemical entities of biological interest. Nucleic Acids Res. 2008, 36, D344—
D350. https://doi.org/10.1093/nar/gkm791.

Ruddigkeit, L.; van Deursen, R.; Blum, L.C.; Reymond, ].-L. Enumeration of 166 billion organic small molecules in the chemical
universe database GDB-17. |. Chem. Inf. Model. 2012, 52, 2864-2875. https://doi.org/10.1021/ci300415d.

Kim, S.; Thiessen, P.A.; Bolton, E.E.; Chen, J.; Fu, G.; Gindulyte, A.; Han, L.; He, J.; He, S.; Shoemaker, B.A.; et al. PubChem
Substance and Compound databases. Nucleic Acids Res. 2016, 44, D1202-D1213. https://doi.org/10.1093/nar/gkv951.

Gaulton, A.; Bellis, L.J.; Bento, A.P.; Chambers, J.; Davies, M.; Hersey, A ; Light, Y.; McGlinchey, S.; Michalovich, D.; Al-Lazikani,
B.; et al. ChEMBL: A large-scale bioactivity database for drug discovery. Nucleic Acids Res. 2012, 40, D1100-D1107.
https://doi.org/10.1093/nar/gkr777.

Liu, T,; Lin, Y.; Wen, X,; Jorissen, R.N.; Gilson, M.K. BindingDB: A web-accessible database of experimentally determined
protein-ligand binding affinities. Nucleic Acids Res. 2007, 35, D198-D201. https://doi.org/10.1093/nar/gkl1999.



Biomolecules 2022, 12, 1202 18 of 21

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

Seiler, K.P.; George, G.A.; Happ, M.P.; Bodycombe, N.E.; Carrinski, H.A.; Norton, S.; Brudz, S.; Sullivan, ]J.P.; Muhlich, J.;
Serrano, M.; et al. ChemBank: A small-molecule screening and cheminformatics resource database. Nucleic Acids Res. 2008, 36,
D351-D359. https://doi.org/10.1093/nar/gkm843.

Wang, R.; Fang, X,; Lu, Y.; Wang, S. The PDBbind database: Collection of binding affinities for protein-ligand complexes with
known three-dimensional structures. ]. Med. Chem. 2004, 47, 2977-2980. https://doi.org/10.1021/jm0305801.

Wishart, D.S.; Knox, C; Guo, A.C.; Shrivastava, S.; Hassanali, M.; Stothard, P.; Chang, Z.; Woolsey, J. DrugBank: A
comprehensive resource for in silico drug discovery and exploration. Nucleic Acids Res. 2006, 34, D668-D672.
https://doi.org/10.1093/nar/gkj067.

Gu, J.; Gui, Y.; Chen, L.; Yuan, G.; Lu, H.-Z.; Xu, X. Use of natural products as chemical library for drug discovery and network
pharmacology. PLoS ONE 2013, 8, e62839. https://doi.org/10.1371/journal.pone.0062839.

Vivek-Ananth, R.P.; Sahoo, A K.; Kumaravel, K.; Mohanraj, K.; Samal, A. MeFSAT: A curated natural product database specific
to secondary metabolites of medicinal fungi. RSC Adv. 2021, 11, 2596-2607. https://doi.org/10.1039/d0ra10322e.

van Santen, J.A.; Poynton, E.F.; Iskakova, D.; McMann, E.; Alsup, T.A.; Clark, T.N.; Fergusson, C.H.; Fewer, D.P.; Hughes, A.H;
McCadden, C.A; et al. The Natural Products Atlas 2.0: A database of microbially-derived natural products. Nucleic Acids Res.
2022, 50, D1317-D1323. https://doi.org/10.1093/nar/gkab941.

Irwin, ].J.; Sterling, T.; Mysinger, M.M.; Bolstad, E.S.; Coleman, R.G. ZINC: A free tool to discover chemistry for biology. ]. Chem.
Inf. Model. 2012, 52, 1757-1768. https://doi.org/10.1021/ci3001277.

Voigt, ]. H.; Bienfait, B.; Wang, S.; Nicklaus, M.C. Comparison of the NCI Open Database with Seven Large Chemical Structural
Databases. J. Chem. Inf. Model. 2001, 41, 702-712. https://doi.org/10.1021/ci000150t.

Visini, R,; Awale, M. Reymond, J.-L. Fragment Database FDB-17. ]. Chem. Inf. Model. 2017, 57, 700-709.
https://doi.org/10.1021/acs.jcim.7b00020.

Ahmed, J.; Worth, C.L.; Thaben, P.; Matzig, C.; Blasse, C.; Dunkel, M.; Preissner, R. FragmentStore— A comprehensive database
of fragments linking metabolites, toxic molecules and drugs. Nucleic Acids Res. 2011, 39, D1049-D1054.
https://doi.org/10.1093/nar/gkq969.

Yang, J.-F.; Wang, F.; Jiang, W.; Zhou, G.-Y,; Li, C.-Z.; Zhu, X.-L.; Hao, G.-F.; Yang, G.-F. PADFrag: A database built for the
exploration of bioactive fragment space for drug discovery. J. Chem. Inf. Model. 2018, 58, 1725-1730.
https://doi.org/10.1021/acs.jcim.8b00285.

Ash, S.; Cline, M.A.; Homer, RW.; Hurst, T.; Smith, G.B. SYBYL Line Notation (SLN): A Versatile Language for Chemical
Structure Representation®. . Chem. Inf. Comput. Sci. 1997, 37, 71-79. https://doi.org/10.1021/ci960109j.

Kar, S; Roy, K. How far can virtual screening take us in drug discovery? Expert Opin. Drug Discov. 2013, 8, 245-261.
https://doi.org/10.1517/17460441.2013.761204.

Sliwoski, G.; Kothiwale, S.; Meiler, J.; Lowe, EEW. Computational methods in drug discovery. Pharmacol. Rev. 2014, 66, 334-395.
https://doi.org/10.1124/pr.112.007336.

Grover, I; Singh, I; Bakshi, I. Quantitative structure-property relationships in pharmaceutical research-Part 1. Pharm. Sci.
Technol. Today 2000, 3, 28-35. https://doi.org/10.1016/S1461-5347(99)00214-X.

Cavasotto, C.N.; Di Filippo, J.I. Artificial intelligence in the early stages of drug discovery. Arch. Biochem. Biophys. 2021, 698,
108730. https://doi.org/10.1016/j.abb.2020.108730.

Vijayan, R.S.K; Kihlberg, J.; Cross, ].B.; Poongavanam, V. Enhancing preclinical drug discovery with artificial intelligence. Drug
Discov. Today 2022, 27, 967-984. https://doi.org/10.1016/j.drudis.2021.11.023.

Shen, C.; Hu, Y.; Wang, Z.; Zhang, X.; Zhong, H.; Wang, G.; Yao, X.; Xu, L.; Cao, D.; Hou, T. Can machine learning consistently
improve the scoring power of classical scoring functions? Insights into the role of machine learning in scoring functions. Brief.
Bioinform. 2021, 22, 497-514. https://doi.org/10.1093/bib/bbz173.

Ain, Q.U.; Aleksandrova, A.; Roessler, F.D.; Ballester, P.J. Machine-learning scoring functions to improve structure-based
binding affinity prediction and virtual screening. Wiley Interdiscip. Rev. Comput. Mol. Sci. 2015, 5, 405-424.
https://doi.org/10.1002/wcms.1225.

Saldivar-Gonzalez, F.I; Aldas-Bulos, V.D.; Medina-Franco, J.L.; Plisson, F. Natural product drug discovery in the artificial
intelligence era. Chem. Sci. 2022, 13, 1526-1546. https://doi.org/10.1039/d1sc04471k.

Jeon, J.; Kang, S.; Kim, H.U. Predicting biochemical and physiological effects of natural products from molecular structures
using machine learning. Nat. Prod. Rep. 2021, 38, 1954-1966. https://doi.org/10.1039/d1np00016k.

Weininger, D. SMILES, a chemical language and information system. 1. Introduction to methodology and encoding rules. J.
Chem. Inf. Model. 1988, 28, 31-36. https://doi.org/10.1021/ci00057a005.

O’Boyle, N.M. Towards a Universal SMILES representation— A standard method to generate canonical SMILES based on the
InChl. J. Cheminform. 2012, 4, 22. https://doi.org/10.1186/1758-2946-4-22.

Heller, S.R.; McNaught, A.; Pletnev, I; Stein, S.; Tchekhovskoi, D. Inchi, the ITUPAC international chemical identifier. J.
Cheminform. 2015, 7, 23. https://doi.org/10.1186/513321-015-0068-4.

Pletnev, L; Erin, A.; McNaught, A.; Blinov, K.; Tchekhovskoi, D.; Heller, S. InChIKey collision resistance: An experimental
testing. . Cheminform. 2012, 4, 39. https://doi.org/10.1186/1758-2946-4-39.

Daylight Chemical Information System, Inc. SMARTS—A Language for Describing Molecular Patterns. Available online:
https://www.daylight.com/dayhtml/doc/theory/theory.smarts.html (accessed on 3 June 2022).



Biomolecules 2022, 12, 1202 19 of 21

78.

79.
80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.
93.

94.

95.

96.

97.

98.

99.

100.
101.

102.

103.

104.

105.

106.

107.

Saldivar-Gonzalez, F.I.; Huerta-Garcia, C.S.; Medina-Franco, ].L. Chemoinformatics-based enumeration of chemical libraries: A
tutorial. J. Cheminform. 2020, 12, 64. https://doi.org/10.1186/s13321-020-00466-z.

Open-source chemoinformatics and machine learning. Available online: https://rdkit.org (accessed on 3 June 2022).

Berthold, M.R.; Cebron, N.; Dill, F.; Gabriel, T.R.; Kétter, T.; Meinl, T.; Ohl, P.; Thiel, K.; Wiswedel, B. KNIME —The Konstanz
information miner. SIGKDD Explor. Newsl. 2009, 11, 26. https://doi.org/10.1145/1656274.1656280.

Wildman, S.A.; Crippen, G.M. Prediction of Physicochemical Parameters by Atomic Contributions. J. Chem. Inf. Comput. Sci.
1999, 39, 868-873. https://doi.org/10.1021/ci9903071.

Ertl, P.; Rohde, B.; Selzer, P. Fast calculation of molecular polar surface area as a sum of fragment-based contributions and its
application to the prediction of drug transport properties. J. Med. Chem. 2000, 43, 3714-3717. https://doi.org/10.1021/jm000942e.
Veber, D.F.; Johnson, S.R.; Cheng, H.-Y.; Smith, B.R.; Ward, K.W.; Kopple, K.D. Molecular properties that influence the oral
bioavailability of drug candidates. J. Med. Chem. 2002, 45, 2615-2623. https://doi.org/10.1021/jm020017n.

Lipinski, C.A. Lead- and drug-like compounds: The rule-of-five revolution. Drug Discov. Today Technol. 2004, 1, 337-341.
https://doi.org/10.1016/j.ddtec.2004.11.007.

Bemis, G.W.; Murcko, M.A. The properties of known drugs. 1. Molecular frameworks. |. Med. Chem. 1996, 39, 2887-2893.
https://doi.org/10.1021/jm9602928.

Chavez-Hernandez, A L.; Sanchez-Cruz, N.; Medina-Franco, J.L. Fragment library of natural products and compound databases
for drug discovery. Biomolecules 2020, 10, 1518. https://doi.org/10.3390/biom10111518.

Sanchez-Cruz, N.; Medina-Franco, J.L.; Mestres, J.; Barril, X. Extended connectivity interaction features: Improving binding
affinity prediction through chemical description. Bioinformatics 2021, 37, 1376-1382.
https://doi.org/10.1093/bioinformatics/btaa982.

Diaz-Eufracio, B.I.; Palomino-Hernandez, O.; Arredondo-Sanchez, A.; Medina-Franco, J.L. D-Peptide Builder: A Web Service to
Enumerate, Analyze, and Visualize the Chemical Space of Combinatorial Peptide Libraries. Mol. Inform. 2020, 39, e2000035.
https://doi.org/10.1002/minf.202000035.

Santibafiez-Moran, M.G.; Lopez-Lopez, E.; Prieto-Martinez, F.D.; Sanchez-Cruz, N.; Medina-Franco, J.L. Consensus virtual
screening of dark chemical matter and food chemicals uncover potential inhibitors of SARS-CoV-2 main protease. RSC Adv.
2020, 10, 25089-25099. https://doi.org/10.1039/DORA04922K.

Chavez-Hernandez, A.L.; Juarez-Mercado, K.E.; Saldivar-Gonzalez, F.I.; Medina-Franco, J.L. Towards the De Novo Design of
HIV-1 Protease Inhibitors Based on Natural Products. Biomolecules 2021, 11, 1805. https://doi.org/10.3390/biom11121805.
Durant, J.L.; Leland, B.A.; Henry, D.R.; Nourse, ].G. Reoptimization of MDL keys for use in drug discovery. J. Chem. Inf. Comput.
Sci. 2002, 42, 1273-1280. https://doi.org/10.1021/ci010132r.

Rogers, D.; Hahn, M. Extended-connectivity fingerprints. J. Chem. Inf. Model. 2010, 50, 742-754. https://doi.org/10.1021/ci100050t.
Willett, P.; Barnard, J.M.; Downs, G.M. Chemical Similarity Searching. J. Chem. Inf. Comput. Sci. 1998, 38, 983-996.
https://doi.org/10.1021/ci9800211.

Saldivar-Gonzalez, F.I.; Medina-Franco, ].L. Chemoinformatics approaches to assess chemical diversity and complexity of small
molecules. In Small Molecule Drug Discovery; Elsevier: Amsterdam, The Netherlands, 2020; pp. 83-102; ISBN 9780128183496.
Gonzélez-Medina, M.; Prieto-Martinez, F.D.; Owen, J.R.; Medina-Franco, J.L. Consensus Diversity Plots: A global diversity
analysis of chemical libraries. J. Cheminform. 2016, 8, 63. https://doi.org/10.1186/s13321-016-0176-9.

Yongye, A.B.; Waddell, J.; Medina-Franco, J.L. Molecular scaffold analysis of natural products databases in the public domain.
Chem. Biol. Drug Des. 2012, 80, 717-724. https://doi.org/10.1111/cbdd.12011.

Gonzalez-Medina, M.; Medina-Franco, J.L. Platform for unified molecular analysis: PUMA. |. Chem. Inf. Model. 2017, 57, 1735
1740. https://doi.org/10.1021/acs.jcim.7b00253.

Dictionary of Natural Products 31.1. Available online: https://dnp.chemnetbase.com/faces/chemical/ChemicalSearch.xhtml
(accessed on 30 June 2022).

Gabrielson, S.W. SciFinder. ]. Med. Libr. Assoc. 2018, 106, 588-590. https://doi.org/10.5195/J]MLA.2018.515.

Reaxys. Available online: https://www.reaxys.com (accessed on 30 June 2022).

Sorokina, M.; Merseburger, P.; Rajan, K.; Yirik, M.A.; Steinbeck, C. COCONUT online: Collection of Open Natural Products
database. ]. Cheminform. 2021, 13, 2. https://doi.org/10.1186/s13321-020-00478-9.

ISDB. A Database of In-Silico Predicted MS/MS Spectrum of Natural Products. Available online: http://oolonek.github.io/ISDB/
(accessed on 30 June 2022).

Banerjee, P.; Erehman, J.; Gohlke, B.-O.; Wilhelm, T.; Preissner, R.; Dunkel, M. Super Natural II— A database of natural products.
Nucleic Acids Res. 2015, 43, D935-D939. https://doi.org/10.1093/nar/gku886.

Sterling, T. Irwin, ]JJ. ZINC 15-Ligand Discovery for Everyone. |. Chem. Inf. Model. 2015, 55, 2324-2337.
https://doi.org/10.1021/acs.jcim.5b00559.

Ye, H,; Ye, L.; Kang, H.; Zhang, D.; Tao, L.; Tang, K; Liu, X.; Zhu, R;; Liu, Q.; Chen, Y.Z.; et al. HIT: Linking herbal active
ingredients to targets. Nucleic Acids Res. 2011, 39, D1055-D1059. https://doi.org/10.1093/nar/gkq1165.

Kang, H.; Tang, K; Liu, Q.; Sun, Y.; Huang, Q.; Zhu, R.; Gao, J.; Zhang, D.; Huang, C.; Cao, Z. HIM-herbal ingredients in-vivo
metabolism database. J. Cheminform. 2013, 5, 28. https://doi.org/10.1186/1758-2946-5-28.

Specs. Compound Management Services and Supplier of Research Compounds to the Life Science Industry. Available online:
https://www.specs.net/ (accessed on 30 June 2022).



Biomolecules 2022, 12, 1202 20 of 21

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.

Xu, J; Yang, Y. Traditional Chinese medicine in the Chinese health care system. Health Policy 2009, 90, 133-139.
https://doi.org/10.1016/j.healthpol.2008.09.003.

Li, B.; Ma, C; Zhao, X.; Hu, Z.; Du, T.; Xu, X,; Wang, Z.; Lin, J. YaTCM: Yet another Traditional Chinese Medicine Database for
Drug Discovery. Comput. Struct. Biotechnol. ]. 2018, 16, 600-610. https://doi.org/10.1016/j.csbj.2018.11.002.

Ry, J; Li, P.; Wang, J.; Zhou, W.; Li, B.; Huang, C.; Li, P.; Guo, Z.; Tao, W.; Yang, Y.; et al. TCMSP: A database of systems
pharmacology for drug discovery from herbal medicines. ]. Cheminform. 2014, 6, 13. https://doi.org/10.1186/1758-2946-6-13.
Kim, S.-K.; Nam, S.; Jang, H.; Kim, A, Lee, J.-J. TM-MC: A database of medicinal materials and chemical compounds in
Northeast Asian traditional medicine. BMIC Complement. Altern. Med. 2015, 15, 218. https://doi.org/10.1186/s12906-015-0758-5.
Xu, H.-Y.; Zhang, Y.-Q,; Liu, Z.-M.; Chen, T.; Lv, C.-Y,; Tang, S.-H.; Zhang, X.-B.; Zhang, W.; Li, Z.-Y.; Zhou, R.-R.; et al. ETCM:
An encyclopaedia of traditional Chinese medicine. Nucleic Acids Res. 2019, 47, D976-D982. https://doi.org/10.1093/nar/gky987.
Fang, X.; Shao, L.; Zhang, H.; Wang, S. CHMIS-C: A comprehensive herbal medicine information system for cancer. . Med.
Chem. 2005, 48, 1481-1488. https://doi.org/10.1021/jm049838d.

Qiao, X.; Hou, T.; Zhang, W.; Guo, S.; Xu, X. A 3D structure database of components from Chinese traditional medicinal herbs.
J. Chem. Inf. Comput. Sci. 2002, 42, 481-489. https://doi.org/10.1021/ci010113h.

Huang, J.; Zheng, Y.; Wu, W.; Xie, T.; Yao, H.; Pang, X,; Sun, F.; Ouyang, L.; Wang, ]. CEMTDD: The database for elucidating
the relationships among herbs, compounds, targets and related diseases for Chinese ethnic minority traditional drugs.
Oncotarget 2015, 6, 17675-17684. https://doi.org/10.18632/oncotarget.3789.

Chen, C.Y.-C. TCM Database@Taiwan: The world’s largest traditional Chinese medicine database for drug screening in silico.
PLoS ONE 2011, 6, €15939. https://doi.org/10.1371/journal.pone.0015939.

Mohanraj, K.; Karthikeyan, B.S.; Vivek-Ananth, R.P.; Chand, R.P.B.; Aparna, S.R.; Mangalapandi, P.; Samal, A. IMPPAT: A
curated database of Indian Medicinal Plants, Phytochemistry And Therapeutics. Sci. Rep. 2018, 8, 4329.
https://doi.org/10.1038/s41598-018-22631-z.

Potshangbam, A.M.; Polavarapu, R.; Rathore, R.S.; Naresh, D.; Prabhu, N.P.; Potshangbam, N.; Kumar, P.; Vindal, V.
MedPServer: A database for identification of therapeutic targets and novel leads pertaining to natural products. Chem. Biol.
Drug Des. 2019, 93, 438-446. https://doi.org/10.1111/cbdd.13430.

Bultum, L.E.; Woyessa, A.M.; Lee, D. ETM-DB: Integrated Ethiopian traditional herbal medicine and phytochemicals database.
BMC Complement. Altern. Med. 2019, 19, 212. https://doi.org/10.1186/s12906-019-2634-1.

Ntie-Kang, F.; Onguéné, P.A.; Scharfe, M.; Owono Owono, L.C.; Megnassan, E.; Mbaze, L.M.; Sippl, W.; Efange, SM.N.
ConMedNP: A natural product library from Central African medicinal plants for drug discovery. RSC Adv. 2014, 4, 409-419.
https://doi.org/10.1039/C3RA43754].

Ibezim, A.; Debnath, B.; Ntie-Kang, F.; Mbah, C.J.; Nwodo, N.J. Binding of anti-Trypanosoma natural products from African
flora against selected drug targets: A docking study. Med. Chem. Res. 2017, 26, 562-579. https://doi.org/10.1007/s00044-016-1764-
y.

Onguéné, P.A.; Ntie-Kang, F.; Mbah, J.A; Lifongo, L.L.; Ndom, J.C.; Sippl, W.; Mbaze, L.M. The potential of anti-malarial
compounds derived from African medicinal plants, part IIl: An in silico evaluation of drug metabolism and pharmacokinetics
profiling. Org. Med. Chem. Lett. 2014, 4, 6. https://doi.org/10.1186/s13588-014-0006-x.

Ntie-Kang, F.; Nwodo, ].N.; Ibezim, A.; Simoben, C.V.; Karaman, B.; Ngwa, V.F.; Sippl, W.; Adikwu, M.U.; Mbaze, L.M.
Molecular modeling of potential anticancer agents from African medicinal plants. ]. Chem. Inf. Model. 2014, 54, 2433-2450.
https://doi.org/10.1021/ci5003697.

Ntie-Kang, F.; Amoa Onguéné, P.; Fotso, G.W.; Andrae-Marobela, K.; Bezabih, M.; Ndom, J.C.; Ngadjui, B.T.; Ogundaini, A.O.;
Abegaz, B.M.; Meva’a, L.M. Virtualizing the p-ANAPL library: A step towards drug discovery from African medicinal plants.
PLoS ONE 2014, 9, €90655. https://doi.org/10.1371/journal.pone.0090655.

Ntie-Kang, F.; Zofou, D.; Babiaka, S.B.; Meudom, R.; Scharfe, M.; Lifongo, L.L.; Mbah, J.A.; Mbaze, L.M.; Sippl, W.; Efange,
S.M.N. AfroDb: A select highly potent and diverse natural product library from African medicinal plants. PLoS ONE 2013, 8,
€78085. https://doi.org/10.1371/journal.pone.0078085.

Raven, P.H.; Gereau, R.E.; Phillipson, P.B.; Chatelain, C.; Jenkins, C.N.; Ulloa Ulloa, C. The distribution of biodiversity richness
in the tropics. Sci. Adv. 2020, 6,1-5. https://doi.org/10.1126/sciadv.abc6228.

Valli, M.; dos Santos, R.N.; Figueira, L.D.; Nakajima, C.H.; Castro-Gamboa, I.; Andricopulo, A.D.; Bolzani, V.S. Development of
a natural products database from the biodiversity of Brazil. J. Nat. Prod. 2013, 76, 439—444. https://doi.org/10.1021/np3006875.
Pilon, A.C.; Valli, M.; Dametto, A.C.; Pinto, M.E.F,; Freire, R.T.; Castro-Gamboa, I.; Andricopulo, A.D.; Bolzani, V.S. NuBBEDB:
An updated database to uncover chemical and biological information from Brazilian biodiversity. Sci. Rep. 2017, 7, 7215.
https://doi.org/10.1038/s41598-017-07451-x.

Scotti, M.T.; Herrera-Acevedo, C.; Oliveira, T.B.; Costa, R.P.O.; Santos, S.Y.K. de O.; Rodrigues, R.P.; Scotti, L.; Da-Costa, F.B.
SistematX, an Online Web-Based Cheminformatics Tool for Data Management of Secondary Metabolites. Molecules 2018, 23,
103. https://doi.org/10.3390/molecules23010103.

Costa, R.P.O.; Lucena, L.EF.; Silva, L.M.A.; Zocolo, G.J.; Herrera-Acevedo, C.; Scotti, L.; Da-Costa, F.B.; lonov, N.; Poroikov, V.;
Muratov, E.N.; et al. The sistematx web portal of natural products: An update. J. Chem. Inf. Model. 2021, 61, 2516-2522.
https://doi.org/10.1021/acs.jcim.1c00083.

UEFS Natural Products. Available online: http://zinc12.docking.org/catalogs/uefsnp (accessed on 30 June 2022).



Biomolecules 2022, 12, 1202 21 of 21

132.

133.

134.
135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

149.

150.

151.

152.

153.

Olmedo, D.A.; Gonzélez-Medina, M.; Gupta, M.P.; Medina-Franco, ]J.L. Cheminformatic characterization of natural products
from Panama. Mol. Divers. 2017, 21, 779-789. https://doi.org/10.1007/s11030-017-9781-4.

A. Olmedo, D.; L. Medina-Franco, J. Chemoinformatic approach: The case of natural products of panama. In Cheminformatics
and Its Applications; IntechOpen: 2019.

UNIIQUIM. Available online: https://uniiquim.iquimica.unam.mx/ (accessed on 19 July 2022).

Pilon-Jiménez, B.A.; Saldivar-Gonzalez, F.I; Diaz-Eufracio, B.l,; Medina-Franco, J.L. BIOFACQUIM: A mexican compound
database of natural products. Biomolecules 2019, 9, 31. https://doi.org/10.3390/biom9010031.

Sanchez-Cruz, N.; Pilén-Jiménez, B.A.; Medina-Franco, J.L. Functional group and diversity analysis of BIOFACQUIM: A
Mexican natural product database. F1I000Research 2019, 8, 2071. https://doi.org/10.12688/f1000research.21540.2.

Fatima, S.; Gupta, P.; Sharma, S.; Sharma, A.; Agarwal, S.M. ADMET profiling of geographically diverse phytochemical using
chemoinformatic tools. Future Med. Chem. 2020, 12, 69-87. https://doi.org/10.4155/fmc-2019-0206.

Saldivar-Gonzalez, F.I; Valli, M.; Andricopulo, A.D.; da Silva Bolzani, V.; Medina-Franco, J.L. Chemical space and diversity of
the nubbe database: A  chemoinformatic characterization. J. Chem. Inf. Model. 2019, 59, 74-85.
https://doi.org/10.1021/acs.jcim.8b00619.

do Carmo Santos, N.; da Paixao, V.G.; da Rocha Pita, 5.S. New Trypanosoma cruzi Trypanothione Reductase Inhibitors
Identification using the Virtual Screening in Database of Nucleus Bioassay, Biosynthesis and Ecophysiology (NuBBE). Antiinfect
Agents 2019, 17, 138-149. https://doi.org/10.2174/2211352516666180928130031.

Antunes, S.S.; Won-Held Rabelo, V.; Romeiro, N.C. Natural products from Brazilian biodiversity identified as potential
inhibitors of PknA and PknB of M. tuberculosis using molecular modeling tools. Comput. Biol. Med. 2021, 136, 104694.
https://doi.org/10.1016/j.compbiomed.2021.104694.

Chawla, Y.; Upadhyay, S.; Khan, S.; Nagarajan, S.N.; Forti, F.; Nandicoori, V.K. Protein kinase B (PknB) of Mycobacterium
tuberculosis is essential for growth of the pathogen in vitro as well as for survival within the host. J. Biol. Chem. 2014, 289, 13858—
13875. https://doi.org/10.1074/jbc.M114.563536.

Acevedo, C.H.; Scotti, L.; Scotti, M.T. In Silico Studies Designed to Select Sesquiterpene Lactones with Potential Antichagasic
Activity from an In-House Asteraceae Database. ChemMedChem 2018, 13, 634—-645. https://doi.org/10.1002/cmdc.201700743.
Herrera-Acevedo, C.; Dos Santos Maia, M.; Cavalcanti, E.B.V.S.; Coy-Barrera, E.; Scotti, L.; Scotti, M.T. Selection of
antileishmanial sesquiterpene lactones from SistematX database using a combined ligand-/structure-based virtual screening
approach. Mol. Divers. 2021, 25, 2411-2427. https://doi.org/10.1007/s11030-020-10139-6.

Menezes, R.P.B. de; Viana, ]J. de O.; Muratov, E.; Scotti, L.; Scotti, M.T. Computer-Assisted Discovery of Alkaloids with
Schistosomicidal Activity. Curr. Issues Mol. Biol. 2022, 44, 383-408. https://doi.org/10.3390/cimb44010028.

Rodrigues, G.C.S.; Dos Santos Maia, M.; de Menezes, R.P.B.; Cavalcanti, A.B.S.; de Sousa, N.F.; de Moura, E.P.; Monteiro, A.F.M.;
Scotti, L.; Scotti, M.T. Ligand and Structure-based Virtual Screening of Lamiaceae Diterpenes with Potential Activity against a
Novel Coronavirus (2019-nCoV). Curr. Top. Med. Chem. 2020, 20, 2126-2145.
https://doi.org/10.2174/1568026620666200716114546.

Herrera-Acevedo, C.; Perdomo-Madrigal, C.; Herrera-Acevedo, K.; Coy-Barrera, E.; Scotti, L.; Scotti, M.T. Machine learning
models to select potential inhibitors of acetylcholinesterase activity from SistematX: A natural products database. Mol. Divers.
2021, 25, 1553-1568. https://doi.org/10.1007/s11030-021-10245-z.

Barbosa Silva Cavalcanti, A.; Costa Barros, R.P.; Costa, V.C. de O.; Sobral da Silva, M.; Fechine Tavares, J.; Scotti, L.; Scotti, M.T.
Computer-Aided Chemotaxonomy and Bioprospecting Study of Diterpenes of the Lamiaceae Family. Molecules 2019, 24, 3908.
https://doi.org/10.3390/molecules24213908.

Chibli, L.A.; Rosa, A.L.; Nonato, M.C.; Da Costa, F.B. Untargeted LC-MS metabolomic studies of Asteraceae species to discover
inhibitors of Leishmania major dihydroorotate dehydrogenase. Metabolomics 2019, 15, 59. https://doi.org/10.1007/s11306-019-
1520-7.

Reactome. Available online: https://reactome.org/ (accessed on 18 July 2022).

Martinez-Mayorga, K.; Marmolejo-Valencia, A.F.; Cortes-Guzman, F.; Garcia-Ramos, J.C.; Sanchez-Flores, E.I.; Barroso-Flores,
J.; Medina-Franco, J.L.; Esquivel-Rodriguez, B. Toxicity Assessment of Structurally Relevant Natural Products from Mexican
Plants with Antinociceptive Activity. J. Mex. Chem. Soc. 2017, 61, 186-196. https://doi.org/10.29356/jmcs.v61i3.344.
Duran-Iturbide, N.A.; Diaz-Eufracio, B.I.; Medina-Franco, J.L. In silico adme/tox profiling of natural products: A focus on
BIOFACQUIM. ACS Omega 2020, 5, 16076-16084. https://doi.org/10.1021/acsomega.0c01581.

Przybytek, M. Application 2D Descriptors and Artificial Neural Networks for Beta-Glucosidase Inhibitors Screening. Molecules
2020, 25, 5942. https://doi.org/10.3390/molecules25245942.

Barrera-Vazquez, O.S.; Gémez-Verjan, J.C.; Magos-Guerrero, G.A. Chemoinformatic Screening for the Selection of Potential
Senolytic Compounds from Natural Products. Biomolecules 2021, 11, 467. https://doi.org/10.3390/biom11030467.



