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Resumo

Os metabolitos secundarios encontrados em blooms de cianobactérias tém sido
relatados em diversos estudos.

Esses compostos bioativos de cianobactérias podem ter aplicacfes em muitas areas
incluindo cosméticos naturais, antienvelhecimento, abordagens terapéuticas
anticancerigenas, atividade antibacteriana, obesidade e biofilmes. Neste projeto foram
abordadas duas hipéteses principais: 1) Podemos construir um banco de dados de
compostos bioativos de cianobactérias que inclua todas as informac¢des moleculares e
quimicas de diferentes fontes online; 2) Implementacdo de modelos de aprendizagem
de maquina usando o banco de dados final para prever alvos de proteinas com
aplicacdo em terapéutica humana. Para abordar esta hipétese, os bancos de dados
online moleculares e quimicos mais recentes que incluem compostos de cianobactérias
foram fundidos em um banco de dados final. As bases de dados foram unidas usando
como chave primaria as InchlKeys que sao uma hash dos Inchl (Internacional Chemical
Identifier). Além disso um algoritmo de aprendizagem de maquina foi implementado
usando os descritores moleculares e quimicos calculados pelos softwares PaDEL-
descriptor, Mordred e DrugTax para cada um dos compostos bioativos de cianobactérias
armazenados no banco de dados final.

O banco de dados final contém para cada composto o respetivo SMILES (isomérico),
InchlKeys, taxonomia, fonte original do banco de dados, bioensaio experimental, IC50
e alvo. Os descritores quimicos foram calculados e adicionados a cada registo de
composto bioativo usando o descritor PaDEL, Mordred e DrugTax. Esses descritores
moleculares e quimicos permitiram a determinacdo dos compostos de cianobactérias
mais relevantes para fins terapéuticos em humanos usando uma implementacdo de
aprendizagem de maquina. O banco de dados final esta disponivel em um servidor

online em https://cyanobioactivedb.jcresearchteam.com/.



https://cyanobioactivedb.jcresearchteam.com/

Abstract

The secondary metabolites found in cyanobacteria blooms have been reported in several

studies.

These cyanobacteria bioactive compounds can have applications in many fields,
including natural antiaging cosmetics, anticancer therapeutic approaches, antibacterial
activity, obesity, and biofilms. In this project, two main hypotheses were addressed: 1)
Can we build a cyanobacteria bioactive compounds database that includes all molecular
and chemical information from different online sources? 2) Can we implement machine
learning models using the final database to predict protein targets with application in
human therapeutics? To address this hypothesis, the most recent molecular and
chemical online databases that include cyanobacteria compounds were merged in a final
database. The databases were merged using as primary Key the InchlKeys of these
compounds, which are a hash of the INCHI (International Chemical Identifier).
Furthermore, a machine learning algorithm was implemented using the molecular and
chemical descriptors calculated by PaDEL-descriptor, Mordred and DrugTax software

for each of the bioactive cyanobacteria compounds stored in the final database.

The final database contains for each compound the respective SMILES (isomeric),
InchlKeys, taxonomy, database original source, experimental bioassay, IC50, and target.
Chemical descriptors were calculated and added to each bioactive compound record
using the PaDEL-descriptor, Mordred and DrugTax. These molecular and chemical
descriptors allowed the determination of the most relevant cyanobacteria compounds for
therapeutic purposes in humans using a machine learning implementation. The final
database is available on an online webserver at

https://cyanobioactivedb.jcresearchteam.com/.

Keywords: Cyanobacteria; Bioactive compounds; Molecular and chemical descriptors;

Machine learning; Online Database
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1.Introduction

1.1 Cyanobacteria

Cyanobacteria are gram-negative photoautotrophic prokaryotes capable of
photosynthesis, playing a significant role in providing atmospheric oxygen, fixing nitrogen
(N2) from the atmosphere and turning it into ammonia (NHs). Being found in a wide array
of environmental conditions, they inhabit a broad range of habitats all over the world and
have the adaptability to survive in extreme environments from deserts to thermal springs,

hypersaline valleys and volcanic substrates (Seckbach, 2007).

The taxonomy of the cyanobacteria phylum can be established using both
morphologic and genomic information. Considering the genomic information, a recent
study used the 16S rRNA gene to determine the order classification. The phylogenetic
tree based on the 16S rRNA allowed the division of the cyanobacteria phylum into 19

orders, as shown in the adapted Figure 1 (Strunecky, Ivanova, & Mare$, 2023).
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Figure 1- The 16S rRNA phylogenetic tree of cyanobacterial families and orders calculated with a maximum
likelihood algorithm. Adapted from Strunecky et al. 2022.

Although monophyletic, physical differences exist between them, allowing for this
group of prokaryotes to be divided into five subsections regarding their morphological

characteristics. (Table 1).



Types of | Characteristics

Compounds

Subsection | Single cells or aggregates that reproduce by binary fission.
(Order:

Chroococcales)

Subsection Il Similar to subsection | but can undergo multiple fission
(Order: producing small, dispersed cells named baeocytes.

Pleurocapsales)

Subsection 1lI Filamentous cyanobacteria of this subsection have only

(Order: vegetative cells. Made up of a chain of cells called trichomes,

Oscillatoriales) | their reproduction is done through these trichome which
break producing fragments called hormogonia.

Subsection IV Have cell differentiation instead of being composed of only

(Order: vegetative cells like subsection lll. This specialization allows

Nostocales) to some of the cells to acquire new functions for example,
heterocysts are cells specialized in the fixations of Nz but
without producing O.. Nitrogen fixation is an incompatible
process with photosynthesis since nitrogenase is inactivated
by oxygen. Among other types of specialized cells are
akinetes and hormogonia.

Subsection V Additionally, have cell differentiation instead of being

(Order: composed of only vegetative cells like subsection lll. Their

Stigonematales) @ filaments can form heterocysts, akinetes which are nonmotile
dormant cells that are resistant to cold and desiccation and
hormogonia which motile filaments of cells that occur during

vegetative reproduction.

Table 1- Different subsections of Cyanobacteria and their characteristics(Kumar, Mella-Herrera, & Golden,
2010; Melinda L. Micallef, D’Agostino, Sharma, Viswanathan, & Moffitt, 2015; Tomitani, Knoll, Cavanaugh,
& Ohno, 2006).

1.2. Cyanobacteria and their secondary metabolites

Cyanobacteria are one of the most promising groups of microorganisms that could
play a role in pharmacology or biotechnological applications (Shaden A. M. Khalifa et al.,
2021). Cyanobacterial metabolites can possess antimicrobial, antifungal, antiprotozoal,
and anti-inflammatory properties that could be used to develop new drugs that could be
beneficial to humans (R. K. Singh, Tiwari, Rai, & Mohapatra, 2011). The value of the

discovery of natural compounds that could be used in just oncology drugs of marine



cyanobacterial origin is estimated to be anywhere from 37 to 181.5 billion dollars back in
2010 (Erwin, Lopez-Legentil, & Schuhmann, 2010; Ramos et al., 2018).

Secondary metabolites produced by cyanobacteria are compounds that are
produced by the organism but are not necessarily needed for its primary metabolism.
These natural products are often produced in response to environmental stress, either
abiotic or biotic, providing them with an advantage over other species. There exists an
overlap between what is considered a primary and secondary metabolite since some
compounds are required for primary metabolism, but since they are only synthesized by
certain species, they are considered secondary metabolites. Since cyanobacteria exist
in harsh environments and their metabolites originate mostly from environmental stress,

cyanobacteria represent a rich source of natural products.

1.3. Types of secondary metabolites and synthesis

1.3.1. Nonribosomal peptides

Secondary metabolites that are commonly found in cyanobacteria are nonribosomal
peptides (NRPs). These NRPs are produced by enzymes with multiple domains that
create natural products, called nonribosomal peptide synthetases (NRPSs), through
reactions that allow the assembly of proteinogenic and nonproteinogenic amino acids in
a modular way. These synthetases are organized into different domains: condensation
(C), responsible for catalyzing peptide formation and chain elongation; adenylation (A),
responsible for substrate selection; peptide carrier protein (PCP), responsible for binding
the substrate to the enzymatic complex; and thioesterase domains. To realize any future
modifications, since these three domains only synthesize the raw peptide in their
respective biosynthetic pathways, there can also exist additional domains that are
activated, providing structural diversity. (Bethan & Carole, 2018; Marahiel, 2009; M. L.
Micallef, D'Agostino, Al-Sinawi, Neilan, & Moffitt, 2015)

1.3.2. Polyketides

Polyketides are secondary metabolites such as NRPS that are produced through
polyketide synthases (PKS), which utilize acetyl-CoA to produce these natural products.
Furthermore, similar to NRPS, PKS also has domains including an acyltransferase (AT)
domain, an acyl carrier protein domain and a ketosynthase (KS) domain as well as other
domains that allow for further modification. There are three different classes of PKSs
responsible for biosynthesis. Type | PKSs are more commonly found in cyanobacteria
and are large multifunctional enzyme complexes that contain noninteractively acting

domains. Types Il and Ill PKSs are rarely found in cyanobacteria. Type Il PKSs contain



only a single interactively acting domain, and type Il PKSs are homodimeric enzymes

with interactively acting domains.(M. L. Micallef et al., 2015)

In addition to these two already described secondary metabolites, they can also be
NRPS and PKS hybrids, which are composed of the attachment of polyketide utilizing
PKS to nonribosomal peptides in a combinatory biosynthetic pathway producing different
chemical structures with specific roles and bioactivity. Various gene clusters that have
NRPS/PKS and hybrid genes have been identified through whole-genome sequencing.
For example, the microcystin (mcy) gene cluster encodes two PKSs, three NRPSs and
a hybrid NRPS/PKS gene, and it has been found in nine Microcystis aeruginosa
genomes among other species of cyanobacteria. (Bethan & Carole, 2018; Fiore et al.,
2013; M. L. Micallef et al., 2015; Tanabe, Hodoki, Sano, Tada, & Watanabe, 2018)

1.3.3. Ribosomal products

Cyanobacteria also produce a group of peptides synthesized in the ribosome that,
similar to NRPs, can be modified after translation. The natural products resulting from
this process are named RiPPs, and they are synthesized by the postribosomal peptide
synthesis (PRPS) pathway. These compounds produced by the PRPS come from a
precursor peptide that is then posttranslationally altered to create the final RiPP. (Arnison
et al., 2013; M. L. Micallef et al., 2015). There are various families of RiPPs whose gene
clusters are reported to be in cyanobacterial genomes. For example, bacteriocins were
reported to be found in up to 115 genomes of 131 cyanobacterial genomes analysed (M.
L. Micallef et al., 2015). Microviridins are another family of RiPPS known to be able to
inhibit proteases that have been found in 26 cyanobacterial genomes, mainly from the
genera Microcystis and Planktothrix (Arnison et al., 2013; M. L. Micallef et al., 2015;
Philmus, Christiansen, Yoshida, & Hemscheidt, 2008). Finally, cyanobactins are small
cyclic RiPPs that are made of proteinogenic amino acids and have been identified in 32
genomes, although in some cases, they might not be functional. Cyanobactins exhibit a
wide range of activities, including cytotoxic effects and drug-reversing properties. They
have demonstrated potential as bioactive compounds with diverse pharmacological
characteristics. Consequently, cyanobactins are an area of interest in the field of drug

discovery and development.

1.3.4. Alkaloids
Alkaloids are nitrogen-containing compounds that normally have toxic properties.
There are two major alkaloids produced by cyanobacteria, saxitoxin, which is a
neurotoxin known for causing paralytic shellfish poisoning. In contrast to NRPS and PKS

biosynthesis, saxitoxin is created through a series of monofunctional enzymes encoded



by its respective gene cluster that build the core of the saxitoxin and allow further tailoring
reactions. The other major alkaloid group is the hapalindole family, which is a group of
isoprenoid indole alkaloids that are found exclusively in Stigonematales (subsection V)
(Bethan & Carole, 2018; M. L. Micallef et al., 2015).

1.3.5. Isoprenoids

Additionally, known as terpenoids, isoprenoids represent a large family of
compounds, including carotenoids, tocopherol, phytol, sterols, and hormones. A large
variety of terpenoids are produced by cyanobacteria, and these compounds play a role
in the growth and survival of photosynthetic organisms. They play an important role in
the conversion of light into chemical energy and in the assembly and function of
photosynthetic reaction centres such as chlorophylls bacteriochlorophylls, rhodopsins,
and carotenoids (Bethan & Carole, 2018; Pattanaik & Lindberg, 2015).

In cyanobacteria, they are produced through the methylerythritol-phosphate (MEP)
pathway, utilizing glyceradehyde 3-phosphate and pyruvate produced by photosynthesis
as substrates. This pathway leads to the creation of the five-carbon building blocks of
isopentenyl diphosphate (IDP) and dimethylallyl diphosphate (DMADP), which represent
the essential components for the formation of all terpenoids. A variety of these
compounds have properties that are of interest in the pharmaceutical and nutritional

fields and potentially as biofuels.

One group of tetraterpenes of particular importance to cyanobacteria is carotenoid
pigments, a family of compounds with wide structural diversity. They are formed by two
C20 geranyl geranyl diphosphate (GGDP) molecules in a head-to-head condensation
reaction. These natural products play an important role in the synthesis of structural
components in membranes and are essential in photosynthetic membranes and
antioxidative effects and provide protection against the negative effects of free radicals,

stabilizing photosynthetic reaction centers (Pattanaik & Lindberg, 2015).

1.4, Applications of cyanobacterial secondary
metabolites that are currently in use.

There already exists a diverse range of cyanobacterial metabolites that serve
different purposes around the world. They can play a vital role in the sustainability of the
environment, agriculture, and industry. In the future, with the ever-growing human
population and the usage of non-renewable energy presenting an ongoing threat, these

natural products might help reduce the carbon footprint and increase sustainability as



well as improve overall human wellbeing (Pathak et al., 2018; J. S. Singh, Kumar, Rai,
& Singh, 2016).

Considering the European Union’s project for carbon neutrality by 2050

(https://climate.ec.europa.eu/eu-action/climate-strateqgies-targets/2050-long-term-

strateqy en), there are potential applications of cyanobacteria that could help in this goal,
especially their potential as biofuel, providing another renewable energy source and in
the creation of biodegradable plastics. The same applies for Portugal’s own goals in the
search for carbon neutrality and its transition from fossil fuel to other renewable energy

sources (https://www.portugal.gov.pt/pt/gc23/comunicacao/noticia?i=portugal-esta-em-

condicoes-de-antecipar-neutralidade-carbonica-para-2045).

1.4.1.Cyanobacteria as bioremediators

These prokaryotes have the potential to be used as bioremediators since they have
a few advantages over other microorganisms. In addition to being photoautotrophs and
being able to capture atmospheric Ny, they have a high multiplication rate, making them
adaptable and self-sufficient in surviving in highly polluted environments (J. S. Singh et
al., 2016).

As such, they can be used as a tertiary treatment for agroindustry or urban effluents,
helping to reduce the eutrophication of such areas. Currently, cyanobacteria are used as
a low-cost tool in treating residual water from barns since they contain high amounts of
N2 and phosphorus, allowing for the conversion of these minerals into biomass. Species
such as Synechococcus elongatus, Anacystis nidulans and Microcystis aeruginosa have
been shown to be able to degrade many organophosphate-based insecticides and

organochlorines in aquatic systems. (J. S. Singh et al., 2016; Subramaniyan, 2012)

1.4.2.Cyanobacteria as biofuel

Another application of cyanobacteria is as a source of bioenergy, such as biodiesel,
or as producers of biohydrogen. The latter would be the ideal energy source to replace
fossil fuels, but it is still not a profitable source of income due to the low rate of production
of H,. It can also be a source of biogas through the exploration of the anaerobic
processes of these organisms, such as fermentation(J. S. Singh et al., 2016; Tiwari &
Pandey, 2012).

1.4.3.Cyanobacteria as food supplements

In the form of pills or liquids, cyanobacteria can be used as food supplements due to
their digestibility and richness in nutrients. In countries such as Mexico, Chile, Peru, and

the Philippines, certain species are used for human nutrition, such as Nostoc, Anabaena
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and Spirulina. Arthrospira platensis contains a high level of proteins, ranging over 60%,
while being very rich in B1z and beta carotenes (Chittora, Meena, Barupal, Swapnil, &
Sharma, 2020; Prasanna et al., 2010; J. S. Singh et al., 2016).

1.4.4.Cyanobacteria as an anti-pathogenic agent

Some cyanobacteria secondary compounds have a variety of potential antibacterial,
antifungal, antiviral and antialgal properties. The antialgal properties perturb the
physiological and metabolic activities of pathogens, inhibiting their growth (Dahms, Ying,
& Pfeiffer, 2006) and allowing them to be used as biocontrol agents. For example, the
compounds can help inhibit the incidence of Botrytis cinerea, which is a necrotrophic
fungus that causes “gray mold” in strawberries (J. S. Singh et al.,, 2016; Swain,
Paidesetty, & Padhy, 2017).

1.4.5.A source of bioplastics

Cyanobacteria have the ability to produce biopolymer polyhydroxyalkanoates (PHAS)
and other copolymers, such as polyhydroxybutyrate (PHB). This PHB is a material that
exhibits properties similar to polypropylene, which is commonly derived from fossil fuels
such as petroleum, but unlike this material, PHB is biodegradable. This material could
be implemented as an alternative to conventional plastics and reduce the worldwide
impact of the nonbiodegradability of plastics as well as reduce fossil fuel dependency.
Certain genera of cyanobacteria are capable of being a bio factory for bioplastics, such
as Anabaena, Synechocystis, Nostoc muscorum, and Spirulina (Agarwal et al., 2022; A.
K. Singh, Sharma, Mallick, & Mala, 2017).

1.4.6.Cyanobacteria applications in the medical and

pharmaceutical field

The diverse range of compounds produced by cyanobacteria leads to the synthesis
of powerful toxins as well as compounds that are also very important for their anticancer,
antibiotic, anti-inflammatory and immunosuppressant effects. Furthermore,
cyanobacteria have many applications in nanotechnology, either as nanopatrticles of
different types of metals or through the nanobiotechnological processing of their
bioactive compounds. For example, Anabaena, Calothrix, and Leptolyngbya can modify
the shape of gold, silver or palladium nanoparticles, allowing them to possess
antimicrobial effects against various bacteria. In addition, silver nanoparticles also play

a substantial role in impregnating medical equipment, such as surgical masks and



insertable devices, with high antimicrobial effectiveness (S. A. M. Khalifa et al., 2021,
Patel, Berthold, Puranik, & Gantar, 2015; Rajeshkumar et al., 2013).

Computational techniques such as virtual screening (VS) and docking can be used
to find ligand target interactions based on the binding of the system. Docking is used to
predict the binding of small molecules, called ligands, with a target protein and has been
previously used on cyanobacterial compounds in search of inhibitors (Sahu, Mishra,
Kesheri, Kanchan, & Sinha, 2023). Virtual screening is applied to large libraries of
compounds in search of compounds with drug-like properties and is used to help predict
the possibility of binding to a target protein, helping in the identification of potential

compounds for experimental validation.

1.5. Cyanobacteria compound databases
The number of available online sources related to cyanobacteria bioactive
compounds has increased exponentially over the last years. The following databases

include several pieces of information regarding these compounds.

1.5.1.CyanoMetDB

CyanoMetDB is a database developed with the goal of joining disparate information
regarding cyanobacterial secondary metabolites with bioactivity potential. A freely
accessible database (https://zenodo.org/record/7922070#.ZHYCbXbMJPY) was

provided that contained a wide range of compounds and associated them with their

chemical structure. To complete this objective, it utilized its own in-house libraries as well
as other public access databases, such as CyanoMetMass (Le Manach et al., 2019),
The Natural Products Atlas (van Santen et al., 2019), and Microcystins_Miles (Bouaicha
et al., 2019; R. Singh et al., 2017). This database is presented in a flat-file database
containing various fields, including a compound identifier, the compound class, a
simplified molecular-input line-entry system (SMILES) string and both an Internacional
Chemical Identifier (InChl) and a hashed version of the InChl called InchlKey. These last
three entries can be used as a textual identifier of each compound (Heller et al., 2015).
In addition to these fields, some optional fields were also completed. The field “Nuclear
magnetic resonance spectroscopy (NMR) used” is meant to indicate which compounds
were subjected to nuclear magnetic resonance spectroscopy to confirm their structure.
Fields such as “genus”, “species”, and “strain” have the purpose of providing an overview
of the type of sample and its origin. “Field sample” refers to compounds that were
identified in samples from blooms of one or a series of different cyanobacteria species.

The field “Notes” refers to any additional information regarding the compound’s origin or


https://zenodo.org/record/7922070#.ZHYCbXbMJPY

structure. All isomeric SMILES sequences present in the database were also only

included when proper evidence of the compound stereochemistry was provided.

1.5.2.Natural Products Atlas 2.0

The Natural Products Atlas (NPAtlas) 2.0 is a database that continues the work of
the original NPAtlas database and now contains up to 33 373 different compounds. This
database can also be downloaded in a csv file format

(https://www.npatlas.org/download). Each entry in NPAtlas has the chemical structure,

the original isolation reference, and the organism from which it originated. Since it
regards all natural products and not only those that come from cyanobacteria, this
database also contains compounds from different types of bacteria and from fungi (van
Santen et al., 2019; van Santen et al., 2021).

1.5.3.Pubchem and Wikidata

PubChem is a public chemical database that serves as a repository consisting of
three primary databases regarding substances, compounds, and bioassay information.
If a description of a chemical substance is submitted to the Substance database, their
unique chemical structures are then automatically processed through structure
standardization and saved into the compound database. All the data originated from
hundreds of contributors and were organized into various collections organized by record
type. The Substance and Bioassay are data archives, while the Compound collection is
more similar to a knowledgebase for chemicals. All these data can be accessed
interactively through their website (https://pubchem.ncbi.nim.nih.gov/) (Hahnke, Kim, &
Bolton, 2018; Kim et al., 2020).

To obtain any missing information that might not be available or extractable from
PubChem, we utilized Wikidata since it is a common reference for many compounds in
PubChem (https://pubchem.ncbi.nim.nih.gov/source/23756).

1.5.4.ChEMBL

ChEMBL is an open large-scale bioactivity database

(https://www.ebi.ac.uk/chembl/) containing information regarding the binding, functional

and absorption, distribution, metabolism, excretion and toxicity (ADMET) information
regarding many compounds. This data is obtained by manually extracting them from the
medical literature and then procedurally curated and standardized. ChEMBL as of 2017
held approximately 1.6 million different compound structures, and 14 million activity
values were provided from 1.2 million assays regarding approximately 11 thousand
targets. (Gaulton et al., 2012; Gaulton et al., 2017)
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For our work, ChEMBL was used to retrieve bioassay information for the compounds in

our database. The values we retrieved were related to four different types of bioactivities:

a) IC50 represents the concentration of the substances required to inhibit 50% of
the enzyme’s activity; if the value of IC50 is low, the potency of the substance is
higher.

b) Ki, which is the inhibition constant, represents the measure of the binding affinity
of an enzyme and its inhibitor and represents the concentration of the inhibitor
required to have 50% inhibition of an enzyme’s activity. The lower the Ki value is,
the stronger the binding between the enzyme and the inhibitor.

c) INH stands for inhibition presented as a percentage representing a substance
that can bind to a biological molecule and decrease or inhibit its activity.

d) MIC is the minimum inhibitory concentration, which means it is the lowest
concentration at which an antimicrobial agent inhibits the growth of a

microorganism.

1.5.5.ChemSpider and Octaparse

ChemSpider is a completely free, online chemical database that offers its users
access to different characteristics of its compounds, including its physical and
chemical properties, its molecular structure and even its nomenclature. It contains
up to almost 25 million unique chemical compounds that were collected from nearly
400 different data sources (Pence & Williams, 2010).

As a possibly important and popular database in the field of chemistry and in
scientific research in general, the need for compounds to be correctly linked to their
corresponding webpages across a different database is paramount to help users

ease of use.

A way to accomplish such a task may rely on web scraping tools such as

Octaparse (https://www.octoparse.com/); this tool allows its users to extract data

from various websites with the benefit of not needing any coding knowledge. Its ease
of use comes from its point and select system that allows its users to click on the
information we want to collect and allows for the use of loops through a series of keys

for mass extraction of data.

1.6. Molecular descriptors and fingerprints

1.6.1.Molecular representations and relation to descriptors

The data stored in the different previously described databases can show several

features of the chemical cyanobacterial compound molecular structure. In this context,
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different representations of each molecule can be used. Depending on the
representation of the molecule, the kind of molecular descriptor produced is different; for
example, a chemical formula represents the simplest form of representation of a
molecule; as such, it is referred to as a 0D molecular descriptor. Molecular descriptors
originating from a substructure list are defined as 1D molecular descriptors; they are
easy to understand and are normally used for similarity/diversity analysis and virtual
screening of large chemical databases. 2D molecular descriptors, also known as
topological descriptors, are the most popular two-dimensional representations that
contain the atomic composition and information regarding the connection of the atoms in
the molecule. Another form of descriptors is 3D molecular descriptors that contain spatial
information regarding the position of the atoms as well as their connection and allow for

each atom to have a defined position on a three-dimensional scale.

1.6.2.Molecular descriptors and fingerprints

Molecular fingerprints are used to represent the structure of a molecule in an
encoded way, normally represented in a series of binary digits that indicate the presence
or lack of any structure in the molecule. There are two main categories of molecular
descriptors: experimental descriptors, which represent all the experimental data, such as
the octanol-water partition coefficient, polarizability and other physiochemical
characteristics obtained through the specified experimental procedure. The other
category is theoretical descriptors obtained by specified molecular algorithms applied to

a molecular representation.

1.7. Implementation of PaDEL, Mordred and Drugtax
descriptor calculators

1.7.1. PaDEL, an open-source descriptor and fingerprint calculator
PaDEL-Descriptor is open-source software that can calculate molecular descriptors
and fingerprints and is able to calculate up to 1875 different descriptors for each
compound, including 3D descriptors as well as 10 types of fingerprints. These descriptors
are determined with the aim of providing a model for predicting the biological activity of

new compounds.(Moriwaki, Tian, Kawashita, & Takagi, 2018; Yap, 2011)

This software was developed through Java language and is composed of two
different components. The library component is self-contained, can function on its own
and is capable of being integrated into other quantitative structure-activity relationship
(QSAR) software. There is also the interface component, which provides a graphical user
interface (GUI) and command line interface allowing the user to select program options

and even individual types of descriptors and fingerprints to be calculated as required by
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the library component. For a more specific and detailed description of how the software
works, check (Yap, 2011). The reasons for selecting PaDEL-Descriptor were that it has
both an easy-to-use GUI interface that simplifies the work being done and supports
various platforms and a wide range of molecular file formats. Allowing us to cut the time
of various conversions of file formats. Other advantages of PaDEL-Descriptor are its
speed, which is faster than similar descriptor calculators such as the Chemistry
Development Kit (CDK), and the ability to calculate up to ten different fingerprints more
than its direct competitors. Finally, the greatest advantage of choosing this software is

that it is free.

1.7.2. Mordred descriptor calculator

Mordred is a descriptor calculator capable of calculating up to 1800 different
descriptors per compound with the aim of being easily installed, having a high calculation
speed and including automated tests. To facilitate its own installation, Mordred uses a
range of libraries that, aside from RDKIT (open-source cheminformatics library written in
C++ with Python bindings) and Numpy, are coded in Python to simplify its installation,
and these two libraries, although not coded in Python, are widely used in Python libraries
and can be easily installed. The high number of base descriptors present in Mordred
along with the ability to add more through passing parameters for new descriptors makes
it a valid descriptor calculator to be used as an alternative QSAR study. Regarding
performance when compared to other similar software tests, Mordred was two times
faster than PaDEL-Descriptor software and as such was shown to be much more
efficient.(Moriwaki et al., 2018)

The basis for picking Mordred software was its easy installation, the flexibility it
provides and the relative speed at which it calculates its descriptors, allowing for quick

results when running various tests.

1.7.3. DrugTax
DrugTax is a Python package for the characterization of small molecules. Utilizing
SMILES as an input, we extract the taxonomic information and up to 163 features of the
compounds. Some of these features will be presented in the form of categorical values
that refer to different chemical definitions. The determination of whether one compound
is organic or inorganic depends on it having one carbon atom, which leads to it being

categorized as an organic compound, although there exists some exceptions to this rule.

1.8. Machine learning models and Orange software

Machine learning (ML) methods have been widely used to establish predictive tools

considering the molecular and chemical characteristics of different types of compounds
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(Keith et al., 2021). Furthermore, since the primary hypothesis of this thesis is the
development of a curated database of cyanobacteria bioactive compounds and a
complete set of their chemical features to be used in developing ML models. These
models would serve as a prediction for possible compound-target interactions that could

prove helpful in developing human therapeutic approaches.

Machine learning has been previously used in predicting binding affinity utilizing
biochemical descriptors and targets of compounds in training datasets (D'Souza, Prema,
& Balaji, 2020; Seko, Togo, & Tanaka, 2018). A series of different ML algorithms can be

applied utilizing the chemical descriptors.

In this work, we utilized the KNN, Random Forrest, Gradient Boosting and AdaBoost
ML algorithms. KNN (K-Nearest-Neighbours) is a machine learning algorithm utilized
with both classification and regression that utilizes proximity to make its predictions and
classifications, classifying an instance depending on most of a class of its K nearest
neighbours. This algorithm can be computationally expensive when utilized on large
datasets (Taunk, De, Verma, & Swetapadma, 2019; Zhang, 2016).

Random forest is an ML algorithm that utilizes decision trees to make predictions.
Each of these trees is trained utilizing a random subset of data and features. Its final
prediction is an averaging of each individual tree. It is an algorithm that is robust to
overfitting and is able to handle large datasets but is hard to interpret (Breiman, 2001,
Cutler, Cutler, & Stevens, 2011).

Gradient boosting is an ensemble learning method that utilizes decision trees, but in
this case, they are used as weak learners that are combined to form a strong learner.
Each new model that is trained is used to reduce the errors made by the previous tree.
Overfitting more easily occurs, but it also has the potential to be more accurate (Natekin
& Knoll, 2013; Xuan et al., 2019).

AdaBoost is also an ensemble learning algorithm working on the same base of
addition in stages, utilizing several weak learners to obtain a strong learner. It gives
higher weights to samples that are misclassified and adjusts the weights each time it
utilizes a weak classifier, giving more emphasis to difficult examples (Gu, Xie, He, &
Zhang, 2018; Schapire, 2013).

The implementation of ML algorithms onto calculated biochemical descriptors can be

done with programs such as Orange (https://orangedatamining.com/), which is a

machine learning and data mining program built on Python scripting. Similarly with

Octaparse despite being built on Python it does not need any code writing skills to use
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and implement. Orange offers a user-friendly design that allows users to complete a
series of different tasks, including machine learning, by supporting a high number of
different ML models and allowing for data preprocessing that permits the selection of the
columns of most interest for our models. Additionally, it also allows us to validate and

analyse our results through its test, train and validation functions.

To measure the results obtained from the ML algorithms employed above, we utilized
a series of different values, including the area under the curve (AUC), classification

accuracy (CA), F1 score, precision, recall and Mathews correlation coefficient (MCC).

The AUC value is the value under a receiver operating characteristic (ROC) curve
and is seen as a good measure for evaluating the performance of classifiers (Melo,
2013). The classification accuracy represents the percentage of predictions our model
correctly predicted. The F1 score is a harmonic mean of the precision and recall, allowing
it to penalize extreme values of both. Precision is the ratio of correctly classified positive
samples compared to the total number of classified positive samples. Recall is utilized
to measure how well the model detects positive samples; hence, the higher the recall is,
the more positive samples were detected. The final evaluation metric is the Matthews
correlation coefficient; the higher the value is, the better the classification performance.
It considers true positives, true negatives, false positives, and false negatives to rate the

model’'s performance.

1.9. Main hypothesis

In short, the main question we try to answer with this work is whether it is possible to
create a freely available cyanobacteria compound database that contains their chemical
descriptors. Additionally, the final database will be accessible, obtainable, and reusable
for other models and studies, including for example, machine learning applied to the
descriptors that have been calculated. The two main hypotheses of this project are: 1)
To build a free online cyanobacteria bioactive compound database that includes all
chemical information from different online sources and 2) To implement machine learning
models using the final database to predict protein targets with applications in human

therapeutics.
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2.0bjectives

The primary objective of this project was to create an online database that focuses
on natural cyanobacterial compounds. The database was designed to be curated,
regularly updated, searchable, downloadable, and aligned with the aim of meeting the
principles of Findability, Accessibility, Interoperability and Reusability (FAIR). This
database includes chemical descriptors, fingerprints, and associated bioassay targets.
Additionally, we have successfully accomplished several other objectives throughout the
development process, which include:

1. Establish a curated database specifically dedicated to the most recent
bioactive compounds derived from cyanobacteria (CBCs).

2. Develop a semiautomated workflow that utilizes data mining techniques to
retrieve cyanobacteria-derived compounds from various sources, including
scientific articles and databases.

3. Utilize up-to-date software tools to calculate molecular descriptors and
fingerprints for each CBC.

4. Create an online database that adheres to FAIR principles by incorporating
the collected information.

5. Design and implement a machine learning (ML) algorithm capable of
predicting potential targets for compounds present in the database, utilizing
the calculated molecular descriptors.

The overarching aim of this work is to integrate in a free online final database
(CyanoBioactiveDB) the existing cyanobacterial databases and their chemical
descriptors, as well as any cyanobacteria-derived compounds available in publicly
accessible databases such as PubChem or ChEMBL. By calculating descriptors and
fingerprints for these compounds, we intend to prepare them for future implementation
in virtual screening and molecular docking calculations. Our objective is to unify and add
new molecular and chemical features of each compound by identifying common
elements and establishing connections that facilitate the merging of relevant information
between different existing cyanobacteria databases.

By achieving these objectives, our work aims to contribute to the knowledge and
research on cyanobacteria natural compounds, facilitate their discovery and exploration,
and potentially enable the development of new industrial applications and human

therapeutic approaches.
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3.Materials and Methods

3.1.

Retrieval of cyanobacteria bioactive compounds

We initially developed a workflow to retrieve the highest amount of information for

each already described bioactive compound from different cyanobacteria online

databases. We used the following databases considering their relevance in the field:
CyanoMetDB (Jones et al., 2021), PubChem (Kim et al., 2020), NPAtlasDB (van Santen
et al., 2019; van Santen et al., 2021) and ChEMBL (Mendez et al., 2018). We developed

a procedure considering the different column fields in each database as follows:

1) Downloading the CyanoMetDB database file named “CyanoMetDB_v02_2023.csv”
from the link https://zenodo.org/record/7922070#.ZHYQ5XbMJPZ, the file contains
2605 different compounds:

a) To optimize our database structure, we utilize a Python script on a Jupyter

notebook to curate CyanoMetDB:

)

ii)

The number of references present in the database is not necessary for our
goals, and some of the columns will not be used, so we remove them with the

following command:
0I; a orl; authors?2; etc.

2", "Url No2",
Journal; Vol, ;

"Strain

W NQ o
r ope€

d ", "Notes

Nevertheless, this information can be recovered using the primary key to
merge the original source database information.

We resolved the problem of string values marked as "n.a." by substituting
them with appropriate missing values. This adjustment avoids any conflicts
that might arise during future debugging tests or analysis.

Additionally, we addressed the concern of using a semicolon (";") as a
separator in the "Genus" column, which could interfere with saving the file in
CSV format. To overcome this issue, we replaced the semicolon with a slash
("/") as the separator, ensuring smooth file saving in the desired format.

To accomplish these modifications (ii and iii), we utilized the following code:
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2)

3)

1)

2)

cyanodb=cyanodb.replace("n.a.",np.nan)

A

cyanodb["Genus"]=cyanodb["Genus"].str.replace(";","/"
cyanodb.to csv("CyanometDB Curated.csv",sep=";"

Download of the Natural Products Atlas Database (NPAtlasDB) file from their website

(https://www.npatlas.org/download):

a) Upon acquiring the database, our next step involved curating NPAtlasDB due to
the presence of 33 372 compounds that were not exclusively derived from
cyanobacteria:

i) To accomplish this, we utilized a Python script that specifically selected
compounds with "Bacterium" listed in the "origin_type" column. This filtering
process effectively narrowed down the compounds to only those originating
from bacteria.

ii) Furthermore, we generated a comprehensive list of cyanobacteria genera
and employed it to filter the "genus" column in the database. This filtering step
ensured that only compounds of cyanobacterial origin remained in the
dataset. As a result, we obtained a final file containing approximately 1965

distinct compounds.

To obtain cyanobacteria compounds, we accessed the PubChem database by

visiting the PubChem website (https://pubchem.ncbi.nim.nih.gov/) and conducting a

search for "cyanobacteria compounds". After retrieving the search results, we
specifically selected the compounds of interest and proceeded to download the

corresponding database.

3.2. Merging databases and collecting missing

information

Before proceeding with merging, we create for each database a column named after
itself containing a string value “True” to describe if the compound is present in that
database.

To merge the databases, we utilize the InchiKeys present in a column in each
database, and as such, it is optimal to rechange the names of the columns to the
same name, so the merge is done within only this one column. Utilizing the panda
module merge function, it is important to define the merge to be an “outer” merge, so
all the information is saved, and the corresponding rows are connected, but we do
not lose the ones with no corresponding values between databases. The databases

were merged in the following order:
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3)

4)

i) CyanoMetDB merges with PubChem to form the Cyano_PubChem table
containing 2922 compounds and 60 different columns.
i) Cyano_PubChemDB then proceeded to merge with NPAtlasDB, creating the
Cyano_Pubchem_Atlas data frame containing a total of 3537 compounds and
92 different columns.
At this stage, we create a duplicate of the Cyano_Pubchem_Atlas database called
"all merges". In this copy, we address the missing values in columns related to
compound presence across the databases by filling them with the value "False".
Subsequently, we proceed to generate a series of new columns by merging existing
columns within the database and filling any missing values with the available
information. For instance, we combine data from two different columns to populate
the "Isomeric Smiles" column. If a row already contains a value, we prioritize the
columns originating from CyanoMetDB as the base column, as it provides the most
reliable and validated data pertaining to cyanobacteria.

Using an Octaparse workflow, we searched the PubChem/Wikidata and ChemSpider
databases to find information such as the PubChem CID and information regarding
the genus and isomeric SMILES of the compounds in our database. In addition, we
utilize a similar workflow for the extraction of compounds that are also present in
ChemsSpider. The workflow loops through the InchlKeys of the compounds in our
database, making an individual search through these websites retrieving the
information about each compound.

a) PubChem information:

i) Due to the way both Octaparse collects information and the way it is stored
on PubChem, the resulting file needs to be curated. For that purpose, we
created a python script that loads the file retrieved from Octaparse and
curates the data by dividing the file into different tables regarding isomeric
and canonical SMILES, taxa, and the PubChem compound identifier (CID),
and then they are joined into one data table under the variable “curated”. The
code shown below omits certain parts present in the script to help interpret

the process.
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b)

mericl ["Te
- 8

1 ["Te "]
icl.columns [

, "Textl1l5" ]=="PubChem CID"
Py ()
> 14"]
ID"]=ID["Textl6"]
1,

nl["Te

["INnChIKey taxonl ["Te:
nl .drop (t ]

er",on="InChIKey")

l1l1["Canon 11 ["Te
11 ["InChIK = NnC extl4"]
i nonicall.columns [

ChemSpider Information:
Regarding the information obtained from ChemSpider, it must be more readily
obtained than PubChem and allows for a simple concatenation of the obtained

file from our Octaparse workflow and the compound database.
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3.3. Collecting the bioactivity information where available

Considering the importance of discriminating the number of compounds with already
experimental validation using different methodologies, we updated the database to
include this information. To obtain the data and merge it with the database, we used
three different Python scripts:

1) The first script, “Obtain_Chembl_ID”, obtains the ChEMBL IDs of the compounds
from our database by utilizing InchiKeys as a search term. To accomplish this, we
built a function called “inchikey_search” that utilizes the pandas and csv modules as
well as the “new_client” function from the “chembl_web_resource_client” module that

is available at https://github.com/chembl/chembl webresource client. We utilize this

function by selecting the “Inchlkey_final” column as a variable and running it as a list

of targets of the function.

def inc ke search (targets) :
moll []
.DataFrame ()

=target)

ule structures': {'standard cey': target}}
ormalize (new row,

2) The second script, “Obtain_Chembl_Activity”, was created with the goal of utilizing
newly acquired ChEMBL IDs as a search variable for a custom-built function with the
goal of obtaining the respective bioactivity information. For this script, we utilized the
requests, pandas, json and csv modules as well as the URL provided with the
ChEMBL web services API live documentation

(https://www.ebi.ac.uk/chembl/api/data/docs).
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3)

ity CHEMBL (target 1list):

Finally, with the “Mergin_Chembl_activity” script, we load the
“Compound_Chembl_Activity” csv file and create a function called
“create_activity_column” that takes in 2 variables. The first is the name we want our
new column to have, and the second variable is which type of activity was targeted
and subsequently creates a column with only data values from that type of activity.
We created the columns IC50, KI, INH, and MIC.

olumn (name of column,

str (name_ of column) ] tivities.quer
ctivity') ["value"]+a vities["units

Z ivities[str (name of column) ]=activities[str (name of column) ]
.fillna ("None")

activities[str (name of column) ]=activities[str (name of column) ]
.astype (

create activity column ("IC50","IC50")
create activity column ("Ki", "Ki")
create activity column ("INH", "INH")
create activity column ("MIC", "MIC")

From there, we only want to keep the activities of these four types of activity, and so
we restrict our data table to only the bioassay activities regarding these 4 types. The
“target_chembl_id” column is then split into two columns, one containing only the
integer part of the target, so we can sort the targets properly in ascending order. The
lines are then grouped by their individual “molecule_chembl_id”, giving a separator
for each entry. These compounds are then merged with the compound ID file
retrieved in step i) and finally merge the columns of interest with our compound

database through InchiKeys.
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3.4. Molecular and chemical descriptor calculation

To analyse the molecular and chemical properties of each cyanobacterial compound,
we employed three software programs: a) PaDEL-descriptor, b) Mordred, and c)
Drugtax. Through the following workflow, thousands of chemical descriptors were

calculated for the compounds:

a) PaDEL-descriptor methodology

i) Conversion of the database to SD format was performed through DataWarrior
(Sander, Freyss, von Korff, & Rufener, 2015). This process is easily
performed by opening DataWarrior, creating a new file from there, creating a
text column and then simply copying and appending the data from your
csv/excel file to Datawarrior.

i) With the data loaded on DataWarrior, there were certain rows of compounds
that were incorrectly displayed. They ‘re easily found by selecting the
compound column and ordering in inverse order and returning to regular
order. To solve this problem, we simply open the csv file in a program such
as Notepad+ and search for the SMILES of the compounds wrongly displayed
and proceed to remove the spaces and new lines from these rows. Then, we
simply reload the csv file in Datawarrior as previously mentioned.

iif) After successfully copying the information, select file>save special and save
as an SD file. From here, select the column containing the Isomeric Smile
structure, “Structure of Smile_Isomeric” and the compound name as the
“Compound” column for proper identification and save the file.

iv) Utilizing the Open Babel GUI program (O'Boyle et al., 2011), load the SD-file
onto the program, ensure that the input format is the same as the file type
(SD-file) and define the output format as a MOL file type.

v) Load the MOL-file to the PaDEL-descriptor software to define an output
directory and then run the PaDEL-descriptor. If at any point PaDEL fails to
conduct its normal process, it is advised to proceed from step i) but load only

500 compounds into DataWarrior and create several SD files.

b) Mordred molecular descriptor calculator methodology

(https://github.com/mordred-descriptor/mordred):

i) To utilize Mordred, we need to first install it through our Anaconda command

prompt with the command:

conda install -y -c rdkit -c mordred-descriptor mordred
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i) Utilizing a python script, we imported both the pandas module and Mordred.
We create a descriptor calculator with the following command:
iii) The database is then loaded and divided into a subset that only contains the

rows containing isomeric smiles, and the index is reset.

cyanoterz=cyanoter.dropna ( =["Smiles Isomeric"])

cyanoterZ2=cyanoter2.reset index( =True)
cyanoter?2

iv) From there, the isomeric smiles are converted into mol values with the

command:

mols = [Chem.MolFromSmiles(smi) for smi in cyanoter2.Smiles Isomeric]

v) We then utilize the pandas module and the descriptor calculator created in
step i) to calculate the descriptors of smiles in a data frame. After the
calculation is complete, we join the Mordred results with the compound

database:

df = calc.pandas (mols2)

cyanoter? descriptors=pd.concat ([cyanoter2,df],

cyanoter? descriptors

¢) DrugTax Python module methodology:

i)  We initially imported the drugtax and pandas module and created a class
called “drugtax_of database” with an initializer function that referred to the
file that was called, the column of the file that we wanted to analyse and the
name we wanted for the output file. Another function called “run_drugtax” can
be divided into two parts. The first utilizes the drugtax module on each SMILE
and appends them to a list. The second part turns this list into a text file in a

way that it can later be turned into a proper csv file.
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iii) The next command in the script simply turns the text file created by the class

and function above into a csv file.

file=pd.read csv("Re

file.to csv ("F
="utf-8

3.5. Statistics

Due to the nature of the data table and the way information is stored, we created a
new file in each entry of a genus or of a target that is correctly registered. For that
purpose, we created the Python script (“Creation_of graphics_and_targets”) that
separates each line entry by the number of genera or different targets present for each

compound and changes the format of the columns referring to the presence of the
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compounds in the original databases. These files will allow us to build the charts utilized

on our website.

",np.nan)
one", np
.a.",np

("n
("n

3.6. Machine learning-based target file.

To make this file, similar techniques as above were implemented, including the
“create_activity_column”, but in this case, only applying it to the IC50 values and their
respective targets since this metric has the most associated bioassays values and as
such gives us the most information possible without mixing evaluation metrics. From
these IC50 bioassays we obtain a series of targets that are molecules involved in
pathways leading to various diseases. Only this column was created, so we only selected
compounds and targets where this inhibition metric occurred. We completed the same
process as done before, but the purpose of the file created (“OnlylC50.csv”) is to be
utilized as a base file where we attach the calculated descriptors of the various programs

and proceed to its proper preparation to be applied in an ML workflow.

3.7. Machine learning implementation

For implementation of the base target file in a predictive machine learning workflow,
we first must separate our list of targets into a new column (“Individual_targets”)
containing only one target per row. These targets represent biological complexes or cell
lines, normally related to diseases,possessing an active binding site that can allow drug-
like compounds to interact with them. Utilizing the targets as categorical variable for our
machine learning model we implementing the descriptors as features of the model

predict possible new target-compound interactions. After we reduced the number of
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classes (individual targets), our file was limited to only those that appeared in a minimum
of 25 instances in our database. This process resulted inl1l final categorical targets.
Since there was a large discrepancy between the minority and majority classes, we
implemented an oversampling approach to our data, utlizihng the
“imblearn.over_sampling” module to make it more balanced. This approach resulted in
a total of 2750 different instances of compound-target interactions. The 11 classes are
represented by the 11 different targets: CHEMBL3419, CHEMBL364, CHEMBL382,
CHEMBL384, CHEMBL387, CHEMBL3879801, CHEMBL391, CHEMBL396,
CHEMBL398, CHEMBL399, CHEMBL612545.

Regarding the calculated descriptors, some did not produce any kind of interpretable
result since at times certain values were divided by 0 through the descriptor calculator
software and returned a text response, so they were removed from the database.
Descriptors that had less than 80% interpretable values were removed, considerably
reducing their number in both PaDEL and Mordred.

3.8. Machine learning models

To determine if the final curated database with molecular and chemical descriptors
can be used to predict the putative binding affinity to the different types of targets, we
implemented a bioinformatics machine learning workflow. The procedure used in another
study (Carneiro et al., 2023) allowed the implementation of 4 different machine learning
(ML) models: Gradient boosting, Random Forest, AdaBoost and KNN. The automatic
update of the molecular and chemical descriptors allows for correct classification of the
associated types of targets used in different bioassays. The methodology we used to

build an ML model based upon the IC50 bioassay targets was as follows:

1. Loading of the created csv file onto the workflow and properly selecting the
“Individual_targets” column as the target column and as a classifier.

2. Selection of the cyanobacterial compound molecular and chemical features that
allowed the highest information gain using an Orange workflow that ranks the
descriptors through 4 properties: info. Gain, Gain ratio, Gini and X2.

3. Training of the database of cyanobacteria with 80% of the compounds from the initial
database.

Validation of the ML models using a testing dataset (20% of the initial database).

A 20-fold cross-validation procedure with all the data. A 10-fold cross-validation
procedure is more commonly used, but a higher number may allow for a better
performance of the model.

6. ROC analysis was utilized to verify the quality of the models.
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7. The top 25 descriptors of Mordred, PaDEL and Drugtax have also been saved in new

data tables.

3.9. Free online Linux hosting database implementation

A free online webserver was used to make the curated cyanobacteria bioactive
compounds database freely available to everyone. The website was implemented using
WordPress, which is a free open-source website creation platform that is one of the
easiest and most powerful website builders. WordPress websites utilize WordPress as
its content management system (CMS), powering both the backend and frontend of the
website. For the uploading and displaying of the data tables on our website, the
installation and use of two plug-ins, the first being Big File Uploads, allows us to define
our own size limit to the files that can be uploaded to the WordPress media library

(https://wordpress.org/plugins/tuxedo-big-file-uploads/). The second plug-in is

wpDataTable, which allows us to create graphs of the data tables and easily displays our
data (https://wordpress.org/plugins/wpdatatables/). For the development of the

CyanoBioactiveDB website, we selected the riverbank theme as our foundation and
customized it to suit our requirements. This allowed us to effectively showcase the
unique characteristics and features of our database. Editing the website is done entirely
through the WordPress Gutenberg editor. This platform utilizes blocks to build upon the
website so we can add any type of information in the form we wish and preview what it
looks like on a PC, tablet, and phone screen. To incorporate the data tables into the
media library for utilization with the wpDataTable plugin, it is necessary to upload the

files in Excel format to ensure appropriate column formatting.

The availability of all source code and databases from the following methodology is

available at https://cyanobioactivedb.jcresearchteam.com/cyanoterdb/download/.
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4.Results

4.1. Cyanobacteria bioactive compound database

To obtain the cyanobacteria putative bioactive compounds final database
(CyanoBioactiveDB), the methods to merge information between different online
cyanobacteria databases were applied. Exactly 2605 compounds were obtained from
the CyanoMetDB, another 403 from the PubChem database and 1965 from the
NPAtlasDB. From the merging of these three databases, we ended up with a database
of 3436 different compounds since some of them were the same between databases.
Table 1 shows the first ten compounds in our data table. We limited it to only four columns
of the database because of formatting issues caused when importing it in Microsoft Word
due to the SMILES and other columns.

Compound Compound_name Classes_of _compounds Genus_of_origin
Cyano_0001 Anhydrohapaloxindole B other linear nonpeptide Hapalosiphon
Cyano_0002 Columbamide B other linear nonpeptide Lyngbya/Moorea
Cyano_0003 Columbamide C other linear nonpeptide Lyngbya/Moorea
Cyano_0004 Columbamide D other linear nonpeptide Moorea
Cyano_0005 Columbamide E other linear nonpeptide Moorea
Cyano_0006 Companeramide A other cyclic peptide Leptolyngbya
Cyano_0007 Companeramide B other cyclic peptide Leptolyngbya
Cyano_0008 Floridamide other cyclic peptide Lyngbya/Moorea
Cyano_0009 Malyngamide Y other linear nonpeptide Lyngbya/Moorea
Cyano_0010 Laucysteinamide A other linear nonpeptide Caldora

Table 1- Table containing the first ten entries in the database and the first 4 columns.

From these source databases, we observed that CyanoMetDB and NPAtlasDB

contained the highest number of retrieved bioactive compounds, as described in Chart

1.
Number of compounds by database before
adding missing data
3000 2605
1965
2000
0 I
PubChem_DB NPAtlas_DB CyanoMet_DB

H Total

Chart 1-Distribution of the number of cyanobacteria bioactive compounds by original database source.
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Nevertheless, utilizing InchlKeys as a search term for the bioactive compounds
allowed us to obtain missing information not contained in the original merge and add to
it the bioassay values for the compounds that were present in ChEMBL. As a result of
this process, we found that many compounds were present in PubChem despite not
being initially obtained through the PubChem search (Chart 2). Additionally, we
confirmed that only 724 compounds had any bioassay information regarding the selected
types (Chart 2). The reduction of the obtained number of numbers in both CyanoMetDB
and NPAtlasDB can be explained by repeated entries that were removed and

compounds not containing InchiKeys.

Number of compounds by database after missing data collection

3000
2506
2500 2219
1962
2000
1500
1000 724
- .
0
ChEMBL_DB NPAtlas_DB PubChem_DB CyanoMet_DB

Chart 2-- Distribution of the number of cyanobacteria bioactive compounds after collecting missing
information and bioassay experimental values. Total represents the sum of all occurrences of the compound
in each database.

The phylogenetic distribution, considering the genus, of the number of
compounds is shown in Chart 3. The existence of higher numbers of Microcystis
compounds in the database can be explained considering that hepatotoxic microcystins
are the most widespread class of cyanotoxins, and as such, a higher number of studies
have been conducted in this genus. Cyanobacterial blooms can be accompanied by
various cyanotoxins, one of which is microcystins, produced by species of Microcystis
that can promote tumours and are hepatoxic, making them extremely dangerous(Pham
& Utsumi, 2018; SvirCev et al., 2017).
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Chart 3- Distribution of the number of compounds by each genus across the cyanobacteria phylum
considering 35 occurrences as the lower threshold.

Regarding the classes of compounds in Chart 4, we found a high number of
nondefined cyclic and linear peptides in our database, followed by microcystins, which
are the most widespread group of cyanotoxins capable of causing cyanobacterial
poisoning. These toxins behave like hepatotoxins and are able to inhibit protein
phosphatases, which in turn will create phosphorylated proteins and damage liver cells
(Lopes, Silva, & Vasconcelos, 2022). Cyanopeptolins are nonribosomal peptides
produced by different genera of cyanobacteria, such as Microcystis or Anabaena. These
compounds have been found to be toxic to aquatic organisms and exhibit enzyme
inhibiting capabilities, more specifically serine proteases. (Mazur-Marzec et al., 2018).
Anabaenopetin inhibited carboxypeptidase-A, protein phosphatase 1, and elastase. Its
primary application lies in its potential as an inhibitor of thrombin activatable fibrinolysis
inhibitor, making it a promising candidate for antithrombotic mechanisms (Monteiro, do
Amaral, Siqueira, Xavier, & Santos, 2021; Vercauteren, Gils, & Declerck, 2013).
Aeruginosins are powerful inhibitors of serine proteases even at low concentrations. Its
structural characteristics allow it to have affinity for binding with trypsin and other serine
proteases. These proteases are related to the development of tumours and metastasis
(Ahmed et al., 2021; Ersmark, Del Valle, & Hanessian, 2008; Martin & List, 2019;
Tagirasa & Yoo, 2022).
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Chart 4- Distribution of the number of compounds by their chemical class in the cyanobacteria final
database (CyanoBioactiveDB).

In Chart 5, we can verify which targets were most used in experimental assays
regarding our compounds. The field containing the information for the experimentally
validated bioactive compounds allowed the discrimination of the different targets, as
shown in Chart 5, which displays the fifteen most tested targets on compounds in our
website. The targets “CHEMBL261" (n=190), “CHEMBL205” (n=300) and
“CHEMBL3594” (n=38) refer to carbonic anhydrases I, Il and IX, respectively, and
carbonic anhydrases Il and IX have been linked to human cancer development
(Haapasalo et al., 2007; Pastorekova & Gillies, 2019). “CHEMBL3932” also refers to

carbonic anhydrase in Methanosarcina thermophila.

In addition to these targets, “CHEMBL382" (n=44), “CHEMBL387” (n=43),
“CHEMBL384” (N=56), “CHEMBL394” (n=32), “CHEMBL396" (n=40), “CHEMBL399”
(n=54) and “CHEMBL399” (n=44) also refer to the cell lines CCRF-CEM, MCF7, HT-29,
HTC-116 NCI-H460, KB and Hela, which are important for cancer studies. The first
refers to a cell line used in oncology as well as human acute lymphoblastic leukemia T
cells, the second is important in studying breast cancer, the third and fourth refer to
human colorectal cancer, and the fifth refers to lung cancer. The sixth and seventh cell
lines are both cervical carcinoma cell lines.(Elemam, Al-Jaderi, Hachim, & Maghazachi,
2019; Lee, Oesterreich, & Davidson, 2015; Martinez-Maqueda, Miralles, & Recio, 2015;
Moore, Weise, Zawydiwski, & Thompson, 1985; Qamar et al., 2021; Townsend et al.,
2017; Vaughan, Glanzel, Korch, & Capes-Davis, 2017). The “CHEMBL204” (n=35) target
refers to thrombin, a serine protease that is important in platelet aggregation (A. R. Anas
et al.,, 2012). “CHEMBL3419” (n=42) is a protease known as carboxypeptidase B2
isoform A related to fibrinolysis (Halland et al., 2015). The data collected can be used to

help further improve human therapeutic approaches in cancer, which can be achieved
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by performing virtual screening of the compounds stored in the database to search the

compounds with higher binding affinity to these targets.

The remaining targets were not directly related to human molecules, and some
did not contain any information readily available, such as “CHEMBL612545” (n=712) or
“CHEMBL3879801” (n=85), which is described only as nonmolecular.

Other targets still refer to pathogens that affect humans. Some of the more
important ones are “CHEMBL352” (n=66), which refers to the organism Staphylococcus
aureus, which is a common human pathogen and causes a series of infectious diseases,
including endocarditis osteomyelitis and even lethal pneumonia (Guo, Song, Sun, Wang,
& Wang, 2020). The target “CHEMBL364” (n=60) is also an organism Plasmodium
falciparum known for causing malaria in humans transmitted mostly by an Anopheles
mosquito bite. (Joste et al., 2019). “CHEMBL354” (n=34) is the ChEMBL id for
Escherichia coli, a well-known bacillus that can cause intestinal and other diseases in
humans (Braz, Melchior, & Moreira, 2020). “CHEMBL368” (n=31) refers to Trypanosoma
cruzi, a parasite that is known to cause Chagas disease in humans (A. R. J. Anas et al.,
2012). “CHEMBL391” (n=32) refers to Chlorocebus sabaeus and was used for testing
cytotoxicity in the Vero cell line (Carina, Elisabete, & Elsa, 2013).

Most used targets in the database bioassays
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Chart 5- Distribution of the occurrences of each target in the retrieved bioassay values of our database (Top
20 targets by number of occurrences)

Regarding the obtained bioactivity information (Chart 6), we were able to obtain
6067 different bioassay results, of which 3538 were of the desired test type. Of these
results, we verified that 1604 were from IC50 assays, 1165 from Ki, 397 from INH and
372 from MIC. As such, we verified that 45% of the bioassays with obtained values were
from IC50 assays, 33% were from Ki assays, and 11% were from MIC and INH assays
(Chart 7).
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Chart 6- Distribution of the type of methodology used to ascertain the bioactive potential of the cyanobacterial
bioactive compounds.

Percentage of activities collected

11%

45%

s MIC = INH =Ki =IC50

Chart 7- Percentage of distribution of the 4 types of methods to measure bioactive potential in
CyanoBioactiveDB.

4.2. Machine learning model implementation and

evaluation

Considering our second hypothesis concerning a machine learning model
implementation to address the search for putative protein targets of cyanobacteria
bioactive compounds, the developed workflow was executed. We employed the machine
learning model workflow depicted in Figure 2 to determine the classification of our
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compounds based on protein targets used in various bioassays. Initially, our prepared
database was loaded, and we utilized the “Individual_target” column and assigned it the
categorical label to enable accurate prediction of similar chemical compounds using
distinct chemical descriptors from PaDEL-descriptor, Mordred, and Drugtax. The
structure of the workflow remains the same, only differing which files are loaded.

To identify the most informative descriptors, we selected 25 descriptors with the
highest “info.gain” value ranked through Orange3’s own rank function. Subsequently, the
data were sampled and subjected to four different machine learning algorithms (gradient
boosting, random forest, AdaBoost and kNN) in both the test and training sets (shown in
the right part of Figure 2), along with a 20-fold cross-validation (shown in the left side of
Figure 2). The outcomes of the training, testing, and cross-validation were analysed for
the Mordred descriptors, PaDEL descriptors, and DrugTax, as depicted in Figure 2.
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Figure 2-Orange software workflow used to implement the machine learning algorithms with the descriptors
as features and the bioassay proteins as targets.

4.2.1. Feature selection

Regarding the features selected, the Oranges3 rank function allowed us to select
the top 25 features by the “info. Gain” metric. This function selected the following features
in Mordred: ATS7dv, SssO, PEOE_VSA3, NssO, ATS8DV, piPC6, VSA_Estate9, Xc-
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6dv, piPC5, nO, VSA_Estateb, piPC7, IC3, ATSC5se, NdssC, piPC8, NssNH, ATSC5pe,
piPC10, SlogP_VSA1, nHetero and IC4.

For PaDEL, the features selected were MDEN-22, nTG12Ring, nAtomLAC,
nHBAcc, C4SP3, nHBAcc2, MDEN-12, nHBAcc_Lipinski, nHBDon_ Lipinski, nBondsD,
nBondsD2, nBondsS3, nHBDon, nBondsM, C1SP3, nTRing, AATSC5c¢, nN, AATSCZ2c,
MDEO-12, nBondsS2, nBondsS, piPC10, nAtomP and GATS2c.

DrugTax’s top 25 features were char_C, char_N, char_Og, char_-, char_., char_],
char_#, char_B, char_\, organophosphorus, organosulfur, char_Si, carboxyl,
phenylpropanoids_and_polyketides, char_=, negative, char_@, hydrocarbon, char_+,

positive, char_P, aromatic_rings, benzenoid, organic_nitrogen and organic_salt.

4.2.2. Mordred results

Utilizing the Mordred calculated descriptors, we obtained the values in chart 8
and table 2 regarding the area under the ROC curve (AUC), classification accuracy, F1,
precision, recall and Matthews correlation coefficient. These metrics are represented in
values between 0 and 1. Chart 8 shows that the values of these evaluation metrics were
generally higher in the training dataset, although this good performance does not
necessarily be a good indication of the models’ applicability with new data. The test
dataset results are better to see the model's generalization when utilizing new data..
Despite this fact, the test dataset results are still promising, with AUCs between 0.93 and
0.983, classification accuracies between 0.7 and 0.771, F1 scores from 0.694 to 0.763,
precision scores between 0.721 and 0.771, recall values between 0.7 and 0.771 and
MCC values varying from 0.7 to 0.742. With the goal of obtaining a better estimate of the
model’'s performance, a 20-fold cross-validation test was also performed. In general, the
algorithms that performed better utilizing these descriptors were Gradient Boosting,
which presented better overall values, followed by AdaBoost and Random Forest, which
had similar results, while KNN underperformed in both datasets and in cross-validation

and presented worse results across all evaluation metrics.
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Random Forest

0,981
0,793
0,789
0,791
0,793
0,773

0,986
0,801
0,794
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0,801
0,783
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Chart 8- Results of the implementation of the 4 different types of machine learning algorithms built using the
top 25 Mordred descriptors as features on the training, testing and 20-fold cross-validation datasets.

Model Type of test AUC | CA F1 Prec Recall MCC
Gradient Average 0,983 | 0,786 0,781 0,786 0,786 0,772
Boosting

Cross 0,983 | 0,799 0,793 0,797 0,799 0,779

Validation

Train 0,986 | 0,804 0,798 0,802 0,804 0,804

Test 0,979 | 0,756 0,753 0,759 0,756 0,733
AdaBoost Average 0,982 | 0,785 0,781 0,783 0,785 0,764

Cross 0,981 | 0,785 0,782 0,783 0,785 0,764

Validation

Train 0,985 | 0,800 0,794 0,796 0,800 0,781

Test 0,979 | 0,771 0,767 0,768 0,771 0,748
Random Average 0,981 | 0,787 0,782 0,789 0,787 0,766
Forest

Cross 0,981 | 0,793 0,789 0,791 0,793 0,773

Validation

Train 0,986 | 0,801 0,794 0,805 0,801 0,783

Test 0,976 | 0,765 0,763 0,770 0,765 0,742
kNN Average 0,930 | 0,731 0,730 0,761 0,731 0,717

Cross 0,929 | 0,735 0,740 0,791 0,735 0,715

Validation
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Train 0,935 | 0,759 0,756 0,772 0,759 0,736
Test 0,925 | 0,700 0,694 0,721 0,700 0,700

Table 2- Values of the test, training and 20-fold cross-validation databases utilizing the top 25 features in
Mordred. The values in bold represent the average value of the models.

4.2.3. PaDEL descriptors

Utilizing the Padel calculated descriptors, we obtained the values in chart 9 and
table 3 regarding the area under the ROC curve (AUC), classification accuracy, F1,
precision, recall and Matthew’s correlation coefficient. These metrics are represented in
values between 0 and 1. As before, the values of these evaluation metrics were generally
higher in the training dataset. The test dataset presented an AUC between 0,931 and
0,980, classification accuracy values from 0,727 and 0,753, F1 scores from 0.726 to
0.752, precision between 0.759 and 0.777, recall values between 0.727 and 0.753 and
MCC values varying from 0.702 to 0.730. The algorithms that performed better utilizing
these descriptors were Gradient Boosting and Random Forest, while AdaBoost
underperformed in every metric except for AUC. kNN underperformed all metrics of
evaluation in both datasets and in cross-validation. In all applications of the kNN
algorithm, the utilization of the descriptors calculated through PaDEL provided the best

results.

PaDEL Results

Cross Cross Cross Cross
Validati  Train Test Validati Train Test |Validati Train Test |Validati Train Test
on on on on
Gradient Boosting AdaBoost Random Forest kNN

mAUC 0983 0,987 0,980 0,982 0,984 0,980 0,981 0,98 0,977 0,926 0,949 0,931
mCA 0,776 0,805 0,753 0,767 0,768 0,727 0,778 0,802 0,751 0,727 0,757 0,727
F1 0,776 0,802 0,752 0,769 0,768 0,726 0,778 0,799 0,749 0,730 0,761 0,731
Prec 0,779 0,804 0,777 0,773 0,780 0,759 0,778 0,805 0,770 0,764 0,775 0,761
mRecall 0,776 0,805 0,753 0,767 0,768 0,727 0,778 0,802 0,749 0,727 0,757 0,727
mMCC 0,754 0,786 0,730 0,744 0,746 0,703 0,756 0,783 0,726 0,727 0,734 0,702

EAUC mCA F1 Prec M Recall mMCC

Chart 9-Results of the implementation of the 4 different types of machine learning algorithms built using the
top 25 PaDEL descriptors as features on the training, testing and 20-fold cross-validation datasets.

Model Type of test AUC CA F1 Prec Recall MCC
Gradient Average 0,983 0,778 0,777 0,787 0,778 0,757
Boosting
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Cross Validation | 0,983 0,776 0,776 0,779 0,776 0,754
Train 0,987 0,805 0,802 0,804 0,805 0,786
Test 0,980 0,753 0,752 0,777 0,753 0,730
AdaBoost Average 0,982 0,754 0,754 0,771 0,754 0,731
Cross Validation | 0,982 0,767 0,769 0,773 0,767 0,744
Train 0,984 0,768 0,768 0,780 0,768 0,746
Test 0,980 0,727 0,726 0,759 0,727 0,703
Random Forest Average 0,982 0,777 0,776 0,784 0,776 0,755
Cross Validation | 0,981 0,778 0,778 0,778 0,778 0,756
Train 0,986 0,802 0,799 0,805 0,802 0,783
Test 0,977 0,751 0,749 0,770 0,749 0,726
kNN Average 0,935 0,737 0,741 0,767 0,737 0,721
Cross Validation | 0,926 0,727 0,730 0,764 0,727 0,727
Train 0,949 0,757 0,761 0,775 0,757 0,734
Test 0,931 0,727 0,731 0,761 0,727 0,702

Table 3- Values of the test, training and 20-fold cross-validation databases utilizing the top 25 features in
PaDEL. The values in bold represent the average value of the models.

4.2.4. DrugTax

Utilizing the Drugtax calculated descriptors, we obtained the values in chart 10
and table 4 regarding previously mentioned evaluation metrics. As before, the values of
these evaluation metrics were generally higher in the training dataset. The test dataset
presented an AUC between 0,918 and 0,978, classification accuracy with values from
0,722 and 0,751, F1 scores from 0.723 to 0.750, precision between 0.736 and 0.759,
recall values between 0.722 and 0.751 and MCC values varying from 0.694 to 0.726.
The algorithm that performed best utilizing these descriptors was random forest, which
slightly outperformed Gradient Boosting, AdaBoost and kNN on both datasets and in

cross-validation.
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Chart 10- Results of the implementation of the 4 different types of machine learning algorithms built using
the top 25 Drugtax descriptors as features on the training, testing and 20-fold cross-validation datasets.

Model Type of test AUC CA F1 Prec Recall | MCC
Gradient Boosting Average 0,979 0,776 0,772 0,783 0,776 0,755
Cross Validation 0,980 0,778 0,771 0,780 0,778 0,757
Train 0,987 0,808 0,804 0,813 0,808 0,790
Test 0,970 0,742 0,740 0,755 0,742 0,718
AdaBoost Average 0,982 0,778 0,776 0,779 0,778 0,756
Cross Validation | 0,981 0,772 0,768 0,772 0,772 0,750
Train 0,987 0,810 0,808 0,809 0,810 0,792
Test 0,978 0,751 0,750 0,756 0,751 0,726
Random Forest Average 0,981 0,847 0,845 0,784 0,781 0,760
Cross Validation | 0,980 0,777 0,771 0,782 0,780 0,759
Train 0,988 0,813 0,810 0,812 0,813 0,794
Test 0,975 0,749 0,746 0,759 0,749 0,725
kNN Average 0,927 0,742 0,742 0,755 0,742 0,727
Cross Validation | 0,913 0,728 0,728 0,745 0,728 0,703
Train 0,948 0,775 0,776 0,784 0,775 0,784
Test 0,918 0,722 0,723 0,736 0,722 0,694

Table 4- Values of the test, training and 20-fold cross-validation databases utilizing the top 25 features in
Drugtax. The values in bold represent the average value of the models.

During our work, we discovered that Drugtax might not properly calculate

compounds containing hydrogen since the SMILES it outputs after the initial input does
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not contain their corresponding hydrogens. As such, the information and model obtained
from this descriptor must be taken with this information into account and be handled with

caution and displaying this overarching issue.

In summary, utilizing the Mordred descriptors Gradient Boosting, AdaBoost and
Random Forrest presented their best overall results when considering all models and
tests, while KNN presented its worst result of all implementations. When using the
PaDEL-calculated descriptors, its best models were Gradient Boosting and kNN, which
had results similar to the Drugtax descriptors model. Finally, the Drugtax model

presented the best results for the KNN algorithm.

4.3. Validation test

To obtain a better assessment of the performance of our Mordred machine learning
workflow, we utilized a new database obtained from BindingDB, and the data we used
were drawn from PubChem and its 2D structures. This is done since this new acquired
data only has compounds with known binding capability to its targets and has such allows
for a proper analysis of the model’s predictive capabilities with known compound-target
connections. For this database, the same methodology was applied to limit the number
of prediction classes and descriptors. Utilizing the chemical structures in this file and
Datawarrior, we are able to determine their SMILES, which are then run through Mordred
to obtain their respective descriptors. This database also had a high number of individual
entries totalling 41148 different interactions, with Homo sapiens as its target species,
from which we utilized Datawatrrior to calculate the smiles from the compound structures.
This process allows us to calculate the Mordred descriptors that can then be applied in

our models as features for predicting possible targets for compound-target interaction.

In this database the targets are identified by their Unitprot primary ID and were as
follows: 075116, P00519, P00533, P03951, P07858, P07900, P07949, P10696,
P17612, P21453, P21462, P25090, P28562, P28566, P30305, P34949, P35398,
P36888, P42858, P61981, Q01196, Q07817, Q13285, Q15139 Q16548, Q99500,
V9GZ37. Since our limit is 25 occurences and this database contained more data the
number of targets that were present increased from 11 to 27. From there, we applied
same oversampling technique to the database and then used it in our Mordred model
since it provided the best results in the previous test, and we obtained the results in Chart
11 and Table 5. From the test data we can verify that there is big decrease in the
evaluation metrics for gradiant boosting all the metrics besides AUC had their values
between 0.615 and 0.628 and where comparatively lower than with our

CyanoBioactiveDB. The Random Forrest algorithm presented the best results overall in
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this database followed by Adaboost and then kNN. These algorithms had generally lower

results also when compared to their implementation on the CyanoBioactiveDB but with

a lesser difference of values than what is seen in gradiant boosting.
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Chart 11- Results of the implementation of the 4 different types of machine learning algorithms built using
the top 25 Mordred descriptors as features on the training, testing and 20-fold cross-validation datasets from

the validation database.

Model Type of test AUC CA F1 Prec Recall MCC
Gradient Boosting | Average 0,966 | 0,658 0,654 0,660 0,658 0,645
Cross Validation | 0,965 | 0,660 0,656 0,663 0,660 0,648
Train 0,972 | 0,685 0,685 0,687 0,685 0,673
Test 0,961 | 0,628 0,621 0,631 0,628 0,615
AdaBoost Average 0,974 | 0,747 0,746 0,753 0,747 0,738
Cross Validation | 0,947 | 0,750 0,748 0,748 0,750 0,741
Train 0,991 | 0,766 0,765 0,774 0,766 0,758
Test 0,984 | 0,725 0,724 0,737 0,725 0,715
Random Forest Average 0,988 | 0,763 0,761 0,768 0,763 0,755
Cross Validation | 0,987 | 0,762 0,761 0,762 0,762 0,754
Train 0,992 | 0,785 0,784 0,791 0,785 0,777
Test 0,985 | 0,742 0,739 0,750 0,742 0,733
kNN Average 0,927 | 0,707 0,702 0,706 0,707 0,696
Cross Validation | 0,913 | 0,660 0,656 0,663 0,660 0,648
Train 0,943 | 0,756 0,753 0,756 0,756 0,747
Test 0,925 | 0,704 0,698 0,700 0,704 0,693

Table 5- Values of the test, training and 20-fold cross-validation databases utilizing the top 25 features
calculated by Mordred in the validation dataset. The values in bold represent the average value of the

models.
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4.4, Free online database

The main hypothesis was validated by creating the CyanoBioactiveDB database and
making it accessible through a free online database website. To ensure easy access for
academic and corporate research companies, scientists and the general public, a
WordPress website was developed. The homepage of the website (Figure 3) provides
an overview of the database contents, including statistical analysis. Users can explore
detailed information about the compounds and their molecular and chemical descriptors
(Figures 4 and 8). Finally, we allow any visitor to search for any type of information in the
database and allow the download of that information (Figure 9). The data stored on the
website follow the FAIR principles, which allows a fast search of the cyanobacterial
compounds of interest and export the data in several formats. These formats allow the

reuse of the data and interoperability with other computational tools.

On or main page we highlight the main characteristics of our database and the
information you can find on our website from the number of compounds, classes, and
unique targets. Additionally, we also highlight the descriptors calculated from our

database and the ML algorithms we utilized these descriptors for their calculations.

P bacteria Bioacti d datab forth oy

What is CyanoBicActivedb?

3431 3132 373

Bioactive compounds Compounds containing their Classes Unique targets

Cyanabacteria maiscules wih bioactivty (INGHIKEYS and SMILES) Clossification of different cherical structures All et turgets from ChEMBL

e

Learning

4 ML Models

Feature

3027

Molecular Descriptors Drugtax Features

cular deseri PaDEL and Mordred software. ok chemical faxonemy. Machine learning algorithm

Figure 3-Front page of the CyanobioactiveDB website, which contains a brief description of this database
and its purpose as well as its main characteristics.

The webpage “Cyanobacteria” (Figure 4) of the website contains a series of
submenus with a summary of what cyanobacteria are, their applications, a description of

their compounds and links to other databases utilized to create this database.
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_ Applications of Cyancbacteria  What are Cyanobacteria Bioactive Compounds?  External links

Cyanobacteria are gram-negative photoautotrophic prokaryetes capable of photesynthesis, playing a significant role in providing atmospheric oxygen, as well as fixating nitrogen{N5) from the
atmosphere turning it into ammonialNH3).

Being found in a wide array of environmental conditions they inhabit a broad range of habitats all over the world and have the adaptability to survive in extreme environments from deserts to thermal

springs, hypersaline valleys and volcanic substrates.

Cyanobacteria are one of the most promising groups of microorganisms that could play a role in pt or bi

CCBY4.0PT Privacy Policy

Figure 4-Cyanobacteria page of the CyanobioactiveDB website.
On the Statistics page (Figure 5), we created several submenus containing

different distributions of key elements in our database. The charts and analysis focused

on highlighting the sources of the compounds in our database, as well as the distribution

of the top 20 most occurring genera and targets.

Statistics

This database contains a collection of several different databases and agter we compiled this information we made a analysis of ingormation acquired.

Di of for each l Distribution mmam ‘ Distribution of fop 20 genus present in the database  Distribution of the top 20 targets

Figure 5-Statistics page of the CyanobioactiveDB website.

In Figure 6, the website permits a search for a variety of terms, including SMILES,
InchlKeys and other information from the database columns, and then the download will
be only of the selected rows from the search parameter. These csv files can be reused
to calculate new descriptors or utilize the database already containing descriptors for use
in other ML models.
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Figure 6-Database page of the CyanobioactiveDB website. In this example, we searched for any row that
originated from the “moorea” genus, and the database returned the following entries that allowed for their

download.
In Figure 7, when selecting “Biochemical Descriptors”, a submenu is presented,
listing the names of the different descriptor calculators used. Each name serves as a link

to an individual dataset containing the descriptors.

lew ¢ EditPage SpeedyCache

Mordred

PaDEL
Cyanobacteria Bioactive compound database for therapeutic apj

Drugtax

What is CyanoBioActivedb?

CyanoBioActivedb is a database a diverse range of b derived from iaand is:

Curated, D and follows the FAIR principles

The information store in this database is usable in virtual screening and docking computational techniques

3431 3132 373
Bioactive compounds Compounds containing their Classes Unique targets
Cy o molecules with bioactivity INCHIKEYS and Classcationot different chamical shoctires All retrieved targets from ChEMBL

SMILES)

Feature Learning
=
https://cyanobioactivedb jcresearchteam.com/cyanoterdb/biochemical-descriptors/

o

Figure 7- Main page of CyanoBioactivedb selecting the submenu of the Biochemical Descriptors tab.
These datasets can be downloaded and accessed, allowing users to view the main

molecular and chemical descriptors when applied to an ML algorithm. Alternatively, users

can click on the "Biochemical Descriptors" option, which takes them to a page providing

a description of what a descriptor is (Figure 8).
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Biochemical Descriptors

There are two main categories of molecular descriptors: experimental descriptors, which represent all the experimental data, such as the octanol-water

partition coefficient, polarizability and other physiochemical characteristics obtained through the specified experimental procedure.
The other category is theoretical descriptors obtained by specified molecular algorithms applied to a molecular representation.

Molecular fingerprints are used to represent the structure of a molecule in an encoded way, normally represented in a series of binary digits that indicate the

presence or lack of any structure in the molecule.

Biochemical descriptors on our website were obtained using Mordred PaDEL and Drugtax software.

Figure 8- Biochemical descriptors page of CyanoBioactivedb presenting a short description of what
biochemical descriptors are.

This page likely explains the concept of descriptors and their significance in the
context of the database and ML algorithms. By providing both the option to access
individual descriptor datasets and offering an explanation of descriptors themselves, the
website ensures that users have the resources and information they need to understand
and utilize the molecular and chemical descriptors effectively (Figures 9, 10 and 11).

Mordred

Mordred is a descriptor calculator capable of calculating up 10 1800 different descriptors, in this case 1613, with the aim of being easily i having a high fion speed and i ing automated
tests.

In this datatable we can find the top25 descriptors utilized as features in our ML algorithms that were obtained from the Mordred descriptor calculator. These descriptors were ranked utilizing the

“info.Gain" for the model. For the full 1613 descriptors database check the Downloads page.

Mordred_Top_25_desc

®Print MExcel WMCSV 1M Copy
Show 25 ~ entries Search:
Individual_targets - Compound - Compound_name - Classes_of_compounds - Genus_of_origin - Smiles_Canonical -
CHEMBL204 Cyano_0482 Cyanopeptolin 1020 Cyanopeptolin Microcystis CCCCCC(=0N[CeeH)(CCC(=0)0)C(=0)N[CeH]I[CaH)OC(=0)[Ce@H](NC(=0)
CHEMBL204 Cyano_0819  Cyanopeptolin 5§ Cyanopeptolin
CHEMBL204 Cyano_0929  Nostocyclopeptide Al other cyclic peptide Nostoc
CHEMBL204 Cyano_1006  Aeruginosin 103A Aeruginosin Microcystis CCOCIC(CCCNIC(=N)N)NC(=0)C2CC3CCC(CC3IN2C(=0)CICC4=CC=C(C=C4)O)l
CHEMBL204 Cyano_1051 Aeruginosin A Aeruginosin Oscillatoria/Planktothrix
CHEMBL204 Cyano_1079  Aeruginosin 102A Aeruginosin Microcystis CICC(CINICHICI=N)NJOINC(=0)C2CCICCC(CCIN2C(=0)C(CC4=CC=C{C=C4)Q)H

Figure 9-Mordred page of CyanoBioativedb website containing a database of the top 25 descriptors from
the Mordred descriptor calculator when ranking descriptors using info. Gain, Gain ratio, Gini and X2.



PaDEL descriptors

PaDEL-Descriptor is open-source software that ¢ ip and fingerprints and is able to calculate up to 1875, in this case 1414 different descriptors.

The reasons for selecting PaDEL-Descriptor were that it has both an easy-to-use GUI inferface that simplifies the work being done and supports various platforms and a wide range of molecular file
formats. Allowing us to cut the time of various conversions of file formats. Other advantages of PaDEL-Descriptor are its speed, which is faster than similar descriptor calculators such as CDK, and the
ability to calculate up to ten different fingerprints more than its direct competitors. Finally, the biggest advantage for choosing this software is that it is free.

In this datatable we can find the top25 descriptors utilized as features in our ML algerithms that were obtained from the PaDEL descriptor calculator. These descriptors were ranked utilizing the

“info.Gain" for the model.For the full 1414 descrip check the Downl page.
PaDEL_Top_25_desc
®print EExcel MCSV 18 Copy
Show 5  + entries Search:
Individual_targets «+ Compound - Compound_name - Classes_of_compounds - Genus_of_origin - Smiles_Canenical -«
CHEMBL204 Cyano_0482 Cyanopeptolin 1020 Cyanopeptolin Microcystis CCCCCC(=0)N[Ca@H](CCC(=0)0)C(=C)N[CaH][CaH](OC(=0)[CaaH](NC(=0)
CHEMBL204 Cyano_0819  Cyanopeptolin S5 Cyanopeptolin
CHEMBL204 Cyano_0929  Nostocyclopeptide Al other cyclic peptide Nostoc
CHEMBL204 Cyanco_ 1006  Aeruginosin 103A Aeruginosin Microcystis CCOCIC(CCCNIC(=N)N)NC(=0)C2CCICCC(CCIN2C(=0)C(CC4=CC=C(C=C4)Q)

Figure 10-PaDEL page of CyanoBioativedb website containing a database of the top 25 descriptors from
Padel when ranking descriptors using info. Gain, Gain ratio, Gini and X2.

Drugtax

DrugTax is a Python package for the ch ization of Il molecules. Utilizing SMILES as an input, we extract the taxonomic information and up to 163 features of the compounds.

In this database we can find the top25 descriptors utilized as features in our ML algorithms that were obtained from Drugtax . These descriptors were ranked utilizing the “info.Gain" for the model. For

the full descriptors database check the Downloads page.

Drugtax
®print MExcel MCSV 1M Copy

Show 25 ~ entries Search:

Individual_targets -~ Compound - Compound_name - Smiles_Canonical -

CHEMBL1829 Cyano_0035 Trichophycin C ClCeH](CC[Ca@H](O)C/C(=C/CNHCCI=CC=CC=ClIC[CeaH](C)[C¢ J(C)C/C=C/CI

CHEMBL1829 Cyano_0036 Trichophycin D C#CCCC/C(=C\CNC[CaH](0)CC[CaeH](C)C[CeaH])(C)[CeaH)(0)C/C=C/CI

CHEMBL1829 Cyano_0039 Tricholactone COC1=CC(=0)0[Ce@HI([CaH](C)CICe@H](C)CC(CI=0)CT

CHEMBL1829 Cyano_0043  Tolytoxin CO[CeHIC[CeeH2CC=C[CaaH](C[CeaH)(OC)[CeaH)(ONC=CIC)C=C/C(=0)0[CeH]([CaeH](C)[CeaH](O)CaeH](C)CCC(=0)[CaH)(C
CHEMBL1829 Cyano_0332 Trichormamide D CCCcCCCClCea@HNICC(=0IN[C@H](C(=0)N/C(=C/C)/C(=0)N2CCC[CaH]2C(=0)N[C@H](C(=O)N[Ca@H](C(=0)N[Ca@H](C(=0)N[CeH)(C(=O
CHEMBL1829 Cyano_1016 Cryptophycin 8 CCICNC(=0)C(NC(=0)C=CCC(OC(=0)C(OCI=0)CC(C)CIC(C)C(C(C2=CC=CC=C2)CI)O)CC3=CC(=C(C=C3)OC)CI

CHEMBL1865 Cyano_0035  Trichophycin C CICeH](CCICe@HI(0)C/C(=C/CNCCI=CC=CC=C)C[CeeH](C)[CeaH](0)C/C=C/CI

Figure 11- DrugTax page of the CyanoBioactive website containing a database of the top 25 descriptors
from the DrugTax program when ranking descriptors using info. Gain, Gain ratio, Gini and X?.

For users who wish to check our ML workflow and wish to apply it to their own
databases or use ours in their own workflows or with other algorithms besides the ones
we have chosen, all the needed files are contained in the “Machine Learning” page
(Figure 12).
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Machine Learning

ML Mordred workflow files ML PaDEL workfiow files ML Drugtax workflow files

Workflow to be added.

onlylC50 Mordred ML -Mordred descriptors for use in ML.

.

CCBY 4.0PT Privacy Policy

Figure 12-Machine Learning page of CyanoBioativedb website that contains the files regarding our applied
machine learning algorithm including the descriptors used and the workflow itself.

Finally, for all the available downloadable content in our database and the process

utilized in creating it, the download page contains a series of different databases, the ML

orange workflows and the Python files utilized in forming it (Figure 13).

Download
Bellow you can find a series of downloadable excel and SQL files regarding all the databases.

Top 25 D D Orange D Python files
BioActivedb -Main database excel file.
OnlyIC50 Mordred results -Excel file with compounds IC50 values and the Mordred calculated descriptors.

OnlylC50_Drugtax -Excelfile with compounds IC50 values and the Drugtax calculated descriptors.

Padel IC50 -Excelfile with compounds IC50 values and the Pad calculated descriptors.

CCRY40PT Privocy Policy d

Figure 13- Download page of CyanoBioativedb website containing all the major data tables regarding the
website.

Taking into account the online availability of the CyanoBioactiveDB database, our
initial hypothesis has been completely addressed. We successfully created a
comprehensive database of bioactive compounds derived from cyanobacteria,
encompassing molecular and chemical information gathered from various online
sources. Additionally, we fulfilled our second hypothesis by utilizing machine learning
models that leverage the final database to predict protein targets with potential

applications in human therapeutics.



5.Conclusion

In conclusion, we were able to fully address the specific objectives derived from our
two main hypotheses. The specific objectives fully achieved were as follows: 1) We
established a curated free online database dedicated to cyanobacteria bioactive
compounds and their molecular and chemical descriptors. 2) We implemented a
semiautomated workflow utilizing data mining techniques to retrieve cyanobacteria-
derived compounds from various sources, including articles and databases. 3) Utilizing
the most up-to-date software tools, we were able to calculate molecular descriptors for
compounds containing isomeric SMILES with the possibility of including calculations
from canonical SMILES in the future. 4) We created an online database that adheres to
FAIR principles by incorporating the collected information. 5) We designed and
implemented a machine learning (ML) algorithm capable of predicting potential targets
for compounds present in the database, utilizing the calculated molecular descriptors.
This ML algorithm has been minimally validated through the several metrics we utilized
to measure in evaluating its performance. Our models showed that regarding the
algorithms when utilizing Mordred descriptors, Gradient Boosting, AdaBoost and random
forest obtain better results, while the kNN algorithm favors the Drugtax descriptors. The
use of our validation test also proves the possible applications of this model in large

datasets.

In the future, this work includes the possibility of collecting the compounds of this
database for utilization in docking and virtual screening approaches, from which this
database can provide some information regarding other fields, such as drug discovery.
The ongoing collection of bioassay information will also help in the future to improve the
ML algorithm by providing more data entries that can help improve results. In addition,
the implementation of other ML algorithms in addition to those tested might lead to better

results.
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6.0utput of this work

Directly from this work, the main scientific contributions were as follows:

An online database available at our website called CyanoBioActiveDB

(https://cyanobioactivedb.jcresearchteam.com/) contains cyanobacteria

compounds with their bioassay information and their chemical and
molecular descriptors. The website also allows for a series of different
data tables to be downloaded containing the full database, the molecular
descriptors of the compounds utilizing three different descriptor
calculators: PaDEL, Mordred and Drugtax and a data table containing the

“top 25 “descriptors from our ML workflow for each of them.

A scientific poster presented at IJUP 2023 at Rectory University of Porto
(http://dx.doi.org/10.13140/RG.2.2.25674.75208).

A machine learning algorithm also available at our website that utilized
the descriptors as features was used to create three databases containing
their top 25 descriptors when applied to the different origins of the

database.
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