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Abstract
Compound databases of natural products play a crucial role in drug discovery
and development projects and have implications in other areas, such as food
chemical research, ecology and metabolomics. Recently, we put together the
first version of the Latin American Natural Product database (LANaPDB) as a
collective effort of researchers from six countries to ensemble a public and
representative library of natural products in a geographical region with a
large biodiversity. The present work aims to conduct a comparative and ex-
tensive profiling of the natural product-likeness of an updated version of LA-
NaPDB and the individual ten compound databases that form part of LA-
NaPDB. The natural product-likeness profile of the Latin American
compound databases is contrasted with the profile of other major natural
product databases in the public domain and a set of small-molecule drugs ap-
proved for clinical use. As part of the extensive characterization, we employed
several chemoinformatics metrics of natural product likeness. The results of
this study will capture the attention of the global community engaged in nat-
ural product databases, not only in Latin America but across the world.
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1 | INTRODUCTION

In addition to studies on biological diversity and ecology,
natural products (NPs) have a unique and favorable
property profile that is particularly useful in drug discov-
ery [1]. It is therefore of most importance to collect avail-
able NPs and make them available for the identification
of new bioactive molecules. The first chemoinformatics
analysis that involved a compendium of natural product
(NP) collections in the public domain was published
over ten years ago [2] while the number of public

databases has increased significantly in the past few
years. As extensively reviewed elsewhere [3–5], more
than twenty NP collections are organized by, for exam-
ple, source (e.g., plants, fungi metabolites, marine) and
geographical region (e.g., country or continent). In this
context, Latin America is one of the largest biodiverse
regions in the world. Hence, several countries have been
developing NP collections and making them public [6].
In a collective effort to join NP databases in a single pub-
lic repository, six countries so far have joined efforts and
have put together a unified database termed the Latin
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American Natural Product Database (LANaPDB) that
currently holds more than 13,000 compounds [6,7]. The
database is freely available at https://github.com/alexgo-
ga21/LaNaPDB. Such efforts are contributing to further
advancing the progress of chemoinformatics in Latin
America [8].

Quantifying the NP-likeness of compound libraries is
a relevant feature to fully characterize the contents of
compound databases from their natural origin. For in-
stance, to prioritize the most or least suitable libraries for
a drug discovery project involving virtual screening and
designing NP-like libraries [9]. To this end, several che-
moinformatics metrics have been developed and used
[9–13]. For instance, a new NP-likeness score based on a
trained neural network was recently developed by some
of the authors which can differentiate very well between
NPs and synthetic molecules (SMs) [13]. Concerning the
profiling of Latin American databases, the authors pre-
viously conducted an NP-likeness study of the Mexican
database BIOFACQUIM [15] and other NP collections
[16]. However, most of the compound libraries in LA-
NaPDB have not been analyzed in terms of NP-likeness.

The goal of this work is to conduct a comprehensive
profiling of NP-likeness of an updated version of LA-
NaPDB that now has ten compound collections. The nat-
ural product-likeness profile of LANaPDB is discussed
with two other major reference libraries, namely the Col-
lection of Open Natural Products (COCONUT) [4], and a
set of small-molecule drugs approved by the United
States Food and Drug Administration (FDA) for clinical
use [19].

2 | MATERIALS AND METHODS

2.1 | Data sets and data curation

In this study we profiled the updated, second version of
LANaPDB. The first version of the database had 12,959
NPs coming from nine different databases of six different
Latin American countries. In the first version of LA-
NaPDB was added a new database: NPDB EjeCol which
is a compilation of NPs isolated and characterized in

Colombia, specifically from the region known as the
Coffee Region. This database is set to be published in
2024 and will be accessible through an open-data portal.
Furthermore, LANaPDB was updated with new NPs
from Costa Rica (NAPRORE-CR) and Mexico (BIO-
FACQUIM). In total, 619 new compounds were added to
LANaPDB, to have a total of 13,578 NPs in the second
version of the database. The curation process of the new
NPs added to LANaPDB was the same as that im-
plemented in the first version of the database [7]. The
process was carried out in the Python programming lan-
guage (version 3.10.7), employing the RDKit (version
2022.03.5) [17] and MolVS (version 0.1.1) [18] modules.
The standard curation process of MolVS was im-
plemented: removal of explicit hydrogens, disconnection
of covalent bonds between metals and organic atoms
(the disconnected metal is not preserved), application of
normalization rules (transformations to correct common
drawing errors and standardization of functional
groups), reionization (ensure the strongest acid groups
protonate first in partially ionized molecules), and re-
calculation of the stereochemistry (ensures preservation
of the original stereochemistry). The salts were removed,
keeping the largest fragment, which was neutralized,
and the remaining partially ionized fragments were re-
ionized. The canonical tautomer was determined, and,
from the InChIKey strings of the canonical tautomer, the
duplicate compounds were removed.

The NP-likeness profile of the ten individual com-
pound databases in LANaPDB and the entire collection
was compared to the profile of COCONUT, one of the
largest collections of NPs in the public domain. A set of
drugs approved for clinical use was also used as a refer-
ence. The same curation process described above was ap-
plied to the two reference databases. Table 1 summarizes
the data sets analyzed in this work and Table S1 in the
Supplementary information summarizes the number of
compounds analyzed with each approach.

The NP-likeness profile of LANaPDB and the two ref-
erence datasets was depicted with kernel density esti-
mate (KDE) plots which represent the data using con-
tinuous probability density curves. The KDE plots were

T A B L E 1 Compound databases that are analyzed in this work.

Database Description References

LANaPDB (ver-
sion 2)

A database aimed to gather and standardize the natural product databases of Latin America. Composed
of 13,578 natural products isolated and characterized in Latin America.

[7]a

COCONUT One of the most comprehensive, freely accessible natural product databases with more than 411,000
compounds from 50 open access natural product databases.

[4]

Approved drugs FDA-approved small-molecule drugs, version 5.1.10 (released by DrugBank in January 2023). [19]
aThe cited reference [6] alludes to the first version of LANaPDB. This manuscript reports the second and updated version of LANaPDB.
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created in the Python programming language (version
3.10.7), employing the seaborn module (version 0.12.2).

2.2 | Quantification of natural
product-likeness

We used three well-known and validated approaches,
summarized in Table 2.

3 | RESULTS AND DISCUSSION

3.1 | LANaPDB update

Table 3 summarizes the contents of the most current and
updated version of LANaPDB. As commented in sec-
tion 2.1 the previous version of LANaPDB was updated
with 619 compounds adding a new data set (NPs from
Colombia), and updated databases from Costa Rica and
Mexico. Initially, 1,707 compounds were considered for

T A B L E 2 Approaches used in this work to profile the NP-likeness of compound databases.

Approach Basis of the method and accessibility References

NP-likeness calculator
(NPLC)

http://sourceforge.net/projects/np-likeness/ [10]

Machine learning approach. NP-scout also generates similarity maps, highlighting atoms
contributing significantly to the classification of small molecules as a NP or SM. Acce-
sible at https://nerdd.univie.ac.at/

[12]

Neural networks NP-like-
ness (N3PL) score

Scorer based on a multi-layer perceptron network and a training database of natural prod-
ucts and synthetic compounds. The code is freely available at https://github.com/
kochgroup/neural_npfp; natural product likeness score

[13]

T A B L E 3 Natural product databases in the updated version of LANaPBD.

Database Size Source General description References

NuBBEDB (Brazil) 2223 Plants
Microorganisms
Terrestrial and
marine animals

Natural products of Brazilian biodiversity.
Developed by the São Paulo State University and the University of
São Paulo.

[20,21]

SistematX (Brazil) 9514 Plants Database composed of secondary metabolites and developed at the Fed-
eral University of Paraiba.

[22,23]

UEFS (Brazil) 503 Plants Natural products that have been separately published, but there is no
common publication nor public database for it. Developed at the
State University of Feira de Santana.

[24]

NPDB EjeCol
(Colombia)

200 Plants
Plants-derived
food

Natural products and foods derived from plants present in the Eje Cafe-
tero Región of Colombia, database created and curated at the Tech-
nological University of Pereira.

a

NAPRORE-CR
(Costa Rica)

~1600 Plants
Microorganisms

Developed in the CBio3 and LaToxCIA
Laboratories of the University of Costa Rica.

a

LAIPNUDELSAV
(El Salvador)

214 Plants Developed by the Research Laboratory in Natural Products of the Uni-
versity of El Salvador.

a

UNIIQUIM (Mex-
ico)

1112 Plants Natural products isolated and characterized at the Institute of Chemis-
try of the National Autonomous University of Mexico.

[25]

BIOFACQUIM
(Mexico)

750 Plants
Fungus
Propolis
Marine animals

Natural products isolated and characterized in Mexico at the School of
Chemistry of the National Autonomous University of Mexico and
other Mexican institutions.

[15,26]

CIFPMA (Pan-
ama)

363 Plants Natural products that have been tested in over twenty-five in vitro and
in vivo bioassays for different therapeutic targets. Developed at the
University of Panama.

[27,28]

PeruNPDB (Peru) 280 Animals
Plants

Natural products representative of Peruvian biodiversity. Created and
curated at the Catholic University of Santa Maria.

[29]

aThe database has not been published yet.
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the update of LANaPDB from the two updated databases
BIOFACQUIM, NAPRORE-CR, and the new database
NPDB EjeCol. Nevertheless, from the initial 1,707 com-
pounds, 1,088 molecules were duplicates and were no
longer included. The remaining 619 molecules were add-
ed to LANaPDB. The NP-likeness scores of LANaPDB,
COCONUT and approved drugs are freely available at
https://doi.org/10.17879/77968651865.

3.2 | Profiling with NP-likeness
calculator

The NP-likeness calculator (NPLC) was reported in the
year 2012 [10] and is an open source re-implementation
of the well-known Ertl NP-likeness score created at No-
vartis in 2008 [9]. The NP-likeness score of Novartis [9]
was incorporated into several standard processes includ-
ing virtual screening, selection of compound samples for
purchasing, prioritizing hits from high-throughput
screening (HTS), and library design. The NPLC’s ap-
proach divides a molecule into structural fragments and
every fragment has a different contribution to the NP-
likeness. The contribution of a structural fragment to the
NP-likeness depends on their frequency of appearance in
the reference libraries (training sets) used by the devel-
opers of NPLC, namely, NPs and SMs. The contribution
of a structural fragment to the NP-likeness is positive if
the fragment is present in the NPs training dataset and
negative if the fragment is present in the SMs training
dataset. The positive or negative contribution of the
structural fragment will be greater according to their fre-
quency of appearance in the NPs or SMs datasets.

The NP-likeness of the LANaPDB compounds was
calculated with the NPLC and compared with two refer-
ence datasets: COCONUT and a set of drugs approved
for clinical use by the FDA. Figure 1A shows that most
of the numeric values of the NP-likeness of LANaPDB

are positive, in fact, only 1% of the compounds have
negative values. Therefore, the proportion of the struc-
tural fragments of the molecules in the database comes
predominantly from NPs and just a little proportion
from SMs. In the reference dataset COCONUT, it was
found that 74.8% of the compounds have a NP-likeness
positive score, nonetheless, 25.2% of the compounds
have a negative NP-likeness positive score. Hence, a
quarter of the COCONUT compounds have predom-
inantly overlapping structural fragments with synthetic
drugs. In the reference dataset of FDA-approved small-
molecule drugs 51.2% of the compounds have negative
NP-likeness values. Thus, these molecules have mainly a
synthetic origin. Nonetheless, 48.6% of the FDA-ap-
proved small-molecule drugs have positive scores, which
mean that they are NP-derivatives or NP-like. It is im-
portant to consider that a high proportion of the small-
molecule approved drugs are, of course, NPs and NP-de-
rivatives. For instance, from 1946 to 1980, 53% of the
small molecules approved were NPs or NP-derivatives
and from 1981 to 2019 the proportion increased to 64.9%
[30].

The NP-likeness score of the individual Latin Ameri-
can countries is mostly positive (Figures 2A and A1). In
most of the countries the distribution of the score is
around the numbers one and two. The presence of at
least one peak around the number one and two is espe-
cially noticeable in the case of Brazil, Costa Rica, El Sal-
vador, Mexico, and Peru. A possible explanation for the
peaks around the NP-likeness one and two is that a cer-
tain combination of NPs fragments is mainly present in
LANaPDB.

3.3 | Profiling with NP-Scout

NP-Scout [12], reported in the year 2019, is a practical
machine learning (ML) approach based on random

F I G U R E 1 Kernel density estimate plots that represent the distribution of the natural product-likeness scores of LANaPDB,
COCONUT and approved drugs calculated with three different algorithms: A) Natural product-likeness calculator [10] B) NP-Scout [12]
and C) Neural networks NP score [13].
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forest classifiers for the differentiation of NPs and SMs
and for the quantification of NP-likeness. An additional
value of NP-scout is the implementation of similarity
maps to visualize atoms in molecules making decisive
contributions to the assignment of compounds to NP or
synthetic molecule (SM). The similarity maps highlight
the atoms that contribute significantly to the classi-
fication of small molecules as NPs or SMs. The range of
the NP class probability is from zero to one: one repre-
sents a probability of 100% of a compound to be a NP
and zero represents a probability of 0% to be a NP. The
SMs have values of zero or close to zero. Figure 1B
shows that the LANaPDB compounds have a NP class
probability of one or very near to one. Therefore, accord-
ing to NP-Scout, the probability of the LANaPDB com-
pounds to be labeled as NPs is very close to 100%. In the
approved drugs set, 56.5% of the compounds have a NP-
class probability between 0 and 0.5 and 43.5% among

0.51 and 1. Therefore, 56.5% of the compounds have a
high probability of being SMs and 43.5% a high proba-
bility of being NPs. In the approved drugs, the preva-
lence of SMs over NPs aligns with the findings of the
NP-likeness calculator, which indicates that SMs have a
higher proportion than NPs. The above is evident in the
Figure 1B, the highest peak is around zero and the peak
around one is shorter. According to the NP class proba-
bilities of the individual Latin American countries (Fig-
ures 2B and B1) the values are around one in every
country. Thus, in all the Latin American countries the
compounds have a probability of 100% or near to 100%,
to be labeled as NPs.

F I G U R E 2 Kernel density estimate plots that represent the distribution of the natural product-likeness scores of LANaPDB and
approved drugs databases calculated with three different algorithms: A,A1) Natural product-likeness calculator [10] B,B1) NP-Scout [12]
C,C1) Neural networks NP score [13]. The distribution of the natural product-likeness score of the LANaPDB compounds is depicted with
different colors according to the Latin American country of origin.
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3.4 | Profiling with neural networks NP
score

The most recent methodology to calculate the NP-like-
ness [13] was reported in the year 2021. It is based on
the training of neural networks to produce molecular
representations which are better suited for NPs. The NP-
likeness score is extracted from the trained neural net-
works. On this approach, the neural network NP-like-
ness (N3PL) score values for the NPs are around ten and
minus ten for SMs.

For the LANaPDB database, the NP-likeness scores
are around ten (Figure 1C), which means that the com-
pounds are labeled as NP-like. The N3PL scores of the
COCONUT compounds are also around ten, con-
sequently, these compounds are labeled as NP-like.
Nonetheless, in COCONUT the distribution of the NP-
likeness scores is extended to the negative values to the
LANaPDB distribution. The compounds with NP-like-
ness scores extended more to the left can be considered
as less NP-like. The presence of less NP-like compounds
in COCONUT is consistent with the NP-likeness calcu-
lator results, which identified compounds containing
predominantly structural fragments found in small mol-
ecule drugs (Figure 1A).

The distribution of the N3PL scores of the approved
drugs encompasses all the range from the NP-like mole-
cules to the small molecule drugs. The distribution
shows that the NP-like molecules have a higher abun-
dance than the small molecule drugs. NP-likeness calcu-
lator and NP-Scout results showed the opposite trend: a
higher abundance of synthetic-like molecules
(Figure 1A). This can be explained by the neural net-
work training, the underlying training dataset and the
properties of drug-like molecules. The training dataset
was compiled out of the COCONUT database and SMs
from the ZINC database with an Ertl score of less than
zero. Interestingly, the ZINC database shows only a
small number of compounds with an Ertl score greater
than zero [13], which is in contrast to the analysis of ap-
proved drugs. This shows that approved drugs have dif-
ferent properties and are more NP-like than the space of
synthetic available compounds. In contrast to the Ertl
score, the N3PL score was not trained on specific frag-
ments but on NP-likeness and 48 additional surface de-
scriptors to cover the physicochemical space of NPs.
Since NPs show a property profile that is particularly
useful for drug discovery, it is not a surprise that devel-
oped drugs also show a similar property profile which is
reflected in the N3PL score. To summarize, the NPLC
score analyzes typical NP fragments and the N3PL like-
ness score also includes NP physicochemical properties
besides structural features. This leads to a higher NP-

likeness in the approved drugs. This also explains the
rather smooth distribution around a score of ten in con-
trast to NPLC scores with often two peaks. Regarding
the N3PL scores of the individual Latin American coun-
tries (Figures 2C and C1), they showed a nearly normal
distribution form centered in the number ten. Thus,
these compounds are labeled as NP-like. The NP-like-
ness score calculated with the neural networks approach
has the least variation among the three methodologies in
the case of LANaPDB, showing more variation in the
previous two methodologies (Figures 1A and B) and a
normal distribution form with the neural networks
(Figure 1C). Regarding COCONUT, there is also less var-
iation in the N3PL score (Figure 1C) compared to the
NP-likeness calculator (Figure 1A).

4 | CONCLUSIONS

LANaPDB was updated with new NPs from Costa Rica
(NAPRORE-CR) and Mexico (BIOFACQUIM). In total,
619 new compounds were added to LANaPDB. The
three methodologies employed for the calculation of the
NP-likeness scores have a good performance distinguish-
ing NPs or identifying NP-likeness, but have different
definitions of NP likeness. The NPLC score, which re-
implements the well-known Ertl score, is based on frag-
ments that are typical for NPs with the goal to create a
score that evaluates the NP likeness. In contrast, the
N3PL network was trained to identify natural products
and thus it evaluates how likely a molecule is a natural
product. Menke et al. describe a good example of a furan
which is ranked high by the network score but low by
Ertl’s score. It is part of the COCONUT database but
have many specific NP-like features [13]. In addition, the
neural network based N3PL score does not only take
structural features into account, but also surface descrip-
tors. This means that this definition is not only a struc-
tural NP-like score but also a NP-property like score.
This leads to slightly different outcomes in the NP-like-
ness analysis. From the pure structural point of view, the
NPLC score revealed a large variability between the ana-
lyzed NP collections and distinct combinations of NP
fragments present in LANaPDB. The NP-likeness profile
determined with NP-Scout and N3PL indicates that the
NPs of LANaPDB have a probability of 100% or near to
100%, to be labeled as NPs. According to the results of
NP-likeness calculator and NP-Scout, the FDA-approved
small-molecule drugs reference dataset is composed of
more synthetic-like molecules. The N3PL shows a dis-
tribution that is slightly shifted to more NP likeness.
This is due to the fact that desired drug properties are of
course similar to NP properties.
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