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Abstract: Fragment libraries have a major significance in drug discovery due to their role in de
novo design and enumerating large and ultra-large compound libraries. Although several fragment
libraries are commercially available, most are derived from synthetic compounds. The number of
fragment libraries derived from natural products is still being determined. Still, they represent a rich
source of building blocks to generate pseudo-natural products and bioactive synthetic compounds
inspired by natural products. In this work, we generated and analyzed a fragment library of natural
products from Colombia, a highly diverse geographical region where fragment libraries are yet to be
reported. We also generated and reported fragment libraries of three novel natural product libraries
and, as a reference, the most updated version of FDA-approved drugs. In line with the principles of
open science, the fragment libraries developed in this study are freely available.

Keywords: chemoinformatics; chemical space; drug design; natural products; NPDBEjeCol; open
science

1. Introduction

Natural products and their analogsanalogues have major contributions to drug dis-
covery. Out of all the drugs approved for clinical use by 2020, approximately 25% are
natural products or derived from them [1]. Natural products have a diversity of privi-
leged scaffolds [2,3] and molecular fragments [4,5]. An approach to maximizing the use of
natural products for drug discovery using computational techniques is through the assem-
bly and organization of natural products in compound databases [6]. Examples of large
natural product databases are the Collection of Open NatUral ProdUcts (COCONUT) [7],
SuperNatural 3.0 [8], and the Universal Natural Product Database [9].

Natural product’s’ unique and complex structures make them attractive to generate
fragment libraries. Such libraries can be used as building blocks for de novo design
and building bioactive pseud-natural products [10]. In previous studies, we generated,
analyzed, and made publicly fragmented libraries from natural products. In the first one,
we obtained fragments libraries from natural products, drug-like compounds tested for
biological activity, and synthetic accessible compounds [4]. In that analysis, we noted that
the compounds and the molecular fragments derived from natural products were the most
diverse and complex regarding their chemical structure. In an independent project [6], we
generated, analyzed, and made publicly available a fragment library that was obtained
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from natural products and food chemicals, emphasizing that compounds and fragments
derived from natural products and food chemicals had the largest diversity.

Colombia is a country with a large biodiversity of plants, with more than 28,900 species
reported, distributed across all its bioregions and ecosystems [11]. Natural products from
Colombia Coffee Region (NPDBEjeCol) is a recently constructed database that contains a
unique and attractive set of compounds for drug discovery [12]. NPDBEjeCol is a collection
of over 200 natural products isolated and characterized in Colombia derived from plants,
specifically from the Coffee Region. As shown in this study, the distinctive structural
features of compounds in the NPDBEjeCol database make them very attractive sources for
generating fragment libraries.

This study aimed to generate and characterize a fragment library from NPDBEjeCol
and other Latin America data sets of natural products of interest for drug discovery. Latin
America is a geographical region with high biodiversity. Following the principles of open
science, fragment libraries are made freely available and can be used in de novo design,
including the design of pseudo-natural products.

2. Results and Discussion

The results and discussion are described in the following five sub-sections. The
methods used to obtain the results are detailed in Section 3, which are based on the
compound databases and computational protocols published in references [12–27].

2.1. Unique and Overlapping Compounds and Fragments

Figure 1 illustrates the number of unique and overlapping compounds and fragments
between the databases studied in this work. Figure 1 shows that all five data sets have
three compounds in common, and there are 5166 unique compounds among all data sets
comprising NPDBEjeCol (157), BIOFACQUIM (529), NUBBEDB (1944) PeruNPDB (188), and
2348 compounds from FDA-approved drugs. The largest overlap between NPDBEjeCol
and the data sets analyzed in this study was with NUBBEDB, sharing 34 molecules.
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Concerning the molecular fragments generated, there were 26,540 unique fragment
structures among all databases, comprising 81 from NPDBEjeCol, 644 from BIOFACQUIM,
15,781 from NUBBEDB, 1012 from PeruNPDB, and 9022 fragments from FDA-approved



Drugs Drug Candidates 2024, 3 738

drugs. Interestingly, NPDBEjeCol did not share any fragments with BIOFACQUIM but
shared 35 fragments with FDA drugs and 15 with NUBBEDB. NPDBEjeCol yielded 200 frag-
ments in total, out of which 16 are shared by all five fragment libraries.

2.2. Fragment Analysis

Figure 2 shows the chemical structures of the ten most frequent and unique fragments
in all databases, and the frequency and percentage of each fragment in the corresponding
data setdataset. The chemical structures were drawn using Marvinsketch. For NPDBEjeCol,
the fragment with the largest abundance (1.01%) is for a hydroxylated linear chain and a
double bond (Figure 2A). Three fragments have linear chains with at least one double bond
with more than seven carbons. In these fragments are two structures with a tetrahydropyran
ring, two with a phenol ring, and one with benzene. Also, carbonyl groups are evident,
forming aldehydes and ketones. For BIOFACQUIM (Figure 2B), the ten most frequent
fragments show 0.3% abundance; most of the structures have at least one oxygen atom,
except one that is only a linear chain of six carbons. Also, eight of ten fragments present
cycles, three have only heterocycles, one only carbocycle, and four a mix carbocycles
and a heterocycle, of which there are benzene, dihydropyran, tetrahydrofuran rings and,
predominantly, delta lactone. The most frequent fragments from NUBBEDB (Figure 2C)
are diverse with fragment structures that include benzene, delta lactone, and pyrrolidone
rings. The other frequent fragments are linear chains, all of which contain the presence of
carbonyls (aldehydes). The fragments from the PeruNPDB (Figure 2D) reveal the presence
of one or more rings, with the most abundant fragment featuring two fused rings (1,4-
hidroxybenzene and dihydrofuran). All fragments are oxygenated with hydroxyl, carbonyl,
and carboxyl groups. The ring most common is tetrahydropyran. The FDA fragments
(Figure 2E) have a nitrogen function (amines and amides), distinguishing them as the only
set with nitrogen structures. Additionally, three structures present sulfur with thiazolidine
rings, another characteristic not found in the other common fragment sets. Six out of ten
fragments also contain carbonyl, hydroxyl, and carboxyl groups.
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Figure 2. The ten most frequent and unique fragments from (A) NPDBEjeCol, (B) BIOFACQUIM,
(C) NuBBEDB, (D) PeruNPDB, and (E) FDA-approved drugs. The percentage of each fragment within
its database is indicated below the chemical structures.

2.3. Structural Content, Composition, and Complexity of the Compound and Fragment Libraries

Table 1 summarizes the structural composition of all compounds in NPDBEjeCol and
reference databases. Specifically, Table 1 reports the mean distribution values of various
atom types, rings, heterocycles, and atom types, such as the fraction of sp3 carbon atoms,
spiro, and bridgehead atoms as indicators of structural complexity. Using the same set
of constitutional descriptors, Table 2 summarizes the profile of the fragment libraries
obtained from NPDBEjeCol and the other four compound databases. The mean values of
the distribution are reported.

The median values of the molecular weight and carbon atoms indicate that compounds
in NPDBEjeCol (234 and 14, respectively) are, in general, smaller than the other natural
product databases analyzed in this study as well as the FDA-approved drugs. The median
values for the other reference databases are between 358 and 386 of molecular weight
and 19–22 carbon atoms. Similarly, natural products from NPDBEjeCol are smaller than
natural products from COCONUT (for example, a median of 26 carbon atoms as recently
reported).5 Analogous conclusions can be derived, considering the number of heavy atoms.
NPDBEjeCol has an average of 17 heavy atoms, while the reference databases are between
26 and 28 atoms. The count of oxygen and nitrogen atoms also shows significant differences.
For NPDBEjeCol, there are, on average, three oxygen atoms, while for the other data sets,
there are between four and six. Regarding nitrogen atoms, there are closeness values be-
tween NPDBEjeCol and BIOFACQUIM, but generally, all databases except FDA-approved
drugs have less than one nitrogen atom on average. FDA-approved drugs have, on average,
two nitrogen atoms. For sp3 carbon fractions and chiral carbons, the values are close for all
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databases. Concerning the presence of rings, reference databases on average have three
rings, while in NPDBEjeCol, the value is lower (two rings). This same trend is observed for
NPDBEjeCol and other databases in ring types. For spiro atoms, the value of NPDBEjeCol
is very close to FDA-approved drugs and further away from the other three databases. For
bridgehead atoms, NPDBEjeCol has the highest value, while PeruNPDB has the lowest, all
values being less than one.

Table 1. Structural composition of compound libraries: NPDBEjeCol and reference databases a.

Data Set NPDBEjeCol BIOFACQUIM NuBBEDB PeruNPDB FDA-Approved Drugs

Carbon atoms 13.96 21.74 20.60 20.19 18.53
Oxygen atoms 2.78 5.88 4.95 5.73 4.05

Nitrogen atoms 0.12 0.15 0.24 0.27 2.44
Fraction of carbon 0.87 0.79 0.81 0.78 0.68
Fraction of oxygen 0.12 0.20 0.18 0.20 0.17

Fraction of nitrogen 0.01 0.01 0.01 0.01 0.09
Fraction of sp3 carbon 0.63 0.49 0.50 0.53 0.45

Fraction of chiral carbon 0.09 0.15 0.14 0.17 0.10
Molecular weight 234.77 386.43 357.55 367.22 376.56

Heavy atoms 16.88 27.80 25.83 26.27 25.92
Rings 1.69 3.26 3.19 2.79 2.66

Aliphatic rings 1.11 1.96 1.87 1.63 1.18
Aromatic rings 0.58 1.30 1.32 1.15 1.48
Heterocycles 0.45 1.27 1.13 0.98 1.19

Aliphatic heterocycles 0.36 0.98 0.80 0.74 0.70
Aromatic heterocycles 0.58 1.30 1.32 1.15 1.48

Spiro atoms 0.02 0.10 0.12 0.07 0.03
Bridgehead atoms 0.41 0.23 0.19 0.09 0.18

a Mean value of the distribution.

Table 2. Structural composition of the fragment libraries from NPDBEejeCol and reference databases a.

Data Set NPDBEjeCol BIOFACQUIM NuBBEDB PeruNPDB FDA-Approved Drugs

Carbon atoms 9.98 17.28 24.86 22.26 15.99
Oxygen atoms 1.80 4.87 8.70 6.18 3.71

Nitrogen atoms 0.26 0.15 0.38 0.03 1.95
Fraction of

Carbons 0.83 0.77 0.74 0.78 0.72

Fraction of
Oxygens 0.15 0.22 0.25 0.22 0.16

Fraction of nitrogen 0.02 0.01 0.01 0.00 0.09
Fraction of sp3 carbon 0.63 0.54 0.63 0.61 0.50

Fraction of chiral carbon 0.08 0.18 0.30 0.17 0.13
Molecular weight 168.31 311.16 475.69 399.90 317.27

Heavy atoms 12.04 22.32 33.95 28.47 22.16
Rings 0.94 2.48 3.84 1.54 2.19

Aliphatic rings 0.53 1.61 2.89 0.95 1.00
Aromatic rings 0.40 0.87 0.95 0.60 1.19
Heterocycles 0.33 0.94 1.88 0.67 1.14

Aliphatic
Heterocycles 0.20 0.65 1.45 0.57 0.58

Aromatic
Heterocycles 0.40 0.87 0.95 0.60 1.19

Spiro atoms 0.03 0.07 0.55 0.05 0.03
Bridgehead atoms 0.07 0.30 1.37 0.05 0.15

a Mean value of the distribution.
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The fragment libraries generated from NPDBEjeCol had the smallest size as compared
to the size of fragment libraries generated from other compound libraries (as measured by
the number of carbon atoms, number of heavy atoms, and molecular weight) (Table 2). For
carbon atoms, NPDBEjeCol contains 10, while other databases change from 16 to 25 atoms,
with 25 in NuBBEDB. This trend is similar to molecular weight, with NPDBEjeCol displaying
the smallest fragments and NuBBEDB the largest. The difference between NPDBEjeCol and
the reference data sets is significant for oxygen and heavy atoms. Specifically, NPDBEjeCol
contains two oxygen atoms, while the other databases range from four to nine. For heavy
atoms, NPDBEjeCol reports 12, compared in the other database between 22 and 34 atoms.
In sp3 carbon fractions, the values are closely aligned across all databases, underscoring the
identical values for NPDBEjeCol and NuBBEDB, the highest values for five sets of molecules.

Structural Complexity

Structural complexity is a property that has been associated with the drug likeness
of compound data sets [28]. Comparisons of the structural complexity of approved drugs
and compounds under pre and clinical development have suggested that compounds in
clinical use have, in general, an increased fraction of sp3 carbons that has been taken as
a rough measure of structural complexity. Also, complexity has been considered as an
indicator of selectivity or deceased promiscuity regarding biological interactions between
small-molecule libraries [29,30]. Yet, structural complexity, although intuitive in principle,
can be quantified in different ways systematically and consistently and today is an area
of research, both computationally and experimentally [31,32]. One of the simplest but
consistent ways to quantify complexity that has been adopted in cross-comparisons is
the fraction of sp3 carbons [30,33]. Considering this metric as an approximate but well-
established metric to quantify the structural complexity of compound data sets [33], we
concluded that compounds in NPDBEjeCol were the most complex of all natural product
data sets (median value of 0.63)—including natural products from COCONUT, which
have a reported value of 0.51 [5]—and were more complex than the set of approved drugs
(Table 1). The second most complex natural product database was PeruNPDB, and all four
natural product data sets had an overall larger median value of the fraction of sp3 carbons
than approved drugs, as previously noted for other natural product collections [29,34].
Similarly, compounds in NPDBEjeCol had the largest median values of bridgehead atoms
(0.41) of all databases. In natural products, this knowledge is relevant because the increased
structural complexity has been associated with the overall increased target selectivity or
less promiscuity as compared to synthetic organic compounds with a smaller proportion of
sp3 carbons [29,34].

Like the values obtained for entire chemical structures, the fragment libraries obtained
from NPDBEjeCol and NuBBEDB had the largest fraction of sp3 carbons (median values of
0.63) (Table 2), followed by fragment libraries from PeruNPDB and BIOFACQUIM, and
finally from approved drugs. Notably, in general, the complexity of fragment libraries from
NPDBEjeCol and NuBBEDB was higher than the complexity of fragments generated from
COCONUT, which had a reported value of 0.56 [5].

2.4. Structural Diversity

The fingerprint-based structural diversity of the compound and fragment libraries
was measured with cumulative distribution functions of the pairwise similarity values that
were calculated with the Tanimoto Coefficient and Morgan2, Morgan3, and MACCS keys
fingerprints (see Section 3, Section 2.3). The results are summarized in Figures 3 and 4.
Figure 3 indicates that the chemical structures of the NPDBEjeCol database are the most di-
verse of the natural product databases regarding the three molecular fingerprints, and they
are as diverse as the FDA-approved drug data set. The next most diverse natural product
set is PeruNPDB, followed by NuBBEDB and BIOFACQUIM, which are the least diverse.

The fragment library obtained from NPDBEjeCol was also the most diverse as mea-
sured by all three fingerprints (Figure 4), with comparable and high fingerprint-based
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diversity as the approved drugs from the FDA. BIOFACQUIM and PeruNPDB had similar
diversity, followed by NuBBEDB, which was the least diverse of the fragment libraries
analyzed.
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2.5. Visual Representation of the Chemical Space and Chemical Multiverse

A visual representation of the chemical space of the compounds and fragment libraries
was conducted with t-SNE and PCA. As detailed in the Section 3, we used multiple de-
scriptors for a more comprehensive analysis of the chemical space, i.e., chemical multiverse.
The visual representations were based on the t-SNE and PCA of similarity matrices of
the pairwise comparisons of the similarity computed with the Tanimoto coefficient and
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three fingerprints. Two similarity matrices were generated, one with 5724 dimensions
(Figures 5 and 6) (compounds) and the second with 27,395 dimensions (Figures 7 and 8)
(fragments). The four figures show a comparison in the chemical space of NPDBEjeCol as
compared to the chemical space of the other four natural product databases and the set of
approved drugs.
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Figure 7. Chemical multiverse visualization of the fragment libraries: NPDBEjeCol and reference
databases using principal component analysis based on (A) MACCS keys, (B) Morgan2, and (C) Mor-
gan3 fingerprints. Compounds from NPDBEjeCol (yellow), BIOFACQUIM (green), NuBBEDB (blue),
PeruNPDB (dark blue), and FDA-approved drugs (purple).
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Compounds from NPDBEjeCol (yellow), BIOFACQUIM (green), NuBBEDB (blue), PeruNPDB (dark
blue), and FDA-approved drugs (purple).
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The PCA for compounds (Figure 5) shows that the chemical space based on MACCS
keys recover more information from the variables due to principal component 1 recovering
38.46% of the variance, principal component 2 recovering 22.76% of the variance, and
the accumulated variance recovered by the two principal components represented in
Figure 5A was 61.22%, followed by the PCA based on Morgan2 (39.41%, Figure 5B) and
Morgan3 (37.84%, Figure 5C). Similarly, the PCA for fragments showed that chemical space
based on MACCS keys recover more information from the variables because principal
component 1 recovered 57.3% and principal component 2 recovered 14.56%, and the
accumulated variance recovered by two principal components represented in Figure 7A
was 71.86%, followed by the PCA based on Morgan2 (44.35%, Figure 7B) and Morgan3
(42.89%, Figure 7C). Compounds from natural products and FDA-approved drugs share
similar chemical space using Morgan2 and Morgan3 fingerprints. The PCA based on
MACCS keys for compounds, the FDA-approved drugs covering different regions of the
chemical space, and the all-natural product compounds (NPDBEjeCol, BIOFACQUIM,
NuBBEDB, and PeruNPD) converge in the same chemical space. The PCA based on MACCS
keys for fragments split the chemical space of the FDA-approved drugs into two regions.
The less-dense region converges with the chemical space of fragments derived from natural
products (NPDBEjeCol, BIOFACQUIM, NuBBEDB and PeruNPD).

Fragments derived from NuBBEDB have a unique fragment subset different from
fragments generated from NPDBEjeCol, BIOFACQUIM, PeruNPD, and FDA-approved
drugs, and they are shown in PCA and t-SNE based on MACCS keys, Morgan2, and
Morgan3 (Figures 7 and 8). Overall, the visualizations of the multiverse showed the large
diversity of compounds in NPDBEjeCol. This large diversity is particularly notable in the
large area of the chemical space as compared to drugs approved for clinical use. These
results agree with the large fingerprint-based diversity analyzed in Section 3.4.

3. Materials and Methods

Table 3 summarizes the compound databases analyzed in this work, including the
number of compounds before and after standardization, described in Section 2.1. One such
database is NPDBEjeCol [12], a compilation of natural products isolated and characterized
in Colombia. BIOFACQUIM is a collection of natural products isolated and characterized in
Mexico [13]. The Nuclei of Bioassays, Ecophysiology, and Biosynthesis of Natural Products
Database (NuBBEDB) is a collection of compounds from Brazil [14], and PeruNPDB is a
database of natural products from Peru [15]. FDA-approved drugs were retrieved from
DrugBank [16].

Table 3. Compound libraries are studied in this work.

Data Set Initial Number
of Compounds

Compounds
After Curation

Compounds
Fragmented a

Number of Fragments
Generated Reference

NPDBEjeCol (natural
products from Colombia). 236 236 231 200 [12]

BIOFACQUIM (natural
products from Mexico). 605 600 581 815 [13]

NuBBEDB (natural products
from Brazil). 2101 2099 2097 16,048 [14]

PeruNPDB (natural
products from Peru). 280 242 242 1103 [15]

FDA-approved drugs. 2769 2547 2471 9228 [16]
a Compounds with molecular weight larger than 1000 Da were excluded.

3.1. Data Set Standardization

Data set compounds encoded as SMILES strings [17] were standardized using open-
source chemoinformatic toolkits RDKit version 2024.09.1 (ETH Zurich, Zurich, Switzer-
land) [18] and MolVS version 0.1.1 (Massachusetts Institute of Technology (MIT), Cam-



Drugs Drug Candidates 2024, 3 748

bridge, MA, USA) [19], using a protocol described by Sánchez-Cruz et al. [20]. Briefly,
chemical compounds were selected if they had chemical elements such as H, B, C, N, O,
F, Si, P, S, Cl, Se, Br, and I. Stereochemistry information was retained. Compounds with
multiple components were split, and the largest component was retained. The remain-
ing compounds were neutralized and reionized to generate the corresponding canonical
tautomer. Finally, duplicated compounds were deleted.

3.2. Fragment Analysis

In this study, molecular fragments were obtained with the validated REtrosyntheric
Combinatorial Analysis Procedure (RECAP) [21], a function implemented in RDKit. The
RECAP breaks eleven possible bonds such as amide, ester, urea, olefin, amine, aromatic
nitrogen-aliphatic carbon, lactam nitrogen-aliphatic carbon, aromatic carbon-aromatic
carbon, quaternary nitrogen, and sulphonamide. Compounds with molecular weight
above 1000 Da were excluded from the fragmentation.

3.3. Structural Diversity and Complexity

Compounds and molecular fragments were analyzed regarding structural diversity,
complexity, atoms, and ring content. The structural diversity was evaluated with the
pairwise similarity values calculated with the Tanimoto coefficient [22], for both Morgan
fingerprints with radius 2 (Morgan2, 1024-bits) and radius 3 (Morgan3, 1024-bits) [23],
and Molecular ACCes System (MACCS) keys (166-bits) [24]. The structural differences
between compound and fragment data sets were evaluated by comparing the profiles of
14 descriptors: The number of atoms of carbon, nitrogen, oxygen, and heavy atoms, the
number of rings and heterocycles (both aliphatic and aromatic), spiro atoms, bridgehead
atoms, the fraction of sp3 carbons, and chiral carbons.

3.4. Chemical Space and Chemical Multiverse

Chemical space has been defined as an M-dimensional cartesian space, and each
dimension represents the descriptors or features encoding a molecule. The length of de-
scriptor sets defines the number of dimensions of each chemical space [25]. The chemical
multiverse is a natural extension of the concept of chemical space, and it has been concep-
tualized as a group of alternative chemical spaces of a set of compounds, each defined by a
distinct set of molecular descriptors [26]. To generate a visual representation of the chemical
space, we used two dimensionality reduction techniques, namely, t-distributed stochastic
neighbor embedding (t-SNE) [27] and principal component analysis (PCA) based on the
similarity matrices computed with the Tanimoto coefficient and MACCS keys, Morgan2,
and Morgan3 fingerprints.

4. Conclusions

We generated a fragment library of the natural product collection from Colombia,
NPDBEjeCol with 200 fragments, and three other major databases from Latin America:
BIOFACQUIM, NuBBEDB, and PeruNPDB. In total, there were 26,540 unique fragment
structures among all five databases. In agreement with open science and its symbiosis with
artificial intelligence and other computational applications [35], all fragment libraries are
freely available at https://github.com/DIFACQUIM/Fragment-Library-of-Colombian-
Natural-Products.git (accessed on 1 October 2024). Analysis of the most frequent and
unique fragments revealed that a hydroxylated linear chain and double bond were unique
fragments with the largest abundance in NPDBEjeCol. Also, the fragments in the PeruN-
PDB were unique, with a large distinct proportion of oxygen atoms. Analysis of the struc-
tural complexity as measured by the fraction of sp3 carbons revealed that compounds from
NPDBEjeCol were the most complex, with similar conclusions for the fragment libraries
obtained from this novel data set. The overall high structural complexity of compounds
in NPDBEjeCol and its associated fragment library make this collection highly attractive
for drug discovery, particularly for designing selective compounds. From the analysis of

https://github.com/DIFACQUIM/Fragment-Library-of-Colombian-Natural-Products.git
https://github.com/DIFACQUIM/Fragment-Library-of-Colombian-Natural-Products.git
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structural diversity, we concluded that chemical structures and fragments derived from
NPDBEjeCol are the most diverse of the natural product databases regarding the three
molecular fingerprints, and they are as diverse as the set of approved drugs. Comparative
visualization of the chemical multiverse of natural products in NPDBEjeCol and its related
fragment library agreed with its large diversity. The fragment libraries from NPDBEjeCol
and other natural product collections, plus the fragment library from the FDA drugs, add
up to the fragment libraries of larger natural product databases such as COCONUT and
can be used to design pseudo-natural products.
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