Pharmaceutical Science Advances 2 (2024) 100050

Contents lists available at ScienceDirect

Pharmaceutical Science Advances

ELSEVIER journal homepage: www.journals.elsevier.com/pharmaceutical-science-advances
Natural product databases for drug discovery: Features and applications ]

Check for
updates

Tao Zeng, Jiahao Li, Ruibo Wu "

School of Pharmaceutical Sciences, Sun Yat-sen University, Guangzhou, 510006, PR China

ARTICLE INFO ABSTRACT

Keywords: Natural products (NPs) exhibit diverse chemical structures and biological activities that make them valuable
Natural products sources for drug discovery. With advancements in computational technology, computation-enabled natural drug
Database

discovery is gaining increasing significance, with NP databases playing a pivotal role. In light of this, we first
summarize the key features of NP databases, including structural data, property annotations, biological sources,
biosynthetic pathways, and web interfaces. Subsequently, the wide applications of these databases in drug dis-
covery, such as virtual screening, knowledge graph construction, and molecular generation, are reviewed. We
further discuss the puzzle of database development, focusing on data quality and updating. Finally, we emphasize
the pivotal role of team collaboration and toolkit innovation in harnessing the immense potential of NP-related
databases to accelerate bioactivity mining, structure modification, and manufacturing. This review aims to
elucidate the key features and applications of NP databases, with the goal of aiding researchers in developing and
maintaining high-quality NP databases for drug discovery.

Drug discovery
Cheminformatics
Computer-aided drug design

exhibit biological activity, identifying molecules with specific activities
or targets and predicting the activities of newly discovered molecules
from the vast chemical space remain formidable challenges in the field.
The second challenge lies in the fact that despite the positive results of
many NPs in activity tests, drug-likeness and off-target effects must be
further considered. NPs typically have high molecular weight and poor
solubility, which hinder their absorption and transport in the human
body [10]. However, they often possess numerous functional groups and
multitarget binding capabilities, necessitating subsequent structural
optimization to improve drug likeness and specificity [11]. This may
explain the relatively low proportion of drugs directly sourced from
native NPs (Fig. 1B), as most drugs require modification and optimization
(NI and ND in Fig. 1B) based on their original NP structures. The third
challenge is the low abundance of most NPs in nature and the difficulty in
synthesizing structurally complex products. NPs often exhibit complex
ring systems and multiple chiral centers, making the total synthesis
lengthy and inefficient. Biosynthesis is constrained by unknown path-
ways and corresponding enzymes. As shown in Fig. 1C, only 30% of the
molecules in COCONUT are annotated with known biological sources,
and less than 7% are annotated with complete biosynthetic pathways
according to structure matching with metabolic databases, such as KEGG
[12] and MetaCyc [13].

With the advancement of big data and information technology,
computation-enabled natural drug discovery has become increasingly
significant, and NP databases play a key role in this regard. Both large-

1. Introduction

Natural products (NPs) are substances generated by living organisms
and typically exclude large molecules such as proteins and nucleic acids.
NPs have long been a significant source for drug discovery because of
their diverse chemical structures and biological activities. Over the past
four decades (1981-2019), more than half of the small-molecule drugs
worldwide have originated directly or indirectly from NPs [1,2]. Peni-
cillin, an antibiotic derived from microbial sources, has been used to
synthesize a wide range of antibiotics. Artemisinin is an antimalarial drug
extracted from Artemisia annua [3], and paclitaxel is an anticancer drug
derived from Taxus brevifolia [4]. In the last decade (2014-2023), the
U.S. FDA has approved 28 small-molecule drugs related to NPs, with nine
directly sourced from NPs and 19 derived from the semi-synthesis of NPs
[5]. Examples include tauroursodeoxycholic acid [6], which is derived
from bear bile for anti-apoptotic purposes, and rezafungin [7], an anti-
fungal drug semi-synthesized from echinocandin isolated from Aspergillus
delacroxii.

Although natural-product-based drug discovery has immense poten-
tial, challenges still exist. First, more powerful tools are required for
active compound mining. The COCONUT NP database contains over
400,000 molecules [8], whereas the NPASS database, which catalogs
active NPs, includes fewer than 100,000 molecules [9], representing only
a quarter of the total number of NPs (Fig. 1A). As not all existing NPs
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CYP Cytochrome P450 PLK1 Polo-Like Kinase 1
GNN Graph Neural Network RNN Recurrent Neural Network
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Fig. 1. The distribution of natural products under different classification criteria. (A) Distribution of active NPs (NPA) and NP drugs (NPD). (B) Distribution of
categories of approved small molecule drugs according the data from Newman's work [1]. S, Synthetic drugs; NI, natural products inspired drugs (corresponding to S*
and NM of the original work); ND, natural products derived drugs; NP, natural products (corresponding to N and NB of the original work). (C) Distribution of
biological sources of natural products. NPO, natural products with biological source annotations; NPS, natural products with biosynthetic pathway annotations.
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Fig. 2. Typical features of natural products databases.
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scale databases (such as COCONUT [8] and SuperNatural [14]) and
specialized databases (such as activity-focused NPASS [9],
terpenoid-focused TeroMOL [15], and the marine NP database CMNPD
[16]) continue to evolve and improve. Several reviews have categorized
existing NP databases [17-22]; others have provided a systematic anal-
ysis of the chemical space of multiple databases [23-25]. Various data-
bases have been built continuously, and a considerable number of them
are no longer updated or are even inaccessible [17]. Therefore, rather
than redundantly listing existing databases, this paper summarizes the
typical features (Fig. 2 and Table 1) and representative applications of NP
databases and highlights their importance in order to accelerate drug
discovery (Fig. 3). Additionally, we discuss the potential challenges and
future prospects of NP databases with the primary aim of facilitating the
development and maintenance of these databases, thereby better
empowering natural drug discovery.

2. Key features of NP databases

As the significance of NPs in drug discovery continues to grow, the

Table 1
Feature summary of NP databases mentioned in this work.".

Database Structures Properties Source  Biosynthesis

COCONUT Topological Physicochemical, Yes No
(https://cocon Biological
ut.naturalprod
ucts.net/)

SuperNatural 3.0 Topological Physicochemical No No
(https://bioin
f-applied.chari
te.de/supern
atural_3/)

GNPS (htt Topological, No No No
ps://gnps.ucsd. Spectral
edu/)

NP-MRD (http Topological, No Yes No
s://np Spectral
-mrd.org/)

NMRdata (http Topological, No Yes No
://Www.nmr Spectral
data.com/)

NPASS (https: Topological Biological Yes No
//bidd.gro
up/NPASS/)

NPACT (http:// Topological Biological Yes No
crdd.osdd.net/
raghava/npact/
)

TeroKit (http:// Topological Physicochemical, Yes Yes
terokit.qm Biological
clab.com/)

CMNPD Topological Physicochemical, Yes No
(https://c Biological
mnpd.org/)

NuBBE (https:// Topological, Physicochemical, Yes No
nubbe.iq. Spectral Biological
unesp.br/)

NPcVar (http:// Topological Biological Yes No
npcvar.idr
blab.net/)

TCMBank Topological Physicochemical, Yes No
(https://tc Biological
mbank.cn/)

MetaCyc (htt Topological Physicochemical Yes Yes
ps://met
acyc.org/)

KEGG (https:// Topological No Yes Yes
www.genome
jp/kegg/)

DNP (https://d Topological No Yes No

np.chemnet
base.com/)

? Yes/No indicate whether the database contain corresponding annotations.
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design and functionality of NP databases are evolving. These databases
are required to not only provide comprehensive structural information
but also integrate multidimensional data, such as the properties, bio-
logical sources, and biosynthesis pathways of NPs. This integration aims
to facilitate in-depth pharmaceutical research. Most databases use web
platforms to provide users with information. This section focuses on the
key features of NP databases that collectively constitute the core value of
these repositories.

2.1. Structure data

One of the most crucial pieces of information in a molecular database
is the molecular structure, which is paramount for drug screening pur-
poses. Almost all databases store molecular structure information in the
form of simplified molecular input line entry system (SMILES) [26],
commonly accompanied by an international chemical identifier (InChI)
[27]. These representations condense two-dimensional topological
structure information into one-dimensional strings, rendering them
widely used in databases. String-like forms make them suitable for nat-
ural language processing, which has recently been widely used in prop-
erty prediction, molecular generation, and reaction prediction [28].
Moreover, text files are frequently used for sharing libraries of
three-dimensional structure data, such as SDF and MOL files, where a
series of molecules can be joined together and annotated with additional
information. These files can be directly used as molecular libraries for
virtual screening and chemical similarity analyses [29]. These structures
can also be used as inputs for physical-based modeling such as quantum
chemistry calculations and molecular dynamic simulations [30]. The
string representations and text files can be mutually converted through
common cheminformatics tools such as RDKit [31] and Open Bable [32].
InChIKey [33] serves as a hash representation of InChl, allowing for a
one-way conversion from InChl to InChiKey without the possibility of
reversal. Although InChiKey does not convey topological structure in-
formation, its fixed length of 25 characters makes it conducive for the
swift matching and retrieval of structural information within databases.

In addition to textual representations, many online databases have
adopted skeletal formula representations to enhance the visualization of
molecular structures. For instance, the COCONUT database generates
image formats of two-dimensional structures for each molecule, whereas
SuperNatural 3.0 [14] employs the ChemDoodle [34] plugin, embedded
in web pages for structure rendering. Spectral data, including nuclear
magnetic resonance (NMR) and mass spectrometry (MS) data, offer
crucial insights for structural identification and comparison, particularly
for complex NPs. However, in contrast to the diversity of NP structural
databases, only a few databases, including specialized databases such as
GNPS [35], NP-MRD [36] and NMRdata [37] and the general-purpose
database PubChem [38], store spectral data.

2.2. Property annotations

The structural features and properties of compounds play pivotal
roles in determining their pharmacological efficacy during drug devel-
opment. Consequently, many databases have annotated compound-
related features and properties. With advancements in machine
learning, these pieces of information are commonly termed descriptors.
Common descriptors include parameters associated with Lipinski's rule of
five [39], such as the number of hydrogen bond donors/acceptors,
rotatable bonds, and lipophilicity, as well as those related to ADMET
properties such as blood-brain barrier permeability and hepatotoxicity
[40]. Cheminformatics tools such as RDKit can be used to calculate some
of the descriptors, for example, Lipinski's rule of five. The prediction of
ADMET properties is more challenging [41] and several computational
tools have been developed using the web interface [42-44]. With the
help of increasing data, computational approaches can achieve accept-
able accuracy in predicting certain properties (such as hERG inhibitory
activities) using 2D descriptors; however, not all endpoints are predicted
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Fig. 3. Representative applications of natural products databases for drug discovery.

accurately [45]. For example, the prediction of time-dependent CYP in-
hibition, which relies on information from 3D fragments, is difficult
because of the lag compared to other datasets. Moreover, despite the
rapid development of computational models, we are still far from being
able to replace the experimental validation.

In addition to the aforementioned descriptors, another critical aspect
directly relevant to drug discovery is the biological activity of the mol-
ecules. Original literature often elucidates the inhibitory, activating, or
other relevant activities of compounds against specific targets, cells, or
organisms. These activities are often associated with broader indications
or functions, such as anticancer or antimicrobial effects, promoting the
construction of knowledge graphs and contributing to activity prediction
and drug repurposing. Databases collect activity data as annotations
directly from literature sources. For instance, the NPASS [9] currently
encompasses over 950,000 activity records of approximately 100,000
compounds. NPACT [46] encampasses anticancer active molecules from
literature sources, along with their corresponding cancer cell lines and
activity values. Some databases align their structures with
general-purpose activity databases to extract and annotate the corre-
sponding biological activities. For example, TeroKit [47] and CMNPD
[16] integrate target names, types, and other information extracted from
the ChEMBL database [48].

2.3. Biological sources

In NP databases, annotations of biological sources of compounds
serve as crucial metadata and provide valuable contextual information
for researchers. These annotations typically include details about the
organisms from which the compounds were isolated, such as plant spe-
cies, microbial strains, or marine organisms. In addition, they may
encompass information regarding the geographic location of the source
organism, ecological habitats, and collection methods employed for

isolation. For example, the NuBBE [49] database contains a variety of
NPs isolated from Brazil and provides information on the species and
their locations. NPcVar [50] is a database that describes the content
variation of NPs, where the NP content data are associated with the
species, parts of the organism, experimental details, and other factors.
These annotations not only aid in understanding the biodiversity and
ecological significance of NPs but also facilitate the discovery of novel
bioactive molecules from untapped natural sources. Overall, the inclu-
sion of comprehensive biological source annotations enhances the utility
and interpretability of NP databases, thereby fostering advancements in
NP research and drug discovery.

As a special category of NP databases, biological source information
in traditional Chinese medicine (TCM) databases is more important and
needs to be more detailed. These annotations encompass the medicinal
herbs or herbal formulations from which the compounds are derived.
They often include the botanical and traditional Chinese names of herbs
as well as their corresponding English translations. Furthermore, anno-
tations may provide insights into the historical and cultural significance
of medicinal plants, including their traditional uses, preparation
methods, and therapeutic indications in traditional Chinese medicine
practice. Annotations related to TCM also extend to the pharmacological
properties and therapeutic effects associated with specific herbs or herbal
formulations. These include traditional indications for various health
conditions, reported pharmacological activities, and potential mecha-
nisms of action based on traditional knowledge and empirical evidence.
These annotations serve as valuable resources for researchers and prac-
titioners, facilitating the exploration of the pharmacological potential of
TCM ingredients and aiding the development of evidence-based thera-
peutic interventions. Additionally, they contribute to the integration of
traditional knowledge with modern drug discovery approaches, pro-
moting the discovery of novel bioactive compounds and development of
effective herbal medicines. The TCM Database@Taiwan [51] is the
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world's largest non-commercial TCM database available for download,
making it an excellent molecular library for in silico drug screening. The
newly released TCMBank is an extension of the TCM Database@Taiwan
that integrates additional learning-based tools for data extraction and
activity prediction [52]. Comprehensive annotations regarding tradi-
tional Chinese herbal medicine enrich the content of NP databases,
bridging the gap between traditional wisdom and contemporary scien-
tific inquiries in the pursuit of novel therapeutic agents.

2.4. Biosynthetic pathways

Genomic annotations of NP hosts can be used to elucidate the
biosynthetic pathways of specific metabolites. In particular, annotations
of medicinal plants, such as the IMP platform [53], not only curate
high-quality genomic and transcriptomic data for many plants but also
integrate practical modules for gene annotation and analysis to facilitate
the exploration of natural sources for valuable chemical constituents,
such as drug discovery and drug production. Annotations of biosynthetic
and metabolic pathways within NP databases offer direct insights into the
biotransformation processes of bioactive compounds. These annotations
encompass details regarding the biosynthetic origins of NPs, including
the enzymes and precursors involved in their production in living or-
ganisms. This is important not only for NP biosynthesis but also for
chemical synthesis because the chemical logic in enzymatic synthesis can
be an inspiration for total chemical synthesis [54,55]. A typical database
of this type is MetaCyc [13], where nearly 20,000 metabolites are an-
notated with a total of 19,000 reactions and 3000 pathways (accessed in
March 2024). The enzymes and their corresponding organisms are also
collected and linked to other databases such as UniProt [56]. These re-
actions provide valuable training data for retrobiosynthesis modeling
[571, especially for NPs that are difficult to synthesize. Additionally,
these annotations may provide information on the metabolic pathways
responsible for the degradation or modification of these compounds. For
example, KEGG [12] contains the metabolic pathways of various drugs,
which contributes to a deeper understanding of compound metabolism,
pharmacokinetics, and toxicity profiles and facilitates the optimization of
compound properties to enhance metabolic stability and pharmacolog-
ical efficacy.

2.5. Web interface

As computational tools, databases provided solely in specific file
formats are no longer sufficient to meet the diverse needs of researchers.
Currently, most databases rely on the corresponding web platforms to
facilitate information access for users with varying backgrounds.
Browsing and retrieving information are fundamental functionalities of
database platforms, allowing users to sequentially peruse compounds
according to various sorting criteria, and customize searches using basic
structural and annotation information. Another advantage of online
platforms lies in their interactivity with users, affording them the
freedom to download the desired data selectively rather than the entire
database, which can be burdensome, particularly for large database
source files. Moreover, the web interface provides users with an oppor-
tunity to contribute to the database. Considering the challenge of data
updating for database developers, the provision of interfaces for data
uploads on platforms significantly alleviates the burden of database
maintenance while also aiding in standardizing the requirements for data
disclosure in academic research publications. Successful cases include
the Cambridge Structural Database (CSD) [58] for small-molecule crystal
structure data and the Protein Data Bank (PDB) [59] for biomolecular
structure data. Furthermore, some databases integrate practical modules
tailored to their unique characteristics, including data analysis, spectrum
prediction, and target prediction within the platform. For example,
NPAtlas [60] provides a web page for database analysis, including the
year distribution of the number of isolated compounds and the number of
compounds found in different genera. TeroKit [47] cross-links
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terpenoid-related molecules (TeroMOL) [15] and enzymes (TeroENZ)
[61] according to metabolic reactions and integrates skeleton analysis
and activity profiling modules into an online platform.

3. Applications in drug discovery

Drug discovery is a multifaceted, multistage endeavor. Compound
databases, particularly those with multidimensional annotations, are
pivotal in this process. This section discusses the uses of NP databases in
drug discovery, including virtual screening, construction of knowledge
graphs, molecular generation, and other pertinent applications.

3.1. Virtual screening

NP databases serve as repositories of the chemical structures, bio-
logical activities, and pharmacological properties of NPs, facilitating the
identification of potential lead compounds for drug development. Using
virtual screening techniques such as molecular docking [62], pharma-
cophore modeling [63], and similarity searching [64], researchers can
efficiently explore the chemical space represented by NPs and predict
their interactions with biological targets [65]. Zhou et al. [66] collected
the SMILES of polo-like kinase 1 (PLK1) inhibitors and converted them
into an SDF format to construct a pharmacophore model. NP-based data
from CMNPD [16] were then obtained and screened to identify three
small compounds from marine sources with the potential to inhibit PLK1.
Juarez-Mercado et al. [67] identified SARS-CoV-2 protease inhibitors
using ligand-based virtual screening based on similarity searching of
many small-molecule databases, including the NPs database COCONUT
[8].

Recently, artificial intelligence has been widely used to predict
compound-target interaction [68-70], thus simplifying and accelerating
the progress of NP drug discovery [71,72]. The typical model encodes the
information of a small molecule (sometimes protein information is also
included), then inputs it into the machine learning model and predicts
whether it is active (classification task) or the strength of activity
(regression task) to a specific target. Liu et al. [73] trained a deep
learning model using molecules from an anti-osteoclastogenesis dataset.
The model was then used to predict anti-osteoclastogenic activity in an
NP library, and five bioactive NPs with diverse structures were identified.
Zhang et al. [74] established a database [75] of natural
anti-inflammatory products and trained machine learning models to
predict the anti-inflammatory activity of new NPs and the
compound-target relationship of existing items. Overall, the integration
of NP databases into virtual screening workflows enhances the efficiency
and effectiveness of drug discovery by harnessing the structural diversity
and bioactivity of natural compounds.

3.2. Knowledge graph construction

Unlike the NP database for virtual screening, which is used as a
screening database for a specific target, some databases with activity
annotations can be used to build knowledge graphs, leading to the
mining of active compounds and drug repurposing [76]. Target fishing is
the process of identifying small molecule targets. Cockroft et al. [77]
proposed STarFish by collecting NPs from available databases and
identifying protein targets from ChEMBL [48], and then trained multi-
label classification models to predict targets for a given compound. It was
deployed via an application programming interface to facilitate the target
identification of NPs. Qiang et al. [78] generated a compound-target
dataset by integrating COCONUT [8] and ChEMBL and trained an NP
target prediction model with transfer learning. The model successfully
predicted the high-frequency targets of a certain number of approved
drugs whose structures were derived from NPs. Through traditional
methods such as network pharmacology [79], researchers can also
elucidate the pharmacological properties and biological mechanisms
underlying the actions of natural compounds. Gu et al. [80] constructed a
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compound-target network for NPs and analyzed its properties. After
extracting target-related diseases, two compounds from the network
were identified as potential drugs for bacterial infections and several
cancers. TCM research involves complex diseases, syndromes, herbal
formulae, and activated molecules, which have resulted in a new gen-
eration of studies featuring networks [81]. Synergy between TCM and
network pharmacology holds great promise for drug discovery and
development. By leveraging the holistic perspective of TCM and a sys-
tematic analytical approach to network pharmacology, researchers can
gain deeper insights into the multifaceted nature of herbal remedies and
their effects on biological systems [82]. Yu et al. [83] constructed a
compound-target network for a traditional medicine formula-modified
Shen-Yan-Fang-Shuai formula (M-SYFSF) with the help of the TCMSP
[84] and SymMap [85] databases and deciphered the mechanism of
M-SYFSF in treating diabetic nephropathy. These predictive approaches
enable the identification of potential molecular targets, pathways, or
biological processes modulated by natural compounds, thereby facili-
tating the rational design and optimization of drug candidates. Dai et al.
[86] discovered 32 NPs from multiple TCM databases that ameliorated
Alzheimer's disease pathology by targeting endoplasmic reticulum stress.

3.3. Molecular generation

As mentioned above, NP structures exhibit remarkable diversity,
making NPs valuable resources for drug discovery. However, the number
of known NP molecules is significantly lower than that of synthetic small
molecules and even lower than the theoretical chemical space of 1060
small molecules [87]. Consequently, the acquisition of additional NPs or
their analogs to expand the chemical space for virtual screening has
remained the focus of drug design research. Traditional methodologies
involve the use of structural fragmentation algorithms to dissect database
structures into fragments that are then recombined using combinatorial
chemistry principles to generate novel molecules [88]. Recently, gener-
ative deep learning algorithms have enhanced the utility of structures in
large NP databases. Models such as recurrent neural networks (RNNs)
[89], variational autoencoders (VAEs) [90], generative adversarial net-
works (GANs) [91], and transformers [92,93] can generate numerous
molecules for virtual screening. For instance, Ochiai et al. [90] trained a
VAE model using approved drugs and NPs from an original dataset and
generated structures with higher docking scores based on Gefitinib.
Similarly, Ma et al. [94] used SMILES of NPs from the COCONUT data-
base to train various models and generated a plethora of molecular
structures. These molecules were then docked with target proteins
against COVID-19, demonstrating that increased diversity in the molec-
ular library improved the docking scores, thereby facilitating the dis-
covery of ligands with higher affinities. Inspired by the natural biogenesis
of terpenoids, Zeng et al. [95] combined physical-based metadynamics
simulations, learning-based transformers, and RNN to generate diverse
terpenoids, greatly expanding the chemical space with the evaluation of
synthetic accessibility.

3.4. Other applications

In addition to the direct applications in drug discovery discussed
above, NP databases also offer assistance in drug discovery through
various avenues. Physicochemical properties, especially the drug-
likeness properties, of chemical entities are important for the discovery
of structures with interesting biological activities [96]. Cheminformatics
tools and methods can identify biologically relevant parts of the chemical
space of NPs through the analysis and comparison of different databases
based on properties such as Lipinski's rule of five [97]. Analysis of drugs,
NPs, and molecules from combinatorial chemistry using several data-
bases has shown that NPs typically have a higher molecular mass, more
oxygen atoms but fewer nitrogen and halogen atoms, higher numbers of
H-bond acceptors and donors, higher hydrophilicity, and greater mo-
lecular rigidity [25,98,99]. Thus, cheminformatics filters are required to
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screen structures from NP databases to obtain compounds with desirable
pharmacokinetic/pharmacodynamic properties and low toxicity [100].
Analysis of specific databases provides insights into chemical diversity.
For example, the difference between terrestrial and marine NPs was
revealed through a thorough cheminformatics analysis of the Dictionary
of NPs [101] and the Dictionary of Marine NPs [102]. Their physico-
chemical properties and structural features show that marine NPs are
more drug-like than terrestrial products. Saldivar-Gonzalez et al. [103]
compared the chemical space between the NuBBE [49] database and
other databases and revealed the diversity and complexity of the struc-
tures and the potential for drug discovery. Zeng et al. [104] explored the
chemical and biological spaces of terpenoids using a series of chem-
informatics and bioinformatics approaches, revealing a special region of
terpenoids in NPs.

Inspired by cheminformatics, Ertl et al. [105] employed machine
learning to construct a regression model for assessing a molecule's NP
likeness based on structures from the CRC Dictionary of NPs (DNP)
[101], serving as an evaluation metric for generating or synthesizing
more diverse compound structures. Similarly, based on deep learning
models, NP classifiers [106] can hierarchically classify NP structures to
aid in understanding the molecular basis and biosynthetic pathways of
complex NPs. Metabolic data from NP databases can be used to predict
the biosynthesis of molecules and can be classified into traditional
similarity-based [107], rule-based [108] and deep-learning-based [109]
approaches, which are promising tools for the production of bioactive
NPs.

4. Challenges and prospects

Despite their utility, NP databases face challenges such as data quality
issues, especially redundant or conflicting information, which bring
additional work to data preprocessing in drug discovery, such as library
construction in virtual screening. On one hand, there is a large amount of
data duplication between different NP databases [17] because all de-
velopers use the same data sources, such as literature and patents.
However, early limited structural determination techniques and mistakes
in data collection inevitably result in incomplete data, such as stereo-
chemical information, which also leads to redundant storage of the same
substance due to inconsistent levels of structural information. Therefore,
it is sensible for users to confirm the accuracy of the extracted data.
Ambure et al. [110] explored methods for cleaning activity data, struc-
tural data, and other related information. They also discussed strategies
for handling significant discrepancies in the experimental data. It can
sometimes be unclear whether NPs originate from a natural source when
encountering heterologous gene expression or the artificial activation of
silenced genes. Considering the rapid development of genomics and
synthetic biology, the community must make efforts to define and attri-
bute NPs.

Another challenge is data update and website maintenance. There
will be studies reporting new NPs, and it is tedious to collect information
about their structures, sources, and activities from documents. Recently,
text and image recognition tools have been used to extract chemical in-
formation from document-level sources. Optical chemical structure
recognition (OCSR) is an essential tool for automatic structural infor-
mation extraction. Deep-learning-based tools such as ABC-Net [111],
ChembDataExtractor [112], and the StoneMIND Collector [113] can be
used for database construction and updating. Nevertheless, due to the
structure complexity and derivatives (“R groups” widely exist in the
document), the accuracy of NP structure recognition is not high enough
for fully automated information extraction and manual correction is
essential. Additionally, even if the structure is correctly recognized,
automatically annotating the information (name, source, activities, etc.)
in the text to the correct structure remains a challenge. Owing to the
manual cost of data collection, many open-source databases developed
by individual research groups have been outdated for a long time and are
unavailable even a few years after release (for example, ChemBank
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[114]). Other databases like MetaCyc [13] have turned from open-source
to subscription-acquired because of the termination of funding support.
While improving the data extraction algorithm, it may be beneficial to
establish an NP data bank (NPDB), where researchers around the world
can upload formatted information for review and validation by the whole
community. Currently, a small step has been taken as many geographical
region-specific NP databases, such as AfroDb [115] (Africa) and LANaPD
[116] (Latin America), have been established and are expected to make
significant contributions to NP research and NP-based drug discovery.

The isolation and discovery of NPs appear to have peaked and that the
number of new structures has started to decline in recent years (Fig. 4A).
Of course, we cannot rule out the impact of the COVID-19 pandemic on
the scientific community, but the “low-hanging fruit” is indeed getting
fewer. However, the approval of NP-based drugs continues even in recent
years (Fig. 4B). This reminds us that: 1) comprehensive information is
required to supplement the NP databases, including biosynthetic gene
clusters and organism-specific metabolic networks. By integrating such
data, more powerful tools such as genome mining [117,118] and
combinatorial biosynthesis [119,120] can be used to delve deeper into
the realm of NPs and uncover the “dark substance”; 2) the implementa-
tion of enhanced activity prediction and structure optimization strategies
are highly desired to fully harness the existing treasure trove of NPs and
developing them into drugs [71,121,122].

Existing NP databases play vital roles in these two aspects by
providing researchers with access to comprehensive collections of
chemical and biological data. In the era of big data, both traditional
physical-based computational methods and data-driven artificial intelli-
gence models require friendly and high-quality databases for knowledge
mining. Despite these challenges and limitations, NP databases continue
to serve as valuable resources for exploring chemical spaces, identifying
potential drug candidates, and elucidating biosynthetic pathways. Team
collaboration and toolkit development for integrating diverse chemical

and biological databases are essential for overcoming these challenges,
and we believe that these effects would expedite drug discovery, bioac-
tivity mining, structure modification, and the synthesis of NPs.
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