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In recent years, artificial intelligence (Al) has greatly aided the discovery and development of
natural products and drugs. Al facilitates to: connect genetic data to chemical structures or
vice-versa, repurpose known natural products, predict metabolic pathways, and design and
optimize metabolites biosynthesis. More recently, the emergence and improvement in neural KEYWORDS

networks such as deep learning and ensemble automated web based bioinformatics platforms Natural products; natural
have sped up the discovery process. Meanwhile, Al also improves the identification and structure product drug discovery;
elucidation of unknown compounds from raw data like mass spectrometry and nuclear magnetic artificial intelligence;
resonance. This article reviews these Al-driven methods and tools, highlighting their practical ~ dereplication; (bio/chemo)

I . . . informatics tools;
applications and guide for efficient natural product discovery and drug development. metabolomics

GRAPHICAL ABSTRACT

Introduction saccharides, terpenes, and alkaloids [1]. These com-

Natural products (NPs), produced by: bacteria, fungi, pounds play crucial roles in inter-organismal interac-

plants, and animals, encompass a diverse array of spe-  tions, acting as: signals, weapons, nutrient-scavenging
cialized metabolites, such as: peptides, polyketides, agents, and stress protectants [2]. Historically, they
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have been successfully utilized as: antibiotics, chemo-
therapeutics, immunosuppressants, and crop protec-
tion agents, due to their natural origins [3]. In addition,
NPs and their structural analogues have significantly
contributed to pharmacotherapy, particularly for cancer
and infectious diseases [4]. However, challenges in
drug discovery, including: technical barriers to screen-
ing, isolation, characterization, and optimization, led to
a decline in their pursuit by the pharmaceutical indus-
try from the 1990s onwards [1,4,5]. Recent technologi-
cal and scientific advancements, such as improved
analytical tools, genome mining and engineering strat-
egies, and microbial culturing advances, are overcom-
ing these challenges and opening new opportunities,
including the artificial intelligence (Al) incorporated
strategies and tools.

Considerable benefits of NPs over synthetic mole-
cules (e.g., diverse chemical scaffolds and biological
friendliness) captivate both laboratory researcher and
computer scientists [6]. Numerous researchers have
created computational methods to assist the swift dis-
covery and structural elucidation of NPs, as well as to
aid molecular patterns for combinatorial design or tar-
get selectivity [7]. Informatics (chemo/bio), and related
disciplines have significantly contributed to NP-based
drug discovery, with their successes and limitations [8].
Computational platform, including Al approaches such
as machine learning (ML) and deep learning (DL), have
gradually integrated into natural product discovery and
drug development ((NP) D/DD) tools [5]. Considering
the growing need for innovative tools to decipher NPs
by utilization the ever-expanding omics datasets, this
review presents the latest Al-based tools and strategies
in (NP) D/DD. It aims to help natural product scientists
quickly prioritize Al-powered tools for the prompt
identification of NPs and explore their potential for
drug development. Unlike previous studies, this review
provides a comprehensive overview of these tools and
techniques, including advantage and limitation. By
integrating modern Al-coupled dereplication tools and
highlighting their applications, it uncovers previously
unreported aspects of Al in (NP) D/DD, offering a fresh
perspective and paving the way for future research.

Artificial intelligence in natural product
discovery and drug development tools

Filtering and prioritizing NPs from vast chemical spaces
and -omics compendium, current and next generation
key challenges in natural and synthetic-based computa-
tional aided drug design (CADD) necessitate the devel-
opment of high throughput approaches. In the past few
years, Al-based automation strategies have offered

significant possibilities in the (NP) D/DD, particularly
through medium to high throughput screening, thereby
expanding the chemical space of natural products
libraries [5], to some extent. Since Al's inception in 1956
[9], it has gained remarkable attention and exciting suc-
cesses, especially with the introduction of technologies
like: CADD, quantitative structure-activity relationship
(QSAR) [8], support vector machines (SVMs) [10], ran-
dom forests (RFs) and long short-term memory (LSTM)
[11] concepts in the 1990s. These innovations have rig-
orously expanded Al's applicability in (NP) D/DD [12].

DL and ML, both subfields of Al, advantage the
“omics” and (bio/chemo) informatics technologies to
model complex nonlinear relationships, pattern recog-
nition and feature extraction from low-level data repre-
sentations via various molecular graphs [13] or artificial
neural architectures. These advances rely theoretically
on the diverse array of fundamental mathematical
algorithms paradigms, including optimization tech-
niques statistical models, graph theory. Typically, they
are implemented using supervised machine algorithms,
as depicted in Table 1 and Figure 1(b), which act as
single to multi-layer hidden architectures [14]. More
specifically, DL represents the most recent neural net-
work architecture, harboring multiple layers, usually
three or more layers, as a hidden layer [15]. The first
reported application of DL in metabolomics profiling
dates back to 1992 [16].

In last couple of years, an array of automatic predic-
tion or networking softwares have been implemented
in (NP) D/DD, spanning from metabolite isolation to
drug development [17]. These systems incorporate
algorithms individually, or in combination, forming arti-
ficial network linking computing elements [18], ensem-
bles of multiple algorithms boosting the accuracy and
efficacy of the predictions [19]. Intriguingly, Al systems
rapidly triggered attraction for applicability in (NP) D/
DD domains, such as: surging and exploring the chem-
space, repurposing of existing knowledge of molecules
and target prediction, structural elucidation and de
novo synthesis, dereplication and biological profiling of
chemical entities, association of BGCs from genome
data to chemical structure or vice versa, and metabolic
engineering and pathway characterization (Figures
1 and 2).

Association of the BGCs from genomic data to
chemical structure or vice versa

Since the early 2000s, next generation sequencing and
synthetic biology advanced our understanding of NPs
biosynthetic logic and genetic circuits [20]. Meanwhile,
the renaissance of modern Al enhanced tools (Figure



Table 1. Supervised machine-learning algorithms in natural
products discovery tools.

Approaches Algorithms Tools Reference
Classification  K-nearest neighbors ~ DTi2Vec [99]
approach  Naive Bayesian Discovery of VEGFR2  [295,296]
and BuChE
inhibitors
Support vector QSAR models [297]
networks
Ensemble Boosting machine XGBoost classifier [298]
approach  Random forest DEcRyPT [107]
QSAR Modeling [299]
Regression Regression (Logistic, ~ STarFish (logistic [98]
model multiple, linear, regression)
lasso)
Neural and Multilayer perceptron Prediction and [300]
deep (MLP) optimization of
neural the
algorithm andrographolide
content in
Andrographis
paniculata
Long short-term HypoRiPPAtlas [189]
memory network  NPs-like molecules [301]
(LSTM) database
MetaboListem and [302]
TABoLiSTM
Convolutional neural NMR-based SMART [303]
networks (CNN) 2.0
BiGCARP [304]
Graph neural network MSGNN-DTA [305]
(GNN) DTI-HETA [306]
Recurrent neural de novo ligand [307]
network (RNN) generation
QBMG [308]
Generative adversarial Mol-CycleGAN [309]
network (GAN) ReleaSE [310]
Deep Boltzmann DTl prediction [311]
machine
Deep belief networks LBVS [312]
de Novo Drug [313]
Discovery
Variational auto New chemical [314]
encoders reaction
Dense DNN generation
CANOPUS [201]
NP-VAE [315]
Adversarial auto PCM-AAE [316]
encoders (AAR)
Feedforward Neural NPClassifier [203]
Networks (FNN)
Transformer MSNovelist [197]

encoder-decoder
neural network

1(a); Tables 1 and 2) compiled the rapid accumulation of
genomic information and excavated previously undis-
covered genes or gene clusters, encoding the new scaf-
folds or biologically active features. For example, a
combined computational pipeline of antiSMASH, the
Minimum Information about a Biosynthetic Gene cluster
(MIBiG), Big-SCAPE and CoRASON provide identification,
compare and correlate the biosynthetic information with
secondary metabolites in databases, and link evolution-
ary and maps phylogenetically [21]. These feature- or
correlation-based hooking approaches mine genome
based on potential target, compounds family, or bioac-
tive features [22]. Historically and hitherto, Hidden
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Markov Model-based selection approaches (e.g., SMURF
[23], antiSMASH [24], CO-OCCUR [25]), top-notch curated
tools, identify and annotate BGCs and chemical entities
per unprecedented speed and scale; nevertheless, flaws
like false positive rates and inability to predict the novel
BGCs, metabolic pathways, or structures still exist on the
counterparts. Over the last decades, the renaissance of
ML algorithms that incorporated scoring functions and
pattern-recognition approaches accelerated the preci-
sion of identifying new chemical entities, metabolic
pathways, or BGCs by recognizing unique features from
the BGCs (e.g., NPlinker) [26], novel enzyme encoding
BGCs domains (e.g., EFI-CGFP) [27] and biochemical pre-
dictions for poorly annotated genes (e.g., MAGI) [28].
Feature-based tools like: BAGEL4 [29], SANDPUMA [30],
GNP [31], iSNAP [32] and MetaMiner [33] are crucial for
predicting specific metabolite classes, such as: bacterio-
cin, nonribosomal peptides, polyketides, and ribosomally
synthesized and post-translationally modified peptides.
Meanwhile ML-based tools RODEO [34], GECCO [35],
RiPPER [36] and RiPPMiner-Genome [37] identify unique
superclusters or multi-precursor peptide RiPP BGCs
based on special enzyme features.

Despite the limitations, such as: targeting single NP
classes, requiring prior knowledge of known sequences,
modifications, or core enzymatic machinery, DL tools
such as DeepRiPP [38], RFs-based DeepBGC [39],
ANN-based SanntiS [40], SVM-based NeuRiPP [41], and
SVM integrated tool decRiPPter [42] and pHMM-based
RRE-Finder [43] have introduced new possibilities.
These tools surpass the performance of traditional ML
methods in terms of: features extraction, pattern rec-
ognition, scalability, and precision. For example,
DeepRiPP and NeuRiPP can identify complex patterns
and relationships in data that traditional ML methods
with more accurate predictions and annotations of
NPs. Furthermore, recent updates on ML tools such as
(e.g., PRISM-4 [44], antiSMASH 7.0 [45], DDAP [46],
AdenPredictor [47] and PKSpop [48]) have greatly
improved the prediction accuracy of chemical struc-
tures from genome sequences. For instance, the origi-
nal version of antiSMASH, released in 2011, could
identify a few classes of NPs [24]. The latest version,
antiSMASH 7.0, released in 2023, adds more features,
including the prediction of chemical structure classes,
visualization of enzymatic assembly lines, and regula-
tion of gene clusters [45]. Few important missing
pieces, for example, systematic, automatic and extra
large-scale (meta) genome mining for recognition and
classification of BGCs that generate unfamiliar mole-
cules remain underappreciated. To mitigate such prob-
lems, tools that deal with the massive datasets size
and implement correlation-based similarity-networking
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Figure 1. The game-changing potential of artificial intelligence, including deep learning tools, in different aspects of natural prod-
uct discovery (NPD). (a) Schematic summary of Al-based tools workflow. (b) Common supervised learning algorithm frequently
integrated in NPD tools. (c) Data sources and databases for Al model development in major five different areas of NPD; namely,
linking gene to metabolites and vice versa, drug repurposing, metabolic pathway elucidation, dereplication and structure elucida-
tion and bioactivity prediction. (c1) Selected data sources. (c2) Modern selected Al-based tools.
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Table 2. Advanced Al-based natural product depository and annotation tools (2014-2023).

Al-algorithm Website/source code

Tool Description or techniques link Advantage & limitation Reference
SNAP-MS Groups chemical similarities in Decision trees, SVMs, and https://www.npatlas. Advantage [221]

the Natural Products Atlas neural networks org/discover/ + Rapid and user friendly in

with mass spectrometry snapms/ annotation

features from molecular +  Process large datasets

networking, using reference efficiently

spectra and an in-house + Integration with databases

microbial extract library to Limitation

accurately predict compound
families

Predict metabolite structures
from identified compounds
using an MS/MS prediction
module and a collaborative
library of (bio)chemical
transformations for analogue
discovery

Prioritize metabolites for isolation Different supervised

and create global network
views of biologically active
chemical space in large
extract libraries

Target bioactive compounds in
natural extracts

Integrates Spec2Vec,

MS2Deepscore, and precursor

masses to rank potential

analogues and exact matches

Automate complex annotation by Cosine similarity,

integrating MS? data
pre-processing, spectral and
compound database
matching, computational
classification, and in silico
annotation

Decision trees, SYM, and  https://metwork.
neural networks pharmacie.

parisdescartes.fr.

learning and neural
networks

Spearman correlation,
F-PCA, PLS,
and PLS-DA

Spec2Vec and https://github.com/
MS2Deepscore iomega/ms2query
learning

https://github.com/
Euclidean distance, zmahnoor14/MAW

and spectral
correlation

www.npanalyst.org

+  Depend on quality and
comprehensiveness of
reference databases

+  Expertise required to handle
MS datasets

Advantage [317]

«  Facilitate collaborative support
by the sharing of libraries and
annotations

+ Efficient and accurate in
prediction

Limitation

+  Complex setup and use

+  Requires MS and
computational expertise

Advantage [318]
«  Useful in bioactive NPs
discovery
+ Rapid, accurate, and flexible
strategy
Limitation

+  Depends on the quality and
comprehensiveness of
reference libraries

+  Potential for false positives/
negatives result

Advantage [319]

+ Identification of bioactive
compound from complex
extract

»Can process large datasets

+  Freely available

Limitation

+  Require knowledge of
statistical, programming
language, chemical and
biological data

+ High quality data and
computational resources
required

Advantage [195]

+  Freely available and rapid
annotation of compounds

+  Process huge datasets

+ Integrated with databases

Limitation

+  Dependent on the quality of
databases

+  Require knowledge of MS

+ Risk of incorrect annotations

Advantage [320]

+ Automatic annotation

+  Provide precise annotation by
leveraging comprehensive
databases and advanced
algorithms

Limitation

+  Require complex initial setup
and configuration

+ Results depends on the
quality of input data and
reference databases

(Continued)


https://www.npatlas.org/discover/snapms/
https://www.npatlas.org/discover/snapms/
https://www.npatlas.org/discover/snapms/
https://metwork.pharmacie.parisdescartes.fr
https://metwork.pharmacie.parisdescartes.fr
https://metwork.pharmacie.parisdescartes.fr
http://www.npanalyst.org
https://github.com/iomega/ms2query
https://github.com/iomega/ms2query
https://github.com/zmahnoor14/MAW
https://github.com/zmahnoor14/MAW
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Table 2. Continued.

Website/source code

Tool Description link Advantage & limitation Reference
MolNetEnhancer  Facilitates chemical annotation,  Pattern recognition https://github.com/ Advantage [321]
visualization, and discovery of algorithms (PRA) madeleineernst/ «  Automated chemical
substructure diversity within pyMolNetEnhancer classification as molecular
molecular families by https://github.com/ families

integrating molecular
networking, MS2LDA, in silico
annotation tools (e.g.,
Network Annotation
Propagation or
DEREPLICATOR), and ClassyFire

SIRUS 4 Identify molecular structures
using CSI:FingerlD integrated
with a molecular structure
database

MolDiscovery Search small molecule MS/MS
using efficient fragmentation
algorithms and probabilistic
models in an in silico
database of over 8 million
spectra

KGMN Global annotation of unknown
metabolites via
knowledge-guided multi-layer
metabolic networking

MetDNA Web server for metabolite
identification and metabolic
reaction network analysis
from LC-MS/MS data

Random Forest (RF)

Probabilistic model

SVMs and Random

Recursive algorithm

madeleineernst/
RMolNetEnhancer

https://bio.informatik.

uni-jena.de/sirius/

https://www.
moldiscovery.com/

http://metdna.zhulab.
cn/

http://metdna.zhulab.
cn/

+  Provide structural details for
each fragmentation spectrum

Limitation

+  Require knowledge of
molecular networking and MS
data analysis

+ Accuracy of annotation relate
to the quality of input data
and reference databases

Advantage [322]

+ Open accessible as graphical
user interface (GUI) and
command-line tools

« Annotation is very accurate

+ Can handle wide range of
metabolites

Limitation

+  Require knowledge of MS data
analysis and interpretation

+ Accuracy of annotation relate
to the quality of input data
and reference databases

+  Steep learning is need for new
user or require comprehensive
training or tutorials

Advantage [190]

«  Applicable to wide area of life
science including NPD

+ Open accessible as graphical
user interface (GUI) and
command-line tools

« Annotation is very accurate

Limitation

+  Require knowledge of MS data
analysis and interpretation

+ Accuracy of annotation relate
to the quality of input data
and reference databases

Advantage [210]

+ Annotate both known and
unknown metabolites

« Annotation is very accurate as
it integrates multiple layers of
network, e.g., MS/MS,
metabolic reaction, peak
correlation to reach the
conclusion

Limitation®

+  Might face difficulties in
integrating with other
bioinformatics tools and

databases
Advantage [323]
+ No standard spectral library
needed
+ Open access with web server
interface
Limitation®

+  Might not support real-time or
near-real-time data processing,
which can be a limitation for
some applications

(Continued)


https://github.com/madeleineernst/pyMolNetEnhancer
https://github.com/madeleineernst/pyMolNetEnhancer
https://github.com/madeleineernst/pyMolNetEnhancer
https://github.com/madeleineernst/RMolNetEnhancer
https://github.com/madeleineernst/RMolNetEnhancer
https://github.com/madeleineernst/RMolNetEnhancer
https://bio.informatik.uni-jena.de/sirius/
https://bio.informatik.uni-jena.de/sirius/
https://www.moldiscovery.com/
https://www.moldiscovery.com/
http://metdna.zhulab.cn/
http://metdna.zhulab.cn/
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Tool

Description

Al-algorithm
or techniques

Website/source code
link

Advantage & limitation Reference

iSNAP

NAP

BioCAn

xMS-Annotator

Analyzes individual spectra to
reveal the significance of
matches between MS/MS
spectra and candidate NRP
compounds

A tool in the GNPS web platform Graph-based algorithms

creates a network consensus
of re-ranked structural
candidates using molecular
network topology and
structural similarity to
enhance in silico annotations

Annotation tools for untargeted

LC-MS data combine database

searches and in silico
fragmentation analyses,
placing results in the
biological context of a
metabolic model

Uses a multi-criteria scoring
algorithm to classify database
matches by confidence levels,
aiding in metabolite
identification and
prioritization for MS/MS
confirmation

SVMs and RF

SVMs and RF

www-novo.cs.uwaterloo.
ca:8180/isnap

https://gnps.ucsd.edu/
ProteoSAFe/static/
gnps-theoretical.jsp

https://sourceforge.net/
projects/
Xxmsannotator/

Advantage [32]

+  Dereplicate nonribosomal
peptides in complex extract
and identifies analogs with
high accuracy

+ Automation, very sensitive and
free accessible

Limitation®

« Usually it is limited to NRPs
class of Metabolites

+  Users may find limited
flexibility in terms of
customizing algorithms or
parameters for specific needs

Advantage

+ Automated annotation and
open access via GNPS
web-platform

+  Uses molecular network
topology even when no match
to a MS/MS spectrum in
spectral libraries

Limitation®

+ The underlying network
construction might be
complex and not easily
understandable for all users

+ High hardware requirements
might limit its usability on
standard desktop computers

Advantage

+  Searches including in silico
fragmentation analyses and
database improved accuracy

+ Open access and process large
datasets

Limitation®

+ Technical expertise required
for initial setup

+ Challenges in interoperability
with other commonly used
bioinformatics tools and
platforms

+ Lack of comprehensive
learning resources and
tutorials might be a hurdle for
new users

Advantage

+ Utilizes a network-based
approach to enhance the
accuracy of metabolite
annotation

+  Multi-database support and
multi-criteria approach
improve the confidence levels
of prediction

Limitation®

+  Require knowledge of R
programming and
metabolomics data analysis

+  Limited or no graphical user
interface (GUI) can be a
challenge for users who prefer
GUI-based tools

[324]

[325]

[326]

(Continued)


www-novo.cs.uwaterloo.ca:8180/isnap
www-novo.cs.uwaterloo.ca:8180/isnap
https://gnps.ucsd.edu/ProteoSAFe/static/gnps-theoretical.jsp
https://gnps.ucsd.edu/ProteoSAFe/static/gnps-theoretical.jsp
https://gnps.ucsd.edu/ProteoSAFe/static/gnps-theoretical.jsp
https://sourceforge.net/projects/xmsannotator/
https://sourceforge.net/projects/xmsannotator/
https://sourceforge.net/projects/xmsannotator/
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Table 2. Continued.

Tool Description

Al-algorithm
or techniques

Website/source code
link

Advantage & limitation

METLIN and
METLIN MS?

Database of ~3.0 million HRMS
and 850,000 MS/MS molecular
standards from diverse origins
for identifying known and
unknown metabolites and
chemical entities

Nearest neighbor Contains 87,916 annotated MS/
suspect MS spectra derived from
spectral hundreds of millions of
library spectra from published

untargeted metabolomics
experiments

GNPS Community-curated ecosystem
for analyzing untargeted
metabolomics data via small

molecule mass spectrometry

Annotate in-source LC-MS' data
in untargeted metabolomics
based on coelution profile
similarity

CliqueMS

CANOPUS Systematically annotate
compound classes using

fragmentation spectra

CNN and RNN

Nearest neighbor
algorithms

PRA and graph-based
algorithms

Graph-based algorithms

DNN

http://metlin.scripps.edu

https://github.com/
bittremieux/
gnps_suspect_library

http://gnps.ucsd.edu

https://CRAN.R-
project.org/
package=cliqueMS

https://bio.informatik.
uni-jena.de/software/
canopus/

Advantage

+ Open access extensive
database with wide range of
chemical entities

- Data with positive and
negative ionization increasing
the robustness of dereplication

Limitation®

+ The database might not be
updated frequently enough to
include the latest compounds
and metabolites

+ Limited options for user-driven
customization and addition of
new entries

Advantage

+  Free aviable via GNPS platform

+  Comprehensive and robust
library with wide range of
chemical entities

+ Annotations from known
spectra to structurally related
unknowns

Limitation®

Advantage

+  User friendly, highthrought
and versatile and open
accesible

+ Integrated with many tools
and database enhancing the
overall workflow efficiency and
data interoperability

Limitation

+ Sharing data on a public
platform might raise concerns
about data privacy and
proprietary information

+ Limited direct user support
might make troubleshooting
difficult

Advantage

+  Open access and rapidly
process of large datasets

+ Uses a network-based
algorithm to annotate
isotopes, in-source adducts,
and fragments from LC/MS
data, reducing the complexity
of data as similar compound
to have similar signal

Limitation®

+ It allows for custom adduct
lists, some users might find the
customization options limited
compared to other tools

Advantage

« Database independent and
suitable for classification of
unknown compounds

«  Offers both a graphical user
interface (GUI) and
command-line version

+  Provide the structural
information even without the
reference spectral

Limitation®

+  Results are less accurate for
very large or highly complex
molecules

+  Limited availability of
comprehensive learning
resources or tutorials

[329]

[215]

[330]

[201]

(Continued)

Reference
[327,328]


http://metlin.scripps.edu
https://github.com/bittremieux/gnps_suspect_library
https://github.com/bittremieux/gnps_suspect_library
https://github.com/bittremieux/gnps_suspect_library
http://gnps.ucsd.edu
https://CRAN.R-project.org/package=cliqueMS
https://CRAN.R-project.org/package=cliqueMS
https://CRAN.R-project.org/package=cliqueMS
https://bio.informatik.uni-jena.de/software/canopus/
https://bio.informatik.uni-jena.de/software/canopus/
https://bio.informatik.uni-jena.de/software/canopus/
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Al-algorithm

Website/source code

Tool Description or techniques link Advantage & limitation Reference
SCORE- Dereplicate known metabolites ~ Three-dimensional Advantage [287]
metabolite-ID and dynamically analyze correlation +  Enables fast and reliable
unknown compounds in dereplication
complex mixtures by +  Analyze complex mixtures
semi-automatically detecting without the need for individual
correlated NMR and MS data, isolation of compounds
linking NMR signals to Limitation®
mass-to-charge ratios from ESI + Require expertise in NMR, MS,
mass spectra and LC techniques, as well as
proficiency in using MATLAB
for analysis
VarQuest A GNPS web tool, annotates and Variant search algorithm  http://cab.spbu.ru/ Advantage [331]
discovers novel peptide NPs software/varquest «  Capable of processing large
datasets
+ Integrates with GNPS
enhancing its utility
+ Can identify both peptidic and
novel meatbolites
Limitation®
«  Require specific expertise in
peptidic natural products
«  Designed for large datasets
therefore require
highthroughput settings
MSNovelist Generate structures de novo Encoder-decoder neural  https://github.com/ Advantage [197]
from MS? spectra using network meowcat/MSNovelist «  Can identify the novel
fingerprint prediction with an compound not present in
encoder-decoder neural existing spectral libraries
network +  Dereplicate molecular structure
prediction from MS2 spectra
Limitation®
DEREPLICATOR + Annotate metabolites from MS/  In silico fragmentation http://gnps.ucsd.edu/ Advantage [188]
MS data using in silico algorithms + Annotate both peptidic and
fragmentation graphs through non-peptidic natural products
single- and multistage + Can be integrated with other
fragmentation software and it is frequently
upadted
+ Has hihg accuracy and
resolution via use of multi
satge fragmentation
Limitation®
« Limit in discovering the
completley new compound
+ High level of interpretation of
results required
- Diffcult to run in lab with less
powerful computing resources
Ms2lda.org Discover unknown compounds Latent Dirichlet http://ms2lda.org Advantage [332
by extracting Mass2Motifs, Allocation +  User friendly interface
then annotate and store these «  Useful for scientist with less
annotations from MS/MS data extensive knowledge in
computational skills
+ Allows to create and share
own motif sets
Limitation®
+  Useful in identifying the
known compounds
+  Risk of false prediction
MS-DIAL A versatile program for Data-dependent http://prime.psc.riken.  Advantage [333]
untargeted metabolomics, acquisition and jp/ +  Supports a wide range of MS

enabling spectral
deconvolution for GC-MS,
LC-MS, and data-independent
MS/MS

data-independent
acquisition

datasets

+ User friendly intuitive interface

« Capable of peak detection,
identification, and
quantification

+ Integrated to several
bioinformatic tools and
databases

Limitation

+  Risk of flase positive result,
necessitating careful validation

+  Less efficient in identifying the
novel compound

(Continued)


http://cab.spbu.ru/software/varquest
http://cab.spbu.ru/software/varquest
https://github.com/meowcat/MSNovelist
https://github.com/meowcat/MSNovelist
http://gnps.ucsd.edu/
http://ms2lda.org
http://prime.psc.riken.jp/
http://prime.psc.riken.jp/
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Table 2. Continued.

Al-algorithm Website/source code
Tool Description or techniques link Advantage & limitation Reference
MS2Analyzer Searches for specific neutral loss, PRA such as SVMs and https://fiehnlab.ucdavis. Advantage [334]
product ions, m/z differences, RF edu/projects/ + Enables detailed substructure
and precursor ions in MS/MS ms2analyzer annotation
spectra, mainly for lipid and +  Provide user friendly interface
glycoside annotation + Allows users to create custom
query files to search for
specific mass spectral features
Limitation®
+ Not updated and maintenance
timely
+  Less effective in discovering
entirely new molecule
NPvis A tool for matching the peptidic Interactive visualization  http://cab.cc.spbu.ru/ Advantage [335]
NPs from MS/MS spectra npvis/ + Allows users to interactively
map annotated spectrum
peaks to corresponding
structure fragments
+  Accessible as a web service
and a standalone application
+  Supports an extended
alphabet of amino acids and
PNP-specific linkage bonds
Limitation®
+ Not updated and maintenance
timely
+  Only focus on peptidic natural
product
MetWork Predict in silico metabolization, https://metwork. Advantage [336]
aiding NPs annotation and pharmacie. + Integrated with the GNPS and
discovery parisdescartes.fr use the collaborative library of
reactions
+  Predict potential
metabolization pathways and
(un) known or rare compound
+  User-friendly web-based
interface
+ Metwork prediction maybe
valuable assest for
optimization the production of
bioactive compounds
Limitation
+  Regular software updates and
maintenance is necessary
+ Require specific data formats
or preprocessing steps
+  Specially focus only on
metabolization
DREP-NP Repository for DREP-NP DE https://github.com/ Advantage [337]

replication database files,
enabling rapid DE replication
of known NPs using mass
spectrometry and fast NMR
("H, HSQC, HMBC) data

clzani/DEREP-NP

+  Robust approach to NP
identification as it use both
MS and NMR spectral

+ Integrates with comprehensive
database

+  User-friendly intuitive interface

Limitation

+ Limited instrument
compatibility so researchers
need to adapt their workflows
or invest in compatible
equipment

+ Timely update integrated
database and DREP-NP tool is
necessary

(Continued)


https://fiehnlab.ucdavis.edu/projects/ms2analyzer
https://fiehnlab.ucdavis.edu/projects/ms2analyzer
https://fiehnlab.ucdavis.edu/projects/ms2analyzer
http://cab.cc.spbu.ru/npvis/
http://cab.cc.spbu.ru/npvis/
https://github.com/clzani/DEREP-NP
https://github.com/clzani/DEREP-NP
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Table 2. Continued.

Website/source code
link

Al-algorithm

Tool Description or techniques

Advantage & limitation

Reference

375,809 Predicted metabolites
MS/MS spectra

MyCompoundID
MS/MS Search

Spectral matching
algorithms

www.MyCompoundID.
org

MS-FINDER http://prime.psc.riken.

i/

Elucidates compound structures
from unknown EI-MS (GC/MS)
and MS/MS spectra using
hydrogen rearrangement

In-silico fragmentation
algorithms

Annotates metabolites with PRA
tandem MS data from a vast
database of pre-calculated
“fingerprints” and

fragmentation patterns

ChembDistiller https://bitbucket.org/
iAnalytica/

chemdistillerpython

MAGMa Multi-task Gaussian

processes

Annotate untargeted
metabolomics MS data by
generating theoretical MS/MS
fragments from target
structures

https://nlesc.github.io/
MAGMa/

MIDAS http://midas.omicsbio.

org

Autoencoders deep
learning algorithm

Identify unknown compounds in
untargeted metabolomics by
comparing theoretical MS/MS
fragmentations to
experimental tandem mass
spectra

Advantage

Supports batch processing of
multiple spectra

Features automated
identification programs, such
as DnsID for dansyl labeled
metabolites

Can be integrated to other
bioinformatic tools

Limitation®

Limited spectral coverage
Integration require additional
customization

Limited data format
compatability

Advantage

Highly accurate in identifying
metabolites from MS/MS
spectra

Use large comprehensive
database and user friendly
interface

Support batch processing

Limitation®

Accuracy of MS-FINDER relies
on the quality and
comprehensiveness of external
spectral libraries

Advantage

Process large datasets
efficiently

Use compound with
pre-calculated fingerprints and
fragmentation patterns
Customizable making it
suitable for both small and
large-scale studies

Limitation®

Specific data formats or
preprocessing of spectral

Advantage

Supports hierarchical and
internally consistent
fragmentation trees
User-friendly intuitive interface
Utilize large spectral libraries

Limitation®

Struggle with accurately
predicting MS/MS spectra for
entirely new or highly
unconventional metabolites
Requiring additional
customization or technical
expertise for integration

Advantage

Enumerates possible fragments
from metabolites

Accurately match experimental
MS/MS spectra with
theoretical spectra

Automatic identification
process using large database

Limitation®

Some results might require
manual curation

Diffcult to process highly
complex spectra

[338]

[339]

[340]

[341]

[342]

(Continued)


http://www.MyCompoundID.org
http://www.MyCompoundID.org
https://bitbucket.org/iAnalytica/chemdistillerpython
https://bitbucket.org/iAnalytica/chemdistillerpython
https://bitbucket.org/iAnalytica/chemdistillerpython
https://nlesc.github.io/MAGMa/
https://nlesc.github.io/MAGMa/
http://midas.omicsbio.org
http://midas.omicsbio.org
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Table 2. Continued.

Al-algorithm Website/source code
Tool Description or techniques link Advantage & limitation Reference
MetFrag2.5 Annotate high-precision tandem  Bayesian models and http://cruttkies.github. ~ Advantage [343]
mass spectra of metabolites statistical learning io/MetFrag/ +  Offer user-friendly intuitive
using a library of 100,000+ methods interface
fragmentation rules based on +  Processing large datasets
standard reactions efficiently
« Utilizes extensive databases
like PubChem and
ChemSpider, enhancing the
likelihood of correct
identification
+ Timely update and refinements
for improving its performance
and accuracy
Limitation®
HAMMER Annotate metabolites in complex In silico fragmentation http://www. Advantage [344]
samples by generating in algorithms biosciences-labs. + Facilitate the in silico MS"
silico MS™ libraries and batch bham.ac.uk/viant/ libraries generation for
matching of in silico mass hammer/ enhance identification
spectral data +  Perform batch matching of
in-silico mass spectral data
Limitation®
+ Complex setting up and
configuring
+ High computational capacity
for libraries generation
CFM-ID 4.0 Predict, annotate and identify for Competitive https://cfmid.wishartlab. Advantage [345]
small molecules from fragmentation com +  Accurately predict ESI-MS/MS
ESI-QTOF-MS/MS modeling spectra for a given compound
structure
«  Cover wide range of chemical
classes
+ Timely update and
maintenance with improved
performance
+  User friendly and can integrate
with other tools
Limitation®
+ Requires substantial
computational power
+  Potential risk of false
prediction
HypoRiPPAtlas Hypothetical tandem mass SVMs and RF https://github.com/ Advantage [189]
spectra datasets from NPs in mohimanilab/ + Facilitate the identification of
22,671 complete microbial seq2ripp novel RiPPs from MS and

genomes

genomic data

+  Process of large datasets
quickly and efficiently

«  Offer user-friendly intuitive

interface

Limitation®

+  Require both genomic and MS
data

+ Limited experimental library
coverage

ARequire high quality and completeness of input data; substantial computational resources; Potential for false positive/negative prediction; require good

understanding of tool and expertise to interpret the results.

workflow have been developed. For example, BiG-SCAPE
and CORASON [21] together with BiG-SLICE [49],
enabled reconstruction of BGCs phylogenies from dif-
ferent sources and groups into gene cluster families,
respectively. Additionally, the BiG-FAM database [50],
guided by ML offers an improved, user-friendly inter-
face that facilitate the display and comparison of gene
clusters directly from query sequences. Moreover, MIBiG
effectively connect biosynthetic enzymes to the

chemical transformations  they  catalyze [51].
The RiPPQuest [31], NRPQuest [52], Pep2Path [53],
NRPSPredictor2 [54], NPOmix [55], and molecular net-
working (MN) approach identify the potential gene
clusters or gene cluster families from analytical data-
sets (e.g., MS/MS fragmentation) [56]. Recent examples,
such as: linaridins, tambromycin, tyrobetaines, pristinin
A3, deepflavo and deepginsen, thioviramide and thio-
varsolin, and corynaridin augment the potential of


http://cruttkies.github.io/MetFrag/
http://cruttkies.github.io/MetFrag/
http://www.biosciences-labs.bham.ac.uk/viant/hammer/
http://www.biosciences-labs.bham.ac.uk/viant/hammer/
http://www.biosciences-labs.bham.ac.uk/viant/hammer/
http://www.biosciences-labs.bham.ac.uk/viant/hammer/
https://cfmid.wishartlab.com
https://cfmid.wishartlab.com
https://github.com/mohimanilab/seq2ripp
https://github.com/mohimanilab/seq2ripp
https://github.com/mohimanilab/seq2ripp

Al-based prediction softwares in discovering new BGCs
classes or NCEs, including unusual NPs families like
imiditides [1,5] (Figure 2).

Repurposing of existing knowledge of natural
products

Drug repurposing or drug repositioning, identifies anec-
dote uses of previously approved drugs or known
metabolites [57] (e.g., Cyclosporin from Tolypocladium
inflatum Gams was discovered as an antifungal agent
[58] and later approved as an immune suppressant drug
[59]), has propelled much attention as it overcomes the
time, safety and cost constraints of the traditional NPDD
[60]. In the earliest demonstration various CADD
approaches [61] smeared individually or in combination
systematically benchmark substantial-scale information
to obtain meaningful interpretations of in silico, NPs, or
synthetic drug repurposing. QSAR, computer-aided VS
and proteochemometric modelling [62,63] being the
widely accepted, among others. In recent times, incorpo-
rating DL [64] and ML architectures (both supervised
and unsupervised) [19] into CADD tools has substantially
contributed to NPs-based drug discovery [65] (e.g.,
fusidic acid, isolated from the fungus Fusidium coccineum
as an antibacterial agent [66], later rediscovered as an
antiviral agent [67]). QSAR models, tracing back to 1962
[68], predict and prioritize biological activities based on
the features derived from their molecular structures and
statistical modeling emphasized to find the correlations
between extracted features [69]. However, classical QSAR
numerically characterize molecular structures at different
layers of structure representation without model devel-
opment, a tectonic drawback [70]. To fill this gap, cou-
pling QSAR with the ML/DL algorithm significantly
improve the unstructured data size processing and com-
plex data sets (e.g. both linear and non-linear), by gen-
erating models and unleashing accurate predictions [71].
Over the past few years, Al-based QSAR models such as
deep QSAR [70] have successfully implemented and
improved its NPDD performance [72]. For example, Julian
Ivanov et al. (2022) applied QSAR machine-learning pre-
dictive models to identify novel drug candidates for the
viral targets three chymotrypsin-like protease and
RNA-dependent RNA polymerase [73]. Likewise, VS, initi-
ated in the early 1970s, prioritized targeted molecules by
scanning commercial available databases (e.g., ZINC [74],
Drugbank [75]) or manually curated libraries (e.g., librar-
ies created by compiling the compounds structure from
literature manually or by use of Al tools, for instance,
BioNLP and tensors [76], Word2vec [77], DECIMER [78]).
In particular, approaches such as: structure-based drug
discovery (SBDD) [79], ligand-based drug discovery
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(LBDD) [18], and hybrid methods [80] emerge as major
noteworthy VS techniques for drug discovery and devel-
opment. Mechanistically, structure-based VS softwares
relay on scoring functions (SFs) calculation as the kernel
logics [81], and recently, incorporating Al algorithm into
VS tools (e.g., DeepVS [80], PlayMolecule BindScope [82],
and TAME-VS [83]) improved the SFs precision for bind-
ing affinity prediction [84]. Notably, in the last couple of
years, Al-driven tools integrated with docking software
(e.g., PyYRMD2Dock [85], Deep Docking [86]) have enabled
high throughput screening of ultra-large chemical librar-
ies [87]. In particular, together with synthesized and arbi-
trary compounds, several NPs have repurposed and
repositioned using ML/DL architectures in VS framework
[88]. For example, Gaudénci and Pereira (2020) reposi-
tioned five marine natural products (MNP) as SARS-CoV-2
MP' inhibitors using the CADD workflow with an initial
11,162 MNPs and 5276 organic compound-derived QSAR
architecture [89]. Likewise, Grisoni et al. (2019) identified
two NP-mimetic against Alzheimer’s disease using two
ML module, namely, SPIDER (SOM-based Prediction of
Drug Equivalence Relationships) and TIGER (Target
Inference GEneratoR) [90]. Another example, identifica-
tion of NPs as EGFR double mutants inhibitors by screen-
ing approximately 0.15 million molecules from various
natural products libraries [91]. To overcome the imper-
fection of VS, for instance, the need for target proteins
3D structures in SBDD and poor prediction with limited
binding ligands in LBDD, computational drug-target
interactions (DTI) prediction methods can efficiently
identify putative new drugs, or novel targets for existing
drugs [92], overcoming high cost and time of experi-
mental methods [93]. DTIs predicting platforms include
feature-based, ML and DL-based models. Feature-based
approaches such as SwissTargetPrediction [94], Pharm-IF
[95], PharmMapper [96] rely on known DTl chemical
descriptors for molecules and the descriptors for the tar-
gets to generate feature vectors, while ML
algorithm-integrated tools (e.g., SPVec [97], STarFish [98],
DTi2Vec [99], and NetLapRLS [100]) uses similarity-based
associations. More leveraging high throughput Al-based
DTI tools (e.g., DeepConv-DTI [101], DNN-DTIs [102], and
LDS-CNN [103]) uses individual or in combination with
DL neural architectures (Table 1; Figure 1(b)), often with
heterogeneous data sources scalable platform (e.g., HIDTI
[104], DTINet [92]). Recent efforts for broader scale pro-
ductivity focus on Al-based approaches in DTI prediction
using multiple prediction algorithms [98], network-based
prediction tool (e.g., AOPEDF [105]), or multi-modal rep-
resentation framework involving more than two hetero-
geneous networks [106]. For instance, Rodrigues et al.
(2018) augmented a RF regression-based DTI prediction
road map named DEcRyPT (Drug-Target Relationship



1540 (&) B.B.BASNETETAL.

Figure 2. lllustrative examples of natural products in five major different areas of natural product discovery and drug develop-
ment. Color code indicates the application areas of Al in natural product mining tools and datasets sources (Figure 1(c)). (a) Light
yellow-association of the BGCs from genomic data to chemical structure or vice versa. (b) Light green- repurposing of existing
knowledge of NPs. (c) Light grayish cyan- metabolic pathway-prediction, optimization and design. (d) Light blue- structure char-
acterization and dereplication. Each compound structure is provided with its name, source information about its source (except in

the case of repurposing drugs) and the tool applied for prediction.

Predictor) to identify B-lapachone as an allosteric modu-
lator of 5-lipoxygenase [107]. Another example, TIGER,
combining multiple SOMs predict NPs target [90,108].

Metabolic pathway-prediction, optimization and
design

Until now, only approximately 10% of biochemical reac-
tions involved in NPs biosynthesis are characterized, and
organized in public metabolic pathway databases (e.g.,
PathBank 2.0 [109], KEGG 80.2 [110], EcoCyc [111]), that

comprehensively annotated gene-reaction-metabolite
connectivity [112]. In particular, reference-based proce-
dures (also known as rule-based approaches) (e.g.
PathWhiz [113], RAVEN [114], MRE [115]) generate the
metabolic pathways by aligning and mapping the infor-
mation to the reference template from the public data-
bases [115], or manually curated databases, hitherto
ensuring unprecedented performance as exemplified
by methods like mIXGPR [116]. Nonetheless, these
strategies struggle with the rapidly escalating meta-
bolic and genomic datasets, leaving many pathways
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Figure 3. Interplay of molecular networking (MN) and Al based dereplication prediction tools in natural product discovery (NPD).
(@) Schematic illustration of MN and dereplication tools for NPD. (b) Selected example of compounds discovered using different
MN techniques and imaging mass spectrosocpy hyphenated techniques. The chemical structures are provided along with their
names, sources, and the dereplication tools utilized during the structure discovery process.

uncharacterized, or inadequately understood [112]. To
enhance the perceptiveness of complex NPs metabolic
domains, and to predict reactions without predefined
rules, Al algorithms have been integrated into three
key areas of metabolic and biosynthetic networking:
prediction [117], optimization [118] and redesign [119].
These models tailored time-series multi-omics data
[120], genome-scale metabolic networks [121] and
genome-scale metabolic models (e.g.,, CHESHIRE) [122]
for scalable and accurate pathway prediction [123]. For
example, Baranwal et al. (2020) adopted the hybrid
framework of RF and GCN networks [124], Jia et al.
(2020) proposed a similarity-based model for metabolic
pathways prediction [125] while Koch et al. (2020)
implemented the Monte Carlo Tree Search reinforce-
ment learning procedure for synthetic pathways

prediction within biological systems (e.g., RetroPath RL)
[126]. Likewise Shah et al. (2022) devised a supervised
learning model DeepRF to predict all metabolic path-
ways with high-performance accuracy (>97%), recall
(>95%), and precision (>99%) [127]. The Al-driven bio-
synthetic pathway optimization relies on maximizing
the product titers, rates, and yields (TRY). Novel tech-
niques like promoter and ribosome binding site optimi-
zation for targeted gene expression have improved NPs
production in various organisms [118]. For instance,
Zhou et al. (2020) applied ML MiYA model to increase
violacein production in Saccharomyces cerevisiae by
approximately 2.5 folds [128]. While, Zhang et al. (2020)
used ML tools such as ART [129] TeselaGen EVOLVE
algorithm, together with mechanistic models, to train
over 0.124 million experimental time series data in
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yeast to improve the tryptophan titer and productivity
by up to 74 and 43%, respectively. Likewise, Zheng
et al. (2022) used the ML tool BioNavi-NP [112] for pre-
dicting building blocks and biosynthetic pathway inter-
mediate with over 90% accuracy. Additional examples
include: application of RF, polynomial, multilayer per-
ceptron and TPOT meta-learner to optimize a 3-step
pathway for dodecanol production [130], limonene pro-
duction in Escherichia coli using support vector regres-
sion [118] and lycopene synthesis in E. coli using
Gaussian processes [131], and METIS, for improving
productivity and magnitude of crotonyl-CoA/ethyl
malonyl-CoA/hydroxybutyryl-CoA (CETCH) cycle [132].
The reconstruction or design of metabolic pathways
involve selecting the right substrate and enzyme to
produce a desired product. Traditional metabolic design
bioinformatics tools (e.g, PGDB PatholLogic program
[133], Meta-Cyc [134]) used HMM annotation based on
sequence homology searches against a database of
previously characterized proteins for building the met-
abolic pathways [135]. Of late, Al algorithms forecast
the most effective routes for synthesizing target mole-
cules by providing a nexus among: genes, substrate,
enzymes, and metabolites. In particular, tools like ESP
[136] aid in substrate selection while EnzymeMiner
[137], DEDAL [138], DeepRibo [139] identify enzymes
using sequence and structural
data and enzyme function by: DeepGOPlus [140],
DeepGOWeb [141], DeepEC [142] and enzyme-substrate
Michaelis constant K, [143] forecast the biosynthetic
routes of desired molecules. Further, reviews by
Mendoza et al. (2019), Lawson et al. (2021), and
Sveshnikova et al. (2022) on metabolic reconstruction
tools [144], prediction and reconstruction paradigm
[145], and computational tools for novel pathways
design [146], respectively, provide deeper insights into
these innovations, including those listed in Table S1.

Bioactivity prediction

Prediction of biological activity of known or recently
discovered NPs is crucial in NPDD. Tools like: CODD-Pred
[147], LiP-Quant [148] predict target, SwissADME [149],
DBPP-Predictor [150], and CDRUG [151] assess drug
likeness and pkCSM [152] evaluate toxicity. In silico bio-
logical activity prediction links molecular structure to
biological activities using reverse docking (PASS target)
[153]. Established bioactivity prediction emphasized
mainly on similarity-based searching (e.g., MuSSelL
[154], MolTarPred [155], and Turbo prediction [156]), or
bioactivity spectra analysis (e.g., PASS online) [157]
based on structural properties from available

biologically annotated chemical compendium. However,
these rules-based approaches have limitation, necessi-
tating the development of molecular structure data-
bases for better extrapolation. Recently, new methods
“bottom-up activity predicting” have been developed
to predict the activity using ML regression and SVM
classifiers [158]. ML-powered bioinformatics tools such
as PPB2 [159], InflamNat [160] predict drug target and
anti-inflammatory activity including ANN (DeepTox
[161], DeeplC,, [162], and DeepCYP [163]) use deep
learning for toxicity, 1C5,, and metabolism predictions,
respectively. Additionally the DL-based PGMG tool gen-
erates bioactive molecules to meet the specific NPs
pharmacophore (e.g., lavendustin A) [164].

Artificial intelligence in chemical structure
characterization and dereplication tools

Improvements in mass spectroscopy (MS) [165], nuclear
magnetic resonance (NMR) [166], X-ray crystallography
[167] and microcrystal electron diffraction (MicroED)
[168,169], have enabled rapid and efficient NPs detec-
tion, isolation, identification, and elucidation in complex
biological extracts, even from nanoscale concentration
[170]. These platforms and methods contrast sharply
with older techniques that struggled with low concen-
trations and were prone to human bias and errors [171].
Undoubtedly, analytical tools and technologies have
been foundational for the structure elucidation since
the nineteenth century, often in high-throughput man-
ners using hyphenated approaches [172], coined in
1980s [173], amalgamates multiple separation tech-
niques and detection protocols (Table S2), often
enhanced with ML-based predictive tools [174] and NPs
databases [175] and, significantly, exploitation since the
mid 1990s [176]. Additionally, newer specialized NPs
dereplication hyphenated setups coupled with MN
[177], bioactivity profiling [178], in silico screening of
ultra-large databases such as FastEl [179] and high
throughput programs [180]. Most of the time-honored
to modern compound identification and structure eluci-
dation strategies often rely on bioinformatics approaches
that align spectra or chemical shift features of unknown
compounds to curated spectral databases of reference
compounds [181] (e.g., MassIVE [182], NMRShiftDB2
[183]) (Figure 3). However, lately, with the imminence of
Al, including DNN and ANN, these approaches enable
rapid data processing, analysis and predicting chemical
structure with (out) prior knowledge [184]. Nevertheless,
the use of Al-addendum rule-based approaches for the
de novo identification of unknown compounds from MS
data traced back to early 1960s [185].


https://doi.org/10.1080/07388551.2025.2478094
https://doi.org/10.1080/07388551.2025.2478094

Mass based structure identification

MS, being more sensitive and specific in comparison to
NMR [181], has witnessed the dramatic upgrade in
spectral databases and dereplication solutions of com-
pounds over the past two decades [186]. In particular,
modern prediction and characterization ML approaches
rely on identifying metabolites by comparing query
MS/MS spectrum against reference compounds or
databases using the similarity-, distance- or probability
functions [187]. In addition, in silico spectral or frag-
mental library tools (e.g., DEREPLICATOR + [188],
HypoRiPPAtlas [189], molDiscovery [190] predict struc-
ture based on fragmentation rules [187]. In particular,
ML-based prediction approaches relay on Markov mod-
ules (e.g., CFM-ID 3.0) [191], SVM (e.g., CSI: FingerlD
[192], Qemistree [193]), Kernel regression models
(IOKRreverse and IOKRfusion) [194], RF architecture
(e.g., MS2Query) [195] and Latent Dirichlet Allocation
(e.g, MS2LDA) [196]. Moreover, DL frameworks (e.g.,
MSNovelist [197], MetFID [198], DeepNovo [199], and
3D-MSnet [200]) have improved automatic prediction
of complete or fragments of small molecule structures
from MS/MS spectra. In recent years, DL-based meth-
odologies like CANOPUS [201] and NPClassifier [202]
have been used to cluster mass spectra for systematic
classification of unknown NP classes (e.g., rivulariapep-
tolides [203]), or identify features of specific metabo-
lites classes (e.g., Deeplso [204], Pointlso [205]). This
contrast classical hierarchical class annotation tools
such as ChEBI [206], ChemOnt and ClassyFire which
uses the SMiles ARbitrary Target Specification (SMARTS)
[207] for large-scale compounds set annotation based
on substructure presence or absence.

Mass based molecular networking and dereplication
MS/MS based MN visualization platform displays the
chemspace by aligning experimental tandem mass
spectrometry (MS/MS) spectra of massive datasets size
with each other and compare spectral similarities,
assuming analogous have similar fragmentation, rather
than comparison with reference MS/MS data [208] and
preventing re-characterization via comparing the
MS-based databases [209]. Comprehensive analysis of
both targeted and untargeted metabolomics constructs
multiple networks by analyzing the experimental and
knowledge-based MS/MS data sets [210]. One remark-
able tool, Global Natural Products Social Molecular
Networking (GNPS), established in 2013, is an MS/MS
fragmentation similarity-based social networking and
dereplication tool. It supports MZmine 3 [211] or
OpenMS 3 [212] files, databases like MASST [213] and
tools such as ReDU [214] for dereplication and
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unbiased chemical relationship mapping molecules
within, or across different samples [215]. Logically,
there is a strong likelihood of identifying structurally
similar metabolites through spectral similarity of MS
data within the same or closely related clusters, thereby
accelerating the annotation of homologous compounds
[215]. More recently, classical MS/MS-based MN, pio-
neered in 2012 by Dorrestein et al. [216], further
updated with additional features like the: feature-based
molecular network [217], ion-identifying molecular net-
work [218], building blocks-based molecular network
[219], substructure-based molecular network (MS2LDA)
[196], and bioactive molecular network [220], amelio-
rate the sensitiveness, high throughput, and robust-
ness. Recently improved MN tools include SNAP-MS
[221] for NP family annotation, Qemistree [193] for
linking DNA sequences to metabolomics data, MetFID
[198] for compounds fingerprinting, and Spec2Vec
[222] for identifying patterns using natural language
processing. Astoundingly, modern MS/MS spectra-based
MN, and dereplication have opened an innovative ver-
itable avalanche for the: identification of known ana-
logues [220], discovery of unique classes [221],
characterization of biosynthetic pathways [20], chemi-
cal ecology relationship elucidation [223], including
guidance for the development of metabolomics proto-
cols, methods and tools- MESSAR [224], CSI-FingerID
[192], Qemistree [193] and microbeMASST [225].
Furthermore, the synergy created by combining MN
with the (meta) genomic mining [226], mass spectrom-
etry imaging [227,228], and stable isotope labeling
techniques (e.g., MetExtract Il [229], X'3CMS [230],
geoRge [231], and MS spectra to genomic information
[232] expanded access to decipher NPs chemical space.

Dereplication, first coined in the late 1970s, gained
significant attention from natural product scientists
after the 1990s [233], usually employ similarity-based
modules to prevent the re-discovery of previously
known compounds. These strategies rely on hyphen-
ated techniques, bioactivity fingerprints, and database
matching to identify metabolites from complex sam-
ples [234]. Until twenty first century, tools such as
solid-phase extraction (e.g., SPE) [235], ion exchange
chromatography (e.g, CPC, CEC) [236], and simple
hyphenated techniques (Table S2) were fundamental,
together with a few computerized databases (e.g.,
NAPRALERT [237], Berdy Database [238]) and limited
biological screening systems (e.g., COMPARE program
[239]). A significant flourish of analytical instruments,
and techniques evolved between the 1960s and the
1990s. In early twenty first century, high-resolution
Fourier transform mass spectrometry (FTMS) spectra,
tandem mass spectrometry (MS/MS) spectra, and LC/
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MS data and databases (e.g., METLIN [240], HMBD
[241]1, NAPROC-13 [242]), including complex hyphen-
ated techniques (Table S2) became dereplication tools
[243]. Matching NMR- and MS spectra fragmentation
from different annotated databases (e.g., XCMS2 [244],
Massbank [245]) became the next stage of dereplica-
tion strategies for complex samples. The aforemen-
tioned dereplication strategies still need more
confidence to unveil the unique structures and capture
related analogues. Consequently, furtherance tools and
databases (e.g., iMet [246], CAMERA [247]) that harbors
extended parameters for baiting, for instance, retention
time, adjunct ion, and multiple charges came into
effect. In the last 10years, continuous preference in the
scope and datasets of metabolomics have led to the
development of high throughput annotation, identifi-
cation, and repository tools (Table 2), often incorpo-
rated with the artificial intelligence algorithm. The
modern annotation and repertoire tools [248] offer
unique addition comprehensive analysis for precursor
ion (MS'/MS?/MS"), adduct, isotope, and complex
search algorithms (e.g., ChelomEx [249]), including data
generating platforms for antibiotics screening (e.g., Bio
MAP [250]), and cytological profiling [251].

Mass based imaging spectroscopy

Imaging mass spectroscopy (IMS), a mass based robust
strategy, begun in the 1960s [252], has enabled: direct
discovery of NPs [253], elucidation of biosynthetic path-
way [254], cellular localization [255] quantification and
observation of NPs-mediated microbial interactions
[256]. In recent time, hyphenation in IMS such as
high-throughput elicitor screening (HIiTES) coupled with
reporter systems and IMS [257] has garnered consider-
able scientific concern for mining the bacterial strains
metabolomics profile [258]. For example, together with
genome mining, it identifies the biosynthetic route for
siphonazole in Herpetosiphon sp. BO60 strain [259], dis-
covered unprecedented NPs skeletons, including sten-
domycin (I-VI), lantipeptide AmfS, lasso peptide
SSV-2083 from Streptomyces hygroscopicus ATCC 53653,
Streptomyces griseus IFO 13350 and Streptomyces sviceus
ATCC 20983, respectively [253]. In addition, Zhang &
Seyedsayamdost (2020) discovered cinnapeptin, a cyclic
cryptic depsipeptide from Streptomyces ghanaensis
using MALDI-MS-guided HiTES [260].

NMR based structure identification

NMR based structure- elucidation, validation, and anno-
tation are more challenging than MS-based structure
characterization [171]. Notably, the forward approach
for automatic prediction of chemical shifts, splitting

patterns directly from chemical structures has achieved
great success (Table 3) often facilitated by structure elu-
cidation systems (e.g, NMRDB (https://www.nmrdb.
org/), ChemDraw [261], Mestrenova [262], DetaNet [263]
and ACD/Labs [264]). However, in the juxtaposed sce-
nario, the rapid, accurate and automated prediction of
the structure from NMR data remains challenging in
metabolomics and NPD. Computer-assisted structure
elucidation (CASE) is one of the noteworthy and earliest
programs for suggesting best-fit structures from NMR
and MS spectroscopic data, database information, and
computational algorithms of NPs [265,266]. Recently,
the CASE workflow has been synergistic with NMR pre-
dictive tools (e.g., Mestrenova [262], ACD/Structure
Elucidator [267] and ACD/Labs (https://www.acdlabs.
com/)) or atomic-force microscopy (AFM) and density
functional theory (DFT) [268] to overcome the stereo-
chemistry bottleneck in complex structure elucidation.
Still, most CASE framework rely on databases contain-
ing chemical structures and spectra. In this scenario,
Pesek et al. (2020) designed a database-independent
rule-based computational algorithm to elucidate the
structure of an unknown compound from spectroscopic
'H and 3C NMR, IR, and mass spectra, and, furthermore,
bioinformatics tools, such as: SpecSolv [269], HOUDINI
[270], COCON [271], StrucEluc [272], and LSD [273], play
indispensable roles in the structure elucidation of com-
plex organic compounds. Nevertheless, the enormous
chemical space of compounds continues to limit fast,
accurate and automatic structure prediction from NMR
and other spectroscopic data. In recent decades, Al
algorithms broadly applied for NMR spectra reconstruc-
tion from poor experimental data [274], including pre-
dictive tools for structure validation [275], automatic
assignment [267] and elucidation [166,276] mounted
exponentially, although the earliest application of ML/
DL architectures in NMR dates back to 1970s [277], for
prediction and solving the NMR-based structure eluci-
dation and annotation of NPs [278]. During the previ-
ous years, Huang et al. (2021) proposed an ML
framework for automated elucidation of unknown com-
pounds using 'H and 3C NMR spectra [166]. Another,
the SVM-M protocol, a versatile tool for identifying the
structural and stereo chemical assignment of complex
organic compounds per sublime confidence based on
the 3C NMR chemical shifts [279]. The SMART [278],
SMART-Miner [280] and DeepSAT [281], CNN based
methods use 'H-3C heteronuclear single quantum
coherence (HSQC) spectra for efficient identification and
rapid annotation of NPs molecular structures [282] and
compound classes [278]. DeepSPInN predicts the molec-
ular structures when given IR and '*C NMR spectra
without referring to any preexisting spectral databases
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Table 3. NMR-based dereplication prediction tools.
Al-algorithmn or

Tool Description techniques Website/source code link Adavantage & limitation Reference
SMART 2.0 Dereplicate compounds  Deep CNN Advantage [278]
using non-uniform +  Freely available,
sampling "H-"3C HSQC user-friendly, and
offering high accuracy
in prediction
« Link to external
databases such as
GNPS, MiBIG, NPAtlas
Limitation
+ Need high quality NMR
data and technical
expertise
+ Libarary limtation
« Computational resources
MADBYTE Dereplicate using TOCSY  Pattern recognition https://www.madbyte.org/ Advantage [346]
and HSQC spectra to algorithm (PRA) resources . Efficient in scafflods
identify and match characterization
spin system features, « Open source and
creating a chemical automation
similarity network for +  Helpful for large sample
complex mixtures sets
Limitation
+ Need high quality NMR
data and technical
expertise
- Complexity in setup
and operation
MixONat Allows dereplication of ~ PRA https://sourceforge.net/ Advantage [291]
NPs from complex projects/mixonat/ +  Freely avialable and
mixtures using 3C user friendly
NMR + (an perform annotation
only from *C NMR
spectra
«  Also useful for
stereoisomers analysis
Limitation
+ Less sensitive then MS
based dereplication
+ Need high quality NMR
data and technical
expertise
- Complexity in setup
and operation
COLMARmM Dereplicate via use of 2D PRA https://spin.ccic.osu.edu/ Advantage [347]
NMR ("3C-H HSQC, index.php/colmarm/ «  User friendly web-based
HSQC-TOCSY and index2 interface
"H-H TOCSY spectra +  Provide the detailed
structural information
+  Automatic processing of
spectral data
+  Support wide range of
input file format
Limitation
+ Need high quality NMR
data and technical
expertise
»  Complexity in setup
and operation
+ Need to learn the tools
features and various
functionalities to use it
'H and *C and Predict *C or '"H NMR Ensemble approach https://mestrelab.com/ Advantage [261]

Predictor

spectra for molecules,

(e.g., ML and Hose

software/mnova-software/

+ High accuracy and user

incorporated in code) https://nmrshiftdb.nmr. friendly in prediction

software like uni-koeln.de/ +  Support wide range of

ChembDraw, input file format

MestReNova, and Limitation

NMRShiftDB «  Subscription based
software

«  Need to learn the tools
features and various
functionalities to use it

(Continued)
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Table 3. Continued.

Al-algorithmn or

Tool Description techniques Website/source code link Adavantage & limitation Reference
IMPRESSION Predicts NMR parameters Kernel Ridge Advantage [348]
Regression - Offers high accuracy
algorithm and speed in NMR

DeepSAT Dereplicate known
compound using
TH-3C HSQC NMR

spectrum

End-to-end learning
framework

predictions, while being
user-friendly and
accessible
Advantage in solving
molecular conformation
and stereoisomerism
Limitation
Need computer
resources and technical
expertise
Requires high quality
chemical data
May struggle with rare
functional group
Advantage [281]
- Offers high accuracy
and speed in structure
annotation and scaffold
prediction, while being
user-friendly and
accessible
Deals with large
datasets, and predicts
compound classes
Limitation
May struggle with rare
functional group
Resources intensive and
requires technical
expertise

or molecular fragment knowledge [276]. Other recent
methods, such as NMR-TS [283], ChemTS [284], DP4-Al
[285] uses Monte Carlo tree search guided by an RNN
to solve the molecular structure. Similarly, Kuhn et al.
(2021) implemented CNN to detect substructures by
using 2D HSQC and heteronuclear multiple bond cor-
relation spectra [286]. Additionally, Zanardi and Sarotti
augmented ANN mediated multidimensional pattern
recognition from experimental and calculated 2D C-H
COrrelation SpectroscopY to overcome the regio- or
stereo chemical errors in NPs identification [275]. The
SCORE-metabolite-ID [287] explores the unknown
metabolite from complex mixtures using 3D correlation
of 'TH-NMR, MS and LC data and ELINA [288] connects
small molecule structures with their biological functions
before isolation via bioactivity correlation of 'H NMR
signals of crude extracts.

Challenges in development and
implementation of Al-powered bioinformatics
tools

It is worth noting that although there has been
immense success and meticulous improvement in
Al-powered bioinformatics tools for NPs prioritization

and prediction, several central issues remain in the
design and prediction accuracy of these tools. Key
challenges include the: poor-quality and incomplete-
ness of training datasets, necessity of technical exper-
tise, high-performance computing infrastructure, and
paid subscription [289]. The quality of these datasets is
often influenced by limited size, instrument parame-
ters, and variability in annotation methods. Additionally,
biases and false assignments, such as those involving
structures in metabolomics or genomic datasets linked
to chemical structures, can affect model accuracy. In
particular, Al tools heavily rely on well-curated and
accessible omics databases for model selection and
training. However, accessibility of databases, data cura-
tion techniques or errors in automated data curation
and restrictive copyright rules also hampered the com-
pleteness of datasets. Maintaining and updating these
data sources and discovered tools are crucial for
Al-driven discoveries (e.g., enhancing the prediction
accuracy, fixing the bug, incorporating latest datasets),
but this requires continuous validation and financial
support. The next challenge is validation of model; the
quality of standard datasets, the accuracy of estab-
lished methods, and the availability of reliable experi-
mental datasets critically hinder the validation of



innovated Al tools. Without high-quality data and
robust validation methods, Al models predictions can
lead to impractical and intangible results, often result-
ing in a false positive/negative.

Moreover, the heterogeneity of data derived from
sources like NMR, MS, and omics, presents a significant
challenge (e.g., integration of ultra large size experi-
mental data). Redundant information can introduce
bias, and the complexity of varying sources, processing
methods, and analytical approaches makes standard-
ization difficult. This complexity can lead to predictive
models missing important NPs classes. Most of the cur-
rent tools are limited to specific applicability domains,
which skews discoveries. Given the diverse data types,
it is unlikely that a single informatics tool can encom-
pass all necessary information, though there is a strong
emphasis on developing multiomic integration algo-
rithms based comprehensive tools (e.g., multi-modal
XCMS Online) [290] to facilitate the NPD. Finally, paid
subscriptions (e.g.,, MixONat [291], Deepsat [281]) can
indeed pose challenges when using dereplication soft-
ware. Researchers with limited research funds might
find it difficult to afford the recurring costs associated
with these subscriptions, limiting their access to
advanced tools and databases.

Conclusions

Al advancements have revolutionized (NP) D/DD.
Analytical techniques like MS and NMR, combined with
Al, have significantly improved the detection and char-
acterization of NPs. Modern Al-based tools, including
Tables 2 and 3 dereplicate (un)known NPs, link them to
gene clusters, and suggest biosynthesis routes and
predict DTls.

Despite significant progress in Al for (NP) D/DD,
there remains a need for new algorithms to extract
meaningful features from heterogeneous data sources.
In a nutshell, the future of Al-driven NPR is promising,
with substantial advancements in key areas. For exam-
ple, federated learning that will enable collaborative
model training across institutions without sharing raw
data, enhancing privacy and security. This approach
facilitates diverse dataset pooling, improving model
accuracy and robustness [292,293]. Likewise, the
improvement of a multi-modal data integration tool
that will combine genomic, proteomic, and metabolo-
mics data for a comprehensive understanding of NPs
biosynthesis pathway, accelerating NPs discovery [294]
is necessary. Lastly, continued efforts to enhance accu-
racy, reliability, and accessibility, along with global data
sharing within the scientific community, will drive
advancements in Al-based innovation.
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