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molecules; however, these products are often hard to discover due to the complexity of natural extracts
and the isolation of known metabolites. Phytochemical dereplication is an effective tool for
identification of known constituents prior to extensive purification and the selection of metabolites to
study for possible chemical or biological novelty. The ability for rapid phytochemical investigation has
greatly increased in the last few years with the development of liquid chromatography—tandem mass
spectrometry (LC-MS/MS), molecular networking (MN), and artificial intelligence (Al). The accurate
mass, chromatographic and fragmentation data obtained by LC-MS/MS is then used to correlate
similar metabolites into molecular families through molecular networking, and to provide chemical
context for unannotated features. Additional support can be provided by machine learning (ML) and
Al for spectral classification, chemical-class prediction, candidate-structure generation, similarity
assessment and bioactivity based prioritization. The integration then enables metabolite detection,
computational metabolite annotation, molecular family analysis, metabolite candidate ranking, targeted
isolation and experimental validation to be coupled together in a workflow. However, some important
limitations include incomplete spectral libraries, structural isomerism, instrumental variability,
training-data bias, limited model interpretability and false annotation. This means that the predictions
made from a computer model should be interpreted as a structural hypothesis, unless backed up by
suitable experimental evidence. This review explores how LC-MS/MS, molecular networking and
Al/ML complement each other in the process of phytochemical dereplication, how they are used in the
discovery of natural products, and the challenges and opportunities of explainable Al, multimodal data
integration, better spectral databases, and increasingly automated dereplication workflows.

Keywords: Phytochemical dereplication; LC-MS/MS; Molecular networking; Artificial intelligence;
Machine learning; Natural product discovery

I. INTRODUCTION

Structurally diverse and physiologically active molecules are
still being discovered from natural resources across the various
research fields of pharmaceuticals, nutraceuticals and
bioactive compounds. Plants produce a host of chemical
compounds called specialised metabolites such as terpenoids,
alkaloids, flavonoids, phenoalics, glycosides, and steroids [1].
The chemical complexity of plant extracts is a major challenge
for natural product discovery; a simple extract can contain
hundreds of different metabolites with varying amounts,
polarities and structural complexity. Given this, phytochemical
dereplication is an important technique for rapid identification
or annotation of known compounds, before intensive isolation
and structure elucidation. This approach enables scientists to
focus their research on chemically distinct and biologically
relevant components, without having to repeatedly isolate the
known metabolites [2]. In the conventional dereplication,
chromatography, UV-Vis spectroscopy, precise mass

measurements, literature searches, and NMR data are used. By
giving precise mass, retention time, isotope patterns, and
fragmentation information, high-resolution LC-MS and
tandem MS have greatly enhanced phytochemical profiling.
This analytic data is supplemented by molecular networking
which groups metabolites together based on shared MS/MS
properties and provides chemical information about
unannotated metabolites [3]. Al and ML technologies have
recently enabled novel approaches for spectrum classification,
prediction of chemical class, structure candidate development,
similarity assessment, and metabolite prioritization [4].
Therefore, LC-MS/MS, molecular networking, and Al/ML
could help to create a more efficient and hypothesis-driven
approach for phytochemical dereplication [5]. Issues of
restricted model interpretability, training-data bias, etc. remain
to be solved due to challenges like structural isomerism and
the lack of spectrum libraries. Therefore, computational
forecasts should be considered hypotheses and experimental
validation is desirable if needed [6].
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2. Phytochemical Dereplication: Principles and Challenges

For more complex samples of natural products, phytochemical
dereplication can rapidly identify or annotate known
metabolites before intensive isolation and structure elucidation
efforts. Many chemicals can be found in natural extracts;
however, only a select few of these molecules would be
suitable for further purification and studies, increasing its
value [7]. Conventional dereplication is built upon
chromatographic retention, ultraviolet spectra, precise mass,
published data, nuclear magnetic resonance (NMR) and
reference standards. These molecular formulas can be related
to different structural isomers, so the quality and availability
of reference compounds and spectra remain crucial when
using a database for identification [8].

MS/MS can sometimes help provide additional structural
information in the form of neutral losses and unique product
ions that can be used to help identify structural subunits and
classes of compounds [9]. Structurally related metabolites can
have very similar fragmentation patterns, even though the
various parameters of the spectrum (collision energy,
ionisation, instrument platforms, acquisition parameters) can
be affected. Other variables that could cause uncertainty are
co-elution, ion suppression, matrix effects and similar effects,
aside from low abundance and in-source fragmentation [10].

Nowadays, dereplication is more effective when it uses a
combination of evidence kinds instead of depending on just
one analytical measurement. Classification, candidate creation,
and prioritisation may be assisted by AI/ML, whereas
molecular networking offers links among chemically linked
characteristics. Prioritising metabolites with higher chemical
or biological value and decreasing the number of candidates
needing extensive experimental examination is the main goal
[11].

3. LC-MS/MS for Phytochemical Profiling and
Dereplication

Liquid chromatography coupled with tandem mass
spectrometry (LC-MS/MYS) is an indispensable analytical tool
for phytochemical profiling and dereplication, which is a
comprehensive characterization of a mass spectrum [12]. It is
able to detect a wide variety of metabolites in complex plant
extracts, making comprehensive isolation and structure
elucidation unnecessary. The complete data generated by the
chromatographic data, accurate masses, and fragmentation
information can all benefit the molecular networking,
spectrum  annotation, and  Al/ML-based candidate
prioritization [13].

3.1 Analytical Basis

LC-MS/MS, a combination of chromatography and mass
spectrometry, is a specialty used to analyze complex
phytochemical mixtures. A chromatographic separation might
separate metabolites, which have different physicochemical
properties, easier, as well as it simplifies the sample before the
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detection of ions. Reversed-phase LC is frequently used to
separate non-polar and moderately polar metabolites;
metabolites that are highly polar may be better separated using
complementary separations. The stationary phase, mobile
phase composition, gradient parameters and chromatographic
resolution chosen may affect metabolite coverage and
detection qualities [14]. Electrospray ionisation (ESI) is a two-
pronged technique, making it an excellent tool for detecting all
kinds of metabolites in plants. High resolution mass
spectrometers give very accurate mass, isotope patterns and
intensities of features allowing the characterisation of specific
metabolites by using the precursor m/z and retention time in
combination with related MS/MS data [15].

These analytical parameters generate this basic chemical data
used for computing, spectral matching, molecular networking,
and metabolite annotation. Factors, like extraction efficiency,
chromatographic  separation, ionisation response, and
instrumental conditions, can also influence metabolite
coverage, as well as quality of phytochemical profiling of the
samples, and therefore sample preparation and analytical
conditions are also critical. Get trustworthy datasets for
downstream phytochemical dereplication by optimising your
analyses thoroughly [16].

3.2 MS/MS Fragmentation and Annotation

By fragmenting precursor ions, tandem MS may provide more
structural information about functional groups or structural
subunits via the use of distinctive product ions and neutral
losses. Losses associated with sugars, water or carbon dioxide
among others could be helpful in understanding metabolites
that have been glycosylated or oxygenated. Many classes of
phytochemicals can be better detected using fragmentation
patterns, such as flavonoids, phenolic compounds, alkaloids
and terpenoids [17]. Structural similarity of metabolites may
result in structural conclusions that were not conclusively
determined by MS/MS evidence because of stereochemical or
molecular connectivity differences. Thus, the mass, retention
behaviour, chemical knowledge, and when needed, orthogonal
analytical methods should be taken into account when
interpreting fragmentation results [18].

3.3 DDA, DIA and Computational Processing

Data-dependent acquisition (DDA) selects the precursor ion(s)
to be fragmented based on parameters such as the signal
strength. It can yield good quality MS/MS spectra, but may
under represent the low abundance components because of its
focus on abundant metabolites [19]. However, Data
Independent acquisition (DIA) can also reduce the window of
precursors for larger windows and can potentially increase the
MS/MS coverage overall. However, to interpret the results
with accuracy sophisticated computational deconvolution is
required as there is the potential for obtaining mixed spectra
containing signals from more than one co-eluting chemical
(Table 1) [20].
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After being acquired, the computer processing steps consist of
spectrum matching, isotope grouping, adduct annotation, noise
reduction, and peak identification. There are large scale feature
processing tools (e.g., MZmine, MS-DIAL) and spectrum
comparison/annotation tools (e.g., GNPS, structure oriented).

Saxena et al.

This is because LC-MS/MS is not only for identification of
compounds but also it offers a holistic view of the chemical
structure which could be helpful in developing prioritisation,
molecular interactions and candidate structures [21].

Table 1: LC-MS/MS approaches and computational tools used in phytochemical dereplication

Approach/Tool Main function Major strength Key limitation
LC-HRMS Accurate-mass profiling High mass accuracy and broad coverage  Limited structural evidence without MS/MS [22]
LC-MS/MS Fragmentation-based annotation Provides structural information Isomers may remain unresolved [23]
DDA Selective precursor fragmentation High-quality spectra May under-sample low-abundance features [24]
DIA Broad MS/MS acquisition Greater feature coverage Mixed spectra require deconvolution [25]
MZmine / MS-DIAL Feature detection and processing Flexible large-scale workflows Parameter and database dependence [26]
GNPS Spectral matching and networking Community-based comparison Incomplete spectral-library coverage [27]
SIRIUS / MS-FINDER Formula and candidate-structure Integrates mass and fragmentation Candidate ambiguity may persist [28]
support evidence
4. Molecular Networking for Natural Product incorporating chromatographic feature data with MS/MS

Dereplication

Complex metabolite mixtures may be seen as linked molecular
characteristics by molecular networking (MN), which
organises tandem mass spectra based on their similarity. The
molecular properties are represented by nodes in a molecular
network, and the similarity between MS/MS spectra is
indicated by the connections between the nodes [29].
Molecular families are a set of nodes that are interconnected in
a sample and are displayed graphically. Many metabolites of
similar structure are synthesized in nature and will produce
similar fragmentation patterns as a result, which makes this
structure very useful in the field of natural product research.
Understanding  neighbouring  unknown  properties and
researching possibly related metabolites may be greatly aided
by using a known chemical within a molecular family as a
reference point [30].

The GNPS platform has been invaluable to natural-product
researchers for their access to molecular networking, enabling
them to use spectral-library matching, development of the

interactions, feature-based molecular networking (FBMN)
expands upon this method even further. This results in nodes
that can store information like precursor m/z and retention
time and abundance that can help provide more analytical
context on metabolites [32].

Molecular families can identify groups of glycated
metabolites, phenolics, alkaloids, terpenoids, and flavonoids.
This may be because an unknown node adjacent to a known
metabolite is a structurally similar or modified metabolite or
because it may be part of the same biosynthetic series. This is
very useful when direct spectral-library matching doesn't work
(Table 2) [33].

Biological data can be used in conjunction with molecular
networking to help identify natural products that are active.
Chemical families that could be related to a specific phenotype
by mapping features from the active fractions/exracts to the
molecular network could be identified. Molecular networking
improves the potential success of future chemical investigation
by considering molecular families rather than aspects of a

network, and community-based data sharing [31]. By molecule separately (Fig. 1) [34].
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Figure 1: Conceptual representation of molecular networking for phytochemical dereplication
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Table 2: Major molecular-networking approaches used in natural-

product research

Approach Principle / Main strength Limitation
application
Classical MN MS/MS spectral Visualizes Limited
similarity and related chromatographic
molecular-family metabolites context
organization [35]
FBMN MS/MS similarity Retains m/z, Requires
combined with LC  retention time reliable feature
features [36] and processing
abundance
1IMN Connects Reduces Requires
ion/adduct forms redundant accurate ion-
of metabolites features identity
[37] assignment
MS2LDA Identification of Provides Motif
recurring substructure- interpretation
fragmentation oriented may require
motifs [38] information expertise
Bioactivity Links molecular Connects Requires
MN features with chemistry and reliable
biological activity phenotype biological data
[39]
Network- Combines network Supports Does not prove
assisted context with interpretation exact structure
dereplication library matching of known
[40] compounds

and analogues

Saxena et al.

Candidates can be ranked by biological data, molecular
descriptors, expected chemical class, abundance, spectral
uniqueness and/or network position. A compound with an
unknown characteristic, not found in the library, but related to
a family of molecular structures that have biological activity
might then be prioritized over a common biogenic compound
[45]. Bioactivity prediction is an additional layer of analysis,
which assesses the likelihood of activity like antibacterial,
antioxidant, anti-inflammatory, cytotoxic or enzyme inhibitory
activity, but should be used to aid prioritising, not to replace
biological assay (Table 3) [46].

Despite these advantages, the power of AI/ML depends
heavily on the quality of the training data, and the chemical
space that it covers. For some classes of chemicals, natural
products databases may be incomplete, but natural metabolites
that have been studied extensively are plentiful. This could
result in models being biased [47]. Different instruments and
acquisition settings may pose another challenge on
transferability, while complicated deep-learning systems may
be challenging for interpretability. Explainable Artificial
Intelligence (XAIl) approaches can help narrow down the
spectral, chemical or network features that influence
reduce

5. Machine Learning and Artificial
Phytochemical Dereplication

Intelligence in

Al and ML can be used to help perform pattern recognition in
high-dimensional, biological and structural datasets. In
combination with database matching and molecular
networking for phytochemical dereplication, they are most
useful. Empirical descriptors that are associated with drugs,
such as spectral or chemical descriptors, can be used to train
supervised algorithms such as support vector machines and
random forests [41]. These models can then be used to classify
unknown data features into chemical families or metabolite
classes. Some unsupervised learning methods, such as
dimensionality reduction and clustering, can be useful in
searching for patterns in the data without relying upon
compound identities. These can be combined with molecular
networking to improve the identification of groups of
molecules with similar chemical structures [42]. The
prediction of chemical structures and formulas with the help of
Al is another significant application. For those features that do
not have an exact match in the spectral-library, it is possible to
generate or even rank candidate structures based on the
accurate mass, isotope data, and MS/MS fragmentation [43].
Further, deep learning and representation-learning techniques
can be used to learn molecular structure-fragmentation
behaviour from a massive data set. It is possible to
numerically depict spectra and use molecular graphs or
fingerprints to represent molecules. The fact that graph neural
networks can capture molecular connectivity the relationship
between atoms and chemical bonds makes them very
appealing [44].

Another use of Al and ML in candidate prioritisation, a crucial
part of dereplication, is the identification of key words.

predictions to

overinterpretation [48].

improve expert assessment and

Table 3: AlI/ML approaches applicable to phytochemical annotation and

prioritization

Al/ML Typical input Potential use Key limitation
approach
Random Spectral/molecular Chemical-class Depends on
Forest descriptors prediction feature quality
[49]
Support Spectral or Metabolite Requires
Vector molecular features classification optimized
Machine parameters [50]
Neural MS/MS spectral Spectral Requires
Networks features classification and suitable
prediction training data
[51]
Deep Spectra and Structure/spectral Data-intensive
Learning molecular prediction and less
representations interpretable
[52]
Graph Molecular graphs Structure and Requires
Neural property diverse datasets
Networks prediction [53]
Similarity- Spectral/chemical Unknown- Similarity does
learning representations candidate ranking not prove
models identity [54]
Al-assisted Spectral, network Novel-compound Sensitive to
ranking and bioactivity data prioritization training-data
bias [55]

6. Integrated LC-MS/MS, Molecular Networking and
Al/ML Workflow

A complete framework for current phytochemical
dereplication is provided by the combination of LC-MS/MS,
molecular networking, and AI/ML. Metabolites are organised
by their spectrum similarity in molecular networking, whereas
LC-MS/MS produces precise precursor weights and
fragmentation patterns, among other specific chemical
information [56]. AI/ML can significantly enhance this
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process in various ways, such as metabolite categorization,
structural prediction, and candidate prioritization. In doing so,
scientists can investigate metabolites known or unknown in
detail beyond the capabilities of simple database matches. It
also simplifies the identification of chemical families of
molecules having similar properties and helps focus biological
or chemical research on molecules of greater importance [57].

Typically, the process begins with an extraction of plant
materials, followed by LC-HRMS/MS analysis. The choice of
extraction conditions, chromatographic separation, ionization
mode and MS/MS parameters is determined by the anticipated
chemical diversity of the sample. Positive- and negative-
ionization modalities can be used to obtain complementary
data. Raw data processing involves the subsequent steps of
peak identification, peak alignment, isotope grouping, adduct
annotation and removal of unwanted features and background
signals [58].

The next step in the data processing is to form molecular
networks based on the processed MS/MS data. Molecular
anchors like known library matches can be utilized, while
unannotated nodes can be evaluated using spectral or

Saxena et al.

chromatographic associations. Molecular descriptors and
network topology with these properties can be used in
conjunction with the AI/ML models to further categorize and
rank potential metabolites [59].

Rather than relying solely on the level of signal intensity,
priority ranking in candidates could be based on various
factors such as the uniqueness of their spectra, abundance,
projected chemical class, structural similarity, biological
significance, and the location of the candidate in the network.
Another approach to association of certain molecular families
or nodes with biological activity can be to compare active and
inactive fractions [60].

The final step is to identify the most significant metabolites
and then experimental validation. Structural confirmation can
be obtained by the use of authentic standards, retention-time
comparison, MS/MS matching, chromatographic separation,
and NMR spectroscopy. The process is iterative as the
chemicals identified through the experimental verification can
be used to improve the spectrum libraries, annotations, and
AI/ML training sets used in subsequent dereplication studies

(Fig. 2) [61].
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Figure 2: Integrated LC-MS/MS, molecular networking and Al/ML workflow for natural-product discovery

7. Applications in Natural Product Discovery
7.1 Rapid Metabolite Annotation

LC-MS/MS allows for the quick profiling of several
phytochemical classes straight from crude extracts or fractions
that have only been partly processed. Molecular networking
can also be used for additional chemical context by clustering
features based on their spectral similarity. These methods can

be used together to provide a chemical picture of complex
materials prior to the individual metabolite, and thus reduce
the need for sequential isolation [62].

7.2 Structural Analogue Discovery

In natural products biosynthetic relationships, small analogues,
altered metabolites etc. are often identified by the possibility
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of matching them with other known chemicals in the same
molecular family, which is detected by molecular networking
[63]. Classifying these families and prioritising potential
structural linkages may be further assisted by Al/ML methods.
A thorough structural assignment is not necessary to prioritise
an unannotated characteristic that indicates chemical similarity
to a known metabolite; this is especially helpful in cases when
direct spectral-library matching fails [64].

7.3 Novel-Compound Prioritization

One of the main objectives of dereplication is to identify
chemicals that are of interest for isolation. To narrow down the
pool of potential candidates for experimental testing, Al-
assisted ranking may take into account spectral uniqueness,
network location, chemical-class prediction, database
representation, and other factors [65]. Most importantly, a
characteristic shouldn't be ignored simply because it is
uncommon. A little-known, but abundant, metabolite may be
more interesting than a well-known, but low-abundance,
metabolite, which may be chemically interesting [66].

7.4 Bioactivity-Guided Discovery

To find metabolites linked to certain phenotypes, chemical
profiling may be combined with biological tests. Molecular
networking may be used to identify molecular families that are
present in large quantities in physiologically active materials,
and LC-MS/MS properties can be compared between active
and inactive fractions. In addition to selecting targets based on
abundance, researchers could predict and prioritize
metabolites that may be bioactive using AI/ML and focus on
those that are chemically relevant [67].

7.5 Comparative Metabolomics and Chemotaxonomy

Integrated dereplication is a powerful tool for comparing plant
populations, genotypes, tissues, developmental stages, habitats
and more. Molecular networks can reveal new and universal
classes of chemicals, while ML and statistical approaches can
focus on the features responsible for the variation among
samples [68]. This data could be useful for chemotaxonomic
studies, finding unique chemical markers, and choosing plants
for future natural product research [69].

7.6 Improving Isolation Efficiency

Dereplication is most helpful when used downstream. The
selective purification can be used to remove chemically
different or physiologically relevant properties, while favored
metabolites can be de-emphasized. So experiments can be
performed with less effort, fewer steps in the purification
process, and using limited resources [70].

8. Challenges, Validation and Limitations
Although technology is rapidly developing, artificial

intelligence (Al) phytochemical dereplication has a few
drawbacks [71].

Saxena et al.
8.1 Incomplete databases

The area of natural products is chemically diverse and large,
while the area of all possible structures in the public spectrum
databases is limited. There is a dearth of experimentally
confirmed MS/MS spectra for several specialised plant
metabolites. Hence, a chemical with an unusual spectrum
shouldn't be taken for granted as being completely new [72].
Enhancing dereplication and Al-model accuracy and
performance relies on increasing the number of empirically
verified spectra, especially those of natural-product classes
that are under represented [73].

8.2 Isomerism and annotation confidence

While trying to differentiate between positional isomers,
stereoisomers, and closely related analogues, precise mass and
MS/MS data may not be enough. Molecular networking can
demonstrate spectral similarities but not stereochemistry
and/or exact connectivity [74]. So, until more proof is
gathered, structures formed by Al should be referred to as
forecasts or hypotheses. Confidence in the annotation needs to
be explicitly expressed. There is a significant difference in the
levels of evidence that involve feature detection, presumptive
annotation, likely identification, and conclusive identification
[75].

8.3 Data quality and model bias

AI/ML models are greatly influenced by the diversity and
quality of the training data sets. Common metabolites may be
overrepresented in the biased models, which do not represent
rare natural products. The transferability of the model could be
further affected by the type of instrument, collision energy,
ionisation channels, chromatographic conditions, and pre
processing [76]. Thus, benchmarking and independent
validation data sets are needed. It would be nice to evaluate
models over multiple labs, devices and chemical classes,
rather than using only the datasets that were randomly split
from one collection [77].

8.4 Reproducibility

The final molecular network may vary based on various
selection parameters, such as filtering thresholds, peak-picking
criteria, and options for network construction. Similarly, Al
forecasts may be impacted by changes in model design and
training data. Transparency of analytical and computational
parameters and deposition of raw and processed MS/MS data
can help to improve repeatability and aid independent
verification [78].

8.5 Experimental validation

Computational dereplication is not to replace experimental
natural-product chemistry, but is meant to complement it.
Depending on the required level of certainty, orthogonal
chromatography, high-resolution MS/MS, NMR spectroscopy,
retention-time comparison, genuine standards and other
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analytical techniques can be employed. Experimental
structural elucidation is still crucial for new chemical entities.
Finally, adequate analytical information will be used to
determine identification, but calculations will help to rule out
some candidates [79].

9. Future Perspectives

Improved integration of analytical chemistry, computational
science and experimental natural product research is essential
for future progress in the field of phytochemical dereplication.
Bigger and more chemically diverse spectrum databases will
improve library matching and generalisation of Al models
[80]. These will be more accurately represented in these
databases as they will contain more empirically confirmed
spectra and unusual natural-product scaffolds. These
improvements are essential to enhance the reliability and
applicability of computational dereplication methods to be
used in a broader spectrum of applications [81].

The future of Al is also promising, with multimodal Al being
an exciting area of research. The chemistry of natural products
could be better represented, with the integration of chemical
structures, retention information, nuclear magnetic resonance
(NMR), genomic or transcriptomic data and biological activity
into future systems [82]. Models to accurately detect the
fragments of the spectrum, chemical aspects, or network
interactions that explain a prediction will also become more
prominent in the development of explainable Al. Transparency
of Al-assisted annotation would be improved, and scholars
would be provided with the possibility to critically evaluate
computational ideas. In the future, flows including multiple
analytical steps like molecular networking, experimental
prioritisation, database annotation, Al-assisted candidate
rating, and raw LC-MS/MS processing, could also be
automated [83].

Therefore, replacing experimental chemistry with Al isn't
likely to be the most effective way to go in the future.
Experimental chemistry should be able to prove it, but Al can
be a smart decision support tool that can find patterns, propose
structural hypotheses, and prioritize candidates [84].

CONCLUSION

Al-based phytochemical dereplication is an encouraging
approach for improving the efficiency of the discovery of
natural products. Molecular networking clusters metabolites
into groups, LC MS/MS delivers accurate mass and
fragmentation information, and AI/ML facilitates chemical
classification,  hypothesis  generation and candidate
prioritization. They can be combined to allow for less time
spent isolating the same chemicals and more time spent
studying metabolites that are chemically unique or are
biologically significant. AlI/ML can combine all the previous
with chemical, structural, network, and biological information
to create a more systematic and effective prioritisation of
candidate metabolites, while molecular networking offers
important chemical context for unannotated characteristics.

Saxena et al.

It should not be confused, however, with an actual structural
identification. Incomplete databases, structural isomerism,
instrumental variability, bias in databases, and limited
interpretation of models remain an issue. Appropriate
confidence levels, computer-aided methods of dereplication
with clear documentation, and experimental validation are
essential for reliable dereplication. These developments should
be continued to increase the speed, reliability and
reproducibility of natural-product discovery, and are expected
to include further advances in the development of spectral
libraries and databases that have been validated, explainable
Al, multimodal data integration and automated workflows.
Moreover, a powerful tool for next generation phytochemical
dereplication is possible by using the combination of LC-
MS/MS, molecular networking and Artificial Intelligence/ML.
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