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ARTICLE INFO ABSTRACT

Natural products (NPs) have long held a significant position in various fields such as medi-
cine, food, agriculture, and materials. The chemical space covered by NPs is extensive but of-
ten underexplored. Therefore, high-throughput and efficient methodologies for the annota-
tion and discovery of NPs are desired to address the complexity and diversity of NP-based
systems. Mass spectrometry (MS) has emerged as a powerful platform for the annotation and
discovery of NPs. MS databases provide vital support for the structural characterization of
NPs by integrating extensive mass spectral data and sample information. Additionally, the re-
leased annotation methodologies, based on a variety of informatics tools, continuously im-
prove the ability to annotate the structure and properties of compounds. This review exam-
ines the current mainstream databases and annotation methodologies, focusing on their ad-
vantages and limitations. Prospects for future technological advancements are then discussed
in terms of novel applications and research objectives. Through a systematic overview, this
review aims to provide valuable insights and a reference for MS-based NPs annotation,
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thereby promoting the discovery of novel natural entities.

1. Introduction

Natural products (NPs), which are chemical substances nat-
urally produced by living organisms, such as animals, plants, mi-
croorganisms, and marine organisms, exhibit diverse structures
and, thus, different biological activities and physiological func-
tions "% These innate activities have made NPs a crucial source of
inspiration for clinical drug discovery *°. NPs offer better biocom-
patibility, structural modification potential, and safety compared
to synthetic compounds . Statistics indicate that more than half
of the approved drugs worldwide are derived from NPs and their
derivatives, which play a key role in the treatment of cancer, in-
fectious diseases, and cardiovascular diseases “'’. Additio-
nally, the discovery and characterization of NPs are essential for
understanding the structural composition and gene function of
organisms ', Evidence also suggests that interactions between
NPs and gut microorganisms can impact physiological states > .
However, the traditional extraction, isolation, and characteriza-
tion processes are challenging, as most NPs are naturally low-
content, making it difficult to extract and purify them directly .
Traditional methods have only explored a small portion of the
NPs, and numerous compounds have been overlooked due to
their interactions within complex mixtures or have been missed
and degraded by extraction and separation processes ' "’. There-

* Corresponding author.
E-mail addresses: songhuipengl5@163.com (H. Song); xingz@cpu.edu.cn (G.
Xin)

https://doi.org/10.1016/S1875-5364(25)60852-1

fore, there is a need to establish efficient, high-coverage, and high-
sensitivity identification methodologies to discover the countless
valuable NPs that remain in abundant natural resources.

Mass spectrometry (MS) is currently one of the most widely
used platforms for structural characterization, offering high res-
olution and sensitivity. It is often coupled with chromatography
to achieve robust separation, allowing the acquisition of mass
and structural information from complex samples through relat-
ively simple sample processing " *’. However, the generation of
large amounts of information also poses challenges for data min-
ing, so it is critical to ensure the accuracy of the conversion of
raw MS data into molecular structures. Several studies have pro-
posed distinct levels of identification to indicate the confidence
level of the annotation results *"**, with most discussions based
on the levels established by the Metabolomics Standards Initiat-
ive (MSI) **. Most identifications fall within levels 2 and 3, mean-
ing that structures and classes are inferred from physicochemical
properties and spectral similarities obtained from literature or
spectral databases. This highlights the importance of a thorough
understanding of available databases and their proper utilization
for accurate annotation. Simply using databases for molecular an-
notation is not enough, and manual annotation is time-consum-
ing, laborious, and demands a high level of analytical expertise.
To address this challenge, informatics tools have been developed
to assist in structural analysis, thereby enabling a more efficient
and extensive annotation process ***°.

This review examines the research progress in MS database-
based methodologies for the annotation and discovery of NPs.

Copyright © 2025, China Pharmaceutical University. Published by Elsevier B.V. All rights reserved.
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First, the most commonly used MS databases in recent years are
reviewed, and their usage, characteristics, and limitations are de-
scribed separately to provide a reference for selecting a suitable
database for identification purposes. Subsequently, MS-related
annotation methodologies, which include in-silico spectral predic-
tion, molecular fingerprinting, and molecular networking (MN),
are also presented to compensate for the shortcomings of the
databases or to extend their applications. Finally, the review con-
cludes with a discussion of the issues facing the field and insights
into the future, intending to provide readers with guidance and
ideas for discovering and annotating new NPs.

2. Mass Spectral Databases for NPs Annotation

The expanding application of MS in analytical chemistry has
led to the emergence of mass spectral databases over the past
two decades. These databases are dispersed, with no single data-
base encompassing all known compounds. The coverage and
characteristics of the databases vary depending on the specific re-
search objectives and application scenarios. For instance, there
are databases dedicated to identifying components in traditional
Chinese medicine (TCM), as well as those tailored for metabolom-
ics or lipidomics research. In general, mass spectral databases be-
gin with the determination data of authentic chemical standards
and represent a compilation of MS features of known constitu-
ents. The core elements include exact mass, fragmentation pat-
tern, and retention time, which serve as the three-dimensional
criteria for molecular identification ***’. Leveraging these attrib-
utes, it becomes feasible to swiftly generate a list of candidate
compounds best suited to the target. Regrettably, several data-
bases have ceased updates after their release, limiting their util-
ity. This paper presents an overview of the most commonly used
mass spectral databases in recent years (Table 1). The emphasis
is on liquid chromatograph-mass spectrometry (LC-MS) data-
bases, which are categorized as public, commercial, and self-built
databases (Fig. 1).

2.1. LC-MS databases

2.1.1. Public databases

The Global Natural Products Social Molecular Networking
(GNPS) is an ecosystem of MS that integrates various data re-
sources and analytical tools. Notably, it is the sole public MS plat-
form that supports MN, enabling spectrum visualization and facil-
itating annotation of unknown components. Furthermore, MN
combines with its unique dereplication tool, allowing GNPS to
perform continuous and regular automatic re-analysis, thereby
establishing a virtuous cycle of iterative molecular annotation *'.
MassBank is the first public repository of shared MS data for
small molecule compounds in the life sciences. Its most remark-
able feature is the diversity of ionization techniques and instru-
ment types, which can serve as filtering criteria for searching.
However, MS data analyzed by different experimental methods
may vary. Therefore, MassBank assists users in selecting the most
relevant information for data analysis *'.The Human Meta-
bolome Database (HMDB) provides comprehensive reference in-
formation on nearly all known metabolites in the human body.
Users can conveniently access corresponding information in oth-
er databases (KEGG, PubChem, UniProt, etc.) through hyperlinks.
While HMDB also contains a portion of exogenous human sub-
stances (food, drugs, environmental exposure), this segment re-
quires cautious consideration. In fact, compounds with spectral
data cover less than 5% of HMDB. Consequently, competitive
fragmentation modeling (CFM)-ID 4.0 for spectral prediction is
employed to estimate the MS/MS data, though the accuracy of the
predicted values should be viewed with appropriate scrutiny **.
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LIPID MAPS provides openly accessible lipid data, tools, and
training resources, playing a pivotal role in the development of
lipidomics *. A series of analytical tools form a complete work-
flow for lipidomics analysis. However, similar to HMDB, only a
small fraction of lipids have MS information, which is displayed
according to classification. Furthermore, only five lipid classes
can be searched by precursor ion mass. Another drawback is that
the data is presented in image form, rendering it less convenient
to browse and use ****. Usually, public databases originate from
diverse sources, and anyone can upload, browse, and download
data freely. As a result, there is a wide range and wealth of in-
formation. However, data of varying quality are prone to inaccur-
ate identification and require high analytical skills.

2.1.2. Commercial databases

mzCloud is a high-quality tandem mass spectrometry
(MS/MS) database provided by Thermo. It is distinctive in arran-
ging mass spectral data from different levels of MS" into a spec-
tral tree. Each node represents product ion spectra of the same
mass-to-charge ratio (m/z) precursor ion obtained under vary-
ing conditions. The mass spectral tree enhances its searchability
while providing additional information about unknown spectra.
The substructure information of compounds not present in the
database can be obtained byy comparing the product ion spectra
of structurally related compounds through the precursor ion fin-
gerprinting (PIF) technique. However, for NPs, this database is
limited in scope *°. Originally a freely accessible high-resolution
MS/MS database, METLIN is now commercially available and re-
quires a login for use. If identification results are not obtained by
MS or MS/MS search, metabolite annotation without spectral ref-
erence can be accomplished by fragment search and neutral loss
search . In recent years, isoMETLIN has been developed as a
novel database of isotopically labeled metabolites. It can comple-
ment the metabolites included in METLIN that lack MS/MS pro-
files and facilitate the identification of metabolites not present in
METLIN ***°. The NIST Tandem Mass Spectral Library is part of
the NIST Mass Spectral Library established by the National Insti-
tute of Standards and Technology (NIST). The corresponding MS
tools include MS Interpreter for linking peaks to their possible
chemical structure and Hybrid Search for identifying compounds
that are not in the library. However, they have to be downloaded
and installed rather than being used directly from the web inter-
face, as is the case with other databases. Wiley Registry of Tan-
dem Mass Spectral Data--MSforID enables the sensitivity and spe-
cificity of small molecule identification. In addition, Wiley has as-
sembled the Wiley Registry, KnowlItAll Mass Spectrometry Data-
base, NIST Mass Spectrometry Database, and other important
mass spectral databases to form the world's largest high-quality
MS database for LC-MS and gas chromatography-mass spectro-
metry (GC-MS). Overall, commercial databases are of high quality,
with data from commercially available or synthetic standards as-
sayed under tightly controlled conditions. Matched software and
high compatibility make them user-friendly. However, their high
price is a disadvantage.

2.1.3. Self-built databases

Both public and commercial databases serve as extensive re-
positories with broad coverage and rich information. However,
their primary limitation is a lack of specificity for researchers
with targeted objectives. In practical research, scholars often fo-
cus on specific compound groups, such as endogenous metabol-
ites in the human body or the chemical constituents of particular
TCM or medicinal plants. Directly utilizing these extensive data-
bases can be impractical or inefficient, as it necessitates addition-
al screening efforts. Consequently, some research teams opt to
develop self-built or in-house databases tailored to their specific
research needs. For example, Liu et al. constructed an in-house
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2. No access or downloads available

Fig. 1 Characteristics of the different categories of LC-MS databases.

mass spectral database by combining literature and open data-
bases, aiming to elucidate the chemical composition of Chinese
medicinal formulas. Focusing on Gegen-Qinlian Decoction (GQD),
they recorded 741 compounds in their database and eventually
identified 381 compounds from GQD using a chemical diagnostic
characteristics algorithm “*. Similarly, Huang et al. established a
mass spectral database with 4,196 plant-derived saponins,
providing free access and retrieval, but without the ability to
browse and download the data *’. These specialized databases
have enabled researchers to narrow down their search hits and
improve research efficiency. Furthermore, due to the inconsist-
ency of experimental conditions, retention times are often diffi-
cult to use as reference information in extensive databases. Self-
built databases can compensate for this deficiency and add an ad-
ditional criterion for compound identification. Popov et al.
provided an in-house database with retention time and spectral
information for 191 types of sea cucumber triterpene saponins.
Their analysis of fragmentation information revealed structure-

Core skeleton (C)
(6 types)

Sugar moiety (S)
(4 types)

Fedokok \Qj’ZH

0 1
HO 0

QOO0 -

Representative structure

P

related fragmentation patterns, and the retention times served as
an important reference for analyzing chromatographic beh-
avior *'.

In contrast to conventional database construction methods,
Chen et al. proposed a novel strategy based on combinatorial
principles. The researchers systematically divided steroid struc-
tures into four distinct structural components and, through per-
mutation and combination, generated a database comprising
1,080 possible steroid structures (Fig. 2). This combinatorial ap-
proach established a robust foundation for subsequent structural
characterization using neutral loss and fragment ion analysis. The
key advantage of this method lies in its broad structural coverage
while maintaining high specificity **. Similarly, Wang et al. con-
structed a theoretical precursor ion library (TPIL) and a charac-
teristic fragment ion library (CFIL) for flavonoids based on free
enumeration and fragmentation pattern analysis. This approach
enables more precise structural annotation by facilitating the
identification of specific substituents within flavonoid structures.
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Fig. 2 Schematic illustration of the generation of a combinatorics-based compound library.
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Additionally, the researchers introduced self-built software, An-
noSM, for automated annotation of substituent patterns in flavon-
oids and other compound classes, further enhancing structural
characterization and data processing efficiency **

Compared to other databases, self-built databases demon-
strate higher accuracy. This is due to two primary factors. Firstly,
self-built databases are tailored to the specific research object or
closely related species, resulting in more precise and targeted
matching. Secondly, the unique data sources utilized in self-built
databases enable enhanced breadth and depth within the defined
scope. These data sources include information gathered from the
scientific literature, as well as deductions derived from the prop-
erties of the analyzed compounds. This allows for the incorpora-
tion of elements that may not be covered by more extensive data-
bases relying on commercially available standards. Furthermore,
the experimental conditions that align with the study can im-
prove the reliability of the data and reduce errors in annotation.
However, the disadvantage of self-built databases is that they are
typically non-public and require significant investment to con-
struct and maintain.

2.2. GC-MS databases

GC-MS is distinguished from LC-MS by its maturity as an ana-
lytical technique. Ionization in GC-MS is primarily achieved
through electron ionization (EI), a robust ionization method that
generates numerous fragment ions with high reproducibility.
This consistency across different laboratories allows for the con-
struction of comprehensive spectral libraries, as the same com-
pounds can reliably produce repeated data. Consequently, GC-MS
benefits from the availability of relatively extensive databases,
which are briefly outlined in this study.

The NIST Mass Spectral Library was initially developed as an
EI-MS database. Currently, one of the prominent databases is the
NIST/EPA/NIH Mass Spectral Library, which is specifically an EI
mass spectral library. The latest version of this library contains
394,054 EI spectra for 347,100 compounds, and it is available for
most instruments with EI capability. Additionally, the library in-
cludes a GC Retention Index (RI) Database, providing retention
indices for as many compounds in the library as possible to facil-
itate the exclusion of results below the mass index threshold. The
Wiley Registry 2023 provides 873,300 spectra for 741,000 com-
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pounds and is also compatible with most MS data systems. Fur-
thermore, the previously mentioned MassBank and HMDB in-
clude EI data references among their offerings.

3. Methodologies for NPs Annotation

3.1. In-silico spectra prediction-based methodology

A significant drawback of mass spectral databases is the lim-
ited coverage of compounds and the impracticality of obtaining
standards for all discovered compounds to acquire their spectra.
It is estimated that only a small fraction, less than 1%, of known
compounds have associated spectral information *“. This has
prompted substantial research efforts in predicting in-silico
MS/MS spectra *°. By utilizing compound structures as a starting
point, researchers have simulated MS using various informatics
tools to establish virtual databases, with the aim of bridging the
gap between mass spectral databases and structural databases *°
(Fig. 3A).

Quantum chemical methods perform theoretical simulations
of MS based solely on the physical and chemical behavior of mo-
lecules in a mass spectrometer to predict cleavage patterns. The
quantum chemistry electron ionization mass spectra
(QCEIMS) approach is the most pioneering method, which can
generate calculated EI spectra of any compound by combining ab
initio molecular dynamics with statistical sampling “ *’. The
primary advantage of this method is that spectral prediction of
underrepresented compounds performs well without range limit-
ations, as it does not require dependence on databases or train-
ing sets. Products derived from trimethylsilylation (TMS), which
is widely used for GC-MS, can also be predicted for fragmentation
by using QCEIMS, and this approach has demonstrated good pre-
dictive capabilities *’. However, studies have shown that predic-
tion accuracy varies across different structural classes, with not-
ably lower accuracy for organic oxygenated compounds com-
pared to other molecular types *. A major limitation of QCEIMS
lies in its high computational demand, making the prediction of
large molecules or multiple compounds highly time-consuming.
Additionally, the application of quantum chemistry to predict
electrospray ionization (ESI) spectra remains a significant chal-
lenge.
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Machine learning-based approaches offer powerful computa-
tional models that can address the issue of slow computation. The
CFM approach is a probabilistic generative model that learns
fragmentation patterns and optimizes its parameters based on
acquired data °'. It demonstrates strong applicability for both ESI
and EI spectral predictions. The latest version, CFM-ID 4.0, en-
hances predictive accuracy by learning parameters from the to-
pological features of chemical structures represented by tensors.
This advancement allows the model to generate more precise
spectral predictions across a broader range of compounds ** %,
Beyond spectral prediction, CFM-ID 4.0 also ranks potential
structures that correspond to a given MS/MS spectrum, making it
one of the most effective tools for spectral annotation. Building
on this foundation, Wang et al. fine-tuned the model parameters
and implemented a deep learning framework using transfer
learning to improve spectral predictions for both known and nov-
el compounds. Their results demonstrated the potential of this
approach to identify compounds without reference spectra and
even recognize entirely new chemical entities **.

Lipid identification benefits from the application of heuristic
methodologies due to the high degree of structural similarity
among recurring fragments. LipidBlast, a prominent tool in
lipidomics research, utilizes this approach by inputting lipid
structures from pathways such as LIPID MAPS and generating
rule-based tandem mass spectra based on fragmentation analys-
is for each class of structures *°. This has facilitated the updating
and refinement of lipid databases *°. However, this approach
faces limitations in extending to molecules with dissimilar struc-
tures. In contrast, MetFrag employs a combinatorial fragmenta-
tion method that enumerates all possible fragments of candidate
structures based on chemical bond breaking, and then compares
and assigns peaks °”*°, Statistical methods have also been integ-
rated into MetFrag 2.4.5 to optimize the scoring function for im-
proved annotation *. Additionally, MS-FINDER predicts frag-
mentations and ranks candidate structures based on hydrogen
rearrangement rules in bond cleavages at low-energy collision-in-
duced dissociation (CID), achieving an interpretation rate of
nearly 80% for fragmentation ions and successfully identifying
two new compounds without standard spectra .

3.2. Molecular fingerprint-based methodology

Molecular fingerprinting refers to the identification of the
chemical structural features or substructures (e.g., benzene rings,
hydroxyl groups) of a compound, as revealed by its spectral data.
In contrast to in-silico prediction, the molecular fingerprint-based
methodology starts directly from MS/MS spectra. Initially, a
series of chemical structure attributes, such as molecular finger-
prints and molecular formulas, are extracted from the raw data.
These features are then queried and compared against structure
databases to obtain candidate structures for scoring and ranking
(Fig. 3B). FingerlID, an early approach in this field, is a method for
predicting molecular characteristic fingerprints from tandem
mass spectra using a support vector machine (SVM) algorithm.
The fingerprint prediction model is trained on public databases,
making this machine learning-based method compatible with
spectra from various mass spectrometer types *'.

The introduction of the fragmentation tree (FT) data struc-
ture has led to the development of several new methodologies.
The FT represents molecular fragmentation pathways based on
the premise that all fragments originate from a precursor. The
nodes in the FT correspond to possible molecular formulas of the
compounds or fragments, while the edges represent the hypo-
thesized fragmentation reactions and losses *“**. This approach
provides a framework for de novo identification of compou-
nds. For instance, CSI: FingerID converts spectra into fragmenta-
tion trees, which are then combined with other similarity metrics

415

Chinese Journal of Natural Medicines 23 (2025) 410-420

for multiple kernel learning to improve the performance of pre-
dicting molecular fingerprints °°. Another technique, class assign-
ment and ontology prediction using mass spectrometry (CAN-
OPUS), integrates two machine learning approaches. It uses prob-
abilistic fingerprints predicted by SVM as input to a deep neural
network (DNN), which is trained on a large number of molecular
structures to predict compound classes based on molecular fin-
gerprints. Remarkably, CANOPUS can still achieve reliable predic-
tions even for compound classes with limited or no spectra avail-
able for training *.

SIRIUS 4.0 has integrated CSI: FingerID and CANOPUS. Ini-
tially, SIRIUS was developed as a tool for analyzing molecular for-
mulae using isotopic patterns, including isotopic distribution and
mean peak masses *’. The FT analysis function was subsequently
added. SIRIUS first considers all possible molecular formulae
based on an integrated isotope pattern scoring model, without
discarding atypical ones. It then computes the FT using a Maxim-
um A Posteriori estimation, selecting the molecular formula that
best explains the data *. Finally, CSI: FingerID searches the struc-
tural database or provides structural information for candidate
scoring based on a Bayesian network. CSI: FingerID has been
technically upgraded to quickly provide data-driven structural
annotations for all detected MS features in the complete data-
set . Hoffmann et al. proposed a workflow called COSMIC that
incorporates SIRIUS to assign confidence scores for annotation
results, aiming to distinguish between correct and incorrect hits
(Fig. 4). The application of COSMIC to various datasets has
demonstrated that it not only outperforms spectral library
matching in dereplication but also allows high-confidence an-
notation of unreported substances. Specifically, COSMIC was used
to discover 12 additional amino acid conjugations of bile acids, all
of which were validated by manual evaluation or synthetic stand-
ards ". MSNovelist is a workflow that combines SIRIUS with re-
current neural networks (RNN). Molecular formulae and molecu-
lar fingerprints predicted by SIRIUS and CSI: FingerID are fed in-
to the RNN model to generate SMILES sequence output, thereby
establishing a continuous link from spectra to fingerprints to
structures. This process of generating candidate structures dir-
ectly from spectra is not limited by structural databases. MSNov-
elist was applied to a bryophyte dataset, leading to the inference
of seven novel compound structures ’'. These de novo annotation
methodologies can serve as a valuable alternative for the discov-
ery of new biological small molecules.

3.3. MN-based methodology

MN is a network-based approach that reveals potential asso-
ciations between compounds within complex samples by visual-
izing tandem mass spectra. This approach is founded on the
premise that structurally similar compounds exhibit comparable
mass spectral features. In MN, the mass spectral features of each
compound are represented as nodes, and the spectral similarit-
ies between compounds are depicted as edges, collectively form-
ing a network structure. Subsequent data processing involves col-
lapsing and grouping the spectra using clustering algorithms or
other network analysis techniques. This enables the propagation
of annotations based on the mass spectral database. Con-
sequently, even if a node does not directly match the spectral
database, it can be recognized through the reference spectra from
neighboring nodes *"’*”* (Fig. 3C).

MN within the GNPS platform is a prominent example. In MN,
spectral similarity is measured by the cosine score, which ac-
counts for differences in fragment ion intensities and precursor
ion m/z between spectral pairs. Higher cosine values, with 1 in-
dicating identical spectra, typically have a threshold of 0.5-0.7 ”°.
However, the MS-Cluster approach solely considers fragmenta-
tion patterns during clustering, disregarding the possibility of
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isomers ’°. Feature-based molecular networking (FBMN) incor-

porates more comprehensive information, including isotope pat-
tern, retention time, and corresponding abundance, to perform
data reduction based on feature lookup. This improved tool not
only enables the discrimination of isomers based on retention
time but also generates quantitative information through feature
detection and incorporates it into the MN ””. The subsequent de-
velopment of ion identity molecular networking (IIMN) provides
further complementarity by identifying and collapsing multiple
ionic adduct types generated by ionization of the same molecule,
thereby reducing redundant unconnected nodes and facilitating
the interpretation of MN ",

In addition to classic MN, other methodologies of network
analysis exist. In 2008, Hao et al. proposed the family network ap-
proach, which first categorized component families based on
searched diagnostic ions and then connected a coherent network
according to bridging components, which are fragment ions com-
mon in different families. This approach enabled the identifica-
tion of individual components and elucidation of the substruc-
tures represented by all diagnostic ions, thus efficiently narrow-
ing down the database hits °. Wang et al. developed a structure-
guided molecular network strategy (SGMNS) to construct a glob-
al connectivity molecular network (GCMN) through the similarity
of molecular fingerprints of chemical structures in metabolomic
databases, with a recursive algorithm used to propagate the net-
work annotation *’. The structural similarity network annotation
platform for mass spectrometry (SNAP-MS) made full use of MS"
data, screening and categorizing compounds based on the mo-
lecular formula of the core skeleton and then matching chemical
similarity groupings with MS feature groupings in MN. An evalu-
ation of the method’s performance using complex mixtures and
pure compound libraries showed that SNAP-MS can provide cor-
rect annotation of compound families for subnetworks, serving as
a valuable complement to CANOPUS “'.

Given the rapid development of network analysis, there are a
wide range of successful application cases in areas such as TCM
research and metabolomics ****. For example, Li et al. achieved
targeted isolation and structural identification of new NPs with
low abundance but high activity under the guidance of MN **. Li et
al. analyzed NPs in herbal medicines through FBMN and dual ion-
ization mode, which enabled high-precision identification and
isomer differentiation *°. In addition to using MN for understand-
ing the material basis of TCM, Chen et al. established a semi-
quantitative feature-based molecular networking (SQFBMN) ap-
proach to explore the correlation of chemical constituents in Can-
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nabis sativa leaves with their origin and bioactivities *’. Zhang et
al. detected the prototypes and metabolites of Chinese herbal for-
mulas by MN based on optimized data acquisition *. Quinn et al.
revealed the chemical effects of the microbiome on different or-
gans through MN-supported meta-mass-shift chemical profiling
and reported microbe-mediated bile-acid conjugations for the
first time *.

3.4. Combined methodology

The various annotation strategies are not entirely distinct
from one another. Some studies have ingeniously combined dif-
ferent concepts and techniques to produce integrated methodolo-
gies for compound annotation. Li et al. integrated quantum chem-
ical calculations with hydrogen-deuterium exchange to elucidate
the CID mechanism of lindenane sesquiterpenoids (LSs), with the
goal of developing an automated target feature extraction pro-
gram. This approach facilitated the discovery of 96 LSs, of which
37 were potentially novel compounds *’. Liu et al. proposed an
enhanced MN-based approach called DFMN-ISD, which combines
diagnostic fragment, MN, and FT strategies. This method was suc-
cessfully applied to the annotation of Fritillaria steroidal alkal-
oids and is expected to be extended to characterize the composi-
tion of other herbal medicines .

The introduction of biological knowledge has facilitated the
development of novel annotation methodologies. These ap-
proaches leverage beyond traditional MS phenomena, such as ad-
ducts, isotopes, and fragments, to incorporate peak-to-peak rela-
tionships reflecting biotransformation. For instance, NetID em-
ploys a global optimization strategy via integer linear program-
ming to fully utilize available information **. Metabolite annota-
tion and dysregulated network analysis (MetDNA) defines reac-
tion pairs connecting metabolic substrates and products, form-
ing a metabolic reaction network (MRN). This annotation is then
recursively expanded by treating annotated neighbor metabol-
ites as new seeds . However, these single-network methodolo-
gies can be enhanced by integrating multiple layers of informa-
tion. The knowledge-guided multi-layer network (KGMN/MetD-
NAZ2) approach combines three distinct networks: one construc-
ted by spectral library searching and enzymatic reactions, anoth-
er incorporating metabolic biotransformation constraints, and a
third recognizing different ionic forms to improve peak identific-
ation accuracy (Fig. 5). This integrated approach significantly in-
creased the identification accuracy of known metabolites to over
95% while facilitating the efficient annotation of unknown com-
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pounds **. These advancements in biological knowledge-driven

annotation methodologies serve multiple purposes. First, they
can facilitate the selection and isolation of bioactive substances.
The NP’ MS Workflow computes a bioactivity correlation coeffi-
cient (BCC) to rank consensus spectra that may represent bioact-
ive NPs directly from complex mixtures *°. Similarly, the bioactiv-
ity-based MN proposed by Nothias et al. maps bioactivity scores
in MN to expose potentially bioactive NPs from fractionated ex-
tracts *°. Second, these methodologies can be utilized for bio-
marker identification. For instance, Gong et al. depicted metabol-
ic networks of complex systems based on chemicalome-to-meta-
bolome matching, providing possible associations between proto-
types and metabolites *’. Additionally, Wang et al. developed a
metabolic pathway extension (MPE) method that enables map-
ping from initial metabolites to the metabolome through sum-
marized metabolic reactions *. Both approaches focus on match-
ing molecular mass differences to metabolic reactions.

4. Concluding Remarks and Future Perspectives

In summary, the cohesive integration of informatics tools and
accumulated experience has led to the development of well-es-
tablished mass spectral databases and associated algorithmic
methodologies over the past decade. While the breadth and rich-
ness of the database content have increased and are continu-
ously being updated, the storage and accumulation of databases
remain a common issue, as the content is still not entirely satis-
factory. The future direction should focus on the storage of diver-
sified data in a standardized form for efficient retrieval *.
However, existing statistics indicate a low overlap between dif-
ferent databases '”’, and combining them could enhance comple-
mentarity and alleviate the problem to some extent. There is a
long-standing consensus on the need for open sharing of data-
bases *> """, which has the potential to facilitate the mining of un-
known components through re-analysis '’*. In this aspect, GNPS
excels, with MassIVE, a public data repository containing sample
information (metadata) and spectrum information ’°. The

Known
metabolites

Reaction DB

Seed metabolites

&)

[ —

In silico enzymatic
reactions

Unknown
metabolites

Spectral DB RT MSI

ON |i=

Database search

A
A

Raw data
1: RT + MS' + MS?

2: MS! + Ms?

Confidence level

Network optimization

Chinese Journal of Natural Medicines 23 (2025) 410-420

launched metadata capture system ReDU contributes to the cura-
tion and utilization of metadata '*. The existence of metadata has
spawned a series of MS analysis tools, such as reference data-
driven (RDD) analysis, which enhances the understanding of
complex samples based on metadata-annotated source data ',
and MicrobeMASST, a taxonomic search tool that associates mi-
crobe-derived metabolites with relative producers '. Further-
more, Mohanty et al. employed MassQL to mine and filter public
data in MassIVE, creating a mass spectral database of modified
bile acids and discovering previously unknown bile acids, thus
enriching the diversity of bile acid modifications '*. As can be
seen, metadata can endow data with vitality and significance, of-
fering enormous potential for data sharing and full utilization.
The MS databases serve not only as a reference for the annota-
tion of known compounds but also provide a foundation for the
presumption of unknown compounds.

Advances in algorithmic methodologies have enabled struc-
ture elucidation to surpass the limitations of databases and even
extend to unknown compounds. There is no single perfect meth-
od, as each approach possesses distinct characteristics. Research-
ers can maximize the value of these methods by selecting the
most appropriate technique for their research objectives. In silico
spectra prediction can be a valuable complement to MS data-
bases. Molecular fingerprinting-based and MN-based methodolo-
gies may hypothesize unknown compounds, with the former re-
quiring structural databases and the latter mass spectral data-
bases. Additionally, the former annotates individually, while the
latter utilizes the relationships between spectra. Approaches that
incorporate biological knowledge offer further insights for struc-
tural annotation and facilitate correlations with biological activ-
ity. Beyond the algorithms, the overall research workflows are
also crucial. Reverse metabolomics employs a reverse route, syn-
thesizing compounds first and then mining metadata to reveal as-
sociated phenotypes, species, and sample types. This can be con-
sidered a universal approach for discovering other molecules
from biological systems '*”'*. Nie et al. combined click-chemistry-
based enrichment with MN to identify several secondary bile
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acids, including the previously uncharacterized 3-succinylated
cholic acid '”. FNICM is a research framework that uses targeted
metabolomics and biological knowledge as seeds to propagate
perturbations to undetected metabolites, providing potential
functional metabolites and a basis for subsequent annotation .
These studies offer unique inspiration for NP analysis. While
some algorithms and strategies were initially developed for spe-
cific applications, such as metabolomics, applying them to differ-
ent scenarios may yield unexpected successes.

Comprehensive annotation with high accuracy has always
been the primary objective in NPs analysis. This process cannot
be accomplished solely through data analysis steps, but rather re-
quires a holistic focus on the entire workflow. The initial stages of
sample preparation and data acquisition are crucial in determin-
ing the coverage of the assay. NPs exhibit diverse polarity and
solubility, necessitating careful extraction considerations to en-
sure target analytes are captured while eliminating interfere-
nces ' '"%, The incorporation of MS probes has emerged as a
popular trend, as it can extend the detection range by enhancing
sensitivity or reducing polarity ""*'"*. However, alack of match-
ing high-throughput data processing techniques remains a chal-
lenge. In contrast to typical chemical probes, Zhao et al. intro-
duced an innovative enzyme probe approach to localize and dis-
tinguish isomers of 12a-hydroxylated bile acids using the en-
zyme conversion rate as an index ''°. Additionally, acquisition
parameters and conditions, such as mobile phase, ionization
mode, collision energy, and acquisition speed, significantly im-
pact the quantity and quality of the obtained spectra """"**. For in-
stance, the recently developed electron impact excitation of ions
from organics (EIEIO) fragmentation technique can enrich ion
fragmentation and enhance annotation '*’. Zhang et al. combined
the comprehensive coverage of full-scan and the high-quality data-
dependent acquisition (DDA) to establish a new data acquisition
method, dpDDA, which can improve stability and coverage '
The setting of search conditions in the spectral library search
process is crucial, as it determines the pool of potential candid-
ates. Appropriate configuration of search conditions can signific-
antly increase the likelihood of isolating correct results. Various
data filtering strategies have been developed to remove interfer-
ing signals and extract mass spectral features for rapid identifi-
cation '** ', These strategies include diagnostic ion filtration
(DIF) '**"*, neutral loss filtration (NLF) '/, mass deficit filtration
(MDF) "**'* and in-source fragment elimination '*. It is essen-
tial to recognize that annotation should not be considered the ul-
timate goal, but rather the groundwork for functional annotation
and the exploration of the activity and efficacy of NPs. A global
perspective-based, multi-segment strategy may offer promising
solutions for the future of NPs annotation and discovery.
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