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Abstract

Traditional Chinese medicine (TCM) possesses unique advantages in disease prevention and treatment, yet its inherent complexity
and diversity pose tremendous challenges for structural elucidation, mechanism research, and bioactivity characterization. High-
resolution mass spectrometry (HRMS) technology demonstrates immense potential in TCM analysis due to its high sensitivity, high
resolution, high throughput, and high efficiency. However, its application in TCM research remains constrained by the lack of intelligent
analytical methods and unified standardized databases. Therefore, this paper focuses on the integration of artificial intelligence (Al)
and mass spectrometry, providing a systematic review of the applications and potential of Al-driven mass spectrometry analysis
in structural elucidation, data resource integration, multi-omics mechanism studies, and chemical biology. Furthermore, this article
emphasizes that by leveraging Al models to learn the complex mapping from chemical structures to biological functions, fragment-
based characterization has emerged as the bridge connecting chemical structures with biological activities. Molecular fragments
themselves serve as the core “knowledge units” that carry bioactive information. Future research will focus on establishing high-
quality mass spectrometry databases for the complete chemical profiles of TCM and promoting the standardization and open
sharing of mass spectrometry databases, thereby advancing the integration of Al and mass spectrometry in TCM analysis and
providing new tools for TCM research.
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Introduction qualitative and quantitative analysis, metabolomics,
and TCM quality control®-*). However, manual analy-
sis and annotation of complex MS data generated from
TCM are highly dependent on specialized knowledge
and are time-consuming and labor-intensive, which
significantly hinders the progress of related research®l.
Emerging technologies such as single-cell mass spec-
trometry imaging (MSI) now offer unprecedented
spatial resolution, enabling the mapping of TCM com-
pound distribution and action heterogeneity at the
single-cell level. Matrix-assisted laser desorption/ion-
ization (MALDI)-MSI combined with single-nucleus
RNA sequencing (snRNA-seq) revealed ginsenoside
spatial heterogeneity in ginseng at single-cell resolution,
guiding metabolic engineering!”!.

Addressing the aforementioned challenges urgently
requires technological innovations. The proliferation
of digital technologies—particularly big data, artificial

Traditional Chinese medicine (TCM) is a precious trea-
sure of the Chinese nation, having attracted widespread
attention for its unique advantages in preventing and
treating complex diseases!". As an important branch
of natural products, TCM is also a primary source for
the discovery and design of small-molecule drugs?.
However, the research progress of TCM is constrained
by various factors: the complexity and diversity of TCM
components pose challenges for structural elucidation;
the multi-component and multi-target characteristics of
TCM make the screening of active components and the
exploration of their mechanisms of action complex.
Therefore, how to promote the modernization of TCM
research has become a key issue in the field of TCM.

In the field of TCM research, mass spectrometry(MS)
is often combined with liquid chromatography (LC)
and widely applied in TCM component identification,
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Figure 1. LC-MS/MS-based structural characterization and in-silico MS/MS annotation workflows for compounds in TCM. LC-MS/MS is used to
acquire tandem mass spectra from complex TCM herbal extracts for structural characterization. Two in-silico MS/MS annotation strategies are illus-
trated: (i) static in-silico databases generated from large-scale structure repositories and matched directly to experimental spectra, and (i) dynamic
candidate-based approaches in which virtual spectra are predicted on demand for candidate compounds and ranked by spectral similarity. These
strategies enable the annotation of TCM-derived compounds beyond existing experimental spectral libraries. LC: Liquid chromatography; MS:

Mass spectrometry; TCM: Traditional Chinese medicine.

intelligence (Al), and, more recently, large language
models (LLMs)—is propelling TCM into a new era of
digital intelligence, fostering systematic innovation and
modernization®1%, LLM4MS leverages LLMs to gen-
erate discriminative spectral embeddings, significantly
improving MS-based compound identification accuracy
and speed!"!l. This Al-driven MS analysis paradigm has
been widely applied in multi-omics research and is
gradually penetrating the field of TCM.

This article will focus on the integration of Al and MS
analysis, exploring its potential and applications in TCM
research: structural analysis, data resource integration,
multi-omics mechanism research, and chemical biology
applications. It mainly includes intelligent analysis meth-
ods for the structure of TCM components, functional
prediction methods based on molecular fragments, and
mechanism exploration methods combined with omics
research. Some of the models in this article are currently
mainly applied to the field of small-molecule drugs, but
their principles are also of great reference value for the
analysis of complex TCM systems. This article reviews
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the cross-scale application of “Al + mass spectrometry”
in the “chemical structure-bioactivity” relationship, driv-
ing the evolution of fragments from “breakdown units”
to “knowledge units”, ultimately providing new insights
for TCM research.

Al-assisted structural analysis technology

Nowadays, high-resolution MS is widely used for char-
acterizing natural products with different structures
(Figure 1)B1. Tandem MS/MS generates fragment ions
through collision-induced dissociation (CID), providing
detailed structural information!"*.. However, for complex
samples containing a large number of unknown com-
pounds, challenges such as manual annotation difficul-
ties and insufficient reference MS databases remain®l.
Meanwhile, MSI enables the detection of the spatial
distribution of compounds on the surface of tissues or
samples, compensating for the lack of spatial resolution
in MS/MS. However, MSI primarily focuses on obtain-
ing the spatial distribution of parent ions and does not
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include fragment information, which restricts the appli-
cation of MSI-based structural annotation methods!*51.
In recent years, Al has provided a new paradigm for
structural analysis strategies. Therefore, this paper sys-
tematically reviews Al-assisted tandem MS/MS and MSI
structural annotation methods to provide insights for the
structural analysis of TCM components.

Annotation method based on tandem MS
Structural annotation based on dependency library matching

For MS/MS annotation of known compounds, the most
widely used method is library matching!'?l. Library
matching—based methods typically generate a ranked
list of candidate molecules based on similarity scores
between query spectra and reference spectral'®7),
Among these, cosine similarity is the most commonly
used spectral similarity metric, as it is more sensitive to
structural similarities between molecules!®!. Kim et al.l'”]
investigated the performance of 15 binary similarity
metrics in compound identification. The Huber team!'®!
innovatively applied the Word2Vec algorithm from NLP
to MS data, creating the Spec2Vec score. Through data
validation, they demonstrated that Spec2Vec similar-
ity better reflects structural similarity than traditional
cosine scores. Meanwhile, similarity scores lay the foun-
dation for constructing MS molecular networks (MN).
Dorrestein’s team!'”! first reported MS/MS-based MN
in 2012. The principle is that molecules with similar
structures will show strong similarities in their MS/MS
spectra. By comparing the secondary mass spectra of
different compounds, their structural similarity can be
assessed, and an MN diagram can be constructed. In an
MS MN, each node represents a compound, and the lines
connecting the nodes indicate the structural relationships
between the compounds. This method can intuitively dis-
play the structural relationships between compounds in
complex samples. By observing the spatial location char-
acteristics of MN node clusters, it accelerates the dedu-
plication of MS data and the discovery of new structures.

Based on similarity matching and MS MN, research-
ers have developed a series of Al-assisted structural
annotation algorithms. Wang et al.?% introduced an
on-line MS search engine, MASST, which integrates and
queries spectral data from multiple public MS data-
bases to perform similarity matching on target spectra.
MS2DeepScorel?'l employs a convolutional ANN archi-
tecture to predict the similarity between two chemical
structures using only MS/MS spectra. MS2Query!?? inte-
grates Spec2Vec!'®! and MS2DeepScore?!! to construct a
composite similarity score using Random Forests, achiev-
ing efficient and reliable MS analog search with a 40%
improvement in structural similarity score at 35% recall.
To address the coverage bottleneck of standard spectral
libraries, Shen et al.*3! proposed an innovative hypoth-
esis: metabolites in reaction pairs (e.g., substrates and
products) within a metabolic reaction network (MRN)
have structurally similar MS/MS spectra, leading to high
correlation between their MS/MS spectra. Based on this
hypothesis, MetDNA was developed using a small-scale
standard spectrum library as a “seed” constructing an
MN via MRN, and recursively annotating neighboring
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metabolites in reaction pairs. Ultimately, nearly 2,000
metabolites were annotated using an extremely small
standard spectrum library (accuracy >77%), signifi-
cantly alleviating reliance on “comprehensive” standard
spectrum libraries. Building on MetDNA, to address
complex spectral shifts caused by biotransformation,
DeepMASSP?* calculates cross-correlation using fast
Fourier transform (FFT) and captures nonlinear shifts
between spectra through frequency domain transfor-
mation, addressing the limitations of traditional linear
similarity calculations. Similarly, the coverage of MRNss
remains limited. SGMNS®2*! constructs a globally con-
nected molecular network (GCMN) based on molecular
fingerprint similarity, enabling annotation of over 2,000
metabolites with only 10 seeds (accuracy >83%). This
breaks through the constraints of biological reaction
pathways and covers a broader chemical space.

However, compared to the chemical space comprising
over 68 million known compounds, the scale of publicly
available MS libraries remains small?/, and a large num-
ber of MS/MS spectra cannot be matched to correspond-
ing compounds in existing databases””). An annotation
strategy relying on virtual spectrum libraries has emerged.
Specifically, researchers use ML algorithms to predict vir-
tual spectra of molecular structures, thereby constructing
a “virtual spectrum library”. Subsequently, experimental
MS/MS spectra to be identified are compared with the vir-
tual database, and the closest structure is matched based
on similarity!"®l. We divide the virtual spectrum librar-
ies into a precomputed in-silico MS/MS library and an
on-the-fly candidate-based in-silico MS/MS framework
(Figure 1). The former are typically constructed using vir-
tual spectral libraries based on massive compound data-
bases such as PubChem?*! and KEGG?#!, such as ISDB?”,
BinBasel*"; and DnsBank®', and then employ the same
structure analysis strategy as when matching real spectral
libraries. The latter first identifies candidate compounds
based on molecular weight and other information, pre-
dicts the virtual spectra of only the candidate compounds
each time, thereby forming a dynamic “candidate spec-
trum set” and then ranks them based on similarity scores.
From an application perspective, a precomputed in-silico
MS/MS library substantially extends the coverage of con-
ventional experimental spectral libraries by performing
virtual fragmentation prediction for large-scale chemical
spaces in advance, but they are associated with relatively
high costs in construction and maintenance. In contrast,
an on-the-fly candidate-based in-silico MS/MS frame-
work generates virtual fragment spectra on demand,
placing greater emphasis on computational efficiency and
sample specificity.

From an algorithmic perspective, the virtual frag-
mentation strategy is based on chemical bond break-
ing rules to iteratively simulate the MS fragmentation
process, enabling spectrum prediction’®?. Classic algo-
rithms include: MetFragl®’l generates a fragment tree
by iteratively breaking molecular bonds, assigns inten-
sity weights, and outputs mass-to-charge ratio-intensity
pairs; MS-FINDERDBY identifies cleavage sites using
228 literature-validated cleavage rules and combines
hydrogen rearrangement to predict non-adjacent cleav-
ages; CFM-IDP* models the fragmentation process as a
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Markov process, learns bond cleavage probabilities from
data using an EM algorithm, and generates probabilistic
spectra. Subsequently, the Allard team®*! applied CEFM-ID
to construct the ISDB, a virtual spectral library for natu-
ral products with a capacity exceeding 220,000 entries;
ICEBERGP? builds a generation-scoring framework
based on GNN and Transformer to achieve deep integra-
tion between physical cleavage processes and neural net-
works; FIORAPY predicts bond cleavage events through
local molecular neighborhoods, modeling MS cleavage
as an edge-level prediction task in RGCN (Relational
Graph Convolutional Network)[tm1]. In addition, end-
to-end DL models are increasingly being applied in this
field, enabling direct learning of the mapping relation-
ship between compound structures and MS/MS spectra
without explicit chemical cleavage rulesP®l. For example,
MassFormer3” uses a Graph Transformer to model the
global structure of molecules, enabling joint prediction
of MS/MS spectra, retention time (RT), and collision
cross section (CCS); NEIMSP¥ constructs a bidirectional
gated MLP architecture, simulating the real fragmenta-
tion process through forward small fragment prediction
and reverse neutral loss modeling; DeepCDMP" trans-
forms NEIMS into a dedicated predictor for chemically
derivatized molecules via transfer learning; 3DMolMSB?!
introduces a 3D point cloud convolution architecture
(3DMolConv) to capture interatomic spatial relation-
ships and achieve spectrum prediction. Our team also
developed MassKGPl, an algorithm that integrates a
knowledge-based fragmentation strategy and an RNN-
based molecular generation model, thereby constructing
a virtual fragment library for compound matching and
comparison. In summary, by accurately predicting MS/
MS spectra based on molecular structures, this approach
expands the experimental reference standard material
library in the field, thereby providing a breakthrough for
the structural analysis of TCM components2.,

Structural annotation independent of library matching

The advantage of this virtual spectrum prediction method
is that it only requires a list of candidate molecules or
a structural database, without the need for a complete
and authentic reference spectrum library. However, due
to the limited coverage of the candidate molecule list,
this method still cannot achieve de novo identification
of unknown compounds, that is, it cannot identify mole-
cules outside the list**. This contradiction is particularly
evident in the study of complex TCM systems, because
the systematic analysis of the chemical composition of
TCM requires not only high-throughput characteriza-
tion of known components, but also the establishment of
new analytical paradigms for the discovery of unknown
structures. Therefore, many ML methods that do not
rely on spectral library matching have become effec-
tive alternatives for the elucidation of natural product
structures!*®l.

A common approach is to convert MS/MS spectra into
molecular fingerprints to bypass complex library match-
ing. CSI-FingerID is based on fragment tree guidance,
converting mass spectra into molecular attribute finger-
prints via multi-core SVM, followed by similarity match-
ing in PubChem, overcoming the limitation of library
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size, but it still cannot predict unknown structures;
Hoffmann et al.*!! combined the prediction capabili-
ties of CSI:FingerID with a dual confidence mechanism
to successfully identify 12 unreported natural bile acid
structures from a virtual structure library; MSNovelist!*?!
pioneered a two-stage framework combining “finger-
print decoding (CSI:FingerID) and sequence generation
(RNN)” to achieve the conversion from MS data to
molecular fingerprints and then to molecular structure
sequences, demonstrating the feasibility of de novo con-
struction of molecular structures from MS/MS spectra.

Annotation method based on MS/

A standard procedure for metabolite annotation in MSI
involves comparing experimental m/z values against a
database of known molecular masses, constrained by a
predefined mass error tolerance**1. However, this inte-
grated method has inherent limitations: since a single MS
scan cannot distinguish between isotopes of the same
mass or structurally similar isomers, multiple candidate
molecules often match the same signal®l. Therefore,
relying solely on precise mass matching is insufficient
for reliable molecular identification. Another approach
is to combine MSI with tandem MS to obtain both MS/
MS data and MSI data, thereby making the identification
results more definitive!®!. However, this method is often
limited by experimental conditions, such as the difficulty
of achieving effective fragmentation of single-charge
ions generated by MALDI, or the risk of signal loss
and molecular migration when obtaining high-quality
MS/MS data from the same tissue section®l. Therefore,
molecular identification methods based on MSI data
have become a major challenge in this field.

With the development of Al technology, some bioinfor-
matics tools have been developed that hold promise for
solving this problem. The European Molecular Biology
Laboratory developed the first automated annotation
workflow for high-resolution imaging MS, pySM®“¢l, and
implemented it as a free and open-source annotation
engine called METASPACE®!, Its innovative features
are as follows: (1) Original scoring system (MSM Score):
Integrates spatial disorder, isotope spatial co-localization,
and spectral similarity to jointly screen positive results;
(2) Target-decoy false discovery rate (FDR) strategy:
Constructs a decoy library using “impossible additive
ions” to quantify and control false positives. Building on
this, the team published METASPACE-MLM™! in 2023,
replacing the original rule-based MSM scoring system
with a GBDT model to achieve a data-adaptive annota-
tion method. LipostarMSI*’! is the first software to cover
the entire workflow from “raw data — preprocessing —
statistical analysis — molecular identification — visu-
alization”. It combines precise mass matching, MS/MS
fragment spectrum verification, spatial co-localization,
and interactive identification to achieve high-confidence
molecular identification. HIT-MAPI! is specifically
designed for spatial proteomics MSI data, utilizing an
FDR-controlled two-tier validation framework to enable
direct identification of MSI proteins without the need for
LC-MS/MS assistance.

In summary, the fragment ion information provided
by tandem MS spectrometry can significantly improve
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the reliability of compound identification, and annota-
tion tools for MS/MS have also formed a relatively sys-
tematic method system. However, most of these tools
rely on high-quality reference spectrum libraries, and
algorithms for compound design from scratch are still
relatively scarcel'l. Therefore, in the study of complex
TCM systems, there is still a lack of reference data, and
issues such as the difficulty of annotating “dark matter”
remain. In addition, it should be noted that TCM for-
mulations typically consist of multiple chemically related
constituents with markedly different abundances, which
inevitably leads to component co-existence and sig-
nal interference during mass spectrometric acquisition
and interpretation. However, most existing algorithms
are still developed under a “single-molecule-single-
spectrum” modeling assumption and do not explicitly
account for synergistic effects or signal interference in
multi-component systems. Therefore, in complex natu-
ral product systems such as TCM, how to incorporate
inter-component interaction information at the MS
annotation stage and achieve holistic modeling of mix-
ture spectra remains a major challenge for Al-driven
mass spectrometric analysis. Although MSI technology
can simultaneously provide molecular spatial distribu-
tion and signal characteristics, the number of mature
annotation tools is currently limited, the approaches are
single-minded, and there is a lack of real molecular stan-
dard libraries!™. Overall, although these two methods
each have their advantages, their application in the com-
plex system of TCM still faces significant limitations.
The development of reference spectrum libraries and the
deep integration of Al are urgently needed to advance
high-precision annotation research of natural products.
At the same time, it should be emphasized that structural
annotation is not an end in itself, but rather provides the
necessary foundation for functional annotation and for
uncovering the bioactivity and therapeutic potential of
TCMPO,

Integration and construction of MS resources

The vast amounts of data generated by MS experiments
cannot realize their full value without effective organiza-
tion and sharing. To address this, researchers have estab-
lished multiple MS databases for the systematic storage,
standardization, and reuse of MS data, enabling broad
applications such as molecular identification and bioac-
tivity exploration. However, the coverage and character-
istics of different databases vary depending on specific
research objectives and application scenarios; no single
database encompasses all known compounds®'l. This
review will outline commonly used MS databases in
recent years, providing guidance for appropriate selec-
tion during research.

The Global Natural Products Social Molecular
Networking (GNPS)P! is an MS ecosystem integrating
diverse data resources and analytical tools, designed to
serve as an open-access knowledge repository for orga-
nizing and sharing raw, processed, or annotated frag-
ment MS (MS/MS) data within the scientific community.
Through diversified toolchains including MN, metadata
integration (ReDU), and retrieval algorithms (MASST),
it systematically supports the entire research workflow

32

www.ahmedjournal.com

from known compound annotation to unknown mole-
cule discovery. MassBank®?! is the first distributed pub-
lic MS database focused on small-molecule compounds,
covering data from multiple ionization techniques and
instrument types. METLINEL publicly accessible since
2005, has become one of the largest secondary MS
databases in metabolomics, housing over 431,000 high-
resolution MS/MS spectra. The Human Metabolome
Database (HMDB)¥ is the world’s largest dedicated
human metabolome database, covering over 98% of
known human metabolites. As of 2022, it has integrated
37,589 experimental MS/MS spectra and predicted 1.44
million virtual spectra using CFM-ID 4.0, filling gaps in
experimental data. Additionally, a small number of spe-
cialized databases focused on natural products or TCM
have been developed. BMDMS-NPPF*! is a high-precision
MS/MS spectral library focused on plant-derived natural
products, containing 288,000 spectra for 2,739 natural
metabolites. It aggregates spectra of the same compound
under different conditions into “blocks”, enhancing cross-
platform matching robustness. However, it only supports
positive ion mode data and requires access via an SQL cli-
ent, presenting a certain technical barrier. Thermo Fisher
Scientific collaborated with Tsinghua University to release
the Orbitrap Traditional Chinese Medicine Library
(OTCML). Using the herbal medicines listed in the 2015
edition of the Chinese Pharmacopoeia (Part I) as a ref-
erence, it completed the acquisition of primary and frag-
ment mass spectra for over 1,200 reference standards of
TCM compounds, yielding more than 7,000 high-quality
secondary mass spectra. This enables rapid and accurate
characterization of TCM and natural product compo-
nents. However, this database requires a fee for use. Other
commonly used MS databases are summarized in Table 1.

The close integration of experimental data with bioin-
formatics tools has driven the development of resource
repositories, with the breadth and richness of MS data-
bases continually expanding and being updated®”.
However, the lack of unified standards across data-
bases regarding data formats, annotation methods, and
retrieval criteria has created obstacles for cross-database
data integration and sharing. Therefore, storing diverse
data in a standardized format has become the primary
approach for achieving efficient retrieval. In 2004, the
standardized format mzXMLP® was proposed. It employs
Base64 binary encoding and an index scanning mecha-
nism, achieving uniformity across multi-vendor instru-
ment outputs through an XML schema. Subsequently,
mzMLP7! integrated features from both mzXML and
mzData. While maintaining full compatibility with mzX-
MUDs functionality, it addressed issues of technical rigid-
ity, ambiguous metadata, and ecosystem fragmentation,
becoming the standard format promoted by HUPO-PSI.
mzMLbP¥ is a variant of mzML, enhancing read/write
speed and storage efficiency for large datasets. Beyond
data storage and format standardization, researchers
have recently proposed standardized methods for data
retrieval. For instance, MassQLP? is a standardized
query language enabling unified syntax across different
spectral libraries to retrieve substructure features, frag-
ment ions, or neutral losses.

The development and standardization of MS databases
not only address data storage and sharing challenges but

30-Mar-26 20:52:52 ‘ ‘



Maetal. ® Volume 6 ¢ Number 1 e 2026

www.ahmedjournal.com

Summary of mainstream mass spectral databases

Compound
Database source Pros and cons Website
GNPS General 1. Support for molecular networking analysis https://gnps.ucsd.edu/
2. Community-driven development and open-access data
3. Predominantly positive ion mode data
MassBank General 1. Spectra from multiple ionization modes and instrument types https://massbank.eu/MassBank/
2. Limited coverage of plant metabolites
mzCloud General 1. Spectral tree structure for multi-level MS" data visualization https://www.mzcloud.org/
2. Plugin installation required for functionality
NIST Mass General 1. Authoritative GC-MS data https://www.nist.gov/programs-projects/
Spectral Library 2. Paid access required tandem-mass-spectral-library
Wiley Registry General 1. Equipped with the dedicated MS for ID search algorithm https://msforid.com/
MS/MS 2. Paid access required
METLIN General 1. Extensive compound coverage https://metlin.scripps.edu/auth-login.
2. Paid access required html
3. Data download not supported
HMDB Animals 1. Comprehensive coverage of human metabolites https://hmdb.ca/
2. Heavy reliance on predicted spectra
ReSpect Plants 1. Specialized MS" spectral data for phytochemicals http://spectra.psc.riken.jp/
2. Discontinued service
BMDMS-NP NPs 1. Focused ESI-MS/MS spectra of NPs http://bmdms.bmdrc.org
2. Access via SQL client required
0TCML TCM 1. A collection comprising over 1,200 TCM compounds with more  Access-restricted
than 7,000 high-quality MS/MS spectra
2. Access available through a paid subscription
METASPACE General 1. Specializes in MSI https://metaspace2020.org/annotations

2. Enables structural annotation via FDR-controlled workflows

ESI-MS/MS: Electrospray ionization tandem mass spectrometry; FDR: False discovery rate; GC-MS: Gas chromatography—mass spectrometry; MS/MS: Tandem mass spectrometry; MSI: Mass

spectrometry imaging; NPs: Natural products; TCM: Traditional Chinese medicine.

are also increasingly becoming the core resources driv-
ing the digital and intelligent transformation of TCM
(Figure 2)1%, At the data level, MS resources provide
large-scale, well-annotated spectral data and structural
information, serving as the foundation for training and
evaluating machine learning or deep learning models. At
the application level, database searches and matching
enable the retrieval of required spectral data or anno-
tation of unknown spectra. Based on MS MN, it helps
establish clustering relationships between compounds
and achieve chemical space visualization (Figure 2).
When integrated with other omics data, these resources
support research into drug mechanisms of action and key
target identification. At the knowledge level, fragmenta-
tion patterns deduced from massive datasets are applied
in developing algorithmic tools for structural elucidation
and activity prediction.

It is evident that the standardization and open sharing
of MS data form the cornerstone for characterizing the
structure and activity of compounds!®®, However, in the
field of TCM research, even though the chemical com-
position of many single-ingredient or compound TCM
preparations has been partially analyzed via MS, their
MS data remain scattered across different laboratories
or published articles. Dedicated databases for TCM are
severely limited in both quality and scale, significantly
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hindering the progress of digital and intelligent analysis
of TCM!®!. Consequently, constructing a high-quality,
systematic MS database of the complete chemical com-
position of TCM has become a core task requiring
urgent attention. In the process of database construc-
tion, it is necessary to introduce unified standards at
the levels of data acquisition, annotation, and sharing.
This includes the standardization of raw and processed
MS data formats, systematic recording of key metadata
such as compound sources, sample preparation condi-
tions, MS acquisition parameters, and annotation confi-
dence levels, as well as adherence to the FAIR (Findable,
Accessible, Interoperable, and Reusable) principles to
enhance data discoverability and reusability!¢?,

MS-based metabolomics research

Metabolomics research involves a comprehensive analysis
of metabolites within biological organisms, aligning well
with the characteristic of TCM that emphasizes holistic
regulation of human metabolic activities!®3l. MS, with its
high sensitivity and accuracy in identifying metabolites
and endogenous compounds, has become a key tool in
metabolomics®*1.  Consequently, MS-based metabo-
lomics has been extensively applied in TCM research,
spanning multiple domains including TCM component

30-Mar-26 20:52:53 ‘ ‘



Ma et al. ® Volume 6 ® Number 1 e 2026

www.ahmedjournal.com

cloliE; ,

BGNPS Kibhdb
siMassBank

High Quality Mass Spectral Database

NIST

Databases

The application of MS resources

Molecular
Identification

Al Tools >

Training Data

—— =

ADMET Prediction

MS resources facilitate visualization of the chemical space

@ Benzene and substituted derivatives @ Fatty acyls
[]
\N | 'OH
NS
Flavonoids
@ Carboxylic acids and derivatives
o
i
~nN W)Lo/
= (]
@ Coumarins anc(!) de:vatwes @ Prenol lipids
sy 1od
Organooxygen compounds
@ Unknown

OH

HO.,
OH

ol
@ Steroids and steroid derivatives o

OH
HO:
OH

HO

OH
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Traditional Chinese medicine.

analysis, molecular target identification, and mecha-
nism-of-action studies!®’l, Owing to the high dimension-
ality, strong inter-variable correlations, and pronounced
system-level characteristics of metabolomics data, com-
putational approaches—particularly Al-based meth-
ods—have been increasingly introduced to address these
challenges. A classic research approach integrates metabo-
lomics with network pharmacology through a Dual-Track
Strategy. As illustrated in Figure 3, Pathway 1 emphasizes
top-down chemo-biological reasoning: First, MS data are
used to analyze TCM components, combined with net-
work pharmacology methods to infer potential active
compounds. Pathway two employs a bottom-up systems
biology approach: starting from animal models or cell
experiments, MS-driven multi-omics technologies screen
for differentially expressed molecules, thereby identifying
key pathways and potential targets. Ultimately, the two
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pathways converge to achieve cross-validation between
active components and their targets, thereby establish-
ing a component-target-pathway-phenotype network
and forming a closed-loop framework for elucidating the
pharmacological mechanisms of TCM.

Several studies have adopted the aforementioned dual-
track strategy, where network pharmacology provides
upstream target predictions while metabolomics reveals
downstream metabolic phenotypes. For instance, based on
this approach, Zhang et al.*®! elucidated the mechanism by
which Xiaoyao San alleviates depression-related inflamma-
tory responses in CUMS mice; Shu et al.*”! systematically
investigated the mechanism by which Tongmai Yangxin
Pill alleviates doxorubicin-induced cardiac toxicity; Pan et
al.l8 combined targeted energy metabolomics with network
pharmacology to capture energy metabolism dysregulation
associated with non-alcoholic fatty liver disease (NAFLD).
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identification, and molecular docking to enable comprehensive mechanistic validation. TCM: Traditional Chinese medicine.

Concurrently, to overcome the limitations of single-om-
ics approaches, the academic community increasingly
emphasizes multi-omics integration methods. For instance,
Zhang et al.®! integrated network pharmacology, tradi-
tional metabolomics, and transcriptomics to investigate the
mechanism by which Coptis-Monascus formula improves
NAFLD. Traditional metabolomics can only provide holis-
tic results and struggles to reveal spatiotemporal and inter-
cellular metabolic heterogeneity, leading to the emergence
of spatial metabolomics and single-cell metabolomics!®?.
Fan et al.” combined MSI-based spatial metabolomics
with network pharmacology. On one hand, they employed
AFADESI-MSI technology to perform high-spatial-reso-
lution imaging of brain tissue in Alzheimer disease (AD)
model mice, visualizing metabolite distribution (e.g., in the
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hippocampus and cortex) and identifying 28 AD-associated
biomarkers along with their involved pathways. On the
other hand, they predicted the active components and their
targets in the ginseng-schisandra (RS) drug pair, construct-
ing a “component-target-disease” network to enrich key
pathways. By integrating these two pathways, we ultimately
revealed the pharmacologically active substances and mech-
anisms by which RS alleviates AD through multi-compo-
nent synergistic regulation of multiple pathways. Currently,
the application of single-cell metabolomics in TCM efficacy
research remains limited, with most studies still concen-
trated in pharmaceutical drug development to elucidate dif-
ferential drug effects across cell types”'-72,

However, significant challenges persist across various
stages of the dual-track strategy—particularly in target
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Application patterns of Al in the dual-track strategy

Application Tool Core methodology Key features
Compound annotation Details in Part 1 (e.g., MetFrag, MS-FINDER, CFM-ID)
Target prediction DrugBAN{I BAN Prediction of drug—target interaction
DeepDTAGent FetterGrad Binding affinity prediction of known drug—target pairs and target-
specific drug generation.
DrugMAN®" Transformer & GAT GAT and MAN for heterogeneous data integration and drug—target
interaction modeling.
IFDTI®E2 Transformer & GAT & CNN  Extracting and fusing the independent and interactive features of drugs
and targets.
Molecular docking GNINAB3 CNN To enhance prediction accuracy by utilizing a CNN as the scoring
function while inheriting the sampling algorithm from AutoDock Vina.
Interformert™® Graph-Transformer & MDN  Explicitly modeling non-covalent interactions between protein and
ligand atoms.
Umol® EvoFormer Predicting all-atom protein—ligand complex structures end-to-end,
solely from protein sequences and ligand SMILES.
Biomarker identification DeepMSProfiler’”) CNN Directly processing raw LC-MS data to distinguish metabolic profiles of
different diseases and reveal key metabolic signals.
OmicLearn?® Scikit-learn & XGBoost Machine learning—based interactive analysis platform
CRANK-MS!4 NN & SHAP Eliminates the need for prior feature selection; primarily addresses

Parkinson disease while being theoretically applicable to other diseases.

prediction, molecular docking, and biomarker validation—
where conventional database- and rule-based methods
remain dominant. As shown in Figure 3, the vast majority
of current studies employ similar workflows and tools. For
target prediction, databases like SwissTargetPrediction and
Genecards are commonly used to identify potential targets
for compounds and diseases, respectively, with their inter-
section serving as potential interaction targets. In molecular
docking, 3D structures of target proteins and active com-
pounds are typically obtained from PDB and PubChem
databases. AutoDock Vina is then employed for molecular
docking, with PyMOL used to visualize interactions. For bio-
marker validation, SIMCA-P performs PCA and OPLS-DA
analysis on MS/MS data, screening differential metabolites
based on variable importance in projection (VIP) > 1.5 and
P <0.05. However, these mainstream approaches suffer
from limitations including heavy database dependency and
high false-positive rates. Currently, the rapid advancement
of Al technologies is systematically optimizing and reshap-
ing this research paradigm by introducing more powerful
computational models. For instance, in target prediction,
FRoGS" employs deep learning techniques to project gene
signatures into biological functional spaces, significantly
enhancing the accuracy and sensitivity of compound-target
predictions; Lu et al." integrated drug—target interaction
(DTI), binding affinity (DTA), and mechanism of action
(MoA) prediction into an end-to-end framework called
DTIAM, which performs exceptionally well in cold-start
scenarios. In molecular docking, Interformer!”! is a Graph-
Transformer—based interaction-aware model that precisely
captures non-covalent interactions between protein and
ligand atoms, thereby enhancing docking pose accuracy.
Umol”® predicts all-atom 3D structures of protein-ligand
complexes directly from protein sequences and ligand
SMILES information, without relying on known protein
structures or predefined binding pockets. For biomarker

identification, DeepMSProfiler”! integrates CNNs and
ensemble learning strategies to directly classify diseases
from raw LC-MS data and extract disease-specific meta-
bolic profiles. OmicLearn”® is a web-based machine learn-
ing platform specifically designed for biomarker discovery
from proteomics and other omics data. Additionally, other
representative algorithms and their features are summa-
rized in Table 2.

In summary, the dual-track strategy provides a robust
framework for systematically elucidating the mechanisms
of action of TCM. However, this strategy and its techni-
cal workflow still present certain limitations. First, the
reliability of network pharmacology predictions heavily
depends on the completeness and accuracy of the data-
bases employed®!. Second, technologies such as spatial
omics and single-cell omics face challenges, including high
technical barriers, complex data interpretation, and rela-
tively late adoption in TCM research!®*%3l. Finally, despite
demonstrating significant potential, Al models face major
obstacles to integration into TCM research paradigms due
to interpretability issues stemming from their “black box”
nature and the scarcity of high-quality training data®.
Future research must address these challenges to ultimately
achieve precise and comprehensive elucidation of TCM
mechanisms of action.

Fragment-based structural characterization: from
chemical language to biological function

In recent years, fragment-based drug discovery (FBDD)
has garnered significant attention from the academic com-
munity. Unlike traditional high-throughput screening,
which directly screens vast libraries of drug-like molecules,
FBDD starts with a fragment library composed of low-mo-
lecular-weight (typically <300Da) and structurally sim-
ple “chemical fragments” to identify lead compounds!®..
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Applications of fragment-based structural representation in Al-driven biological function prediction

Application

Methodology Reference

DTI Prediction

Fragmentation: Computational (e.g., BRICS) or MS-based fragmentation

Huang et al.*"

Al Model: GNNs or Attention-based models

ADMET Properties Prediction

Drug Synergy & Combination Therapy

De Novo Molecular Design

Fragmentation: Chemically-aware fragmentation Xie et al.®

Al model: Multi-task transformers or DNNs

Fragmentation: Dual representation of drug pairs as sets of fragments Liu et al.l"ol
Al model: Siamese networks or dual-encoder architectures

Fragmentation: Use of fragment vocabularies (e.g., from t-SMILES) as building blocks Wu et al.[1%sl
Al model: Generative models (e.g., VAEs, GANs) combined with RL

Fragmentation: Generation of fragment-based fingerprints (e.g., ECFP) or learned Li et al.[100l

Bioactivity & Functional Class Prediction
fragment embeddings

Al model: Classic ML (e.g., SVM, RF) or DNNs

The methods used in each field of application of fragment-based structural representation are highlighted.

FBDD is highly favored for its exceptional screening effi-
ciency, higher success rate, and the fact that the lead com-
pounds obtained typically exhibit more desirable drug
metabolism and pharmacokinetics (DMPK) properties
and lower toxicity®-*%. However, the profound impact
of this approach extends beyond drug design, offering a
new paradigm for molecular characterization and activity
prediction in the era of AI®. In this paradigm, molecular
fragments are no longer merely regarded as “structural
units” but are elevated to “knowledge units” that carry
rich biological activity information.

To convert complex molecular structures into
information-rich units that can be learned by Al models,
the academic community has developed various molecu-
lar fragmentation strategies, which can be broadly catego-
rized into two main types. The first type is fragmentation
based on organic synthesis rules. These methods generate
fragment libraries suitable for virtual screening and com-
binatorial library design, essentially following the chemical
synthesis experience and logic summarized by humans®.
Classic algorithms such as BRICSPY and RECAPP? decom-
pose molecules into common synthetic building blocks or
structural skeletons by breaking predefined, chemically
feasible bonds (e.g., amide bonds, ester bonds, etc.)®.
The second category is an emerging strategy that is more
closely aligned with the intrinsic physical-chemical nature
of molecules—fragmentation based on MS cleavage rules.
Unlike methods that follow synthetic logic, this approach
is guided by the physical-chemical principles governing
molecular behavior under energy excitation in a mass
spectrometer, with cleavage preferentially occurring at
sites with lower bond energies or those capable of forming
stable radicals/charged fragments®. This fragmentation
pattern can be directly observed experimentally, such as
identifying characteristic neutral losses corresponding to
specific functional groups in tandem MS, and thus used
for high-throughput reaction screening; it can also be sim-
ulated using computational models®. In recent years, with
the development of machine learning, various #n-silico
fragmentation prediction tools have emerged, such as the
MolDiscovery?® algorithm, which constructs graphical
models to predict molecular fragmentation sites and frag-
ments, and uses probabilistic models to match experimen-
tal mass spectra, significantly improving the automation
and accuracy of small-molecule structure identification.
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After fragmenting molecules into information-rich repre-
sentational units, researchers have been able to use Al mod-
els to learn complex mappings from chemical structures to
biological functions, achieving progress in multiple applica-
tions of drug discovery. In DTI prediction, fragment-based
strategies have demonstrated strong performance. For
example, Huang et al.’” developed a knowledge-inspired
substructure mining algorithm that effectively captures
deep semantic relationships between fragments through
a sophisticated interactive modeling module, significantly
improving the accuracy of DTI prediction. Researchers have
further combined MS fragmentation data with AL. Wang
et al.” developed an innovative “fragmentation analy-
sis-multi-source data fusion” algorithm to dynamically asso-
ciate MS fragments with inflammatory targets, successfully
elucidating the synergistic anti-inflammatory mechanism
of the TCM compound Zhishi Xiebai Guizhi Decoction
(ZXG) and predicting the regulatory functions of its active
fragments on inflammatory pathways. Additionally, frag-
ment-based characterization is equally critical in predicting
the absorption, distribution, metabolism, excretion, and
toxicity (ADMET) properties of drugs. For example, Xie
et al.*! proposed the CAFE-MPP model, which employs a
fragment-based strategy informed by chemical knowledge
and advanced adversarial contrastive learning for pretrain-
ing, demonstrating outstanding performance on multiple
ADMET public benchmarks. Additionally, our team devel-
oped the MSformer-ADMET model based on MS-derived
fragment pretraining, achieving state-of-the-art accuracy
across numerous ADMET benchmarks. This model not
only outperforms existing approaches but also offers
enhanced interpretability!'*-11l, Similarly, this method has
been successfully applied to predicting drug—drug interac-
tions (DDI)"%1 and screening inhibitors targeting specific
targets!'®l. To more clearly demonstrate the application of
fragment-based structural characterization in various fields,
its core methods are summarized in Table 3. These applica-
tions fully demonstrate that fragment-based characteriza-
tion has become a bridge connecting chemical structures
and biological activities.

The “fragment-based structural characterization” strat-
egy bridges the gap between fragment structures and
biological activity by decomposing molecules into “knowl-
edge units” that contain biological information. The par-
adigm of converting chemical structures into functional
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Figure 4. Workflow of fragment-based structural representation for biological function prediction. (1) The process begins with a molecule of inter-
est. (2) The molecule is decomposed into a “vocabulary” of chemical fragments using two strategies: synthesis-based rules or principles derived
from MS fragmentation. (3) This fragment vocabulary is then used to train an Al model. (4) Finally, the trained model can be applied to many drug

discovery tasks. Al: Artificial intelligence; MS: Mass spectrometry.

predictions through fragment-based representation can
be conceptualized as a workflow, visually summarized in
Figure 4. The significance of this strategy lies in its provi-
sion of a “chemical language” that Al models can learn!'®,
However, this field still faces challenges, primarily includ-
ing: current methods heavily rely on predefined fragmen-
tation rules, which are limited in representing complex
polycyclic or chiral systems and may overlook novel chem-
ical patterns!'%1%7); additionally, most models exhibit bias
in predicting biologically active compounds that are sen-
sitive to stereochemistry!'?”!. Future research will focus on
two key directions: first, developing adaptive fragmenta-
tion algorithms that can understand “chemical grammar”
to achieve dynamic fragmentation decomposition®l; sec-
ond, introducing geometric deep learning algorithms (such
as isomorph neural networks) to incorporate three-dimen-
sional conformational information into the representation,
thereby enhancing the model’s ability to perceive molecu-
lar stereochemistry (Figure 4)!171,

Conclusion and perspective

The integration of Al with mass MS has catalyzed a pro-
found paradigm shift in TCM research, transforming it from
a largely descriptive discipline into a predictive and mech-
anistic science. This review has highlighted how Al-driven
methodologies are revolutionizing every stage of the analyt-
ical workflow—from the structural elucidation of complex
TCM components to the mapping of their mechanisms. The
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field has evolved from rudimentary spectral library match-
ing to de novo structural elucidation and the visualization
of metabolite distribution via MS imaging. Foundational to
this remarkable progress are the increasingly standardized,
large-scale MS resource libraries, which serve as the essen-
tial fuel for training and validating sophisticated Al models.
This powerful integration has forged two transformative
pathways for decoding TCM’s inherent complexity. The
first is the “dual-pathway pincer strategy” for mechanistic
elucidation. The second, and perhaps more fundamental,
is the emergence of fragment-based structural representa-
tion, which redefines molecular fragments—not merely as
fragment structures—but as core “knowledge units” that
encode rich information on chemical structure and biologi-
cal function. This paradigm provides a learnable “chemical
language” for Al bridging the big gap between fragment
structures and biological activity. To provide an overview of
the current landscape and future directions, Figure 5 pres-
ents a conceptual framework.

Looking ahead, the future trajectory of this field hinges
on our ability to address foundational data limitations and
to advance the sophistication, transparency, and biological
fidelity of AI models!*#. The paramount challenge remains
the scarcity of a high-quality, centralized, and openly acces-
sible MS database dedicated to the complete chemical
profiles of TCMs!"®l, Such a resource is not merely desir-
able but essential to overcome the “dark matter” prob-
lem and to provide the ground truth needed for model
development. Concurrently, research must push beyond
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Figure 5. Conceptual framework for Al-driven mass spectrometry in TCM research. The framework outlining the integration of Al with mass
spectrometry in TCM research, highlighting key data annotation and processing steps, major applications, and strategic responses to three core
challenges: component interference, database standardization, and workflow innovation. Al: Artificial intelligence; FDR: False discovery rate; MS:
Mass spectrometry; MSI: Mass spectrometry imaging; TCM: Traditional Chinese medicine.

current algorithmic boundaries. This includes developing
more transparent and Explainable AT (XAI) frameworks
to demystify the “black box” nature of deep learning
predictions, thereby fostering trust and enabling hypoth-
esis generation'™!. It also demands the creation of adap-
tive fragmentation algorithms that can learn the intrinsic
“chemical grammar” of molecules, moving beyond static,
rule-based cleavage to dynamic, context-aware decom-
position!'”!. Furthermore, integrating geometric deep
learning to incorporate crucial three-dimensional confor-
mational and stereochemical information will be vital for
accurately predicting bioactivity, as many TCM targets
are highly sensitive to molecular shape'®”. These advance-
ments will not occur in isolation. The most exciting oppor-
tunities lie at the intersection of disciplines: merging Al/
MS with single-cell and spatial omics to reveal the spatial
heterogeneity of TCM component action at the single-cell
level'®!, leveraging LLMs in MS data interpretation and
TCM knowledge graph construction!'!l. By embracing
these interdisciplinary synergies and tackling the core chal-
lenges of data and model interpretability, we can unlock a
new generation of tools that are not only more accurate
but also deeply insightful, ultimately fulfilling the immense,
yet still latent, potential of TCM.
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