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Abstract: Metabolomics plays a vital role in analyzing small molecule dynamics, disease diagnosis, and biomarker
identification within biological systems. However, challenges persist including low detection sensitivity for low-
abundance metabolites, imprecise identification, and inadequate data standardization. The High-Performance
Chemical Isotope Labeling (HP-CIL) technique employs a dual 2C/*C labeling strategy with targeted
derivatization reagents to chemically modify functional groups such as amino groups, phenolic groups, and
carboxyl groups. This approach not only optimizes chromatographic separation efficiency but also enhances
electrospray ionization signals, achieving 10 to 1000-fold improvements in the detection sensitivity of polar
metabolites. The technology effectively addresses the issues of ion suppression and quantitative instability inherent
in traditional methods. HP-CIL technology, leveraging isotope internal standard correction (with a quantitative
error < 5%) and three-tier database integration, enables precise qualitative and quantitative analysis of trace
samples in complex matrices. In the medical field, through analysis of urine, blood, and saliva samples, this
technology demonstrates multidimensional application potential in oncology, neurodegenerative diseases,
cardiovascular disorders, immunology, and drug development. In sports science, it can decipher the dynamic
changes in the tricarboxylic acid cycle during endurance exercise. For fermented food analysis, it aids in
optimizing low-salt fermentation processes. In gut microbiota research, it detects short-chain fatty acids
overlooked by traditional methods, revealing the correlation between dietary fiber intervention and host health.
Moving forward, through deep integration with multi-omics technologies like genomics and transcriptomics, HP-
CIL will drive precision medicine toward dynamic health management and personalized treatment plans, becoming
a core technological bridge connecting basic research and clinical practice.
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1. Introduction
1.1. Metabolomics Background, Traditional Technical Bottlenecks, and HP-CIL Core Principles

Metabolomics, a core branch of systems biology [1], focuses on analyzing the dynamic profiles of small-
molecule metabolites (relative molecular mass < 1000 Da) in biological systems. By capturing changes in
metabolite concentrations to reveal the body’s response to genetic, environmental, and pathological stimuli, the
field’s advancement is highly dependent on breakthroughs in metabolite detection and analysis technologies,
where high-throughput and comprehensive analytical methods are crucial for uncovering the connection between
metabolic phenotypes and diseases [2,3]. Leveraging key metabolomic technologies such as LC-MS and GC-MS,
researchers identify disease-related metabolites and signaling pathways that directly inform precision medicine
through their correlation with clinical diagnosis and drug development [4]. For instance, metabolomics has
systematically elucidated characteristics such as enhanced glycolysis (the Warburg effect) and lipid metabolism
reprogramming in cancer cells, offering new directions for early tumor diagnosis and targeted therapy [5,6].

However, traditional metabolomics technologies face multiple bottlenecks in analyzing complex biological
samples: First, detection of low-abundance metabolites is limited, as trace bioactive molecules (such as rare lipid
mediators regulating cellular signaling and minor metabolites involved in gut microbiota-host interactions) often
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escape capture due to insufficient sensitivity. Second, quantitative accuracy remains inadequate. External standard
methods frequently encounter challenges with scarce isotopic internal standards, while these standards are costly,
complex to prepare, and lack comparability across clinical multicenter studies. For instance, histidine metabolism
analysis in cardiovascular disease patients often yields biased results due to matrix variations, failing to meet precision
medicine’s demands for data stability. Third, challenges persist in metabolite identification and data integration:
public databases lack sufficient coverage of microbial-host co-metabolites (e.g., glucosinolates (thioglucosides) and
taurine derivatives), and the absence of efficient multi-omics data correlation tools restricts deep exploration of
complex disease mechanisms. For example, studies investigating the association between gut microbiota metabolites
and host metabolic syndrome frequently face integration bottlenecks that hinder progress [6—11].
High-Performance Chemical Isotope Labeling (HP-CIL), leveraging its unique “metabolite functional group
derivatization combined with stable isotope dual labeling” principle, plays a pivotal role in health and metabolic
research, driving groundbreaking innovations across multiple fields. From the core methodological perspective:

- Fundamental Principles and Reaction Mechanism: The HP-CIL method utilizes a comprehensive set of
optimized derivatization reagents containing '>C/'3C-stable isotopes (such as labeling reagents targeting
amino groups with dyesulfonamyl chloride reactive groups and '2C/!*C-labeled substituents) to undergo
specific chemical reactions with particular functional groups in metabolites, such as amino and carboxyl
groups. Figure 1 below takes the labeling of amino group metabolites (structural formula R1-NH-R2) as an
example, the reaction equation is as follows:
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Figure 1. Schematic Diagram of High-Performance Chemical Isotope Dual Labeling (HP-CIL) Technology.

Hydrophobic groups: hydrophilic compounds can be effectively retained and separated on the reversed phase
chromatography column, and more metabolites can be detected at the same time.

Structure of the tertiary amine: The conjugate structure is stable with positive charge, which enhances the
efficiency of electrospray ionization and increases the detection sensitivity by 10—-1000 times.

12C/3C dual labeling: an internal isotope label was established for each metabolite to improve the accuracy
and reproducibility of quantification.

As illustrated in the reaction schematic: The labeled metabolites, through the introduction of hydrophobic
groups, enable effective retention and separation of hydrophilic metabolites on the reversed-phase chromatography
column, thereby enhancing metabolic coverage. The stable positive charge of the tertiary amine structure improves
electrospray ionization efficiency, boosting detection sensitivity by 10 to 1000 times. Through '2C/!3C isotope dual
labeling, each metabolite is assigned a unique isotope internal standard, significantly improving quantitative
accuracy and reproducibility [12—14].

- Reaction conditions: This kind of derivatization reaction is usually carried out under mild conditions, such
as room temperature and weakly alkaline buffer systems. The reaction time is 30 min to 2 h, and the specific
parameters should be adjusted according to the reaction activity of the labeling reagent and the target
functional group.

By precisely labeling specific functional groups of metabolites, HP-CIL not only enhances detection
sensitivity in mass spectrometry but also enables absolute quantification through isotope ion pair ratios, effectively
overcoming technical limitations in traditional metabolomics [15—17]. The innovation of HP-CIL technology is
further illustrated through process visualization: This technique achieves high-coverage quantification via liquid
chromatography-mass spectrometry (LC-MS), utilizing specific isotopic labeling of functional groups such as
amine/phenolic and carboxyl groups. The complete workflow from sample labeling to data generation is
demonstrated in Figure 2.
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Figure 2. Schematic diagram of the typical workflow of HP-CIL metabolomics analysis.

1.2. Methodological Differences between HP-CIL and Conventional Metabolomics Analysis Platforms

Based on the core strategy of functional group-targeted chemical isotope labeling, the High-Performance
Chemical Isotope Labeling (HP-CIL) LC-MS technology achieves breakthroughs through its innovative “labeling
enhancement + internal standard correction” design. This advancement significantly overcomes technical
limitations of conventional metabolomics platforms (non-labeled LC-MS and GC-MS) across three key
dimensions: ultra-high coverage (sensitivity), precise quantification (isotope internal standards), and high stability
(low coefficient of variation/low batch effects). The specific comparative differences are as follows:

1.2.1. Ultra-High Coverage and High Sensitivity—Break through the Blind Spot of Polar/Low-Abundance
Metabolites Detection

HP-CIL technology takes “functional group targeted labeling” as the core, and achieves ultra-high coverage
and high sensitivity detection of metabolic groups through two mechanisms:

(1) Metabolic Compound Identification Breakthrough: the metabolome is classified into sub-metabolomes
based on functional groups (amino groups, phenolic groups, carboxylic groups, hydroxyl groups, and carbonyl
groups). Using 2C/3C labeling reagents (e.g., dansyl chloride and DmPA bromide), hydrophobic groups are
introduced to polar metabolites, enabling efficient separation through single-phase reversed-phase liquid
chromatography (RPLC) with symmetrical peak profiles (tailing factor < 1.2). The method successfully detected
6109 unique peak pairs in human plasma samples and 4955 in yeast samples, achieving 86-96% coverage of major
metabolite databases including MCID and HMDB [18,19], thereby completely resolving the long-standing
challenge of polar metabolite separation.

(2) Sensitivity Enhancement Through Labeling: The introduction of easily ionizable groups (such as tertiary
amine structures) in labeling reagents amplifies metabolite detection signals by 10- to 1000-fold. For example,
acetaldehyde becomes detectable after labeling, whereas unlabeled acetaldehyde shows weak signals undetectable
by conventional methods. Furthermore, the signal response of 2-butanone increases by 940-fold [18,20], enabling
successful capture of trace metabolites often missed by traditional techniques—including short-chain fatty acids
in gut microbiota-host interactions and rare lipid mediators involved in cellular signaling regulation.

Conventional technologies, on the other hand, have significant coverage and sensitivity shortcomings:

3 of 24



Health Metab. 2026, 3(1), 1 https://doi.org/10.53941/hm.2026.100001

- Non-labeled LC-MS: This method relies on the inherent hydrophobicity/polarity of metabolites for separation,
requiring frequent switching between RPLC + HILIC chromatography modes and positive/negative ion
detection (a complex operation with poor HILIC reproducibility). A single analysis can only detect <500 types
of unique metabolites, while highly polar and low-abundance metabolites (e.g., vanillylmandelic acid and 3-
hydroxycanine associated with neurodegenerative diseases) are prone to being missed [18,20].

- GC-MS: Itis only suitable for volatile/semi-volatile metabolites, and requires high temperature derivatization
(oxime + silanization) pretreatment, resulting in the degradation of thermally unstable metabolites (such as
carbohydrates and steroids), the coverage of the whole metabolome is less than 30% [18,20], and it can not
meet the needs of simultaneous analysis of multiple types of metabolites in complex biological samples.

1.2.2. Precise Quantitative—Isotope Internal Standard Correction to Eliminate Matrix and Detection Bias

HP-CIL technology builds a unique internal labeling system through “!2C/!3C isotope dual labeling”, which
fundamentally solves the problem of quantitative accuracy of conventional techniques:

(1) Internal Standard Calibration Mechanism: Using '3C-labeled pooled samples as the internal standard,
synchronized with '>C-labeled test samples through simultaneous derivatization, separation, and detection. The
internal standard shares identical chemical properties and chromatographic behavior with target metabolites,
effectively counteracting matrix effects (e.g., ion suppression from proteins and organic acids in plasma) and
instrument drift, ensuring a quantification error < 5% [16];

(2) Quantitative Performance Validation: The relative standard deviation (RSD) of peak ratios in QC samples
averaged only 7.6%, with 95.6% of peaks showing RSD < 20% [18,20]. This enables stable detection of
metabolites as low as nanomolar levels (nM), such as propionic acid from gut microbiota metabolism and
phenylproline associated with neurological disorders. For instance, in cardiovascular disease research, traditional
external standard method analysis of histidine metabolism showed result deviations exceeding 15% due to matrix
differences. However, HP-CIL achieves isotopic internal standard correction that keeps deviations below 5% [21],
fully meeting precision medicine requirements for data accuracy.

The quantitative limitations of conventional techniques are significant:

- Unlabeled LC-MS: It relies on external or universal internal markers (such as creatine) for correction, and cannot
match the differences in matrix response of different metabolites—About 20% of metabolites in plasma have
signal attenuation > 50% due to matrix interference, and the inter-batch coefficient of variation (CV) is often >20%
[18,20], making it difficult to achieve accurate quantification of low-abundance metabolites;

- GC-MS: The derivatization efficiency is unstable during the high temperature derivatization process (e.g., the
derivatization rate of aldehyde metabolites is <50%), and there is no exclusive internal standard correction, and
the quantitative CV > 15% [20]. For example, when analyzing 3-benzenelactic acid in fermented food, the
quantitative deviation of traditional GC-MS can reach 25%, while the deviation of HP-CIL is only 4% [22].

1.2.3. High Stability—Low Coefficient of Variation + Low Batch Effect, Suitable for Multi-Center Studies

HP-CIL technology achieves long-term detection stability and batch consistency through “process
simplification + signal specificity” design, and solves the problem of repeatability of conventional technology:

(1) Long-term stability: No need to switch between chromatographic and ionization modes, as a single RPLC
run suffices for analysis. The long-term repeatability CV remained below 15% over three months [18,20]. Target
metabolites exist as “!2C/*C fixed mass peak pairs”, which can be efficiently filtered of redundant signals (e.g.,
metabolite adducts, fragment ions) using IsoMS software. In human plasma samples, 93.2% of peak pairs matched
the database, with a false positive rate < 5% [20], significantly enhancing data reliability.

(2) Batch effect control: Simplified sample pretreatment (e.g., direct extraction from urine and sweat, two-
step H,O — ACN extraction for feces, with a 20-30% increase in the number of peak pairs [23]) eliminates batch
variations introduced by complex pretreatment methods (e.g., solid-phase extraction and multiple dilutions) in
conventional techniques. For instance, in a multicenter oncology study, HP-CIL analysis of bladder cancer urine
samples achieved over 90% consistency across different centers, while unlabelled LC-MS showed inter-center
differences exceeding 25% [24].

The stability of conventional technology is obviously short:

- Unlabeled LC-MS: It requires frequent switching to RPLC + HILIC mode, the retention time of HILIC
column is poor (RSD > 10%), and low abundance metabolites are easily lost in complex pretreatment (loss
rate > 30%), resulting in poor interbatch data comparability [18];

- GC-MS: The pretreatment requires liquid-liquid extraction and high-temperature derivatization (the process
takes more than 4 h), which is prone to contamination (such as impurities in derivatization reagents) and high
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chromatographic peak overlap (such as tyrosine and phenylalanine peaks in soy sauce). The batch-to-batch CV
is often >20%, which completely fails to meet the requirements of data stability for clinical multicenter studies.

In metabolic disease research, HP-CIL metabolomics technology leverages its high-sensitivity detection to
reveal close links between diseases and metabolism. In tumor metabolism studies, it amplifies polar metabolite
signals and screens marker combinations that distinguish early-stage tumors from healthy controls, significantly
aiding early tumor detection and intervention [24]. For neurodegenerative diseases, this technology has identified
a five-metabolite panel (including vanillic acid and 3-hydroxykynurenine) in Parkinson’s disease patient serum,
accurately differentiating patients from healthy individuals (AUC = 0.955) and identifying early dementia subtypes
(AUC = 0.862), providing key biomarkers for disease prevention [25]. In cardiovascular diseases, it uncovers
metabolic mechanisms regulated by specific therapies, offering new insights for treatment and rehabilitation.In
nutrition and health, HP-CIL metabolomics technology acts as a precise “metabolic microscope”. By analyzing
food metabolic pathways, it identifies key pathways and potential functional metabolites, aiding low-salt
fermentation optimization, healthy food development, body metabolic balance regulation, and metabolic disease
risk reduction. In exercise health, the high-sensitivity detection of HP-CIL metabolomics technology enables real-
time monitoring of tricarboxylic acid cycle metabolite dynamics in athletes under varying exercise intensities. By
capturing concentration fluctuations of substances like a-ketoglutaric acid and succinic acid, it provides a
molecular basis for post-exercise fatigue assessment, supports personalized training program design, and promotes
scientific precision in exercise health management [26]. In drug development, HP-CIL metabolomics technology
facilitates new drug R&D from a metabolic perspective. Through high-sensitivity detection of trace drug
components and metabolites in complex biological matrices, it ensures drug quality and safety. Meanwhile, it screens
biomarkers, targets potential drug candidates, and accelerates new drug development. Additionally, it explores drug
impacts on human metabolic pathways, optimizes drug design, and enhances clinical efficacy [27,28].

This article focuses on HP-CIL metabolomics technology, elaborating on its core principles and highlighting
its cutting-edge applications in health and metabolism-related fields, including medicine, nutrition, exercise
science, and drug development. These applications span disease diagnosis/treatment, diet-metabolism interaction
analysis, exercise metabolism mechanism dissection, and drug R&D acceleration. Meanwhile, the article analyzes
challenges in clinical translation, such as data standardization and database construction, and envisions its
integration with emerging technologies. It foresees HP-CIL metabolomics technology establishing a “detection—
analysis—intervention” closed loop, advancing precision medicine, and providing technological support for human
health and related industries [29,30].

2. Analysis of Metabolic Mechanisms and Applications in Disease Diagnosis and Treatment Using HP-CIL
Mtabolomics Technology in Healthcare

2.1. Analysis of Tumor Metabolic Characteristics and Exploration of Early Diagnostic Markers

In oncology research, metabolomics has increasingly become an indispensable tool for deciphering cancer
pathogenesis, identifying biomarkers, and customizing personalized treatment regimens. It is well established that
cancer cells reprogram metabolic pathways, particularly those involving glucose, lipids, and amino acids—to fuel
their rapid proliferation. This metabolic reprogramming, a hallmark of cancer cells, enables adaptation to diverse
environmental stresses and sustains growth and proliferation. Such reprogramming creates an ideal niche for
metabolomics research-addressing high dimensionality, noise, and small-sample issues in prostate cancer (a
heterogeneous cancer) metabolomics data, advanced computational models (e.g., TransConvNet, a Transformer-
CNN hybrid) further enable accurate identification of stage-specific metabolic alterations and key biomarkers linked
to tumor progression, invasion, and metastasis, with validated efficacy in prostate cancer data classification [31,32].

HP-CIL metabolomics technology has demonstrated its capability to enhance metabolite signal intensity and
detection sensitivity through isotope labeling and chemical modification. For example, Chen et al. used dansyl
chloride as a derivatization reagent to successfully label amino and phenolic metabolites in urine samples from
bladder cancer patients. Their findings showed that HP-CIL metabolomics technology significantly amplified
polar metabolite detection signals, aiding in the identification of potential bladder cancer biomarkers and
highlighting its potential for non-invasive early diagnosis [24]. Similarly, Hsu et al. applied HP-CIL metabolomics
technology to examine key metabolites in the polyamine pathway of oral squamous cell carcinoma patient samples,
revealing significant metabolic pathway disruptions during cancer progression and providing new insights into
oral cancer pathogenesis [33]. Luo et al. utilized HP-CIL metabolomics technology to analyze amino and phenolic
metabolites in rare breast cancer cells, discovering metabolites closely associated with tumor progression [28].
This approach not only improved detection efficiency but also reduced sample requirements, deepening our
understanding of tumor metabolic characteristics.
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While demonstrating significant advantages in low-abundance metabolite identification, the inherent
complexity and diversity of tumor metabolism remain major challenges. Future research should focus on
integrating HP-CIL with genomic, transcriptomic, and other omics data to construct more refined metabolic
regulation maps, thereby supporting tumor classification and the development of more effective therapeutic
strategies. To accelerate the clinical application of HP-CIL in oncology, establishing a comprehensive metabolic
database encompassing various tumor types is imperative to facilitate the widespread use of discriminant biomarkers.

2.2. Mechanisms of Metabolic Dysregulation in Cardiovascular Diseases and Health Risk Assessment

Cardiovascular diseases (CVDs) are the primary cause of death in China, with an estimated 330 million
patients affected by various forms of these conditions. Data from the National Center for Cardiovascular Diseases
of China showed that in 2019, there were 550,000 annual cases of sudden cardiac death. The prevalence of CVDs
in China is staggering: stroke ranks as the leading cause of death, followed by ischemic heart disease and lung cancer.
The report further highlights that the prevalence of CVDs is expected to continue rising in the coming decade.

Cardiovascular metabolomics plays a pivotal role in elucidating the metabolic mechanisms of CVDs,
including coronary artery disease, hypertension, and heart failure. Metabolomics holds significant promise for
identifying specific biomarkers and enabling personalized therapies, particularly in CVDs research. The
progression of CVDs is typically accompanied by dysregulation of lipid metabolism, amino acid metabolism, and
oxidative stress pathways. Molecular studies have revealed early metabolic abnormalities in young adults and
highlighted the critical role of lipid metabolism in atherosclerosis development. Specifically, HP-CIL
metabolomics technology serves as a powerful tool for early identification of cardiovascular biomarkers through
precise metabolite profiling [34].

Lee CC et al. utilized HP-CIL metabolomics technology to analyze prospective urine samples from cardiac
surgery patients treated with histidine-tryptophan-ketoglutarate (HTK). Their results showed that HTK therapy
upregulated histidine metabolism, followed by increased glutamine/glutamate metabolism, altered purine and
pyrimidine metabolism, and elevated vitamin B2 levels [21]. Wang Z et al. comprehensively investigated the
bioavailability, metabolic processes, and regulatory activity of IRW’s ACE2 (angiotensin-converting enzyme 2)
in spontaneously hypertensive rats (SHRs) using HP-CIL metabolomics technology. Their findings validated the
critical role of tryptophan and its metabolite kynurenine in IRW’s antihypertensive effect, revealing that IRW’s
biological activity depends on both its intact circulating form and metabolites [10].

In another study, Wang Z et al. combined HP-CIL metabolomics technology with transcriptomics and other
multi-omics techniques to analyze undifferentiated cytotrophoblasts and differentiated syncytiotrophoblast BeWo
cells cultured for 72 h under high-glucose conditions [10]. The results showed that high-glucose exposure induced
significant alterations in glucose, glutathione, fatty acid, and glucocorticoid metabolism in BeWo cells,
highlighting their roles as key regulators of placental metabolic processes, nutrient storage, and mitochondrial
function [35].

Aleidi SM et al. applied HP-CIL metabolomics technology to analyze sera from healthy lean individuals,
obese controls, and lean/obese type 2 diabetes mellitus (T2DM) patients treated with metformin for six months.
The analysis revealed distinct group clustering due to metformin administration a first-line T2DM treatment known
to affect multiple metabolic pathways and reduce cardiovascular risk [36]. Notably, a Nature Metabolism study
identified 71 dysregulated metabolites in obese diabetic patients, with 30 of these showing partial normalization
after metformin treatment, approaching levels in obese controls. Fei X et al. used HP-CIL metabolomics
technology to investigate the impact of cardiopulmonary fitness (CRF) on metabolic syndrome (MetS) risk factors,
identifying eight key metabolites—including methionine and y-aminobutyric acid—as potential markers linking
CRF to MetS susceptibility [34].

Given the complexity of cardiovascular diseases, single biomarkers often fail to meet multifaceted diagnostic
needs. HP-CIL metabolomics technology offers a distinct advantage by enabling multi-omics integration, allowing
the combination of metabolite profiles with clinical phenotypes and genotypes. This integration enhances
diagnostic accuracy for cardiovascular diseases and facilitates the development of personalized treatment
strategies. Future research should focus on characterizing metabolic heterogeneity across cardiovascular disease
subtypes and constructing subtype-specific biomarker panels to improve precise classification and risk prediction.

2.3. Analysis of Metabolic Pathway Perturbations in Neurodegenerative Diseases and Early Subtype Diagnosis

Neurodegenerative diseases, including Alzheimer’s disease (AD) and Parkinson’s disease (PD), severely
impair quality of life due to associated cognitive and motor dysfunctions. Metabolic pathway dysregulation plays
a critical role in the pathological progression of these diseases. Metabolomics has emerged as a powerful tool for
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early diagnosis and pathophysiological elucidation in neurodegenerative diseases, as evidenced by its application
in PD research. This aligns with the broader utility of metabolomics: it delivers a dynamic, comprehensive
phenotypic view, enables biomarker discovery and molecular mechanism decipherment across diverse conditions
(including neurodegenerative diseases, metabolic disorders, and cancer), and underpins precision medicine
applications—ultimately supporting the optimization of clinical strategies for complex diseases[37]. Specifically,
HP-CIL metabolomics technology offers a revolutionary approach to exploring potential disease markers through
comprehensive metabolic profiling of biological samples [38].

Wang X et al. applied HP-CIL metabolomics technology to analyze the amine/phenolic metabolome in liver
and brain tissues of AD mouse models. Their results revealed significant metabolomic differences between AD
transgenic and wild-type mice in both tissues [39]. Notably, metabolites such as 1,4-diaminobutane, histidine, and
4-ethylphenol emerged as potential biomarker candidates with excellent discriminatory ability, as evidenced by
receiver operating characteristic (ROC) curve analysis area under the curve (AUC) approaching 100% for both
sensitivity and specificity. Huan T et al. used HP-CIL metabolomics technology to perform metabolomic profiling
on saliva samples from individuals with different cognitive states: cognitive normal (CN), mild cognitive
impairment (MCI), and AD. The study identified a panel of metabolites—including phenylpropionylproline,
kynurenine, and phenylaminophenylalanine—that effectively distinguished AD from CN and MCI, with a
diagnostic AUC of 1.000. Additionally, a subgroup of allylphenylalanine and phenylpropionylproline accurately
discriminated MCI from CN (diagnostic AUC = 0.779; validation AUC = 0.889) [9]. Han W et al. employed HP-
CIL metabolomics technology to analyze serum samples from healthy controls and PD patients at multiple follow-
up time points. Results showed that a five-metabolite panel (vanillic acid, 3-hydroxykynurenine, isoleucylalanine,
etc.) distinguished PD from healthy controls with an AUC of 0.955 (sensitivity = 87.5%, specificity = 93.0%).
Furthermore, an eight-metabolite panel (3,4-dihydroxyphenylacetone, deaminotyrosine, hydroxyisoleucine, etc.)
effectively separated PD without dementia from PD with early dementia (AUC = 0.862) [40].

Metabolomics research notes that the complex metabolic profiles of neurodegenerative diseases pose major
challenges. The high sensitivity of HP-CIL metabolomics-proven in identifying AD and other neurodegenerative
biomarkers-enables detection of low-abundance metabolites and stage-specific marker discovery. Future work
should integrate HP-CIL with neurobiological indicators to build stage-specific metabolic maps for early screening
and personalized intervention. This is exemplified by a PD study (using HP-CIL-compatible high-sensitivity mass
spectrometry) that analyzed 3 cohorts: it identified a 4-biomarker panel for PD and uncovered fatty acid, bile acid,
and steroid metabolic disturbances in drug-naive patients, supporting early metabolic subtyping [41].

2.4. Construction of Metabolic Fingerprinting for Immune Inflammatory Responses and Pathological
Mechanism Elucidation

In immunology and inflammation-related disease research, metabolomics offers a novel perspective for
biomarker discovery and disease mechanism elucidation by capturing metabolic alterations during inflammation.
HP-CIL metabolomics technology, with its high sensitivity and specificity, has been demonstrated to facilitate the
identification and validation of metabolites involved in specific inflammatory responses.

Blackmore D et al. applied HP-CIL metabolomics technology to analyze serum samples from seropositive
rheumatoid arthritis (RA) patients and healthy controls. Results showed a four-metabolite panel—including
ketodeoxycholic acid—effectively distinguished groups, with area under the curve (AUC) values of 0.92—-0.94 and
sensitivity/specificity exceeding 90% [42]. This diagnostic panel performed comparably to established biomarkers
like rheumatoid factor and anti-cyclic citrullinated peptide antibody, which are widely used in RA diagnosis.

Chen D et al. used HP-CIL metabolomics technology for untargeted analysis of amine/phenolic and
carboxylic acid metabolomes in chronic hepatitis B (CHB) treated patients. Four metabolites—2-methyl-3-
oxopentanoic acid, 2-oxohexanoic acid, 6-0xo-1,4,5,6-tetrahydronicotinic acid, and a-ketoisovaleric acid—
exhibited significant diagnostic potential for distinguishing Hrp and Lerp subgroups. Notably, their AUCs
surpassed typical clinical indicators, demonstrating extremely high sensitivity and specificity in both discovery
and validation cohorts [43]. Yu Y et al. employed Mdr2 mice as a primary sclerosing cholangitis (PSC) model and
applied HP-CIL metabolomics technology for untargeted analysis of serum amine/phenolic and carboxylic acid
metabolomes. The study identified metabolic regulatory changes in PSC model mice after human placental
mesenchymal stem cell (hP-MSC) treatment, determining eight potential biomarkers—including 2-aminoxylose
acid semialdehyde, L-1-pyrroline-3-hydroxy-5-carboxylic acid, and L-isoglutamine—for effective disease
efficacy evaluation [44]. Jacob M et al. utilized HP-CIL metabolomics technology to enhance metabolomics
sensitivity and throughput in serum samples from dedicator of cytokinesis 8 (DOCKS)-deficient patients and
severe atopic dermatitis (AD) patients. They identified Hh wurine, 3-hydroxyanthranilic acid, and
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glycinylphenylalanine as DOCKS8 deficiency-specific biomarkers, which effectively distinguished DOCKS-
deficient patients from AD patients [45]. Furthermore, they found that tryptophan degradation perturbation and
increased aspartate availability suggested a link between DOCKS deficiency and tumorigenesis.

The dynamic nature of immune system and inflammatory responses poses significant challenges for
biomarker screening. Although HP-CIL metabolomics technology exhibits technical advantages in dynamic
monitoring of inflammatory biomarkers, improving detection timeliness and accuracy remains a key challenge.
Future research should focus on developing dynamic immune metabolic fingerprints to elucidate metabolic
patterns across diverse inflammatory states. This approach holds potential to enhance diagnostic accuracy— as
demonstrated in breast and cervical cancer research—and optimize the technology’s efficacy evaluation
capabilities in immunological and inflammatory diseases. In general, HP-CIL technology has shown its application
potential in many core fields of medicine with its high coverage and high sensitivity characteristics. The application
panorama across disease directions can be intuitively understood through Figure 3.
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Figure 3. Schematic diagram of the application of HP-CIL metabolomics technology in the core direction of medicine.

3. HP-CIL Metabolomics Technology Empowers Metabolic Regulation Research in Nutrition and Health
3.1. Metabolic Analysis of Food Components and Evaluation of Nutritional Intervention Effects

Through highly sensitive metabolomics analysis, HP-CIL technology also has unique advantages in the
intersection field of food nutrition and environmental health. It can simultaneously support multi-dimensional
metabolomics research such as food components, environmental exposure and health risks, as shown in Figure 4.

HP-CIL metabolomics technology provides a precise technical method for food component analysis and
nutritional intervention research through high-sensitivity metabolomics profiling. In food safety assessment, this
technology has revealed potential associations between microbial contamination and human health: Castells-
Nobau et al. used HP-CIL metabolomics technology for untargeted metabolomics analysis of plasma samples and
found that among 4235 metabolites, tryptophan and phenylalanine metabolic pathways were significantly
associated with Gokushovirus WZ-2015a phage infection and food addiction. This confirmed that long-term
consumption of phage-contaminated foods may disrupt gut microbial communities, reduce serotonin synthesis,
and induce food addiction [46]. In microbial safety control, when combined with high-pressure treatment, HP-CIL
metabolomics technology accurately assesses microorganism survival potential in sublethal states by monitoring
energy metabolite fluctuations (e.g., ATP, NADH) and peptidoglycan monomers. For example, after high-pressure
treatment of protein-rich liquid foods, the technology detects a-keto acids and purine derivatives released by
damaged microbes, warning of contamination risks 48 h earlier than traditional culture methods [47].

Using the '>C/'3C dual-labeling strategy in nutritional metabolic pathway analysis, HP-CIL metabolomics
technology detected 4235 metabolites in a plasma metabolome study of beef cattle. Among these, 1105 metabolites
were associated with methane emissions and involved core pathways such as arginine-proline metabolism. In the
high-methane emission group, ornithine—a key metabolite of arginine metabolism—showed a 28% concentration
decrease, suggesting that arginine decomposition may influence methane production by regulating gut methanogen
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energy metabolism [48]. Based on these findings, the research team optimized dietary arginine ratios and,
combined with metabolic fingerprint monitoring, reduced beef cattle methane emissions by 18-22%. They also
identified 3-hydroxybutyric acid as a biomarker for predicting feed conversion efficiency (r=0.71) [48].

Application of HP-CIL Metabolomics Technology
in Linking Nutrition, Environment with Health
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Figure 4. Application of HP-CIL Metabolomics Technology in Linking Nutrition, Environment with Health.

In human dietary intervention studies, the multi-lipid score (MLS) system constructed by HP-CIL
metabolomics technology demonstrated that a diet rich in unsaturated fats reduced concentrations of 45 lipid
metabolites—including ceramides and cholesterol esters—by 15-22% and significantly regulated pathways such
as sphingolipid degradation [49]. MLS was negatively correlated with cardiovascular disease risk: each 1-unit
decrease in MLS was associated with a 32% reduction in coronary heart disease risk (hazard ratio = 0.68, 95%
confidence interval 0.59-0.78) and improved type 2 diabetes risk prediction by 26% compared with traditional
biomarkers. Mechanistic studies revealed that unsaturated fats inhibited hepatic lipogenesis by activating PPARy
and downregulating the mTORCI signaling pathway, evidenced by a 41% decrease in phosphorylated S6K1 [49].

In food processing optimization, HP-CIL metabolomics technology identified characteristic metabolites such
as cyclo(Pro-Leu) and 3-phenyllactic acid in cereal vinegar, with their contents closely correlated with low-salt
fermentation parameters. For example, in low-salt fermented glutinous rice vinegar (salt content reduced from
18% to 6%), the concentration of 3-phenyllactic acid increased 1.8-fold, accompanied by a 2.3 log CFU/g increase
in lactic acid bacteria abundance. This metabolite can serve as an indicator for evaluating microbial activity [22].
Following process optimization based on metabolic fingerprints, an enterprise achieved a 15% increase in umami
amino acid content and a 38% reduction in sodium content, meeting WHO salt reduction standards [22].

3.2. Metabolic Risk Early Warning of Environmental-Nutritional Interactions

The innovative application of HP-CIL metabolomics technology in environmental research offers a crucial
technical approach for analyzing potential associations between environmental factors and nutritional health.
Through chemical isotope labeling, this technology enables ultrasensitive detection and precise quantification of
trace metabolites in complex environmental matrices, supporting environmental pollution monitoring, ecological
restoration, and mechanistic insights into how environmental stress impacts biological nutritional metabolism and
health status [50]. In plant-pathogen interaction studies, HP-CIL metabolomics technology employs dual isotope
labeling (e.g., 2C/'3C-dansyl chloride and DmPABr) for untargeted profiling of amine-phenolic, carboxyl,
phenolic hydroxyl, and carbonyl metabolites. Combined with high-resolution LC-MS separation [51], this
approach deeply analyzed dynamic metabolic changes in pea roots under pathogen infection and biocontrol
interventions. Pathogen infection induced 2.89-3.10-fold upregulation of defense hormones like salicylic acid
(SA) and jasmonic acid (JA), while activating amino acid metabolic pathways (e.g., phenylalanine, methionine).
These changes directly influenced plant nutrient synthesis and accumulation, thereby impacting nutritional quality
in the human food chain. Biocontrol bacterial treatment reshaped plant defense signaling by regulating 1-
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aminocyclopropane-1-carboxylic acid (ACC) and 12-oxophytodienoic acid (12-OPDA) metabolism, indirectly
safeguarding crop nutritional quality and edibility safety.

In soil and water pollution monitoring, HP-CIL metabolomics technology significantly improves detection
efficiency for polar pollutants through specific labeling of functional groups like hydroxyl and carbonyl. For
example, in soil samples contaminated with polycyclic aromatic hydrocarbons (PAHs), derivatization converts
hydrophobic PAHs into polar derivatives, extending their retention time in reversed-phase chromatography by 30—
50% and increasing detection sensitivity 10-100-fold compared to traditional methods. In groundwater heavy
metal pollution studies, this technology identified metabolic markers, such as glutathione and citric acid, which is
associated with uranium and nitrate stress. Concentration changes in these markers correlated significantly with
abundances of functional bacterial genera (e.g., Geobacter and Pelosinus) in microbial communities. These
environmental pollutants threaten ecological security and may impact human nutrient absorption and metabolic
health via the food chain. HP-CIL metabolomics technology has provided early warning signals and intervention
targets for mitigating pollution-related risks to nutritional health [52].

3.3. Toxicological Metabolomics: Analysis of the Association between Chemical Exposure and Health Effects

HP-CIL metabolomics technology, leveraging its high-sensitivity metabolomics analysis capabilities, plays
a pivotal role in environmental toxicant research and health risk assessment. By dissecting the mechanisms of
metabolic dysregulation induced by pollutant exposure, it provides a scientific foundation for protecting human
nutritional and metabolic health.

For emerging pollutants (e.g., microplastics and endocrine disruptors), HP-CIL metabolomics technology
precisely identifies specific metabolic biomarkers through untargeted metabolomics analysis. For example, in
studies of aquatic organism models exposed to microplastics, the technology revealed significant dysregulation in
glycerophospholipid metabolism. Phosphatidylethanolamine (PE) species showed >2-fold abundance changes,
which were significantly negatively correlated with oxidative stress markers (e.g., malondialdehyde). This finding
highlights how environmental pollutants potentially damage biological membrane structure and metabolic
function, thereby impacting nutrient transfer in the food chain and human health. In pesticide residue toxicity
assessment [53], HP-CIL metabolomics technology identified metabolic signatures associated with
carboxylesterase activity—such as 2,4-dichlorophenoxyacetic acid (2,4-D) conjugates—with a detection limit as
low as 2 nM and 3-fold higher sensitivity than traditional ELISA. These biomarkers serve not only for ecosystem
health monitoring but also as early warning markers for evaluating long-term impacts of pesticide residues on
human nutrient absorption and metabolic function [52].

In studies of industrial toxicant exposure, HP-CIL metabolomics technology has deeply revealed the cascade
interference of heavy metals (e.g., uranium, cadmium) with metabolic pathways [52]. For example, uranium
pollution induces glutathione metabolism disorders in renal tubular epithelial cells, inhibits key enzymes in the
cysteine synthesis pathway, and causes oxidative stress damage. By labeling thiol compounds, the technology
detected a 60% decrease in the intracellular reduced glutathione (GSH)/oxidized glutathione (GSSG) ratio, which
was significantly negatively correlated with renal function damage markers [26]. Impaired kidney function directly
disrupts human nutrient reabsorption-excretion balance, highlighting HP-CIL metabolomics technology’s value in
analyzing associations among toxicants, metabolism, and health. In pesticide toxicology, HP-CIL metabolomics
technology analyzed the cholinergic system interference mechanism of organophosphorus pesticides. Chlorpyrifos
exposure was found to inhibit acetylcholinesterase activity, accompanied by 1.5-2-fold abnormal increases in
acetic acid and choline concentrations, while activating the glycolytic pathway to compensate for energy
metabolism disorders. Additionally, the technology detects adducts of pesticide metabolites with amino acids,
providing molecular-level evidence for evaluating chronic pesticide exposure risks to human nutritional and
metabolic functions [54].

HP-CIL metabolomics technology exhibits unique advantages in health risk early warning and disease
association research. Combined with human hepatocyte chips, the technology enables high-throughput assessment
of chemical hepatotoxicity. By implementing mitochondria-targeted metabolite labeling [53], it captures inhibition
of the fatty acid p-oxidation pathway by excessive acetaminophen 24 h prior to liver injury, providing a time
window for early injury warning and nutritional intervention strategies [54]. In embryotoxicity studies, HP-CIL
metabolomics technology detected abnormal amino acid metabolism—such as decreased tryptophan and
phenylalanine concentrations—induced by retinoic acid exposure. These metabolic abnormalities were closely
associated with neural tube developmental defects, offering metabolomic evidence for evaluating environmental
impacts on maternal-infant nutritional health. In forensic toxicology, the technology assists in determining cause
of death by analyzing postmortem blood metabolite dynamics (e.g., the linear correlation between lactic
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acid/trimethylamine concentrations and postmortem interval). This indirectly supports toxicant risk prevention and
control while providing nutritional health guidance in public health contexts.

4. Analysis and Application of the Metabolic Mechanism of HP-CIL Metabolomics Technology in
Sports Health

4.1. Analysis of Exercise Metabolic Adaptation Mechanisms and Energy Metabolism Optimization

HP-CIL metabolomics technology exhibits high-precision detection advantages in exercise metabolic
mechanism research, leveraging its technical feature of isotope internal standard calibration [16]. HP-CIL
technology provides a systematic tool for the analysis of complex metabolic regulation networks during exercise,
and its multi-dimensional application logic in the study of exercise metabolic mechanisms can be clearly presented
in Figure 5.
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Figure 5. Multidimensional Application Framework of HP-CIL Technology in Deciphering Exercise Metabolic
Mechanisms.

In endurance sports research, San-Millan et al. performed graded maximal physiological tests on professional
cyclists. Using HP-CIL metabolomics technology to process whole blood samples and integrating metabolomics
analysis, they found significant dynamic changes in tricarboxylic acid cycle (TCA) metabolites during exercise.
Specifically, a-ketoglutaric acid (+23%), succinic acid (+18%), fumaric acid (+15%), and malic acid (+12%)
showed notable increases [26]. These changes directly reflect enhanced mitochondrial energy metabolism
efficiency, providing molecular-level evidence for the continuous energy supply mechanism in long-term
endurance exercise. Additionally, fluctuations in coenzyme A precursors—pantetheine 4'-phosphate and
pantothenic acid 4'-phosphate—correlated positively with exercise intensity. Notably, in cyclists with low lactic
acid accumulation, post-exercise increments of these coenzyme A precursors were 1.7-fold higher than those in
the high lactic acid group [26], indicating that HP-CIL metabolomics technology can accurately capture
interindividual differences in energy metabolic pathways. This supports the development of personalized training
programs based on metabolic profiling.

In high-intensity interval training (HIIT) research, Meihua et al. applied HP-CIL metabolomics technology
to analyze sweat samples from long-distance runners, revealing significant post-training upregulation of
substances like hypoxanthine (1 2.1-fold) and pyruvic acid (1 1.8-fold), alongside downward trends in amino acid
derivatives (| 35%), vitamin B6 (| 28%), and theophylline (| 22%) [55]. Metabolic pathway analysis linked these
changes to purine metabolism (ATP consumption-triggered salvage synthesis activation) and glycolysis-aerobic
metabolism balance adjustment. This study pioneered non-invasive sampling to characterize metabolic stress
following HIIT, establishing a novel biomarker panel for exercise injury early warning.In a study of populations
with varying cardiopulmonary fitness (CRF) and metabolic syndrome (MetS) risks, Fei et al. leveraged HP-CIL
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metabolomics technology for in-depth plasma analysis, identifying eight differential metabolites including
methionine, y-aminobutyric acid, and 2-oxoglutaric acid [37]. The high-CRF group exhibited a 47% higher 2-
oxoglutaric acid concentration than the MetS-risk group, positively correlating with arginine biosynthesis and
TCA cycle pathway activities [37]. This finding elucidated how CRF mitigates MetS risk via mitochondrial
metabolism regulation, offering metabolic targets for precision exercise intervention design.

4.2. Monitoring of Athletes’ Metabolic Health Status and Performance Evaluation

The core value of HP-CIL metabolomics technology in athlete health monitoring resides in its high-sensitivity
detection of trace metabolites. Studies show that post-exercise hypoxanthine concentration in sweat increases 1.9—
2.3-fold and strongly correlates with the rating of perceived exertion (RPE) score (r = 0.82, p < 0.01), positioning it
as a key biomarker for non-invasive fatigue monitoring [55]. Coaching teams can adjust training intensity in real time
by collecting small-volume sweat samples (<50 pL) and integrating HP-CIL metabolomics technology quantitative
analysis (detection limit: 2 nM), reducing overtraining incidence by 35% [55].

For dynamic metabolic health assessment, HP-CIL metabolomics technology simultaneously monitors >20
metabolites—including lactate, pyruvate, and branched-chain amino acids. San-Millan et al. [26] found elite
endurance athletes exhibited a 22% higher post-exercise pyruvate/lactate ratio than recreational trainees, reflecting
superior aerobic metabolic efficiency.This enables personalized intervention design: athletes with poor lactate
clearance can increase lactate threshold intensity by 12% through B-hydroxy-fB-methylbutyric acid (HMB)
supplementation guided by HP-CIL metabolomics technology results.

In pre-competition metabolic state prediction, HP-CIL metabolomics technology evaluates athlete power
reserves by analyzing energy metabolism markers (e.g., creatine phosphate PCr, glycogen breakdown products).
A study of 20 marathoners showed serum PCr levels positively correlated with 30-km post-race sprint capacity (r
=0.71), with HP-CIL metabolomics technology offering 40% higher detection accuracy than traditional enzymatic
methods [26]. This metabolomic prediction model has prolonged athletes’ optimal competitive state maintenance
by 2-3 days in competition cycle management.

4.3. Exploration of Metabolic Targets for the Prevention and Treatment of Exercise-Related Metabolic Diseases

Exercise-Induced Fatigue Intervention: HP-CIL metabolomics technology has unveiled the critical role of
the hypoxanthine metabolic pathway in exercise-induced fatigue management. Research indicates that athletes
with post-exercise hypoxanthine levels exceeding 5.2 uM experience 1.8-fold prolonged fatigue recovery times
compared to those with levels below 3.5 uM. Supplementation with uricase inhibitors (e.g., allopurinol) facilitates
hypoxanthine clearance, reducing post-exercise blood urea nitrogen levels by 21% [55]. HP-CIL metabolomics
technology detection further identifies pyruvate dynamics as an early biomarker of fatigue accumulation: a post-
exercise pyruvate/lactate ratio below 0.3 signals the need for training plan adjustment to prevent chronic fatigue
syndrome [55].

Metabolic Syndrome Exercise Intervention: In metabolic syndrome (MetS) intervention, Fei et al. confirmed
via HP-CIL metabolomics technology that enhancing cardiorespiratory fitness (CRF) elevates 2-oxoglutarate
levels by 38%, accompanied by activation of the arginine metabolic pathway (ornithine +25%) [37]. This
metabolic remodeling correlates with improved insulin sensitivity (22% reduction in HOMA-IR) [2]. Clinical trials
demonstrate that in MetS high-risk groups with baseline 2-oxoglutarate below 12 puM, thrice-weekly moderate-
intensity aerobic exercise (e.g., swimming, 45 min/session) increases 2-oxoglutarate to 18.5 pM within three
months while reducing waist circumference by 4.2 cm [37].

Anti-Doping Detection: While HP-CIL metabolomics technology has not been directly applied to doping
control, a parallel 2C/**C dual-labeling strategy shows promise in anti-doping research. Wang et al. achieved
picogram (pg)-level detection of psychostimulants like 1,3-dimethylamylamine in urine by integrating dansyl
chloride derivatization with LC-HRMS (liquid chromatography—high-resolution mass spectrometry), achieving
detection limits three orders of magnitude lower than conventional methods [56]. This ultrasensitive approach
establishes a methodological foundation for future HP-CIL metabolomics technology applications in sports drug
monitoring, enabling identification of potential doping abuse through metabolite fingerprint analysis.

5. Metabolomics Support of HP-CIL Metabolomics Technology in Drug Development
5.1. Detection of Trace Components in Complex Matrices and Exploration of Health-Related Biomarkers

HP-CIL technology not only performs well in basic research, but also provides key support for new drug
development through the transformation chain of “diet-metabolism-drug”, as shown in Figure 6.
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Figure 6. A flow chart of the “Diet-Metabolism-Drugs” research and transformation driven by HP-CIL technology.

The core value of HP-CIL metabolomics technology in drug development is first reflected in its capability
for accurate trace component detection in complex matrices and biomarker discovery. In anti-doping analysis,
urine samples contain interfering substances (e.g., proteins, organic acids, inorganic salts), while target doping
agents often exist at trace concentrations and many exhibit isomeric structures. Traditional detection methods
frequently face challenges like insufficient sensitivity and quantitative/qualitative deviations.

HP-CIL metabolomics technology employs dansyl chloride (DNS-CI) derivatization for isotope dual-labeling
of amine- or phenolic hydroxyl-containing psychostimulants (e.g., 1,3-dimethylamylamine, amphetamine),
combined with high-resolution LC-HRMS to construct a quantitative method [56]. In anti-doping analysis, the
HP-CIL technique distinguishes endogenous and exogenous doping substances through an “endogenous-
exogenous metabolite database”. Human metabolomics databases are typically categorized into endogenous and
exogenous categories. By chemically isotopically labeling functional groups such as amine/phenolic and carboxyl
groups, HP-CIL combines liquid chromatography-mass spectrometry (LC-MS) with sample comparison against
endogenous databases (matching metabolites with physiological abundance are identified as endogenous; those
matching exogenous databases or showing abnormal abundance relationships with endogenous isotopically
labeled peaks indicate the presence of exogenous doping substances). This methodology provides a scientific basis
for distinguishing between these two categories. Compared to conventional approaches, the isotope internal
standards introduced by this technology mimic the chemical properties and chromatographic behavior of target
analytes, effectively overcoming matrix-induced ion suppression/enhancement. This significantly improves
detection sensitivity, enabling picogram (pg)-level quantification of doping agents. By optimizing HSS T3 column
mobile phase composition, gradient elution protocols, and MRM HR mass spectrometry parameters, HP-CIL
metabolomics technology achieves baseline separation and precise discrimination of isomers (e.g., p-
hydroxyamphetamine/p-methylamphetamine) in complex urine matrices. This establishes a robust technical
foundation for anti-doping detection in international competitions and sports drug compliance evaluation.

In biomarker-driven drug development, HP-CIL metabolomics technology deepens exploration of disease-
related metabolic signatures by targeting specific functional group metabolic pathways. Take bladder cancer
diagnostic research as an example: urinary biomarkers often exhibit low abundance and wide dynamic range,
challenging traditional detection methods to capture effective signals. HP-CIL metabolomics technology integrates
multi-platform analyses (LC-FT/MS and LC-HCT/MS), first using isotope-labeling reagents to chemically
derivatize target amine/phenolic metabolites (e.g., O-phosphoethanolamine, uridine) for enhanced mass
spectrometry response. Secondly, it ensures quantification accuracy via standard curve construction and optimizes
MRM fragment ions (e.g., O-phosphoethanolamine m/z 375.1 — 252.1) to improve detection sensitivity and
specificity [24].

This approach not only validated O-phosphoethanolamine as a potential bladder cancer biomarker (AUC =
0.709) but also improved diagnostic accuracy to AUC = 0.7265 through multi-biomarker integration (combined
with uridine) [24]. The functional group—based metabolomic strategy significantly enhances biomarker screening
efficiency, providing a systematic technical pathway for drug target identification. It enables researchers to capture
trace metabolic signals in complex diseases, accelerating drug development.

5.2. Analysis of the Interaction Mechanisms among Drugs, Metabolism, and Diet and Research on Health
Intervention Strategies

Another key application of HP-CIL metabolomics technology in drug development resides in its unique value
for in-depth drug action mechanism analysis and dietary metabolism research. In the Phase III clinical study of
upadacitinib (AbbVie) for ankylosing spondylitis, traditional research methods struggled to accurately characterize
the drug’s subtle regulatory effects on systemic metabolism. The research team applied high-performance chemical
isotope dual-labeling metabolomics to systematically analyze serum samples from placebo and upadacitinib
treatment groups. By comparing dynamic changes in hundreds of metabolites, they uncovered for the first time
the drug’s subtle modulation of tryptophan and histidine biochemical pathways in patients. Specifically, HP-CIL
metabolomics technology enables quantitative tracking of metabolite transformation via stable isotope labeling,
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combined with high-resolution mass spectrometry full-scan and targeted analysis modes. It also clarifies metabolic
network remodeling mechanisms after drug intervention through metabolic pathway enrichment analysis. The
ultra-high-quality metabolomics data not only demonstrate HP-CIL metabolomics technology’s potential in
elucidating drug treatment mechanisms but also help researchers understand how drug intervention affects human
physiological processes at the metabolic level. This provides a critical basis for optimizing drug dosages, screening
responsive populations, and enhancing clinical efficacy.

HP-CIL metabolomics technology also serves as a bridge in dietary impact research on human metabolism,
offering novel insights for drug development. Using wolfberry tea as a case study, researchers applied an 'C/!3C
isotope labeling strategy to systematically analyze urinary metabolome dynamics before and after consumption.
This approach enabled precise evaluation of metabolic pathways for wolfberry tea bioactive components (e.g.,
polysaccharides, flavonoids) and identification of diet-regulated potential biomarkers [57].

This research paradigm extends to analyzing how different foods/beverages impact disease-related metabolites:
through long-term tracking of pre/post-diet metabolomic changes, integrating machine learning algorithms to explore
correlations between key metabolites and disease risks, and identifying potential biomarkers to uncover new drug
targets. For instance, in prediabetes dietary intervention studies, HP-CIL metabolomics technology screens insulin
sensitivity—related metabolic markers by analyzing gut microbiota metabolite changes following dietary fiber intake,
providing theoretical support for new hypoglycemic drug development. With advancements in labeling reagents and
automation of the analysis process, HP-CIL metabolomics technology will further integrate drug mechanism research
with dietary metabolism data, unlocking greater potential in personalized medicine and novel drug metabolomics
research. This drives drug development toward more precise and efficient directions [58].

6. Expansion of Health Relevance in Metabolic Studies Using HP-CIL Metabolomics Technology in
Other Fields

6.1. Construction of Metabolic Fingerprint Maps of Fermented Foods and Optimization of Health-Related Quality

HP-CIL metabolomics technology has demonstrated exceptional application in fermented food component
research. Using four-channel chemical isotope labeling (amine/phenol, carboxylic acid, hydroxyl, carbonyl
channels), researchers achieved systematic analysis of complex metabolic networks in high-salt fermented foods
(e.g., soy sauce, fermented bean curd). Three typical fermented foods—fermented red chili sauce, soy sauce, and
fermented bean curd—were subjected to comprehensive metabolomic profiling.

Fermented red chili sauce samples yielded 6329 peak pairs, of which 5938 (93.8%) were identified/matched,
enabling in-depth analysis of 1152 high-confidence metabolites. Key metabolic pathways included
arginine/proline metabolism and amino acid—tRNA biosynthesis. Soy sauce samples revealed 9353 peak pairs
(8345 identified/matched, 87.1%), covering tyrosine metabolism and alanine/aspartate/glutamate pathways.
Fermented bean curd samples showed 10,076 peak pairs (8499 identified/matched, 84.3%), involving amino acid—
tRNA biosynthesis and arginine/proline metabolism [59].

Comparative analysis of fermented red chili sauces with different salt contents revealed significant metabolite
concentration variations. In low-salt samples, metabolite changes correlated with active microbial metabolism:
microorganisms proliferated rapidly in suitable environments, driving metabolic product shifts. High-salt samples
showed metabolite changes primarily influenced by physical factors (e.g., osmotic pressure). These findings
provide a critical basis for food component regulation, enabling precise formula adjustment, product quality
optimization, and development of consumer-tailored fermented foods.

6.2. Analysis of Plant Metabolic Diversity and Identification of Health-Related Quality in Geographical
Indication Products

HP-CIL metabolomics technology exhibits unique value in trace metabolite detection within complex plant
matrices, owing to its high sensitivity and wide coverage advantages. In a comparative study of mugwort from
different origins, the technology identified 154 differentially expressed metabolites between Xinye and Neixiang
mugwort, primarily involved in phenylpropanoid metabolism, lysine degradation, and taurine metabolism
pathways. For instance, flavonoids (e.g., salvigenin, 3,6,7,3',4’-pentamethylquercetin) were significantly more
abundant in Xinye mugwort, while phenolic acids (e.g., p-coumaric acid) showed higher concentrations in Neixiang
samples [60]. These differences provide a material basis for geographical indication quality authentication of
mugwort and reveal correlations between metabolite accumulation and environmental adaptability.

Notably, HP-CIL metabolomics technology enabled accurate quantification of low-abundance metabolites
by integrating dansylation derivatization with ultra-high-performance liquid chromatography—tandem mass
spectrometry (UHPLC-Q-TOF/MS). In the taurine metabolism pathway, this approach detected 2.3-fold higher
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taurine levels in Xinye mugwort versus Neixiang, alongside 1.8-fold lower hypotaurine concentrations. Such
metabolic dynamics not only reflect plant environmental responses but also offer a novel dimension for medicinal
plant quality evaluation.

6.3. Microbial Metabolic Mechanisms and Their Potential Impact on Host Health

HP-CIL metabolomics technology enables extensive applications in microbiology, providing critical
technical support for dissecting microbial-host interactions and microbial community functions.

In research on plant-microorganism interactions, consider the biological control of pea root rot. HP-CIL
metabolomics technology detected a 2—3-fold increase in phenylpropanoid pathway products (e.g., coumaric acid,
ferulic acid) in Paenibacillus polymyxa—treated plant roots. These compounds function as plant stress-resistant
signaling molecules and promote beneficial microorganism colonization [50,61]. The study also revealed that this
bacterial strain disrupts pathogenic bacterial membranes by secreting cyclic lipopeptides, inducing accumulation of
defense metabolites (e.g., jasmonic acid, salicylic acid) and activating plant induced systemic resistance (ISR) [50].
Figure 7 HP-CIL Technology-Driven Cross-Domain Metabolic Decoding Framework of “Plant-Food-Microbe”.
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Figure 7. HP-CIL Technology-Driven Cross-Domain Metabolic Decoding Framework of “Plant-Food-Microbe”.

For investigations into microbial plant growth promotion, HP-CIL metabolomics technology confirmed that
Bacillus subtilis regulates plant nitrogen metabolism, leading to significant increases in root nitrogen transport
metabolites (e.g., glutamine, asparagine). This enhances ammonium nitrogen transformation efficiency in
rhizosphere soil, with plant hormones and extracellular enzymes secreted by B. subtilis boosting root nitrogen
absorption efficiency by up to 35% [62].

In the research on gut microbiota, HP-CIL metabolomics technology enables nanomolar-level detection of
key metabolites (e.g., short-chain fatty acids SCFAs, bile acids) in gut microbiota studies, addressing detection
limitations of traditional methods for low-concentration analytes [23,63]. For instance, a dietary fiber intervention
study using HP-CIL metabolomics technology revealed significant increases in SCFA levels (e.g., acetic acid,
propionic acid), which positively correlated with improvements in host blood glucose and cholesterol parameters
[63]. In marine carbon cycle research, HP-CIL metabolomics technology quantified carbon transfer efficiency
between phytoplankton and heterotrophic bacteria (e.g., SAR11, Roseobacter) via isotope labeling/tracking,
confirming that their metabolic activities are modulated by light cycles and nutrient concentrations [64]. In soil
microbiology, HP-CIL metabolomics technology analysis of pea root rot biocontrol identified over 20 distinct
metabolites (e.g., cyclic lipopeptides, polyketides) from Bacillus subtilis—based antagonistic strains—detecting
threefold more metabolites than traditional methods and enabling tracking of antibacterial substance secretion
dynamics [50]. Pea rhizosphere soil studies further showed that high-fertility soil harbored fiber-degrading
microbiota producing elevated SCFA levels, with metabolic products directly linked to soil carbon/nitrogen cycling
functions. This approach effectively overcomes single-gene sequencing limitations in functional verification.

7. Challenges and Prospects of HP-CIL Metabolomics Technology Application

7.1. Challenges

7.1.1. Fluctuations in Labeling Efficiency Mediated by Derivatizing Reagents and Limitations in Functional
Group Adaptation

The HP-CIL technology encounters multidimensional technical bottlenecks during derivatization, with core
challenges focusing on labeling efficiency stability and metabolite functional group compatibility. On one hand,
labeling efficiency is significantly affected by environmental factors. For instance, when the temperature increases
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from 25 °C to 37 °C, the labeling efficiency of dansyl chloride for amine/phenolic metabolites (e.g., xanthine) drops
from 92% to 78%, directly causing detection failure in 12% of Alzheimer’s disease (AD) saliva samples containing
low-abundance amine metabolites (e.g., 5-10 nM phenylproline) [9,25]. Regarding bromide labeling of DmPA for
hydroxyl metabolites, a mere 0.5-unit pH fluctuation (from 8.0 to 7.5) results in a 12% decrease in labeling efficiency.
This reduces signal response and quantitative repeatability (CV rising to 18%) for hydroxyl biomarkers like 3-
hydroxycanine in Parkinson’s disease serum. These issues compound the inherent detection limitations of hydroxyl
metabolites in four-channel CIL technology, further restricting metabolic coverage [18,25]. Additionally, existing
derivatization reagents demonstrate limited adaptability to specific functional group metabolites. For instance, the
dyesulfonamide hydrazine labeling of carbonyl metabolites shows only 65% reaction efficiency for low-molecular-
weight aldehydes, significantly lower than the 90% efficiency observed with ketone metabolites. This results in a
30% reduction in detection rates for energy metabolism biomarkers like acetaldehyde in sports medicine research.
Similarly [S5], the dansyl chloride derivatization commonly used in anti-doping tests exhibits batch-to-batch
variations +£10% in labeling efficiency for amine-containing stimulants such as 1,3-dimethylpentylamine [56].
Furthermore, subtle variations in instrument stability (e.g., temperature fluctuations +2 °C in mass spectrometry ion
sources) may cause signal loss of certain derivatives. This issue becomes particularly evident in trace metabolite
analyses like serum bile acid detection, further compromising data integrity and failing to meet the demands for
simultaneous and precise analysis of diverse metabolites in complex biological samples [15,25,51].

7.1.2. Methodological Limitations of Precise Quantification of All Metabolites

The HP-CIL technology employs a four-channel chemical isotope labeling strategy for metabolite group
analysis, specifically detecting four major categories: amine/phenolic (A), carboxylic (C), carbonyl/keto/alkaloid
(K), and hydroxyl (H) metabolites. Theoretically, this approach can cover 94.7% of the metabolome (primarily
comprising five chemical subgroups: amine, phenol, hydroxyl, carboxylic, and carbonyl) [18]. However, in
practical applications, the technique still faces significant challenges including incomplete coverage of chemical
subgroups, insufficient isotope internal standards, and matrix effects. Particularly notable is the substantial detection
gap for hydroxyl metabolites, resulting in actual coverage rates that fall significantly below theoretical projections.

The Parkinson’s Disease (PD) serum metabolomics study (baseline n = 85) revealed [25] that among the
eight metabolites used to differentiate PD from early-stage dementia, some belonging to the “four-channel
detection deficiency subgroup” (e.g., amines such as putrescine 2H), faced challenges due to the lack of
commercialized '*C-labeled internal standards. When using external reference materials for quantification, the
batch-to-batch variation coefficient reached 18.2%, significantly higher than the 4.5% observed with metabolites
using proprietary internal standards.

Human Metabolome Database data [40] show, the HP-CIL commonly used '>C/'3C labeled endogenous markers
showed high coverage of the four-channel dataset for major chemical subgroups, but significantly reduced coverage
of under-detected hydroxyl metabolites and minor subgroups (such as sulfur-containing compounds and heterocyclic
compounds). Notably, endogenous markers for gut microbiota-specific metabolites (e.g., thiopterine, predominantly
belonging to hydroxyl or other minor subgroups) achieved only 38% coverage. In dietary fiber intervention studies,
the key biomarker propionate (10 nM, carboxylic acid class) faced challenges due to the absence of specific
endogenous markers. When using alternative markers (propionate- *Cs) for quantification, recovery rates fluctuated
between 8% to 12% [23], severely compromising the reliability of metabolic pathway correlation analyses.
Furthermore, matrix effects caused quantitative deviations that showed significant variations across different
chemical subgroups: The abstract indicates that the range of matrix effects in QC samples ranges from 77.9% to
120.2%. For instance, when quantifying keto deoxycholic acid (20 nM, potentially belonging to hydroxyl or carbonyl
categories) in rheumatoid arthritis patients’ serum using external reference standards, inter-batch detection
fluctuations reached +15% [42], far exceeding the stability requirements for clinical research data (£5%).

While HP-CIL technology corrects for partial matrix effects and instrument drift through isotope internal
standard calibration via '>C/'3C-Diallyl sulfonyl chloride derivatization, existing alternatives still face limitations
when addressing “underdetected hydrocarbon metabolites” and “minor chemical subgroups”. For instance, when
using “structurally similar substitute internal standards” for microbial metabolites in these categories, quantitative
results may still show deviations of 10% to 15% due to differences in matrix response between substitutes and
target metabolites. This remains insufficient to meet the high precision requirements of clinical diagnostics.

7.1.3. Reliability Bottleneck of Large-Scale Data Interpretation

The “signal-noise” separation challenge in metabolomics data is particularly pronounced in long-term
cohorts. Among the 10*peak pairs identified by HP-CIL single-sample detection, only 35—40% can be clearly
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annotated, while the structural uncertainty of remaining peaks elevates the false positive rate in machine learning
models (e.g., random forest) to 25% [11,25]. Although a combination of five metabolites including oxalate showed
an AUC = 0.955 in a single cohort for Parkinson’s disease serum, multi-center studies face challenges due to
instrument drift (e.g., mass spectrometer resolution decreasing from 120,000 to 80,000 FWHM), with
characteristic peak intensities fluctuating +20%. Dynamic calibration with over 1000 samples is required to
maintain diagnostic efficacy [25] In chronic hepatitis B patients, the cross-cohort AUC values of biomarkers like
2-methyl-3-oxopentanoic acid decreased from 0.98 to 0.81 [25] influenced by disease progression (Hrp/Lerp
subtypes) and treatment history, highlighting the technical difficulty in separating data standardization from
biological variations.

The low annotation rate of metabolites and data variability constrain the reliability of large-scale data
interpretation using HP-CIL technology. Although the Human Metabolome Database (HMD) has nearly tripled
the number of fully annotated metabolites [40], the annotation rate of HP-CIL detected metabolites in clinical
samples remains only 35-40%, with the existence of numerous unknown metabolites directly impacting data
interpretation depth. In biomarker studies for Alzheimer’s disease (AD) and Parkinson’s disease (PD), unannotated
characteristic peaks account for 58% and 63% respectively, forcing machine learning models to exclude nearly
half of detected signals during construction, which indirectly increases false positive rates above 25%. Instrumental
drift-induced fluctuations in peak intensity further exacerbate this issue. Continuous analysis of quality control
samples over 10 days revealed uncorrected metabolite peak area coefficients of variation (Covariates) reaching
15-20%. Such volatility is more pronounced in long-term cohort studies, as seen in chronic hepatitis B patients’
metagenomic research where biomarkers like [43], 2-methyl-3-oxy-pentanoic acid experienced AUC values
dropping from 0.98 to 0.81 during cross-cohort validation. This was primarily attributed to fluctuations £20% in
peak intensity caused by changes in instrument resolution (from 120,000 to 80,000 FWHM) across different time
points. Additionally, among the 10*peak pairs generated per HP-CIL detection, only 35-40% can be definitively
annotated [11], while structural uncertainty of remaining peaks significantly increases data interpretation
difficulty, leading to missed potential metabolic pathway associations. Building HP-CIL-specific databases and
implementing dynamic calibration algorithms (such as LOESS) for quality control have become essential
solutions. The former enhances metabolite annotation accuracy through accumulated HP-CIL spectral data, while
the latter effectively mitigates instrument stability impacts on quantitative results. For instance, in a multicenter
cardiovascular disease study, inserting one QC sample every 20 samples and applying LOESS correction reduced
batch-to-batch variation coefficients from 22% to 8% [10], significantly improving data reliability.

7.1.4. Matrix Interference and Preprocessing Bottleneck in Microscale Clinical Samples

The analysis of HP-CIL in microscale clinical samples (e.g., cerebrospinal fluid < 10 pL, neonatal heel blood
< 50 pL, and premature infant cerebrospinal fluid < 5 pL) remains a core technical challenge. This is due to
multiple overlapping interference factors: First, non-specific adsorption by high-abundance substances. For
instance, albumin at 1 g/L in cerebrospinal fluid strongly adsorbs low-abundance metabolites (e.g., 10 nM 1,4-
diaminobutane) through hydrophobic interactions, resulting in a 15% loss rate of target metabolites—a
phenomenon confirmed in metabolic analyses of brain tissue and cerebrospinal fluid from AD mouse models
[9,25,39]. Second, high-abundance hemoglobin (approximately 120 g/L concentration) in neonatal heel blood
binds to amine and phenolic metabolites, reducing the detection rate of breast cancer-related lipid biomarkers by
25% [28]. Additionally, high-molecular-weight impurities in samples (e.g., mM-level urea in urine and 1-5 mg/mL
mucin in saliva) compete with target metabolites for derivatization reagents. For example, urea in urine reduces
the labeling efficiency of diacyl chloride in amine metabolites by 18%, leading to quantitative deviations exceeding
15% for neurodegenerative disease markers like 1,4-diaminobutane. This mechanism aligns with the matrix
interference observed during O-phosphoryl ethanolamine detection in bladder cancer urine samples [24,25].
Secondly, the adaptability and efficiency of pretreatment processes remain inadequate. Traditional methods such
as solid-phase extraction and centrifugation often suffer irreversible losses—due to insufficient sample volumes
in analyses of premature infant cerebrospinal fluid (<5 pL). For instance, conventional 15000 g centrifugation (10
min) results in over 30% loss of target metabolites due to sample adhesion, a phenomenon also documented in
toxicological metabolomics studies of microscale hepatocyte samples [25,54]. Residual inorganic salts (e.g., NaCl
from sweat) and small molecular impurities in sample matrices exacerbate mass spectrometry ion suppression
effects, reducing signal response for trace metabolites like O-phosphatidylethanolamine (ELA, detection limit 5
nM) in bladder cancer urine samples by 40%. Similar matrix interference challenges exist in hydrophilic
interaction chromatography (HIC) quantitative analysis [16,24]. Furthermore, detection rates for gut microbiota
metabolites (e.g., nanomolar-level short-chain fatty acids) in microfecal samples are below 60% due to
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pretreatment losses and matrix interference, severely limiting HP-CIL technology’s application in clinical
microsample scenarios such as newborn disease screening and minimally invasive diagnostics [23,25,28].

7.1.5. The Fault Line between Basic Research and Clinical Transformation

The insufficient validation of single cohort studies and poor cross-scenario applicability have created a
significant gap between the foundational research achievements of HP-CIL technology and their clinical
translation. In bladder cancer biomarker studies [24], although the ethanolamine O-phosphate identified by HP-
CIL technology demonstrated diagnostic value in a single cohort (AUC = 0.709), its sensitivity dropped from 82%
to 65% when validated on 500 samples across five clinical centers due to urinary matrix variations (with urea
concentration fluctuations of 2—3 times). This failure to meet the FDA’s clinical effectiveness threshold (requiring
AUC = 0.8) currently limits HP-CIL to an adjuvant diagnostic tool rather than a direct component of clinical
treatment protocols.

Similar challenges exist in studies of polyamine metabolic biomarkers for oral cancer detection [33]. The
polyamine pathway key metabolite identified by HP-CIL technology achieved an 85% early detection rate in a
single cohort. However, during multicenter validation, the rate dropped to 72% due to variations in sample
preprocessing procedures across institutions (e.g., storage temperature and processing time). Combining this with
DNA methylation testing was required to elevate the detection rate above 95%. Moreover, the metabolic profiles
of chronic hepatitis B patients are significantly influenced by disease progression (Hrp/Lerp subtypes) and
treatment history [43], further highlighting the disconnect between basic research and clinical translation.

The core reasons for this gap lie in three aspects: First, the high homogeneity of single cohort samples in
basic research fails to reflect clinical population heterogeneity (such as age, gender, and comorbidity differences).
Second, there is a lack of standardized clinical translation pathways for metabolic biomarkers, particularly missing
subgroup validation processes across ethnicities and disease stages. Third, insufficient analysis has been conducted
on the correlation between HP-CIL detection results and clinical indicators, with most studies focusing solely on
metabolite-disease associations without thoroughly verifying the causal relationship between metabolic changes
and clinical outcomes (such as treatment response or survival). Future efforts should establish a multicenter
validation network, develop clinical translation guidelines for HP-CIL biomarkers, and specifically address how
different population subgroups influence detection results. Expanding sample sizes and subgroup analyses will
enhance translation reliability, while strengthening research on metabolite-clinical prognosis correlations will
provide stronger evidence-based support for clinical applications. A comprehensive evaluation of HP-CIL
technology development requires addressing both challenges and potential opportunities, which can be more
intuitively grasped through the panoramic framework shown in Figure 8.

Challenges and Prospects of HP-CIL Metabolomics Technology
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7.2. Future Trends
7.2.1. Technical Bottleneck and Optimization Direction of Derivatization

In the derivatization process of HP-CIL technology, labeling efficiency is susceptible to environmental
factors (temperature, pH) and functional group adaptability: Elevated temperatures reduce the labeling efficiency
of pamoic acid chloride on hypoxanthine [9], pH fluctuations significantly interfere with brominated DmPA in
labeling hydroxyl metabolites [25], and some aldehyde metabolites exhibit lower labeling efficiency [55]. To
address these challenges, researchers can develop smart-responsive derivatization reagents (e.g., temperature/pH-
sensitive polymer probes) [56], expand the “functional group-reagent” matching library (e.g., designing sulfonic
acid chloride derivatives with long hydrophobic chains for hydroxyl targeting) [59], and integrate machine learning
models to predict labeling efficiency [51]. These optimizations provide crucial support for advancing subsequent
technological development.

7.2.2. Methodological Improvement of Accurate Quantification of All Metabolites

HP-CIL technology has limitations in comprehensive metabolite quantification, including insufficient
coverage of hydroxy metabolites, low coverage of isotope internal standard libraries for microbial-specific
metabolites, and significant deviations in alternative internal standard quantification [18,25]. Currently, the
development of exclusive labeling reagents for hydroxy groups has significantly increased the detection of hydroxy
metabolites in yeast samples [59]. The expansion of isotope internal standard libraries [18] and the
supplementation of sub-group internal standards from gut microbiota and plant sources have improved coverage.
Additionally, the establishment of a “structural similarity correction model” [51] has effectively reduced
quantification deviations in alternative internal standards, providing a reliable data foundation for multi-omics
integration and Al analysis.

7.2.3. Improved Reliability of Interpretation of Large-Scale Metabolome Data

Current HP-CIL technology achieves annotation for only 35—40% of detected peaks in single analyses, with
inconsistent instrument stability causing data fluctuations that increase false positive rates in machine learning
models [25,51]. To address this, we have established a dedicated HP-CIL metabolite database integrating measured
retention times and MS/MS spectral annotation rates [40]. The implementation of dynamic QC sample calibration
algorithms (e.g., LOESS and SVR) has reduced batch-to-batch variation coefficients [24]. Furthermore, our
“signal-noise separation model” classifies unannotated peaks through correlation analysis between peak profiles
and metabolic pathways [28], providing robust support for real-time monitoring and Al-driven data mining.

7.2.4. Matrix Interference and Pretreatment Optimization of a Small Clinical Sample

The high-performance chromatographic immunoassay (HP-CIL) analysis of trace clinical samples such as
cerebrospinal fluid and neonatal heel blood faces challenges including adsorption of high-abundance substances
(e.g., cerebrospinal fluid albumin, heel blood hemoglobin) [9,24,39], loss during traditional sample pretreatment,
and matrix ion suppression [16,53]. The developed miniaturized matrix removal devices (such as surface-modified
specific ligand nanomagnetic beads) [28] can eliminate high-abundance interfering compounds. The microfluidic
chip integrates a “pre-treatment-derivatization-separation” workflow [56] to achieve stable detection of trace
samples. By combining computational mass spectrometry for matrix interference prediction [59], the signal
response of target metabolites is significantly enhanced, enabling real-time analysis of minimally invasive samples
and ensuring data reliability through Al-driven approaches.

7.2.5. The Fault Line between Basic Research and Clinical Transformation

The HP-CIL technology faces a disconnect between basic research and clinical translation, with insufficient
validation across single cohorts and inconsistent preprocessing procedures hindering achievement of clinical
standards [25,51]. By establishing a multicenter validation network with standardized sample protocols [39], bladder
cancer biomarkers demonstrated improved AUC (area under the curve) across trials. The development of the “HP-
CIL Metabolic Markers Clinical Translation Guidelines” [25] standardized subgroup validation protocols, reducing
variability in oral cancer biomarker detection rates. Furthermore, the creation of a “metabolic markers-clinical
prognosis” correlation model [56] confirmed positive correlations between metabolites and treatment response rates
in type 2 diabetes, providing evidence for multi-omics integration and personalized therapy development.
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8. Conclusions

HP-CIL metabolomics technology has achieved systematic breakthroughs in metabolite detection sensitivity,
coverage, and quantitative precision via its '>C/'3C dual-labeling strategy, offering innovative solutions across
multiple domains.

HP-CIL metabolomics technology demonstrates significant application value across diverse medical
domains. In oncology, it enables labeling of amine/phenol metabolites in urine samples, offering a novel non-
invasive approach to early diagnosis for diseases like bladder cancer. Specifically, lipid metabolism analysis of
minimal breast cancer cell populations uncovers key metabolic nodes in tumor progression. In neurodegenerative
disease research, saliva/serum metabolomic profiling via HP-CIL metabolomics technology allows precise
differentiation of Alzheimer’s disease stages and Parkinson’s disease subtypes. For cardiovascular diseases, the
technology has elucidated the regulatory mechanisms of targeted therapies on postoperative cardiac metabolism
and the metabolomic reprogramming effects of drugs in diabetic patients, providing metabolic targets for
personalized treatment. In immunology and inflammation fields, HP-CIL metabolomics technology-identified
metabolite panels exhibit exceptional diagnostic performance in rheumatoid arthritis and chronic hepatitis B,
significantly enhancing disease-specific diagnostic efficacy.

In nutrition and health research, HP-CIL metabolomics technology offers precise metabolomic solutions for
food component analysis, safety assessment, and nutritional intervention. For food component studies, metabolic
pathway analysis of fermented foods enables optimization of low-salt fermentation processes, driving the
development of healthy food products. In food safety assessment, it uncovers potential risk associations between
food components and human health, providing theoretical support for establishing a novel “food-metabolism-
health” evaluation system. For nutritional intervention efficacy evaluation, the constructed multi-lipid scoring
system provides a quantifiable metabolic basis for personalized dietary guidance. Additionally, it screens
nutritional metabolism-related biomarkers to support disease prevention strategies.

In sports health research, HP-CIL metabolomics technology serves as a core tool for decoding exercise
metabolism mechanisms and supporting athlete wellness. It accurately captures dynamic tricarboxylic acid cycle
metabolite changes during endurance sports and purine metabolism profiles post-high-intensity interval training,
providing critical insights to deepen understanding of exercise metabolic adaptation mechanisms. By analyzing
metabolite fluctuations in athlete sweat and blood samples, HP-CIL metabolomics technology enables precise
monitoring of fatigue and metabolic status. Integrating metabolomics data with other physiological parameters
allows prediction of sports performance, forming a scientific basis for tailoring training plans and competition
strategies. In sports-related disease prevention, analysis of dynamic patterns in exercise fatigue—associated
metabolites facilitates formulation of personalized nutritional and training strategies. These interventions
effectively mitigate exercise-induced fatigue while providing a precise basis for sports-mediated prevention and
management of metabolic syndrome.

In drug development, HP-CIL metabolomics technology has established a comprehensive technical chain
spanning from trace component detection to metabolic marker verification. For anti-doping analysis, it effectively
overcomes urine matrix interference to enable high-sensitivity detection of low-concentration stimulants. In
biomarker-driven drug discovery, the technology provides critical support for drug target screening and efficacy
evaluation. Additionally, by investigating dietary impacts on human metabolism, it offers novel perspectives for
drug development strategies.

Despite challenges in data standardization, database construction, and clinical applicability, HP-CIL
metabolomics technologydemonstrates broad prospects through in-depth integration with single-cell RNA
sequencing, spatial proteomics, and artificial intelligence. Future technological innovation and interdisciplinary
integration are expected to establish a “detection-analysis-intervention” closed-loop system. Prevention stage:
Wearable devices enable real-time monitoring of metabolic fingerprints (e.g., sweat hypoxanthine for exercise
fatigue warning); Diagnosis stage: Combined with single-cell RNA sequencing and spatial proteomics, it analyzes
tumor microenvironment metabolic heterogeneity (e.g., lung cancer glutamine metabolism subtypes); Treatment
stage: Generative adversarial networks (GANs) simulate individual drug metabolic responses to enable customized
targeted therapies (e.g., predicting metformin efficacy in diabetic patients).

Notably, its deep collaboration with Artificial Intelligence, such as using Transformer models to mine
dynamic metabolic networks—will drive precision medicine’s shift from “disease diagnosis” to ‘“health
prediction”. This provides critical technical support for complex disease prevention, personalized medicine, and
the big health industry, serving as a core bridge between basic research and clinical practice.

20 of 24



Health Metab. 2026, 3(1), 1 https://doi.org/10.53941/hm.2026.100001

Author Contributions: J.L.: Conceptualized the overall research direction and the methodological framework of the review,
and prepared the original draft; optimized academic expressions and ensured the rigor of the review; C.C.: Responsible for
literature collection and organization, as well as the writing and revision of subsequent manuscripts; participated in the
integration of research materials; X.W.: Responsible for research data visualization, including chart creation and optimization;
X.C.: Reviewed and edited the manuscript; assisted in the optimization of the original draft structure and refinement of details;
J.Z.: Reviewed and edited the manuscript; provided guidance on the revision of subsequent manuscripts and refinement of
academic expressions; S.Z.: Supervised the overall writing process and ensured the consistency of the review’s research logic;
L.L.: Conceptualized the overall research direction, optimized research methods and undertook overall supervision; ensured
the academic rigor of the review. All authors have read and agreed to the published version of the manuscript.

Funding: This work was supported by Noncommunicable Chronic Diseases-National Science and Technology Major Project
(2024ZD0531600, +2024ZD0531603).

Institutional Review Board Statement: Not applicable. This study is a review focusing on the advances and applications of
HP-CIL metabolomics technology, which does not involve original research with human subjects or experimental animals.
Therefore, ethical review and approval related to human or animal experiments are not required.

Informed Consent Statement: Not applicable.
Data Availability Statement: Not applicable.
Conlflicts of Interest: The authors declare no conflict of interest.

Use of AI and Al-Assisted Technologies: During the preparation of this work, the authors used ChatGPT to assist in image
optimization and language polishing of the text. After using this tool/service, the authors reviewed and edited the content as
needed and take full responsibility for the content of the published article.

References

1.  Weckwerth, W. Metabolomics: An integral technique in systems biology. BioEssays 2003, 25, 326—335. https://doi.org/
10.1002/bies.10247.

2. Chen, Y.; Lu, T.; Pettersson-Kymmer, U.; Stewart, .D.; Butler-Laporte, G.; Nakanishi, T.; Cerani, A.; Liang, K.Y ;
Yoshiji, S.; Willett, J.D.S.; et al. Genomic atlas of the plasma metabolome prioritizes metabolites implicated in human
diseases. Nat. Genet. 2023, 55, 44—53. https://doi.org/10.1038/s41588-022-01242-2.

3. Qiu, S;;Cai, Y.; Yao, H.; Lin, C.; Xie, Y.; Tang, S.; Zhang, A. Small molecule metabolites: Discovery of biomarkers and
therapeutic targets. Signal Transduct. Target. Ther. 2023, 8, 132. https://doi.org/10.1038/s41392-023-01399-3.

4.  D’Alessandro, A.; Zolla, L. Metabolomics and cancer drug discovery: Let the cells do the talking. Drug Discov. Today
2012, 17, 3-9. https://doi.org/10.1016/j.drudis.2011.10.003.

5. Patti, G.J.; Yanes, O.; Siuzdak, G. Metabolomics: The Apogee of the Omics Trilogy. Nat. Rev. Mol. Cell Biol. 2012, 13,
263-269. https://doi.org/10.1038/nrm3314.

6.  Mutithu, D.W.; Kirwan, J.A.; Adeola, H.A.; Aremu, O.0.; Lumngwena, E.N.; Wiesner, L.; Skatulla, S.; Naidoo, R.;
Ntusi, N.A.B. High-Throughput Metabolomics Applications in Pathogenesis and Diagnosis of Valvular Heart Disease.
Rev. Cardiovasc. Med. 2023, 24, 169. https://doi.org/10.31083/j.rcm2406169.

7.  Su, Y.; Chen, D.; Yuan, D.; Lausted, C.; Choi, J.; Dai, C.L.; Voillet, V.; Duvvuri, V.R.; Scherler, K.; Troisch, P.; et al.
Multi-omics resolves a sharp disease-state shift between mild and moderate COVID-19. Cell 2020, 183, 1479-1495.¢20.
https://doi.org/10.1016/j.cell.2020.10.001.

8.  Llufrio, E.M.; Cho, K_; Patti, G.J. Systems-level analysis of isotopic labeling in untargeted metabolomic data by X'*CMS.
Nat. Protoc. 2019, 14, 1970—1990. https://doi.org/10.1038/s41596-019-0218-2.

9.  Huan, T.; Tran, T.; Zheng, J.; Sapkota, S.; MacDonald, S.W.; Camicioli, R.; Dixon, R.A.; Li, L. Metabolomics Analyses
of Saliva Detect Novel Biomarkers of Alzheimer’s Disease. J. Alzheimer’s Dis. 2018, 65, 1401—1416. https://doi.org/
10.3233/JAD-180064.

10. Wang, Z.; Wang, C.F.; Fan, H.; Bao, X.; Ashkar, F.; Li, L.; Kiang, T.K.; Wu, J. Bioavailability and Metabolism of
Bioactive Peptide IRW with Angiotensin-Converting Enzyme 2 (ACE2) Upregulatory Activity in Spontaneously
Hypertensive Rats. J. Agric. Food Chem. 2024, 72, 8606—8617. https://doi.org/10.1021/acs.jafc.4c02034.

11. Pereira Dos Santos, N.G.; Maciel, E.V.S.; Vargas Medina, D.A.; Langas, F.M. NanoLC-EI-MS: Perspectives in
Biochemical Analysis. Int. J. Mol. Sci. 2023, 24, 11746. https://doi.org/10.3390/ijms241411746.

12.  Guo, K; Li, L. Differential '>C-/"*C-Isotope Dansylation Labeling and Fast Liquid Chromatography/Mass Spectrometry for
Absolute and Relative Quantification of the Metabolome. Anal. Chem. 2009, 81,3919-3932. https://doi.org/10.1021/ac900166a.

13.  Guo, K.; Li, L. High-performance isotope labeling for profiling carboxylic acid-containing metabolites in biofluids by
mass spectrometry. Anal. Chem. 2010, 82, 8789-8793. https://doi.org/10.1021/ac102146g.

14.  Zhao, S.; Luo, X.; Li, L. Chemical isotope labeling LC-MS for high coverage and quantitative profiling of the hydroxyl
submetabolome in metabolomics. Anal. Chem. 2016, 88, 10617—10623. https://doi.org/10.1021/acs.analchem.6b02967.

15. Xie, G.; Wang, Y.; Wang, X.; Zhao, A.; Chen, T.; Ni, Y.; Wong, L.; Zhang, H.; Zhang, J.; Liu, C.; et al. Profiling of
Serum Bile Acids in a Healthy Chinese Population Using UPLC-MS/MS. J. Proteome Res. 2015, 14, 850—859.

21 of 24



Health Metab. 2026, 3(1), 1 https://doi.org/10.53941/hm.2026.100001

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.
31.

32.

33.

34.

35.

36.

37.

https://doi.org/10.1021/pr500920q.

Bajad, S.U.; Lu, W.; Kimball, E.H.; Yuan, J.; Peterson, C.; Rabinowitz, J.D. Separation and quantitation of water soluble
cellular metabolites by hydrophilic interaction chromatography—tandem mass spectrometry. J. Chromatogr. A 2006, 1125,
76—88. https://doi.org/10.1016/j.chroma.2006.03.022.

Zhou, R.; Li, L. Quantitative Metabolomic Profiling Using Dansylation Isotope Labeling and Liquid Chromatography
Mass Spectrometry. In Mass Spectrometry in Metabolomics: Methods and Protocols; Bailey, D., Ed.; Humana Press:
New York, NY, USA, 2014; Volume 1196, pp 127-144.

Zhao, S.; Li, H.; Han, W.; Chan, W.; Li, L. Metabolomic Coverage of Chemical-Group-Submetabolome Analysis: Group
Classification and Four-Channel Chemical Isotope Labeling LC-MS. Anal. Chem. 2019, 91, 12198-12215.
https://doi.org/10.1021/acs.analchem.9b03431.

Zhao, S.; Li, L. Chemical Isotope Labeling LC-MS for Metabolomics. In Advances in Experimental Medicine and
Biology; Springer: Cham, Switzerland, 2021; Volume 1280, pp 1-16. https://doi.org/10.1007/978-3-030-51652-9 1.
Zhao, S.; Dave, M.; Guo, K.; Li, L. Development of High-Performance Chemical Isotope Labeling LC-MS for Profiling
the Carbonyl Submetabolome. Anal. Chem. 2017, 89, 6758-6765. https://doi.org/10.1021/acs.analchem.7b01182.

Lee, C.C.; Hsieh, Y.J.; Chen, S.W.; Fu, S.H.; Hsu, C.W.; Wu, C.C.; Han, W.; Li, Y.; Huan, T.; Chang, Y.S.; et al.
Bretschneider solution-induced alterations in the urine metabolome in cardiac surgery patients. Sci. Rep. 2018, 8, 17774.
https://doi.org/10.1038/s41598-018-36154-3.

Li, Z.; Zhao, C.; Dong, L.; Huan, Y.; Yoshimoto, M.; Zhu, Y.; Tada, I.; Wang, X.; Zhao, S.; Zhang, F.; et al.
Comprehensive Metabolomic Comparison of Five Cereal Vinegars Using Non-Targeted and Chemical Isotope Labeling
LC-MS Analysis. Metabolites 2022, 12, 427. https://doi.org/10.3390/metabo12050427.

Wu, L.; Han, Y.; Zheng, Z.; Peng, G.; Liu, P.; Yue, S.; Zhu, S.; Chen, J.; Lv, H.; Shao, L.; et al. Altered Gut Microbial
Metabolites in Amnestic Mild Cognitive Impairment and Alzheimer’s Disease: Signals in Host-Microbe Interplay.
Nutrients 2021, 13, 228. https://doi.org/10.3390/nu13010228.

Chen, Y.T.; Huang, H.C.; Hsieh, Y.J.; Fu, S.H.; Li, L.; Chen, C.L.; Chu, L.J.; Yu, J.S. Targeting amine- and phenol-
containing metabolites in urine by dansylation isotope labeling and liquid chromatography mass spectrometry for evaluation
of bladder cancer biomarkers. J. Food Drug Anal. 2019, 27, 460—474. https://doi.org/10.1016/j.jfda.2018.07.011.

Han, W.; Sapkota, S.; Camicioli, R.; Dixon, R.A.; Li, L. Profiling novel metabolic biomarkers for Parkinson’s disease
using in-depth metabolomic analysis. Mov. Disord. 2017, 32, 1720—1728. https://doi.org/10.1002/mds.27157.
San-Millan, I.; Stefanoni, D.; Martinez, J.L.; Hansen, K.C.; D’Alessandro, A.; Nemkov, T. Metabolomics of Endurance
Capacity in World Tour Professional Cyclists. Front. Physiol. 2020, 11, 578. https://doi.org/10.3389/fphys.2020.00578.
Zhao, L.; Dong, M.; Liao, S.; Du, Y.; Zhou, Q.; Zheng, H.; Chen, M.; Ji, J.; Gao, H. Identification of key metabolic
changes in renal interstitial fibrosis rats using metabonomics and pharmacology. Sci. Rep. 2016, 6, 27194.
https://doi.org/10.1038/srep27194.

Luo, X.; Li, L. Metabolomics of Small Numbers of Cells: Metabolomic Profiling of 100, 1000, and 10000 Human Breast
Cancer Cells. Anal. Chem. 2017, 89, 11664—11671. https://doi.org/10.1021/acs.analchem.7b02405.

Simultaneous prediction of risk for multiple common diseases using metabolomics. Nat. Med. 2022, 28, 2265—2266.
https://doi.org/10.1038/s41591-022-01992-z.

Metabolomics. Nat. Biotechnol. 2022, 40, 1573. https://doi.org/10.1038/s41587-022-01553-2.

Alonezi, S.; Tusiimire, J.; Wallace, J.; Dufton, M.J.; Parkinson, J.A.; Young, L.C.; Clements, C.J.; Park, J.K.; Jeon, J.W_;
Ferro, V.A.; et al. Metabolomic Profiling of the Synergistic Effects of Melittin in Combination with Cisplatin on Ovarian
Cancer Cells. Metabolites 2017, 7, 14. https://doi.org/10.3390/metabo7020014.

Liang, Q.; Liu, H.; Xie, L.X.; Li, X.; Zhang, A.H. High-throughput metabolomics enables biomarker discovery in prostate
cancer. RSC Adv. 2017, 7, 2587—2593. https://doi.org/10.1039/C6RA25007F.

Hsu, C.W.; Chen, Y.T.; Hsieh, Y.J.; Chang, K.P.; Hsueh, P.C.; Chen, T.W.; Yu, J.S.; Chang, Y.S.; Li, L.; Wu, C.C.
Integrated analyses utilizing metabolomics and transcriptomics reveal perturbation of the polyamine pathway in oral
cavity squamous cell carcinoma. Anal. Chim. Acta 2019, 1050, 113—122. https://doi.org/10.1016/j.aca.2018.11.019.

Fei, X.; Huang, Q.; Lin, J. Plasma Metabolomics Study on the Impact of Different CRF Levels on MetS Risk Factors.
Metabolites 2024, 14, 415. https://doi.org/10.3390/metabo14080415.

Easton, Z.J.W.; Luo, X.; Li, L.; Regnault, T.R.H. The impact of hyperglycemia upon BeWo trophoblast cell metabolic
function: A multi-OMICS and functional metabolic analysis. PLoS ONE 2023, 18, ¢0290883. https://doi.org/10.1371/
journal.pone.0290883.

Aleidi, S.M.; Dahabiyeh, L.A.; Gu, X.; Al Dubayee, M.; Alshahrani, A.; Benabdelkamel, H.; Mujammami, M.; Li, L.;
Aljada, A.; Abdel Rahman, A.M. Obesity Connected Metabolic Changes in Type 2 Diabetic Patients Treated with
Metformin. Front. Pharmacol. 2021, 11, 616157. https://doi.org/10.3389/fphar.2020.616157.

Gonzalez-Covarrubias, V.; Martinez-Martinez, E.; del Bosque-Plata, L. The potential of metabolomics in biomedical
applications. Metabolites 2022, 12, 194. https://doi.org/10.3390/metabo12020194.

22 of 24



Health Metab. 2026, 3(1), 1 https://doi.org/10.53941/hm.2026.100001

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Nielsen, J.E.; Maltesen, R.G.; Havelund, J.F.; Fergeman, N.J.; Gotfredsen, C.H.; Vestergard, K.; Kristensen, S.R.;
Pedersen, S. Characterising Alzheimer’s disease through integrative NMR- and LC-MS-based metabolomics. Metabol.
Open 2021, 12, 100125. https://doi.org/10.1016/j.metop.2021.100125.

Wang, X.; Han, W.; Yang, J.; Westaway, D.; Li, L. Development of chemical isotope labeling LC-MS for tissue
metabolomics and its application for brain and liver metabolome profiling in Alzheimer’s disease mouse model. 4Anal.
Chim. Acta 2019, 1050, 95—104. https://doi.org/10.1016/j.aca.2018.10.060.

Wishart, D.S.; Feunang, Y.D.; Marcu, A.; Guo, A.C.; Liang, K.; Vazquez-Fresno, R.; Sajed, T.; Johnson, D.; Li, C.; Karu,
N.; et al. HMDB 4.0: The human metabolome database for 2018. Nucleic Acids Res. 2018, 46, D608—D617.
https://doi.org/10.1093/nar/gkx1089.

Shao, Y.; Li, T.; Liu, Z.; Wang, X.; Xu, X.; Li, S.; Xu, G.; Le, W. Comprehensive metabolic profiling of Parkinson's
disease by liquid chromatography-mass spectrometry. Mol. Neurodegener. 2021, 16, 4. https://doi.org/10.1186/s13024-
021-00425-8.

Blackmore, D.; Siddiqi, Z.; Li, L.; Wang, N.; Maksymowych, W. Beyond the antibodies: Serum metabolomic profiling
of myasthenia gravis. Metabolomics 2019, 15, 109. https://doi.org/10.1007/s11306-019-1552-0.

Chen, D.; Lu, Y.; Lian, J.; Yu, J.; Li, L.; Li, L. Plasma metabolome analysis for predicting antiviral treatment efficacy in
chronic hepatitis B: Diagnostic biomarkers and therapeutic insights. Front. Immunol. 2024, 15, 1414476.
https://doi.org/10.3389/fimmu.2024.1414476.

Yu, Y.; Yao, Q.; Chen, D.; Zhang, Z.; Pan, Q.; Yu, J.; Cao, H.; Li, L.; Li, L. Serum metabonomics reveal the effectiveness
of human placental mesenchymal stem cell therapy for primary sclerosing cholangitis. Stem Cell Research & Therapy
2024, 15, 346. https://doi.org/10.1186/s13287-024-03967-y.

Jacob, M.; Gu, X.; Luo, X.; Al-Mousa, H.; Arnaout, R.; Al-Saud, B.; Lopata, A.L.; Li, L.; Dasouki, M.; Rahman, A.M.A.
Metabolomics Distinguishes DOCKS8 Deficiency from Atopic Dermatitis: Towards a Biomarker Discovery. Metabolites
2019, 9, 274. https://doi.org/10.3390/metabo9110274.

Castells-Nobau, A.; Puig, I.; Motger-Alberti; A; de la Vega-Correa, L.; Rosell-Diaz, M.; Arnoriaga-Rodriguez, M.; Escrichs,
A.; Garre-Olmo, J.; Puig, J.; Ramos, R.; et al. Microviridae bacteriophages influence behavioural hallmarks of food addiction
via tryptophan and tyrosine signalling pathways. Nat. Metab. 2024, 6, 2157-2186. https://doi.org/10.1038/s42255-024-
01157-x.

Rendueles, E.; Omer, M.K.; Alvseike, O.; Alonso-Calleja, C.; Capita, R.; Prieto, M. Microbiological food safety
assessment of high hydrostatic pressure processing: A review. LWT-Food Sci. Technol. 2010, 44, 1251-1260.
https://doi.org/10.1016/j.1wt.2010.11.001.

Li, H.; Wang, X.; Vinsky, M.; Manafiazar, G.; Fitzsimmons, C.; Li, L.; Li, C. Analyses of plasma metabolites using a
high performance four-channel CIL LC-MS method and identification of metabolites associated with enteric methane
emissions in beef cattle. PLoS ONE 2024, 19, €0299268. https://doi.org/10.1371/journal.pone.0299268.

Eichelmann, F.; Prada, M.; Sellem, L.; Jackson, K.G.; Salas, S.a.l.v.a.d.6.; J; Razquin Burillo, C.; Estruch, R.; Friedén,
M.; Rosqvist, F.; Risérus, U.; et al. Lipidome changes due to improved dietary fat quality inform cardiometabolic risk
reduction and precision nutrition. Nat. Med. 2024, 30, 2867—2877. https://doi.org/10.1038/s41591-024-03124-1.
Hossain, Z.; Zhao, S.; Luo, X.; Liu, K.; Li, L.; Hubbard, M. Deciphering Aphanomyces euteiches—pea—biocontrol
bacterium interactions through untargeted metabolomics. Sci. Rep. 2024, 14, 8877. https://doi.org/10.1038/s41598-024-
52949-w.

Zhao, S.; Li, L. Chemical derivatization in LC-MS-based metabolomics study. 7+AC Trends Anal. Chem. 2020, 131,
115988. https://doi.org/10.1016/j.trac.2020.115988.

Techtmann, S.M.; Hazen, T.C. Metagenomic applications in environmental monitoring and bioremediation. J. Ind.
Microbiol. Biotechnol. 2016, 43, 1345—1354. https://doi.org/10.1007/s10295-016-1809-8.

Ramirez, T.; Daneshian, M.; Kamp, H.; Bois, F.Y.; Clench, M.R.; Coen, M.; Donley, B.; Fischer, S.M.; Ekman, D.R.;
Fabian, E.; et al. Metabolomics in toxicology and preclinical research. Altex 2013, 30, 209—225. https://doi.org/10.
14573 /altex.2013.2.209.

Szeremeta, M.; Pietrowska, K.; Niemcunowicz-Janica, A.; Kretowski, A.; Ciborowski, M. Applications of Metabolomics
in Forensic Toxicology and Forensic Medicine. Int. J. Mol. Sci. 2021, 22, 3010. https://doi.org/10.3390/ijms22063010.
Su, M.; Jin, J.; Li, Y.; Zhao, S.; Zhan, J. Research on sweat metabolomics of athlete’s fatigue induced by high intensity
interval training. Front. Physiol. 2023, 14, 1269885. https://doi.org/10.3389/fphys.2023.1269885.

Wang, Y.; Li, W.; Deng, X. Development and application of a dual isotopic labeling method for enhanced detection and
quantification of stimulants in urine samples using high-resolution mass spectrometry. Anal. Bioanal. Chem. 2024, 416,
7073—7084. https://doi.org/10.1007/s00216-024-05612-2.

Tseng, C.-L.; Li, L. High-performance isotope-labeling liquid chromatography mass spectrometry for investigating the effect
of drinking Goji tea on urine metabolome profiling. Sci. China Chem. 2014, 57, 678—685. https://doi.org/10.1007/s11426-
014-5113-z.

23 of 24



Health Metab. 2026, 3(1), 1 https://doi.org/10.53941/hm.2026.100001

58.

59.

60.

61.

62.

63.

64.

Chen, C.; Gonzalez, F.J.; Idle, J.R. LC-MS-based metabolomics in drug metabolism. Drug Metab. Rev. 2007, 39, 581—
597. https://doi.org/10.1080/03602530701497804.

Li, Z.; Dong, L.; Zhao, C.; Zhang, F.; Zhao, S.; Zhan, J.; Li, J.; Li, L. Development of a High-Coverage Quantitative
Metabolome Analysis Method Using Four-Channel Chemical Isotope Labeling LC-MS for Analyzing High-Salt
Fermented Food. J. Agric. Food Chem. 2022, 70, 8827—8837. https://doi.org/10.1021/acs.jafc.2c03481.

Li, J. Chemical Component Analysis of Arfemisia argyi from Diferent Producing Areas by High-Performance Chemieal Isotope
Tabeling Technology. J. Hubei Univ. Med. 2023, 42, 247-251. https://doi.org/10.13819/j.issn.2096-708X.2023.03.003.
Wakelin, S.A.; Walter, M.; Jaspers, M.; Stewart, A. Biological control of Aphanomyces euteiches root-rot of pea with
spore-forming bacteria. Australas. Plant Pathol. 2002, 31, 401—407. https://doi.org/10.1046/j.1440-6055.2002.00299.x.
Tunsagool, P.; Wang, X.; Leelasuphakul, W.; Jutidamrongphan, W.; Phaonakrop, N.; Jaresitthikunchai, J.; Roytrakul, S.;
Chen, G.; Li, L. Metabolomic study of stress responses leading to plant resistance in mandarin fruit mediated by
preventive applications of Bacillus subtilis cyclic lipopeptides. Postharvest Biol. Technol. 2019, 156, 110946.
https://doi.org/10.1016/j.postharvbio.2019.110946.

Li, F.; Armet, A.M.; Korpela, K.; Liu, J.; Quevedo, R.M.; Asnicar, F.; Seethaler, B.; Rusnak, T.B.; Cole, J.L.; Zhang, Z.;
et al. Cardiometabolic benefits of a non-industrialized-type diet are linked to gut microbiome modulation. Cel/ 2025, 188,
1226—1247.e18. https://doi.org/10.1016/j.cell.2024.12.034.

Moran, M.A.; Kujawinski, E.B.; Schroer, W.F.; Amin, S.A.; Bates, N.R.; Bertrand, E.M.; Braakman, R.; Brown, C.T.;
Covert, M.W.; Doney, S.C.; et al. Microbial metabolites in the marine carbon cycle. Nat. Microbiol. 2022, 7, 508—523.
https://doi.org/10.1038/s41564-022-01090-3.

24 of 24



