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Background: Hypertension is a crucial risk factor for cardiovascular diseases.
Previous studies have revealed the serum metabolic profiles of patients with
hypertension, laying the groundwork for accurate diagnosis and potential
therapeutic target identification. While hypertension has well-documented
biochemical signatures, TCM classifies it into distinct syndromes based on
patterns of clinical manifestations and underlying pathophysiological concepts.
From the perspective of Traditional Chinese Medicine (TCM), hypertension
can be classified into several distinct syndromes, including Liver Yang Rising
(LYR), Internal Phlegm-Dampness Accumulation (IPDA), and Liver-Kidney Yin
Deficiency (LKYD). The present study aimed to identify the metabolic biomarkers
for TCM syndromes by metabolomic analysis.

Methods: Metabolomic profiling of LYR, IPDA, and LKYD was performed (10
cases per group, sampled randomly) among thirty hypertensive patients and
ten healthy controls recruited from the First Hospital of Hunan University
of Chinese Medicine, Changsha, China. Hypertension and TCM syndrome
classification were confirmed by clinicians, and participants with severe
organ dysfunction or acute illnesses were excluded. Ultra-performance liquid
chromatography-tandem mass spectrometry was used to identify differentially
expressed metabolites (DEMs), weighted correlation network analysis (WGCNA)
was applied to construct syndrome-associated networks, and multivariate
ROC-based exploratory analysis identified key biomarkers with high diagnostic
performance.

Results: Thirty-seven DEMs were identified for each syndrome comparison
(LYR vs. control, IPDA vs. control, and LKYD vs. control), with 26 shared DEMs
enriched in multiple metabolic pathways. Pairwise comparisons among TCM
syndromes revealed distinct metabolic profiles, including glycated amino acids
and tryptophan derivatives. WGCNA identified hub metabolites such as p-
Xylene and Octinoxate. Multivariate ROC analysis yielded ten biomarkers with
high diagnostic accuracy (AUC = 0.944), offering potential for distinguishing
TCM-based hypertension subtypes and gquiding targeted interventions.
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Conclusion:

Distinct

10.3389/fmolb.2025.1655493

metabolic signatures of TCM-based hypertension

syndromes were identified, along with serum biomarkers showing high

diagnostic accuracy. These findings

support more precise syndrome

differentiation and offer potential targets for personalized hypertension

management.

serum, metabolome, hypertension, traditional Chinese medicine syndromes, WGCNA

1 Introduction

Traditional Chinese Medicine (TCM) provides a comprehensive
framework for understanding hypertension through the lens of
systemic imbalances and syndrome differentiation (Wang and
Xiong, 2013). Rather than focusing solely on blood pressure levels,
TCM classifies hypertension into distinct patterns such as Liver Yang
Rising (LYR), Internal Phlegm-Dampness Accumulation (IPDA),
and Liver-Kidney Yin Deficiency (LKYD) (Wang et al, 2014).
This syndrome-based approach enables individualized treatment
strategies that integrate herbal medicine, acupuncture, and lifestyle
modification (Zewei et al., 2023). The incorporation of TCM into
modern clinical practice offers potential for more personalized and
holistic management of hypertension.

Although hypertension is well characterized by biochemical
markers, its clinical presentation can vary widely among patients.
In TCM, these variations are interpreted as distinct syndromes,
classified according to patterns of symptoms and underlying
pathophysiological principles. While hypertension has well-
documented biochemical signatures, TCM classifies it into distinct
syndromes based on patterns of clinical manifestations and
underlying pathophysiological concepts. In TCM, hypertension
is regarded as a manifestation of underlying imbalances within
the body's vital substances—Qi, Blood, Yin, and Yang—and their
associated organ systems, particularly the liver, kidney, and spleen
(Qu et al,, 2022). The advantages of TCM lies on: holistic approach
and individualized treatment, addressing both symptoms and root
causes, fewer side effects and suitability for long-term use, emphasis
on lifestyle and preventive care as well as integration of emotional
and psychological health (Zhang et al, 2024). Nevertheless, a
systematic understanding of hypertension subtypes within the
framework of TCM remains insufficient, which poses a significant
challenge to the advancement of TCM approaches in the prevention
and management of hypertension (Wang et al., 2022).

TCM considers hypertension to fall under the categories of

»

“dizziness,” “headache,” and “palpitations;,” which are understood
through the theory of syndrome differentiation. The pathogenesis
is believed to involve internal wind, phlegm, fire, or deficiency,
resulting from emotional stress, improper diet, aging, or
constitutional weakness (Wang et al., 2014). Treatment focuses on
restoring internal balance through herbal medicine, acupuncture,
dietary regulation, and lifestyle adjustment, aiming to address the
root cause rather than just the symptoms (Zhang et al., 2021). A
clear identification of specific syndromes is of great significance
for an accurate understanding of these classifications and for the
development of individualized therapeutic approaches. Serum
metabolic analysis plays a critical role in understanding the
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pathophysiology, diagnosis, and management of hypertension
(Xu et al,, 2025). By profiling metabolites in the blood, researchers
and clinicians can identify specific biochemical changes associated
with elevated blood pressure (Kanbay et al., 2023). This approach
provides insights into metabolic pathways that may contribute to
the development and progression of hypertension, such as lipid
metabolism, glucose regulation, amino acid pathways, and oxidative
stress (Tian and Liang, 2021). Moreover, serum metabolomics
can help uncover early biomarkers of hypertension before clinical
symptoms appear, enabling timely intervention and personalized
treatment strategies (Zhao et al, 2023). It also offers a deeper
understanding of the heterogeneity of hypertension, facilitating
classification of patients based on metabolic phenotypes (Litwin
and Kutaga, 2021).

Currently, there is a paucity of data regarding the blood
metabolomic signatures corresponding to various TCM syndromes
of hypertension. Elucidating these profiles would improve the
metabolic understanding of TCM syndrome classification and play
a crucial role in advancing personalized treatment strategies and
fostering the integration of TCM with modern medical practices.
This study focuses on investigating the serum metabolomic
differences among patients with different TCM syndromes
of hypertension—LYR, IPDA, and LKYD. By identifying key
differential metabolites, the study aims to establish a relationship
between TCM syndrome classification and serum metabolic profiles.
The findings of this research may not only facilitate the screening of
potential diagnostic biomarkers, but also provide valuable insights
into the distinct pathophysiological characteristics of various TCM
syndromes of hypertension.

2 Materials and methods

2.1 Patients

Thirty patients with hypertension and ten healthy individuals
were enrolled in this study. All participants were recruited from
the First Hospital of Hunan University of Chinese Medicine,
Changsha, China (Ethical code: HN-LL-LW-2025-023). The basic
information of the samples is listed in Supplementary Table S1.
Eligible participants were patients with a confirmed diagnosis
of hypertension and classified as LYR, IPDA, or LKYD by
clinicians at the First Hospital of Hunan University of Chinese
Medicine according to the Expert Consensus on Diagnosis and
Treatment of Hypertension with Traditional Chinese Medicine
(Society of Cardiovascular Diseases, 2019); individuals who, in
addition to hypertension, presented with severe functional
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impairment of major organs (heart, liver, kidneys, or lungs) or
with acute or critical illnesses such as malignant neoplasms were
excluded from the study. Control participants had no history of
cardiovascular or systemic disease, no significant abnormalities
on clinical examination, and did not meet diagnostic criteria for
hypertension (Supplementary Figure S1). Clinicians at the First
Hospital of Hunan University of Chinese Medicine confirmed the
participants' health status. The present study complied with the
Declaration of Helsinki.

2.2 Sample collection and preprocessing
procedures

To identify biomarker for the specific of
hypertension, venous blood samples were collected from all

syndromes

participants, and serum was isolated for metabolomic analysis.
Non-targeted metabolomics analysis was performed using ultra-
performance liquid chromatography-tandem mass spectrometry
(UPLC-MS/MS) by Shenzhen Wininnovate BIO Co., Ltd.
(Shenzhen, China). Metabolites were extracted from serum
samples (50 uL per sample) using a 50% methanol-water solution.
Subsequently, 100 uL of the metabolite extract was mixed with
400 pL of pre-chilled 50% methanol-acetonitrile solution and
subjected to ultrasonication for 10 min. The mixture was incubated
at —20°C for 1h, followed by centrifugation at 20,000 x g
for 15 minat 4 °C. The supernatant was collected and dried to
completeness overnight under vacuum. The dried residue was
reconstituted in a 50% acetonitrile-water solution, sonicated for
10 min, and centrifuged again at 20,000 x g for 15 min at 4 °C. The
resulting supernatant was transferred to vials for analysis. Quality
control (QC) samples were prepared by pooling 10 pL aliquots from
each sample and processed identically.

2.3 Metabolite profiling and annotation

Non-targeted metabolomics analysis was performed using an
UltiMate 3000 ultra-performance liquid chromatography (UPLC)
system coupled with a Q Exactive Plus high-resolution tandem mass
spectrometer (Thermo Fisher Scientific, United States) at Shenzhen
Wininnovate BIO Co., Ltd. Serum metabolites were extracted and
analyzed in both positive and negative ion modes. Chromatographic
separation was achieved on an ACQUITY UPLC HSS T3 column
(100 mm x 2.1 mm, 1.7 um, Waters, United States) at 50 °C, with
a mobile phase of 0.1% formic acid in water (A) and 0.1% formic
acid in acetonitrile (B) and a standard gradient at a flow rate of
0.3 mL min™',
data
xcmsonline.scripps.edu)

Raw were processed using XCMS  (https://
for peak detection and alignment.
Metabolites were annotated by matching accurate mass (m/z) and
retention time to entries in the Human Metabolome Database
(HMDB, version 4.0) and the Kyoto Encyclopedia of Genes and
Genomes (KEGG), with a mass tolerance of 10 ppm. Candidate
identifications were further supported by isotopic distribution
analysis and comparison of MS/MS fragments with composite
libraries (LipidBlast v37, MassBank, HMDB v4.0, and an in-house

spectrum database). Detailed instrumental settings (e.g., voltages,
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gas pressures, injection times, AGC targets) are provided in the
Supplementary Methods.

2.4 Screening and analysis of differentially
expressed metabolites

Metabolomics data were subjected to preprocessing, including
logarithmic transformation and z-score standardization. Missing
value imputation was performed using half-minimum substitution.
Principal component analysis (PCA) and orthogonal partial
least-squares discriminant analysis (OPLS-DA) were employed
to explore data structure and discriminate between groups.
Differentially expressed metabolites (DEMs) were identified based
on a significance threshold of P < 0.05, adjusted for multiple
comparisons using the Benjamini-Hochberg false discovery
rate (FDR) correction, and a variable importance in projection
(VIP) score >1. Annotated metabolites, identified by matching
against the Kyoto Encyclopedia of Genes and Genomes (KEGG)
Compound database (https://www.genome.jp/kegg/compound/),
were mapped to metabolic pathways using the KEGG Pathway
database
102.0). Pathway enrichment analysis was conducted using a

(https://www.genome.jp/kegg/pathway.html;  Release
hypergeometric distribution, with pathways deemed significantly
enriched at P < 0.05.

2.5 Construction of weighted gene
co-expression network for metabolites

Weighted gene co-expression network analysis (WGCNA) was
employed to delineate significant metabolic modules and central
metabolites. The analysis was conducted using the WGCNA R
package. All the metabolites detected in the present study were
included in the WGCNA analysis (716 metabolites). A hierarchical
clustering dendrogram was generated through a dynamic tree-
cutting algorithm, as described in previous studies (Langfelder and
Horvath, 2008; Zhou et al., 2020). Associations between metabolic
modules and TCM syndromes were assessed to identify modules
with the strongest phenotypic correlations. These modules were
selected for subsequent functional enrichment analysis. A network
visualization of key modules was constructed using Cytoscape
software (version 3.7.2; Shannon etal., 2003). Hub metabolites
within these modules were determined using the maximal clique
centrality (MCC) algorithm implemented in the Cytohubba plug-
in for Cytoscape, with the top five metabolites designated as hub
metabolites.

2.6 Multivariate ROC curve analysis

This study analyzed data from 40 participants (10 with
normal blood pressure and 30 with hypertension, categorized
into liver yang hyperactivity, phlegm-heat disturbance, and
liver-kidney yin deficiency groups) using MetaboAnalyst
6.0 (https://www.metaboanalyst.ca) for multivariate Receiver
Operating Characteristic (ROC) analysis. Data were auto-scaled in

MetaboAnalyst, and discriminatory performance was assessed using
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FIGURE 1

Principal component analysis (PCA) scores plot of metabolome
distribution of the hypertensive patients and TCM syndromes. Liver
Yang Rising: LYR; Internal Phlegm-Dampness Accumulation: IPDA;
Liver-Kidney Yin Deficiency: LKYD.

Partial Least Squares-Discriminant Analysis (PLS-DA) and Random
Forest (RF) models. Model accuracy was evaluated through 10-fold
cross-validation and 1,000 bootstrap iterations to estimate AUC,
sensitivity, and specificity, and optimal thresholds were determined
using Youden's index.

3 Results
3.1 Metabolites identification

A total of 716 metabolites were identified (Supplementary
Table 52) assigned into 14 super classes (Supplementary Table S2).
The PCA showed that the control group were separated from LYR,
IPDA and LKYD groups while the groups of the hypertension
could not be separated (Figure 1). A total of 92.88% of the
metabolites in the QC samples exhibited a relative standard
deviation (RSD) of less than 15%, demonstrating the high
analytical precision and reproducibility of the metabolomics
platform, and confirming the reliability of the data for
subsequent analysis (Supplementary Table S2).

3.2 Hypertension alters metabolites in
serum

OPLS-DA demonstrated clear separation between groups
(Figure 2). The OPLS-DA model exhibited high R2X, R2Y,
and Q2 values, indicating strong explanatory power and
predictive capability. These results confirmed that the OPLS-
DA models constructed under both positive and negative
ionization modes were robust and not overfitted. First, we
compared the hypertension groups with the control group.
The LYR vs. control comparison identified 37 differentially
expressed metabolites (DEMs), including 1 downregulated and
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36 upregulated in the hypertension group relative to control
(Figures 3A,B). For IPDA vs. control, 2 downregulated and
identified (Figures 3A,C).
The LKYD vs. control comparison revealed 1 downregulated
and 36 upregulated metabolites (Figures3A,D). A total of
26 metabolites (70.27% of those shared
across all three comparisons, indicating high concordance
among the hypertension groups relative to the control
(Figure 3E; Supplementary Table S3). KEGG enrichment analysis
showed that
leucine, and isoleucine degradation, glucosinolate biosynthesis,

35 upregulated metabolites were

identified) were

these metabolites were involved in valine,

glycolysis/gluconeogenesis, pyruvate metabolism, propanoate
metabolism, beta-alanine metabolism, and valine, leucine, and

isoleucine biosynthesis pathways (Figure 3F).

3.3 Identification of differentially expressed
metabolites (DEMs) in TCM syndromes

Furthermore, we compared the hypertension groups pairwise.
The LYR vs. IPDA comparison identified 11 metabolites (3
upregulated and 8 downregulated), LYR vs. LKYD revealed 9
metabolites (8 upregulated and 1 downregulated), and LKYD
vs. IPDA showed 2 metabolites (I up- and 1 downregulated)
(Figures 4A-C;  Supplementary Table S4). KEGG enrichment
analysis indicated that the LYR vs. IPDA metabolites were
involved in glutathione and pyrimidine metabolism (Figure 4D),
while those from LYR vs. LKYD were enriched in beta-
alanine metabolism, propanoate metabolism, and glutathione
metabolism (Figure 4F). From the LYR vs. IPDA comparison,
three glycated amino acids including N-(1-Deoxy-1-fructosyl)
valine, N-(1-Deoxy-1-fructosyl) isoleucine, and N-Fructosyl
phenylalanine had significantly higher levels in IPDA group
compared to LYR. The glycated amino acids were also
increased in hypertension groups comparted to the control
(Figure 4F). By comparing the LYR vs. LKYD group, the
1-beta-D-Glucopyranosyl-L-tryptophan, =~ D-Tryptophan, and
L-Tryptophan are Tryptophan-based modifiers which were
significantly changed (Figure 4G).

3.4 Hub metabolites in TCM syndromes

By WGCNA, 10 modules were identified (Figure 5A). The
correlation analysis indicated that of the ten modules, nine
demonstrated significant correlations (P < 0.05) with at least
one phenotypic trait group (Figure 5B). The yellow and black
modules were significantly correlated with three groups (P <
0.05). We then scanned the correlations among metabolites
to construct a network for the modules (Figure 5C). A key
network from yellow module were constructed contained 7
metabolites. p-Xylene, Indane, and Octinoxate showed lowest levels
in IPDA, intermediate in LKYD, and highest in Control and
LYR (Figures 5D,E) (P > 0.05). All the three compounds showed
the lowest levels in IPDA compared to other groups and the
highest levels were found in control and LYR groups while LKYD
had the medium levels of these compounds (Figures 5D-F) (P
<0.05).
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FIGURE 2
Orthogonal partial least square discriminant (OPLS-DA) analysis of metabolites. Liver Yang Rising: LYR; Internal Phlegm-Dampness Accumulation: IPDA;
Liver-Kidney Yin Deficiency: LKYD.

3.5 Ildentification of biomarkers for
syndromes

Potential biomarkers were identified, and their diagnostic
accuracy was evaluated using receiver operating characteristic
(ROC) analysis. Partial least squares discriminant analysis

(PLS-DA) was applied as a classification and feature
selection method to conduct a multivariate exploratory
ROC analysis. The top ten features vyielded an area
under the ROC curve (AUC) of 0.944 (95% CI: 0.713-1)
(Figure 6A). These ten biomarkers associated with the
TCM syndromes included 2,2'-Methylenebis (4-methyl-6-
tert-butylphenol),  Artocarpin,  Bis(2-ethylhexyl)  hydrogen

phosphate, 4mPFOS, CID:368,400, Phenylpyruvic acid, Glycyl-
Glycyl-L-valine, isoPFOS, and D-Mannosamine
(Figure 6B; Supplementary Tables S6, S7).

Valine,

4 Discussion

In this study, we compared serum metabolic profiles among
hypertensive patients with different TCM syndromes and healthy
controls. Our results demonstrated that hypertension significantly
the indicating widespread
disruptions in biochemical pathways. Notably, distinct sets of
DEMs were identified across the TCM syndromes, suggesting
syndrome-specific metabolic heterogeneity. The present findings

alters serum metabolic profile,

provide novel insights into the metabolic basis of hypertension from
both biomedical and TCM perspectives, and offer potential avenues
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for objective syndrome classification and personalized treatment
strategies.

Metabolomics studies have consistently revealed significant
differences in the concentrations of various metabolites in
hypertensive individuals compared to controls. For example,
essential hypertension is associated with elevated levels of arginine
and reduced levels of alanine, pyruvate, methionine, adenine,
and uracil in serum, suggesting disruptions in amino acid and
nucleotide metabolism (Ameta et al., 2017). In addition, increases
in lipid-related metabolites such as VLDL, LDL, lactic acid, and
acetone have been observed, indicating dysregulated lipid and
energy metabolism (Hu et al., 2023). These serum metabolites often
precede the clinical onset of elevated blood pressure, highlighting
their potential as early biomarkers. Furthermore, changes in
ceramides, glycerolipids, and phosphatidylcholines have been
linked to both diastolic and systolic blood pressure progression,
implicating lipid metabolism in the pathogenesis of hypertension
(Lin et al., 2020; Niu et al, 2022). These findings underscore the
utility of serum metabolomic profiling in identifying early metabolic
signatures associated with hypertension, enabling improved risk
stratification and potential therapeutic targeting. In the present
study, we found that the vast majority of differentially expressed
metabolites (DEMs) were upregulated in hypertensive cases.
Similar to the previous reports, metabolites in amino acid and
nucleotide metabolism, pyruvate metabolism, and Valine, leucine
and isoleucine biosynthesis pathways were found significantly
changed in hypertensive individuals (Seryapina et al., 2023).
We also acknowledge that the normotensive group in our study
was younger than the hypertensive group, and therefore age
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LKYD vs Control

Differentially expressed metabolites (DEMs) compared by TCM syndromes and control. (A) DEMs between the TCM syndromes and control group. (B)
Heatmap of DEMs between the control and Liver Yang Rising (LYR). (C) Heatmap of DEMs between the control and Internal Phlegm-Dampness
Accumulation (IPDA). (D) Heatmap of DEMs between the control and Liver-Kidney Yin Deficiency (LKYD). (E) Venn diagram of DEMs from the three
comparisons. (F) KEGG enrichment analysis of the 26 DEMs overlapped from the three comparisons.
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differences may have contributed to some of the observed
changes. Nevertheless, our findings remain reliable for two
reasons: first, the overall results are consistent with previous
reports (Lin et al., 2020; Niu et al., 2022; Seryapina et al., 2023);
and second, the overlap between the DEMs identified in
this study and those previously reported as aging-related
is limited (Balashova et al., 2022). Taken together, this suggests that
the DEMs identified here are likely to be robust and hypertension-
related. These metabolites hold significant predictive value for
incident hypertension, particularly when analyzed alongside
established risk factors.

TCM classifies hypertension into different syndrome types, such
as liver yang hyperactivity, yin deficiency with yang hyperactivity,
dampness-phlegm accumulation, and deficiency of both yin and
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yang (Liu, 2009). Recent advances in metabolomics provide
a powerful platform to explore the biological basis of these
syndromes by profiling serum metabolites (Chapinal et al., 2011;
Yu et al, 2011). Studies have shown that each TCM syndrome
type in hypertensive patients exhibits distinct metabolic features.
For example, liver yang hyperactivity is often associated with
disturbances in amino acid and arachidonic acid metabolism,
while the dampness-phlegm syndrome is linked with elevated
uric acid and disrupted lipid and glucose metabolism (Yang
and Lao, 2019). Though traditional statistical approaches like
PCA and PLS-DA are useful for distinguishing hypertensive
patients from healthy individuals, they are less effective in
separating the nuanced TCM syndromes. Mahalanobis distance
analysis has demonstrated better performance in differentiating
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FIGURE 4
Differentially expressed metabolites (DEMs) compared by TCM syndromes pairwise. (A) Heatmap of DEMs between Liver Yang Rising (LYR) and Internal
Phlegm-Dampness Accumulation (IPDA). (B) Heatmap of DEMs between Liver Yang Rising (LYR) and Liver-Kidney Yin Deficiency (LKYD). (C) Heatmap
of DEMs between Liver-Kidney Yin Deficiency (LKYD) and Internal Phlegm-Dampness Accumulation (IPDA). (D) KEGG enrichment analysis of the DEMs
from Liver Yang Rising (LYR) and Internal Phlegm-Dampness Accumulation (IPDA) comparison. (E) KEGG enrichment analysis of the DEMs from Liver
Yang Rising (LYR) and Liver-Kidney Yin Deficiency (LKYD). (F) Glycated amino acids levels in the tested groups. *, P < 0.05; **, P<0.01; ***, P <0.001.
(G) Tryptophan levels in the tested groups. *, P < 0.05; **, P< 0.01; ***, P< 0.001.
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FIGURE 5

WGCNA and identification of hub metabolites from the TCM syndromes. (A) Clustering dendrogram of metabolites with dissimilarity based on
topological overlap, together with assigned module colors. (B) Heatmap illustrating the correlation between modules and metabolites. The numbers in
the box showed Pearson correlation coefficient (r) and the P values were shown in the brackets. (C) Key network with hub metabolites from yellow
module. (D) p-Xylene levels in the tested groups. *, P <0.05; **, P<0.01; ***, P < 0.001. (E) Indane levels in the tested groups. * P <0.05; ** P<
0.01; ***, P<0.001. (F) Octinoxate levels in the tested groups. *, P < 0.05; **, P < 0.01; ***, P < 0.001.

Frontiers in Molecular Biosciences 08 frontiersin.org


https://doi.org/10.3389/fmolb.2025.1655493
https://www.frontiersin.org/journals/molecular-biosciences
https://www.frontiersin.org

Yong et al.

10.3389/fmolb.2025.1655493

B

>

Sensitivity (True positive rate)

g 4 Var. AUC CI
=5 093 05481
* 10 0944 0.713-1
= 15 0918 0.657-1
= 25 0888 0.651-1
= 50 0844 0.609-1
100 0.828 0538-1
T T T T T T
0.2 04 06 08 10

1-Specificity (False positive rate)

FIGURE 6

-8
o c
£s
88
2,2'-Methylenebis(4-methyl-6-tert-butylphenol) o | HE
Artocarpin . [ [ ] High
Bis(2-ethylhexyl) hydrogen phosphate ) [ [ ] I
4mPFOS . EE
CID:368400 ° EE
Phenylpyruvic acid . (] ]
Glycyl-Valine ° (] ] I
Glycyl-L-valine ° (] ]
Low
isoPFOS ° (]|
D-Mannosamine | o [ [ ]
T T T T
0.2 0.4 06 08
Selected Frequency (%)

Biomarker identification and prediction through multivariate ROC curve-based exploratory analysis. (A) Summary of ROC curves generated by
MetaboAnalyst from six biomarker models constructed using varying numbers of features (5, 10, 15, 25, 50, and 100). Each curve is accompanied by its
corresponding AUC value and confidence interval, providing an assessment of model performance. (B) The top 10 candidate biomarkers were identified
based on their selection frequency during cross-validation, indicating their potential relevance and robustness in distinguishing between groups.

these subtypes (Lu et al, 2007). These findings suggest that
integrating metabolomics into TCM can enhance the scientific
understanding of syndrome differentiation, supporting more
personalized and precise treatment strategies for hypertension
(Nikolic et al, 2014; Onuh and Aliani, 2020). Our present
study also showed that several DEMs existed in the different
syndrome types which is in accordance with the previous
researches. From the present results, we found that the glutathione
metabolism and pyrimidine metabolism were different among
the LYR vs. IPDA. Depletion of reduced glutathione (GSH) and
alterations in the activity of related enzymes such as glutathione
peroxidase (GPx) and glutathione reductase (GR) have been
observed in both animal models and human subjects with
hypertension (Rybka et al, 2011). Such imbalances enhance
reactive oxygen species (ROS) accumulation, leading to increased
vascular tone, inflammation, and remodeling of the arterial
wall (Hirooka et al, 2011). On the other hand, pyrimidine
metabolism, essential for DNA and RNA synthesis, has been
associated with cell proliferation, vascular repair, and immune
response in hypertensive states (Devlin et al., 2000). The LYR vs.
LKYD comparison indicated the changes of metabolites in beta-
Alanine metabolism, propanoate metabolism, and glutathione
metabolism. Beta-alanine metabolism contributes to the synthesis
of carnosine, a dipeptide with antioxidant and pH-buffering
properties (Kojima, 2024). Altered beta-alanine levels may
affect vascular tone and oxidative balance, as carnosine helps
scavenge reactive oxygen species (ROS) and chelate metal ions,
thereby potentially mitigating oxidative stress-induced vascular
damage in hypertensive individuals (Meftahi and Jahromi, 2023).
Propanoate metabolism, a component of short-chain fatty acid
(SCFA) metabolism, has been increasingly recognized for its role
in modulating gut microbiota-host interactions, inflammation,
and vascular homeostasis (Das et al., 2023). Dysregulation of
propanoate and related SCFAs can influence blood pressure
through mechanisms involving G-protein coupled receptors
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(e.g., GPR41/43), endothelial nitric oxide synthesis, and systemic
inflammation (Xu et al., 2022). Glutathione metabolism, central to
redox regulation, detoxification, and cellular defense, is frequently
disrupted in hypertension (Griendling et al., 2021). Interestingly,
we also found that three glycated amino acids were higher in
IPDA than that in LYR and control groups. Glycated amino
acids, as early precursors of advanced glycation end-products
(AGEs), contribute to the pathogenesis of hypertension by
promoting oxidative stress, endothelial dysfunction, and vascular
inflammation (Cai et al, 2024). Their accumulation, driven by
insulin resistance and metabolic imbalance, disrupts vascular
homeostasis and exacerbates blood pressure elevation (Onuh
and Aliani, 2020). In addition, Tryptophan-based modifiers were
significantly changed when compared the LYR vs. LKYD group.
Tryptophan metabolism influences hypertension through its
three major pathways—kynurenine, serotonin, and indole—which
produce metabolites like kynurenine, serotonin, and indoxyl
sulfate that modulate vascular function, oxidative stress, and
inflammation (Theiler-Schwetz et al., 2023). Dysregulation of
these pathways, particularly the accumulation of uremic toxins in
chronic kidney disease, is associated with increased blood pressure,
while interventions like tryptophan supplementation or melatonin
therapy may reprogram these pathways to prevent hypertension
in animal models (Hsu and Tain, 2020). Therefore, from the
perspective of TCM, hypertension is a heterogeneous condition
with multiple pathological types. The findings of this study indicate
that certain metabolite differences correspond to distinct TCM
syndromes, suggesting that the etiology and pathophysiological
characteristics of hypertension may vary across different TCM
pattern classifications.

We employed WGCNA to identified networks that correlated
with the phenotypes of different syndrome types. Two modules
included the yellow and black modules were significantly correlated
with three groups. Thereinto, yellow module showed significant
positive correlation with the syndromes. Thus, the core network
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of yellow module was constructed. We found that p-Xylene,
Indane and Octinoxate as small molecule compounds were hub
metabolites in the core network of yellow module. It has been
reported that p-Xylene as a volatile organic compounds was related
to as associated with increased incidence of nonfatal cardio-
cerebrovascular events in US adults showing a potential risk for
hypertension (Jing et al., 2024). Indane is compound that regulates
G protein coupled receptor (GPCR) activity to emphasis on their
structure-activity relationships (Vilums et al., 2015) and several
members from GPCR family have been used as target for curing
hypertension (Brinks and Eckhart, 2010). Less results have been
reported that Octinoxate is related to hypertension. As a potential
thyroid hormone disruptor, Octinoxate may be related to the onset
of hypertension (Cahova et al., 2023). These clues suggested that the
networks composed of core metabolites such as organic compounds
are involved in the development of different types of hypertensions.

Blood pressure fluctuations are commonly used to diagnose
hypertension. However, numerous pathological changes often occur
before blood pressure levels begin to rise significantly. Therefore,
discovering novel biomarkers and thoroughly elucidating the
underlying mechanisms that drive hypertension progression is
essential for earlier diagnosis and intervention. We evaluated
potential biomarkers for diagnosing both normotensive individuals
and different syndrome types of hypertensions. Our analysis of 10
distinct metabolites yielded an impressive Area Under the Curve
(AUC) value of 0.944. Multivariate ROC analysis identified ten
candidate biomarkers with an apparently high diagnostic accuracy
(AUC = 0.944) (95% CI: 0.713-1); however, given the small sample
size (n = 40), these findings should be interpreted cautiously, and
the potential risk of overfitting should be acknowledged when
considering their utility in distinguishing TCM-based hypertension
subtypes and guiding targeted interventions. In the future, further
evaluation of the stability and clinical applicability of these candidate
biomarkers will be required. The identified metabolites include
compounds, perfluorooctane sulfonate, phenylpyruvic acid, di-
peptides, and D-mannosamine. All of these specific metabolites
have previously been implicated in and shown to participate
in the pathogenesis and progression of cardiovascular diseases,
suggesting their direct relevance to hypertension (Kifer et al., 2021;
Zhang et al, 2022; Shen et al, 2023). This research highlights
the promising role of these metabolites as early diagnostic
indicators, potentially allowing for more timely and targeted
therapeutic strategies to prevent or mitigate the adverse effects of
hypertension (Supplementary Figure S2).

5 Strengths and limitations

This study identified specific metabolites that differentiate
hypertension patients across distinct TCM syndromes, highlighting
their potential as biomarkers for precise syndrome classification.
These findings provide a foundation for developing metabolite-
based tools to support accurate diagnosis and personalized
treatment in TCM-guided management of hypertension. However,
the small sample size (n = 40) limits statistical power and raises
the risk of overfitting, requiring validation in larger independent
cohorts. Some detected compounds (e.g., p-xylene, indane,
octinoxate) are exogenous chemicals and may reflect environmental
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exposure or sample contamination rather than intrinsic metabolism.
Further studies should include larger, longitudinal cohorts and
functional experiments to validate these biomarkers and clarify
their mechanistic roles in hypertension and TCM syndromes.

6 Conclusion

This study reveals distinct metabolic signatures of hypertension
and its TCM syndromes, suggesting potential biomarkers for more
precise classification and management. While preliminary, these
findings contribute to bridging metabolomics with TCM-based
diagnosis. Future large-scale and mechanistic studies are needed to
validate these results and translate them into clinical applications.
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