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The future of hypertension management lies in distinguishing disease subtypes for precise control. 
The underlying drivers and pathology of non-obese hypertension (J-HTN) remain unclear. There 
is a lack of biomarkers for the early identification of J-HTN. The aim of this study was to identify 
circulating metabolomic profiles that facilitate the early detection of J-HTN patients, thereby 
providing valuable insights for more targeted and precision-based therapies. A non-targeted 
metabolomics approach was used to quantify serum metabolites in 120 patients with newly diagnosed 
hypertension, and to determine the metabolomic characteristics of J-HTN and two types of obese 
hypertension (fat-dominant and muscle-dominant). 4 metabolites unique to J-HTN were identified, 
with lysophosphatidylcholine 22:6 (LysoPC(22:6/0:0)) standing out as the marker showing the most 
pronounced difference. Using the serum metabolome alone, we were able to distinguish J-HTN from 
other hypertensive patients. In a secondary validation with an independent cohort of 60 medically 
treated J-HTN patients, 3 metabolites, including LysoPC(22:6/0:0), remained significantly altered. 
The serum metabolic profiles identified in this study enable the early detection of J-HTN, with 
LysoPC(22:6/0:0) emerging as a highly promising biomarker. This metabolite may also correlate with 
the clinical efficacy of J-HTN treatments.
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Hypertension (HTN) is the leading cause of cardiovascular death and disability worldwide1. It is estimated 
that over 1 billion people are affected by HTN2, yet less than 25% achieve adequate blood pressure control3, 
contributing to approximately 8.5 million deaths annually4. The development of HTN is influenced by a complex 
interplay of genetic, lifestyle, and environmental factors, which complicates its treatment. One significant risk 
factor is elevated body mass index (BMI)5. While calorie restriction and exercise can effectively lower blood 
pressure in overweight individuals, these interventions are not suitable for most non-obese patients.

Metabolic disturbances are a hallmark of non-obese HTN (J-HTN) and often represent an early sign of 
pathological changes in the body, sometimes occurring before HTN itself develops6. It has been suggested that 
metabolic abnormalities in non-obese individuals can lead to a two- to five-fold increase in cardiovascular 
events7. Unlike obese individuals, J-HTN patients lack external indicators of metabolic dysfunction, such as 
increased body size, which can result in a certain degree of cardiovascular damage and vascular injury before 
HTN is clinically diagnosed. Our research revealed key alterations in energy metabolism, bile acid metabolism, 
and phospholipid metabolism in hypertensive animals with normal body weights8. However, the metabolic 
drivers and causative factors of elevated blood pressure in non-obese individuals remain poorly understood, 
limiting the development of targeted treatment strategies. There is a pressing need to discover specific and 
reliable disease markers and explore corresponding therapeutic measures.

Emerging metabolomics technologies offer promising tools for understanding the end products of complex 
interactions between various metabolic targets, signalling pathways, and the internal environment9–12. These 
approaches help identify disease-related metabolic disturbances, uncover biomarkers, and map disrupted 
metabolic pathways. To date, metabolomics has been applied in experimental studies to explore the diagnosis and 
pathogenesis of hypertension in both humans and animals, providing preliminary insights into the associated 
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pathophysiology. However, the reproducibility of metabolic findings is highly dependent on the studied cohort, 
and only a limited number of studies have rigorously validated the diagnostic potential of specific metabolites.

In this study, we present, for the first time, an analysis of potential biomarkers for J-HTN based on body 
size classification. We compared serum metabolites in J-HTN patients with incipient HTN, as well as in two 
categories of obese patients (fat-dominant (T-HTN) and muscle-dominant (Y-HTN)), with those in healthy 
volunteers. Furthermore, we conducted a secondary validation using an independent cohort of 60 medically 
treated J-HTN patients. Our study aims to improve the understanding of the underlying pathophysiology of 
J-HTN and to guide more precise clinical management strategies for this condition.

Results
Characteristics of the study population
Our cross-sectional study included 120 participants, with 30 healthy volunteers serving as the control group 
(group N). The remaining 90 hypertensive patients were divided into three groups according to body type: J-HTN 
(group J, n = 30), T-HTN (group T, n = 30), and Y-HTN (group Y, n = 30). The BMI in group J was significantly 
lower than that in the other two groups (group J vs. T, adj.p = 0.001; group J vs. Y, adj.p = 0.001; group T vs. Y, 
adj.p = 0.093). Notably, patients in group J were more likely to be female and exhibited less severe metabolic 
abnormalities, such as lower triglyceride levels (group J vs. T, adj.p = 0.022; group J vs. Y, adj.p = 0.116; group T vs. 
Y, adj.p = 1.000), as well as lower uric acid levels (group J vs. T, adj.p = 0.042; group J vs. Y, adj.p = 0.015; group T 
vs. Y, adj.p = 1.000). Table 1 provides a comprehensive demographic, clinical, biochemical, and metabolic profile 
of the entire cohort.

Mass signal stability and anomalous data rejection
The stability of the ultra-high performance liquid chromatography quadrupole time-of-flight mass spectrometry 
(UHPLC-Q-TOF-MS) system was assessed via quality control (QC) samples. Supplementary Figure S1 displays 
stacked plots of the total ion flow in both positive and negative ion modes for the QC samples. The nearly 
complete overlap of these plots indicates that the instrumental method remained stable, and the data collected 
throughout the detection sequence were reliable and consistent.

To explore metabolic differences among the groups, principal component analysis (PCA) was first performed. 
PCA is an unsupervised analytical method that revealed a clear separation of the three types of HTN in both 
positive and negative ion modes (Fig.  1A,B). Within-group consistency was assessed using PCA-class, and 
samples falling outside the ‘2 standard deviation’ line were considered outliers and excluded from further 
analysis. As illustrated in Fig. 1C–J, the following samples were excluded due to inconsistencies: N6, T26 , and 
Y1 in negative ion mode, and N1, N2, N3, J1, J2, J3, and Y1 in positive ion mode.

Overall changes in the serum metabolome of J-HTN
To characterize the metabolic profiles of J-HTN, orthogonal partial least squares discriminant analysis (OPLS-
DA) was conducted to compare groups J, T, and Y with group N. OPLS-DA is a supervised analysis method 
that helps distinguish metabolic differences between groups and identifies potentially significant variables. In 
this analysis, the closer Q2 is to 1, the better the predictive power of the model, and the closer R2Y is to 1, the 

Characteristic
J-HTN
(n = 30)

Y-HTN
(n = 30)

T-HTN
(n = 30)

Health
(n = 30)

p 
value▲

Age, yr 66.4 ± 3.1 59.2 ± 2.3 60.9 ± 2.6 61.5 ± 7.4 0.16

Male, no. (%) 8 (26.7) 25 (83.3) 13 (43.3) 15 (50.0)  < 0.01

Female, no. (%) 22 (73.3) 5 (16.7) 17 (56.7) 15 (50.0)  < 0.01

BMI, kg/m2 21.0 ± 0.4 29.3 ± 0.6 27.6 ± 0.6 21.4 ± 1.8  < 0.01

SBP, mmHg 162.3 ± 2.9 153.9 ± 3.5 159.5 ± 3.1 123.7 ± 11.5 0.18

DBP, mmHg 88.1 ± 2.5 95.8 ± 2.5 93.6 ± 2.7 75.6 ± 7.9 0.09

ALT, U/L 16.4 ± 2.7 43.7 ± 11.7 32.1 ± 5.4 30.9 ± 12.9 0.01

AST, U/L 22.6 ± 2.0 28.1 ± 3.8 28.6 ± 3.0 27.6 ± 6.6 0.31

TBIL, umol/L 12.9 ± 0.8 14.8 ± 1.0 13.7 ± 0.7 15.5 ± 3.4 0.26

CREA, umol/L 72.6 ± 7.5 79.1 ± 3.8 73.1 ± 3.2 57.5 ± 11.3 0.62

LDL, mmol/L 2.8 ± 0.2 8.2 ± 5.4 3.1 ± 0.2 2.0 ± 0.8 0.30

HDL-C, mmol/L 1.2 ± 0.1 1.1 ± 0.0 1.1 ± 0.0 1.3 ± 0.2 0.16

TG, mmol/L 1.4 ± 0.2 2.1 ± 0.2 2.3 ± 0.3 1.0 ± 0.3 0.02

GLU, mmol/L 5.6 ± 0.4 5.7 ± 0.3 5.5 ± 0.2 4.9 ± 0.8 0.88

UA, umol/L 338.5 ± 17.4 409.9 ± 19.0 400.3 ± 16.3 282.0 ± 65.9 0.01

Table 1.  Serological parameters of patients. *Plus or minus value means ± standard deviation. ▲The p-value 
is derived from the statistical test of the three hypertension groups. J-HTN, non-obese patient group; Y-HTN, 
obese patient (muscle-dominant) group; T-HTN, obese patient (fat-dominant) group; Health, normal group; 
ALT, Alanine aminotransferase; AST, Aspartate aminotransferase; TBIL, Total bilirubin; CREA, Creatinine; 
LDL, Low-density lipoprotein cholesterol; HDL-C, High-density lipoprotein cholesterol; TG, Triglycerides; 
GLU, Glucose; UA, Uric Acid.
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greater the difference between the two groups. The serum metabolic profile of group J significantly differed 
from that of group N (Fig. 2), and the self-cross-validation of the model yielded excellent fit and predictability 
(R2Y = 0.975, Q2 = 0.968). Further validation using permutation testing confirmed the model’s robustness, with 
R2Y intercepts less than 0.4 and Q2 intercepts less than 0 in both ion modes, indicating a well-constructed model 
(Supplementary Fig. S2).

Based on the criteria of variable importance in projection (VIP) ≥ 1, |partial correlation coefficient 
(Pcorr) ≥ 0.2, fold change (FC) ≥ 1.20 or ≤ 0.83, and adjusted p-value (adj.p) ≤ 0.05, a total of 40 differentially 
abundant metabolites were identified between groups J and N. The corresponding identifying information 
for these metabolites is provided in Table 2. Notably, the alterations in group J were predominantly related 
to lysophosphatidylcholine (LysoPC), lysophosphatidylethanolamine (LysoPE), amino acids, and metabolites 
such as carnitine and primary bile acids. Specifically, amino acid metabolites, including L-tryptophan and 
phenylalanine (PHE), as well as lipoylcarnitines (palmitoylcarnitine, oleoylcarnitine), and secondary bile acids 
(such as deoxycholic acid glycine conjugate and glycoursodeoxycholic acid 3-sulfate), were significantly elevated 
in group J. In contrast, LysoPE(18:2/0:0), LysoPE(20:4/0:0), and LysoPE(0:0/20:0) were decreased. Further 
details regarding the differentially abundant metabolites in groups T and Y can be found in Supplementary 
Tables S1 and S2.

Differentially abundant metabolites were orthogonalized via a Venn diagram (Fig. 3), revealing 25 metabolites 
common to all three types. Among these 25 metabolites, 10 exhibited significant reductions in hypertensive 
patients, with myristic acid showing an increase in group Y. The remaining 15 metabolites demonstrated 
a marked trend toward elevation in patients, with LysoPC(16:0/0:0), LysoPC(18:1/0:0), LysoPC(0:0/18:0), 
and LysoPC(20:4/0:0) decreasing in group Y. Detailed information on these 25 metabolites is provided in 
Supplementary Table S3.

Fig. 1.  Overall distribution of metabolome in all serum samples. PCA scores: (A) negative ion mode, (B) 
positive ion mode. N, normal group; J, non-obese patient group; T, obese patient (fat-dominant) group; Y, 
obese patient (muscle-dominant) group; QC, quality control group. Within-group consistency: Group N, (C) 
negative ion mode, (D) positive ion mode; Group J, (E) negative ion mode, (F) positive ion mode; Group T, 
(G) negative ion mode, (H) positive ion mode; Group Y, (I) negative ion mode, (J) positive ion mode. N6, T26, 
and Y1 in negative ion mode and N1, N2, N3, J1, J2, J3, and Y1 in positive ion mode were considered outliers 
and excluded from further analysis.
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Fig. 2.  Differential metabolic profiles of group J vs. group N based on non-targeted metabolomics. OPLS-
DA scores: (A) negative ion model, (B) positive ion model. N, normal group; J, non-obese patient group. 
S-plots: (C) negative ion model, (D) positive ion model. The abscissa represents the co-correlation coefficient 
of principal component and metabolite, and the ordinate represents the correlation coefficient of principal 
component and metabolite. Points farther from the origin represent variables with a greater contribution to the 
observed variance. Volcano plots: (E) negative ion model, (F) positive ion model. The screening criteria were 
fold change (J/N) ≥ 1.50 or fold change (N/J) ≥ 0.67, and adjusted p-value ≤ 0.05. Blue represents a decrease, and 
red represents an increase.
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J-HTN exhibited 4 unique characteristic metabolites: glycoursodeoxycholic acid 3-sulfate, deoxycholic 
acid glycine conjugate, LysoPE (0:0/24:0), and LysoPC(22:6/0:0). All of these metabolites were significantly 
increased compared with those in group N, as illustrated in Fig. 4. The characteristic metabolites for groups 
T and Y are shown in Supplementary Figures S3 and S4. Observing variations in sex distribution among the 
three patient groups, we conducted supplementary analyses to evaluate potential sex-specific differences. The 
results demonstrated no statistically significant variations in HTN-related metabolites between male and female 
participants within our study cohort (refer to the Results Appendix 2).

Potential for early identification of J-HTN through serum metabolites
The random forest algorithm, an ensemble learning method combining multiple decision tree classifiers, 
was employed to build a diagnostic model using the differentially abundant metabolites from Table 2 and 
Supplementary Tables S1 and S2. This model aimed to predict the subtype of HTN based on serum metabolomic 
data.

As shown in Fig. 5A, the random forest model with 500 decision trees effectively separated the three groups. 
The prediction accuracy for the test set was 0.211 (i.e., a prediction rate of 79.90%), with an ROC value of 81.90% 

Nos. Metabolites Formula Rt m/z VIP Pcorr Adj.p value FC

1 L-Carnitine C7H15NO3 1.26 162.1123 1.64 0.67 0.0000 1.54

2 Uric acid C5H4N4O3 1.74 169.0358 1.79 0.69 0.0000 1.65

3 L-Tyrosine C9H11NO3 1.94 182.0810 1.31 0.79 0.0000 4.93

4 N-(1-Deoxy-1-fructosyl)leucine C12H23NO7 2.09 294.1545 1.39 − 0.60 0.0000 0.25

5 Leucine C6H13NO2 2.35 132.1009 1.01 − 0.46 0.0013 0.80

6 Phenylalanine C9H11NO2 3.56 166.0856 3.40 0.94 0.0000 7.42

7 L-Tryptophan C11H12N2O2 4.11 205.0960 2.38 0.93 0.0000 5.17

8 Indole-3-carboxaldehyde C9H7NO 4.17 146.0598 1.56 0.94 0.0000 11.02

9 Indoleacrylic acid C11H9NO2 4.17 188.0698 5.32 0.94 0.0000 10.22

10 Phenol sulphate C6H6O4S 4.59 172.9908 1.44 0.50 0.0001 3.91

11 Phenylacetylglutamine C13H16N2O4 4.69 263.1046 1.06 0.28 0.0376 2.02

12 Phenylalanylphenylalanine C18H20N2O3 5.76 313.1543 2.70 0.87 0.0000 9.77

13 p-Cresol sulfate C7H8O4S 5.79 187.0073 5.06 0.44 0.0018 3.88

14 Glycoursodeoxycholic acid 3-sulfate C26H43NO8S 9.38 528.2612 1.02 0.33 0.0111 3.61

15 Myristic acid C14H28O2 10.94 246.2421 2.52 0.97 0.0000 0.00

16 Testosterone sulfate C19H28O5S 11.37 367.1574 6.89 − 0.64 0.0000 0.43

17 Deoxycholic acid glycine conjugate C26H43NO5 11.46 448.3062 1.04 0.31 0.0175 3.03

18 Sphinganine C18H39NO2 16.63 302.3041 6.45 0.83 0.0000 40.46

19 LysoPC(16:1/0:0) C24H48NO7P 18.28 538.3117 1.85 0.58 0.0000 1.88

20 LysoPE(18:2/0:0) C23H44NO7P 18.69 476.2779 1.16 − 0.48 0.0006 0.76

21 LysoPE(20:4/0:0) C25H44NO7P 18.79 500.2793 2.64 − 0.83 0.0000 0.64

22 LysoPE(22:6/0:0) C27H44NO7P 19.14 524.2797 1.67 0.29 0.0221 2.35

23 LysoPC(18:2/0:0) C26H50NO7P 19.32 564.3298 4.23 − 0.36 0.0223 0.83

24 LysoPE(0:0/24:0) C25H44NO7P 19.37 502.2924 1.56 0.35 0.0006 1.82

25 LysoPC(22:6/0:0) C30H50NO7P 19.37 568.3375 1.96 0.60 0.0000 15.52

26 LysoPC(20:4/0:0) C28H50NO7P 19.48 544.3400 3.83 0.67 0.0000 10.64

27 LysoPC(0:0/16:0) C24H50NO7P 20.05 540.3304 1.65 − 0.45 0.0017 0.50

28 LysoPI(20:4/0:0) C29H49O12P 20.12 619.2888 1.16 − 0.48 0.0017 0.35

29 Palmitoylcarnitine C23H45NO4 20.59 400.3417 2.07 0.87 0.0000 76.06

30 LysoPC(16:0/0:0) C24H50NO7P 20.90 496.3382 3.30 0.23 0.0000 2.29

31 LysoPI(18:2/0:0) C27H49O12P 21.03 595.2862 1.94 0.76 0.0000 7.08

32 Oleoylcarnitine C25H47NO4 21.10 426.3565 2.04 0.85 0.0000 32.77

33 LysoPC(18:1/0:0) C26H52NO7P 21.48 522.3553 8.84 0.78 0.0000 5.07

34 LysoPC(0:0/17:0) C25H52NO7P 21.82 510.3553 1.84 − 0.63 0.0000 0.28

35 LysoPC(17:0/0:0) C25H52NO7P 21.89 554.3445 1.23 − 0.44 0.0093 0.62

36 LysoPC(P-18:0/0:0) C26H54NO6P 22.12 508.3751 1.20 − 0.44 0.0020 0.75

37 LysoPC(0:0/18:0) C26H54NO7P 23.42 524.3696 3.96 0.72 0.0000 5.72

38 LysoPE(0:0/20:0) C25H52NO7P 23.97 508.3387 1.67 − 0.52 0.0006 0.74

39 LysoPC(18:0/0:0) C26H54NO7P 23.98 568.3612 6.31 − 0.51 0.0007 0.74

40 LysoPC(0:0/20:4) C28H50NO7P 18.88 544.3401 1.75 − 0.84 0.0000 0.23

Table 2.  Different metabolites between groups J and N.
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(Fig. 5B), demonstrating good predictive efficacy. The top five significant parameters identified by the model 
were LysoPC(22:6/0:0), LysoPC(20:2/0:0), LysoPE(0:0/22:6), LysoPC(20:3/0:0), and indoxyl sulfate (Fig.  5C). 
The intensity of LysoPC(22:6/0:0), the most significant metabolite, across the respective groups is shown in 
Fig. 5D.

Potential association of circulating metabolic profiles with the effectiveness of J-HTN 
treatment
Currently, there are no specific drugs that target metabolic disorders in HTN. There is a lack of evidence that 
existing antihypertensive medications influence the differentially abundant metabolites mentioned earlier. In a 
previous study, the Chinese herbal compound Chai-Gui Decoction (CGD) was found to modulate the serum 
intensity of LysoPC(22:6/0:0) in spontaneously hypertensive rats (SHRs)8. In this study, we analysed the changes 
in the serum metabolome of 60  J-HTN patients before and after two treatment regimens: 30 patients in the 
control group and 30 in the CGD group. The demographics of the participants are presented in Supplementary 
Table S4. The control group (treated with a dihydropyridine calcium antagonist-based regimen) and the CGD 
group (receiving CGD in addition to the control regimen) were evaluated after 4  weeks of treatment. The 
antihypertensive effects in both groups are shown in Fig. 6A,B.

Fig. 3.  Venn diagram of all differential metabolites.
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Using the criteria of VIP ≥ 1, |Pcorr|≥ 0.2, FC ≥ 1.50 or ≤ 0.67, and adj.p ≤ 0.05, 13 differentially abundant 
metabolites in the control group and 25 differentially abundant metabolites in the CGD group were identified 
(Supplementary Tab. S7). Compared with the pretreatment groups, the control group presented elevated 
levels of fatty acids (linoleic acid, docosahexaenoic acid, myristic acid), steroids (desoxycorticosterone acetate, 
flumethasone, pregnenolone), triglycerides (MG(18:1/0:0), and glycerol 1-myristate). Similarly, the CGD group 
presented increases in metabolites related to fatty acids (stearic acid, heptadecanoic acid), steroids (cortisol), and 
glycerol esters (MG(20:4/0:0)), along with a broader spectrum of changes across metabolites, including organic 
acids (pyruvic acid, 3-hydroxymethylglutaric acid, 4-hydroxybenzoic acid), sugars (ADP-glucose, L-fucose), 
amino acids (PHE), phospholipids (LysoPC(14:0/0:0), LysoPC(22:6/0:0)), and bile acids (cholic acid), all of 
which were significantly increased.

Compared with the circulating metabolic profiles of J-HTN, three key metabolites—myristic acid in the 
control group and PHE and LysoPC(22:6/0:0) in the CGD group—emerged as important recurring features 
(Fig.  6C,D). Notably, myristic acid and LysoPC(22:6/0:0) presented biphasic alterations: myristic acid was 
downregulated in the early phase of J-HTN but upregulated following treatment, whereas LysoPC(22:6/0:0) 
initially increased but then decreased after the addition of CGD. PHE consistently increased.

These findings align with our previous animal studies, where LysoPC(22:6/0:0) decreased after treatment, 
reinforcing the notion that this metabolite may serve as a distinctive marker for J-HTN, providing a potential 
metabolic target for diagnosis and treatment. The screening and identification of different metabolites in each 
group via UHPLC-Q-TOF-MS are detailed in the Results Appendix 1.

Fig. 4.  Scatter plots of peak area of J-HTN characteristic metabolites. The ordinate indicates the ratio of 
the signal value measured by the sample and the quality control sample. The p value was adjusted via the 
Benjamini‒Hochberg method (with a target FDR of 0.05). *, p ≤ 0.05; **, p ≤ 0.01; ****, p ≤ 0.0001.
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Discussions
In recent decades, breakthroughs in high-throughput sequencing and large-scale histological analyses have 
revolutionized our understanding of biological systems. The advent of new technologies has enabled researchers 
to capture biological information at an unprecedented resolution, spanning genomics, epigenomics, proteomics, 
metabolomics, and lipidomics13. HTN, a multifactorial disease, is influenced by genetic factors, environmental 
conditions, and their interactions, with the human metabolome offering a measurable representation of these 
gene-environment interactions14. The integration of clinical, health, social, behavioural, and personal data has 
the potential to create powerful predictive models for personalized treatment, providing deeper insights into the 
genetic, environmental, and social determinants of HTN.

The aim of this study was to explore metabolic markers specific to J-HTN and provide a theoretical 
foundation for the development of more precise diagnostic and therapeutic strategies for this group. Through 
serum metabolomic analysis, we characterized the circulating metabolic profiles of J-HTN and identified specific 
markers for its early identification. In particular, glycoursodeoxycholic acid 3-sulfate, deoxycholic acid glycine 
conjugate, LysoPE (0:0/24:0), and LysoPC(22:6/0:0) emerged as key markers, with LysoPC(22:6/0:0) being the 
most significant. Previous studies have highlighted the potential of certain LysoPC isoforms in HTN classification. 
For example, LysoPC(16:0), LysoPC(20:3), and sphingosine C24:1 are independently associated with reduced 
systolic blood pressure (SBP), and LysoPC(20:3) is linked with lower diastolic blood pressure (DBP)15. 
Additionally, four specific LysoPCs (LysoPCs 18:2, 16:0, 18:0, and 18:1) were negatively correlated with vascular 
ageing16. Furthermore, serum bile acid profiling in SHRs revealed significant increases in glycoursodeoxycholic 
acid17, which aligns with our findings. Moreover, recent research has identified deoxycholic acid as an early 
diagnostic biomarker for HTN18.

In an independent cohort of J-HTN patients treated with two different drug regimens, the addition of the 
herbal compound CGD led to more pronounced changes in the serum metabolome. The major metabolite, 
LysoPC(22:6/0:0), was again highlighted as a key marker for J-HTN. LysoPC(22:6/0:0), an isoform of LysoPC 
carrying docosahexaenoic acid (DHA), is known to release DHA in response to phospholipases (PLA1/PLA2), 
which lowers triglyceride levels and reduces cardiovascular disease risk19; it also mediates vasodilation to help 
lower blood pressure20. However, LysoPC has adverse cardiovascular effects, including inhibition of nitric oxide 
production, enhanced oxidative stress21, and disruption of cardiac structure and function22,23. Nevertheless, 
previous animal experiments have shown that LysoPC(22:6/0:0) levels decrease in SHRs after CGD treatment8. 
In line with these findings, our study demonstrated downregulation of LysoPC(22:6/0:0) in J-HTN patients, with 

Fig. 5.  Random forest model for J-HTN. (A) categorical prediction results; (B) ROC curves; (C) importance 
assessment; (D) relative intensity of LysoPC(22:6/0:0), ****, p ≤ 0.0001.
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a further decrease in levels as blood pressure decreased after CGD treatment. This strengthens the potential of 
LysoPC(22:6/0:0) as a biomarker for distinguishing between superior and inferior antihypertensive effects in 
J-HTN patients.

Another key metabolite identified in our cohort was PHE, an aromatic amino acid closely associated with 
protein synthesis and enzymatic reactions. PHE exists primarily in its L-configuration (L-PHE), which is not 
synthesized by the human body. L-PHE has been shown to reduce aortic thickness and myocardial collagen 
content24. In SHR models, L-PHE has been shown to increase vasodilation and lower blood pressure25. 
Conversely, retrospective population-based studies have reported that PHE intake is associated with an increased 
risk of HTN26. A recent secondary analysis of the SABPA study also suggested a positive association between 
PHE levels and SBP dynamics in individuals with masked HTN27. Our findings align with these studies, as 
PHE levels were elevated in the early stages of J-HTN and increased further after treatment. At present, there 
are also relevant descriptions of PHE variation for several subtypes of HTN, including masked HTN27, H-type 
HTN28, and gestational HTN29. We have underscored the importance of considering PHE metabolism in the 
pathophysiology of J-HTN. Additionally, the other recurring metabolite myristic acid has been identified in 
several studies analysing HTN metabolomics30,31. It reflects an imbalance between saturated and unsaturated 
fatty acids due to fatty acid metabolism disorders, whereas deeper investigation into their role is still warranted.

Globally, only approximately 20% of hypertensive patients are adequately controlled32. The future of HTN 
management lies in distinguishing disease subtypes for precise control. There remains an urgent clinical need 
for early identification and targeted treatment of hypertensive patients with normal or lean body sizes. In this 
study, we first analysed the circulating metabolic profiles of hypertensive patients with different body sizes, 
using an orthogonal approach to identify metabolites strongly correlated with J-HTN. Then, we validated the 
importance of each metabolic component through the random forest algorithm, which produced more robust 
results. Additionally, we performed secondary validation in an independent cohort receiving pharmacological 

Fig. 6.  Effect of CGD on J-HTN (A) systolic blood pressure, (B) diastolic blood pressure, ***, p ≤ 0.001, (C) 
key metabolites (the CGD group), (D) key metabolites (the control group).
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treatment and identified 3 metabolic markers associated with both diagnosis and prognosis. Among these, 
LysoPC(22:6/0:0) stood out as the most significant biomarker for early recognition of J-HTN.

Our study enhances the understanding of the pathological aspects of metabolic disorders in J-HTN, 
with LysoPC(22:6/0:0) emerging as a promising biomarker. Although the current work was validated in an 
independent cohort receiving pharmacological treatment, it has not yet been fully explored through functional 
studies, and the molecular mechanisms linking metabolites to J-HTN remain unclear. Preliminary exploration of 
the mechanism revealed that serum levels of total LysoPC, calcium-independent PLA2, and RGS2 were altered 
in both healthy individuals and J-HTN patients. Additionally, in J-HTN patients, these changes were consistent 
before and after treatment (Supplementary Fig S5). Furthermore, the subjective nature of abdominal palpation 
for distinguishing T-HTN from Y-HTN by specialists was a limitation. Other limitations included variables 
such as comorbidities, medications, and the duration of sample freezing, all of which could influence serum 
metabolites. Despite these challenges, our study provides valuable insights into the pathophysiology of J-HTN 
and lays the groundwork for future research into new targets and therapies for precision medicine in HTN.

In brief, this work, on the basis of non-targeted metabolomics data, identified specific metabolic profiles of 
J-HTN, with LysoPC(22:6/0:0) emerging as the most notable biomarker. This finding is valuable for the early 
prevention and prognosis of this HTN subtype and offers new insights into HTN classification. Nonetheless, 
further preclinical and clinical studies are needed to explore new therapeutic targets and drugs for precision 
therapy in J-HTN.

Methods
Study population
All the subjects were recruited and evaluated by the Department of Cardiovascular Medicine, Wuxi Affiliated 
Hospital of Nanjing University of Chinese Medicine from March 17, 2023, to January 10, 2024. The study 
protocol was approved by the Institutional Review Board of Wuxi Affiliated Hospital of Nanjing University of 
Chinese Medicine (No. YJS2023031307, March 17, 2023). All study participants, including patients and healthy 
volunteers, provided informed consent and were grouped by cardiovascular specialists for assessment after a 
thorough medical examination.

Patients who met the diagnostic criteria for HTN (SBP ≥ 140 mm Hg and/or DBP ≥ 90 mm Hg) according to 
three separate measurements without previous use of antihypertensive medication were eligible for screening. 
Patients who had used antihypertensive medication or had a confirmed diagnosis of secondary HTN were 
excluded. Hypertensive patients whose weight exceeded 10% above the standard weight were categorized into the 
“obese” group, based on the standard weight formula (standard weight [kg] = height [cm]—105). The remaining 
patients were classified as having J-HTN. Among the obese patients, abdominal muscle tone was assessed by 
physical examination, and those with flaccid abdominal muscles were classified as T-HTN (fat-dominant HTN), 
whereas those with tight abdomens were classified as Y-HTN (muscle-dominant HTN).

Sample preparation
A total of 30 healthy volunteers and 90 hypertensive patients (30 each of J-HTN, T-HTN, and Y-HTN) were 
recruited for this study. Fasting venous blood was collected from all subjects in the morning. The venous blood 
samples were centrifuged at 1500 rpm for 10 min to obtain the serum. The serum was collected into 1.5 ml EP 
tubes and stored at − 80 °C in a refrigerator. 600 μl of acetonitrile was added to 200 μL of pre-treated serum, 
vortexed for 60  s, and centrifuged for 10  min (13,000  rpm, 4  °C). A 480 μL aliquot of the supernatant was 
pipetted into a 1.5 ml EP tube and blown dry under nitrogen. Before non-target metabolomics experiments, the 
blow-dried samples were reconstituted with 100 μL of 50% acetonitrile, vortexed again for 60 s, and centrifuged 
for 10 min (13,000 rpm, 4 °C), after which the supernatant was aspirated into the sample. Another appropriate 
amount of each sample was taken, mixed in equal parts, and prepared according to the above steps for the QC 
samples. One injection of the QC sample was inserted into every 10 samples during the assay to monitor the 
stability of the instrument and method.

Liquid chromatography mass spectrometry
A SCIEX Exion LC instrument combined with an X500B mass spectrometer (AB Sciex, Foster City, CA, 
USA) was used for sample analysis. The chromatographic and mass spectrometric conditions were as follows: 
chromatographic column, Waters Acquity BEH C18 column (2.1 × 100  mm, 1.7  μm); column temperature, 
35 °C; mobile phase, A-water (containing 0.1% formic acid); B-acetonitrile; flow rate, 0.3 ml/min; and injection 
volume, 2 μl. The elution gradient and scanning mode are provided in Supplementary Tables S5 and S6.

Independent treatment cohort validation
To validate the potential of differentially abundant metabolites as markers of J-HTN efficacy, we performed an 
additional untargeted metabolomics analysis on an independent cohort of 60 pharmacologically treated J-HTN 
patients who were not part of the population with initial HTN described above. In this cohort, we compared the 
dynamic changes in metabolites before and after the two drug treatment regimens, with a focus on classification 
markers. All procedures were performed in accordance with the Declaration of Helsinki and registered with the 
Chinese Clinical Trial Registry (https://www.chictr.org.cn/, ChiCTR2400085731, 17/06/2024). The full study 
protocol for this section is provided in the Methods Appendix.

Data analysis
Numerical variables for clinical characteristics are expressed as the means ± SDs, and differences in clinical and 
biochemical parameters between groups were detected via independent samples t-tests or analysis of variance 
(ANOVA). The multigroup comparison p values were adjusted via the Bonferroni method. Raw plots were 
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extracted and transformed into data matrices via SCIEX OS Analytics, and all the data were analysed after 
normalization to the total peak area. SIMCA 14.1 (Umetrics, Umeå, Sweden) software was used for multivariate 
mathematical statistics. First, the overall situation and the consistency of the samples within groups were analysed 
via PCA and PCA-Class to exclude anomalous data. The grouping variables were subsequently included in the 
modelling two by two for OPLS-DA, and the replacement test was used to test the validity of the model. On the 
basis of this model, the variables that had a greater impact on the establishment of this model were screened 
according to the conditions of a VIP value ≥ 1, |Pcorr| ≥ 0.2, and FC ≥ 1.20 or ≤ 0.83, and these variables were 
further subjected to the Mann‒Whitney test. The p value was adjusted via the Benjamini‒Hochberg method 
(with a target FDR of 0.05), and a p value ≤ 0.05 was found to be significantly different. The screened differential 
variables were identified based on accurate molecular mass (within 10  ppm mass error) and tandem mass 
spectrometry secondary information, and the identified candidate differentially abundant metabolites were 
searched and compared with the HMDB online database and annotated to obtain the differentially abundant 
metabolites. The dataset was randomly divided into a training set and a test set (2:1) by machine algorithm, the 
training set was used to construct a random forest model, and the test set was used to predict the classification 
results to evaluate the diagnostic efficacy of the metabolic markers.

Data availability
The individual participant data that underlie the results reported in this article will be shared in the communal 
repository after deidentification (Xu, Yifan (2024), “Clinical efficacy evaluation and serum metabolomics study 
of Chai-Gui Decoction on patients with Jueyin-type hypertension”, Mendeley Data, V1, doi: 10.17632/d3y5zx-
cnty.1). Anyone who wishes to access the data is allowed to view and use it for any purpose.
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