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Background and Aims: The comorbid state of obstructive sleep apnea (OSA) and coronary artery disease (CAD) has emerged as 
a significant public health challenge. However, the underlying metabolic regulation and molecular biomarkers linking to the CAD and 
OSA comorbidity (CADOSA) remain poorly understood. This study aimed to identify non-invasive biomarkers for the CADOSA 
comorbidity.
Methods: We randomly recruited a total of 143 participants from a hospital-based setting, comprising four groups: healthy controls 
(n=38), patients with OSA-only (n=37), CAD-only (n=36), and comorbid CADOSA (n=32). Participants were predominantly male 
(69.2%), with a mean age of 59.44 years (SD 12.25) and 24.77±3.94 BMI index. Comprehensive clinical evaluation and blood 
metabolomic profiling were conducted. We integrated differential expression analysis, functional enrichment, machine learning, 
receiver operating characteristic (ROC) curve, and matched transcriptomes association analysesto uncover key metabolites and 
potential molecular regulatory mechanisms associated with CADOSA.
Results: Baseline clinical data revealed that CADOSA comorbidity significantly exacerbates more severe cardiac dysfunction and 
sleep disordered breathing than two unique disease stages, despite no significant differences in age or BMI among the groups. 
Common disordered metabolites in patients with OSA-only or CAD-only were primarily associated with fatty acid, steroid, amino 
acid, and energy metabolism. While OSA-specific metabolic pathways included ascorbate and aldarate metabolism, alpha-linolenic 
acid metabolism, and primary bile acid biosynthesis. In contract, CAD specific pathways consisted of arginine biosynthesis, 
sphingolipid metabolism, pyruvate metabolism, and glycerophospholipid metabolism. Specifically, CADOSA patients exhibited 
unique metabolic pathways involving unsaturated fatty acid biosynthesis. Machine learning analysis identified the newly discovered 
and top-ranking potential metabolomic biomarkers for each condition: upregulated D-glucuronolactone for OSA, increased 12- 
hydroxyoctadecanoic acid for CAD, and downregulated tryptophan for CADOSA. Matched transcriptome association analysis 
revealed highly expressed and strongly correlated metabolite-gene pairs in the CADOSA comorbidity, including tryptophan- 
DMXL2, (C12-AE1S)-ZDHHC11, and IBMX-FCAR, which acting as potential up- and down-stream regulatory relationships under
lying progress of CADOSA.
Conclusion: This study elucidates the distinct clinical features and metabolic profiles of OSA, CAD, and comorbid CADOSA. These 
newly identified metabolic biomarkers and associative gene-metabolite pairs highlight a distinct comorbidity-specific metabolic and 
transcriptional architectures, providing novel insights into the development of molecular biomarkers and therapeutic targets for 
CADOSA.
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Introduction
Obstructive sleep apnea (OSA), marked by recurrent upper airway collapse during sleep, triggers intermittent hypoxia 
(IH) and heightened sympathetic activity. Epidemiological data indicate a prevalence of 17% in women and 34% in men, 
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with OSA recognized as an independent risk factor for coronary artery disease (CAD).1,2 Despite its clinical significance, 
OSA often remains underdiagnosed due to subtle early symptoms, underscoring the need for early detection. In China, 
cardiovascular diseases affect 330 million individuals, with CAD being the predominant contributor to mortality and 
healthcare burden.3 CAD pathogenesis involves lipid plaque accumulation in coronary arteries, leading to stenosis and 
cardiac dysfunction. Notably, OSA prevalence is significantly elevated among CAD patients, suggesting a bidirectional 
relationship.4,5 The frequent co-occurrence of OSA and CAD exacerbates disease progression through shared pathophy
siological mechanisms, resulting in poorer clinical outcomes.6–9 Moreover, the utility of clinical risk stratification in OSA 
is underscored by recent evidence demonstrating that patients categorized as high-risk by the NoSAS score carry 
a significantly greater burden of cardiovascular disease.10 Despite increasing recognition of their comorbidity 
(CADOSA) as a high-risk phenotype, no validated non-invasive biomarkers exist for early detection or risk stratification.

In our previous transcriptomic study, we characterized the gene expression profiles in peripheral blood mononuclear 
cells (PBMCs) from patients with CAD, OSA, and their comorbidity, identifying key dysregulated pathways and 
potential genetic biomarkers such as S100A12 and MMP9.11 While that study provided crucial insights into the genomic 
underpinnings of CADOSA, gene expression profiles primarily reflect the potential for cellular activity rather than the 
final functional outcome. In contrast, metabolomics offers a more direct snapshot of the functional activity and the 
downstream effects of genetic and environmental influences, serving as a bridge between genomics, transcriptomics, and 
proteomics. This approach has significantly advanced disease biomarker discovery, therapeutic target identification, and 
metabolic pathway analysis.12–14 Although previous studies have reported overlapping metabolic alterations or biomar
kers in OSA and CAD individually, a comprehensive metabolic profile specific to their comorbidity remains unexplored. 
For example, in OSA, metabolomic analyses have revealed disturbances not only in glucose and lipid metabolism but 
also in amino acid and purine metabolism, along with gut microbiota-derived metabolites. Time-series blood analyses 
demonstrate significant changes in amino acids and biogenic amines,15–17 while intermittent hypoxia alters the 
Firmicutes/Bacteroidetes ratio, elevates reactive oxygen species (ROS), and free fatty acids (FFA),18 and reduces 
porphyrin and glycerophospholipid (GPL) expression in severe OSA.19 Glutamate and phenylalanine have been 
suggested as biomarkers for OSA.20 In CAD, beyond traditional markers such as low-density lipoprotein cholesterol 
(LDL-C) and C-reactive protein (CRP),21 emerging metabolic signatures include dysregulated tricarboxylic acid cycle 
intermediates during ischemia,22 alterations in sphingomyelins, tryptophan levels associated with CAD severity,23,24 and 
gut microbiota-derived dysregulated short-chain fatty acids (SCFAs) with immunomodulatory roles.25 Although pre
liminary evidence suggests that certain metabolites—such as urinary epinephrine sulfate,26 serum phospholipase A1 and 
sphingomyelins,27 and microbiota-produced bile acids15—may link OSA to increased cardiovascular risk, most existing 
research, including our prior transcriptomic study,11 has focused on single-disease or single-omics analyses. Therefore, 
a comprehensive metabolomic investigation of CADOSA comorbidity is imperative to uncover the functional metabolic 
perturbations and to identify non-invasive biomarkers that complement transcriptomic findings.

In this study, we performed comparative metabolomic profiling via high-resolution liquid chromatography-mass 
spectrometry (LC-MS) combined with bioinformatics and machine learning to characterize serum metabolic signatures 
and identify biomarkers in OSA-only, CAD-only, and CADOSA patients versus healthy controls. To enhance the clinical 
relevance and robustness of our findings, we have expanded the patient cohort compared to our previous transcriptomic 
study.11 Integrated metabolome-transcriptome analysis further revealed gene–metabolite interaction networks, uncover
ing potential regulatory mechanisms in CADOSA. These findings advance the understanding of CADOSA pathogenesis 
and may facilitate the development of noninvasive biomarker panels for early diagnosis, risk stratification, and 
personalized therapeutic strategies.

Materials and Methods
Study Cohort and Clinical Assessment
This metabolomic investigation received ethical approval from the Institutional Review Board, with all subjects 
providing written informed consent. All participants underwent comprehensive clinical characterization and disease 
confirmation using the same rigorous criteria detailed in our prior transcriptomic investigation.11 In brief, CAD and OSA 
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were definitively diagnosed by specialist consensus using coronary angiography and polysomnography, respectively. The 
present metabolomic analysis extends this work through a significantly expanded cohort of 143 participants, enhancing 
the statistical power of our findings. The final analytical cohort was systematically categorized into four distinct clinical 
groups: 36 patients with CAD, 37 with OSA, 32 with CAD and OSA comorbidity (CADOSA), and 38 healthy controls.

Plasma Acquisition and Metabolite Isolation
Peripheral venous blood was collected from all participants after an overnight fast and transferred into EDTA- 
anticoagulated Vacutainer tubes (5 mL; BD Biosciences). Plasma was separated by centrifugation at 1,500 ×g for 
15 min at 4°C and stored at −80°C until analysis. For metabolite extraction, 100 μL of thawed plasma was mixed 
with 400 μL of ice-cold methanol/acetonitrile (1:1, v/v) via vortexing. The mixture was incubated at −20°C for 1 h and 
then centrifuged at 14,000 ×g for 20 min (4°C). The resulting supernatant was lyophilized using a SpeedVac concentrator 
(Thermo Fisher Scientific). The dried extract was reconstituted in 100 μL of acetonitrile/water (1:1, v/v), followed by 
centrifugation at 14,000 ×g for 15 min at 4°C. The clarified supernatant was transferred into LC-MS vials for analysis. 
A pooled quality control (QC) sample was prepared by combining 10 μL aliquots from each individual sample. QC 
samples were injected after every five experimental samples to assess instrumental performance and stability.

Metabolic Profiling Using LC-MS/MS
LC-MS/MS analysis was conducted on an ultra-high performance liquid chromatography system (1290 Infinity LC, 
Agilent Technologies) coupled with a quadrupole time-of-flight mass spectrometer (AB SCIEX Triple TOF 5600) at 
Guangzhou Verygenome Technology Co., Ltd. Chromatographic separation was achieved using a HILIC-based 
ACQUITY UPLC BEH Amide column (2.1 mm × 100 mm, 1.7 μm; Waters, Ireland) maintained at 40°C. The mobile 
phase consisted of (A) 25 mM ammonium acetate and 25 mM ammonium hydroxide in water and (B) acetonitrile. The 
gradient elution program was operated at a flow rate of 0.3 mL/min as follows: 95% B (0–0.5 min), linearly decreased to 
65% B (6.5 min), further reduced to 40% B (7.5 min), held at 40% B (8.5 min), rapidly increased to 95% B (8.6 min), 
and finally re-equilibrated at 95% B for 3 min (total run time: 11.6 min).

Mass spectrometric measurements were performed in both ESI polarities. Source conditions comprised: nebulizing 
and auxiliary gas at 60 psi each, curtain gas at 30 psi, temperature of 600°C, and spray voltage of ±5.5 kV. Full-scan data 
(m/z 60–1000 Da; 0.20 s/spectrum) were acquired in TOF mode. Automated MS/MS was performed via an IDA method, 
acquiring fragmentation spectra (m/z 25–1000; 0.05 s/spectrum) with a collision energy of 35 ± 15 eV. Declustering 
potentials were ±60 V depending on polarity. The data-dependent acquisition employed a 4 Da isotope exclusion and 
a 10-ion-per-cycle limit to optimize the fragmentation strategy.

Metabolomics Data Processing
Raw data were converted to mzXML format by MSConvert. Peak detection and alignment were conducted in XCMS 
(centWave: 10 ppm; peak width: 10–60 s; prefilter: [10, 100]). The resulting features were grouped (retention time 
tolerance: 5 s; mass tolerance: 0.025 Da; minfrac 0.5) and filtered to retain those present in >50% of samples in any 
group. Isotope and adduct annotation used CAMERA (Collection of Algorithms of Metabolites Profile Annotation). 
Metabolites were identified by matching accurate mass (<10 ppm error) and MS/MS spectra to a custom library of 
authentic standards.

Identification and Functional Analysis of Differentially Expressed Metabolites
After data quality control and normalization, multivariate statistical analyses were conducted using the ropls package in 
R. Differential metabolites were identified based on thresholds of |log2FC| ≥ 1, adjusted p<0.05, and variable importance 
in projection (VIP) ≥ 1. Unsupervised principal component analysis (PCA), supervised partial least squares-discriminant 
analysis (PLS-DA), and volcano plots were utilized to assess inter-group metabolic variations and visualize differentially 
expressed metabolites. Model robustness was validated through sevenfold cross-validation and permutation testing. 
Pathway enrichment analysis was performed using the Kyoto Encyclopedia of Genes and Genomes (KEGG) database, 
with pathways meeting adjusted p<0.05 considered statistically significant.
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Diagnostic Model Development Using Machine Intelligence
The participant cohort was randomly partitioned into training (70%) and validation (30%) subsets. Three machine 
learning approaches were implemented to construct diagnostic classifiers: elastic net regression for its robustness to 
multicollinearity (with the regularization parameter λ set to 0.05); random forest algorithms evaluating feature impor
tance through mean decrease Gini indices; and support vector machine models. To enhance model robustness and 
generalizability, all classifiers were trained and validated using a repeated 10-fold cross-validation strategy. The five most 
predictive metabolite features, determined by consensus ranking across methods, were incorporated into final classifica
tion models. The predictive performance was evaluated using receiver operating characteristic (ROC) curves, illustrating 
the relationship between sensitivity and 1–specificity. Diagnostic accuracy was determined by the area under the ROC 
curve (AUC), where values closer to 1.0 indicate better discriminative ability and fewer misclassifications.

Cross-Omics Integration Analysis
To investigate inter-omics relationships, metabolite profiles were integrated with matched gene expression data from our 
previous investigation. Pairwise correlation coefficients were computed between key diagnostic metabolites and all 
differentially expressed genes. Statistically significant associations (R>0.4, p<0.05) were used to construct gene– 
metabolite interaction networks, with visualization implemented in Cytoscape.28

Clinical Data Statistical Evaluation
Clinical parameter analysis was performed using SPSS statistical software. Continuous variables were summarized as 
mean ± standard deviation or median with interquartile range according to distribution characteristics. Categorical 
variables were presented as frequencies and percentages. Intergroup comparisons employed parametric or nonparametric 
methods based on data distribution properties, with two-tailed p<0.05 considered statistically significant.

Results
Cohorts Characteristics
The baseline clinical profiles of all participants are summarized in Supplementary Table S1. No significant differences 
were observed across the four groups (38 healthy controls, 37 OSA-only, 36 CAD-only, and 32 CADOSA) in age, BMI, 
heart rate, or key blood biochemistry indexes. However, as detailed in Table 1, each patient group exhibited a distinct 
clinical profile relative to healthy controls. Patients with OSA alone presented with elevated diastolic blood pressure and 
increased red blood cell counts, consistent with sympathetic activation and compensatory erythropoiesis. In contrast, the 
CAD group was marked by a significant rise in NT-proBNP, indicating pronounced cardiac strain. Patients with comorbid 
CAD and OSA (CADOSA) demonstrated the most pronounced cardiac remodeling, as evidenced by enlarged left 
ventricular dimensions. As expected, both the OSA and CADOSA groups exhibited severe nocturnal hypoxia, reflected 
in substantially higher AHI and lower SpO2. Collectively, these findings delineate the unique and shared pathophysio
logical features across the disease spectrum.

Overall Metabolomic Data Quality and Model Reliability
Plasma samples from HC, OSA, CAD, and CADOSA groups underwent metabolite preprocessing and identification, 
retaining ≥ level 21,385 metabolites. The overlapping total ion current chromatograms exhibit consistent peak intensities 
and retention times across repeated quality control samples (Supplementary Figure S1), demonstrating minimal instru
mental variability and excellent signal stability. Pearson correlation (Supplementary Figure S2) and PCA (Supplementary 
Figure S3) results of all QC samples further confirmed exceptional reproducibility.

PCA and OPLS-DA analyses revealed clear separation between each pairwise groups. The OSA vs HC comparison 
yielded R2Y=0.932 and Q2=0.928 (Figure 1A), CAD vs HC showed R2Y=0.851 and Q2=0.841 (Figure 1B), CADOSA 
vs HC exhibited R2Y=0.607 and Q2=0.555 (Figure 1C), CADOSA vs OSA demonstrated R2Y=0.862 and Q2=0.88 
(Figure 1D), and CADOSA vs CAD displayed R2Y=0.781 and Q2=0.819 (Figure 1E). All model parameters (R2Y and 
Q2≥0.5) indicated robust model reliability. Permutation tests confirmed the absence of overfitting in these models.
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Metabolic Profiling of OSA and CAD
The metabolomic differential analysis revealed that the OSA group exhibited 385 differentially expressed metabolites 
(adjusted p<0.05) compared to the HC group, among which 171 were upregulated. The top five most significantly 
upregulated metabolites were kuwanon C, 3-O-methylgallic acid, bufalin, cynarin, and urobilinogen. Meanwhile, 214 
metabolites were downregulated, with the top five most significantly downregulated being dipropyl phthalate, CMPF, 
phomalone, ethylbeta-carboline, and oleic acid (Supplementary Table S2). The functional classification analysis shows 
that approximately 59% of these differential metabolites belong to fatty acids and conjugates, steroids, sterols, iso
prenoids, and amino acids and peptides (listed in decreasing order). KEGG enrichment analysis indicated that the top 10 
pathways significantly associated with these differential metabolites included biosynthesis of unsaturated fatty acids, 
steroid hormone biosynthesis, citrate cycle (TCA cycle), alanine, aspartate and glutamate metabolism, ascorbate and 
aldarate metabolism, tyrosine metabolism, primary bile acid biosynthesis, fatty acid biosynthesis, phenylalanine meta
bolism, and alpha-linolenic acid metabolism (Figure 2A).

In comparison with the HC group, the CAD group displayed 295 differentially expressed metabolites (adjusted 
p<0.05), comprising 106 upregulated and 189 downregulated metabolites. The top five upregulated metabolites were 
kuwanon C, methyl 3-(4-hydroxy-6-methyl-2-oxo-2H-pyran-3-yl)-3-phenylpropanoate, bufalin, boscalid, and urobilino
gen, while the top five downregulated metabolites were phomalone, oleic acid, dipropyl phthalate, CMPF, and cimifugin 
(Supplementary Table S3). Functional classification revealed that approximately 54% of these differential metabolites 
were categorized as fatty acids and conjugates, steroids, amino acids and peptides, and isoprenoids and sterols. KEGG 
enrichment analysis demonstrated that the top 10 enriched pathways in the CAD group included biosynthesis of 
unsaturated fatty acids, steroid hormone biosynthesis, tyrosine metabolism, fatty acid biosynthesis, arginine biosynthesis, 
citrate cycle (TCA cycle), sphingolipid metabolism, pyruvate metabolism, alanine, aspartate and glutamate metabolism, 
and glycerophospholipid metabolism (Figure 2B).

A Venn diagram was generated based on the pairwise comparison data to identify shared and distinct metabolic 
pathways. The results showed that six metabolic pathways were common to both CAD and OSA, while each group also 
exhibited four unique pathways. OSA-specific pathways included ascorbate and aldarate metabolism, phenylalanine 

Table 1 Demographic and Clinical Characteristics of the Participants at Baseline

Characteristic HC 
n=38

OSA 
n=37

CAD 
n=36

CADOSA 
n=32

P value Comparison#

Gender* 0.008

Male, n (%) 19(50%) 27(73%) 25(69.4%) 28(87.5%)

Female, n (%) 19(50%) 10(27%) 11(30.6%) 4(12.5%)
DBP*, mmHg 79.24±10.79 88.22±16.53 84.70±11.85 80.27±11.47 0.017 1<2 

4<2

RBC*,1012/L 4.56±0.48 4.88±0.58 4.53±0.49 4.53±0.62 0.021 1, 3, 4<2
NT-proBNP*, pg/mL 82.9(41.3,274.6) 55.5(29.7,122.3) 151.3(77,726.3) 60.1(17.8,236.7) 0.011 1, 2<3

LVD*, mm 47(43.5,48.5) 47(43.8,49.3) 49(44.3,49.8) 48(47,51) 0.026 1<4
LVS*, mm 30(28,31) 29.5(27.75,32) 30(27.25,31) 31(30,33) 0.005 1, 2<4

Left ventricular hypertrophy* 0.036

Yes, n (%) 4(10.5%) 11(29.7%) 11(30.6%) 13(40.6%)
No, n (%) 34(89.5%) 26(70.3%) 25(69.4%) 19(59.4%)

AHI*, events/h 1.95(1.1,4.3) 15.2(11.4,24.3) 3.9(1,4.2) 19.4(9.2,34.2) <0.01 1<2, 4 

3<2, 4
SpO2*, % 89(85.8,90.8) 83(80,85) 89(88,91) 84(78,88) 0.002 2<1, 3 

4<3

Notes: Values are mean ± SD, n (%), or median (interquartile range), unless otherwise indicated. Differences in clinical and imaging parameters between groups were 
compared using one-way ANOVA. “*” marks a significant difference in the clinical factor among the HC, OSA, CAD, and CADOSA groups (p<0.05). “#” LSD (Least 
Significant Difference) method or T2 method or Bonferroni method was used for pairwise comparison within groups,1=HC, 2=OSA, 3=CAD, 4=CADOSA. 
Abbreviations: n, number of patients; DBP, diastolic blood pressure; RBC, red blood cells; NT-proBNP, N-terminal pro-B-type natriuretic peptide; LVD, left 
ventricular end-diastolic diameter; LVS, left ventricular end-systolic diameter; AHI, apnea hyponea index; SpO2, peripheral oxygen saturation.
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Figure 1 Pairwise comparative analysis among the HC, OSA, CAD, and CADOSA groups. (A) From left to right: PCA score plot of OSA vs HC, OPLS-DA score plot, and 
model validation plot displaying evaluation metrics (R2Y, Q2). (B) From left to right: PCA score plot of CAD vs HC, OPLS-DA score plot, and model validation plot 
displaying evaluation metrics (R2Y, Q2). (C) From left to right: PCA score plot of CADOSA vs HC, OPLS-DA score plot, and model validation plot displaying evaluation 
metrics (R2Y, Q2). (D) From left to right: PCA score plot of CADOSA vs OSA, OPLS-DA score plot, and model validation plot displaying evaluation metrics (R2Y, Q2). (E) 
From left to right: PCA score plot of CADOSA vs CAD, OPLS-DA score plot, and model validation plot displaying evaluation metrics (R2Y, Q2).
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metabolism, primary bile acid biosynthesis, and alpha-linolenic acid metabolism. In contrast, CAD-specific pathways 
comprised arginine biosynthesis, sphingolipid metabolism, pyruvate metabolism, and glycerophospholipid metabolism 
(Figure 2C).

Metabolic Landscape of CADOSA Morbidity
To comprehensively characterize the key metabolites associated with CADOSA comorbidity, we performed three distinct 
differential comparison analyses: CADOSA versus HC, CADOSA versus CAD, and CADOSA versus OSA. Relative to 
the HC group, the CADOSA group exhibited 162 differentially expressed metabolites (adjusted p<0.05), comprising 44 
upregulated and 118 downregulated metabolites. The most significantly upregulated metabolites included tryptophan, 

Figure 2 Differential metabolite analysis between OSA or CAD and healthy control groups. (A) Volcano plot displays differentially expressed metabolites in OSA compared 
to HC, where green dots represent downregulated metabolites and red dots indicate upregulated metabolites. The pie chart illustrates functional classification of the 
differential metabolites. Bubble plot shows the top 10 KEGG pathways enriched by the differential metabolites. (B) Volcano plot presents differentially expressed metabolites 
in CAD versus HC, with green dots denoting downregulated metabolites and red dots indicating upregulated metabolites. The pie chart demonstrates functional 
categorization of the differential metabolites. Bubble plot displays the top 10 KEGG pathways enriched by the differential metabolites. (C) Venn diagram illustrates 
overlapping and group-specific pathways between OSA vs HC and CAD vs HC.
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fumonisin_B1, [6]-shogaol, pseudojervine, and kuwanon C, while the top five downregulated metabolites were PI 34:2, 
PI 36:4, PG 36:4, 2,3-dihydroxypropyl stearate, and phenylethylamide 359 (Supplementary Table S4). Metabolite 
classification revealed that approximately 57% belonged to structural classes including fatty acids and conjugates, 
steroids, flavonoids, octadecanoids, and sterols. KEGG pathway enrichment analysis demonstrated that these differential 
metabolites were primarily associated with ten key metabolic pathways: biosynthesis of unsaturated fatty acids, 
phenylalanine metabolism, alpha-linolenic acid metabolism, arachidonic acid metabolism, fatty acid elongation, fatty 
acid degradation, tryptophan metabolism, fatty acid biosynthesis, aminoacyl-tRNA biosynthesis, and steroid hormone 
biosynthesis (Figure 3A).

The CADOSA versus OSA comparison identified 353 differential metabolites (203 upregulated, 150 downregulated, 
adjusted p<0.05). The most markedly upregulated metabolites were tryptophan, O,O-diethyl_phosphate, tebufenozide, 
1-[8-hydroxy-3-methyl-1-[(2S,3R,4S,5S,6R)-3,4,5-trihydroxy-6-(hydroxymethyl)oxan-2-yl]oxynaphthalen-2-yl]etha
none, and oleic acid. Prominent downregulated metabolites included excavatin M, perindopril, (±)-alpha-lipoic acid 
amide, cynarin, and O-phosphoethanolamine (Supplementary Table S5). The functional classification analysis shows that 
approximately 60% of these differential metabolites belong to fatty acids and conjugates, steroids, amino acids and 
peptides, isoprenoids, or steroids. KEGG analysis revealed their predominant involvement in: phenylalanine metabolism, 
citrate cycle (TCA cycle), alanine/aspartate/glutamate metabolism, phenylalanine/tyrosine/tryptophan biosynthesis, bio
synthesis of unsaturated fatty acids, tyrosine metabolism, ascorbate and aldarate metabolism, primary bile acid biosynth
esis, arginine biosynthesis, and butanoate metabolism (Figure 3B).

The CADOSA versus CAD analysis yielded 252 differential metabolites (154 upregulated, 98 downregulated, 
adjusted p<0.05). The top upregulated metabolites were tryptophan, 1-[8-hydroxy-3-methyl-1-[(2S,3R,4S,5S,6R)- 
3,4,5-trihydroxy-6-(hydroxymethyl)oxan-2-yl]oxynaphthalen-2-yl]ethanone, tebufenozide, deferasirox, and oleic acid, 
while the most significantly downregulated metabolites included indolelactic acid, 1234_tetrahydro_beta_carboline_car
boxylic_acid, LPE 16:0, PI 34:2, and 5-hydroxy-2,2-dimethyl-7,10-bis(2-methylbut-3-en-2-yl)pyrano[3,2-g]chromen- 
8-one (Supplementary Table S6). These metabolites were predominantly (56%) classified as fatty acids and conjugates, 
amino acids and peptides, steroids, sterols, or benzoic acids. The top enriched pathways included: valine/leucine/ 
isoleucine biosynthesis, biosynthesis of unsaturated fatty acids, phenylalanine/tyrosine/tryptophan biosynthesis, valine/ 
leucine/isoleucine degradation, tyrosine metabolism, primary bile acid biosynthesis, aminoacyl-tRNA biosynthesis, 
phenylalanine metabolism, alpha-linolenic acid metabolism, and arginine biosynthesis (Figure 3C). Venn diagram 
analysis of pathway enrichment across all three comparisons identified two common pathways: biosynthesis of unsatu
rated fatty acids and phenylalanine metabolism. However, phenylalanine metabolism was also implicated in the 
metabolic pathways associated with differentially expressed genes in OSA (Figures 2C and 3D).

Screening of Specific Diagnostic Markers Among Three Disease Conditions
Based on the pairwise comparison data of OSA vs HC and CAD vs HC, a Venn diagram was generated to identify 
common differentially expressed metabolites (Figure 4A). The results revealed 144 non-overlapping metabolites as 
unique differential metabolites in OSA and 54 in CAD, among which 41 were endogenous metabolites in the OSA group 
and 25 in the CAD group (Supplementary Table S7). Furthermore, the three-group comparisons of CADOSA vs HC, 
CADOSA vs OSA, and CADOSA vs CAD identified 29 common differential metabolites with 15 being endogenous 
metabolites (Supplementary Table S8), of which showed no overlap with the OSA or CAD specific metabolites, 
supporting their potential as candidate metabolic biomarkers for the individual diseases (OSA and CAD) and their 
comorbidity (Figure 4B).

Based on the screened disease-specific endogenous metabolites for OSA, CAD, and CADOSA, we employed three 
multivariate discriminant models Elastic Net Regression, Random Forest, and linear SVM to establish diagnostic models 
and identify predictive metabolic biomarkers for each disease. Using the top five disease-specific metabolites for OSA, 
CAD, and CADOSA, we constructed diagnostic models and evaluated the AUC of each individual metabolite.

For OSA, the results demonstrated that the top five metabolites effectively distinguished samples from the disease and 
healthy controls in PCA clustering analysis (Figure 5A). All three machine learning models achieved a prognostic AUC 
of 1, indicating robust diagnostic accuracy (Figure 5B). ROC curve analysis of individual key metabolites revealed that 
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Figure 3 Differential metabolite analysis of the CADOSA group. (A) Volcano plot displays the differential metabolite expression levels between CADOSA and HC. Green 
dots represent downregulated differentially expressed metabolites, while red dots indicate upregulated ones. The pie chart illustrates the functional classification of 
differential metabolites. The bubble plot shows the top 10 KEGG pathways enriched by differential metabolites. (B) Volcano plot presents the differential metabolite 
expression levels between CADOSA and OSA. Green dots denote downregulated differentially expressed metabolites, whereas red dots signify upregulated ones. The pie 
chart depicts the functional classification of differential metabolites. The bubble plot displays the top 10 KEGG pathways enriched by differential metabolites. (C) Volcano 
plot illustrates the differential metabolite expression levels between CADOSA and CAD. Green dots indicate downregulated differentially expressed metabolites, while red 
dots represent upregulated ones. The pie chart demonstrates the functional classification of differential metabolites. The bubble plot exhibits the top 10 KEGG pathways 
enriched by differential metabolites. (D) Venn diagram reveals the overlapping and group-specific pathways among the three comparisons: CADOSA vs HC, CADOSA vs 
OSA, and CADOSA vs CAD.
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the elevated D-glucuronolactone (OSA-M2) in OSA patients as exhibiting the highest diagnostic performance, with an 
AUC of 0.996, a sensitivity of 0.947, and a specificity of 1. Succinate (OSA-M1), (R)- 
4-((3R,5R,8R,9S,10S,12S,13R,14S,17R)-3,12-dihydroxy-10,13-dimethylhexadecahydro-1H-cyclopenta[a]phenanthren- 
17-yl)-N-(pyridin-2-ylmethyl)pentanamide (OSA-M3), dyphylline (OSA-M4), and (5S)-17-hydroxy-10,13- 
dimethyltetradecahydro-1H-cyclopenta[a]phenanthren-3(2H)-one (OSA-M5) also showed high AUC values of 0.993, 
0.994, 1.000, and 0.977, respectively (Figure 5C and D). Correlation analysis indicated that OSA-M2, the metabolite 
with the highest diagnostic performance and expression level, was positively correlated with OSA-M1, OSA-M4, and 
OSA-M5 but negatively correlated with OSA-M3 (Figure 5E).

In CAD, sample clustering based on the top5 metabolites also effectively distinguished in two groups (Figure 6A). 
The random forest and SVM-based OSA models exhibited same robust diagnostic accuracy (AUC=0.973, Figure 6B). 
ROC curve analysis of each key metabolite revealed that elevated 12-hydroxyoctadecanoic acid (CAD-M1) had an AUC 
value of 0.91, a sensitivity of 0.842, and a specificity of 0.944. 12-HEPE (CAD-M2), 17-hydroxyprogesterone (CAD- 
M3), thymidine-5-diphosphate sodium salt (CAD-M4), and psilocybin (CAD-M5) showed AUC values of 0.882, 0.791, 
0.88, and 0.825, respectively (Figure 6C and D). Correlation analysis further demonstrated that CAD-M1was positively 
correlated with CAD-M2, M3, M4, and M5 (Figure 6E).

For CADOSA, the top5 metabolites-based PCA also displayed an effective distinguishing in samples from CADOSA 
and HC groups (Figure 7A). The elastic net and SVM-based OSA models exhibited robust diagnostic accuracy 
(AUC=0.889) (Figure 7B). ROC curve analysis of individual key metabolites revealed that the significant downregula
tion of tryptophan achieved an AUC of 0.972, with a sensitivity of 0.868, and a specificity of 0.969. [6]-shogaol, C12- 
AE1S, bufalin, and IBMX showed AUC values of 0.954, 0.905, 0.888, and 0.831, respectively (Figure 7C and D). 

Figure 4 Screening of specific metabolic biomarkers. (A) Venn diagram displaying overlapping and group-specific metabolites between OSA vs HC and CAD vs HC, with 
arrows indicating the expression heatmap of specific DEMs. (B) Venn diagram illustrating overlapping and group-specific metabolites among CADOSA vs HC, CADOSA vs 
OSA, and CADOSA vs CAD, with arrows pointing to the expression heatmap of specific DEMs.
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Figure 5 OSA diagnostic model construction and metabolic biomarkers screening. (A) PCA revealed that specific metabolites showed high cohesion and good separation between 
the OSA group (in pink) and the HC group (in black). (B) Compare the AUC values of the Elastic Net Regression, Random Forest, and linear SVM model. (C) ROC curves for 
metabolic biomarkers. (D) Correlation heatmap of OSA biomarkers. (E) Comparison of the expression of biomarkers between the OSA and HC groups. (**** p<0.0001).
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Figure 6 CAD diagnostic model construction and metabolic biomarkers screening. (A) PCA revealed that specific metabolites showed high cohesion and good separation 
between the CAD group (in black) and the HC group (in pink). (B) Compare the AUC values of the Elastic Net Regression, Random Forest, and linear SVM model. (C) ROC curves 
for metabolic biomarkers. (D) Correlation heatmap of CAD biomarkers. (E) Comparison of the expression of biomarkers between the CAD and HC groups. (**** p<0.0001).
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Figure 7 CADOSA diagnostic model construction and metabolic biomarkers screening. (A) PCA revealed that specific metabolites showed high cohesion and good 
separation between the CADOSA group (in black) and the HC group (in pink). (B) Compare the AUC values of the Elastic Net Regression, Random Forest, and linear SVM 
model. (C) ROC curves for metabolic biomarkers. (D) Correlation heatmap of CADOSA biomarkers. (E) Comparison of the expression of biomarkers between the 
CADOSA and HC groups. (*** p<0.01,**** p<0.0001).
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Correlation analysis demonstrated that tryptophan was positively correlated with [6]-shogaol, C12-AE1S, and bufalin, 
but negatively correlated with IBMX (Figure 7E).

Correlation Network Between Differential Expressed Metabolites and Transcriptomic 
Genes in CADOSA
To investigate the potential regulatory mechanisms of CADOSA-related metabolic molecules, we performed correlation 
analyses between CADOSA five endogenous metabolic marker molecules and gene expression from paired transcrip
tomic data.11

The interaction network revealed significant correlations (|R|≥0.7, p<0.05) between CADOSA top 5 differential 
metabolites and 376 differentially expressed genes (DEGs) in the CADOSA vs HC comparison. We found that the most 
highly expressed and upregulated metabolite IBMX showed strong positive correlations with the highly expressed genes 
FCAR, PLBD1, and BPI. The downregulated metabolite C12-AE1S exhibited significant positive correlations with 
ZDHHC11B, TENT5C, and SPMIP8. The downregulated bufalin strongly correlated to GSTM3, CA6, and RBM11. The 
downregulated tryptophan exhibited strong positive correlations with DMXL2, CCDC88A, and TIMD4. The decreased 
metabolite 6-shogaol was correlated significantly with GPR15, GAGE10, and LILRB5 (Figure 8A).

Functional enrichment analysis indicated that the top 5 metabolites highly interacting genes are predominantly 
enriched in pathways of ECM−receptor interaction, proteoglycans in cancer, human papillomavirus infection, cytoske
leton in muscle cells, NOD−like receptor signaling pathway, melanogenesis, amoebiasis, protein digestion and absorp
tion, transcriptional mis-regulation in cancer, and focal adhesion (Figure 8B).

Discussion
OSA characterized by recurrent upper airway collapse during sleep, is an established independent risk factor for CAD.29 

CAD develops from coronary atherosclerosis, leading to luminal stenosis, myocardial ischemia, and necrosis. These 
conditions mutually exacerbate each other through shared mechanisms such as oxidative stress, endothelial dysfunction, 
and metabolic dysregulation, forming a vicious cycle that worsens prognosis. Despite rising clinical prevalence of CAD 
and OSA comorbidity (CADOSA),30 research has largely focused on isolated diseases, leaving its metabolomic 
signatures and diagnostic implications poorly understood. Given the importance of biomarkers in risk stratification and 
early intervention, we conducted a comprehensive metabolomic analysis comparing OSA, CAD, and CADOSA patients 
with healthy controls. Our study aimed to identify distinct metabolic patterns in comorbid patients versus those with 
single diseases, and explore associations between key metabolites and gene regulatory networks to uncover underlying 
mechanisms.

Clinically, the OSA group showed significantly elevated DBP and RBC counts, whereas the CAD group exhibited 
increased NT-proBNP levels, reflecting heightened myocardial injury risk. Notably, CADOSA patients displayed 
pronounced abnormalities in left ventricular dimensions (LVD, LVS), AHI, and SpO2, indicating exacerbated cardiac 
dysfunction and sleep-disordered breathing severity, consistent with echocardiographic and PSG findings. However, 
contrary to prior research,31 DBP and RBC levels were significantly higher in the OSA group than in the CADOSA 
group, possibly due to pre-admission pharmacological interventions in comorbid patients.

Our analysis revealed significant metabolic commonalities between CAD and OSA. Both the differential metabolite 
profiling and KEGG enrichment analysis demonstrated that these two conditions are primarily associated with dysregu
lation in fatty acid, steroid, amino acid, and energy metabolism pathways, including biosynthesis of unsaturated fatty 
acids, steroid hormone biosynthesis, citrate cycle (TCA cycle), alanine, aspartate and glutamate metabolism, tyrosine 
metabolism, and fatty acid biosynthesis, among others. These findings are highly consistent with previous reports,32–36 

further substantiating the crucial role of these metabolic pathways in disease pathogenesis.
Our study revealed distinct metabolic disturbances in OSA, particularly affecting ascorbate and aldarate metabolism, 

alpha-linolenic acid (ALA) metabolism, and primary bile acid biosynthesis. Although ascorbate and aldarate metabolism 
has not been previously linked to OSA, its known antioxidant properties including mitochondrial stabilization and nitric 
oxide-mediated vasodilation,37,38 suggest that IH-induced ROS and HIF-1α accumulation may disrupt this pathway, 
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Figure 8 Association analysis of transcriptome and metabolome in CADOSA. (A) Interaction network between genes and five key CADOSA metabolites. In the interaction 
graph, pink dots represent genes, blue dots represent metabolites, and Orange dots represent genes with a strong positive correlation with the metabolites. The larger the 
dot, the higher the expression level of the metabolite or gene. Blue lines represent the negative correlation between the two substances, while red lines represent the 
positive correlation. Thick segments indicate a correlation coefficient R>0.6, and thin segments indicate a correlation coefficient R of 0.4–0.6. (B) Pathway results of the top 
5 genes interacting with metabolites.
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exacerbating oxidative stress. Similarly, ALA and its derivatives (EPA/DHA) regulate inflammation, endothelial func
tion, and lipid metabolism.39,40 IH may impair ALA processing through cytokine release and altered enzymatic activity,41 

potentially explaining the dyslipidemia common in OSA. While primary bile acid biosynthesis has not been directly 
associated with OSA, HIF-1α elevated in OSA modulates this pathway in non-alcoholic fatty liver disease (NAFLD).42 

Mechanistically, IH may further dysregulate bile acids via gut microbiota disruption,43 worsening metabolic and 
cardiovascular sequelae.44 Collectively, HIF-1α activation and inflammatory signaling likely drive these metabolic 
perturbations, accelerating OSA progression. Notably, machine learning identified D-glucuronolactone as the top OSA- 
specific biomarker, supported by its high AUC and differential expression.

Our study identified distinct CAD-associated metabolic perturbations in arginine biosynthesis, sphingolipid metabo
lism, pyruvate metabolism, and glycerophospholipid metabolism. Arginine, a NO precursor, is critical for vascular 
endothelial function and platelet inhibition.45 Its dysregulation in CAD patients correlates with endothelial dysfunction, 
consistent with clinical evidence that shows L-arginine supplementation improves endothelial function and reduces LDL 
oxidation.46 Sphingolipid metabolism also plays a key role in CAD pathogenesis, primarily through ceramides and 
sphingosine-1-phosphate (S1P). Elevated ceramides, established biomarkers for CAD, promote disease progression via 
lipid deposition and impaired NO signaling,47,48 while S1P dysregulation exacerbates endothelial instability and 
inflammation.49,50 Altered pyruvate metabolism reflects myocardial metabolic reprogramming in CAD. Ischemia- 
hypoxia shifts energy production toward anaerobic glycolysis, reducing TCA cycle activity and increasing lactate 
accumulation. This impairs ATP generation, exacerbates cardiomyocyte apoptosis, and may activate NLRP3 inflamma
some mediated injury.51,52 Pyruvate metabolism disruptions may further worsen CAD by dysregulating lipid metabolism, 
accelerating cholesterol/triglyceride deposition.53–55 Aberrant glycerophospholipid metabolism aligns with prior 
findings,56 where its dysregulation impairs endothelial function, pro-inflammatory activation, and dyslipidemia.57 

Notably, phosphatidylthreonine (PT) and related glycerophospholipids correlate strongly with CAD severity,58 high
lighting their potential as diagnostic or therapeutic targets. These findings corroborate existing literature, validating our 
methodological approach. These findings validate established CAD mechanisms while introducing 12- 
hydroxyoctadecanoic acid as a novel endogenous biomarker, supported by its optimal AUC and differential expression.

The identification of early diagnostic biomarkers for CAD-OSA comorbidity was a key focus of this study. 
Metabolomic profiling revealed that CADOSA-associated differential metabolites primarily fell into four categories: 
fatty acids/conjugates, steroids/sterols, and amino acids/peptides. Of these, unsaturated fatty acid biosynthesis exhibited 
dual regulatory potential. Although some evidence suggests polyunsaturated fatty acids (PUFAs) may reduce CAD 
incidence and mortality.59,60 Mendelian randomization analyses5,49 and clinical trials61 have yielded inconsistent 
evidence to support these benefits. Conversely, omega-3 supplementation may improve OSA by mitigating inflammation, 
insulin resistance, and dyslipidemia.62 Phenylalanine metabolism has emerged as another critical pathway, influencing 
mitochondrial function and hypoxia adaptation via hepatocyte energy metabolism and macrophage cytokine 
regulation.63–65 We hypothesize that intermittent hypoxia-induced oxidative stress may disrupt this pathway, leading to 
phenylalanine derivative accumulation (eg, phenylacetate). These metabolites could exacerbate endothelial dysfunction, 
neurotoxicity, and atherosclerosis,66 thereby elevating the overall risk for CAD. Among CADOSA-specific metabolites, 
tryptophan showed superior diagnostic performance (AUC and expression levels), positioning it as a promising biomar
ker for this comorbidity.

To explore the molecular mechanisms of CADOSA, we integrated multi-omics data with prior transcriptomic 
findings,11 identifying five CADOSA-specific metabolite-gene networks. Notably, the differential metabolite C12- 
AE1S formed a robust interaction module with ZDHHC11B, a gene linked to lipid metabolism and inflammation. 
ZDHHC11B, an endoplasmic reticulum protein, inhibits fatty acid mobilization by suppressing lipophagy and lipolysis in 
lipid droplets.67 It also activates the STING-NF-κB pathway, driving type I interferon and proinflammatory cytokine 
production.68–71 In cancer, ZDHHC11B promotes tumor progression via palmitoylation of EMT-related molecules. We 
hypothesize that in CADOSA, ZDHHC11B may exacerbate airway collapse and hypoxia by inducing EMT, leading to 
airway remodeling, fibrosis, and vascular endothelial dysfunction. This could accelerate atherosclerotic plaque vulner
ability and vascular injury. Our findings suggest that ZDHHC11B upregulation in CADOSA may bridge C12-AE1S 
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mediated lipid dysregulation and EMT-driven pathogenesis. Future studies using OSA-atherosclerosis animal models are 
needed to validate whether ZDHHC11B contributes to disease progression via C12-AE1S dependent mechanisms.

The strong IBMX-FCAR correlation suggests a potential regulatory interaction in CADOSA. IBMX, a non-specific 
phosphodiesterase (PDE) inhibitor, increases cAMP/PKA activity, which may worsen tachycardia, blood pressure 
instability,72–74 enhancing insulin secretion,75 and increasing myocardial sensitivity to hypoxia.76 Conversely, FCAR 
(CD89), primarily expressed in myeloid cells (eg, neutrophils, macrophages),77,78 promotes thrombosis via neutrophil 
extracellular trap (NET) activation.78 and intermittent hypoxia (IH) in OSA may amplify FCAR-mediated inflammation, 
exacerbating endothelial injury.77 Notably, FCAR polymorphisms (eg, Asp92Asn) are linked to cardiovascular risk in 
males,79 while FCAR inhibition attenuates ox-LDL–driven foam cell formation, MAPK signaling, and proinflammatory 
cytokines, thereby slowing atherosclerosis.80,81 We propose that IBMX upregulation in CADOSA may enhance myo
cardial hypoxia susceptibility and FCAR activation, aggravating cardiac inflammation. Additionally, IBMX-induced 
increased myocardial contractility could elevate coronary mechanical stress. Under hypoxia, these mechanisms may 
synergistically accelerate CAD progression.

In CADOSA patients, tryptophan was the only significantly downregulated metabolite, consistent with prior reports in 
CAD and OSA.18,82 Its levels strongly correlated with DMXL2 expression. Tryptophan metabolism occurs via three key 
pathways: kynurenine production, serotonin (5-HT) synthesis, and gut microbiota-dependent indole formation. IH 
promotes tryptophan-to-kynurenine conversion—a process heightened nocturnally,83 which aligns with elevated kynur
enine/tryptophan ratios in CAD severity.82,84 IH also reduces 5-HT, potentially exacerbating depression-like behaviors 
and activating a stress-driven kynurenine pathway, perpetuating a cycle of inflammation and psychological stress that 
may worsen hypertension and plaque instability.85–87 Furthermore, IH disrupts gut microbiota, impairing tryptophan 
absorption and indole derivative synthesis (eg, indole-3-propionic acid, IPA), which may aggravate metabolic dysfunc
tion and inflammation.18 IPA demonstrates cardiovascular protection by enhancing reverse cholesterol transport,88,89 

thus, IH-induced microbiota shifts could accelerate CAD progression by depleting IPA. Although DMXL2 
(Rabconnectin-3) remains understudied in OSA and CAD, emerging evidence implicates it in their pathogenesis. As 
a key regulator of synaptic vesicle trafficking, DMXL2 modulates neuroendocrine signaling.90 In the central nervous 
system, 5-HT release depends on vesicular transport, prompting our hypothesis that DMXL2 may influence 5-HT 
bioavailability and plaque stability. Moreover, DMXL2 promotes epithelial mesenchymal transition (EMT) via Notch 
pathway activation.91,92 Given that IH stabilizes HIF-1α a known Notch pathway inducer a synergistic interaction may 
exacerbate upper airway and vascular remodeling in CADOSA. Collectively, we propose that DMXL2 dysregulation 
contributes to CADOSA progression via dual mechanisms:disrupting vesicular transport of tryptophan metabolites and 
inducing EMT-mediated vascular dysfunction.

This study has certain limitations. This study has several limitations. First, our cohort was predominantly male, 
particularly within the patient groups; therefore, the generalizability of the identified metabolomic signatures and 
biomarkers to females remains uncertain. Second, as a cross-sectional analysis, the present design does not permit causal 
inference but only reveals associations between variables. Third, potential confounding factors—such as body mass 
index and medication use, may have influenced the metabolomic profiles. Finally, due to time and resource constraints, 
external validation in an independent cohort was not performed in this phase. Future longitudinal or interventional studies 
are needed to establish the mechanistic roles of these metabolites in disease pathogenesis and progression. Subsequent 
investigations involving larger, multi-center cohorts will be essential to enhance the generalizability and robustness of 
our findings. If validated, the newly identified biomarkers could potentially be incorporated into existing risk stratifica
tion models. Such integration would aid in the early diagnosis and individualized risk prediction of comorbid CAD and 
OSA by quantifying an individual’s probability of comorbidity.

Conclusions
This study elucidates the distinct plasma metabolic profiles of patients with OSA, CAD, and their comorbidity, CADOSA 
—a notably understudied clinical phenotype. We newly discovered D-glucuronolactone as a potential metabolic 
biomarker for OSA and 12-hydroxyoctadecanoic acid as a candidate biomarker for CAD. Notably, tryptophan emerges 
as a promising biomarker for early risk prediction in CADOSA patients. Multi-omics integration highlights biologically 
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plausible pathways unique to the comorbid condition. Furthermore, our analysis reveals three highly correlated metabo
lite-gene pairs with potential therapeutic implications for CADOSA: tryptophan-DMXL2(C12-AE1S)-ZDHHC11, and 
IBMX-FCAR. It should be emphasized that all associations, including those between metabolites and genes, are 
associative and do not imply causality. These molecules may represent novel therapeutic targets for CADOSA 
intervention.
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