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Abstract 

Background

This study aims to employ a prospective cohort design to quantitatively assess the 

association between exposure levels of common ambient air pollutants and the risk 

of cardiovascular disease (CVD) in patients across stages 0–3 of Cardiovascular- 

kidney-metabolic (CKM) syndrome. By doing so, it addresses a critical knowledge 

gap in environmental exposure research within this specific clinical context.

Methods

We analyzed baseline differences between CVD cases/controls using descriptive 

statistics, parametric/nonparametric tests, and Pearson correlations for air pollut-

ants (PM₁, PM2.5, PM₁₀, NO₂, O₃). Cox regression (Models 1–3, adjusting for socio-

demographic/behavioral factors) and RCS assessed pollutant-CVD associations. 

WQS/qgcomp models evaluated mixture effects via weighted indices and directional 

weighting. Sensitivity analyses used BKMR, WQS-CVD exposure-response curves, 

and 2-year lag to address reverse causality.

Results

In single-pollutant analyses, per-interquartile range (IQR) increases in PM₁, PM₂.₅, 
PM₁₀, and NO₂ were associated with 30% (HR = 1.30, 95% CI 1.17–1.45), 35% 

(HR = 1.35, 95% CI 1.21–1.51), 52% (HR = 1.52, 95% CI 1.35–1.70), and 30% 

(HR = 1.30, 95% CI 1.17–1.45) elevations in CVD risk, respectively. No significant 

association was found for O₃. In mixture analyses, all three quantile g-computation 

(qgcomp) models linked combined pollutant exposure to significantly higher CVD 

risk (Model 1: HR = 1.10, 95% CI 1.04–1.17; Model 2: HR = 1.11, 95% CI 1.04–1.18; 

Model 3: HR = 1.12, 95% CI 1.05–1.19). PM₁₀ emerged as the dominant driver of the 

mixture effect.
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Conclusion

Higher exposure levels to ambient air pollutants are associated with an increased risk 

of cardiovascular disease in patients with Stage 0–3 CKM syndrome.

Introduction

Air pollution occurs when pollutant concentrations surpass environmental self-
purification capacity, threatening human health via atmospheric media. As early as 
2017, ambient particulate matter pollution, along with high systolic blood pressure, 
tobacco use, and a high-sodium diet, had emerged as the four leading risk factors 
contributing to deaths and disability-adjusted life years (DALYs) among Chinese 
residents, drawing widespread attention from the Chinese government [1]. The 2021 
Global Burden of Disease (GBD) study further solidified air pollution’s position as a 
global health threat. Data indicate that particulate matter pollution (encompassing 
both ambient and household air pollution) ranked as the third-highest risk factor 
globally in 2021, accounting for 8.0% (95% confidence interval [CI]: 6.7%−9.4%) of 
total DALYs [2]. Air pollution has undoubtedly become one of the most severe global 
environmental issues, posing a significant threat to human health. Numerous studies 
have established a strong correlation between air pollution and the onset and pro-
gression of various diseases, particularly cardiovascular diseases [3–5], respiratory 
diseases [6,7], and mental disorders [8,9].

Existing epidemiological evidence suggests that the association between expo-
sure to air pollutants and cardiovascular diseases (CVD) is the most pronounced. 
A nationwide cohort study conducted by Chinese scholars has confirmed that long-
term exposure to ambient ozone increases the risk of cardiovascular diseases [10]. 
Another Mendelian randomization study has similarly unveiled the link between the 
two [11]. Regarding the pathophysiological mechanisms underlying this associa-
tion, current research primarily focuses on oxidative stress [12] and inflammatory 
responses [13,14], The interplay between these two factors damages vascular 
endothelial cells, leading to impaired endothelial-dependent vasodilation [15]. Simul-
taneously, abnormal hemorheological parameters, such as elevated fibrinogen levels, 
increase blood viscosity, thereby promoting thrombus formation [16].

Based on the interactive pathophysiological mechanisms among metabolic risk 
factors, chronic kidney disease (CKD), and the cardiovascular system, the Ameri-
can Heart Association (AHA) officially proposed the disease classification criteria for 
Cardiovascular-Kidney-Metabolic Syndrome (CKM syndrome) on October 9, 2023 
[17]. CKM stage 0 is characterized by the absence of cardiovascular disease (CVD) 
risk factors, with prevention primarily focused on minimizing the risk of CKD or CVD 
development. CKM stage 1 presents as overweight/obesity, requiring interventions 
to address adiposity and prevent progression of metabolic risk factors. CKM stage 2 
involves coexisting metabolic risk factors and renal lesions, necessitating integrated 
management of metabolic abnormalities and CKD to block transition to subclinical/
clinical CVD. CKM stage 3 comprises patients with subclinical CVD, very high-risk 
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CKD, and/or high predicted CVD risk, with the core objective of preventing progression to clinical CVD and renal failure. 
Compared to individuals at stage 0 of CKM syndrome, those at stages 1–4 exhibited a 1.24-fold, 1.72-fold, 2.58-fold, and 
3.73-fold increase in the risk of all-cause mortality, respectively [18].The greatest clinical impact of CKM syndrome on 
morbidity and mortality stems from its substantial burden of CVD [17]. Underestimation of CVD risk may lead to inade-
quate preventive measures and delayed therapeutic interventions, thereby worsening patient prognosis [19]. Conversely, 
early systematic intervention across CKM stages 0–3 can significantly reduce the incidence and progression of clinical 
CVD. Given these risk stratification characteristics, establishing an early warning system for CKM syndrome holds signifi-
cant clinical value in improving the prognosis of patients with this condition.

Previous studies have predominantly concentrated on evaluating the efficacy of biomarkers in predicting cardiovascular 
events among patients with CKM syndrome [20–24]. However, the association between air pollution exposure and the pro-
gression of CKM disease remains unexplored. This study aims to employ a prospective cohort design to quantitatively ana-
lyze the relationship between exposure levels of common ambient air pollutants and the risk of cardiovascular diseases in 
patients at stages 0–3 of CKM syndrome, thereby filling the research gap in environmental exposure studies within this field.

Materials and methods

study population

Data source.  The study population was derived from the China Health and Retirement Longitudinal Study (CHARLS), 
a nationally representative longitudinal survey. The data collection for CHARLS received approval from the Biomedical 
Ethics Review Committee of Peking University (IRB00001052–11015), and the study protocol adhered to the ethical 
standards outlined in the 1975 Declaration of Helsinki. All participants in the study provided informed consent after 
receiving comprehensive written information. The national baseline survey of CHARLS was conducted from June 2011 
to March 2012, with follow-ups conducted biennially using face-to-face computer-assisted personal interviews (CAPI). To 
date, CHARLS has released data from four waves of follow-up (Wave 2 in 2013, Wave 3 in 2015, Wave 4 in 2018, and 
Wave 5 in 2020) [25].

The flowchart (Fig 1) outlines the inclusion and exclusion criteria for this study. A total of 5,195 participants were ulti-
mately included in the final analysis.

Definitions of Stage 0 to Stage 3 of Cardiovascular-Kidney-Metabolic (CKM) Syndrome

The classification of Cardiovascular-Kidney-Metabolic (CKM) syndrome stages adheres to the criteria outlined in the 
American Heart Association (AHA) Presidential Advisory concerning CKM syndrome patients [17]. The descriptions for 
each stage are as follows: Stage 0: Individuals show no evidence of metabolic abnormalities, cardiovascular lesions, or 
renal impairment. Stage 1: Features of this stage include overweight/obesity (with a BMI ≥ 25 kg/m² or excessive waist 
circumference) or isolated adipose tissue dysfunction (without accompanying metabolic risk factors such as hypertension, 
dyslipidemia, or chronic kidney disease [CKD]). Stage 2: The presence of dyslipidemia(DL) (≥135 mg/dL), hyperten-
sion(HTN) (≥130/80 mmHg), metabolic syndrome(MetS), diabetes mellitus(DM), or a confirmed diagnosis of CKD (defined 
by an estimated glomerular filtration rate [eGFR] < 60 mL/min/1.73m², calculated using the Chinese-modified Modification 
of Diet in Renal Disease [C-MDRD] equation) characterizes this stage. Stage 3: Beyond the metabolic abnormalities men-
tioned above, patients in this stage must also present with one or more high-risk characteristics: subclinical cardiovascular 
disease (CVD), indicated by a 10-year cardiovascular event risk ≥ 10% as predicted by the Framingham Risk Score [26], 
or CKD progression to stages G4-G5 (eGFR < 30 mL/min/1.73m²) and classified as very high risk according to the Kidney 
Disease: Improving Global Outcomes (KDIGO) guidelines. The eGFR is determined using the C-MDRD equation [27], and 
is employed to categorize CKD stages in line with KDIGO criteria [17]. The specific definition of CKM syndrome can be 
found in S1 Table.
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Assessment of Air Pollution Exposure

The concentrations of air pollutants (PM₁, PM
2.5

, PM₁₀, NO₂, and O₃) were obtained from the China High-resolution Air 
Pollution (CHAP) dataset. This dataset integrates multi-source environmental monitoring data with multimodal artificial 
intelligence algorithms to construct a nationwide, spatially resolved database of air pollution exposure. By employing a 
spatiotemporal fusion model and deep learning architecture, the CHAP dataset generates daily gridded concentration data 
for PM₁, PM₂.₅, PM₁₀, and O₃ at a spatial resolution of 1 km × 1 km [28]. Due to limitations in satellite retrieval algorithms, 
the spatial resolution of NO₂ concentration data was optimized to 10 km × 10 km. Following multi-source validation, the 
CHAP dataset has emerged as an authoritative data source for environmental epidemiological research in China, with its 
reliability confirmed in multiple studies [29–31].

To account for the lagged health effects of air pollutants, this study utilized spatial interpolation algorithms to integrate 
the CHAP raster data with geocoded community-level resident information from the CHARLS Primary Sampling Unit 
(PSU) dataset. This integration enabled the assignment of annual average pollutant exposure concentrations for three 
consecutive years (2008–2010) at the city level for each participant.

follow-up outcomes

This study utilized a prospective follow-up cohort spanning the period from 2011 to 2020 as the observation population, 
with the cumulative incidence of composite cardiovascular disease (CVD) events serving as the outcome measure.

Information on a history of heart disease was obtained through a standardized question: “Has a doctor ever told you 
that you have been diagnosed with a heart attack, including myocardial infarction, coronary heart disease, angina pecto-
ris, congestive heart failure, and other types of heart diseases?” The occurrence of stroke was determined using the fol-
lowing question: “Has a doctor ever told you that you have been diagnosed with a stroke?” Cardiovascular disease (CVD) 
was defined as self-reported heart disease or stroke. The disease onset time refers to the duration from the baseline 

Fig 1.  The flowchart. 

https://doi.org/10.1371/journal.pone.0346949.g001
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survey date to the date when the participant experienced the disease, provided that the disease event was adequately 
documented. In cases where precise temporal data were unavailable, we reasonably estimated the disease onset time 
based on the median interval between the date of the first interview and the wave in which the disease information was 
recorded. This recording method has been validated in multiple previous studies [32–34].

Covariates

Confounding variables were selected based on prior studies [30,31] and included the following categories: [1] Demo-
graphic factors: age, gender, place of residence, and marital status; [2] Health-related behaviors: smoking status, alcohol 
consumption, and sleep disorders; [3] Socioeconomic status: total per capita household consumption, educational attain-
ment, and type of cooking fuel.

Statistical analysis

First, descriptive statistics were conducted to analyze the baseline characteristics of the incident cardiovascular dis-
ease (CVD) group and the control group. For continuous variables, parametric tests (t-test/analysis of variance, ANOVA) 
or nonparametric tests (Mann-Whitney U test/Kruskal-Wallis test) were applied to quantify differences in distributions 
between groups, while the chi-square test was used for categorical variables. A Pearson correlation coefficient matrix was 
employed to perform pairwise correlation analyses among air pollutants, including PM₁, PM

2.5
, PM₁₀, NO₂, and O₃, to eluci-

date the synergistic patterns of mixed exposures and identify potential multicollinearity issues.
Further, multivariate cox regression models were employed to examine the associations between air pollutants and the 

risk of incident cardiovascular disease (CVD). In these models, various potential confounding factors were adjusted based 
on prior studies. Specifically, Model 1 represented the unadjusted crude model; Model 2 adjusted for sociodemographic 
characteristics (including age, gender, place of residence, educational attainment, marital status, total per capita house-
hold consumption, and type of cooking fuel); and Model 3 further incorporated behavioral health factors (smoking status, 
alcohol consumption, and sleep disorders) on top of the variables in Model 2. To further elucidate the concentration- 
response relationships between air pollutants and incident CVD risk, restricted cubic splines (RCS) with three knots were 
utilized.

Next, given the reality of complex mixtures of air pollutant exposures, we employed two complementary methods—
Weighted Quantile Sum (WQS) regression and quantile g-computation (qgcomp)—to comprehensively investigate the 
overall impact of air pollutant mixture exposure on the risk of cardiovascular disease (CVD) incidence. The WQS model 
has been previously described in detail [35]. The dataset was randomly split into two subsets: a training subset (40%) 
and a validation subset (60%). After 50,000 bootstrap iterations, the R package “gWQS” calculated a weighted linear 
index (ranging from 0 to 1), which reflects the total exposure burden of all air pollutants for each individual. The weights 
assigned to each air pollutant were proportional to their contributions to the WQS index. To account for directional 
uncertainty in the mixture components, we further applied the qgcomp method [36]. This model assigns both positive and 
negative weights to each component in the mixture, ensuring that the absolute sum of weights (regardless of direction) 
equals 1.0.

To determine whether the relationship between air pollutants and the risk of incident cardiovascular disease is subject 
to interference from other factors, subgroup analyses were further conducted with respect to factors such as age, gender, 
HTN, DM, DL, MetS, and CKM staging.

Finally, sensitivity analyses were conducted to enhance the robustness of the study findings. First, the Bayesian Kernel 
Machine Regression (BKMR) model [37] was employed to further evaluate the individual and joint effects of exposures 
to multiple air pollutants on the risk of cardiovascular disease (CVD) incidence. Second, exposure-response curves were 
plotted to illustrate the relationship between the Weighted Quantile Sum (WQS) index and CVD risk. Third, cox regression 
analyses were repeated after excluding participants with a disease onset time of less than 2 years to assess the potential 
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impact of reverse causation or protopathic bias. Fourth, building upon the original Model 3, a range of crucial clinical 
cardiovascular-metabolic factors were incorporated, including hypertension, diabetes, hyperlipidemia, CKM staging, met-
abolic syndrome, body mass index (BMI), waist circumference, low-density lipoprotein cholesterol (LDL-C), high-density 
lipoprotein cholesterol (HDL-C), total cholesterol (TC), triglycerides (TG), and C-reactive protein (CRP). Subsequently, 
Cox proportional hazards regression analysis was repeated.

Results

Characteristics of study population

This study enrolled 5,195 participants, among whom 1,146 (22.1%) developed incident cardiovascular disease (CVD) 
after long-term follow-up. Based on CVD incidence status during follow-up, participants were categorized into the case 
group (n = 1,146) and the control group (n = 4,049). A systematic comparison of baseline characteristics between the two 
groups, as shown in Table 1, revealed statistically significant differences in age, gender, type of cooking fuel, sleep disor-
ders, metabolic diseases (hypertension/diabetes/hyperlipidemia), medication history, smoking and alcohol consumption 
behaviors, CKM staging, metabolic syndrome, body mass index (BMI), waist circumference, blood pressure levels, and 
multiple hematological parameters (all P-values < 0.05).

Over the three-year study period, the median (interquartile range, IQR) annual concentrations of PM₁, PM
2.5

, PM₁₀, O₃, 
and NO₂ were 31.2 (14.1) μg/m³, 56.4 (27.4) μg/m³, 97.3 (48.7) μg/m³, 84.3 (7.5) μg/m³, and 27.3 (15.1) μg/m³, respec-
tively. Pearson correlation coefficients were calculated to systematically evaluate the synergistic association patterns 
among these five typical air pollutants (S1 Fig). The results revealed strong positive correlations between NO₂ and PM₁ 
(r = 0.87), PM₁₀ (r = 0.85), and PM

2.5
 (r = 0.83), suggesting significant common sources of traffic-related emissions and 

particulate matter pollution. PM₁ exhibited extremely high correlations with PM₁₀ (r = 0.92) and PM
2.5

 (r = 0.98), indicating 
homologous emission characteristics between ultrafine particles (PM₁) and inhalable particulate matter (PM₁₀/ PM

2.5
). 

The correlation coefficient between PM₁₀ and PM
2.5

 reached 0.95, further confirming the shared origins of coarse and fine 
particulate matter pollution. Notably, O₃ showed weaker correlations with other pollutants (r = 0.23–0.53), suggesting that 
ozone pollution is primarily driven by photochemical reactions and exhibits relatively independent synergistic effects com-
pared to particulate matter and nitrogen oxide pollution.

Associations between Individual Air Pollutants and the Risk of Incident Cardiovascular Disease in Patients with 
Stage 0–3 CKM Syndrome

First, we constructed three Cox proportional hazards models based on the aforementioned baseline characteristics. Model 
1 was an unadjusted crude model; Model 2 adjusted for sociodemographic characteristics (including age, gender, place 
of residence, educational attainment, marital status, total per capita household consumption, and type of cooking fuel); 
and Model 3 further incorporated behavioral health factors (smoking, alcohol consumption, and sleep disorders) on top of 
the variables in Model 2. Using the annual average concentration of each individual air pollutant as the exposure metric, 
the results presented in Table 2 demonstrate that, in the fully adjusted model, each interquartile range (IQR) increase 
in the concentrations of PM₁, PM

2.5
, PM₁₀, and NO₂ was associated with a 30% (HR = 1.30, 95% CI 1.17–1.45), 35% 

(HR = 1.35, 95% CI 1.21–1.51), 52% (HR = 1.52, 95% CI 1.35–1.70), and 30% (HR = 1.30, 95% CI 1.17–1.45) elevation in 
the risk of cardiovascular disease (CVD) incidence, respectively. Quantitative comparison revealed that PM₁₀ exhibited the 
highest magnitude of effect among all evaluated pollutants. In contrast, no significant association was observed between 
O₃ concentration and CVD risk.

Subsequently, to clarify the nonlinear exposure-response relationship, we employed restricted cubic spline (RCS) 
curves for further analysis (Fig 2). The results revealed significant nonlinear associations between the concentrations of 
PM₁, PM

2.5
, PM₁₀, NO₂, and O₃ and the risk of cardiovascular disease (CVD) incidence (all P nonlinear < 0.001).
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Table 1.  Baseline characteristics classified by whether cardiovascular disease occurs.

Variablea level Non-CVD CVD p

n 4049 1146

Age, year 57.16 (8.79) 59.33 (8.47) <0.001

Gender, n (%) Female 2222 (54.9) 676 (59.0) 0.015

Male 1827 (45.1) 470 (41.0)

Education, n (%) primary or below 3673 (90.7) 1027 (89.6) 0.278

second/high school or above 375 (9.3) 119 (10.4)

Marital, n (%) married 3709 (91.6) 1029 (89.8) 0.064

unmarried 340 (8.4) 117 (10.2)

Lives in rural or urban, n (%) Urban Community 1263 (31.2) 340 (29.7) 0.342

Rural Village 2786 (68.8) 806 (70.3)

Total per capita household consumption, RMB 6005.92 (7062.72) 6203.90 (9323.85) 0.437

Main source of cooking fuel, n (%) Coal 423 (10.5) 149 (13.0) 0.013

Natural gas 338 (8.4) 97 (8.5)

Marsh gas 79 (2.0) 17 (1.5)

Liquefied Petroleum Gas 556 (13.8) 141 (12.3)

Electric 724 (17.9) 187 (16.3)

Crop residue/Wood burning 1905 (47.1) 542 (47.3)

other 18 (0.4) 13 (1.1)

Sleep disorders, n (%) Rarely or none of the time <1 day 2114 (52.6) 490 (43.1) <0.001

Some or a little of the time 1–2 days 619 (15.4) 193 (17.0)

Occasionally or a moderate amount of 
the time 3–4 days

571 (14.2) 207 (18.2)

Most or all of the time 5–7 days 712 (17.7) 246 (21.7)

HTN, n (%) no 2761 (68.2) 619 (54.0) <0.001

yes 1288 (31.8) 527 (46.0)

DM, n (%) no 3561 (87.9) 954 (83.2) <0.001

yes 488 (12.1) 192 (16.8)

DL, n (%) no 2439 (60.7) 600 (52.7) <0.001

yes 1580 (39.3) 539 (47.3)

Take medicine for diabetes, n (%) no 3968 (98.0) 1096 (95.6) <0.001

yes 81 (2.0) 50 (4.4)

Take medicine for hypertension, n (%) no 3579 (88.4) 904 (78.9) <0.001

yes 470 (11.6) 242 (21.1)

Take medicine for dyslipidemia, n (%) no 4029 (99.5) 1133 (98.9) 0.028

yes 20 (0.5) 13 (1.1)

Smoking, n (%) Ex-smoker 266 (6.6) 95 (8.3) 0.035

Non-smoker 2564 (63.3) 740 (64.6)

smoker 1219 (30.1) 311 (27.1)

Drinking, n (%) no 2677 (66.1) 800 (69.8) 0.021

yes 1372 (33.9) 346 (30.2)

CKD, n (%) no 3832 (94.8) 1073 (94.0) 0.281

yes 209 (5.2) 69 (6.0)

eGFR 107.98 (28.88) 106.09 (29.14) 0.050

CKM, n (%) 0 359 (8.9) 64 (5.6) <0.001

1 498 (12.3) 112 (9.8)

(Continued)
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Associations between Combined Air Pollutant Exposure and the Risk of Incident Cardiovascular Disease in 
Patients with Stage 0–3 CKM Syndrome

This study employed both the Weighted Quantile Sum (WQS) regression model and the quantile g-computation (qgcomp) 
model to comprehensively evaluate the joint exposure effects of air pollutant mixtures on the risk of cardiovascular dis-
ease (CVD). Both models utilized a hierarchical modeling strategy analogous to cox regression, with Model 1 being an 
unadjusted crude model, Model 2 adjusting for sociodemographic characteristics, and Model 3 further incorporating 
behavioral health factors. The results presented in Table 3 demonstrate consistent findings across the three qgcomp 

Variablea level Non-CVD CVD p

2 1046 (25.8) 283 (24.7)

3 2146 (53.0) 687 (59.9)

MetS, n (%) no 3354 (83.2) 871 (76.2) <0.001

yes 677 (16.8) 272 (23.8)

BMI, kg/m2 23.44 (4.23) 24.25 (4.04) <0.001

Waist measurement, cm 83.32 (11.94) 86.21 (13.15) <0.001

Sbp, mmHg 127.03 (20.04) 132.75 (21.50) <0.001

Dbp, mmHg 74.40 (11.72) 77.27 (12.48) <0.001

Glycated hemoglobin, mg/dl 5.21 (0.70) 5.35 (0.95) <0.001

Glucose, mg/dl 107.68 (30.33) 113.28 (43.77) <0.001

TG, mg/dl 129.93 (109.40) 139.86 (117.91) 0.008

TC, mg/dl 193.19 (38.20) 198.05 (38.99) <0.001

LDL-C, mg/dl 115.69 (34.16) 120.39 (36.18) <0.001

Creatinine, mg/dl 0.76 (0.18) 0.76 (0.18) 0.848

Uric acid, mg/dl 4.36 (1.20) 4.35 (1.24) 0.889

HDL-C, mg/dl 52.08 (15.28) 50.29 (15.25) <0.001

hs-CRP, mg/L 2.33 (6.75) 2.89 (7.29) 0.016

aData were expressed as mean (SD) or n (%). HTN hypertension, DM diabetes, DL dyslipidemia, CKD chronic Kidney Disease, CVD cardiovascular 
disease, Mets metabolic Syndrome, eGFR Estimated Glomerular Filtration Rate, BMI body mass index, Sbp systolic blood pressure, Dbp diastolic 
pressure, TG triglyceride, TC total cholesterol, LDL-C low-density lipoprotein cholesterol, hs-CRP hypersensitive C-Reactive Protein, HDL-C high-density 
lipoprotein cholesterol.

https://doi.org/10.1371/journal.pone.0346949.t001

Table 2.  Connection between one air pollutant and CVD risk in CKM syndrome’s stage 0-3 patients.

Air pollutant
(IQR)

Model 1a Model 2b Model 3c

HR(95%CI) P value HR (95 % CI) P value HR (95 % CI) P value

NO
2
(15.1 μg/m³) 1.26(1.13,1.39) <0.001 1.28(1.15,1.43) <0.001 1.30(1.17,1.45) <0.001

O
3
(7.5 μg/m³) 0.97(0.89,1.06) 0.500 0.98(0.90,1.07) 0.622 0.99(0.91,1.08) 0.815

PM
1
(14.1 μg/m³) 1.28(1.15,1.41) <0.001 1.28(1.16,1.43) <0.001 1.30(1.17,1.45) <0.001

PM
2.5

(27.4 μg/m³) 1.33(1.19,1.47) <0.001 1.33(1.19,1.48) <0.001 1.35(1.21,1.51) <0.001

PM
10

(48.7 μg/m³) 1.47(1.32,1.64) <0.001 1.50(1.34,1.68) <0.001 1.52(1.35,1.70) <0.001
aModel 1 represented the unadjusted crude model.
bModel 2 adjusted for sociodemographic characteristics (including age, gender, place of residence, educational attainment, marital status, total per capita 
household consumption, and type of cooking fuel).
cModel 3 further incorporated behavioral health factors (smoking status, alcohol consumption, and sleep disorders) on top of the variables in Model 2

https://doi.org/10.1371/journal.pone.0346949.t002

Table 1.  (Continued)
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models: mixed pollutant exposure was significantly associated with an elevated risk of CVD (Model 1: HR = 1.10, 95% 
CI 1.04–1.17; Model 2: HR = 1.11, 95% CI 1.04–1.18; Model 3: HR = 1.12, 95% CI 1.05–1.19). Fig 3 illustrates the pollut-
ant weight estimates from qgcomp, identifying PM₁₀ as the strongest positive driver (with the highest weight coefficient), 
followed by NO₂. Similarly, the three WQS regression models yielded highly consistent results (Model 1: HR = 1.07, 95% 
CI 1.04–1.10; Model 2: HR = 1.06, 95% CI 1.02–1.10; Model 3: HR = 1.06, 95% CI 1.03–1.10). Fig 4 depicts the pollutant 
weight distribution within the WQS index, further confirming that PM₁₀ contributed the most to the mixed exposure, sug-
gesting that particulate matter pollution (particularly PM₁₀) is the primary component driving the CVD risk associated with 
air pollutant mixtures. The concordance between the two models provides robust evidence for attributing health risks to 
complex ambient air pollution exposures.

Fig 2.  Analyzing annual average air pollutant exposure and CVD risk with Restrictive cubic splines. 

https://doi.org/10.1371/journal.pone.0346949.g002
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Table 3.  Link between combined air pollutants and CVD risk in CKM syndrome’s stage 0-3 patients.

Qgcomp WQS

HR(95%CI) HR(95%CI)

Model 1a 1.10(1.04,1.17) 1.07(1.04,1.10)

Model 2b 1.11(1.04,1.18) 1.06(1.02,1.10)

Model 3c 1.12(1.05,1.19) 1.06(1.03,1.10)
aModel 1 represented the unadjusted crude model.
bModel 2 adjusted for sociodemographic characteristics (including age, gender, place of residence, educa-
tional attainment, marital status, total per capita household consumption, and type of cooking fuel).
cModel 3 further incorporated behavioral health factors (smoking status, alcohol consumption, and sleep 
disorders) on top of the variables in Model 2

https://doi.org/10.1371/journal.pone.0346949.t003

Fig 3.  Estimate the weight of five air pollutants used for cardiovascular disease risk using a qgcomp. 

https://doi.org/10.1371/journal.pone.0346949.g003
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Subgroup analysis

To conduct an in – depth analysis of whether the association between exposure to different air pollutants and the risk of 
incident cardiovascular disease in patients with CKM syndrome stages 0–3 is subject to interference from other potential 
factors, this study carried out subgroup analyses focusing on key variables such as age, gender, HTN, DM, DL, MetS, and 
CKM staging.

Fig 5 presents the results of the stratified analyses for different air pollutants. When analyzing NO₂, a significant dif-
ference was observed in the diabetes subgroup. Specifically, compared with non – DM patients, DM patients were more 
prominently affected (HR for non – DM patients = 1.17, 95% CI: 1.04–1.31; HR for DM patients = 1.78, 95% CI: 1.37–2.31, 
with P for interaction = 0.004). However, no statistically significant interactions were observed in different subgroups 
divided according to other factors.

When analyzing O₃, a significant difference was also found in the diabetes subgroup. Compared with non – DM 
patients, DM patients were more significantly affected (HR for non – DM patients = 0.93, 95% CI: 0.85–1.02; HR for DM 
patients = 1.20, 95% CI: 0.97–1.48, with P for interaction = 0.028). For different subgroups formed based on other factors, 
no obvious interactions were detected.

In the analysis of PM₁, a significant difference was observed in the DL subgroup. Compared with non – DL patients, 
DL patients were more markedly affected (HR for non – DL patients = 1.15, 95% CI: 1.00–1.33; HR for DL patients = 1.42, 
95% CI: 1.23–1.65, with P for interaction = 0.043). No significant interactions were observed in different subgroups of other 
factors.

When analyzing PM
2.5

, a significant difference was also present in the DL subgroup. Compared with non – DL 
patients, DL patients were more significantly affected (HR for non – DL patients = 1.18, 95% CI: 1.02–1.37; HR for DL 
patients = 1.51, 95% CI: 1.29–1.76, with P for interaction = 0.026). For different subgroups divided according to other fac-
tors, no obvious interactions were found.

In the analysis of PM₁₀, a significant difference was observed in the diabetes subgroup. Compared with non – DM 
patients, DM patients were more prominently affected (HR for non – DM patients = 1.39, 95% CI: 1.24–1.57; HR for DM 
patients = 1.94, 95% CI: 1.45–2.59, with P for interaction = 0.039). No obvious interactions were observed in different sub-
groups of ‌‌other factors.

Fig 4.  Estimate the weight of five air pollutants used for cardiovascular ‌‌disease risk using a WQS. 

https://doi.org/10.1371/journal.pone.0346949.g004
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Sensitivity Analysis

To validate the robustness of our study conclusions, we conducted multiple sensitivity analyses to reinforce the reliability 
of the evidence chain: Firstly, Bayesian Kernel Machine Regression (BKMR) Model Validation: We assessed the joint 
exposure effects of air pollutant mixtures using the BKMR model (S2 Fig 3). The results revealed a highly consistent pat-
tern of synergistic interactions between pollutants such as PM₁₀ and NO₂ on CVD risk compared to the WQS and qgcomp 
models, confirming the methodological validity of our mixture analysis approach. Secondly, Exposure-Response Relation-
ship Verification via WQS Index: We examined the exposure-response relationship between the weighted quantile sum 
(WQS) index and CVD incidence risk (S3 Fig). No significant deviation from the primary analysis results was observed, 
further supporting the stability of the combined exposure effects. Thirdly, Cox Regression Replication with Exclusion of 
Short-Term Cases: To minimize potential reverse causality bias, we excluded patients with CVD onset within 2 years of 

Fig 5.  Subgroup analysis. 

https://doi.org/10.1371/journal.pone.0346949.g005
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exposure assessment and repeated the cox regression analysis (S2 Table). The resulting hazard ratios (HRs) and confi-
dence intervals (CIs) largely overlapped with those of the primary model, providing additional evidence for the robustness 
of our findings. Fourth, after adding confounding factors such as HTN, DM, DL, CKM staging, MetS, BMI, waist circum-
ference, LDL-C, HDL-C, TC, TG, and CRP into Model 3, Cox regression analysis was conducted again. The results are 
shown in S3 Table. After introducing these variables, although the association between air pollution exposure and the risk 
of cardiovascular diseases weakened to a certain extent, it still maintained statistical significance. This also confirms the 
robustness of our findings.

Discussion

This study, based on a prospective cohort of 5,195 participants, found that air pollutants (including PM₁, PM
2.5

, PM₁₀, NO₂, 
and O₃) may accelerate the progression of clinical cardiovascular disease (CVD) incidence in patients with stage 0–3  
cardiometabolic-kidney-metabolic (CKM) syndrome. Single-pollutant cox regression analyses revealed independent pos-
itive associations between PM₁, PM

2.5
, PM₁₀, and NO₂ and the incidence of CVD, whereas no statistically significant asso-

ciation was observed between O₃ and CVD risk. Further analysis using multi-pollutant quantile g-computation (qgcomp) 
and weighted quantile sum (WQS) models confirmed a positive correlation between combined air pollutant exposure and 
CVD risk. Notably, PM₁₀ exhibited the strongest independent effect among individual pollutants and maintained dominant 
predictive power in multipollutant models. Sensitivity analyses validated the robustness of these core findings.

The mechanisms by which air pollutants induce and exacerbate cardiovascular disease (CVD) are widely attributed 
to two core pathways in current scientific literature: oxidative stress and inflammatory responses [38]. After deposition in 
the alveoli, air pollutant particles are phagocytosed by alveolar macrophages, triggering an inflammatory cascade. This 
process stimulates macrophages to release pro-inflammatory cytokines (e.g., TNF-α, IL-6) [39], thereby initiating both 
localized pulmonary and systemic inflammatory responses [40]. Notably, certain ultrafine particles can translocate directly 
into the bloodstream via the alveolo-capillary barrier [41], leading to a marked elevation in circulating levels of free radicals 
and reactive oxygen/nitrogen species (ROS/RNS). This surge induces systemic oxidative stress [42], accompanied by 
aberrant increases in fibrinogen concentration and plasma viscosity, which promote hypercoagulability and thrombotic ten-
dencies [43]. Concurrently, dysregulation of the autonomic nervous system-sympathetic nervous system axis impairs both 
endothelial-dependent (e.g., NO-mediated) and -independent vasodilation [38], ultimately establishing the pathophysiolog-
ical basis for cardiovascular injury.

Excessive adipose tissue hyperplasia and dysfunction constitute one of the core pathophysiological hallmarks of CKM 
syndrome [17], with perivascular adipose tissue (PVAT) exerting a dual role in both vascular homeostasis maintenance 
and pathological transformation [44]. Under physiological conditions, PVAT regulates vascular tone equilibrium through 
mechanical cushioning effects and paracrine signaling [45]. Its secretion of vasoactive factors (e.g., adiponectin, nitric 
oxide [NO], and peptides of the renin-angiotensin system) collectively sustains vasodilatory function. However, during 
obesity-associated insulin resistance, PVAT undergoes significant activation of oxidative stress and chronic low-grade 
inflammation [46], triggering a remodeling of its vasoactive factor expression profile: adiponectin and NO biosynthesis are 
suppressed, while the expression of vasoconstrictive mediators such as angiotensin II (Ang II) is upregulated [45]. This 
pathogenic cascade is primarily driven by a pro-inflammatory adipokine network, characterized by aberrant secretion of 
cytokines including TNF-α, IL-6, and IL-8. These mediators induce endothelial insulin signaling dysfunction, disrupt cal-
cium homeostasis in vascular smooth muscle cells, and promote extracellular matrix remodeling, culminating in impaired 
vasodilation, increased arterial stiffness, and dysregulation of systemic metabolic-vascular coupling mechanisms [46].

Based on the pathophysiological traits of CKM syndrome, excessive adipose tissue hyperplasia and dysfunction drive 
the activation of a systemic oxidative stress-inflammatory axis (ROS/RNS-proinflammatory cytokine network), leading to 
endothelial insulin resistance, dysregulation of vascular smooth muscle calcium homeostasis, and extracellular matrix 
(ECM) fibrotic remodeling. These processes establish the pathophysiological basis for metabolic-vascular coupling 
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dysfunction [17,46]. Upon inhalation, air pollutant particles exacerbate oxidative stress burden (elevated circulating ROS 
levels) and trigger the release of proinflammatory cytokines (e.g., TNF-α, IL-6) through mechanisms such as NLRP3 
inflammasome and NF-κB pathway activation, thereby inducing phenotypic transitions in vascular endothelial cells and 
macrophages. The synergistic interplay between these cell types along the oxidative stress-inflammatory axis lowers the 
oxidative stress threshold, hyperactivates the cytokine network, and depletes compensatory vasodilatory reserves in CKM 
syndrome patients. This pathological triad ultimately manifests as an elevated risk of cardiovascular events.

The strengths of this study are as follows: First, leveraging a nationwide cohort design with a substantial temporal 
span and large sample size, it provides robust data support for elucidating long-term health effects. Second, air pollution 
exposure was quantified using high-resolution monitoring technologies, ensuring data quality and precision to accurately 
assess individual-level exposures, thereby laying a solid foundation for subsequent mechanistic analyses and risk eval-
uations. Third, as the first systematic investigation of the CKM syndrome cohort, it fills a critical research gap and offers 
pioneering theoretical evidence for guiding clinical interventions and public health strategies. Fourth, the study employed 
an innovative dual-dimensional analytical framework integrating single-pollutant and mixture exposure models, compre-
hensively capturing both independent and synergistic effects of pollutant exposures to support the construction of refined 
exposure-response models.

We observed that in this study, there was no significant statistical association between O₃ and the risk of CVD, which 
shows a certain discrepancy from previous studies. Two recent cohort studies from China indicated that long-term expo-
sure to O₃ is positively correlated with the incidence of cardiovascular diseases, especially showing a notable manifesta-
tion in heart diseases and hypertension [10].This discrepancy may be closely related to differences in the study regions, 
time scales, as well as monitoring and analytical methods. High concentrations of nitrogen oxides (NOx) emitted from 
traffic and industrial sources can trigger the “titration effect” [47], where NO reacts with O₃ to form NO₂, effectively sup-
pressing the ground-level O₃ concentration. Therefore, in high-NOx environments, the O₃ level may be below the threshold 
associated with CVD-related outcomes.From the perspective of time scales, some studies have focused on short-term, 
high-concentration ozone pollution events. During these specific periods, the sharp rise in ozone concentration makes it 
dominant in air quality changes. In contrast, this study conducted a comprehensive assessment over a longer time period. 
After long-term averaging, the contribution of ozone may be diluted by the persistent impact of other pollutants (such as 
particulate matter), thus appearing relatively small.Additionally, different monitoring methods vary in terms of measure-
ment accuracy and range for ozone concentration. Different settings of input parameters in model simulations can also 
significantly influence the assessment results of ozone’s contribution. Finally, some studies have found that O₃ can reduce 
pro-inflammatory cytokines and activate the IL-10 anti-inflammatory cytokine. Given that part of the mechanism by which 
patients with CKM syndrome progress to clinical CVD involves the excessive activation of the inflammatory cytokine 
network [48], it can be inferred that moderate O₃ levels may not significantly increase the risk of clinical CVD in patients 
at CKM stages 0–3. In summary, there is still controversy over whether O₃ can promote the occurrence of clinical CVD in 
patients at CKM stages 0–3, and more research is needed.

This study confirms that air pollutants (particularly PM₁₀) accelerate cardiovascular disease progression in patients 
with CKM syndrome, with significant synergistic effects from multi-pollutant co-exposure, while O₃ demonstrates weaker 
associations. Based on these findings, we recommend designating PM₁₀ as a core indicator for CKM risk stratification and 
developing tiered prevention strategies tailored to varying exposure levels (e.g., intensified statin prophylaxis in high- 
pollution areas, seasonal vitamin D supplementation). Simultaneously, we advocate for integrating environmental policies 
with clinical management through electronic health systems embedded with air pollution alerts to enable precision inter-
ventions, thereby providing an actionable public health framework for CKM prevention and control in polluted regions.

In regions with severe environmental pollution, patients with CKM syndrome who cannot achieve immediate environmental 
remediation may benefit from lifestyle modifications. These include promoting regular physical activity, implementing weight-
loss interventions for obese/overweight individuals, and reducing dietary intake of carbohydrates and fats. Such measures 
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have been shown to decrease oxidative stress, alleviate insulin resistance, and mitigate metabolic risk factors. Epidemiological 
studies demonstrate that individuals with elevated body mass index (BMI) during follow-up exhibit significantly higher inci-
dence rates of impaired glucose tolerance and type 2 diabetes mellitus compared to those with stable or reduced BMI [49].

Limitations of this study include the following: First, disease diagnoses primarily relied on self-reported data from par-
ticipants, which may introduce information distortion due to individual cognitive differences or recall bias, thereby compro-
mising the objectivity of study findings. Second, despite the high resolution of air pollution monitoring data, discrepancies 
may exist between actual individual exposures and measured values due to heterogeneous pollutant emission sources, 
complex atmospheric dispersion/dilution processes, and dynamic physicochemical transformations. These biases neces-
sitate further calibration incorporating individual behavioral patterns and microenvironmental characteristics. Third, due 
to data constraints, we were unable to evaluate the contributions of additional potential exposure differentials—including 
rural-urban disparities, participant mobility, and indoor/outdoor exposure variations—which may affect the generalizability 
of our findings. Fourth, constrained by the variable collection scope of the CHARLS database, certain potential confound-
ers (e.g., occupational exposures, lifestyle factors) were excluded from the analytical framework, potentially confounding 
causal inferences. Future studies should optimize research designs through multi-source data integration or supplemen-
tary surveys to address these limitations.
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