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Abstract

Background
Evidence linking air pollutant exposure to anxiety symptoms is limited for Chinese older adults. Moreover,
whether dietary patterns can modify the association, rather than single nutrients, remains scarce. This study
aimed to investigate the aforementioned associations in older Chinese adults and to further analyze the
potential modifying effects of dietary patterns.

Methods
We obtained the relevant data from the Chinese Longitudinal Healthy Longevity Survey (CLHLS). The
Generalized Anxiety Disorder 7-item (GAD-7) scale was adopted to assess anxiety symptoms. Through
satellite remote sensing data combined with machine learning models, the level of air pollutant exposure
was estimated. We used food frequency questionnaires to measure four common dietary patterns, including
cMIND, DDS, PDI and HEI. Logistic regression models were employed to examine the association between
air pollutants and anxiety symptoms; restricted cubic splines (RCS) were used to test for nonlinear
relationships, and interaction analyses were conducted to examine the modifying effects of dietary patterns.

Results
With the concentration of CO, NO₂, O₃, PM₂.₅, PM₁₀ and SO₂ rising per unit, the risk of anxiety symptoms
among participants increased accordingly, after adjusting for all confounders. Specifically, the risk increased
by 81.4% for CO (OR = 1.814, 95% CI: 1.418–3.385), 2.0% for NO2(OR = 1.020, 95% CI:1.004–1.035), 1.3% for
O3(OR = 1.013, 95% CI:1.002–1.024), 1.2% for PM2.5(OR = 1.012, 95% CI: 1.001–1.022), 0.7% for PM10(OR = 

1.007, 95% CI: 1.002–1.012) and 4.0% for SO2(OR = 1.040, 95% CI: 1.014–1.067). RCS analysis suggested
significant linear relationships of PM₂.₅, PM₁₀ and NO₂ with anxiety symptoms (p for nonlinear > 0.05).
Interaction analyses showed that cMIND significantly modified the associations between long-term
exposure to CO, NO₂, PM₁₀ and SO₂ and anxiety symptoms, while PDI significantly modified the O₃–anxiety
symptom association.

Conclusion
These findings suggest that air pollutant exposure is associated with a rising risk of anxiety symptoms, and
dietary patterns may act as effect modifiers of this relationship in older adults. Initiatives to enhance air
quality and optimize dietary patterns could play a pivotal role in advancing mental well-being.

1.Introduction
Anxiety disorders, clinically characterized by excessive fear and anxiety, represent a major global public
health challenge [1, 2]. As of 2025, the World Health Organization (WHO) reported that approximately
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970 million people worldwide suffer from mental disorders, among which anxiety and depressive disorders
are the most prevalent disorders not only lead to cognitive decline and impaired social functioning, but also
frequently co-occur with various chronic physical diseases. thereby seriously undermining individual
health[3]. Multinational studies further indicated that anxiety disorders consistently rank among the top
contributors to health loss within the mental disorder category [2, 5, 14].In China, anxiety disorders pose an
equally urgent public health challenge [6]. There was research which indicated that the lifetime prevalence of
anxiety disorders in the general Chinese population reaches 7.6% [8]. Partly driven by age-related
physiological decline and shifts in social roles[7, 12], the lifetime prevalence in this group reached 9.2%,
which far exceeded that of the general population[8]. Moreover, the identification of anxiety in older adults
remains suboptimal, and targeted assessment and early intervention strategies have not yet received
adequate attention [7, 9]. Many individuals experience persistent anxiety symptoms, such as tension and
worry in the early stages. These symptoms often fall below the diagnostic threshold for anxiety disorders.
Therefore, relevant cases fail to receive timely treatment. This progression from subclinical to clinical
anxiety is particularly likely to be overlooked in older adults. Against the backdrop of accelerating global
population aging, the burden of anxiety symptoms in older adults warrants particular attention. Thus, it’s of
great significance to identify modifiable risk factors and develop targeted interventions to prevent or delay
anxiety symptoms for public health.

In recent years, the association between ambient air pollution and the onset as well as progression of
anxiety symptoms has become increasingly clear[10]. Numerous epidemiological evidence indicates that
long-term exposure to air pollutants like PM₂.₅, O₃, and CO is significantly associated with the onset and
progression of anxiety symptoms[14–15]. However, existing studies have almost focused on single-pollutant
analyses, and the dose-response relationships remain inadequately characterized. Moreover, current
evidence is largely derived from studies of adults or adolescents, with only limited data available for older
populations[14, 24, 13]. Given age-related increases in blood-brain barrier permeability and
neuroinflammation[12], older adults may be particularly susceptible to the adverse mental health effects of
air pollution. Additionally, geographical coverage is largely limited to Europe, North America, and other high-
income regions, with little data from China. Although there are some domestic studies, most are based on
regional samples[3, 5, 42], which cannot fully capture the national situation. Therefore, there is a clear need
for research centered on Chinese older adults to examine the association between air pollutant exposure
and anxiety symptoms. More targeted efforts are warranted to explore this association, specifically among
older adults in China

It is extremely challenging to avoid air pollutant exposure in daily practice. Accordingly, exploring whether
modifiable lifestyle factors can buffer its adverse effects is of great scientific value. Dietary patterns as an
integrated combination of food types, intake frequency, and consumption quantity can shape nutrient intake
patterns and thereby regulate systemic metabolism and overall health[16]. Mounting evidence has tied
dietary factors to the prevention of mental health conditions. Among the well-established dietary
frameworks, the Chinese version of the Mediterranean-DASH Intervention for Neurodegenerative Delay
(cMIND), the Dietary Diversity Score (DDS), the Plant-based Diet Index (PDI), and the Healthy Eating Index
(HEI) are widely recognized for balanced nutritional profiles and health-enhancing effects[17, 18, 19]. While
previous studies have demonstrated that certain dietary molecules can regulate neural plasticity and
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emotional responses by enhancing antioxidant capacity, inhibiting pro-inflammatory cytokine release,
improving gut-brain axis function, and modulating gut microbiota diversity[20, 21], such findings only focus
on individual nutritional components. Whether healthy dietary patterns can modify the adverse effects of air
pollution on anxiety symptoms in older adults remains largely unexplored, with empirical evidence being
extremely scarce.

To bridge the aforementioned research gaps, this study utilized data from the Chinese Longitudinal Healthy
Longevity Survey (CLHLS). We selected six common air pollutants, including carbon monoxide (CO), nitrogen
dioxide (NO₂), ozone (O₃), PM₂.₅, PM₁₀, and sulfur dioxide (SO₂), to explore their relationships with anxiety
symptoms among older adults. We further analyzed the potential modifying roles of four dietary patterns in
these associations. This study may provide new insights for the development of targeted dietary intervention
strategies.

2.Methods

2.1 Materials and Methods
The data for this study were drawn from CLHLS[23]. Through face-to-face interviews, the CLHLS collected
information on the socioeconomic characteristics, lifestyles, health status, and cognitive function of Chinese
adults aged 65 and above to identify potential risk factors affecting the lifespan of older adults in China. The
CLHLS employed a multistage stratified random sampling method, with the sample covering 866 counties
and cities across 23 provinces in China. The CLHLS was approved by the Biomedical Ethics Committee of
Peking University (IRB00001052-13074), and all participants signed written informed consent forms prior to
participation.

This study utilized cross-sectional data from the 2018 wave of the CLHLS. A total of 15,874 participants
were initially included. After sequentially excluding 1,461 with missing data on anxiety symptoms, 1,600 with
missing air pollutant data, and 8,709 with missing covariate data, the final analytical sample consisted of
4,104 participants. The detailed data cleaning process is presented in Fig. 1.

Figure 1. Flowchart of participant selection

2.2 Anxiety Symptoms Assessment
Anxiety symptoms were assessed with the Generalized Anxiety Disorder 7-item (GAD-7) scale, a validated
instrument with well-established validity and reliability[26]. The GAD-7 contains seven items, and each item
was scored according to symptom frequency. In detail, 0 represents not at all, 1 for several days, 2 for more
than half the days, and 3 for nearly every day. The total score ranges from 0 to 21. Higher scores reflect more
severe anxiety symptoms. Following established criteria, participants with a total score above 5 were
classified as having anxiety symptoms[25]. In this study, the Cronbach's alpha of the GAD-7 was 0.914.

2.3. Exposure Assessment
We used satellite remote sensing data and machine learning models to estimate the exposure levels of CO,
NO₂, O₃, PM₂.₅, PM₁₀, and SO₂. Specifically, aerosol optical depth (AOD) served as the primary input variable
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for particulate matter (PM₂.₅ and PM₁₀). Multiple imputation techniques were applied to supplement missing
AOD data, and high-resolution meteorological fields, land use types, and other auxiliary geographic
information were integrated. By training ensemble machine learning algorithms such as random forests, we
constructed complex nonlinear models relating AOD to ground-level monitoring concentrations, enabling the
estimation of near-surface concentrations at high spatial and temporal resolution. These models
demonstrated excellent predictive performance. The cross-validation in specific regions yielded coefficients
of determination (R²) exceeding 0.80 [27]. For gaseous pollutants (NO₂, O₃, SO₂, and CO), tropospheric
vertical column densities retrieved by the next-generation satellite sensor TROPOMI were used as key
predictor variables[28] .Taking NO₂ as an example, TROPOMI is capable of retrieving its vertical column
density with high precision, offering a reliable basis for ground-level concentration estimation. Ensemble
learning or deep learning frameworks were further adopted to integrate satellite column density data with
multi-dimensional gridded data on meteorological parameters, road networks, and population distributions,
for the purpose of effectively capturing urban-scale pollution gradients and spatiotemporal variation
patterns. Previous studies have confirmed that hybrid models based on such frameworks (e.g., LSTM-CNN)
can achieve correlation coefficients as high as 0.91 for multiple pollutants.

2.4. Dietary Assessment
To fully and reliably characterize the dietary status of the study population, we adopted multiple validated
dietary assessment tools, including the cMIND, DDS, PDI, and HEI. The cMIND scoring system was
developed by Huang et al. and has been validated in Chinese populations[29]. Food intake frequencies of
twelve categories of food were obtained through a food frequency questionnaire (FFQ), then scores were
determined according to specific criteria set out for each food group. Thus, the total cMIND score was
obtained by the summation of corresponding scores[30], and scores were identified according to
established criteria in each food group. The total cMIND score was then calculated as the sum of all
component scores[30].Dietary diversity was assessed by the DDS, which was derived from the intake
frequencies of 13 food items available in the CLHLS questionnaire[17]. Each food group was scored based
on reported consumption, and the total DDS was computed as the sum of individual food scores, with higher
scores indicating greater dietary diversity. To examine the extent to which elderly people eat plant-based
diets, we adopted the PDI index to calculate this degree among elderly people[33]. This index comprises 16
food groups covering the most common plant-based and animal-based foods in the daily Chinese diet. PDI
scores range from 16 to 80, with higher scores reflecting more frequent intake of plant-based foods[34]. Diet
quality was evaluated using the HEI, which includes 13 dietary components[32]. Each component is scored
according to intake level and then summed to yield a total score ranging from 0 to 50, with higher scores
representing better diet quality and healthier dietary patterns[20].

Like other relevant studies before this study, the continuous score of each dietary index was transformed
into categories by tertiles or quartiles for subsequent analyses. Specifically, cMIND scores were categorized
into three groups according to tertile distribution[30]: T1 (0–4.5), T2 (5.0–5.5), and T3 (6.0–10.5). The DDS,
PDI, and HEI were each divided into quartiles: DDS (Q1: 0–3, Q2: 4–5, Q3: 6–7, Q4: 8–13); PDI (Q1: 29–44,
Q2: 45–48, Q3: 49–51, Q4: 52–67) and HEI (Q1: 4–21, Q2: 22–25, Q3: 26–30, Q4: 31–49)[33, 61, 62].
Detailed measurement and scoring criteria are provided in Tables S2–S5.
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2.5 Covariates
Based on previous relevant studies [35, 36], this study selected potential confounding factors as covariates
from the three aspects of sociodemographic characteristics, lifestyle, and health status. Specifically,
sociodemographic characteristics included age, gender, residential location, marital status, and educational
level. Lifestyle factors covered household ventilation frequency [37], sleep duration[38], smoking, alcohol
drinking, physical exercise, physical activity, social participation, and living arrangement. Health-related
indicators consisted of body mass index (BMI), visual and hearing impairment, as well as the number of
chronic diseases, including hypertension, diabetes, heart disease, stroke and cerebrovascular diseases,
respiratory diseases, and cancer. Detailed measurement methods and assignment criteria for all variables
are presented in Supplementary Appendix 1.

2.6 Statistical Analysis
Normality of continuous variables was assessed using the Kolmogorov–Smirnov test. Categorical variables
were presented as frequencies and percentages [n (%)], and non-normally distributed continuous variables
as the median and first and third quartiles [M (Q1, Q3)]. Between-group comparisons were performed with
the chi-squared test for categorical variables and the Mann–Whitney U test for two-group comparisons of
non-normally distributed continuous variables. We used logistic regression models to estimate odds ratios
(OR) and their 95% confidence intervals (95% CI) for the associations between air pollutant exposures and
anxiety symptoms. Three models were sequentially built. Model 1 was unadjusted. Model 2 adjusted for
gender, age, residence, marital status, education level, and living arrangement. Model 3 further adjusted for
social participation, physical labor, sleep duration, ventilation frequency, smoking, drinking, exercise, body
mass index, visual impairment, hearing impairment, and the number of chronic diseases. The Hosmer–
Lemeshow test was used to assess model goodness-of-fit. A variance inflation factor (VIF) below 5 was
considered indicative of no substantial multicollinearity among covariates. The E-value was calculated to
assess the potential influence of unmeasured confounding on the observed associations. To explore
possible dose–response relationships, continuous air pollutant concentrations were modeled using
restricted cubic splines (RCS) while adjusting for the same covariates as in Model 3. Subgroup analyses
were performed stratified by categories of cMIND, DDS, PDI, and HEI, and interaction terms between each
pollutant and dietary pattern were included to test for effect modification. As a sensitivity analysis, multiple
linear regression models were additionally fitted to examine the associations between air pollutants and
anxiety symptom levels.

All statistical analyses were conducted using R version 4.3.0. A two-sided p < 0.05 was considered
statistically significant.

3.Result

3.1 Baseline characteristics
As shown in Table 1, a total of 4,104 Chinese older adults were included in this study, of whom 348 (8.5%)
had anxiety symptoms. Compared with the group without anxiety symptoms, the group with anxiety
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symptoms had significantly higher proportions of women, rural residents, individuals with no formal
education, insufficient sleep duration (≤ 7 h/day), visual impairment, and hearing impairment, as well as a
greater chronic disease burden (all p < 0.05). The anxiety symptoms group was also exposed to higher
concentrations of NO₂, O₃, SO₂, and CO (all p < 0.05) and had significantly poorer diet quality, as reflected by
unfavorable shifts in the distributions of cMIND, DDS, PDI, and HEI (all p < 0.05).
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Table 1
Baseline characteristics of the study participants by anxiety symptoms status

Variables Total (n = 4104) Normal(n = 3756) Anxiety symptom
(n = 348)

Statistic P

Age, M (Q₁,
Q₃)

82.00(73.00,91.00) 82.00(73.00,91.00) 80.00(72.00,90.00) Z=-2.34 0.019

Gender, n(%)       χ²=15.50 < .001

Male 1935 (47.15) 1806 (48.08) 129 (37.07)    

Female 2169 (52.85) 1950 (51.92) 219 (62.93)    

Residence,
n(%)

      χ²=8.68 0.003

Urban 853 (20.78) 802 (21.35) 51 (14.66)    

Rural 3251 (79.22) 2954 (78.65) 297 (85.34)    

Marital status,
n(%)

      χ²=0.06 0.813

0thers 2145 (52.27) 1961 (52.21) 184 (52.87)    

Married 1959 (47.73) 1795 (47.79) 164 (47.13)    

Education
level(year),
n(%)

      χ²=12.95 0.002

0 1828 (44.54) 1643 (43.74) 185 (53.16)    

1–6 1454 (35.43) 1342 (35.73) 112 (32.18)    

≥ 6 822 (20.03) 771 (20.53) 51 (14.66)    

BMI, n(%)       χ²=6.06 0.109

18.5–24 545 (13.28) 485 (12.91) 60 (17.24)    

< 18.5 2158 (52.58) 1976 (52.61) 182 (52.30)    

24–28 1044 (25.44) 964 (25.67) 80 (22.99)    

≥ 28 357 (8.70) 331 (8.81) 26 (7.47)    

Visual
impairment,
n(%)

      χ²=13.64 < .001

No 2912 (70.96) 2695 (71.75) 217 (62.36)    

Yes 1192 (29.04) 1061 (28.25) 131 (37.64)    

Hearing
impairment,

      χ²=8.56 0.003

Note:Z: Mann-Whitney test, χ²: Chi-square test, M: Median, Q₁: 1st Quartile, Q₃: 3rd Quartile
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Variables Total (n = 4104) Normal(n = 3756) Anxiety symptom
(n = 348)

Statistic P

n(%)

No 2754 (67.11) 2545 (67.76) 209 (60.06)    

Yes 1350 (32.89) 1211 (32.24) 139 (39.94)    

Number of
chronic
diseases, n(%)

      χ²=8.92 0.012

0 1785 (43.49) 1654 (44.04) 131 (37.64)    

1 1405 (34.23) 1286 (34.24) 119 (34.20)    

≥ 2 914 (22.27) 816 (21.73) 98 (28.16)    

cMIND
tertiles, n(%)

      χ²=39.75 < .001

0–4 2077 (50.61) 1848 (49.20) 229 (65.80)    

4.5–5.5 963 (23.46) 893 (23.78) 70 (20.11)    

6–12 1064 (25.93) 1015 (27.02) 49 (14.08)    

DDS quartiles,
n(%)

      χ²=44.81 < .001

0–3 771 (18.79) 673 (17.92) 98 (28.16)    

4–5 1046 (25.49) 933 (24.84) 113 (32.47)    

6–7 1150 (28.02) 1073 (28.57) 77 (22.13)    

8–13 1137 (27.70) 1077 (28.67) 60 (17.24)    

PDI quartiles,
n(%)

      χ²=10.96 0.012

29–44 957 (23.32) 854 (22.74) 103 (29.60)    

45–48 1154 (28.12) 1054 (28.06) 100 (28.74)    

49–51 929 (22.64) 856 (22.79) 73 (20.98)    

52–67 1064 (25.93) 992 (26.41) 72 (20.69)    

HEI quartiles,
n(%)

      χ²=48.27 < .001

4–21 1112 (27.10) 967 (25.75) 145 (41.67)    

22–25 874 (21.30) 796 (21.19) 78 (22.41)    

25–30 1030 (25.10) 967 (25.75) 63 (18.10)    

Note:Z: Mann-Whitney test, χ²: Chi-square test, M: Median, Q₁: 1st Quartile, Q₃: 3rd Quartile
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Variables Total (n = 4104) Normal(n = 3756) Anxiety symptom
(n = 348)

Statistic P

31–49 1088 (26.51) 1026 (27.32) 62 (17.82)    

Sleep
duration, n(%)

      χ²=101.62 < .001

7–9 1841 (44.86) 1752 (46.65) 89 (25.57)    

≤7 1576 (38.40) 1355 (36.08) 221 (63.51)    

≥9 687 (16.74) 649 (17.28) 38 (10.92)    

Window
ventilation
frequency,
n(%)

      χ²=12.69 0.002

Low 230 (5.60) 199 (5.30) 31 (8.91)    

Medium 2376 (57.89) 2163 (57.59) 213 (61.21)    

High 1498 (36.50) 1394 (37.11) 104 (29.89)    

Smoking, n(%)       χ²=1.80 0.18

No 3421 (83.36) 3122 (83.12) 299 (85.92)    

Yes 683 (16.64) 634 (16.88) 49 (14.08)    

Drinking, n(%)       χ²=0.52 0.472

No 3447 (83.99) 3150 (83.87) 297 (85.34)    

Yes 657 (16.01) 606 (16.13) 51 (14.66)    

Exercise, n(%)       χ²=8.08 0.004

No 2787 (67.91) 2527 (67.28) 260 (74.71)    

Yes 1317 (32.09) 1229 (32.72) 88 (25.29)    

Physical labor
n(%)

      χ²=0.09 0.77

No 910 (22.17) 835 (22.23) 75 (21.55)    

Yes 3194 (77.83) 2921 (77.77) 273 (78.45)    

Social
participation,
n(%)

      χ²=4.07 0.044

No 3493 (85.11) 3184 (84.77) 309 (88.79)    

Yes 611 (14.89) 572 (15.23) 39 (11.21)    

Note:Z: Mann-Whitney test, χ²: Chi-square test, M: Median, Q₁: 1st Quartile, Q₃: 3rd Quartile
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Variables Total (n = 4104) Normal(n = 3756) Anxiety symptom
(n = 348)

Statistic P

Living
arrangements,
n(%)

      χ²=5.76 0.056

Live with
family

3334 (81.24) 3068 (81.68) 266 (76.44)    

Live alone 712 (17.35) 636 (16.93) 76 (21.84)    

Live in an
institution

58 (1.41) 52 (1.38) 6 (1.72)    

CO, M (Q₁, Q₃) 1.12 (0.91, 1.15) 1.12 (0.91, 1.15) 1.12 (0.91, 1.17) Z=-2.19 0.028

NO2, M (Q₁,
Q₃)

24.86 (24.32,
36.34)

24.86 (24.32,
35.01)

28.35 (24.32,
39.79)

Z=-2.76 0.006

O3, M (Q₁, Q₃) 81.25 (80.68,
96.30)

81.25 (80.68,
96.30)

85.74 (80.68,
96.74)

Z=-2.72 0.007

PM2.5, M (Q₁,
Q₃)

34.13 (26.98,
48.66)

34.13 (26.98,
48.66)

34.13 (26.98,
50.65)

Z=-1.03 0.304

PM10, M (Q₁,
Q₃)

58.65 (39.70,
88.67)

58.65 (39.70,
88.67)

62.81 (39.70,
89.35)

Z=-1.93 0.053

SO2, M (Q₁,
Q₃)

30.85 (26.32,
33.71)

30.85 (26.32,
33.71)

30.85 (26.32,
34.12)

Z=-2.25 0.024

Note:Z: Mann-Whitney test, χ²: Chi-square test, M: Median, Q₁: 1st Quartile, Q₃: 3rd Quartile

Table 1. Baseline characteristics of the participants by anxiety symptoms status

3.2 Association of Air Pollutants with Anxiety Symptoms
Table 2 presents the associations of air pollutant exposure levels with anxiety symptoms. Logistic
regression analyses showed that in the fully adjusted model, exposures to CO, SO₂, NO₂, O₃, PM₂.₅, and PM₁₀
were all significantly associated with anxiety symptoms (all p < 0.05). Specifically, in Model 3, each unit
increase in the concentration of CO, NO₂, O₃, PM₂.₅, PM₁₀, and SO₂ was associated with an 81.4% (OR = 1.814,
95% CI: 1.418–3.385), 2.0% (OR = 1.020, 95% CI: 1.004–1.035), 1.3% (OR = 1.013, 95% CI: 1.002–1.024), 1.2%
(OR = 1.012, 95% CI: 1.001–1.022), 0.7% (OR = 1.007, 95% CI: 1.002–1.012), and 4.0% (OR = 1.040, 95% CI:
1.014–1.067) increase in the risk of anxiety symptoms, respectively. The E-values for these associations
ranged from 1 to 2, suggesting that unmeasured confounding had a negligible impact on the observed
associations.
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Table 2
Associations between air pollutants and anxiety symptoms based on logistic regression models

  CO NO₂ O₃ PM2.5 PM10 SO₂

OR(95% CI)

Model
1

1.662 (0.884,

3.125)

1.017(1.003
,

1.032)*

1.009(1.000
,

1.019)*

1.008
(1.002,
1.018)*

1.006
(1.001,
1.011)*

1.035 (1.011,
1.060)**

Model
2

2.042 (1.060,

3.933)*

1.017
(1.002,
1.032)*

1.010
(1.000,

1.021)*

1.012(1.001
,

1.022)*

1.007(1.002
,

1.012)**

1.034(1.015,

1.065)**

Model
3

1.814(1.418,
3.385)**

1.020 (1.004
,

1.035)*

1.013
(1.002,
1.024)**

1.012
(1.001,
1.022)*

1.007(1.002
,

1.012)**

1.040 (1.014,
1.067)**

Note: OR, odds ratio; CI, confidence interval; *: p < 0.05; **: p < 0.01; ***: p < 0.001

Model 1: Crude model

Model 2: Adjusted for gender,age, residence, marital status, education level, living arrangement

Model 3: Adjusted for gender, age, residence, marital status, education level, living arrangement, social
participation, physical labor, sleep duration, window frequency, smoking, drinking, exercise, BMI, visual
impairment, hearing impairment, number of chronic diseases

Table 2. Associations between air pollutants and anxiety symptoms based on logistic regression models

3.3 Restricted Cubic Spline Analysis
The RCS analysis is presented in Fig. 2. Significant nonlinear relationships were observed between CO, O₃,
and SO₂ and anxiety symptoms (p for nonlinear = 0.044, 0.004, and 0.040, respectively). By contrast, PM₂.₅,
PM₁₀, and NO₂ showed significant dose–response relationships with anxiety symptoms (p for nonlinear = 
0.103, 0.290, and 0.749, respectively).

Figure 2: Dose-response relationships between air pollutants and anxiety symptoms

3.4 Modifying Effects of Dietary Patterns
As shown in Fig. 3, the significant modifying effect by cMIND was observed for the associations of CO, NO2,
PM10, and SO2 with anxiety symptoms (p for interaction = 0.015, 0.045, 0.038, and 0.011, respectively). And

the association between O3 and anxiety symptoms can be modified by PDI (p for interaction = 0.038). No
significant effect modification by DDS or HEI was observed for any of the six air pollutants in relation to
anxiety symptoms.

Figure 3 Modifying effect of dietary patterns on the association between air pollutants and anxiety
symptoms.
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3.5 Sensitivity Analysis
A sensitivity analysis was performed using multiple linear regression models to assess the robustness of
the logistic regression findings. The adjustment strategy was identical to that used in the logistic regression
models. As shown in Table S5, in the fully adjusted Model 3, significant associations with anxiety symptoms
were observed for CO(β = 0.176, 95% CI: 0.085–0.537, p < 0.05), NO₂ (β = 0.011, 95% CI: 0.000–0.021, p < 
0.05), O₃(β = 0.007, 95% CI: 0.001–0.015, p < 0.05), PM₂.₅(β = 0.004, 95% CI: 0.003–0.011, p < 0.01), PM₁₀ (β 
= 0.003, 95% CI: 0.000–0.007, p < 0.05) and SO₂ (β = 0.015, 95% CI: 0.001–0.031, p < 0.05). The direction of
these associations was fully consistent with the logistic regression results.

4.Discussion
This study systematically explored the significant associations of multiple air pollutants with anxiety
symptoms among Chinese older adults. The main findings were generally consistent with previous research
that focused on single pollutants. In a study by Yang et al., greater exposure to PM2.5, PM₁₀, and NO� was
associated with an elevated risk of developing depression and anxiety[14].

Similarly, a study involving 4,008 older adults in the United States found that PM2.5 exposure was related to

anxiety symptoms, especially among those with low socioeconomic status or specific health-related
characteristics[39].

Zundel et al. also pointed out that gaseous pollutants such as O3, SO2, and NO2 may increase the risk of
anxiety through neurotoxicity in the central nervous system[15].

While the majority of existing evidence aligns with our observations, certain discrepancies exist. Specifically,
a meta-analysis of seven studies on CO reported no statistically significant association between CO and
anxiety symptoms (RR = 1.012, 95% CI: 0.996–1.028) [44]. Furthermore, a nationally representative cross-
sectional study from Portugal detected no statistically significant link between long-term PM₁₀ exposure and
the likelihood of a diagnosis of common mental disorders[53]. These inconsistencies may stem from
regional differences in air pollution control stringency, varying exposure levels, and inter-population
differences in environmental susceptibility, all of which warrant further investigation in future studies.

CO exposure was significantly associated with an elevated risk of anxiety symptoms, which could be
partially explained by cellular damage and cerebral damage. CO can bind to cytochrome c oxidase and
impair cellular respiration[60], leading to apoptosis, dysregulated cell proliferation, and autophagy. In
addition, CO readily binds to hemoglobin to form carboxyhemoglobin, which is unable to carry oxygen and
thus causes tissue hypoxia[46, 47]The brain has a high demand for oxygen; prolonged exposure may
damage brain regions involved in emotion regulation and thereby contribute to anxiety and other mood
disorders. It is worth noting, however, that CO can also modulate neurotransmitter release and metabolism,
moderately inhibit oxidative stress and neuroinflammation, and exert neuroprotective and anxiolytic
effects[45]. Further investigation through cohort studies is needed to clarify these mechanisms.
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Compared with CO, SO₂ is a strong irritant. Long-term exposure can trigger physical symptoms such as
chest tightness, shortness of breath, and cough[40], which can easily generate anxiety and cognitive bias.
Such cognitive bias may, in turn, heighten an individual's sensitivity to physical signals, amplify the
perception of discomfort, and create a self-reinforcing cycle of anxiety. Moreover, after entering the
circulation, SO₂ and its metabolites can cross the blood–brain barrier, induce central oxidative stress and
neuroinflammation, and disrupt the regulation of mood-related neurotransmitters involved in mood, thereby
enhancing anxiety-inducing effects[41]. Notably, 75.22% of the participants in this study came from rural
areas, where coal is the main domestic fuel, indoor SO₂ concentrations often exceed outdoor levels[49], and
residents spend relatively more time indoors[57]. Therefore, actual indoor and outdoor exposure
concentrations and cumulative exposure may have been higher in this population, which could partly explain
the prominent effect of SO₂ on anxiety symptoms observed in our study.

Prolonged exposure to O3 could affect multiple physiological pathways, inducing structural and functional
changes in the central nervous system and contributing to the development of mental disorders. Key
mechanisms underlying such effects involve the hypothalamic–pituitary–adrenal (HPA) axis stress
response, oxidative stress, as well as the lung–brain axis[51, 52, 56]. More recent evidence also suggests
that PM₂.₅ may interfere with normal HPA axis function and disrupt neuroendocrine balance, thereby giving
rise to anxiety symptoms. This is supported by animal experiments in which decreased corticotropin-
releasing hormone and elevated glucocorticoid levels were observed, indicating HPA axis activation[59].
PM₂.₅ has also been found to exert impacts on the CNS[59]. Similarly, for PM₁₀, its relation to anxiety
symptoms appears to operate via enhanced inflammatory response, neuronal degeneration, and oxidative
stress[43].

However, unmeasured factors that differ across exposure levels (e.g.,, green space exposure[50] and
noise[54]) may introduce systematic differences, and residual confounding could still influence the shape of
the exposure–response curve.

This study further indicated that dietary patterns could modify the associations of certain air pollutants with
anxiety symptoms. PDI exerted a significant modifying effect only for the O₃–anxiety association, with no
significant interactions observed for the other pollutants. This may be because O₃ acts as a strong oxidant,
and its health damage is closely linked to oxidative stress, which can further affect mood through pulmonary
inflammation and lung–brain axis signaling[52]. PDI emphasizes plant-based foods, which provide high
levels of antioxidant factors such as polyphenols, carotenoids, and vitamins. These components may be
more directly involved in scavenging O₃-induced oxidative damage, reducing stress responses, and
neuroinflammation[22]. Meanwhile, cMIND exhibited a relatively stable effect modification on the anxiety
risk associated with multiple pollutants, consistent with previous findings. Prior research has shown that
cMIND can significantly attenuate the associations of PM₂.₅, NO₂, and SO₂ with depression in older
adults[18], and international studies have reported that MIND-type diets can reduce PM₁₀- and SO₂-induced
neuroinflammation and anxiety[53]. cMIND captures complex and diverse interactions among food
components[29]. Its constituent food groups benefit mental health through different components and
mechanisms—reducing inflammation and oxidative stress and providing neuroprotection via antioxidants
and signal transduction regulation[58].These properties may jointly produce a relatively consistent buffering
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effect against the anxiety-inducing effects of several pollutants[16, 22]. No significant interactions were
observed for DDS or HEI, which may be because these indices are more oriented toward overall dietary
diversity or composite diet quality. Such scores can reflect dietary balance well, but may not sensitively
capture key dietary components closely related to neuroinflammation, oxidative stress, and blood–brain
barrier homeostasis.

Our work has several strengths. Firstly, this study focused on the susceptible group of environmental
exposure of the elderly in China and systematically analyzed the comprehensive impact of six common air
pollutants, making up for the shortcomings of previous studies focusing on single pollutants or adults,
children, pregnant women, and other groups, and filling the shortcomings of past studies focusing more on
foreign people. Secondly, compared to previous studies that paid attention mostly to one kind of air pollution
or focused solely on the type of population, such as adults, children, and pregnant women, our study
analyzed jointly the influences exerted collectively by six kinds of common pollutants. Hence, our research
would fill in the gap existing in prior investigations. Thirdly, we paid attention mainly to the Chinese
population, while most papers studied other countries' people before. Fourthly, four kinds of major dietary
patterns were taken into consideration instead of only single nutrients in the past research. Finally, it
provides direct evidence for developing mental health protection strategies for older adults from the
perspective of overall dietary patterns and delivers greater feasibility for practical implementation.

This study also has limitations. First, the cross-sectional design only permitted identification of associations
and could not establish causal relationships between air pollutants and anxiety symptoms. Future
longitudinal cohort studies are necessary to validate these findings. Second, most data were collected
through questionnaire-based retrospective surveys. Older participants may experience recall problems and
subjective differences in self-reported health status, leading to recall bias and social desirability bias.
Incorporating objective biological indicators to calibrate errors in self-reported dietary intake and disease
symptoms may be utilized to improve assessment validity. Third, due to constraints of the questionnaire,
potential confounders may not have been fully considered. Fourth, air pollutant concentrations were
estimated based on satellite remote sensing data and machine learning models, which only reflect outdoor
exposure levels for populations in a given area and period. This approach cannot precisely capture the true
exposure levels or their dynamic changes among older adults. In future work, integrating personal exposure
monitoring devices will be necessary.

5.Conclusion
This study confirms that exposure to CO, NO2, PM2.5, PM10, O3, and SO2 is associated with an increased risk
of anxiety symptoms among the elderly population in China. Certain dietary patterns are able to weaken
such pollution-related risks to a noticeable extent. Thus, this study expands the evidence on the association
between air pollution and mental health and offers useful strategic guidance to environmental public health
and the prevention and control work regarding mental health problems of the elderly. Besides, the findings
also help protect elderly mental health and facilitate coordinated regulation of environmental conditions and
nutritional health in regions with severe air pollution. In future work, more efforts may need to be put into big
data collection in order to conduct large sample longitudinal studies. Meanwhile, in order to validate the
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long-term protective effects, further exploration needs to focus on causal paths and varied biological
mechanisms behind these relationships, with inflammatory factors and oxidative metabolites as core
indicators.

Abbreviations
95% CI
95% Confidence Intervals
AOD
Aerosol Optical Depth
BMI
Body Mass Index
CLHLS
Chinese Longitudinal Healthy Longevity Survey
cMIND
Chinese version of the Mediterranean-DASH Intervention for Neurodegenerative Delay
DDS
Dietary Diversity Score
FFQ
Food Frequency Questionnaire
GAD-7
Generalized Anxiety Disorder 7-item
HEI
Healthy Eating Index
HPA
Hypothalamic–Pituitary–Adrenal
OR
Odds Ratios
PDI
Plant-based Diet Index
RCS
Restricted Cubic Splines
VIF
Variance Inflation Factor
WHO
World Health Organization

Declarations
Ethics approval and consent to participate

Page 16/24



The CLHLS study was approved by the research ethics committees of Duke University and Peking
University (IRB00001052–13074). The procedures used in this study adhere to the tenets of the Declaration
of Helsinki. All participants provided written informed consent.

Consent for publication

Not applicable.

Availability of data and materials

The dataset used in this study is available upon registration and application on the official website of the
CLHLS at https://opendata.pku.edu.cn/dataverse/CHADS.

Competing interests

The authors declare that the research was conducted in the absence of any commercial or financial
relationships that could be construed as a potential conflict of interest.

Funding

This research did not receive any specific grant from funding agencies in the public, commercial, or not-for-
profit sectors.

Author Contributions

M Y: Resources, Data curation, Supervision, Project Administration, Writing-Review & editing 

R R : Data curation, Formal analysis, Writing-Original Draft, Writing-Review & editing.

S C : Conceptualization, Methodology, Writing-Review & editing. 

S W : Validation, Writing-Review & editing.

W D : Visualization, Corresponding Author.

Acknowledgments

We acknowledge the Chinese Longitudinal Healthy Longevity Survey for providing the relevant data. We
would like to express our sincere thanks to the peer experts who participated in the discussions and
provided valuable suggestions for this research project.

References
1. Cuijpers P, Javed A, Bhui K. The WHO World Mental Health Report: a call for action. Br J Psychiatry.

2023;222(6):227–9. 10.1192/bjp.2023.9.

2. World Health Organization. World mental health today: latest data. Geneva: WHO. 2025.
https://www.who.int/westernpacific/publications/i/item/9789240113817. Accessed 16 May 2026.

Page 17/24



3. Yuan S, Bao Y, Li Y, Ran Q, Zhou Y, Xu Y, et al. Long-term exposure to low-concentration sulfur dioxide
and mental disorders in middle-aged and older urban adults. Environ Pollut. 2025;366:125402.
10.1016/j.envpol.2024.125402.

4. Leichsenring F, Heim N, Steinert C. A Review of Anxiety Disorders. JAMA. 2023;329(15):1315–6.
10.1001/jama.2023.2428.

5. Fu P, Jiang W, Tan X, Shu Y, Yang L. Short-term attributable risk and economic burden of hospital
admissions for anxiety disorders due to air pollution: a multicity time-stratified case-crossover study.
Environ Health. 2025;24(1):4. 10.1186/s12940-025-01157-8.

6. Santomauro DF, Mantilla Herrera AM, Shadid J, Zheng P, Ashbaugh C, Pigott DM, et al. Global prevalence
and burden of depressive and anxiety disorders in 204 countries and territories in 2020 due to the
COVID-19 pandemic. Lancet. 2021;398(10312):1700–12. 10.1016/S0140-6736(21)02143-7.

7. Jalali A, Ziapour A, Karimi Z, Rezaei M, Emami B, Kalhori RP, et al. Global prevalence of depression,
anxiety, and stress in the elderly population: a systematic review and meta-analysis. BMC Geriatr.
2024;24(1):809. 10.1186/s12877-024-05311-8.

8. Song J, Hou X, Zhang T, Huang Y, Wang X, Xu X, et al. Prevalence, correlates, functional impairment and
mental health service gap of anxiety disorders among elderly population in China. J Affect Disord.
2025;391:120007. 10.1016/j.jad.2025.120007.

9. Xia X, Meng X, Liu C, Guo Y, Li X, Niu Y, et al. Associations of long-term nitrogen dioxide exposure with a
wide spectrum of diseases: a prospective cohort study of 0·5 million Chinese adults. Lancet Public
Health. 2024;9(12):e1047–58. 10.1016/S2468-2667(24)00264-0.

10. Chu C, Zhang H, Cui S, Han B, Zhou L, Zhang N, et al. Ambient PM2.5 caused depressive-like responses
through Nrf2/NLRP3 signaling pathway modulating inflammation. J Hazard Mater. 2019;369:180–90.
10.1016/j.jhazmat.2019.02.026.

11. Machado P, McNaughton SA, Wingrove K, Stephens LD, Baker P, Lawrence M. A Scoping Review of the
Causal Pathways and Biological Mechanisms Linking Nutrition Exposures and Health Outcomes. Curr
Nutr Rep. 2024;14(1):3. 10.1007/s13668-024-00591-3.

12. Pandics T, Major D, Fazekas-Pongor V, Szarvas Z, Peterfi A, Mukli P, et al. Exposome and unhealthy
aging: environmental drivers from air pollution to occupational exposures. GeroScience.
2023;45(6):3381–408. 10.1007/s11357-023-00913-3.

13. Jiang Q, Luo X, Zheng R, Xiang Z, Zhu K, Feng Y, et al. Exposure to ambient air pollution with depressive
symptoms and anxiety symptoms among adolescents: a national population-based study in China. J
Psychiatr Res. 2023;164:1–7. 10.1016/j.jpsychires.2023.05.077.

14. Yang T, Wang J, Huang J, Kelly FJ, Li G. Long-term Exposure to Multiple Ambient Air Pollutants and
Association With Incident Depression and Anxiety. JAMA Psychiatry. 2023;80(4):305.
10.1001/jamapsychiatry.2022.4812.

15. Zundel CG, Ryan P, Brokamp C, Heeter A, Huang Y, Strawn JR, et al. Air pollution, depressive and anxiety
disorders, and brain effects: A systematic review. Neurotoxicology. 2022;93:272–300.
10.1016/j.neuro.2022.10.011.

Page 18/24



16. Cheng C, Du Y, Bai J. Physical multimorbidity and psychological distress among Chinese older adults:
Findings from Chinese Longitudinal Healthy Longevity Survey. Asian J Psychiatr. 2022;70:103022.
10.1016/j.ajp.2022.103022.

17. Lv Y, Kraus VB, Gao X, Yin Z, Zhou J, Mao C, et al. Higher dietary diversity scores and protein-rich food
consumption were associated with lower risk of all-cause mortality in the oldest old. Clin Nutr.
2020;39(7):2246–54. 10.1016/j.clnu.2019.10.012.

18. Wang R, Ye C, Huang X, Halimulati M, Sun M, Ma Y, et al. cMIND Diet, Indoor Air Pollution, and
Depression: A Cohort Study Based on the CLHLS from 2011 to 2018. Nutrients. 2023;15(5):1203.
10.3390/nu15051203.

19. Storz MA. Lifestyle Adjustments in Long-COVID Management: Potential Benefits of Plant-Based Diets.
Curr Nutr Rep. 2021;10(4):352–63. 10.1007/s13668-021-00369-x.

20. Zhang L, Chen Z, Xiao Z, Wang M, Wu Z, Ma Y, et al. Association between healthy eating Index-2020 and
anxiety: Insights from NHANES highlighting fruit and vegetable intake. J Affect Disord.
2025;385:119421. 10.1016/j.jad.2025.119421.

21. Firth J, Gangwisch JE, Borsini A, Wootton RE, Mayer EA. Food and mood: how do diet and nutrition
affect mental wellbeing? BMJ. 2020;m2382. 10.1136/bmj.m2382

22. Muth AK, Park SQ. The impact of dietary macronutrient intake on cognitive function and the brain. Clin
Nutr. 2021;40(6):3999–4010. 10.1016/j.clnu.2021.04.043.

23. Duke Center for the Study of Aging and Human Development. Chinese Longitudinal Healthy Longevity
Study. https://agingcenter.duke.edu/CLHLS. Accessed 16 May 2026.

24. Bereziartua A, Jimeno-Romero A, Subiza-Pérez M, Lertxundi A. Effects of environmental air pollution on
anxiety and depression in adults: an updated systematic review and meta-analysis. Environ Res.
2026;293:123738. 10.1016/j.envres.2026.123738.

25. Plummer F, Manea L, Trepel D, McMillan D. Screening for anxiety disorders with the GAD-7 and GAD-2: a
systematic review and diagnostic metaanalysis. Gen Hosp Psychiatry. 2016;39:24–31.
10.1016/j.genhosppsych.2015.11.005.

26. Spitzer RL, Kroenke K, Williams JBW, Löwe B. A Brief Measure for Assessing Generalized Anxiety
Disorder: The GAD-7. Arch Intern Med. 2006;166(10):1092. 10.1001/archinte.166.10.1092.

27. Sohrabi Z, Maleki J. Fusing satellite imagery and ground-based observations for PM2.5 air pollution
modeling in Iran using a deep learning approach. Sci Rep. 2025;15(1):21449. 10.1038/s41598-025-
05332-2.

28. Kalaiselvi S, Anitha V, Manimaran V, Lawrence TS. Air quality prediction using multi-source remote
sensing data integration with hybrid deep learning framework. Sci Rep. 2025;16(1):2688.
10.1038/s41598-025-32466-0.

29. Huang X, Aihemaitijiang S, Ye C, Halimulati M, Wang R, Zhang Z. Development of the cMIND Diet and Its
Association with Cognitive Impairment in Older Chinese People. J Nutr Health Aging. 2022;26(8):760–
70. 10.1007/s12603-022-1829-1.

30. Yang L, Li M, Shu J, Cao L. Association between cMIND diet adherence and frailty among Chinese older
adults: A 10-year longitudinal study. J Nutr Health Aging. 2025;29(12):100709.

Page 19/24



10.1016/j.jnha.2025.100709.

31. Aihemaitijiang S, Zhang L, Ye C, Halimulati M, Huang X, Wang R, et al. Long-Term High Dietary Diversity
Maintains Good Physical Function in Chinese Elderly: A Cohort Study Based on CLHLS from 2011 to
2018. Nutrients. 2022;14(9):1730. 10.3390/nu14091730.

32. Krebs-Smith SM, Pannucci TE, Subar AF, Kirkpatrick SI, Lerman JL, Tooze JA, et al. Update of the Healthy
Eating Index: HEI-2015. J Acad Nutr Diet. 2018;118(9):1591–602. 10.1016/j.jand.2018.05.021.

33. Qi R, Sheng B, Zhou L, Chen Y, Sun L, Zhang X. Association of Plant-Based Diet Indices and Abdominal
Obesity with Mental Disorders among Older Chinese Adults. Nutrients. 2023;15(12):2721.
10.3390/nu15122721.

34. Qi R, Yang Y, Sheng B, Li H, Zhang X. Plant-Based Diet Indices and Their Association with Frailty in Older
Adults: A CLHLS-Based Cohort Study. Nutrients. 2023;15(24):5120. 10.3390/nu15245120.

35. Gao X, Jiang M, Huang N, Guo X, Huang T, Long-Term Air, Pollution. Genetic Susceptibility, and the Risk
of Depression and Anxiety: A Prospective Study in the UK Biobank Cohort. Environ Health Perspect.
2023;131(1):017002. 10.1289/EHP1039.

36. GBD 2019 Diseases and Injuries Collaborators. Global burden of 369 diseases and injuries in 204
countries and territories, 1990–2019: a systematic analysis for the Global Burden of Disease Study
2019. Lancet. 2020;396(10258):1204–22. 10.1016/S0140-6736(20)30925-9.

37. Luo X, Wang Y, Zhu Z, Ping J, Hou B, Shan W, et al. Association between window ventilation frequency
and depressive symptoms among older Chinese adults. J Affect Disord. 2025;368:607–14.
10.1016/j.jad.2024.09.122.

38. He Y, Zhang Y, Xin H, Lin J, Lin S, Li S, et al. Effect of diary intervention on sleep quality and risk of stress
disorders among critically ill children in pediatric intensive care units and on their parents’ anxiety level:
A randomized controlled trial. Intensive Crit Care Nurs. 2026;93:104315. 10.1016/j.iccn.2025.104315.

39. Pun VC, Manjourides J, Suh H. Association of Ambient Air Pollution with Depressive and Anxiety
Symptoms in Older Adults: Results from the NSHAP Study. Environ Health Perspect. 2017;125(3):342–
8. 10.1289/EHP494.

40. Stauffer CB, Tat J. Toxic Effects of Sulfur Dioxide: A Review. Toxics. 2026;14(1):100.
10.3390/toxics14010100.

41. Yao G, Yue H, Yun Y, Sang N. Chronic SO2 inhalation above environmental standard impairs neuronal
behavior and represses glutamate receptor gene expression and memory-related kinase activation via
neuroinflammation in rats. Environ Res. 2015;137:85–93. 10.1016/j.envres.2014.11.012.

42. Tan J, Chen N, Bai J, Yan P, Ma X, Ren M, et al. Ambient air pollution and the health-related quality of life
of older adults: evidence from Shandong China. J Environ Manage. 2023;336:117619.
10.1016/j.jenvman.2023.117619.

43. Block ML, Calderón-Garcidueñas L. Air pollution: mechanisms of neuroinflammation and CNS disease.
Trends Neurosci. 2009;32(9):506–16. 10.1016/j.tins.2009.05.009.

44. Zhu J, Yan H, Lei J, Wang K, Yu Q, Yan J, et al. Association of ambient air pollution with risk of anxiety
disorders: an updated systematic review and meta-analysis. Environ Res. 2026;290:123473.
10.1016/j.envres.2025.123473.

Page 20/24



45. Takagi T, Uchiyama K, Naito Y. The Therapeutic Potential of Carbon Monoxide for Inflammatory Bowel
Disease. Digestion. 2015;91(1):13–8. 10.1159/000368765.

46. Varrassi M, Di Sibio A, Gianneramo C, Perri M, Saltelli G, Splendiani A, et al. Advanced neuroimaging of
carbon monoxide poisoning. Neuroradiol J. 2017;30(5):461–9. 10.1177/1971400916689342.

47. Adach W, Błaszczyk M, Olas B. Carbon monoxide and its donors - chemical and biological properties.
Chem Biol Interact. 2020;318:108973. 10.1016/j.cbi.2020.108973.

48. Dobariya P, Smith J, More SS. The Yin-Yang of sulfur dioxide: Effect on cognitive function.
Neurotherapeutics. 2025;22(6):e00633. 10.1016/j.neurot.2025.e00633.

49. Sun J, Chen Z, Gao X, Yang K, Niu Z, Yan C, et al. Indoor concentrations and exposure levels of CO, SO₂,
NO₂, and O₃ in Chinese residences, schools, and offices (2000–2021): A systematic review. J Hazard
Mater. 2025;494:138452. 10.1016/j.jhazmat.2025.138452.

50. Li S, Liu Y, Li R, Xiao W, Ou J, Tao F, et al. Association between green space and multiple ambient air
pollutants with depressive and anxiety symptoms among Chinese adolescents: The role of physical
activity. Environ Int. 2024;189:108796. 10.1016/j.envint.2024.108796.

51. Rose M, Filiatreault A, Guénette J, Williams A, Thomson EM. Ozone increases plasma kynurenine-
tryptophan ratio and impacts hippocampal serotonin receptor and neurotrophic factor expression: Role
of stress hormones. Environ Res. 2020;185:109483. 10.1016/j.envres.2020.109483.

52. Mumaw CL, Levesque S, McGraw C, Robertson S, Lucas S, Stafflinger JE, et al. Microglial priming
through the lung—brain axis: the role of air pollution-induced circulating factors. FASEB J.
2016;30(5):1880–91. 10.1096/fj.201500047.

53. Pelgrims I, Devleesschauwer B, Guyot M, Keune H, Nawrot TS, Remmen R, et al. Association between
urban environment and mental health in Brussels, Belgium. BMC Public Health. 2021;21(1):635.
10.1186/s12889-021-10557-7.

54. Klompmaker JO, Hoek G, Bloemsma LD, Wijga AH, Van Den Brink C, Brunekreef B, et al. Associations of
combined exposures to surrounding green, air pollution and traffic noise on mental health. Environ Int.
2019;129:525–37. 10.1016/j.envint.2019.05.040.

55. Cativiela-Campos B, Ruiz-Sobremazas D, Rodulfo-Cárdenas R, Barrasa A, Sánchez-Santed F, Colomina
MT, et al. What are the consequences of PM air pollution exposure on elderly behavior? A systematic
review. Environ Pollut. 2025;375:126279. 10.1016/j.envpol.2025.126279.

56. Rodriguez P, López-Landa A, Romo-Parra H, Rubio-Osornio M, Rubio C. Unraveling the ozone impact and
oxidative stress on the nervous system. Toxicology. 2024;509:153973. 10.1016/j.tox.2024.153973.

57. Turcotte DA, Woskie S, Gore R, Chaves E, Adejumo KL, You KJ. Sustainability of residential
environmental interventions and health outcomes in the elderly. Asthma Res Pract. 2020;6(1):13.
10.1186/s40733-020-00066-6.

58. De Mejia EG, Ramirez-Mares MV, Puangpraphant S. Bioactive components of tea: Cancer, inflammation
and behavior. Brain Behav Immun. 2009;23(6):721–31. 10.1016/j.bbi.2009.02.013.

59. Jia Z, Wei Y, Li X, Yang L, Liu H, Guo C, et al. Exposure to Ambient Air Particles Increases the Risk of
Mental Disorder: Findings from a Natural Experiment in Beijing. Int J Environ Res Public Health.
2018;15(1):160. 10.3390/ijerph15010160.

Page 21/24



60. Safari C, Ghosh S, Andersson R, Johannesson J, Båth P, Uwangue O, et al. Time-resolved serial
crystallography to track the dynamics of carbon monoxide in the active site of cytochrome c oxidase.
Sci Adv. 2023;9(49):eadh4179. 10.1126/sciadv.adh4179.

61. Xiao Q, Li Y, Li B, et al. Dietary Diversity and Mild Cognitive Impairment in Middle-Aged and Older
Chinese People: A Cross-Sectional Study. J Alzheimers Dis Rep. 2023;7(1):1045–53. 10.3233/ADR-
230060.

62. Sun Q, Wang H, Zhang H, Zhang F. Association between the healthy eating index and anxiety among
Chinese elderly: A population-based cross-sectional study. Prev Med Rep. 2023;37:102576.
10.1016/j.pmedr.2023.102576.

Figures

Figure 1

Flowchart of the participant selection process. After excluding missing data on anxiety symptoms n=1,461,
air pollutants n=1,600, and covariates 8,709, 4,104 participants from the 2018 CLHLS wave were included.
CLHLS, Chinese Longitudinal Healthy Longevity Survey.
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Figure 2

Restricted cubic spline analysis showing the dose–response relationships between (A) CO, (B) NO₂, (C) O₃,
(D) PM₂.₅, (E) PM₁₀, (F) SO₂ and anxiety symptoms. Dark solid lines represent OR; light pink shading
represents 95% CI; dashed line indicates OR = 1. P for overall and P for nonlinear are shown in each panel.
Adjusted for age, sex, residence, education, marital status, smoking, alcohol consumption, exercise, BMI, and
dietary patterns. OR, odds ratio; CI, confidence interval.
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Figure 3

Modification of air pollutant–anxiety associations by dietary patterns. (A) CO, (B) NO₂, (C) O₃, (D) PM₂.₅, (E)
PM₁₀, (F) SO₂. cMIND significantly modified CO, NO₂, PM₁₀, and SO₂; PDI modified O₃; DDS and HEI showed
no significant modification. cMIND was categorized as T1–T3; DDS, PDI, and HEI as Q1–Q4. Adjusted for the
covariates listed in Figure 2 plus the other dietary patterns. cMIND, Chinese Mediterranean-DASH
Intervention for Neurodegenerative Delay; DDS, dietary diversity score; PDI, plant-based diet index; HEI,
healthy eating index.
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