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ABSTRACT

Background: Environmental exposures such as air pollution, population density, and climate-related stressors may influence mental health, yet large-scale longitu-
dinal evidence is limited. This study examined associations of environmental exposures with depressive and anxiety symptoms, and stress in the German National
Cohort (NAKO).
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Methods: We analyzed data of over 70,000 adults aged 19-74 years from the NAKO baseline (2014-2019), with repeated survey assessments in 2020 and 2022 of
depressive symptoms (Patient Health Questionnaire-9), anxiety symptoms (Generalized Anxiety Disorder 7-item), and stress (Patient Health Questionnaire-stress)
scores. The annual mean of environmental exposures, including nitrogen dioxide (NO3), particulate matter (PM), black carbon, air temperature, precipitation,
relative humidity, greenness (Normalized Difference Vegetation Index), and indicators of the built and social environment were assessed at the participants’ resi-
dences at baseline and standardized with their interquartile range (IQR). Longitudinal associations of exposures with mental health outcomes were assessed using
covariate-adjusted linear mixed models. Subgroup analyses were conducted stratifying by urbanization level, obesity, lung disease, and cardiovascular disease status.
Findings: Higher mean air temperature (per IQR) was associated with higher depressive symptom scores (p = 0.07, 95% CI: 0.03-0.12), anxiety symptom scores (§ =
0.05, 95% CI: 0.01-0.09), and stress scores (f = 0.05, 95% CI: 0.01-0.09). Exposure to NO, was associated with higher depressive symptom scores (f = 0.08, 95% CIL:
0.03-0.14). A higher population density within 100 m was associated with higher depressive, anxiety symptoms, and stress scores. In contrast, higher levels of
greenness, precipitation, and relative humidity were associated with lower depressive symptom scores. Most of the associations with depressive or anxiety symptom
scores were stronger in females, younger adults, people with obesity and those living in cities.

Interpretation: Improving air quality, enhancing urban green spaces, and implementing climate-adaptation strategies could help promote mental well-being,

particularly in urban and vulnerable populations.

Introduction

Mental health disorders, specifically depression and anxiety as well
as related psychological conditions such as stress, are among the leading
causes of global disability and disease burden, affecting hundreds of
millions of people annually (GBD 2019 Mental Disorders Collaborators,
2022). These conditions are associated with elevated risks of chronic
physical illnesses, premature mortality, and reduced quality of life
(Zheng et al., 2020). Beyond psychological and socioeconomic de-
terminants, environmental factors are increasingly recognized as sig-
nificant contributors to mental health (Radua et al., 2024). Air pollution,
particularly fine particulate matter (PM5 5) and nitrogen dioxide (NO5),
have been consistently linked to an elevated risk of depression (Borroni
et al., 2022). Additionally, meteorological exposures such as unfavor-
able ambient temperature and low humidity, as well as urban environ-
mental stressors including lack of greenness and social deprivation, have
been connected to mental distress (Chen et al., 2024; Terraneo 2021;
Wahid et al., 2023). A cross-sectional study with UK Biobank data re-
ported a 4% reduction in the odds of major depressive disorder per
interquartile increase in residential greenness (Sarkar et al., 2018).
Moreover, a recent nationwide population-based cross-sectional study
from Nepal observed that long-term exposure to increased PM, s and
PM; o concentrations was associated with elevated risk of depression and
anxiety, while humidity showed a protective effect (Acharya et al.,
2025).

However, prior studies have relied on cross-sectional designs,
focused on only few environmental exposures, while large-scale longi-
tudinal assessments are sparse. A difference-in-difference analysis of
over 20,000 Chinese adults suggested that while higher air pollution
levels and temperature variability were linked to deteriorating self-
assessed mental health scores, mean temperature showed a weak and
nonlinear association (Xue et al., 2019). The study further observed that
lower residential greenness was associated with poorer mental health
(Xue et al., 2019). Similarly, a nationally representative longitudinal
study from Bangladesh observed an association between higher mean
temperature and increased risk of anxiety, whereas no clear association
was observed for depression alone (Wahid et al., 2023).

The burden of environmental risks is expected to increase further,
especially amid accelerating climate change and extending urbaniza-
tion, emphasizing the urgent need for large-scale, longitudinal studies
that identify key environmental risk and protective factors of adverse
mental health changes to guide targeted and effective prevention stra-
tegies. We therefore assessed data from over 70,000 participants of the
prospective population-based German National Cohort (NAKO) to
investigate the associations of long-term exposure to environmental
factors—including air pollutants, meteorological variables, and built
and social environment—with depressive symptoms, anxiety symptoms,
and stress scores over three time points (baseline (2014-2019), 2020,
and 2022). We further explored differential vulnerability in key sub-
populations, including individuals with chronic diseases and those

living in urban vs rural areas. To our knowledge, this is the first
comprehensive, longitudinal assessment of multi-domain environmental
exposures with mental health conducted in Germany, offering critical
insights to inform mental health prevention strategies and environ-
mental planning in a crucial phase of environmental change.

1. Methods
1.1. Study design and population

We analyzed data from participants enrolled in the German National
Cohort (NAKO), a large-scale, population-based prospective cohort
study initiated in 2014 (Peters et al., 2022). 205,415 participants aged
19-74 years were recruited at baseline in 2014-2019 from 16 study
regions across Germany. In 2020, 160,227 individuals additionally
completed a pandemic-related questionnaire via email or letter. In 2022,
110,375 individuals further completed an online survey including
questionnaires on mental health (Mikolajczyk et al., 2024). For this
study, we included more than 70,000 individuals who completed all
mental health questionnaires across the baseline examination and the
two follow-up questionnaires (baseline, 2020, and 2022), allowing for
longitudinal linkage. The participant exclusions are illustrated in the
Supplementary Fig. 1.

1.2. Mental health outcomes

Self-report mental health questionnaires were assessed at three time
points (baseline, 2020, and 2022) using validated instruments. The
depressive symptom score was measured using the Patient Health
Questionnaire-9 (PHQ-9, range from 0 to 27), anxiety symptom score
using the Generalized Anxiety Disorder 7-item (GAD-7, range from 0 to
21), and psychological stress score using the Patient Health
Questionnaire-stress (PHQ-Stress, range from 0 to 20), in the Supple-
mentary Methods.

1.3. Environmental exposure assessment

The environmental and social-built factors assessed in this study
were obtained from a validated German spatiotemporal dataset, which
assessed long-term exposure in different environments in the respective
baseline year (2014-2019) of each participant. Environmental expo-
sures were assigned to each NAKO participant based on their residential
address in the participant's enrolment year and standardized using their
interquartile ranges (IQR) to enable comparability across metrics. In the
analysis, the baseline environmental exposures covered two environ-
mental domains: (1) air pollutants and meteorological factors, and (2)
social and built environmental factors. Data on ambient air pollution
(PMj9, PMy 5 and NO3) was obtained from the German Environment
Agency as gridded products based on chemical transport modelling with
observational data assimilation (Nordmann et al., 2020). Black carbon
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estimates from the ELAPSE project provided 2010 annual concentrations
across Western Europe, derived using land-use regression models that
integrated ground monitoring, satellite data, chemical transport models,
and spatial predictors to produce country-wide maps at 100 m resolu-
tion. Greenness exposure was quantified using the Normalized Differ-
ence Vegetation Index (NDVI), derived from Sentinel-2 satellite imagery
(DLR product) (Weigand et al., 2020). NDVI exposures were mainly
assigned using 300 m and 1000 m residential buffers, reflecting different
neighbourhood scales and corresponding to established walking-
distance (Zare Sakhvidi et al., 2025). Meteorological variables covered
air temperature (annual mean, standard deviation (SD), maximum,
minimum, range, and seasonal temperature), precipitation, relative
humidity, the number of frost days, and the number of heat days. The
variables of social and built environment included imperviousness,
NDVI within 300 m, 1000 m, and during the warm months (March to
October), number of persons and buildings (in a 100 m? and 1000 m?
grid cell), and the German index of socioeconomic deprivation (GISD
index). The details for all environmental variables are listed in Supple-
mentary Table 1.

1.4. Covariates

Covariates were derived from questionnaires on a touchscreen or
during face-to-face interviews at baseline. Sociodemographic and so-
cioeconomic characteristics included age, sex, education, marital status,
net household income (in Euros/month), employment status, migration
background, living alone, and the NAKO study region. Lifestyle factors
included smoking status (never, former, current), alcohol consumption
(g/day), and physical activity (min/week). Body mass index (BMI, kg/
m?) was additionally included as a covariate. Higher education included
individuals with a university degree, a degree from a university of
applied sciences, or a doctorate. Physical activity (minutes/week) was
assessed by the Global Physical Activity Questionnaire (GPAQ)
(Gottschalk et al., 2025). Urbanization levels were defined based on
residential location and classified into cities, towns and suburbs, and
rural areas (Supplementary Table 1). Further details on covariates and
subgroup variables are available in the Supplementary Methods.

1.5. Statistical analyses

We applied a complete-case analysis approach for all primary ana-
lyses by excluding all participants with missing values for any outcome,
exposure, and covariate at any of the three time points. Descriptive
analyses were conducted to summarize baseline characteristics and
exposure distributions. Based on normal distribution tests, continuous
variables were reported as medians with interquartile range (IQR), and
categorical variables as frequencies and percentages. To determine as-
sociations of environmental exposures with mental health across
repeated assessments, we used linear mixed-effects (LME) models with
random intercepts for individuals and fixed effect for time point and
environmental exposures. Exposure pairs were concurrently entered
into two-exposure models based on their single-exposure significance
and the absence of high multicollinearity (Spearman |r| < 0.7; details in
Supplementary Methods).

Three sequential models were fitted: The minimum model (model 1)
adjusted for age and sex, the basic model (model 2) added socioeco-
nomic covariates, and the main model (model 3) further adjusted for
lifestyle factors and BMI. First, each exposure was modeled individually
with its IQR-standardized values. Second, to explore whether the asso-
ciations were sensitive to co-exposures, we constructed two-exposure
models (Supplementary Methods). Subgroup analyses were conducted
using the main adjusted (model 3) single-exposure model. Participants
were stratified based on sex (female and male), age group (age <50
years and >50 years), urbanization level (cities vs. towns and suburbs
vs. rural areas), presence of obesity, lung disease, and history of car-
diovascular disease. In the sensitivity analysis, first, Generalized
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Additive Mixed Models (GAMMSs) were employed to analyze potential
nonlinear relationships between each environmental exposure and the
three mental health scores. Second, we assessed alternate zones (e.g.,
1000 m) of exposures, where available, seasonality of the temperature,
and one-year lag effects of environmental exposures and meteorological
measures (heat and frost days) using data from alternative sources,
including the German Weather Service (DWD) (Supplementary Table 1)
to test the main results for robustness. Third, false discovery rate (FDR)
adjusted p-values were calculated for single-exposure models to confirm
robustness against multiple testing in the main model. Fourth, we con-
ducted linear regression models (with Model 3) for each time point of
mental health assessment (baseline, 2020, 2022) individually to assess
the influence of the data collection time point. Fifth, to assess the
robustness of our findings with regard to multicollinearity and Type I
error inflation in high-dimensional exposure settings, we implemented a
two-step data-driven framework for each outcome measure. Specif-
ically, we first applied Elastic Net regression for hyperparameter tuning
to the baseline data to perform feature selection; subsequently, we
conducted analyses using a longitudinal linear mixed model with mul-
tiple exposures, adjusted for each exposure factor and corrected for the
Benjamini-Hochberg FDR. To verify the robustness of the study results
with regard to spatial clustering effects, we constructed a multi-level
random-effects sensitivity model. We introduced a random intercept
for the 16 study regions to analyze the longitudinal effects of single-
exposure pollutants on mental health. All analyses were conducted
using R (V4.1.3). A two-tailed p-value < 0.05 indicated statistical
significance.

2. Results

A total of 72,227 individuals were included in the analysis for the
depressive symptom score, 72,909 for the anxiety symptom score, and
68,678 for the stress score. Mental health outcomes changed across the
three time points (Table 1). The mean of the depressive symptom scores
gradually increased from baseline to 2022, whereas anxiety and stress
scores increased markedly until 2020 and then slightly decreased to
2022, while remaining higher than baseline. The distributional char-
acteristics of environmental exposures are summarized in Supplemen-
tary Table 2. The correlation coefficients between environmental
exposures are shown in the Supplementary Figs. 2-4.

In the baseline survey, sex was evenly distributed across the three
outcome samples, with women comprising around 50%. The median age
was also similar across outcome-specific samples: 50 years (IQR 42-58)
for the depressive symptom score, 50 years (IQR 42-59) for the anxiety
symptom score, and 49 years (IQR 42-58) for the stress score.

More than half of the participants had a university degree or higher
education and were employed in a full-time job. Most participants were
married and living together with their partner, representing approxi-
mately 60%, while around 27% were single, as shown in Table 2.

Single exposure models

We observed several associations of environmental exposures (per

Table 1
Mental health changes over three time points.
Mental Health (mean + Baseline 2020 2022 P-
SD) value”
Depressive symptom score 3.59 + 3.96 + 4.06 = <0.001
3.38 3.81 4.03
Anxiety symptom score 2.95 + 332+ 3.27 £ <0.001
2.96 3.38 3.52
Stress score 3.29 + 4.44 + 4.25 + <0.001
2.84 3.43 3.61

@ P-value was calculated using repeated measures ANOVA to compare the
mental health scores across the three time points.
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Table 2
Characteristics of the study population with available data for symptom scores of
depressive symptom, anxiety symptom, and stress score at baseline.

Characteristic® Level or unit Depressive Anxiety Stress score
symptom symptom
score score
(N =72,227) (N = (N =
(median 72,909) 68,678)
[IQR])/N (median (median
(%) [IQR])/N [IQRD)/N
(%) (%)
Age Years 50 [42, 58] 50 [42, 59] 49 [42, 58]
Sex Male 35,778 (49.5) 36,162 34,568
(49.6) (50.3)
Female 36,449 (50.5) 36,747 34,110
(50.4) (49.7)
Marital status Single 19,619 (27.2) 19,646 18,707
(26.9) (27.2)
Married, living 43,250 (59.9) 43,745 41,544
together (60.0) (60.5)
Divorced/ 9,358 (13.0) 9,518 (13.1) 8,427
widowed/ (12.3)
separated
Living alone No 59,186 (81.9) 59,753 56,932
(82.0) (82.9)
Yes 13,041 (18.1) 13,156 11,746
(18.0) (17.1)
Net household Euro/month 2,267 [1,633, 2,262 2,267
income 2,935] [1,633, [1,633,
2,935] 3,050]
Education Higher 45,277 (62.7) 45,699 43,296
(62.7) (63.0)
Lower 26,950 (37.3) 27,210 25,382
(37.3) (37.0)
Employment Employed full- 41,222 (57.1) 41,524 39,930
status time (57.0) (58.1)
Employed 18,910 (26.2) 19,050 18,086
part-time (26.1) (26.3)
Unemployed 1,247 (1.7) 1,272 (1.7) 1,152 (1.7)
Non-working 10,848 (15.0) 11,063 9,510
population (15.2) (13.8)
Physical Minutes/week 690 [300, 690 [300, 680 [300,
activity 1,610] 1,620] 1,600]
Smoking Non-smoker 35,881 (49.7) 36,209 34,177
(49.7) (49.8)
Former 24,172 (33.5) 24,416 22,882
smoker (33.5) (33.3)
Current 12,174 (16.9) 12,284 11,619
smoker (16.8) (16.9)
Alcohol g/day 5.20 [1.68, 5.20 [1.68, 5.24 [1.73,
amount 13.79] 13.85] 13.87]
BMI kg/rrl2 25.4 [22.8, 25.4 [22.9, 25.4 [22.8,
28.5] 28.6] 28.5]
Obesity No 59,422 (82.3) 59,948 56,625
(82.2) (82.4)
Yes 12,805 (17.7) 12,961 12,053
(17.8) (17.6)
CVD No 50,187 (69.5) 50,586 48,171
(69.4) (70.1)
Yes 22,040 (30.5) 22,323 20,507
(30.6) (29.9)
Lung disease No 64,199 (88.9) 64,818 61,127
(88.9) (89.0)
Yes 8,028 (11.1) 8,091 (11.1) 7,551
(11.0)
Urbanization Cities 52,805 (73.1) 53,258 50,102
(73.0) (73.0)
Towns and 11,675 (16.2) 11,822 11,114
suburbs (16.2) (16.2)
Rural areas 7,747 (10.7) 7,829 (10.7) 7,462
(10.9)

# Continuous variables are shown as median (IQR), and categorical variables
as counts (N) and percentages. Abbreviations: BMI = body mass index, CVD =
cardiovascular disease, IQR = interquartile range.
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IQR) with mental health scores for depressive symptoms, anxiety
symptoms, and stress in the main model (Fig. 1).

Among air pollutants, each IQR increase in NO, exposure was asso-
ciated with a 0.08-point higher depressive symptom score (95% CI: 0.03,
0.14). Higher mean air temperature (§ = 0.07, 95% CI: 0.03, 0.12),
maximum temperature (f = 0.06, 95% CI: 0.02, 0.10), and minimum
temperature (f = 0.06, 95% CI: 0.01, 0.11) were further associated with
higher depressive symptom scores; as were higher annual SD of air
temperature (p = 0.07, 95% CI: 0.04, 0.11), higher annual SD of air
temperature range (mean: § = 0.04, 95% CI: 0.01, 0.07), and number of
heat days (max > 30 °C) (p = 0.04, 95% CI: 0.01, 0.08) (Fig. 1A, Sup-
plementary Excel Files 1-3). Additionally, population density within a
100 m grid (p = 0.06, 95% CI: 0.03, 0.09) was positively associated with
higher depressive symptom scores. In contrast, an IQR increase in NDVI
during warm months (§ = -0.05, 95% CI: —0.08, —0.01) was associated
with a 0.05-point lower depressive symptom score. Similarly, IQR in-
creases in annual sum of monthly precipitation (B = -0.07, 95% CL:
—0.12, —0.02) and relative humidity (f =-0.07, 95% CI: —0.11, —0.04)
also showed an inverse association with depressive symptom scores.

For anxiety symptom scores (Fig. 1B), we observed similar, though
fewer, statistically significant associations with environmental expo-
sures. Higher mean temperature (p = 0.05, 95% CIL: 0.01, 0.09) and
annual SD of temperature (f = 0.05, 95% CI: 0.02, 0.08) were positively
associated with anxiety symptoms. Increased population density within
100 m (B = 0.04, 95% CI: 0.01, 0.06) was also associated with higher
anxiety symptom scores. In contrast, an IQR increase in relative hu-
midity (p =-0.04, 95% CI: —0.07, —0.01) was linked with lower anxiety
symptom scores.

Regarding stress scores (Fig. 1C), results were consistent with those
for depressive and anxiety symptoms, though fewer associations reached
statistical significance. At the nominal significance level, the mean (f =
0.05, 95% CI: 0.01, 0.09), minimum temperature (§ = 0.05, 95% CI:
0.001, 0.09) and population density within 100 m (f = 0.04, 95% CI:
0.02, 0.07) were positively associated with stress scores, while higher
precipitation (f = -0.04, 95% CI: —0.09, upper CI slightly below zero)
was inversely associated. After FDR correction, only the positive asso-
ciation with population density within 100 m remained statistically
significant.

Subgroup analyses

The longitudinal impact of NO2 on depression was highly robust and
consistent across both males (p = 0.10, 95% CI: 0.04, 0.16) and females
(B = 0.09, 95% CI: 0.03, 0.15). However, females displayed broader
vulnerability to meteorological variations (precipitation: f = -0.08 and
temperature: § = 0.08) for anxiety scores, whereas the adverse effect of
NO; on stress was manifest in males (f = 0.08, 95% CI: 0.03, 0.13), see
Fig. 2. Regarding age, environmental hazards (such as NO5 and black
carbon) exhibited robust at the nominal significance level, detrimental
longitudinal impacts on depression and anxiety scores predominantly
among younger participants (<50 years), while these associations were
largely attenuated in the elder (Fig. 3).

The association between air temperature and mental health
remained robust only in individuals living in cities for depression
symptom scores (SD air temperature § = 0.07, 95% CI: 0.03, 0.11) and
anxiety symptom scores (SD air temperature p = 0.06, 95% CI: 0.02,
0.09), see Supplementary Fig. 5-7. We also found a significant inverse
association of relative humidity with depressive symptom score in cities.

In the CVD and lung disease subgroup analyses, associations among
individuals without CVD or lung disease were largely consistent with the
main findings, with mean air temperature, relative humidity and pop-
ulation density still being significantly associated with depressive and
anxiety symptom scores (Supplementary Figs. 5-6). Nominal associa-
tions were observed between NO; and both depressive (f = 0.11, 95%
CI: 0.004, 0.22) and anxiety (p = 0.10, 95% CI: 0.01, 0.20) symptom
scores in persons with CVD. Among participants with obesity, several
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a) Depression score

b) Anxiety score
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c) Stress score
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Fig. 1. Associations between environmental exposures and (a) depressive symptoms, (b) anxiety symptoms and (c) stress scores based on linear mixed-effects
models. Effect estimates (f) and 95% confidence intervals (CI) are shown for each exposure in the adjusted single-exposure model 3. All exposures were stan-
dardized by interquartile range (IQR) to enable comparability across variables. Nominal significance is indicated by asterisks: p < 0.05 (*), p < 0.01 (**), p < 0.001
(***). Hash symbols indicate statistical significance after Benjamini-Hochberg false discovery rate (FDR) correction: FDR-adjusted p < 0.05 (#), FDR-adjusted p <
0.01 (##), and FDR-adjusted p < 0.001 (###). Model 3 was adjusted for sex, age, marital status, income, migration background, living alone, employment status,
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dard deviation.

strengthened associations emerged. NO,, and NDVI in warm months had
stronger associations with depression and anxiety symptom scores
compared to those without obesity.

Two-exposure models

In the two-exposure models, most environmental exposures
remained significantly associated with mental health outcomes after
adjustment for a second exposure (Supplementary Table 3). Higher
mean air temperature consistently emerged as a risk factor for higher
depressive symptom scores and higher population density for depressive
symptoms, anxiety symptoms, and stress scores. In contrast, higher
relative humidity was robustly associated with reduced depressive
symptoms. Notably, higher NDVI (greenness within 1000 m) only
remained significantly associated with lower depressive symptoms after
adjustment for precipitation, whereas additional adjustment for NOo,
relative humidity, heat days, mean air temperature, and population
density attenuated the association between NDVI and depressive
symptom scores.

Sensitivity analysis

Sensitivity analyses for (1) 1000 m spatial resolution of NDVI,
imperviousness, building density, and population density, (2) mean and
SD values of four seasonal temperatures, and (3) the lag effects of air
pollutants and seasonal temperature demonstrated consistent findings
(Supplementary Fig. 8). For instance, NDVI within 1000 m had a signif-
icant association with lower depressive symptom scores (f = —0.04,

95% CI: —0.08, —0.006), consistent with the findings of the main
analysis . The number of heat days based on DWD data (max >= 30 °C)
also showed a similar positive association with depressive symptom
scores (f = 0.04, 0.01, 0.08) compared to the number of heat days (max
> 30 °C) in the main analysis.

Additionally, the one-year lag effect of NOy, was associated with
higher depressive symptom (p = 0.09, 95% CI: 0.03, 0.14), anxiety
symptom (p = 0.06, 95% CI: 0.01, 0.11) and stress scores (p = 0.05, 95%
CI: 0.002, 0.10). Most air temperature-related exposures, especially the
mean and one-year lag of summer temperature, were positively associ-
ated with depressive symptom, anxiety symptoms and stress scores,
further supporting the relation of seasonal air temperature with mental
health.

Detailed results, including FDR-adjusted p-values for the single-
exposure models, are provided in Supplementary Excel Files 1-3. After
FDR correction, the overall pattern of associations in single exposure
results remained consistent. Furthermore, GAMM analysis revealed
nonlinear relationships between some environmental factors and mental
health (Supplementary Figs. 9-11). The maximum and minimum of air
temperature displayed a slightly U-shaped relationship with depression
and anxiety symptoms (p < 0.01). Additionally, PM;o (p = 0.067) and
PMy5 (p = 0.076) showed an inverted U-shaped relationship with
depressive symptom scores. NDVI in warm months (p < 0.01) and the
number of frost days (p = 0.054) had a slightly inverted U-shape rela-
tionship with depressive. In separate analyses for each time point of
outcome assessment (baseline, 2020, 2022), significant associations of
environmental exposures with mental health scores were largely missing
for mental health at baseline. However, associations of baseline
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Fig. 2. The longitudinal effects of environmental exposures on depression, anxiety, and stress scores, stratified by sex (Male vs. Female). Effect estimates () and 95%
confidence intervals (CI) are shown for each exposure in the adjusted single-exposure model 3. All exposures were standardized by interquartile range (IQR) to enable
comparability across variables. Nominal significance is indicated by asterisks: p < 0.05 (*), p < 0.01 (**), p < 0.001 (***). Hash symbols indicate statistical sig-
nificance after Benjamini-Hochberg false discovery rate (FDR) correction: FDR-adjusted p < 0.05 (#), FDR-adjusted p < 0.01 (##), and FDR-adjusted p < 0.001
(###). Model 3 was adjusted for sex, age, marital status, income, migration background, living alone, employment status, education, study region, weekly physical
activity, alcohol consumption, smoking status, and body mass index (BMI). Abbreviations: CI = confidence interval; GISD = German index of socioeconomic
deprivation; NDVI (MODIS) = normalized difference vegetation index during the warm months (March to October); SD = standard deviation.

environmental exposures with mental health at 2020 and 2022 were
mostly consistent with the main results (Supplementary Fig. 12-14). The
implemented variable-selection approach reduced the initial exposure
matrix into 12, 7, and 11 core environmental predictors at baseline for
depression, anxiety, and stress, respectively (Supplementary
Fig. 15-17). In subsequent mutually-adjusted multi-exposure LMM, key
independent risk factors (e.g., NOy PM;( and population density for
depression; population density for stress) remained highly robust under
strict FDR control, while providing conservative joint variance parti-
tioning for anxiety and stress trajectories (Supplementary Tables S4-S6).
When the 16 study regions were modelled as random effects, the result
yielded highly robust longitudinal associations (Supplementary
Tables S7-S9).

3. Discussion

In this large-scale population-based study using longitudinal data
from the NAKO, we identified that higher mean air temperature and
population density were associated with increased depressive symptom,
anxiety symptom, and stress scores across follow-up. Further environ-
mental stressors such as NO, and heat days were positively associated
with adverse depressive symptom scores, while higher levels of precip-
itation, relative humidity, and greenness (during warm months) were
linked with reduced depressive symptom scores. Subgroup analyses
identified that most associations were stronger among females, younger
adults, individuals living in urban areas and among people with obesity.
This study extends prior research on the relationship between environ-
mental exposures and mental health changes by large-scale, prospective
data with multiple environmental factors (air pollutants, social and built

environment, and climate-related factors).

We observed that higher NO, air temperature, the number of heat
days, and population density were associated with increased depressive
symptom scores, whereas relative humidity, greenness, and precipita-
tion emerged as protective factors of adverse mental health scores,
particularly for depressive symptoms. While cross-sectional studies have
linked various environmental exposures to mental health outcomes,
long-term population-based evidence on how air quality, temperature
patterns, greenness, and social and built environment are associated
with changes in depressive symptom, anxiety symptom, and stress is
limited, both in Germany and globally. Previous longitudinal research
from China indicated that the mean temperature was not associated with
changes in self-rated mental health scores (Xue et al., 2019). In contrast,
our study provides robust evidence that multiple dimensions of air
temperature exposure—including mean, minimum, and maximum
temperature, temperature variability (SD), and their one-year lagged
exposures—were significantly associated with changes in mental health,
particularly in relation to depressive and anxiety symptom scores. This is
further supported by a nationally representative cohort study from
Bangladesh, which found that a 1 °C increase in mean temperature over
a two-month period was associated with a 21% increase in the odds of
GAD-7-defined anxiety (1.21 [1.00-1.47]) (Wahid et al., 2023). Addi-
tionally, our findings for depressive symptom scores based on the gen-
eral population align with results from women during postpartum of a
large retrospective cohort study from Southern California, which iden-
tified that postpartum temperature exposure was significantly associ-
ated with increased risks of postpartum depression, particularly for
higher mean and maximum temperatures and greater diurnal tempera-
ture variability (Sun et al., 2024). The findings suggest that focusing
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Fig. 3. The longitudinal effects of environmental exposures on depression, anxiety, and stress scores, stratified by age (<50 years vs. >= 50 years). Effect estimates
(B) and 95% confidence intervals (CI) are shown for each exposure in the adjusted single-exposure model 3. All exposures were standardized by interquartile range
(IQR) to enable comparability across variables. Nominal significance is indicated by asterisks: p < 0.05 (*), p < 0.01 (**), p < 0.001 (***). Hash symbols indicate
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< 0.001 (###). Model 3 was adjusted for sex, age, marital status, income, migration background, living alone, employment status, education, study region, weekly
physical activity, alcohol consumption, smoking status, and body mass index (BMI). Abbreviations: CI = confidence interval; GISD = German index of socioeconomic
deprivation; NDVI (MODIS) = normalized difference vegetation index during the warm months (March to October); SD = standard deviation.

solely on mean temperature may underestimate the full scope of
temperature-related mental health risks. By incorporating a broader
range of temperature metrics, our study supports the evidence base
linking key climatic factors to adverse mental health outcomes. The U-
shaped relationship between depression and anxiety highlights the ex-
istence of a ‘thermal comfort zone’. Once this comfort zone is deviated
from, extreme thermal environments act as systemic stressors, thereby
triggering alterations in sleep architecture, neuroendocrine pathways,
cognitive function, and thermoregulatory mechanisms (Thompson et al.,
2023). Mechanistically, severe hyperthermia leads to structural brain
damage, characterised by cerebral oedema and neuronal swelling
accompanied by nuclear disintegration, ultimately resulting in irre-
versible neurological dysfunction. Furthermore, heat stress induces
changes in emotional state and cognition by overactivating the hypo-
thalamic-pituitary—adrenal (HPA) axis and altering the dynamic bal-
ance of hypothalamic dopamine (Chauhan et al., 2017; Lohmus 2018).

Furthermore, our findings on NO, exposure and depression symptom
scores are consistent with growing evidence linking ambient air pollu-
tion to common mental health disorders. In a longitudinal cohort study
with data from the UK Biobank involving around 390,000 participants
recruited between 2006 and 2010 and followed for a median of 10.9
years, long-term exposure to multiple pollutants, including NO,, was
associated with a significantly increased risk of incident depression and
anxiety (Yang et al., 2023a). Those findings are further supported by a
prospective, US-based cohort study, which found that long-term NO,
exposure and temperature were adversely associated with generalized
anxiety disorder (Mehta et al., 2025). However, the present study only
observed an association between baseline NO; and anxiety symptom
scores at the time point 2020 but not in the overall LMM. Among par-
ticipants with cardiovascular disease and obesity in the present study,

we observed stronger associations of higher NO, with increases in
depressive and anxiety symptom scores, suggesting a heightened
vulnerability of those subgroups. Individuals with obesity or CVD may
be more susceptible due to lipid abnormalities (Kim et al., 2019) and
pre-existing endothelial dysfunction, impaired thermoregulation, and
systemic chronic inflammation (Brook et al., 2004). Chronic exposure to
air pollutants has been shown to trigger oxidative stress and neuro-
inflammatory processes, which in turn may disrupt neurotransmitter
pathways, impair cerebrovascular integrity, and activate the HPA
axis—mechanisms implicated in the onset and progression of depression
and anxiety (Block and Calderon-Garciduenas 2009; Lundberg and
Weitzberg 2022; Yao et al.,, 2025). These biological processes can
cumulatively increase the risk of cerebrovascular and neuropsychiatric
disorders, as highlighted in a recent review (Hahad et al., 2020).

We further observed that higher precipitation and relative humidity
were associated with reduced depressive and anxiety symptom scores.
This may appear counterintuitive compared to studies on extreme
weather events (Jiang et al., 2022; Wahid et al., 2023), yet several
mechanisms may explain our findings. Of note, we observed that those
associations were stronger in cities compared to rural areas and towns/
suburbs. In urban areas, precipitation and humidity may mitigate urban
heat island effects and air pollution (Guo et al., 2016), two key envi-
ronmental stressors linked to adverse mental health. Additionally, these
conditions during warm seasons may contribute to enhanced urban
greenness, providing additional health benefits. Similarly, the observa-
tion that higher population density was associated with adverse mental
health aligns with Chen et al (Chen et al., 2015), who demonstrated that
elevated population density is a robust, significant predictor of elevated
Depression Scale scores in China.

Our findings suggesting a protective effect of NDVI on mental health
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are in line with previous research showing that greater residential
greenness is associated with a lower risk of depression and anxiety
(Mehta et al., 2025; Perrino et al., 2019). A large US-based study among
Medicare beneficiaries reported that older adults living in the greenest
neighborhoods had 16% lower odds of depression compared with those
in the least green areas, even after adjusting for comorbidities and so-
cioeconomic status (Perrino et al., 2019). A Canadian study also
observed that greater residential greenness was associated with lower
odds of poor self-rated mental health and reduced psychological distress,
particularly among residents in urban cores (Crouse et al., 2021).
Similar protective associations between residential greenness and
reduced depression risk have also been reported in longitudinal studies
from China and Finland (Chen et al., 2024; Gonzales-Inca et al., 2022).
The mechanisms by which greenness supports mental health are
multifaceted. As reviewed by Yang et al., residential green spaces offer
biophysical benefits including evaporative cooling, shading, and hu-
midity regulation, which mitigate the physiological burden of heat
exposure (Yang et al., 2023b). Meanwhile, green infrastructure facili-
tates physical activity, fosters social cohesion, and provides restorative
environments that promote psychological well-being. Taken together,
these pathways suggest that urban vegetation not only mitigates envi-
ronmental stressors, such as extreme temperatures, but also reinforces
individual and community-level mental resilience. The findings support
the integration of greenness promotion into climate-adaptive urban
health strategies.

These findings underscore the importance of greater awareness for
the association between environmental factors and mental health. Our
study further supports the importance of embedding environmental
stressors in mental health surveillance and early warning systems. With
the world facing climate change, targeted adaptations will be critical for
mental health resilience.

4. Strengths and limitations

The key strengths of this study include the large, population-based
cohort with repeated assessments of mental health, enabling longitudi-
nal analyses. Our exposure assessment was based on high-resolution
environmental data covering multiple domains, including air pollut-
ants, meteorological conditions, and built and social environments. A
methodological strength is the systematic analysis of handling the
variability in follow-up time among NAKO participants by assessing and
adjusting for the time effect in linear mixed-effects models, comparing
the performance of different settings to ensure the robustness of our
findings.

However, several limitations should be acknowledged. First, mental
health status was evaluated using self-report questionnaires, which may
be subject to reporting bias or underdiagnosis, especially in population-
based samples. Second, environmental exposures were assigned based
on the residential address and may not account for individual mobility
patterns, time spent indoors, or variations in personal exposures. Third,
our environmental exposure metrics were restricted to the baseline wave
due to data availability. Fourth, relevant covariates such as income,
employment, social factors, BMI, and physical activity were captured at
baseline but may have changed during the 2020 and 2022 follow-up
within the COVID-19 pandemic. Moreover, NAKO participants tend to
be healthier and higher educated than the general population, poten-
tially underestimating associations due to limited variability in expo-
sures or endpoints (Rach et al., 2025). While our study leveraged
longitudinal outcomes across three time points, we were unable to
capture lifetime or early-life exposure histories, which may have long-
term implications for mental health.

5. Conclusion

Based on longitudinal, large-scale data from the German National
Cohort (NAKO), we observed that sustained exposure to higher mean
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temperatures, greater temperature variability, higher population den-
sity, and higher NO; was associated with decreased mental health,
foremost depressive symptoms. Greenness, precipitation, and relative
humidity appeared as protective factors for mental health changes.
These findings underscore the need to incorporate mental health con-
siderations into climate adaptation policy and support the integration of
environmental metrics into routine public mental health planning.
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