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 List of abbreviations

AD Alzheimer’s disease

Arg Arginine

AQG Air Quality Guidelines

BCAAs Branched-chain amino acids

BMI Body-mass index

CAD Coronary artery disease

CHD Coronary heart disease

CI Confidence intervals

CRP C-reactive protein

COPD Chronic obstructive pulmonary disease

CpG Cytosine-phosphate-Guanin

CVD Cardiovascular disease

DALYs Disability-adjusted life-years

DNAm DNA methylation

DNAmHannumAge Hannum’s clock

DNAmHorvathAge Horvath’s clock

DNAmPhenoAge Levine’s clock

DNAmSkinBloodAge Skin & blood clock

DNAmTL DNAm-based telomere length

ECG Electrocardiogram

EPHX2 Soluble epoxide hydrolase

EU European Union

EWAS Epigenome-wide association study

GBD Global burden of disease

hs-CRP High-sensitivity C-creative protein

IQR Interquartile range

KORA German population-based Cooperative Health Re-
search in the Region of Augsburg

LPC Lysophosphatidylcholine

LUR Land-use regression
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NAS Normative Aging Study

NO2 Nitrogen dioxide

NOx Nitrogen oxides

O3 Ozone

PCs Phosphatidylcholines

PM Particulate matter

PM2.5 Fine particulate matter, aerodynamic diameter less
than 2.5 μm

PM10 Particulate matter with an aerodynamic diameter less
than 10 μm

PMcoarse Particulate matter with an aerodynamic diameter be-
tween 2.5 and 10 μm

PNC Particle number concentration

QC Quality control

RR Relative risk

sEH Soluble epoxide hydrolase

SLC39A5 Solute carrier family 39 member 5

SM Sphingomyelin

TL Telomere length

Trp Tryptophan

WHO World Health Organization
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Introductory Summary

1. Background

1.1 Air pollution and health impacts

Clean air is a basic requirement of human health and well-being. While air quality has
been improved in the past decades, the World Health Organization (WHO) reports that
99% of the world’s population live in regions where air pollution levels exceed the WHO
Air Quality Guidelines (AQG) [1,2]. This widespread exposure to air pollution has severe
health impacts, as the global burden of disease (GBD) estimates indicate that more than
9 million preventable deaths are linked to environmental exposures, particularly air pol-
lution [3]. Air pollution is responsible for 6.7 million premature deaths annually, with 4.2
million of these directly attributable to ambient (outdoor) air pollution [2]. Particulate mat-
ter air pollution contributed 8.0% of the total disability-adjusted life-years (DALYs) and
ranked as leading contributor to the GBD [4].

These health effects are caused by air pollutants such as particulate matters (PM), nitro-
gen dioxide (NO2), and ozone (O3), which were associated with specific health outcomes
(see Table 1 for a detailed overview) [2]. For instance, long-term exposure to fine partic-
ulate matter (PM2.5) and particulate matter with an aerodynamic diameter less than 10
μm (PM10) were linked to higher relative risks (RRs) of all-cause and cause-specific mor-
tality, including cardiovascular disease (CVD), respiratory disease and lung cancer [5],
while NO2 exposure was associated rather low or moderate with all causes mortality but
high with mortality of chronic obstructive pulmonary disease (COPD) [6]. It is important
to note that since the publication of the WHO guidelines, additional evidence substanti-
ated the conclusions, especially additional studies on the health impact of NO2 were
published [7-10]. Even in regions such as the United States, Canada, and parts of Eu-
rope, where ambient air pollution levels are relatively low, studies have shown that long-
term exposure to air pollutants still increases the risk of non-accidental and more specif-
ically cardiovascular mortality [11-14]. These findings highlight the significant health bur-
den caused by air pollution worldwide.

The duration of air pollution exposure over days, so called short-term or acute exposure
and over years, so called long-term or chronic exposures both lead to higher risk of ad-
verse health effects [15]. Long-term exposure is usually associated with chronic condi-
tions such as CVD, COPD, and cancer [14]. By contrast, short-term exposure has been
linked to higher risks of acute health outcomes and exacerbations of pre-existing condi-
tions, such as asthma or acute bronchitis [16,17]. For example, immediate exposure to
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high O3 levels during a single day can exacerbate respiratory conditions, leading to in-
creased hospital visits [18]. The scientific evidence that duration of air pollution exposure
is relevant highlight the importance of reducing daily pollution as well as addressing
chronic exposure levels. Furthermore, individuals such as children, the elderly, and those
with unhealthy behaviors like smoking or with pre-diseases show higher susceptibility to
air pollution exposure and therefore experience more severe health impacts [19].

Table 1. Air pollutants, WHO air quality guidelines (AQG), and associated health impacts

Air Pollutant 2021 WHO AQG level [2] Effects of exceeding AQG levels

PM2.5 5 μg/m³ (annual mean)

Increased CVD and respiratory morbidity;
higher all-cause and cause-specific mor-
tality including CVD, non-malignant respir-
atory and lung cancer [2,14]

PM10 15 μg/m³ (annual mean)
Higher RRs for respiratory and lung can-
cer mortality [2,5]

NO2 10 μg/m³ (annual mean)
Low or moderate all-causes mortality but
high with mortality of COPD [2,6]

O3 60 μg/m³ (peak season*) Low or moderate all-causes mortality [2,6]

PM2.5 15 μg/m³ (24-hour mean)

Increased RRs for cardiovascular mortal-
ity, non-malignant respiratory mortality
and cerebrovascular mortality, but lower
than long-term exposure [2,20]

PM10 45 μg/m³ (24-hour mean) Similar to PM2.5 [2,20]

NO2 25 μg/m³ (annual mean)
Respiratory inflammation and reduced
lung function [2,17]

O3 100 μg/m³ (8-hour mean)
Exacerbation of respiratory conditions
[2,17,18]

*Peak season refers to the period of six consecutive months when the average ozone
concentration reaches the highest level (calculated as a six-month moving average).

1.2 Underlying mechanisms between air pollution and health
impacts

Epidemiological and experimental research has provided strong evidence linking ambi-
ent air pollution to chronic diseases, including pulmonary, cardio-metabolic, and neuro-
logical disorders [21-24]. Two primary biological pathways have been hypothesized by
which air pollutants exert harmful effects. First, ultrafine particles, particle components,
and gaseous pollutants (such as ozone) can directly enter the blood stream from the
lung, leading to changes in blood parameters [25]. Thereby, they are transported to every
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organ of the body. Second, larger inhaled particles can initiate local inflammation in the
lungs, which may, in turn, trigger systemic inflammatory responses. Additionally, they
can activate pulmonary receptors involved in autonomic regulation, potentially leading to
changes in electrocardiogram (ECG) and indirectly affecting health outcomes such as
autonomic cardiac function. [22]. Several studies suggested that air pollution-related
health outcomes are mediated through mechanisms like inflammatory response, oxida-
tive stress, and alterations in genetic and epigenetic regulation [26-29]. A recent review
summarized eight hallmarks of environmental insults (Figure 1) providing a comprehen-
sive overview of how underlying biological mechanisms related to environmental expo-
sures drive aging [29].

Figure 1. Hallmarks of environmental insults [29].

In this cumulative thesis, I explored the roles of metabolites and DNA methylation-de-
rived epigenetic aging biomarkers in diseases related to ambient air pollution.
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1.2.1 Metabolomics

The blood metabolome is considered as a collection of biologically active chemicals in
human blood derived from endogenous processes and exogenous exposure to food,
medicines, and pollutants [30]. Therefore, the biological perturbations caused by air pol-
lutants might reflect the endogenous metabolites influenced by air pollution and exoge-
nous metabolites originating from air pollutants. Different to genes, which are influenced
by epigenetic regulation, or proteins that could be altered by post-translational modifica-
tions, metabolites work as direct indicators of biochemical activity. This makes them eas-
ier to associate with phenotypes [31].

To deeply and comprehensively understand the role and function of metabolites in bio-
logical progresses, metabolomics has become a powerful and robust method to investi-
gate small molecular metabolites presented in the biological systems and corresponding
cellular responses perturbed by endogenous or exogenous stimuli [32]. It measures nu-
merous low-molecular weight metabolites including amino acids, sugars, fatty acids, li-
pids, and steroids. Even minor changes in the chemical structure of metabolites or ex-
posure to external factors like infections and allergens can significantly alter their func-
tion. There are two main metabolomics approaches: non-targeted and targeted metabo-
lomics, which are distinguished by the stage of metabolite identification during the data
processing and the availability and use of standards [33]. Non-targeted metabolomics is
a global and comprehensive analysis that aims to measure all metabolites in one sample,
including the identification of known and unknown analyte signals [34]. In contrast, tar-
geted metabolomics measures a set of known metabolites and provides quantification,
which is useful to assess the response of an organism to endogenous and xenobiotic
exposures, but also important for disease development and diagnosis [35]. Both ap-
proaches have their advantages and disadvantages. The targeted metabolomics offers
the advantage of focusing and identifying known metabolites, enabling a clearer under-
standing of biological mechanisms. However, it holds the risk of missing target metabo-
lites, and potentially lose the opportunity to discover novel metabolites underlying dis-
eases [33,36]. In contrast, non-targeted metabolomics promotes the discovery of previ-
ously unidentified metabolites or unexpected changes. However, the large volume of
data requires extensive processing capacities and complex statistical analyses. Further-
more, the lack of reference standards complicates the identification of unknown metab-
olites, reducing precision due to the reliance on relative quantification [37,38].

Metabolites are linked with certain diseases such as type 2 diabetes, CVD, and neuro-
degenerative disorders. For example, branched-chain amino acids (BCAAs) were iden-
tified to be associated with a higher risk of type 2 diabetes development [39]. Dysregu-
lated BCAAs and related metabolites were also associated with coronary artery disease
(CAD) even when controlling for diabetes [40]. Glycerophospholipids including phospha-
tidylglycerol and lysylphosphatidylglycerol were linked with the pathophysiology of Alz-
heimer’s disease (AD), as well as an increasing severity of AD pathology [41]. Therefore,
the relationship between metabolites and diseases is crucial for utilizing metabolites as
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an intermediate phenotype to understand how air pollution impacts human health. Epi-
demiological studies with environmental measurements and metabolomic analysis can
play an important role in this process by identifying metabolites affected by air pollutants.
Thereby, we gain insights into the biochemical changes induced by air pollution and es-
tablish the mechanisms linking air pollution and its related diseases. With this approach,
metabolomics provides a powerful tool to explore the interactions between environmen-
tal exposures and health outcomes.

1.2.2 Epigenetic aging

Aging is a complex process that affects most tissues and organs, and is associated with
increased morbidity and mortality. In general, the analysis of mortality curves at the pop-
ulation level can assess aging rates, but it cannot predict the risk of morbidity and re-
maining life span at the individual level [42]. Chronological age refers to the number of
years an individual has actually lived since birth, providing a uniform measure across
races and genders. However, individuals with the same chronological age can age dif-
ferently due to their differences in living conditions, lifestyles, and genetic makeup
[43,44]. In contrast, biological age reflects an individual’s physiological status and func-
tional ability, which is a more accurate measure of their aging and health compared to
chronological age [45]. The introduction of markers of “biological age”, which can be
measured at any stage of life, may enable the early detection of individual’s risk for age-
related diseases [46].

Recent studies have highlighted DNA methylation (DNAm)-based biomarkers being rep-
resentative molecular indicators of aging. Since epigenetic changes such as DNAm are
reversible, DNAm aging biomarkers may help identify both aging and anti-aging factors
[47]. Moreover, DNAm patterns can be influenced by environmental factors such as air
pollution, which in turn contribute to epigenetic aging [48]. Epigenetic aging biomarkers
are calculated using DNAm data but are restricted to specific subsets of Cytosine-phos-
phate-Guanine (CpG) sites [47,49-53]. These biomarkers can serve as valuable tools to
assess the molecular aging process across the life span, evaluate environmental influ-
ences, and predict health outcomes [54]. Depending on their training methods, epige-
netic aging biomarkers can either accurately estimate chronological age (e.g., Hannum’s
and Horvath’s epigenetic clocks) or quantify age- or disease-related health outcomes
(e.g., Levine’s clock) [49,50,52].

The first generation of epigenetic clocks was developed to predict age by leveraging age-
associated DNAm changes at specific CpG sites. These clocks aimed to quantify biolog-
ical age by identifying the most informative CpG sites that strongly correlate with individ-
ual’s chronological age [49-51]. Horvath’s clock (DNAmHorvathAge) was the first epige-
netic clock designed as a multi-tissue age predictor, which was trained on DNAm data
from a variety of tissues and cell types [50]. It can accurately predict age across the
entire duration of the human lifespan not only for adults but also for adolescents and
children, and performed very well across a wide range of tissues and cell types [50].
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Concurrently, Hannum’s clock (DNAmHannumAge) was developed which is a blood-
based first-generation epigenetic clock that primarily depends on age-related changes in 
leukocytes [49]. Therefore, it is particularly suited for studies with blood samples and 
showed high accuracy for predicting age in adults. Lately, a new DNAm-based biomarker,
the skin & blood clock (DNAmSkinBloodAge), was developed to predict age for blood 
and skin samples, particularly well for fibroblasts and endothelial cells [51]. Its accuracy 
outperforms previous clocks when applied to these tissues, and therefore will be useful 
to estimate chronological age in studies with either in vivo or ex vivo samples.

A major limitation of first-generation epigenetic clocks is that they focus on predicting 
chronological age rather than age-related health outcomes, resulting in weaker associa-
tions with morbidity and age-related diseases [47,52,53]. In contrast, the second gener-
ation of epigenetic clocks were developed to capture biological aging by selecting CpG 
sites that not only correlate with age but also reflect intrinsic and extrinsic factors that 
influence the aging process [47]. This improvement allows to better predict lifespan, mor-
tality, and morbidity. For example, the Levine’s clock (DNAmPhenoAge) firstly includes 
the generation of weights of chronological age and mortality-associated clinical parame-
ters such as glucose, high-sensitivity C-creative protein (hs-CRP), and subsequently the 
selection of 513 CpGs by regressing the weights on blood DNAm levels [52]. Compared 
to the first generation of epigenetic clocks, this two-step approach captures age-related 
variations as well as variations in risk of diseases and even death. Similarly, the 
DNAmGrimAge applied a two-stage modeling approach as well.  It firstly includes plasma 
proteins related to aging and inflammation (e.g. hs-CRP) and behavioral risk factors (e.g. 
DNAm-based estimator of smoking pack-years) firstly, which are then combined into a 
single composite measure for the lifespan [53]. This assures DNAmGrimAge to predict 
time-to-death and other aging-related outcomes with much better precision.

Except for these epigenetic aging biomarkers, telomeres — repetitive nucleotide se-
quences located at the ends of chromosomes — have also been widely studied as an 
aging biomarker [55]. In general, telomere length (TL) has been considered to be in-
versely correlated with the number of cell divisions. Therefore, shorter telomeres are 
always associated with accelerated aging [56,57]. However, due to technical challenges 
in measuring TL, such as variations in DNA extraction methods or experimental limita-
tions, results were not consistent among studies [58-60]. In contrast, TL estimated by 
DNAm data with a selection of 140 CpG sites (DNAmTL) is a more robust biomarker [61] 
and shows a better performance than TL in predicting mortality and age-related diseases 
[61]. Similar to other epigenetic aging biomarkers, DNAmTL provides insights into bio-
logical aging, but with a specific focus on telomere-related aging processes. Table 2 
provides a summary of these epigenetic aging biomarkers discussed above.
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1.2.3 Link between metabolite and epigenetic aging

Omics processes are typically considered as a linear sequence: genome (DNA) → epige-
nome → transcriptome (RNA) → proteome → metabolome [62]. However, there is inter-
action and crosstalk between these layers, especially between the metabolome and the 
epigenome. For example, the homocysteine metabolism provides S-adenosylmethio-
nine, which is the main methyl donor for methylation reactions, and it is central to the 
methionine cycle. Subsequently, the changes in the methionine cycle can disrupt homo-
cysteine homeostasis and affect DNAm patterns and epigenetic aging [63,64]. This 
could be one way how metabolites interact with the epigenome, influence DNAm pat-
terns, and contribute to the aging process. Therefore, even though researchers analyzed 
metabolomics and epigenetic aging data already separately, in-depths pathway analysis 
to find shared pathways between these two approaches may help identify key bi-
omarkers for air pollution-related diseases.

1.3 Epidemiological evidence
The following section summarizes the evidence on studies of air pollution on metabo-
lomics and epigenetic ageing before the studies conducted as part of this cumulative
thesis.

1.3.1 Air pollution and metabolomics

Previous research has investigated the impacts on changes of metabolites by either
short-term, medium-, or long-term exposure to ambient air pollution. For example, sev-
eral studies reported that short-term air pollution exposure could change the serum met-
abolic alternation mainly on lysophosphatidylcholine (LPC) and phosphatidylcholine (PC)
[65], and PC was further identified to be involved in glycerophospholipid metabolism [66].
Other studies also found that short-term air pollution could affect amino acids such as
glycine, methionine, and ornithine [67-70]. Also, the perturbation of arginine metabolism
was linked with exposure to traffic-related air pollution [71,72]. Furthermore, two anal-
yses based on the Normative Aging Study (NAS, a closed cohort study) reported that
long-term exposure to PM2.5 and PM2.5 species (e.g., ultrafine particle, black carbon) was
related to the perturbation of glycerophospholipid, sphingolipid, and biosynthesis of un-
saturated fatty acids etc. [66,73]. However, these studies were limited by either a small
sample size [72], or conducted on subpopulations like older men [66,73], or participants
with specific diseases [72], which hinders the generalization of findings. In addition, due
to the cross-sectional design, or variations in air pollutants or exposure windows, or dif-
ferences of metabolomic approaches, the results were inconsistent across studies.
Therefore, studies particularly with longitudinal study design are required to improve our
understanding of the underlying biological mechanisms for air pollution-associated ad-
verse outcomes and promote the generalization of findings in different populations.
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1.3.2 Air pollution and epigenetic aging

Similar to the investigation of metabolomics, only several epidemiological studies have 
investigated whether long-term air pollution exposure influences the acceleration of epi-
genetic aging. With a longitudinal study design, Nwanaji-Enwerem et al. first examined 
the impact of annual PM2.5 and black carbon on DNAmHorvathAge, and increases of 
both air pollutants were associated with an increased DNAmHorvathAge [74]. A cross-
sectional study based on KORA F4 found only weak associations between epigenetic 
aging biomarkers and long-term air pollution exposure, though pointing to sex-specific 
associations [75]. Another study from the Sister Study in the U.S. explored the impact of 
annual ambient air pollution on epigenetic aging biomarker with an additional inclusion 
of the second generation of epigenetic clocks (Levine’s clock, DNAmPhenoAge) [74]. 
However, the direction of their identified associations varied between deceleration and 
acceleration of age. Yet, only a few studies included DNAmGrimAge and DNAmTL, while 
none examined all those epigenetic aging biomarkers introduced in Table 2 [76,77]. 
There was one study from the Scotland-based Lothian Birth Cohort which covered al-
most all epigenetic aging biomarkers we introduced before except for DNAmSkinBlood-
Age [76]. They examined the life-course associations between annual air pollution and 
these epigenetic aging biomarkers, but with a rather small sample size (N = 525 individ-
uals) and an elder population (ages 70–80). Therefore, more studies covering multiple 
air pollutants and epigenetic aging biomarkers, particularly with a longitudinal study de-
sign, are needed to identify robust results regarding the impact of air pollution on biolog-
ical aging.
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2. Objectives
The main objective of this cumulative thesis was to explore the associations between air
pollution (short-, medium-, as well as long-term exposure) and molecular health out-
comes including blood metabolites and epigenomic aging biomarkers within longitudinal
analysis based on the Augsburg population-based KORA (Cooperative Health Research
in the Region of Augsburg) cohort. Additionally, I was also interested in potential modi-
fying effects by characteristics of potential susceptibility such as age, nutrition, lifestyle
factors, medication intakes, as well as underlying diseases.

Through this cumulative thesis, I aimed to answer the following questions:

i. Are there any associations between short-, medium-, or long-term air pollution
exposure and metabolite level changes or epigenetic aging biomarkers?

ii. Are these potential associations modified by characteristics of susceptibility e.g.
age, nutrition, lifestyle factors, medication intake, and diseases?

iii. What are the underlying biological pathways suggested by these exposure-af-
fected metabolites or epigenetic aging biomarkers?
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3. Outline of Methods

3.1 Study design and participants
All analyses for this thesis were conducted with datasets from the KORA cohort. In brief,
the KORA cohort is a regional research platform for population-based surveys and sub-
sequent follow-up studies in the fields of epidemiology, health economics, and health
care research (https://www.helmholtz-munich.de/en/epi/cohort/kora). Participants were
recruited from the city of Augsburg and neighbouring administrative districts covering
urban and rural areas. The fourth cross-sectional health survey of the KORA cohort
(KORA S4) was conducted from October 1999 to April 2001 with an inclusion of 4,261
participants aged 25–74 years. The first follow-up (KORA F4) was conducted between
October 2006 and May 2008 including 3,080 participants, and the second follow-up
(KORA FF4) consisted of 2,279 participants with examinations between June 2013 and
September 2014. Only participants with at least two visits across the entire study period
were included in the longitudinal analyses.

3.2 Air pollution
For short-term analyses, air pollutants including PM2.5, PM with an aerodynamic diameter 
between 2.5 and 10 µm (PMcoarse), NO2, and O3 along with meteorological parameters 
such as ambient temperature and relative humidity were measured at fixed monitoring 
sites. Daily 24-h average concentrations of each air pollutant and meteorological param-
eters were calculated on the day of blood withdrawal, provided that at least 75% of the 
hourly values were available. Instead for O3, the daily maximum 8-h average level was 
used. Furthermore, to assess the effects of immediate, short-, and medium-term expo-
sure, we calculated moving averages for three exposure windows including: 2-day, 2-
week, and 8-week moving averages. The 2-day, 2-week and 8-week averages were cal-
culated by averaging daily concentrations over the current day and the previous one day, 
two or eight weeks before blood withdrawal, respectively.

For long-term analysis, residential annual averages of air pollutants including PM2.5, PM10, 
PMcoarse, PM2.5 absorbance (a proxy of elemental carbon related to traffic exhaust, 
PM2.5abs), ultrafine particles (PM ≤ 100 nm in aerodynamic diameter, represented by par-
ticle number concentration (PNC)), NO2, nitrogen oxides (NOx), and O3 was estimated 
using land-use regression (LUR) models [78]. The LUR models were developed by re-
gressing measured annual average concentrations from 2014–2015 at 20 selected moni-
toring sites located in the KORA study area against spatial predictors. Residential expo-
sure levels were estimated by applying participants’ home addresses to the fitted models.
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For participants who relocated during the entire study period, updated residential ad-
dresses were used for exposure assignments, while those who did not move were 
assigned the same exposure levels across all visits.

3.3 Biomarker measurements
The serum metabolite profiling was examined using the AbsoluteIDQTM p180 kit (BIOC-
RATES Life Sciences AG, Innsbruck, Austria) for KORA S4 (March–April 2011) and FF4
(February–October 2019), enabling the simultaneous quantification of 188 metabolites
[79]. For KORA F4, 163 serum metabolites were detected by the AbsoluteIDQTM p150
kit [80]. After the quality control (QC) in each study, we identified that 108 metabolites
were overlapping among KORA S4, F4, and FF4, and were included in further analyses,
including 12 amino acids, 12 acylcarnitines, 72 glycerophospholipids (including 32 phos-
phatidylcholines (PC) with acyl-acyl (diacyl) side chains, 33 PC with acyl-alkyl side
chains, and seven lysophosphatidylcholines (LPC)), 11 sphingomyelins (SM) and a sum
of hexoses.

For the epigenetic aging analyses, we used the Infinium HumanMethylation450K Bead-
Chip to measure the DNA methylation in blood samples of KORA S4 and KORA F4,
while the DNA methylation for KORA FF4 participants was examined by the update In-
finium HumanMethylationEPIC BeadChip. Subsequently, we used the Horvath’s online
calculator (http://dnamage.genetics.ucla.edu/) to compute epigenetic aging biomarkers
including DANmHorvathAge, DNAmHannumAge, DNAmSkinBloodAge, DNAmPheno-
Age, DNAmGrimAge, and DNAmTL [49-53,61]. The age acceleration was calculated by
the difference between each epigenetic clock and chronological age, except for
DNAmTL.

3.4 Statistical methods
For the long-term analyses in Paper I, linear mixed-effect models with random partici-
pant-specific intercepts were performed to examine the associations between repeatedly
measured metabolites and air pollutants. We included the covariates and potential con-
founders that have been used in previous environmental epidemiological studies, includ-
ing demographics, lifestyle, and medical factors.

Instead, for the immediate, short-, and medium-term analyses in Paper II, we applied
covariate-adjusted generalized additive mixed-effects models to examine the associa-
tions between each exposure window of air pollution and repeatedly measured metabo-
lite levels. In addition to the covariates we used in paper I, we further adjusted for time
trend and meteorological parameters by using regression splines to account for nonlin-
earity in their relationships with metabolites.

In Paper III, we again applied linear mixed-effect models with random participant-specific
intercepts to examine the associations between epigenetic aging biomarkers and long-
term exposure to air pollution. In addition to demographic, lifestyle, and medical factors,

http://dnamage.genetics.ucla.edu/
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we further adjusted for confounders related to the measurement of DNA methylation in-
cluding houseman-estimated white cell types as fixed effects, and technical batch and
chip numbers as random effects to control for technical variation. In addition, health ef-
fects of air pollution exposure may share pathways with smoking. Therefore, we per-
formed stratified analyses for ever and never smokers to explore potential differences in
their effect estimates.

To identify characteristics of susceptibility, we performed effect modification analyses by
incorporating an interaction term between each air pollutant and potential effect modifiers.
We considered for example age (<65 years vs ≥65 years; as 65 years is the current
official retirement age in Germany), sex (male vs female), obesity (body-mass index (BMI)
≥30 kg/ m2 vs <30 kg/m2), smoking status (current/former vs never smoker), physical
activity (low vs medium vs high), dietary pattern (adverse vs ordinary vs favorable), med-
ication intake (yes vs no), hypertension (yes vs no), and type 2 diabetes (yes vs no).

Several sensitivity analyses have been conducted for all three papers to check the ro-
bustness of our results: (1) we included participants with less than two visits having  com-
plete data on air pollution, covariates, and targeted biomarkers (either metabolites or
DNA methylation); (2) we addressed selection bias using inverse probability weighting
(IPW); (3) we performed two-pollutant models if correlation coefficients were below 0.7;
(4) we investigated the co-effects of short- and long-term air pollution exposure by in-
cluding them as co-exposures in the models. In addition, we also performed paper-spe-
cific sensitivity analyses. For example, in Paper I, we further examined the effect esti-
mates only in fasting participants and non-movers, and additionally adjusted for inflam-
mation (hs-CRP) and storage time of blood sampless. In Paper II, we applied a crude
model which did not adjust for individual covariates to investigate the acute effects from
air pollutants and meteorological parameter. In Paper III, we performed several sensitiv-
ity analyses regarding the characteristics of calculating the epigenetic aging biomarkers.
This included imputing missing CpG sites not covered by the Infinium HumanMethyla-
tionEPIC BeadChip, and performing a restricted epigenome-wide association study
(EWAS) using only the CpG sites included in these biomarkers.

Furthermore, in all papers, we performed pathway analyses to explore the underlying
biological mechanisms. In Papers I and II, we used the “Pathway Analysis” module in
MetaboAnalyst 5.0 to identify the potential biological processes associated with air pol-
lutant-related metabolites [81]. In Paper III, Ingenuity Pathway Analysis (IPA, QIAGEN
Inc.) was used to determine canonical pathways enriched with those genes annotated
by exposure-related CpG sites.

In all included papers, the statistical significance was determined at a p-value below 0.05,
and further corrected by Bonferroni or Benjamini-Hochberg false discovery rate (FDR)
except for in Paper III. In Papers I and II, pathways were identified as the most relevant
pathways if they had a p-value ≤ 0.1, or an impact value > 0.5 with a p-value ≤ 0.3. In
Paper III, the pathway was determined if the p-value was less than 0.05. We used the
software R (version 3.6.2 for Paper I, version 4.1.2 for Paper II, and version 4.3.1 for
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Paper III) to perform the analyses reported in this cumulative thesis. Figure 2 summa-
rizes the workflow of our methods.

Figure 2. The workflow of methods included in this thesis.
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4. Results
The first publication explored the associations between long-term exposure to ambient
air pollution and specific serum metabolites, accounting for individual characteristics
such as lifestyle factors, diseases, and medication intake in a longitudinal cohort setting
(KORA S4, KORA F4, and KORA FF4) [82]. Nine significant associations were identified
between air pollutants and metabolites, primarily from the phosphatidylcholine (PC) sub-
group.

Specifically, higher exposure to PM2.5abs, PMcoarse, and NO2 was associated with lower
levels of PC acyl-alkyl C34:2 (PC ae C34:2) and PC ae C36:3. Additionally, PM2.5abs and
PMcoarse were negatively linked to PC ae C36:4, while PM2.5abs was negatively associated
with PC ae C34:3. Pathway analysis indicated that the identified metabolites are involved
in glycerophospholipid, linoleic acid, and alpha-linolenic acid metabolism. Stronger as-
sociations were observed in individuals with certain characteristics, including older age,
obesity, lower education levels, low physical activity, and unhealthy dietary patterns.

 Key finding 1: Long-term exposure to air pollution was related to metabolic
changes, particularly reductions in specific PC (e.g., PC ae C34:2, PC ae C36:3,
PC ae C36:4, and PC ae C34:3), pointing to glycerophospholipid and fatty acid
metabolism as underlying biological processes. As potential susceptible sub-
groups for metabolic impacts of air pollution, we identified individuals with older
age, obesity, lower education, low physical activity, and unhealthy dietary habits.

The second publication investigated the effects of immediate (2-day moving average),
short- (2-week moving average), and medium-term (8-week moving) exposures to am-
bient air pollution on serum metabolites using the same KORA survey and follow-up data
as in Paper I [83]. Multiple significant associations were identified between air pollutants
(PM2.5, PMcoarse, NO2, and O3) across all three exposure windows and metabolites, par-
ticularly within the PC metabolite subgroup, which is consistent with our findings from
the long-term analyses. Longer exposure windows, such as 8-week moving averages,
showed the strongest and most consistent effects, especially for NO2 with PC (e.g., PC
aa C40:4 and PC ae C42:5). In specific:

1) PM2.5: Medium-term exposure was linked to arginine (Arg), tryptophan (Trp), and
eight PC. Short-term exposure (2-week) was associated with Trp and one PC
(PC aa C30:0).

2) PMcoarse: Medium-term exposure showed positive associations with multiple
amino acids (e.g., glycine (Gly), methionine (Met), ornithine (Orn), phenylalanine
(Phe), serine (Ser) and threonine (Thr)), one lysophosphatidylcholine (LPC a
C16:0), one PC ae C40:4, and one sphingomyelin (SM C16:0). Immediate expo-
sure was negatively associated with PC aa C40:4 and positively with PC ae
C44:3.
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3) NO2: Showed the largest number of associations across metabolites, particularly
in medium-term windows with 33 PC, five LPC, seven SM, and three amino acids
(e.g., Arg, Trp, tyrosine (Tyr)), and one acylcarnitine (C0).

4) O3: Few metabolites showed significant associations. For example, Trp showed
consistent associations across short- and medium-term exposures, and SM (OH)
C24:1 was related to immediate exposure.

In summary, Trp, PC aa C40:4, and PC ae C42:5 showed robust and consistent as-
sociations. These exposure related metabolites linked to air pollutants were associ-
ated with several pathways: 1) glycerophospholipid metabolism in short-term PMcoarse

exposure; 2) cysteine and methionine metabolism, glyoxylate and dicarboxylate me-
tabolism, and glycine, serine, and threonine metabolism in medium-term PMcoarse ex-
posure; 3) glycerophospholipid metabolism (all windows) and phenylalanine, tyrosine,
and tryptophan biosynthesis (short-term) in NO2 exposures. However, these associ-
ations became insignificant after FDR correction.

 Key finding 2: Glycerophospholipid metabolism, a pathway linked to inflamma-
tion and oxidative stress, was consistently associated with NO2 across all expo-
sure windows, as well as with short-term PMcoarse and medium-term PM2.5 expo-
sure. This suggested, it might be a key biological mechanism influenced by air
pollution.

The third publication revealed associations between epigenetic aging biomarkers and air
pollution [84]. First, DNAmTL showed robust negative associations with multiple air pol-
lutants, including particulate air pollutants (PM2.5, PM10, PNC, PMcoarse, PM2.5abs) and ni-
trogen oxides (NO2 and NOx). Second, DNAmGrimAge was positively associated with
these pollutants, but associations were weakened when additionally adjusting for smok-
ing status. In stratified analyses, ever smokers showed stronger associations between
air pollutants and several epigenetic aging markers such as DNAmHorvathAge, DNAm-
PhenoAge, and DNAmTL. Moreover, DNAmGrimAge and DNAmSkinBloodAge also
showed stronger effects compared to the pooled analyses, though estimates reached
not statistically significance. In contrast, never smokers showed fewer significant asso-
ciations, highlighting greater susceptibility among ever smokers.

Effect modification analysis identified hypertension as a significant modifier for DNAmTL
associations with PM (PM2.5, PM10, PMcoarse, PNC, and PM2.5abs) and nitrogen oxides (NO2

and NOx), while no consistent patterns were observed for other modifiers such as age,
sex, obesity, or education. The limited EWAS indicated no significant associations be-
tween air pollutants and 1,253 CpGs in the main analysis or stratified analyses among
never smokers. However, in ever smokers, two CpGs (gene annotation: solute carrier
family 39 member 5 (SLC39A5) and soluble epoxide hydrolase (EPHX2)) were signifi-
cantly associated with PMcoarse. Top pathways identified by these annotated genes are
involved in triacylglycerol biosynthesis and lipid metabolism.
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 Key finding 3: Epigenetic age acceleration, particularly DNAmTL and
DNAmGrimAge, was strongly associated with air pollution exposure, with ever
smokers showing greater susceptibility. Moreover, lipid metabolism was identified
as a potential biological pathway in ever smokers.
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5. Discussion
This research work advances our understanding of the interplay between air pollution,
metabolomics, and epigenetic aging, addressing key gaps in environmental health re-
search. Leveraging comprehensive longitudinal datasets (KORA S4, KORA F4, and
KORA FF4), we systematically examined the metabolic and epigenetic effects of short-,
medium-, and long-term air pollution exposure.

In relation to our first research question, we found significant associations between var-
ious air pollutants and both serum metabolites and epigenetic aging biomarkers across
multiple exposure periods. These results provided robust evidence that air pollution ex-
posure impacts health at both the metabolic and epigenomic levels. In addressing the
second research question—whether individual characteristics modify the effects of air
pollution on molecular outcomes—we observed that individual susceptibility factors, par-
ticularly age, smoking status, lifestyle behaviors, and socioeconomic status, modified
these associations. Specifically, individuals with older age, obesity, low physical activity,
lower educational attainment, and unhealthy dietary patterns may be more susceptible
to the metabolic effects of air pollution. Furthermore, ever smokers showed stronger as-
sociations between air pollution exposure and epigenetic aging biomarkers, indicating
increased susceptibility within this subgroup. Regarding our third research, pathway
analyses highlighted glycerophospholipid metabolism and lipid-related pathways as po-
tentially underlying mechanisms linking air pollution exposure with both metabolic
changes and accelerated epigenetic aging.

These findings contribute to the growing body of evidence on molecular responses to
environmental exposures and support the development of personalized risk assess-
ments and targeted public health interventions. Detailed results of this cumulative thesis
have been discussed in each corresponding publication.

In the following sections, we present: (1) interplay of metabolomic and epigenetic aging:
uncovering common mechanisms or pathways; (2) susceptible subgroups; (3) health im-
pacts of air pollution across shorter and longer exposure periods under consideration of
air quality regulation; (4) strengths and limitations of this work; (5) outlook for future re-
search.

5.1 Interplay of metabolomic and epigenetic aging: uncovering
common mechanisms or pathways

To summarize the results from Papers I and II, PC was the only consistently overlapping
metabolite subgroup identified in both long- and short-term analyses [82,83]. PC is one
of the most abundant phospholipids in all mammalian cell membranes [85]. As a key
component of lipoproteins, PC belongs to the glycerophospholipid family and plays a
central role in glycerophospholipid metabolism [85]. It is essential for maintaining overall
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health, and alterations in its metabolism may indicate an imbalance between anti-inflam-
matory and pro-inflammatory processes [86]. Our long-term analysis also showed ele-
vated hs-CRP levels following long-term air pollution exposure, supporting the presence
of an inflammatory state consistent with the observed metabolic alterations [82]. PC me-
tabolism contributes to disease development, and has been reported to be associated
with the development of diseases e.g. type 2 diabetes [87], CVD [88], and AD [89].

Metabolites are intermediates or end products of metabolism that can influence cellular
physiology by modulating other “omics” levels and reflecting changes induced by various
exposures [90]. In our findings from Paper III, we identified a positive association be-
tween air pollution exposure and epigenetic age acceleration, particularly in DNAmTL
[84]. From the limited EWAS analysis, the annotated genes SLC39A5 and EPHX2 were
identified as the key targeted genes. EPHX2, encoding soluble epoxide hydrolase (sEH),
plays a crucial role in lipid metabolism by converting bioactive epoxides into their less
active diols, influencing inflammation, cardiovascular health, and metabolic disorders
[91]. It has been reported that variation in EPHX2 gene is associated with an increased
risk of incident coronary heart disease (CHD) [92] and ischemic stroke [93]. Due to its
involvement in various pathophysiological processes, EPHX2 inhibition has emerged as
a potential therapeutic strategy for inflammatory, cardiovascular, and pulmonary dis-
eases [94-96]. From our pathway analysis, EPHX2 has been implicated in lipid metabo-
lism regulation, which may also underlie the observed metabolic effects.

Lipid metabolism plays a crucial role in aging and aging-related diseases, and specific
phospholipid blood profiles have been shown to change with age and may be associated
with exceptional human longevity [97]. Considering the PC alternations in our metabo-
lomic analysis and the EPHX2-regulated lipid metabolism from our epigenetic aging anal-
yses, the lipid metabolic perturbation particularly the PC metabolism was suggested as
the representative biomarkers linking air pollution exposure to adverse health outcomes.
Further supporting this, metabolomics-related studies using the KORA cohort data have
reported that a decrease in certain acyl-alkyl PC was associated with aging [98].

These findings emphasize the potential of PC metabolism alterations as a biomarker of
metabolic and inflammatory disturbances. Given that both PC metabolism and EPHX2
function implicated in lipid regulation from our epigenetic aging analysis, their interplay
may represent a mechanistic link between air pollution exposure and its related diseases.

5.2 Susceptible subgroups
Previous epidemiological studies showed that participants can respond differently to air
pollution exposure and reported specific subgroups to be more susceptible than others
[19,99]. In general, elder adults, children, and individuals with pre-existing diseases, un-
healthy lifestyle factors (e.g. inactive physical activity, smoking, and nutrition status), and
low socioeconomic status might be more susceptible to air pollution [100-103]. The var-
iability in individual responses to air pollution exposure highlights the necessity of identi-
fying these susceptibility factors. A deeper understanding of population susceptibility can
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strengthen the scientific foundation for risk assessment, and support the development of 
policies to reduce the effects of air pollution particularly for the susceptible population. 

In summary, the findings of our effect modification analyses were not consistent. Our 
findings from the long-term metabolomics analysis underscored the significant role of 
glycerophospholipid metabolism in mediating the health effects of air pollution. These 
metabolic pathways are particularly relevant when considering susceptibility factors such 
as obesity, lower physical activity and disadvantageous socioeconomic status (e.g. low 
educational attainment). Furthermore, the epigenetic aging analysis indicated that ever 
smokers had accelerated epigenetic aging compared to never smokers. Therefore, our 
findings support that obesity, smoking, and low socioeconomic status may enhance the 
adverse impacts from air pollution exposure, while active physical activity and a healthier 
dietary pattern in the long run attenuate air pollution-induced harmful effects through anti-
inflammatory effects and reductions in oxidative stress [104,105]. In summary, our re-
sults suggested that elder people and ever smokers are more susceptible to air pollution, 
while healthy lifestyle may exert anti-inflammatory effects and reduce the risk of inflam-
mation-associated diseases. Even though reducing pollution levels is the final goal, fully 
protecting the population remains challenging. Prioritizing the identification of individual 
susceptibility characteristics and developing targeted interventions would be an im-
portant approach for future research and policy.

5.3 Health impacts of air pollution across shorter and longer
exposure periods under consideration of air quality
regulation

Results from this cumulative dissertation highlight the significant health impacts of air
pollution, with long-term exposure showing the most robust effects. In Paper I, we iden-
tified four metabolites from the PC subgroup with unsaturated long-chain fatty acids that
were negatively influenced by long-term exposure to ambient air pollution [82]. In Paper
II, we observed that a broader range of metabolites and metabolic pathways were af-
fected by immediate, short-, and medium-term exposure, with medium-term exposure
exhibiting the strongest and most consistent effects [83]. Given the varying exposure
windows of immediate, short-, medium-, and long-term air pollution, dynamic metabolic
alterations may serve as the underlying mechanism.

Despite these variations, our findings confirm the adverse health effects of air pollution
across all exposure windows. During the study period in Augsburg, annual average con-
centrations of PM2.5, PM10 and NO2 at participant’s residences remained below the Eu-
ropean Union (EU) air quality standard values but exceeded WHO AQG values [2,106].
Similar for the short-term exposure, daily averages of PM2.5 from all three surveys (KORA
S4, KORA F4, KORA FF4) were slightly higher or similar to WHO AQG values, while
daily averages of NO2 consistently exceeded WHO AQG values.
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These findings emphasize the urgent need for stricter air pollution control measures to
protect public health. Aligning regulations with the latest WHO AQG is essential to reduce
air pollution levels and safeguard public health. Recognizing this urgency, the EU Com-
mission released the revised Ambient Air Quality Directive in October 2024, bringing the
2030 EU air quality standards closer to WHO recommendation levels [107]. More details
are presented in Table 3. However, continued efforts are necessary to ensure effective
implementation to achieve cleaner air and better protection for public health.

Table 3. Limit values of air pollutants in WHO Air Quality Guidelines, previous and new
EU Ambient Air Quality Directives [2,106,107].

Air pollutants
(µg/m3)

WHO Guidelines
(from 2021)

Previous EU Directives
(from 2005)

New EU Directives 
2024 (from 2030 on)

PM2.5 (annual) 5 25 10

PM2.5 (24-hour) 15 --- 25

PM10 (annual) 15 40 20

PM10 (day) 45 50 45

NO2 (annual) 10 40 20

NO2 (24-hour) 25 --- 50

O3

(peak season)* 
60       120       120

O3  (24-hour)  100  ---  100 

*Peak season refers to the period of six consecutive months when the average ozone 
concentration reaches the highest level (calculated as a six-month moving average).

5.4 Strengths and limitations
Given the methods and data used in this cumulative thesis, our analyses have several
strengths and limitations in assessing the health effects of ambient air pollution exposure
using targeted metabolomics and epigenetic aging biomarkers. The three analyses
share several main strengths. Firstly, the use of repeated biomarker measurements en-
hanced statistical power and reduced residual confounding compared to a cross-sec-
tional design. Secondly, our results are based on the well-characterized KORA cohort,
ensuring reliable and standardized data collection. Thirdly, the targeted metabolomics
approach used in the first two publications provided precise metabolite annotation and
quantification, minimizing the risk of false identifications compared to untargeted analysis.
Additionally, the longitudinal design allowed a robust evaluation of long-term health ef-
fects. Furthermore, our analyses accounted for both external and intrinsic factors, includ-
ing lifestyle and dietary influences, which are known to affect the human metabolome
and epigenome, and provided insights into individual susceptibility.
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Despite these strengths, the analyses also share some common limitations. Even though
the targeted metabolomics is precise to define metabolites, it limits the discovery of new
biomarkers and does not capture the entire metabolome compared to untargeted metab-
olomics. Also, exposure misclassification remains a challenge, as air pollution estimates
were based on spatial models or fixed-site monitoring, which may not reflect true individ-
ual exposure. Potential measurement errors due to spatial and temporal misalignments
could also impact health effect estimates. Furthermore, all findings were based on the
KORA cohort. Therefore, the lack of replication in other populations limits the generali-
zability. Lastly, epigenetic aging markers based on blood samples may skew pathway
identification toward inflammatory responses, making it impossible to assess methylation
changes in other organs or tissues.

5.5 Outlook: Future research
In summary, the findings of this cumulative thesis indicate that both short- and long-term
exposure to air pollutants are associated with changes in metabolomic and epigenetic
aging signatures. The thesis highlights the ability to strengthen our understanding of the
interplay between air pollution and health effects by using omics biomarkers and calls
for future investigation in this research area.

While this study performed targeted metabolomics with precise annotation and quantifi-
cation, integrating untargeted approaches could enhance biomarker discovery and pro-
vide a more comprehensive assessment of metabolic alterations linked to air pollution
exposure. In a recent study based on the UK Airwave cohort, researchers developed a
model to predict biological age using untargeted metabolic profiling [108]. Their findings
suggested that metabolomics could serve as a promising tool for assessing biological
age, providing a complementary insight into current epigenetic clocks. Future research
could explore how air pollution influences biological aging by combining metabolomics
with epigenetic clocks.

On the one hand, future studies should apply multi-omics approaches by integrating
metabolomics, epigenetics, and proteomics to gain a comprehensive understanding of
how air pollution influences biological systems at different levels. The predictive models
of biological age built by multi-omics integration would improve risk assessments for
long-term health effects of air pollution exposure. Moreover, to perform analyses within
several cohorts with diverse populations across different regions would highly improve
the generalizability of findings.
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6. Conclusions

This dissertation provides comprehensive insights into metabolic and epigenetic bi-
omarkers associated with air pollution exposure. The findings revealed significant alter-
ations in serum metabolites, particularly phosphatidylcholines linked to glycerophospho-
lipid metabolism, under both short- and long-term exposure to air pollution. These met-
abolic changes were more pronounced in susceptible populations, such as the elderly,
individuals with obesity, and those with unhealthy lifestyles. In addition, the study under-
scores the role of epigenetic age acceleration biomarkers in mediating the impacts of air
pollution, with ever smokers showing greater susceptibility. The identified underlying
pathway related to lipid metabolism further emphasizes the biological progresses in the
health impacts of air pollution.

Within this thesis, we identified reliable biomarkers of air pollution-related diseases which
are crucial for understanding the health impacts of air pollution and developing targeted
interventions. Identifying air pollution associated biomarkers is critical for early disease
detection and risk assessment. To reduce these impacts, well-planned control measures
on air pollution aligned with WHO air quality guideline are essential. By integrating bi-
omarker research with pollution reduction efforts, we can promote disease prevention
and environmental health strategies, and further alleviate the health burden associated
with air pollution.
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Fig. S1. Flow chart of participant exclusion process in this study. 
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Table S1 Abbreviations and full biochemical names of the 108 metabolites grouped by their compound 
classes. 

 Abbreviation Biochemical name 

Acylcarnitine 

C0 Carnitine 
C2 Acetylcarnitine 
C3 Propionylcarnitine 
C4 Butyrylcarnitine 
C10 Decanoylcarnitine 
C12 Dodecanoylcarnitine 
C14:1 Tetradecenoylcarnitine 
C14:2 Tetradecadienylcarnitine 
C16 Hexadecanylcarnitine 
C18 Octadecanoylcarnitine 
C18:1 Octadecenoylcarnitine 
C18:2 Octadecadienylcarnitine 

Amino acids 

Arg Arginine 
Gln Glutamine 
Gly Glycine 
His Histidine 
Met Methionine 
Orn Ornithine 
Phe Phenylalanine 
Pro Proline 
Ser Serine 
Thr Threonine 
Trp Tryptophan 
Tyr Tryosine 

Phosphatidylcholines 

PC aa C28:1 Phosphatidylcholine diacyl C28:1 
PC aa C30:0 Phosphatidylcholine diacyl C30:0 
PC aa C32:0 Phosphatidylcholine diacyl C32:0 
PC aa C32:1 Phosphatidylcholine diacyl C32:1 
PC aa C32:2 Phosphatidylcholine diacyl C32:2 
PC aa C32:3 Phosphatidylcholine diacyl C32:3 
PC aa C34:1 Phosphatidylcholine diacyl C34:1 
PC aa C34:2 Phosphatidylcholine diacyl C34:2 
PC aa C34:3 Phosphatidylcholine diacyl C34:3 
PC aa C34:4 Phosphatidylcholine diacyl C34:4 
PC aa C36:1 Phosphatidylcholine diacyl C36:1 
PC aa C36:2 Phosphatidylcholine diacyl C36:2 
PC aa C36:3 Phosphatidylcholine diacyl C36:3 
PC aa C36:4 Phosphatidylcholine diacyl C36:4 
PC aa C36:5 Phosphatidylcholine diacyl C36:5 
PC aa C36:6 Phosphatidylcholine diacyl C36:6 
PC aa C38:0 Phosphatidylcholine diacyl C38:0 
PC aa C38:3 Phosphatidylcholine diacyl C38:3 
PC aa C38:4 Phosphatidylcholine diacyl C38:4 
PC aa C38:5 Phosphatidylcholine diacyl C38:5 
PC aa C38:6 Phosphatidylcholine diacyl C38:6 
PC aa C40:2 Phosphatidylcholine diacyl C40:2 
PC aa C40:3 Phosphatidylcholine diacyl C40:3 
PC aa C40:4 Phosphatidylcholine diacyl C40:4 
PC aa C40:5 Phosphatidylcholine diacyl C40:5 
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PC aa C40:6 Phosphatidylcholine diacyl C40:6 
PC aa C42:0 Phosphatidylcholine diacyl C42:0 
PC aa C42:1 Phosphatidylcholine diacyl C42:1 
PC aa C42:2 Phosphatidylcholine diacyl C42:2 
PC aa C42:4 Phosphatidylcholine diacyl C42:4 
PC aa C42:5 Phosphatidylcholine diacyl C42:5 
PC aa C42:6 Phosphatidylcholine diacyl C42:6 
PC ae C32.1 Phosphatidylcholine acyl-alkyl C32:1 
PC ae C32:2 Phosphatidylcholine acyl-alkyl C32:2 
PC ae C34:0 Phosphatidylcholine acyl-alkyl C34:0 
PC ae C34:1 Phosphatidylcholine acyl-alkyl C34:1 
PC ae C34:2 Phosphatidylcholine acyl-alkyl C34:2 
PC ae C34:3 Phosphatidylcholine acyl-alkyl C34:3 
PC ae C36:1 Phosphatidylcholine acyl-alkyl C36:1 
PC ae C36:2 Phosphatidylcholine acyl-alkyl C36:2 
PC ae C36:3 Phosphatidylcholine acyl-alkyl C36:3 
PC ae C36:4 Phosphatidylcholine acyl-alkyl C36:4 
PC ae C36:5 Phosphatidylcholine acyl-alkyl C36:5 
PC ae C38:0 Phosphatidylcholine acyl-alkyl C38:0 
PC ae C38:1 Phosphatidylcholine acyl-alkyl C38:1 
PC ae C38:2 Phosphatidylcholine acyl-alkyl C38:2 
PC ae C38:3 Phosphatidylcholine acyl-alkyl C38:3 
PC ae C38:4 Phosphatidylcholine acyl-alkyl C38:4 
PC ae C38:5 Phosphatidylcholine acyl-alkyl C38:5 
PC ae C38:6 Phosphatidylcholine acyl-alkyl C38:6 
PC ae C40:1 Phosphatidylcholine acyl-alkyl C40:1 
PC ae C40:2 Phosphatidylcholine acyl-alkyl C40:2 
PC ae C40:3 Phosphatidylcholine acyl-alkyl C40:3 
PC ae C40:4 Phosphatidylcholine acyl-alkyl C40:4 
PC ae C40:5 Phosphatidylcholine acyl-alkyl C40:5 
PC ae C40:6 Phosphatidylcholine acyl-alkyl C40:6 
PC ae C42:1 Phosphatidylcholine acyl-alkyl C42:1 
PC ae C42:2 Phosphatidylcholine acyl-alkyl C42:2 
PC ae C42:3 Phosphatidylcholine acyl-alkyl C42:3 
PC ae C42:4 Phosphatidylcholine acyl-alkyl C42:4 
PC ae C42:5 Phosphatidylcholine acyl-alkyl C42:5 
PC ae C44:3 Phosphatidylcholine acyl-alkyl C44:3 
PC ae C44:4 Phosphatidylcholine acyl-alkyl C44:4 
PC ae C44:5 Phosphatidylcholine acyl-alkyl C44:5 
PC ae C44:6 Phosphatidylcholine acyl-alkyl C44:6 

Lysophosphatidylcholines 

lysoPC a C16:0 lysoPhosphatidylcholine acyl C16:0 
lysoPC a C16:1 lysoPhosphatidylcholine acyl C16:1 
lysoPC a C18:0 lysoPhosphatidylcholine acyl C18:0 
lysoPC a C18:1 lysoPhosphatidylcholine acyl C18:1 
lysoPC a C18:2 lysoPhosphatidylcholine acyl C18:2 
lysoPC a C20:3 lysoPhosphatidylcholine acyl C20:3 
lysoPC a C20:4 lysoPhosphatidylcholine acyl C20:4 

Sphingomyelins 

SM (OH) C14:1 Hydroxysphingomyeline C14:1 
SM (OH) C16:1 Hydroxysphingomyeline C16:1 
SM (OH) C22:1 Hydroxysphingomyeline C22:1 
SM (OH) C22:2 Hydroxysphingomyeline C22:2 
SM (OH)C24:1 Hydroxysphingomyeline C24:1 
SM C16:0 Sphingomyeline C16:0 
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SM C16:1 Sphingomyeline C16:1 
SM C18:0 Sphingomyeline C18:0 
SM C18:1 Sphingomyeline C18:1 
SM C20:2 Sphingomyeline C20:2 
SM C24:1 Sphingomyeline C24:1 

Hexose H1 Hexose 
 

  



Paper I

69

Text S1. Exposure assessment  

Back-extrapolated air pollutant concentrations 

Briefly, we generated the time series of daily pollutant concentrations covering the study period of KORA 
S4
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Fig. S2. Comparisons of percent changes (95% CIs) of hs-CRP per IQR increase in air pollutant 
concentrations between the results from minimum, main and extended models. 

Minimum model: minimum models were adjusted for age, sex, BMI, season, an indicator of each visit 
(KORA S4, KORA F4, or KORA FF4); Main model: further adjusted for educational attainment, smoking 
status, fasting status, alcohol consumption, physical activity and diet score; Extended model: additionally 
included diseases status (hypertension, diabetes), medication usages (anti-hypertension, anti-diabetes and 
lipid lowering medications), HDL, and total cholesterol into the main models. An IQR increase was 1.40 
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Fig. S3. Spearman correlation coefficients between hs-CRP and PC ae C34:2, PC ae C34:3, PC ae C36:3 
and PC ae C36:4.  
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Table S2 Metabolic pathways identified from pathway analysis that were related to long-term exposure to 
PM2.5abs, PMcoarse and NO2. 

 Total Hits p-value FDR Impact factor 
Arachidonic acid metabolism 1 1 0.003 0.3 0 

Linoleic acid metabolism 1 1 0.008   0.4 0 
alpha-Linolenic acid metabolism 1 1 0.02 0.5 0 
Glycerophospholipid metabolism 2 1 0.02 0.5 0.1 

Total: total number of metabolites in the pathway; Hits: actually matched number from uploaded data; p-value: 
original p-value calculated from enrichment analysis; FDR: p-value adjusted using False Discovery Rate; Impact 
factor: pathway impact value calculated from pathway topology analysis. 
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Fig. S4. Percent changes (95% CIs) in metabolite levels per IQR increase in air pollutant concentrations. 
Effect modification by participants with overnight fasting of 8 or 12 h, sex, smoking, and alcohol 
consumption.  

Results were from our main models adjusted for covariates including age, sex, BMI, season, an indicator 
of each visit (KORA S4, KORA F4, or KORA FF4), educational attainment, smoking status, fasting status, 
alcohol consumption, physical activity and diet score, while the continuous variable of alcohol consumption, 
fasting status, or smoking statues will be replaced by the corresponding effect modifier. An IQR increase 
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Fig. S5. Percent changes (95% CIs) in metabolite levels per IQR increase in air pollutant concentrations 
stratified by history of diseases (hypertension, diabetes) and medication intake (anti-hypertensive, anti-
diabetic, and lipid-lowering medication).  

Results were from our main models adjusted for covariates including age, sex, BMI, season, an indicator 
of each visit (KORA S4, KORA F4, or KORA FF4), educational attainment, smoking status, fasting status, 
alcohol consumption, physical activity and diet s
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Fig. S6. Percent changes (95% CIs) in metabolite levels per IQR increase in O3 stratified by sex.  

Results were from our main models adjusted for covariates including age, sex, BMI, season, an indicator 
of each visit (KORA S4, KORA F4, or KORA FF4), educational attainment, smoking status, fasting status, 
alcohol consumption, physical activity and diet score. An IQR increase was 
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Fig. S7. Comparisons of percent change (95% CI) of metabolite per IQR increase in air pollutant 
concentrations between the results from main and extended models compared with updated main and 
extended models of an inclusion of hs-CRP.  

Main model: adjusted for age, sex, BMI, season, an indicator of each visit (KORA S4, KORA F4, or KORA 
FF4), educational attainment, smoking status, fasting status, alcohol consumption, physical activity and diet 
score; Main model + hs-CRP: hs-CRP and the same covariates in the main model; Extended model: 
extended model was additionally included  diseases status (hypertension, diabetes), and medication usages 
(anti-hypertension, anti-diabetes and lipid lowering medications), HDL, and total cholesterol into the main 
models. Extended model + hs-CRP: further adjusted for hs-CRP into the extended models. An IQR increase 
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Fig. S8. Comparison between single and two-pollutant models after additional inclusion of PM2.5. 

Results were from our main models adjusted for covariates including age, sex, BMI, season, an indicator 
of each visit (KORA S4, KORA F4, or KORA FF4), educational attainment, smoking status, fasting status, 
alcohol consumption, physical activity and diet s



Paper I

78

 

Fig. S9. Comparison between single and two-pollutant models after additional inclusion of O3. 

Models were adjusted for age, sex, BMI, season, an indicator of each visit (KORA S4, KORA F4, or KORA 
FF4), educational attainment, smoking status, fasting status, alcohol consumption, physical activity and diet 
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Fig. S10. Comparison between main models and after additional adjusted by storage year of blood samples. 

Results were from our main models adjusted for covariates including age, sex, BMI, season, an indicator 
of each visit (KORA S4, KORA F4, or KORA FF4), educational attainment, smoking status, fasting status, 
alcohol consumption, physical activity and diet score. 
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Fig. S11. Inclusion of different exposure window of short-term air pollutants with long-term air pollutants 
exposure simultaneously. 

Long = only long-term exposure; long_lag0 = long-term exposure plus short-term exposure at the day of 
blood withdrawal; long_lag1 = long-term exposure plus short-term exposure of one day before the blood 
withdrawal; long_lag2 = long-term exposure plus short-term exposure of two days before the blood 
withdrawal, long_lag3 = long-term exposure plus short-term exposure of three days before the blood 
withdrawal,  long_lag4 = long-term exposure plus short-term exposure of four days before the blood 
withdrawal; long_Mean2 = long-term exposure plus short-term exposure of 2-day moving average before 
the blood withdrawal; long_Mean5 = long-term exposure plus short-term exposure of 5-day moving 
average before the blood withdrawal,  long_Mean14 = long-term exposure plus short-term exposure of 2-
week moving average before the blood withdrawal. Results were from our main models adjusted for 
covariates including age, sex, BMI, season, an indicator of each visit (KORA S4, KORA F4, or KORA 
FF4), educational attainment, smoking status, fasting status, alcohol consumption, physical activity and diet 
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Fig. S12. Absolute changes of metabolites at deciles of the distribution per IQR increase in concentrations 
of PM2.5abs exposure.  

Linear quantile mixed models were used by adjusting for age, sex, BMI, season, an indicator of each visit 
(KORA S4, KORA F4, or KORA FF4), educational attainment, smoking status, fasting status, alcohol 
consumption, physical activity and diet score. An IQR increase was 0.27×10-5/m for PM2.5abs. 
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Fig. S13. Absolute changes of metabolites at deciles of the distribution per IQR increase in concentrations 
of PMcoarse exposure.  

Linear quantile mixed models were used by adjusting for age, sex, BMI, season, an indicator of each visit 
(KORA S4, KORA F4, or KORA FF4), educational attainment, smoking status, fasting status, alcohol 
consumption, physical activity and diet score. An IQR 
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Fig. S14. Absolute changes of metabolites at deciles of the distribution per IQR increase in concentrations 
of NO2 exposure.  

Linear quantile mixed models were used by adjusting for age, sex, BMI, season, an indicator of each visit 
(KORA S4, KORA F4, or KORA FF4), educational attainment, smoking status, fasting status, alcohol 
consumption, physical activity and diet score. An IQR 
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Fig. S15. Exposure-response relationships between NO2 and PC ae C34:2, PC ae C34:3, PC ae C36:3 and 
PC ae C36:4.  
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Fig. S16. Exposure-response relationships between PM2.5abs and PC ae C34:2, PC ae C34:3, PC ae C36:3 
and PC ae C36:4.  
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Fig. S17. Exposure-response relationships between PMcoarse and PC ae C34:2, PC ae C34:3, PC ae C36:3 
and PC ae C36:4. 
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Fig. S18. Exposure-response relationships between PM2.5abs and PC ae C34:2, PC ae C34:3, PC ae C36:3 
and PC ae C36:4 after excluding PM2.5abs higher than 99% of PM2.5abs values. 
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Fig. S19. Comparisons between main data (n =5772) and the outlier removed data (n = 5711) of PM2.5abs. 

Models were adjusted for age, sex, BMI, season, an indicator of each visit (KORA S4, KORA F4, or KORA 
FF4), educational attainment, smoking status, fasting status, alcohol consumption, physical activity and diet 
score. An IQR increase of PM2.5abs 
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Fig. S20. Exposure-response relationships between PMcoarse and PC ae C34:2, PC ae C34:3, PC ae C36:6 
and PC ae C36:4 with excluding PMcoarse concentration < 5% of total PMcoarse and PMcoarse concentration > 
95% of total PMcoarse. 
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Fig. S21. Comparisons between main data (n =5772) and outliers of PMcoarse removed (n = 5203).  

Models were adjusted for age, sex, BMI, season, an indicator of each visit (KORA S4, KORA F4, or KORA 
FF4), educational attainment, smoking status, fasting status, alcohol consumption, physical activity and diet 
score. The IQR of PMcoarse 
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Table S1 Biochemical names and categories of the 108 investigated metabolites. 

 Abbreviation Biochemical name 

Acylcarnitine 

C0 Carnitine 
C2 Acetylcarnitine 
C3 Propionylcarnitine 
C4 Butyrylcarnitine 
C10 Decanoylcarnitine 
C12 Dodecanoylcarnitine 
C14:1 Tetradecenoylcarnitine 
C14:2 Tetradecadienylcarnitine 
C16 Hexadecanylcarnitine 
C18 Octadecanoylcarnitine 
C18:1 Octadecenoylcarnitine 
C18:2 Octadecadienylcarnitine 

Amino acids 

Arg Arginine 
Gln Glutamine 
Gly Glycine 
His Histidine 
Met Methionine 
Orn Ornithine 
Phe Phenylalanine 
Pro Proline 
Ser Serine 
Thr Threonine 
Trp Tryptophan 
Tyr Tryosine 

Phosphatidylcholines 

PC aa C28:1 Phosphatidylcholine diacyl C28:1 
PC aa C30:0 Phosphatidylcholine diacyl C30:0 
PC aa C32:0 Phosphatidylcholine diacyl C32:0 
PC aa C32:1 Phosphatidylcholine diacyl C32:1 
PC aa C32:2 Phosphatidylcholine diacyl C32:2 
PC aa C32:3 Phosphatidylcholine diacyl C32:3 
PC aa C34:1 Phosphatidylcholine diacyl C34:1 
PC aa C34:2 Phosphatidylcholine diacyl C34:2 
PC aa C34:3 Phosphatidylcholine diacyl C34:3 
PC aa C34:4 Phosphatidylcholine diacyl C34:4 
PC aa C36:1 Phosphatidylcholine diacyl C36:1 
PC aa C36:2 Phosphatidylcholine diacyl C36:2 
PC aa C36:3 Phosphatidylcholine diacyl C36:3 
PC aa C36:4 Phosphatidylcholine diacyl C36:4 
PC aa C36:5 Phosphatidylcholine diacyl C36:5 
PC aa C36:6 Phosphatidylcholine diacyl C36:6 
PC aa C38:0 Phosphatidylcholine diacyl C38:0 
PC aa C38:3 Phosphatidylcholine diacyl C38:3 
PC aa C38:4 Phosphatidylcholine diacyl C38:4 
PC aa C38:5 Phosphatidylcholine diacyl C38:5 
PC aa C38:6 Phosphatidylcholine diacyl C38:6 
PC aa C40:2 Phosphatidylcholine diacyl C40:2 
PC aa C40:3 Phosphatidylcholine diacyl C40:3 
PC aa C40:4 Phosphatidylcholine diacyl C40:4 
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PC aa C40:5 Phosphatidylcholine diacyl C40:5 
PC aa C40:6 Phosphatidylcholine diacyl C40:6 
PC aa C42:0 Phosphatidylcholine diacyl C42:0 
PC aa C42:1 Phosphatidylcholine diacyl C42:1 
PC aa C42:2 Phosphatidylcholine diacyl C42:2 
PC aa C42:4 Phosphatidylcholine diacyl C42:4 
PC aa C42:5 Phosphatidylcholine diacyl C42:5 
PC aa C42:6 Phosphatidylcholine diacyl C42:6 
PC ae C32:1 Phosphatidylcholine acyl-alkyl C32:1 
PC ae C32:2 Phosphatidylcholine acyl-alkyl C32:2 
PC ae C34:0 Phosphatidylcholine acyl-alkyl C34:0 
PC ae C34:1 Phosphatidylcholine acyl-alkyl C34:1 
PC ae C34:2 Phosphatidylcholine acyl-alkyl C34:2 
PC ae C34:3 Phosphatidylcholine acyl-alkyl C34:3 
PC ae C36:1 Phosphatidylcholine acyl-alkyl C36:1 
PC ae C36:2 Phosphatidylcholine acyl-alkyl C36:2 
PC ae C36:3 Phosphatidylcholine acyl-alkyl C36:3 
PC ae C36:4 Phosphatidylcholine acyl-alkyl C36:4 
PC ae C36:5 Phosphatidylcholine acyl-alkyl C36:5 
PC ae C38:0 Phosphatidylcholine acyl-alkyl C38:0 
PC ae C38:1 Phosphatidylcholine acyl-alkyl C38:1 
PC ae C38:2 Phosphatidylcholine acyl-alkyl C38:2 
PC ae C38:3 Phosphatidylcholine acyl-alkyl C38:3 
PC ae C38:4 Phosphatidylcholine acyl-alkyl C38:4 
PC ae C38:5 Phosphatidylcholine acyl-alkyl C38:5 
PC ae C38:6 Phosphatidylcholine acyl-alkyl C38:6 
PC ae C40:1 Phosphatidylcholine acyl-alkyl C40:1 
PC ae C40:2 Phosphatidylcholine acyl-alkyl C40:2 
PC ae C40:3 Phosphatidylcholine acyl-alkyl C40:3 
PC ae C40:4 Phosphatidylcholine acyl-alkyl C40:4 
PC ae C40:5 Phosphatidylcholine acyl-alkyl C40:5 
PC ae C40:6 Phosphatidylcholine acyl-alkyl C40:6 
PC ae C42:1 Phosphatidylcholine acyl-alkyl C42:1 
PC ae C42:2 Phosphatidylcholine acyl-alkyl C42:2 
PC ae C42:3 Phosphatidylcholine acyl-alkyl C42:3 
PC ae C42:4 Phosphatidylcholine acyl-alkyl C42:4 
PC ae C42:5 Phosphatidylcholine acyl-alkyl C42:5 
PC ae C44:3 Phosphatidylcholine acyl-alkyl C44:3 
PC ae C44:4 Phosphatidylcholine acyl-alkyl C44:4 
PC ae C44:5 Phosphatidylcholine acyl-alkyl C44:5 
PC ae C44:6 Phosphatidylcholine acyl-alkyl C44:6 

Lysophosphatidylcholines 

lysoPC a C16:0 lysoPhosphatidylcholine acyl C16:0 
lysoPC a C16:1 lysoPhosphatidylcholine acyl C16:1 
lysoPC a C18:0 lysoPhosphatidylcholine acyl C18:0 
lysoPC a C18:1 lysoPhosphatidylcholine acyl C18:1 
lysoPC a C18:2 lysoPhosphatidylcholine acyl C18:2 
lysoPC a C20:3 lysoPhosphatidylcholine acyl C20:3 
lysoPC a C20:4 lysoPhosphatidylcholine acyl C20:4 

Sphingomyelins 
SM (OH) C14:1 Hydroxysphingomyeline C14:1 
SM (OH) C16:1 Hydroxysphingomyeline C16:1 
SM (OH) C22:1 Hydroxysphingomyeline C22:1 
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SM (OH) C22:2 Hydroxysphingomyeline C22:2 
SM (OH)C24:1 Hydroxysphingomyeline C24:1 
SM C16:0 Sphingomyeline C16:0 
SM C16:1 Sphingomyeline C16:1 
SM C18:0 Sphingomyeline C18:0 
SM C18:1 Sphingomyeline C18:1 
SM C20:2 Sphingomyeline C20:2 
SM C24:1 Sphingomyeline C24:1 

Hexose H1 Hexose 
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Table S2 The explained variance (R2) between main monitor and the other monitors of PM10 and NO2. 

 year  
R2  

(with monitor LfU) 

R2 

(with monitor BP) 
 

R2  

(with monitor LfU) 

2001 

PM10  

(monitor FH) 

--- ---  0.70 

2002 --- ---  0.60 

2003 --- ---  0.70 

2004 0.97 0.97  0.78 

2005 0.94 0.91  0.76 

2006 0.98 0.98  0.69 

2007 0.96 0.97  0.78 

2008 0.96 0.96 
NO2  

(monitor BP) 
0.78 

2009 0.97 0.94  0.85 

2010 0.90 0.84  0.57 

2011 0.94 0.78  0.71 

2012 0.80 0.74  0.92 

2013 0.76 ---  0.92 

2014 0.95 0.92  0.76 

 
FH:  an aerosol monitoring station located approximately 1 km southeast of the city center of Augsburg with a distance 
of 100 meters to the nearest major road; 
LfU:  a single urban background monitoring site operated by the Bavarian Environment Agency, approximately 4 km 
south of the city center; 
BP: an urban background station (Bourgesplatz, BP) located approximately 2 km north of the city center, as well as 20 
meters to the nearest road with low traffic intensity and 100 meters to the nearest road with high traffic intensity. 
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Table S3 Percent changes (95% CIs) in repeated measurements of metabolites per interquartile (IQR) 
increase in air pollutant concentrations at Bonferroni adjusted p-value levels. 

air pollutants metabolites Exposure windows 
2-day moving average 2-week moving window 8-week moving average 

PM2.5 Arg -0.2 (-0.8, 0.3) -1.1 (-1.9, -0.3) -3.8 (-5.3, -2.2) 
 Trp -0.7 (-1.2, -0.2) -1.6 (-2.3, -0.9) -3.9 (-5.2, -2.5) 
 PC aa C30:0 -1 (-1.8, -0.1) -2.7 (-4.0, -1.4) -4.1 (-5.8, -2.3) 
 PC aa C40:3 -0.3 (-1, 0.3) -0.4 (-1.3, 0.5) -4.5 (-6.3, -2.6) 
 PC aa C42:4 -0.3 (-1, 0.3) -0.7 (-1.6, 0.1) -4.2 (-5.9, -2.5) 
 PC ae C38:1 1.6 (-0.6, 4) 1.5 (-1.6, 4.8) -17 (-22.2, -11.4) 
 PC ae C38:2 -0.2 (-1.1, 0.6) -2 (-3.1, -0.9) -8.8 (-11, -6.5) 
 PC ae C40:3 -0.2 (-0.7, 0.4) -0.8 (-1.5, 0) -5.6 (-7.2, -4.1) 
 PC ae C42:1 0 (-0.7, 0.7) 0.3 (-0.6, 1.2) -4.7 (-6.6, -2.8) 
 PC ae C44:3 0.3 (-0.5, 1.1) 0.5 (-0.6, 1.6) -6.7 (-8.8, -4.6) 
PMcoarse Gly 0.7 (0, 1.5) 1.8 (0.6, 3) 5.2 (3.3, 7.2) 
 Met 0 (-0.7, 0.7) 0.2 (-0.8, 1.3) 4.1 (2.3, 5.9) 
 Orn 1.2 (0.5, 2) 2.2 (1, 3.4) 8 (5.9, 10.1) 
 Phe 0.8 (0.3, 1.4) 0.6 (-0.3, 1.6) 4.8 (3.2, 6.4) 
 Ser 0.7 (0, 1.4) 0.7 (-0.4, 1.8) 4.4 (2.5, 6.3) 
 Thr 0.4 (-0.6, 1.4) -0.4 (-2, 1.2) 5.9 (3.2, 8.7) 
 lysoPC a C16:0 0.2 (-0.5, 1) 1 (-0.1, 2.1) 4.6 (2.6, 6.5) 
 PC aa C40:4 -1.9 (-2.7, -1.0) -1.3 (-2.6, -0.1) 0.6 (-1.4, 2.7) 
 PC ae C40:4 -0.6 (-1.2, 0.1) 0.4 (-0.5, 1.4) 3.7 (2, 5.5) 
 PC ae C44:3 1 (0.1, 1.9) 3.8 (2.3, 5.3) 0.7 (-1.5, 3) 
 SM C16:0 -0.1 (-0.7, 0.4) 1.5 (0.7, 2.2) 3.5 (2.1, 5.0) 
NO2 C0 -0.9 (-1.6, -0.1) -1.5 (-2.5, -0.6) -3.5 (-4.9, -2) 
 Arg -0.4 (-1.1, 0.4) -1.5 (-2.5, -0.6) -4.1 (-5.5, -2.7) 
 Trp -1.4 (-2.1, -0.9) -2.5 (-3.3, -1.6) -5.2 (-6.4, -3.9) 
 Tyr -1.1 (-1.9, -0.3) -2.3 (-3.4, -1.3) -3.8 (-5.3, -2.2) 
 lysoPC a C16:0 -1.4 (-2.2, -0.6) -2.2 (-3.3, -1.2) -3.9 (-5.4, -2.3) 
 lysoPC a C16:1 -2 (-3.1, -0.9) -3.1 (-4.5, -1.7) -5.1 (-7.1, -2.9) 
 lysoPC a C18:0 -1.1 (-2.1, -0.2) -1.8 (-2.9, -0.6) -4.5 (-6.3, -2.7) 
 lysoPC a C18:1 -2.1 (-3.2, -1.1) -2.9 (-4.2, -1.6) -4.9 (-6.9, -3) 
 lysoPC a C20:3 -1.3 (-2.4, -0.2) -3.1 (-4.4, -1.6) -4.1 (-6.1, -2) 
 lysoPC a C20:4 -1.9 (-2.9, -0.9) -2.6 (-3.9, -1.3) -4.8 (-6.8, -2.8) 
 PC aa C28:1 -1 (-1.8, -0.2) -1.3 (-2.2, -0.3) -3.6 (-5.2, -1.9) 
 PC aa C30:0 -2.5 (-3.6, -1.3) -3.6 (-5.1, -2.1) -6.3 (-8.5, -4) 
 PC aa C32:0 -1.6 (-2.3, -0.8) -1.4 (-2.3, -0.6) -5.5 (-7, -4) 
 PC aa C34:1 -1.8 (-2.7, -1.0) -2 (-3.0, -1.0) -4.3 (-5.9, -2.7) 
 PC aa C36:1 -1.8 (-2.8, -0.9) -3.1 (-4.3, -1.8) -5.6 (-7.4, -3.7) 
 PC aa C36:2 -0.6 (-1.4, 0.1) -1.1 (-1.9, -0.2) -3.5 (-5, -2) 
 PC aa C36:3 -1.1 (-1.9, -0.3) -1.6 (-2.5, -0.7) -3.8 (-5.4, -2.2) 
 PC aa C38:3 -1.2 (-2.1, -0.3) -2.7 (-3.9, -1.5) -4.6 (-6.4, -2.9) 
 PC aa C40:2 -1 (-2.1, 0) -0.2 (-1.4, 1.1) -4.4 (-6.4, -2.4) 
 PC aa C40:3 -1.1 (-2, -0.2) -0.5 (-1.6, 0.6) -5 (-6.7, -3.3) 
 PC aa C40:4 -2.1 (-3.1, -1.1) -3 (-4.2, -1.7) -5.3 (-7.1, -3.4) 
 PC aa C40:5 -1.5 (-2.5, -0.5) -1.8 (-2.9, -0.6) -4.5 (-6.4, -2.6) 
 PC aa C42:4 -1.3 (-2.1, -0.4) -1.6 (-2.6, -0.6) -4.6 (-6.1, -3) 
 PC aa C42:5 -2.1 (-3.1, -1) -2.4 (-3.7, -1) -5.5 (-7.6, -3.4) 
 PC ae C32:2 -1.2 (-2, -0.4) -1.7 (-2.6, -0.8) -3.7 (-5.3, -2.1) 
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 PC ae C34:0 -1.6 (-2.6, -0.7) -1.6 (-2.7, -0.4) -4.3 (-6.1, -2.4) 
 PC ae C34:1 -1.5 (-2.3, -0.7) -1.8 (-2.8, -0.9) -4.4 (-5.9, -2.9) 
 PC ae C34:2 -0.9 (-1.9, 0) -2 (-3.1, -0.9) -4.3 (-6.1, -2.5) 
 PC ae C36:1 -1.2 (-2.1, -0.4) -1.3 (-2.3, -0.3) -3.8 (-5.5, -2.2) 
 PC ae C36:2 -0.8 (-1.7, 0) -1.1 (-2.1, -0.1) -3.7 (-5.3, -2) 
 PC ae C36:3 -1.2 (-2.1, -0.3) -2 (-3.1, -1) -4.4 (-6.1, -2.6) 
 PC ae C36:4 -1.5 (-2.5, -0.6) -1.3 (-2.4, -0.1) -4.1 (-5.9, -2.2) 
 PC ae C38:1 -1.6 (-4.5, 1.4) -6.4 (-10, -2.7) -13.9 (-18.9, -8.6) 
 PC ae C38:2 -1.1 (-2.2, 0.1) -4.4 (-5.8, -3) -12 (-14, -10) 
 PC ae C38:4 -1.3 (-2.1, -0.5) -1.5 (-2.5, -0.6) -4 (-5.5, -2.5) 
 PC ae C38:5 -1.6 (-2.4, -0.9) -1.8 (-2.7, -0.8) -4.2 (-5.7, -2.6) 
 PC ae C40:3 -0.9 (-1.7, -0.1) -1.7 (-2.6, -0.8) -5.6 (-7.1, -4.1) 
 PC ae C40:4 -1.5 (-2.2, -0.7) -2.3 (-3.2, -1.3) -4.5 (-5.9, -3.1) 
 PC ae C40:5 -1.4 (-2.1, -0.7) -1.4 (-2.3, -0.5) -3.7 (-5.1, -2.3) 
 PC ae C42:2 -1.2 (-2, -0.3) -0.7 (-1.8, 0.3) -4.1 (-5.7, -2.3) 
 PC ae C42:3 -1.4 (-2.3, -0.6) -1.6 (-2.6, -0.5) -5.2 (-6.8, -3.5) 
 PC ae C42:4 -1.5 (-2.4, -0.6) -2.0 (-3.1, -0.9) -4.3 (-5.9, -2.6) 
 PC ae C42:5 -1.6 (-2.2, -0.9) -2.3 (-3.2, -1.5) -4.2 (-5.4, -2.8) 
 SM (OH) C14:1 -0.7 (-1.5, 0.1) -1.1 (-2.1, -0.2) -3.8 (-5.3, -2.2) 
 SM (OH) C16:1 -0.8 (-1.6, 0.1) -1.2 (-2.2, -0.2) -3.7 (-5.3, -2.1) 
 SM C16:0 -1 (-1.6, -0.4) -1 (-1.7, -0.2) -3.9 (-5.1, -2.7) 
 SM C16:1 -0.9 (-1.6, -0.2) -1.1 (-1.8, -0.3) -3.4 (-4.7, -2.1) 
 SM C18:0 -0.6 (-1.4, 0.1) -1 (-1.9, -0.1) -3.9 (-5.3, -2.4) 
 SM C18:1 -0.6 (-1.4, 0.2) -1.3 (-2.3, -0.4) -4.1 (-5.6, -2.6) 
 SM C24:1 -1.3 (-2, -0.6) -1 (-1.8, -0.1) -3.7 (-5.1, -2.3) 
O3 Trp 1.8 (0.5, 3.1) 6 (3.4, 8.6) 14.8 (9.1, 20.7) 
 SM (OH) C24:1 3.7 (2, 5.5) 4.3 (1.3, 7.5) 12.4 (5.6, 19.5) 

The results were derived from the main models adjusted for age, sex, body mass index (BMI), an indicator of each study 
wave (KORA S4, KORA F4, or KORA FF4), day of the week, time trend, temperature, relative humidity, smoking status, 
alcohol consumption, physical activity index, educational attainment, fasting status, and dietary score. Three degrees of 
freedom were used for the temperature and relative humidity splines, and four degrees of freedom per year in each study 
wave were used for the time trend spline. The metabolites concentrations were natural log-transformed, and the effect 
estimates were represented as the percent changes in the geometric mean of metabolites per IQR increase in air pollutants 
concentrations. 
PM2.5 
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Table S4 Results comparison between main analysis and sensitivity analysis (PM2.5 exposure) 

 2-day moving average 2-week moving average 8-week moving average 
 M S1 S2 S3 S4 S5 S6 S7 M S1 S2 S3 S4 S5 S6 S7 M S1 S2 S3 S6 S7 
C16                       
Arg                       
Phe                       
Ser                       
Trp                       
PC aa C30:0                       
PC aa C36:1                       
PC aa C38:3                       
PC aa C40:3                       
PC aa C40:4                       
PC aa C42:4                       
PC ae C38:1                       
PC ae C38:2                       
PC ae C38:3                       
PC ae C40:3                       
PC ae C40:4                       
PC ae C42:1                       
PC ae C42:2                       
PC ae C42:3                       
PC ae C42:5                       
PC ae C44:3                       
SM (OH) C14:1                       
SM (OH) C22:2                       

(1) M:  results from main analysis adjusted for age, sex, body mass index (BMI), an indicator of each study wave (KORA 
S4, KORA F4, or KORA FF4), day of the week, time trend, temperature, relative humidity, smoking status, alcohol 
consumption, physical activity index, educational attainment, fasting status, and dietary score. Three degrees of freedom 
were used for the temperature and relative humidity splines, and four degrees of freedom per year in each study wave were 
used for the time trend spline. 
S1: restricted to all participants attended KORA S4, KORAF4 or KORAFF4 with metabolomics data.  
S2: restricted to fasting participants throughout the entire study period. 
S3: IPW analysis. 
S4: immediate (2-day moving average) and short-term (2-week moving average) analysis results from crude model 
adjusted for an indicator of each study wave (KORA S4, KORA F4, or KORA FF4), day of the week, time trend, 
temperature, relative humidity. Three degrees of freedom were used for the temperature and relative humidity splines, and 
four degrees of freedom per year in each study wave were used for the time trend spline. 
S5: co-effect between immediate (2-day moving average) and short-term (2-week moving average) exposure and 
corresponding long-term exposure (annual average) to air pollutant. 
S6: two-pollutant models additionally adjusted for PMcoarse. 
S7: two-pollutant models additionally adjusted for O3. 
(2) Blue means negative associations between metabolites and air pollutants, while red means positive association 
between metabolites and air pollutants. 
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Table S5 Results comparison between main analysis and sensitivity analysis (PMcoarse exposure) 

 2-day moving average 2-week moving average 8-week moving average 
 M S1 S2 S3 S4 S5 S6 M S1 S2 S3 S4 S5 S6 M S1 S2 S3 S6 
C16                    
C18:2                    
Gly                    
His                    
Met                    
Orn                    
Phe                    
Ser                    
Thr                    
Tyr                    
PC aa C28:1                    
PC aa C40:3                    
PC aa C40:4                    
PC aa C42:0                    
PC aa C42:4                    
PC ae C40:1                    
PC ae C40:2                    
PC ae C40:3                    
PC ae C40:4                    
PC ae C40:5                    
PC ae C42:5                    
PC ae C44:3                    
lysoPC a C16:0                    
lysoPC a C18:0                    
SM (OH) C14:1                    
SM (OH) C22:2                    
SM C16:0                    

(1) M:  results from main analysis adjusted for age, sex, body mass index (BMI), an indicator of each study wave (KORA S4, KORA 
F4, or KORA FF4), day of the week, time trend, temperature, relative humidity, smoking status, alcohol consumption, physical activity 
index, educational attainment, fasting status, and dietary score. Three degrees of freedom were used for the temperature and relative 
humidity splines, and four degrees of freedom per year in each study wave were used for the time trend spline. 
S1: restricted to all participants attended KORA S4, KORAF4 or KORAFF4 with metabolomics data.  
S2: restricted to fasting participants throughout the entire study period.  
S3: IPW analysis. 
S4: short-term (lag0 and 2-week moving average, respectively) analysis results from crude model adjusted for an indicator of each study 
wave (KORA S4, KORA F4, or KORA FF4), day of the week, time trend, temperature, relative humidity. Three degrees of freedom 
were used for the temperature and relative humidity splines, and four degrees of freedom per year in each study wave were used for the 
time trend spline. 
S5: co-effect between immediate (2-day moving average) and short-term (2-week moving average) exposure and 
corresponding long-term exposure (annual average) to air pollutant. 
S6: two-pollutant models additionally adjusted for O3. 
(2) Blue means negative associations between metabolites and air pollutants, while red means positive association 
between metabolites and air pollutants. 
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Table S6 Results comparison between main analysis and sensitivity analysis (NO2 exposure) 

 2-day moving average 2-week moving average 8-week moving average 

 M S1 S2 S3 S4 S5 S6 S7 M S1 S2 S3 S4 S5 S6 S7 M S1 S2 S3 S6 S7 
C0                       
Arg                       
Ser                       
Trp                       
Tyr                       
Phe                       
PC aa C28:1                       
PC aa C30:0                       
PC aa C32:0                       
PC aa C34:1                       
PC aa C36:1                       
PC aa C36:2                       
PC aa C36:3                       
PC aa C36:4                       
PC aa C38:3                       
PC aa C38:4                       
PC aa C40:2                       
PC aa C40:3                       
PC aa C40:4                       
PC aa C40:5                       
PC aa C42:4                       
PC aa C42:5                       
PC ae C32:1                       
PC ae C32:2                       
PC ae C34:0                       
PC ae C34:1                       
PC ae C34:2                       
PC ae C34:3                       
PC ae C36:1                       
PC ae C36:2                       
PC ae C36:3                       
PC ae C36:4                       
PC ae C38:1                       
PC ae C38:2                       
PC ae C38:4                       
PC ae C38:5                       
PC ae C40:2                       
PC ae C40:3                       
PC ae C40:4                       
PC ae C40:5                       
PC ae C42:2                       
PC ae C42:3                       
PC ae C42:4                       
PC ae C42:5                       
lysoPC a C16:0                       
lysoPC a C16:1                       
lysoPC a C18:0                       
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lysoPC a C18:1                       
lysoPC a C20:3                       
lysoPC a C20:4                       
SM (OH) C14:1                       
SM (OH) C16:1                       
SM (OH) C24:1                       
SM C16:0                       
SM C16:1                       
SM C18:0                       
SM C18:1                       
SM C20:2                       
SM C24:1                       

(1) M:  results from main analysis adjusted for age, sex, body mass index (BMI), an indicator of each study wave (KORA 
S4, KORA F4, or KORA FF4), day of the week, time trend, temperature, relative humidity, smoking status, alcohol 
consumption, physical activity index, educational attainment, fasting status, and dietary score. Three degrees of freedom 
were used for the temperature and relative humidity splines, and four degrees of freedom per year in each study wave were 
used for the time trend spline. 
S1: restricted to all participants attended KORA S4, KORAF4 or KORAFF4 with metabolomics data. 
S2: restricted to fasting participants throughout the entire study period. 
S3: IPW analysis.  
S4: short-term (lag0 and 2-week moving average, respectively) analysis results from crude model adjusted for an indicator 
of each study wave (KORA S4, KORA F4, or KORA FF4), day of the week, time trend, temperature, relative humidity. 
Three degrees of freedom were used for the temperature and relative humidity splines, and four degrees of freedom per 
year in each study wave were used for the time trend spline. 
S5: co-effect between immediate (2-day moving average) and short-term (2-week moving average) exposure and 
corresponding long-term exposure (annual average) to air pollutant. 
S6: two-pollutant models additionally adjusted for PMcoarse. 
S7: two-pollutant models additionally adjusted for O3. 
(2) Blue means negative associations between metabolites and air pollutants, while red means positive association 
between metabolites and air pollutants. 
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Table S7 Results comparison between main analysis and sensitivity analysis (O3 exposure) 

 2-day moving average 2-week moving average 8-week moving average 
 M S1 S2 S3 S4 S5 S6 M S1 S2 S3 S4 S5 S6 M S1 S2 S3 S6 
Trp                    
PC aa C30:0                    
PC aa C32:0                    
PC ae C34:1                    
PC ae C38:2                    
SM (OH) C24:1                    
SM C16:0                    
SM C16:1                    
SM C18:0                    
SM C20:2                    
SM C24:1                    

(1) M:  results from main analysis adjusted for age, sex, body mass index (BMI), an indicator of each study wave (KORA 
S4, KORA F4, or KORA FF4), day of the week, time trend, temperature, relative humidity, smoking status, alcohol 
consumption, physical activity index, educational attainment, fasting status, and dietary score. Three degrees of freedom 
were used for the temperature and relative humidity splines, and four degrees of freedom per year in each study wave were 
used for the time trend spline. 
S1: restricted to all participants attended KORA S4, KORAF4 or KORAFF4 with metabolomics data. 
S2: restricted to fasting participants throughout the entire study period. 
S3: IPW analysis. 
S4: short-term (lag0 and 2-week moving average, respectively) analysis results from crude model adjusted for an indicator 
of each study wave (KORA S4, KORA F4, or KORA FF4), day of the week, time trend, temperature, relative humidity. 
Three degrees of freedom were used for the temperature and relative humidity splines, and four degrees of freedom per 
year in each study wave were used for the time trend spline. 
S5: co-effect between immediate (2-day moving average) and short-term (2-week moving average) exposure and 
corresponding long-term exposure (annual average) to air pollutant. 
S6: two-pollutant models additionally adjusted for PMcoarse. 
(2) Blue means negative associations between metabolites and air pollutants, while red means positive association between 
metabolites and air pollutants. 
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Table S8 Metabolic pathways related to air pollutants in different exposure windows. 

Air pollutants  Exposure windows Exposure window/Pathways Total Hits p-value FDR Impact factor 

PM2.5 
8-week moving 
average Arachidonic acid metabolism 1 1 0.1 1 0 

  Linoleic acid metabolism 1 1 0.1 1 0 
  alpha-Linolenic acid metabolism 1 1 0.1 1 0 

  D-Arginine and D-ornithine 
metabolism 2 1 0.1 1 0 

  Glycerophospholipid metabolism 2 1 0.1 0.9 0.09 
  Tryptophan metabolism 3 1 0.2 1 0.1 
  Arginine biosynthesis 4 1 0.3 1 0.08 
  Aminoacyl-tRNA biosynthesis 16 2 0.4 1 0 
  Arginine and proline metabolism 8 1 0.5 1 0.06 
        

PMcoarse 
2-week moving 
average Arachidonic acid metabolism 1 1 0.02 0.6 0 

  Linoleic acid metabolism 1 1 0.02 0.6 0 
  alpha-Linolenic acid metabolism 1 1 0.02 0.6 0 
  Glycerophospholipid metabolism 2 1 0.04 0.9 0.09 

 8-week moving 
average 

Glycine, serine and threonine 
metabolism 5 4 0.008 0.3 0.5 

  Sphingolipid metabolism 2 2 0.05 0.5 0 
  Cysteine and methionine metabolism 2 2 0.05 0.5 0.1 

  Glyoxylate and dicarboxylate 
metabolism 2 2 0.05 0.5 0.2 

  Porphyrin and chlorophyll 
metabolism 1 1 0.2 1 0 

  Aminoacyl-tRNA biosynthesis 16 5 0.3 1 0.2 
  Glutathione metabolism 5 2 0.3 1 0.09 

  D-Arginine and D-ornithine 
metabolism 2 1 0.4 1 0 

  Primary bile acid biosynthesis 2 1 0.4 1 0.008 
  Glycerophospholipid metabolism 2 1 0.4 1 0.02 

  Phenylalanine, tyrosine and 
tryptophan biosynthesis 2 1 0.4 1 0.5 

  Tryptophan metabolism 3 1 0.6 1 0.1 
  Phenylalanine metabolism 3 1 0.6 1 0.4 

  Valine, leucine and isoleucine 
biosynthesis 4 1 0.7 1 0 

  Arginine biosynthesis 4 1 0.7 1 0.06 
  Arginine and proline metabolism 8 1 0.9 1 0.1 
        

NO2 
2-day moving 
average Glycerophospholipid metabolism 2 2 0.001 0.3 0.1 

  Tryptophan metabolism 1 1 0.1 1 0.1 
  Aminoacyl-tRNA biosynthesis 1 1 0.1 1 0 
  Arachidonic acid metabolism 1 1 0.04 0.9 0 
  Linoleic acid metabolism 1 1 0.04 0.9 0 
  alpha-Linolenic acid metabolism 1 1 0.04 0.9 0 

 2-week moving 
average Glycerophospholipid metabolism 2 2 0.006 0.2 0.1 
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  Ubiquinone and other terpenoid-
quinone biosynthesis 1 1 0.09 0.6 0 

  Arachidonic acid metabolism 1 1 0.09 0.6 0 
  Linoleic acid metabolism 1 1 0.09 0.6 0 
  alpha-Linolenic acid metabolism 1 1 0.09 0.6 0 

  Phenylalanine, tyrosine and 
tryptophan biosynthesis 2 1 0.2 1 0.5 

  Phenylalanine metabolism 3 1 0.2 1 0 
  Tyrosine metabolism 3 1 0.2 1 0.1 
  Tryptophan metabolism 3 1 0.2 1 0.1 
  Aminoacyl-tRNA biosynthesis 16 2 0.4 1 0 

 8-week moving 
average Sphingolipid metabolism 2 2 0.04 0.7 0 

  Glycerophospholipid metabolism 2 2 0.04 0.7 0.1 
  Tryptophan metabolism 3 2 0.1 1 0.2 

  Ubiquinone and other terpenoid-
quinone biosynthesis 1 1 0.2 1 0 

  Arachidonic acid metabolism 1 1 0.2 1 0 
  Linoleic acid metabolism 1 1 0.2 1 0 
  alpha-Linolenic acid metabolism 1 1 0.2 1 0 

  Glycine, serine and threonine 
metabolism 5 2 0.3 1 0.2 

  D-Arginine and D-ornithine 
metabolism 2 1 0.4 1 0 

  Cysteine and methionine metabolism 2 1 0.4 1 0.02 

  Glyoxylate and dicarboxylate 
metabolism 2 1 0.4 1 0.04 

  Phenylalanine, tyrosine and 
tryptophan biosynthesis 2 1 0.4 1 0.5 

  Aminoacyl-tRNA biosynthesis 16 4 0.5 1 0.2 
  Phenylalanine metabolism 3 1 0.5 1 0 
  Tyrosine metabolism 3 1 0.5 1 0.1 
  Arginine biosynthesis 4 1 0.6 1 0.08 
  Arginine and proline metabolism 8 1 0.9 1 0.06 

Total: total number of metabolites in the pathway; Hits: the actually matched number from uploaded data; p-value: original 
p-value calculated from the enrichment analysis; FDR: p-value adjusted by False Discovery Rate; Impact factor: pathway 
impact value calculated from pathway topology analysis. 
PM2.5 
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Figure S1. Flow chart of participant exclusion process in this study. 
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Figure S2. Spearman correlations air pollutants and meteorological parameters in each study survey (S4, F4, 
and FF4) and throughout the entire study (overall) per exposure window and cross-exposure windows.  

PM2.5 
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Figure S3. Venn diagrams of significant associations between immediate, short- and medium-term air pollutant 
exposures and metabolites.  

PM2.5 
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Figure S4. Percent changes (95% CIs) of metabolites (Trp, PC aa C40:4, and PC ae C42:5) per IQR increase 
in PM2.5 exposure stratified by age, sex, BMI, smoking, physical activity level, dietary pattern, hypertension, 
and diabetes. Results were from our main models adjusted for age, sex, body-mass index (BMI), an indicator 
of each study wave (KORA S4, KORA F4, or KORA FF4), day of the week, time trend, temperature, relative 
humidity, smoking status, alcohol consumption, physical activity index, educational attainment, fasting status, 
and dietary score. Three degrees of freedom were used for the temperature and relative humidity splines, and 
four degrees of freedom per year in each study wave were used for the time trend spline. The continuous 
variable will be replaced by each corresponding effect modifier. 2-day, 2-week, and 8-week moving average 
were the exposure windows, and the 
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Figure S5. Percent changes (95% CIs) of metabolites (Trp, PC aa C40:4, and PC ae C42:5) per IQR increase 
in PMcoarse exposure stratified by age, sex, BMI, smoking, physical activity level, dietary pattern, hypertension, 
and diabetes. Results were from our main models adjusted for age, sex, body-mass index (BMI), an indicator 
of each study wave (KORA S4, KORA F4, or KORA FF4), day of the week, time trend, temperature, relative 
humidity, smoking status, alcohol consumption, physical activity index, educational attainment, fasting status, 
and dietary score. Three degrees of freedom were used for the temperature and relative humidity splines, and 
four degrees of freedom per year in each study wave were used for the time trend spline. The continuous 
variable will be replaced by each corresponding effect modifier. 2-day, 2-week, and 8-week moving average 



Paper II

126

 
Figure S6. Percent changes (95% CIs) of metabolites (Trp, PC aa C40:4, and PC ae C42:5) per IQR increase 
in NO2 exposure stratified by age, sex, BMI, smoking, physical activity level, dietary pattern, hypertension, 
and diabetes. Results were from our main models adjusted for age, sex, body-mass index (BMI), an indicator 
of each study wave (KORA S4, KORA F4, or KORA FF4), day of the week, time trend, temperature, relative 
humidity, smoking status, alcohol consumption, physical activity index, educational attainment, fasting status, 
and dietary score. Three degrees of freedom were used for the temperature and relative humidity splines, and 
four degrees of freedom per year in each study wave were used for the time trend spline. The continuous 
variable will be replaced by each corresponding effect modifier. 2-day, 2-week, and 8-week moving average 
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Figure S7. Percent changes (95% CIs) of metabolites (Trp, PC aa C40:4, and PC ae C42:5) per IQR increase 
in O3 exposure stratified by age, sex, BMI, smoking, physical activity level, dietary pattern, hypertension, and 
diabetes. Results were from our main models adjusted for age, sex, body-mass index (BMI), an indicator of 
each study wave (KORA S4, KORA F4, or KORA FF4), day of the week, time trend, temperature, relative 
humidity, smoking status, alcohol consumption, physical activity index, educational attainment, fasting status, 
and dietary score. Three degrees of freedom were used for the temperature and relative humidity splines, and 
four degrees of freedom per year in each study wave were used for the time trend spline. The continuous 
variable will be replaced by each corresponding effect modifier. 2-day, 2-week, and 8-week moving average 
were the exposure windo
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Figure S8. Time series of daily average concentrations of air pollutants from monitoring stations. The X axis 
shows the time period of monitoring exposures from the year 1999 to 2014. The Y axis indicates the 
concentrations of air pollutant exposures, and the unit is µg/m3. 



Appendix

129

    Appendix

   Paper III

Title: Long-term exposure to ambient air pollution is associ-
ated with epigenetic age acceleration

Authors: Yueli Yao, Kathrin Wolf, Susanne Breitner, Siqi Zhang,
Melanie Waldenberger, Juliane Winkelmann, Alexandra
Schneider, Annette Peters

Status: Submitted

Journal: Environmental International

DOI: Preprint: http://dx.doi.org/10.2139/ssrn.5255305

Impact factor: 10.3 (Journal Citation Reports®, year 2023)

Rank: 21/358 in Category Environmental Sciences Journals
(Journal Citation Reports®, year 2023)



Paper III

130

Long-term exposure to ambient air pollution is associated with  1 

epigenetic age acceleration 2 

Yueli Yao a,b, Kathrin Wolf a, Susanne Breitner a,b, Siqi Zhang a,c, Melanie Waldenberger a,d, Juliane 3 
Winkelmann e,f, Alexandra Schneider a* , Annette Peters a,b,g,h* 4 
 5 
a Institute of Epidemiology, Helmholtz Zentrum München GmbH, German Research Center for 6 

Environmental Health, Neuherberg, Germany 7 

b Institute for Medical Information Processing, Biometry, and Epidemiology (IBE), Faculty of Medicine, 8 

LMU Munich, Pettenkofer School of Public Health, Munich, Germany 9 

c Department of Environmental Health Sciences, Yale School of Public Health, New Haven, United States 10 

d Research Unit Molecular Epidemiology, Helmholtz Zentrum München GmbH, German Research Center 11 

for Environmental Health, Neuherberg, Germany 12 

e Institute of Neurogenomics, Helmholtz Zentrum München, German Research Center for Environmental 13 

Health, Neuherberg, Germany 14 

f Institute of Human Genetics, Technical University of Munich, Munich, Germany 15 

g German Center for Diabetes Research (DZD), Munich-Neuherberg, Germany  16 

h German Centre for Cardiovascular Research (DZHK), Partner Site Munich, Munich, Germany 17 

 18 

*Authors share last authorship 19 

Correspondence to:  20 

Yueli Yao, Institute of Epidemiology, Helmholtz Zentrum München GmbH, German Research Center for 21 
Environmental Health, Ingolstädter Landstr. 1, 85764 Neuherberg, Germany; Email: 22 
yueli.yao@helmholtz-munich.de. 23 

 24 

  25 



Paper III

131

Abstract 26 

Background: Epigenetic aging biomarkers, predicted by selected Cytosine-phosphate-Guanine (CpG) sites, 27 
might be influenced by air pollution exposure. However, evidence from longitudinal studies is still limited. 28 

Objectives: To determine the associations between long-term exposure to air pollution and epigenetic aging 29 
biomarkers and identify vulnerable subgroups. 30 

Methods: Data was collected from the German population-based Cooperative Health Research in the 31 
Region of Augsburg (KORA) S4 survey (1999
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Introduction  52 

Epidemiological evidence links air pollution exposure to elevated risks of aging-related diseases e.g., 53 
pulmonary, cardiovascular, and neurological diseases, and cancer.1,2 Research identifies inflammation, 54 
oxidative stress, genetic, and epigenetic alterations
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Methods 91 

Study design and participants 92 

This longitudinal study was based on data of the population-based KORA cohort, conducted in the area of 93 
Augsburg, Germany. The fourth cross-sectional health survey of the KORA cohort (KORA S4) was 94 
conducted from October 1999 to April 2001, recruiting 4,261 participants aged 25 
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concentrations were assigned to the different visits. To account for potential confounding by road traffic 131 
noise, we assigned annual average day/night sound levels to participants
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Results 171 

Characteristics of study participants 172 

Participants
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Sensitivity analysis 211 

The associations between air pollution and six epigenetics clocks remained generally robust across 212 
sensitivity analyses (Appendix, Figure S11). In detail, results were consistent after excluding missing 213 
CpGs in KORA FF4, omitting adjustment for houseman-estimated white cell types, limiting to single or 214 
repeat visits, or restricting to non-movers. Additional adjustment for traffic noise showed robust results or 215 
slightly strengthened the effect estimates of air pollution exposure. Two-pollutant models had similar 216 
estimates to single-pollutant models (Appendix, Figure S12-S13). The results of sensitivity analysis and 217 
two-pollutant models from the stratified analysis by smoking showed comparable results to our main 218 
analysis (data not shown). 219 

In total, 1,253CpGs were used to estimate the five epigenetic aging biomarkers (DNAmHorvathAge, 220 
DNAmHannumAge, DNAmPhenoAge, DNAmSkinBloodAge, DNAmTL). In the limited EWAS, we did 221 
not observe any significant results between air pollutant exposures and these CpGs in the main analysis or 222 
among never smokers (FDR-corrected p-value < 0.05). However, in ever smokers, PMcoarse was 223 
significantly associated with cg12745325 (annotated to SLC39A5 on chromosome 12) included in the 224 
estimation of DNAmTL and cg24081819 (within EPHX2 on chromosome 8) included in the prediction of 225 
DNAmHorvathAge (Table 4). The top canonical pathway, top biofunction, and top disease identified via 226 
IPA were triacylglycerol biosynthesis, cardiovascular disease, and lipid metabolism, respectively 227 
(Appendix, Table S7).  228 
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Discussion 229 

In this study, long-term air pollution exposure was associated with accelerated epigenetic aging. DNAmTL 230 
showed negative associations with all particulate air pollutants and NO2, while DNAmGrimAge and 231 
DNAmPhenoAge acceleration correlated positively with these air pollutants and NOx in clinical models. In 232 
addition, the DNAmHorvathAge and DNAmPhenoAge were accelerated by all air pollutants except for O3 233 
in ever smokers. The strongest associations were observed for PM2.5abs.  234 

Epigenetic aging biomarkers and air pollution 235 

The acceleration of epigenetic clocks, indicative of biological aging, may reflect disrupted homeostasis and 236 
heightened susceptibility to air pollution. Ward-Caviness et al. observed that accelerated epigenetic aging 237 
(DNAmHorvath) enhanced associations between traffic-related PM2.5 (gasoline and diesel sources) and 238 
peripheral arterial disease.18 Similarly, their cross-sectional analysis in the KORA F4 cohort found higher 239 
annual PM2.5 exposure with DNAmHorvathAge acceleration.12 The NAS cohort confirmed associations 240 
between PM2.5 exposure and DNAmHorvathAge acceleration, identifying related CpG sites associated with 241 
lung pathology, but found no association with DNAmHannumAge or DNAmPhenoAge.14,19,20 In the U.S. 242 
Sister Study, NO2 exposure inversely associated with DNAmHannumAge acceleration, but PM2.5 and PM10 243 
showed no significant associations study.13 Another investigation linked lifetime air pollution exposure to 244 
DNAmHorvathAge acceleration, though the association lost significance after adjusting for multiple 245 
testing.15 A study in children reported that indoor particulate matter and parental smoking correlated with 246 
DNAmSkinBloodAge acceleration.17 However, our analysis observed no significant associations between 247 
long-term air pollution exposure and DNAmHorvathAge, DNAmHannumAge, DNAmPhenoAge, or 248 
DNAmSkinBloodAge. 249 

In our study, DNAmGrimAge acceleration was positively associated with most air pollutants (except O3) 250 
in basic and clinical models, but not after adjusting for behavioral factors (smoking status, alcohol 251 
consumption, physical activity, educational attainment). Few previous studies examined air pollution 252 
effects using DNAmGrimAge, and findings have been inconsistent. For instance, Koenigsberg et al. 253 
reported positive associations between PM10, NO2, and DNAmGrimAge, while Baranyi et al. found no 254 
association between lifetime air pollution exposure and DNAmGrimAge.15,16 Our analyses indicated that 255 
behavioral factors, particularly smoking status, significantly attenuated the associations between air 256 
pollution and DNAmGrimAge acceleration (Appendix, Figure S5). Therefore, we assumed that effect 257 
estimates resulting from air pollution might differ between ever-smoking and never-smoking participants. 258 

Stratified analyses among ever smokers revealed positive associations of DNAmHorvathAge and 259 
DNAmPhenoAge acceleration with PM2.5, PMcoarse, and NO2, consistent with prior research.12,14,18  Although 260 
DNAmHorvathAge was initially developed to predict chronological age, accelerated DNAmHorvathAge 261 
in human liver tissue has been associated with increased BMI and higher risk of mortality.21,22 Compared 262 
to other DNAm aging biomarkers, DNAmPhenoAge has a stronger positive correlation with smoking status 263 
and better accuracy in predicting lifespan and morbidity outcomes 
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confounding factors such as different DNA extraction and measuring methods.10 DNAmTL is derived from 271 
leukocyte telomere length but showed better predictive ability than leukocyte TL for coronary heart disease, 272 
heart failure, and mortality outcomes.11 In our study, DNAmTL was negatively associated with long-term 273 
exposure to particulate air pollutants (PM2.5, PM10, PMcoarse, and PM2.5abs) and NO2 from our fully covariates-274 
adjusted models in overall participants and ever smokers. Consistent with our findings, Ward-Caviness et 275 
al. previously observed an inverse relationship between black carbon (equal to PM2.5abs) and TL-based age 276 
acceleration in males using the KORA F4 methylation data, which was replicated in the NAS cohort as 277 
well.12 Additionally, , a life-course study similarly reported shorter DNAmTL was associated with increased 278 
PM2.5 and NO2 exposure.15 The results from the above studies support our findings in this longitudinal study, 279 
suggesting that DNAmTL could be a sensitive biomarker for detecting adverse health outcomes related to 280 
air pollution exposure. 281 

Variability of epigenetic aging biomarkers in response to air pollution 282 

Epigenetic aging biomarkers based on DNAm generally outperform transcriptomic, proteomic, 283 
metabolomic predictors, and telomere length in predicting chronological age and health outcomes.23 284 
However, responses to air pollution exposure vary among these epigenetic aging biomarkers due to 285 
differences in their training datasets, calibration methods, and statistical approaches, which leads to 286 
inconsistent findings across studies. For example, previous research reported differing associations between 287 
epigenetic age acceleration and air pollutants: DNAmHorvathAge and intrinsic/extrinsic epigenetic age 288 
accelerations were positively associated with NOx and black carbon exposure in females, but inversely 289 
associated with PM10 in males, but not with PM2.5 in both females and males.12 Only DNAmHannumAge 290 
acceleration was inversely associated with NO2 but not the other examined age accelerations, and no 291 
significant result from PM2.5 and PM10. The examined age accelerations even responded differently to PM2.5 292 
component clusters.13 Additionally, findings from the NAS cohort indicated that DNAmHorvathAge 293 
acceleration correlated with PM2.5 exposure, whereas DNAmPhenoAge acceleration correlated specifically 294 
with certain PM2.5 components (e.g., calcium, lead), highlighting the complexity and variability of 295 
epigenetic aging biomarkers in air pollution research.14,19,20 296 

Susceptibility  factors of air pollution effects 297 

Behavioral, lifestyle, and health-related factors may influence DNAm-based aging biomarkers. Smoking, 298 
in particular, has been consistently linked to accelerated biological aging: Lu et al. found that DNAmTL 299 
shortened by approximately 0.02 kilobases per smoking pack-year, while Cardenas et al. reported that 300 
former smokers exhibited accelerated DNAmHorvathAge and shorter DNAmTL compared to non-301 
smokers.11,24 Our results similarly showed sensitivity to smoking adjustment, revealing stronger negative 302 
associations between air pollution exposure and DNAmTL among ever-smokers. In addition, 303 
DNAmHorvathAge and DNAmPhenoAge showed a stronger association with all air pollutants in ever 304 
smokers compared to participants who never smoked. Epigenetic modifications, particularly DNAm, are 305 
associated with aging and age-related chronic diseases, including cancer, cardiovascular disease, and 306 
diabetes. Individuals with chronic diseases might have a faster aging speed than healthy individuals.25 For 307 
example, the NAS cohort found that participants with coronary heart disease, hypertension, or lifetime 308 
cancer diagnoses had higher mean epigenetic ages when assessing long-term air pollution exposure (PM2.5 309 
and black carbon).14 In contrast, our study observed inverse associations: DNAmHannumAge acceleration 310 
and shorter DNAmTL were more pronounced in non-hypertensive compared to hypertensive participants, 311 
specifically among never smokers; however, these differences were attenuated among ever smokers. A 312 
potential explanation might be unknown confounding factors such as anti-hypertensive medication. One 313 
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prior study reported anti-hypertensive medications were associated with greater DNAmHorvathAge 314 
acceleration,26 while opposite results were found in another study,27 highlighting the complexity of these 315 
interactions. Regarding differences between women and men, some epigenetic aging biomarkers might be 316 
sex-specific, and females might experience increased aging speed after menopause.12,28  317 

Enriched pathway with exposure-related CpG  318 

Some studies have examined associations between air pollution exposure and DNAm at single CpG site, 319 
identifying significant exposure-related CpGs. For example, Plusquin et al. found that long-term NO2 and 320 
NOx exposure altered DNAm levels at multiple CpGs linked to immune system pathways when integrated 321 
with transcriptomic data.29 Similarly, White et al. conducted a targeted EWAS focused on CpGs from 322 
DNAmHorvathAge, DNAmHannumAge, and DNAmPhenoAge, reporting that cg22920873, annotated by 323 
the C7orf55 gene on chromosome 7, was associated with annual PM10 exposure and identified pathways 324 
involving developmental processes and cell communication.13 Eze et al., using a candidate pathway analysis, 325 
reported associations between PM2.5 exposure and enriched pathways related to inflammation (C-reactive 326 
protein), BMI, and renal function.30 In our study, CpG-annotated genes associated with air pollution 327 
exposure were mainly involved in lipid metabolism and cardiovascular disease pathways. However, neither 328 
identified CpG sites nor enriched biological pathways out of those studies and our study were consistent, 329 
more studies are needed to investigate the heterogenicity across diverse populations and exposures. 330 

Strengths and limitations 331 

To our knowledge, this is the first longitudinal study to explore the associations between long-term ambient 332 
air pollution exposure and multiple generations of DNAm-based epigenetic clocks, DNAm-based TL, and 333 
multiple air pollutants. Compared with previous studies, our study has the largest sample size and a broader 334 
range of air pollutants analyzed, enhancing its robustness and generalizability.12-18,20 Moreover, the well-335 
characterized KORA cohort has standardized and comprehensive methods data collection, improving the 336 
reliability of our findings. Our longitudinal study design, incorporating repeated biomarker measurements, 337 
strengthened statistical power, reduced potential residual confounding from unmeasured factors, and 338 
provided analytical improvement. Additionally, this study has the strength to assess susceptibility from both 339 
external and intrinsic factors, particularly behavioral and lifestyle factors known to affect epigenetic aging.  340 

Our study also has some limitations. The air pollutants concentrations were estimated using spatial models 341 
from data collected in 2014
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Table 1 Number of overlapping CpGs between the epigenetic aging biomarkers. CpGs for DNAmGrimAge 458 
cannot be determined since it is calculated by a two-stage method. 459 
 DNAmHorvathAge DNAmHannumAge DNAmPhenoAge DNAmSkinBloodAge 
DNAmHannumAge 6    
DNAmPhenoAge 41 6   
DNAmSkinBloodAge 60 5 58  
DNAmTL 0 45 1 5 

  460 
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Table 2 Descriptive statistics of participant characteristics by study wave (total number of observations: 461 
N=4105). 462 

 S4 (N=1481)  F4 (N=1599)  FF4 (N=1025)   

Variable Mean ± SD / N (%)  Mean ± SD / N (%)  Mean ± SD / N (%)  p
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Physical activity was defined according to the exercise time per week: Low = almost or no sporting activity, 466 
Medium = regular/ irregular approx. 1 hour per week, High = regularly more than 2 hours per week.  467 
Of 1646 participants in total, 833 attended two examinations, and 813 attended three examinations.   468 
a Numbers in brackets indicate the percent of persons with positive age acceleration.  469 
b Numbers in brackets indicate the missing percent of noise data in each examination.  470 
p-value was based on the Kruskal-
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Table 3 Descriptive statistics and Spearman correlation coefficients of air pollution concentrations 473 
(N=1646). 474 

    Spearman correlation coefficients 

Pollutant Mean ± SD Range IQR  PM2.5 PM10 PNC PMCoarse PM2.5abs O3 NO2 NOx 

PM2.5 
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Table 4 Results from epigenome-wide association study (EWAS) restricted to CpG sites involved in 485 
predicting the respective epigenetic clocks with PMcoarse (ever smokers). 486 

Linear mixed-effects models, adjusted for age, sex, an indicator of each study waves visit (KORA S4, 487 
KORA F4, or KORA FF4), Houseman imputed cells, batch, educational attainment, alcohol consumption, 488 
physical activity, BMI, hypertension, diabetes, HDL, and LDL. 489 
CHR: chromosome; FDR: Benjamini-Hochberg false discovery rate. 490 
DNA methylation in the 0
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497 
Figure 1. Absolute change (95% CI, years) of epigenetic age acceleration per IQR increase in air pollutant 498 
concentrations with basic, behavioral, clinical, and full covariate adjustment. For DNAmTL, the percent 499 
change (95% CI) is displayed. Covariate-adjusted linear mixed-effect regression models were used. Basic 500 
model: basic models were adjusted for age, sex, an indicator of each study wave (KORA S4, KORA F4, or 501 
KORA FF4), houseman estimated cells, batch and chip; Behavioral model: Basic model further adjusted 502 
for educational attainment, smoking status, alcohol consumption, physical activity; Clinical model: Basic 503 
model further adjusted for BMI, hypertension, diabetes, HDL, and LDL. Full model: all covariates from 504 
the behavioral and clinical model combined. PM2.5 = particulate matter with an aerodynamic diameter less 505 
than or equal to 2.5 
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511 
Figure 2. Absolute change (95% CI, years) / percent change (95%CI) of epigenetic aging biomarkers per 512 
IQR increase in air pollutant concentrations stratified by smoking status (percent change only for 513 
DNAmTL). Covariate-adjusted linear mixed-effect regression models were used. Results from the full 514 
model adjusting for age, sex, an indicator of each study waves visit (KORA S4, KORA F4, or KORA FF4), 515 
Houseman imputed cells, batch, educational attainment, alcohol consumption, physical activity, BMI, 516 
hypertension, diabetes, HDL, and LDL. Never smoking = participants who never smoked; Ever smoking = 517 
current or former smokers. PM2.5 = particulate matter with an aerodynamic diameter less than or equal to 518 
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524 
Figure 3. Percent change (95% CI) in DNAmTL per IQR increase in air pollutant concentrations stratified 525 
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Figure S10. Absolute changes (95% CI, years) in DNAmSkinBloodAge acceleration per IQR increase 
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Text S1. Definitions of individual characteristics 
The continuous body mass index (BMI) was calculated as weight divided by height squared (kg/m2) and 
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Text S2. Processing of DNA methylation data and prediction of epigenetic clocks 

The bisulfite conversion and genome-wide methylation assessment were performed as previously 
described.1 Further quality control and pre-processing of the data were performed on the raw methylation 
data of KORA S4, F4, and FF4,  following the CPACOR pipeline,2 starting with the exclusion of single-
nucleotide polymorphism markers, background correction using the R package minfi,3 and subsequently 
setting probes to NA if the signals had a detection p-value of > 0.01 or were summarized from 



Paper III

156

Text S3. Exposure assessment 

Air pollution  

The land-use regression (LUR) models used to estimate annual air pollutant concentrations were 
developed and validated following the methodology outlined by Wolf et al.10 Model performance was 
evaluated using leave-one-out cross-validation (LOOCV), a robust method for assessing predictive 
accuracy. 

To capture seasonal variation in pollutant levels, air pollution measurements were conducted at 20 
monitoring sites within the KORA study area. These measurements took place in three bi-weekly 
campaigns between March 2014 and April 2015, each representing a different seasonal condition
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Table S1 Absolute/percent changes (95% CI) in epigenetic aging biomarkers per IQR increase in air 
pollutants. 

Epigenetic aging 
biomarkers 

Exposure Basic Behavioral Clinical  Full  

Acceleration of 
DNAmGrimAge 

PM2.5 
0.23 (0.08, 0.38); 
p = 0.01 

--- 
0.22 (0.07, 0.38); 
p = 0.02 

--- 

PM10 
0.27 (0.12, 0.42); 
p = 0.01 --- 

0.27 (0.12, 0.42); 
p = 0.002 --- 

PNC 
0.22 (0.1, 0.34); 
p = 0.002 --- 

0.21 (0.09, 0.33); 
p = 0.003 --- 

PMcoarse 
0.34 (0.19, 0.49); 
p = 8.0×10-5 --- 

0.34 (0.19, 0.49); 
p = 9.0×10-5 --- 

PM2.5abs 
0.37 (0.2, 0.54); 
p = 0.0001 --- 

0.35 (0.18, 0.52); 
p = 0.0003 --- 

NO2 
0.45 (0.27, 0.62); 
p = 1.0×10-5 --- 

0.43 (0.25, 0.6); 
p = 2.0×10-5 --- 

NOx 
0.25 (0.13, 0.38); 
p = 0.001 --- 

0.24 (0.11, 0.37); 
p = 0.001 --- 

 
DNAmTL 

PM2.5 
-0.2 (-0.3, -0.1); 
p = 0.0007 

-0.1 (-0.2, 0); 
p = 0.02 

-0.2 (-0.3, -0.1); 
p = 0.0007 

-0.1 (-0.2, 0); 
p = 0.01 

PM10 
-0.2 (-0.3, -0.1); 
p = 0.00008 

-0.2 (-0.3, -0.1); 
p = 0.001 

-0.2 (-0.3, -0.1); 
p = 7.0×10-5 

-0.2 (-0.3, 0); 
p = 0.0009 

PNC 
-0.1 (-0.2, -0.1); 
p = 0.0002 

-0.1 (-0.2, 0); 
p = 0.003 

-0.1 (-0.2, -0.1); 
p = 0.0002 

-0.1 (-0.2, 0); 
p = 0.03 

PMcoarse 
-0.3 (-0.4, -0.2); 
p = 1.4×10-7 

-0.2 (-0.3, -0.1); 
p = 5.9×10-6 

-0.3 (-0.4, -0.2); 
p = 1.3×10-7 

-0.2 (-0.3, -0.1); 
p = 6.0×10-6 

PM2.5abs 
-0.3 (-0.4, -0.2); 
p = 2.7×10-6 

-0.2 (-0.3, -0.1); 
p = 0.0002 

 -0.3 (-0.4, -0.2); 
p = 3.4×10-6 

 -0.2 (-0.3, -0.1); 
p = 0.0002 

NO2 
-0.2 (-0.3, -0.1); 
p = 7.6×10-5 

-0.2 (-0.3, -0.1); 
p = 0.003 

-0.2 (-0.3, -0.1); 
p = 7.9×10-5 

-0.2 (-0.3, -0.1); 
p = 0.003 

NOx 
-0.1 (-0.2, 0); 
p = 0.01 

--- 
-0.1 (-0.2, 0); 
p = 0.01 

--- 

Covariate-adjusted linear mixed-effect regression models were used. The effect estimates of 
acceleration of DNAmGrimAge and DNAmTL were presented as absolute change (together 95% CI) 
and percent change, respectively. Basic model: adjusted for age, sex, an indicator of each study wave 
(KORA S4, KORA F4, or KORA FF4), houseman estimated cells, batch, and chip; Behavioral model: 
further adjusted for educational attainment, smoking status, alcohol consumption, physical activity into 
basic model; Clinical model: additionally included BMI, hypertension, diabetes, HDL, and LDL into 
the basic models. Full model: all confounders used in the other three models. PM2.5 = particulate matter 
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Table S3. Descriptive statistics of participant characteristics by study wave in never smokers (N=1726). 

 S4 (N=632)  F4 (N=673)  FF4 (N=421)   
Variable Mean ± SD / N (%)  Mean ± SD / N (%)  Mean ± SD / N (%)  p
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Epigenetic aging 
biomarkers 

Exposure Basic Behavioral Clinical  Full  

Acceleration of 
DNAmHorvathAge 

PM10 
-0.35 (-0.58, -0.11);  
p = 0.04 

-0.36(-0.6, -0.12); 
p = 0.03 

-0.36 (-0.6, -0.12); 
p = 0.03 

-0.36 (-0.6, -0.12); 
p = 0.03 

PNC -0.33 (-0.52, -0.14); 
p = 0.01 

-0.34 (-0.53, -0.15);  

p = 0.007 
-0.35 (-0.54, -0.16);  
p = 0.007 

-0.35 (-0.54, -0.16);  

p = 0.006 

NOx -0.33 (-0.53, -0.14); 
p = 0.01 

-0.34 (-0.54, -0.14); 

 p = 0.009 
-0.35 (-0.55, -0.16); 
 p = 0.009 

-0.35 (-0.55, -0.16); 

 p = 0.007 
Acceleration of 
DNAmSkinBloodAge 

PM2.5 
-0.42 (-0.63, -0.21); 
p = 0.004 

-0.42 (-0.63, -0.21); 
p = 0.004 

-0.43 (-0.64, -0.22); 
p = 0.002 

-0.43 (-0.63, -0.22); 
p = 0.003 

Covariate-adjusted linear mixed-effect regression models were used. The effect estimates of 
acceleration of DNAmGrimAge and DNAmTL were presented as absolute change (together 95% CI) 
and percent change, respectively. Basic model: adjusted for age, sex, an indicator of each study wave 
(KORA S4, KORA F4, or KORA FF4), houseman estimated cells, batch, and chip; Behavioral model: 
further adjusted for educational attainment, alcohol consumption, physical activity into basic model; 
Clinical model: additionally included BMI, hypertension, diabetes, HDL, and LDL into the basic models. 
Full model: all confounders used in other three models. PM2.5 = particulate matter with an aerodynamic 
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Table S5. Descriptive statistics of participant characteristics by study wave in current and former 
smokers (N=2378). 

 S4 (N=848)  F4 (N=926)  FF4 (N=604)   

Variable Mean ± SD / N (%)  Mean ± SD / N (%)  Mean ± SD / N (%)  p
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Table S6. Absolute/percent changes (95% CIs) in epigenetic aging biomarkers per IQR increase in air 
pollutants in current and former smokers. 

Epigenetic aging 
biomarkers 

Exposure Basic Behavioral Clinical  Full  

Acceleration of 
DNAmHorvathAge 

PM2.5 0.33 (0.13, 0.52); 
p = 0.01 

0.31 (0.12,0.51); 
p = 0.03 

0.32 (0.12,0.51); 
p = 0.03 

0.32 (0.12,0.51); 
p = 0.01 

PM10 
0.29 (0.09, 0.49); 
p = 0.02 

0.28 (0.08,0.48); 
p = 0.03 

0.33 (0.04,0.61); 
p = 0.03 

0.26 (0.06,0.46); 
p = 0.03 

PNC 
0.24 (0.09, 0.4); 
p = 0.01 

0.23 (0.08,0.39); 
p = 0.03 

0.23 (0.07,0.39); 
p = 0.04 

0.23 (0.07,0.39); 
p = 0.02 

PMcoarse 
0.31 (0.12, 0.51); 
p = 0.01 

0.31 (0.11,0.5); 
p = 0.03 

0.32 (0.09,0.52); 
p = 0.03 

0.31 (0.12,0.51); 
p = 0.01 

PM2.5abs 
0.34 (0.12, 0.55); 
p = 0.01 

0.31 (0.1,0.52); 
p = 0.03 

0.33 (0.09,0.52); 
p = 0.04 

0.31 (0.09,0.52); 
p = 0.03 

NO2 
0.36 (0.14, 0.59); 
p = 0.01 

0.35 (0.13,0.58); 
p = 0.03 

0.37 (0.14,0.59); 
p = 0.03 

0.36 (0.14,0.59); 
p = 0.01 

NOx 
0.23 (0.06, 0.39); 
p = 0.02 

0.22 (0.05,0.39); 
p = 0.04 

0.22 (0.05,0.39); 
p = 0.03 

0.22 (0.05,0.39); 
p = 0.03 

Acceleration of 
DNAmPhneoAge 

PM2.5 
0.51 (0.13, 0.89);  
p = 0.02 

0.5 (0.12, 0.88);  
p = 0.03 

0.51 (0.13, 0.89);  
p = 0.02 

0.5 (0.12, 0.88);  
p = 0.03 

PMcoarse 
0.55 (0.17, 0.94); 
p = 0.02 

0.55 (0.17, 0.96); 
p = 0.03 

0.55 (0.17, 0.94); 
p = 0.02 

0.58 (0.19, 0.96); 
p = 0.02 

PM2.5abs 
0.56 (0.13, 0.96); 
p = 0.02 

0.55 (0.14, 0.97); 
p = 0.03 

0.6 (0.19, 1.02); 
p = 0.02 

--- 

NO2 
0.65 (0.21, 1.09); 
p = 0.02 

0.64 (0.19, 1.08); 
p = 0.03 

0.65 (0.21, 1.09); 
p = 0.02 

0.61 (0.17, 1.06); 
p = 0.03 

DNAmTL 

PM2.5 
-0.3 (-0.4, -0.2); 
p = 7.3×10-7 

-0.3 (-0.4, -0.2); 
p = 1.3×10-6 

-0.3 (-0.4, -0.2); 
p = 7.4×10-7 

-0.3 (-0.4, -0.2); 
p = 1.6×10-5 

PM10 
-0.2 (-0.3, -0.1); 
p = 0.0003 

-0.2 (-0.3, -0.1); 
p = 0.0008 

-0.2 (-0.3, -0.1); 
p = 0.0003 

-0.2 (-0.3, -0.1); 
p = 0.005 

PNC 
-0.1 (-0.2, 0); 
p = 0.02 

-0.1 (-0.2, 0); 
p = 0.04 

-0.1 (-0.2, 0); 
p = 0.02 

--- 

PMcoarse 
-0.3 (-0.4, -0.1); 
p = 2.3×10-5 

-0.3 (-0.4, -0.2); 
p = 1.8×10-5 

-0.3 (-0.4, -0.1); 
p = 1.6×10-5 

-0.3 (-0.4, -0.1); 
p = 0.0001 

PM2.5abs 
-0.3 (-0.4, -0.2); 
p = 5.9×10-6 

-0.3 (-0.4, -0.2); 
p = 1.8×10-6 

-0.3 (-0.4, -0.2); 
p = 8.9×10-6 

-0.3 (-0.4, -0.2); 
p = 0.0001 

NO2 
-0.3 (-0.4, -0.2); 
p = 4.2×10-5 

-0.3 (-0.4, -0.1); 
p = 0.0001 

-0.3 (-0.4, -0.2); 
p = 4.8×10-5 

-0.3 (-0.4, -0.1); 
p = 0.001 

Covariate-adjusted linear mixed-effect regression models were used. The effect estimates of 
acceleration of DNAmGrimAge and DNAmTL were presented as absolute change (together 95% CI) 
and percent change, respectively. Basic model: adjusted for age, sex, an indicator of each study wave 
(KORA S4, KORA F4, or KORA FF4), houseman estimated cells, batch, and chip; Behavioral model: 
further adjusted for educational attainment, alcohol consumption, physical activity into basic model; 
Clinical model: additionally included BMI, hypertension, diabetes, HDL, and LDL into the basic models. 
Full model: all confounders used in other three models. PM2.5 = particulate matter with an aerodynamic 
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Table S7. Pathways identified by exposure-related CpG sites via Ingenuity Pathway Analysis (IPA). 

  

Canonical pathways  Top diseases  
Top bio 

functions 
 

Name p-value Name p-value range Name p-value range 

Triacylglycerol 

biosynthesis  
0.01 

Cardiovascular 

Disease 
0.02 - 2×10-4 

Lipid 

Metabolism 
0.048 - 9×10-6 

Stearate biosynthesis I 0.01 
Hematological 

Disease 
0.002 - 2×10-4 

Small Molecule 

Biochemistry 
0.048 - 9×10-6 

D-myo-inositol (1,4,5,6)-

tetrakisphosphate 

biosynthesis 

0.036 
Hereditary 

Disorder 
0.002 - 2×10-4 

Molecular 

Transport 
0.035 - 4×10-4 

D-myo-inositol (3,4,5,6)-

tetrakisphosphate 

biosynthesis 

0.036 
Metabolic 

Disease 
0.002 - 2×10-4 

Cell-To-Cell 

Signaling and 

Interaction 

0.02 - 6×10-4 

3-phosphoinositide 

degradation 
0.038 

Ophthalmic 

Disease 
0.001 - 2×10-4 

Energy 

Production 
0.01 - 6×10-4 
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Figure S1. Flow chart of participants exclusion process in this study 
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Figure S2. Pearson correlations between Age, DNAmHorvathAge, DNAmHannumAge, 
DNAmPhenoAge, DNAmGrimAge, DNAmSkinBloodAge, and DNAmTL. 
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Figure S3. Pearson correlation between houseman estimated cells.  
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Figure S4. Pearson correlations between chronological age, PM2.5, PM10, PMcoarse, PM2.5abs, PNC, NO2, 
NOx and O3.  
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Figure S5. Results of analysis on DNAmGrimAge with an inclusion of confounders step by step. 

Covariate-adjusted linear mixed-effect regression models were used. 

Random effect: participant ID, batch, chip 

model1: age + sex + houseman cells + indicator of study + BMI + hypertension + diabetes + HDL + 
LDL 

model2: model1 + alcohol consumption  

model3: model1 + physical activity 

model4: model1 + education  

model5: model1 + smoking  

model6: model1 + smoking + alcohol consumption 

model7: model1 + smoking + alcohol consumption + physical activity 

model8: model1 + smoking + alcohol consumption + physical activity + education 
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Figure S6. Absolute changes (95% CI, years) in DNAmHorvathAge acceleration per IQR increase in 
air pollutant concentrations stratified by categorized 
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PM2.5 
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Figure S7. Absolute changes (95% CI, years) in DNAmHannumAge acceleration per IQR increase in 
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PM2.5 
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Figure S8. Absolute changes (95% CI, years) in DNAmPhenoAge acceleration per IQR increase in air 
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PM2.5 
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Figure S9. Absolute changes (95% CI, years) in DNAmGrimAge acceleration per IQR increase in air 
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PM2.5 



Paper III

180

 

Figure S10. Absolute changes (95% CI, years) in DNAmSkinBloodAge acceleration per IQR increase 
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PM2.5 
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Figure S11. Absolute change (95% CI, years) of epigenetic age acceleration per IQR increase in air 
pollutant concentrations with basic, behavioral, clinical, and full covariate adjustment. For DNAmTL, 
the percent change (95% CI) is displayed. 

Covariate-adjusted linear mixed-effect regression models were used. The confounders used in different 
sensitivity analyses were the same as used in our full model including by age, sex, an indicator of each 
study waves visit (KORA S4, KORA F4, or KORA FF4), houseman estimated cells, batch, chip, 
educational attainment, smoking status, alcohol consumption, physical activity, BMI, hypertension, 
diabetes, HDL, and LDL. 

Main: results from our full model; Restricted_CpG: Epigenetic clocks calculation after exclusion of 
missing CpG sites in MethylationEPIC (KORA FF4) from KORA S4 and F4 methylation dataset; 
Without houseman: an exclusion of houseman estimated cells from the confounders; All participants: 
An inclusion of all participants whoever attended KORA S4, F4 or FF4 once or more times and meet 
the data recruitments. Non-mover: participants without changing their residential address throughout 
the entire study period; Daily/night noise: an inclusion of daily or night noise correspondingly as the 
second environmental exposure.  

PM2.5 
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Figure S12. Comparison between single and two-pollutant models after additional inclusion of PM2.5 
(percent change only for DNAmTL). 

Covariate-adjusted linear mixed-effect regression models were used. Results were from our full model 
adjusted by age, sex, an indicator of each study waves visit (KORA S4, KORA F4, or KORA FF4), 
houseman estimated cells, batch, chip, educational attainment, smoking status, alcohol consumption, 
physical activity, BMI, hypertension, diabetes, HDL, and LDL.  

PM2.5 
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Figure S13. Comparison between single and two-pollutant models after additional inclusion of O3 
(percent change only for DNAmTL). 

Covariate-adjusted linear mixed-effect regression models were used. Results were from our full model 
adjusted by age, sex, an indicator of each study waves visit (KORA S4, KORA F4, or KORA FF4), 
houseman estimated cells, batch, chip, educational attainment, smoking status, alcohol consumption, 
physical activity, BMI, hypertension, diabetes, HDL, and LDL.  

PM2.5 
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Further projects
I was responsible for a research project investigating the associations between genome-
wide DNA methylation patterns and short-, medium-, and long-term exposure to air pol-
lutants. This project utilized longitudinal data from the KORA cohort study conducted in
Augsburg, Germany, and DNA methylation was quantified using Infinium methylation
arrays. My responsibilities encompassed drafting the statistical analysis plan, managing
data processing and quality control, conducting statistical analyses, summarizing results,
interpreting findings, and preparing visualizations. The analyses have been completed,
and I am currently working on the results for manuscripts.

Additionally, I contributed to the CHARGE consortium’s pollution-wide Epigenome-Wide
Association Study (EWAS) project, specifically utilizing the KORA F4 DNA methylation
dataset. Our objective was to replicate findings related to long-term exposure to near-
roadway air pollution and its associations with DNA methylation patterns. My role in-
cluded data application, data quality control procedures, data processing, statistical anal-
yses, and results summarization and visualization. This project was successfully com-
pleted and is currently awaiting publication.

I was also involved in a collaborative project assessing the predictive capability of DNA
methylation-based biomarkers for major health outcomes, including all-cause mortality,
myocardial infarction, stroke, and cancer. KORA F4 served as a replication cohort, and
my contributions involved data processing, conducting sensitivity analyses, and actively
participating in manuscript reviewing, editing, and revision. This project was successfully
completed and resulted in a peer-reviewed publication titled “DNA methylation-based
biomarkers of age acceleration and all-cause death, myocardial infarction, stroke, and
cancer in two cohorts: the NAS and KORA F4.”

Finally, I participated in a study examining the relationship between epigenetic aging and
allergic diseases. Specifically, I was responsible for calculating epigenetic clock
measures using DNA methylation data from KORA F4. Additionally, I contributed to man-
uscript editing and revision processes. This study has successfully concluded, resulting
in a published article titled “Childhood Asthma and Allergy Are Related to Accelerated
Epigenetic Aging.”
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