
vorgelegt von

aus

Jahr

2026

Aus dem

Institut für Epidemiologie (EPI) 

Helmholtz-Zentrum München





Mit Genehmigung der Medizinischen Fakultät der 

Ludwig-Maximilians-Universität München

Erstes Gutachten:

Zweites Gutachten:

Drittes Gutachten

 Dekan: Prof. Dr. med. Thomas Gudermann

Tag der mündlichen Prüfung:

_________________________________________________________





谨献给我亲爱的家人

To my beloved family





Affidavit

7

Affidavit Dekanat Medizinische Fakultät

Promotionsbüro

Affidavit

Yao, Yueli

Surname, first name

I hereby declare, that the submitted thesis entitled

is my own work. I have only used the sources indicated and have not made unauthorised use of services of a third

party. Where the work of others has been quoted or reproduced, the source is always given.

I further declare that the dissertation presented here has not been submitted in the same or similar form to any

other institution for the purpose of obtaining an academic degree.

Place, Date Signature doctoral candidate

Affidavit 27.05.2025

Air pollution and health – what are the underlying biochemical mediators?

Munich, 27.01.2026 Yueli Yao





Confirmation of congruency

9

Confirmation of congruencyDean’s Office Medical Faculty

Doctoral Office

Confirmation of congruency between printed and electronic version of the

doctoral thesis

Yao, Yueli

Surname, first name

I hereby declare that the electronic version of the submitted thesis, entitled

is congruent with the printed version both in content and format.

Place, Date Signature doctoral candidate

Congruency of submitted versions PhD Medical Research Date: 27.05.2025

Air pollution and health – what are the underlying biochemical mediators?

Munich, 27.01.2026 Yueli Yao





Table of content

11

Table of content
Affidavit ........................................................................................................................... 7
Confirmation of congruency........................................................................................... 9
Table of content .............................................................................................................11
List of abbreviations ......................................................................................................12
List of publications included in this thesis ...................................................................14
Contribution to the included publications ....................................................................15
Introductory Summary ...................................................................................................17
1. Background ..............................................................................................................17

1.1 Air pollution and health impacts ...........................................................................17
1.2 Underlying mechanisms between air pollution and health impacts ........................18 
 1.2.1 Metabolomics .............................................................................................20
 1.2.2 Epigenetic aging .........................................................................................21
 1.2.3 Link between metabolite and epigenetic aging ............................................24
1.3 Epidemiological evidence ....................................................................................24
 1.3.1 Air pollution and metabolomics ...................................................................24
 1.3.2 Air pollution and epigenetic aging ...............................................................25

2. Objectives .................................................................................................................26
3. Outline of Methods ...................................................................................................27

3.1 Study design and participants ..............................................................................27
3.2 Air pollution .........................................................................................................27
3.3 Biomarker measurements ....................................................................................28
3.4 Statistical methods ..............................................................................................28

4. Results ......................................................................................................................31
5. Discussion ................................................................................................................34

5.1 Interplay of metabolomic and epigenetic aging: uncovering common mechanisms
or pathways .........................................................................................................34

5.2 Susceptible subgroups ........................................................................................35
5.3 Health impacts of air pollution across shorter and longer exposure periods under 

consideration of air quality regulation ...................................................................36
5.4 Strengths and limitations......................................................................................37
5.5 Outlook: Future research .....................................................................................38

6. Conclusions .............................................................................................................39
References .....................................................................................................................40
Publications ...................................................................................................................48

Paper I .......................................................................................................................48
Paper II ......................................................................................................................92

Appendix ......................................................................................................................129
Paper III ...................................................................................................................129

Further projects ...........................................................................................................185
Acknowledgements .....................................................................................................186
List of all scientific publications to date .....................................................................189



List of abbreviations

12

 List of abbreviations

AD Alzheimer’s disease
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BMI Body-mass index

CAD Coronary artery disease

CHD Coronary heart disease
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CRP C-reactive protein
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CpG Cytosine-phosphate-Guanin
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DNAm DNA methylation
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KORA German population-based Cooperative Health Re-
search in the Region of Augsburg
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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
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RR Relative risk

sEH Soluble epoxide hydrolase
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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].



Background

22

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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Longitudinal associations between metabolites and long-term exposure to 
ambient air pollution: Results from the KORA cohort study 
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A B S T R A C T   

Background: Long-term exposure to air pollution has been associated with cardiopulmonary diseases, while the 
underlying mechanisms remain unclear. 
Objectives: To investigate changes in serum metabolites associated with long-term exposure to air pollution and 
explore the susceptibility characteristics. 
Methods: We used data from the German population-based Cooperative Health Research in the Region of 
Augsburg (KORA) S4 survey (1999–2001) and two follow-up examinations (F4: 2006–08 and FF4: 2013–14). 
Mass-spectrometry-based targeted metabolomics was used to quantify metabolites among serum samples. Only 
participants with repeated metabolites measurements were included in the current analysis. Land-use regression 
(LUR) models were used to estimate annual average concentrations of ultrafine particles, particulate matter (PM) 
with an aerodynamic diameter less than 10 μm (PM10), coarse particles (PMcoarse), fine particles, PM2.5 absor
bance (a proxy of elemental carbon related to traffic exhaust, PM2.5abs), nitrogen oxides (NO2, NOx), and ozone at 
individuals’ residences. We applied confounder-adjusted mixed-effects regression models to examine the asso
ciations between long-term exposure to air pollution and metabolites. 
Results: Among 9,620 observations from 4,261 KORA participants, we included 5,772 (60.0%) observations from 
2,583 (60.6%) participants in this analysis. Out of 108 metabolites that passed stringent quality control across 
three study points in time, we identified nine significant negative associations between phosphatidylcholines 
(PCs) and ambient pollutants at a Benjamini-Hochberg false discovery rate (FDR) corrected p-value < 0.05. The 
strongest association was seen for an increase of 0.27 μg/m3 (interquartile range) in PM2.5abs and decreased 
phosphatidylcholine acyl-alkyl C36:3 (PC ae C36:3) concentrations [percent change in the geometric mean: 
− 2.5% (95% confidence interval: − 3.6%, − 1.5%)]. 
Conclusions: Our study suggested that long-term exposure to air pollution is associated with metabolic alterations, 
particularly in PCs with unsaturated long-chain fatty acids. These findings might provide new insights into 
potential mechanisms for air pollution-related adverse outcomes.   

1. Introduction 

Epidemiological studies have shown associations between chronic 
exposure to ambient air pollution and pulmonary, cardio-metabolic, and 
neurological disease, and even mortality (Bae et al. 2021; Cao et al. 
2020; Hales et al. 2021; Kasdagli et al. 2022; Liu et al. 2021; Mortamais 

et al. 2021; Park et al. 2021; Wolf et al. 2021). However, the underlying 
biological mechanisms are not yet fully elucidated. Hypothesized 
pathways linking air pollution exposure and health include the direct 
translocation of ambient particles with a smaller aerodynamic diameter 
(e.g., ultrafine particles) and gaseous air pollutants (e.g., nitrogen di
oxide and ozone) from the lung into the blood leading to alternations of 
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blood parameters (Nemmar et al. 2002). Another possible pathway is the 
induction of local inflammatory responses in the lung by larger inhaled 
ambient particles leading to autonomic cardiac, systemic inflammatory, 
and haemostatic activities (Brook et al. 2010). 

The blood metabolome is a collection of biologically active chemicals 
in the human blood, derived from endogenous processes and exogenous 
exposure to food, medicines, and pollutants (Rappaport et al. 2014). 
Metabolomics has become a well-developed tool to investigate small 
molecular metabolites presented in the biological systems and corre
sponding cellular responses perturbed by endogenous or exogenous 
stimuli (Holmes et al. 2008). Recent epidemiological studies have pro
vided evidence of adverse air pollution-induced effects on metabolomic 
biomarkers (Chen et al. 2019a; Gaskins et al. 2021; Hood et al. 2022; Li 
et al. 2017; Li et al. 2021; Liang et al. 2018; Ritz et al. 2022; van 
Veldhoven et al. 2019; Vlaanderen et al. 2017; Ward-Caviness et al. 
2016). However, these studies mainly focused on short-term and inter
mediate exposures (day-to-day changes) to air pollution. Only a few 
studies have examined the metabolomics signatures in response to long- 
term air pollution exposures (e.g., annual averages) within cohort 
studies (Jeong et al. 2018; Nassan et al. 2021a; Nassan et al. 2021b; 
Walker et al. 2019). These studies were either limited to small sample 
sizes or focused on specific individuals, for example, older men or par
ticipants with adult-onset asthma or cardio-cerebrovascular diseases. 

Given the limited evidence, especially within a general population 
cohort study, we aimed to determine the associations between long-term 
ambient air pollution and targeted metabolomics within the population- 
based Cooperative Health Research in the Region of Augsburg (KORA) 
cohort, conducted in the area of Augsburg, Germany. Additionally, we 
explored the role of potential individual characteristics in modifying the 
effects of air pollution effects, including body mass index (BMI), lifestyle 
(e.g., smoking status, alcohol consumption, physical activity, and di
etary patterns), pre-existing diseases (e.g., hypertension and diabetes), 
and medication intakes (e.g., anti-hypertensive, anti-diabetic, and lipid- 
lowering medication). We hypothesized that long-term exposure to air 
pollution is associated with the perturbation of serum metabolite con
centrations involved in some metabolic pathways related to adverse 
health effects from ambient air pollution and that individuals’ charac
teristics can modify these health effects. 

2. Methods 

2.1. Study design and participants 

In this longitudinal study, we used data from the KORA cohort. The 
fourth cross-sectional health survey of the KORA cohort (KORA S4) was 
conducted from October 1999 to April 2001. It involved 4,261 partici
pants aged 25–74 years with German citizenship in the city of Augsburg, 
Germany, and two adjacent counties. Two follow-up examinations were 
carried out: within the first follow-up (KORA F4), 3,080 participants 
were examined between Oct 2006 and May 2008, whereas the second 
follow-up (KORA FF4) consisted of 2,279 participants with examina
tions between June 2013 and Sept 2014. 

A computer-assisted personal interview, a self-administered ques
tionnaire, and physical examinations were performed at each visit by 
trained investigators at the study centre. Physical activity was catego
rized based on the time spent on physical exercise into low (no or almost 
no physical exercise), medium (regular or irregular approx. one hour per 
week), and high (more than two hours per week) levels. Alcohol con
sumption was categorized into no (0 g/day), moderate (men 0.1–39.9 g/ 
day and women 0.1–19.9 g/day), and high (men ≥ 40 g/day and 
women ≥ 20 g/day) consumption. Smoking status was categorized into 
current (regular or irregular smokers), former (ex-smokers), and never 
(never-smokers) smokers. A diet questionnaire with a qualitative food 
frequency list was performed to collect the dietary intake; a continuous 
dietary score and categorical dietary patterns were defined based on 
participants’ answers. Briefly, the individuals’ dietary intake was 

collected using a food-frequency questionnaire investigating 24 food 
groups. An index was built rating the frequency with which each food 
was consumed by assigning either 0, 1, or 2 points based on recom
mendations of the German Nutrition Society (DGE). Higher scores reflect 
better compliance with DGE recommendations. A sum dietary score 
ranging from 0 to 27 was calculated according to DGE guidelines and 
subsequently grouped into three categories: adverse (≤13 points), or
dinary (14 ~ 15 points), and favourable (≥16 points) dietary patterns. 
This approach was established in earlier KORA studies and was vali
dated against a weighed 7-day dietary protocol (Rabel et al. 2018; 
Winkler and Döring 1998). 

Only participants who attended at least two visits across the entire 
study period were included in this longitudinal analysis. Additionally, 
we excluded participants with missing data on covariates used in our 
main analysis (Fig. S1). Written informed content was obtained from all 
participants. The KORA study was approved by the ethics committee of 
the Bavarian Chamber of Physicians (Munich, Germany). 

2.2. Biomarker measurements 

Blood samples were drawn into serum gel tubes between 8:00 am 
and 10:30 am after at least 8 h of overnight fasting. The blood samples 
were kept at 4 ◦C up to six hours after blood withdrawal for further 
procedure. Serum was collected and filled into synthetic straws, and 
stored in liquid nitrogen (− 80 ◦C) until the further analyses were 
conducted. 

2.3. High-sensitivity C-reactive protein (hs-CRP) 

The high-sensitivity C-reactive protein (hs-CRP) assay was per
formed shortly after the blood withdrawal for each study wave (KORA 
S4 (September-December 2001), KORA F4 (July-October 2008), and for 
KORA FF4 (December 2015-March 2016)). hs-CRP was measured in 
serum by a BN nephelometer (Siemens Healthcare Diagnostics Product 
GmbH, Marburg, Germany) in the collaborating Biomarker Laboratory 
at the University of Ulm, Germany. 

2.4. Targeted metabolomics 

The metabolite profiling in serum samples was done with the 
AbsoluteIDQTM p180 kit (BIOCRATES Life Sciences AG, Innsbruck, 
Austria) for KORA S4 (March–April 2011) and FF4 (February–October 
2019), allowing for the simultaneous quantification of 188 metabolites. 
KORA F4 samples were measured with the AbsoluteIDQTM p150 kit to 
detect 163 metabolites in August 2008–March 2009. The assay pro
cedures have been described previously in detail (Römisch-Margl et al. 
2012). 

Identical quality control (QC) procedures were used in each of the 
three study points in time. Each metabolite should meet the following 
three criteria: (1) The average value of the coefficient of variance (CV) in 
the five/six reference samples or three quality control samples should be 
less than 25%; (2) 50% of all measured sample concentrations for the 
metabolite should be above the limit of detection (LOD), which was 
defined as three times the median of zero samples; (3) The rate of 
missing value of metabolite should be less than 5%. The non-detectable 
values of each metabolite were randomly imputed by values ranging 
from 75% to 125% of half of the lowest measured value of the corre
sponding metabolite in each plate. In order to minimize the plate effects 
in each visit, plate normalization factors were calculated by dividing the 
mean of reference sample values (QC samples in KORA F4) in each plate 
by the mean of all reference sample values in all plates, and then used to 
normalize each metabolite (Han et al. 2022; Huang et al. 2020). 

Additionally, to control for the effects of the different kits between 
KORA F4 and KORA S4/FF4, up to eight participants’ samples were 
randomly selected from each of the 36 kit plates in KORA F4 and re- 
measured using the same AbsoluteIDQt p180 kit used in KORA S4/FF4 
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in September–October 2019 (Han et al. 2022). The difference in each 
metabolite between the corresponding participants in KORA F4 and re- 
measured KORA F4, and a further mean difference of each metabolite 
were calculated. The kit normalization factor was calculated by dividing 
the mean of each metabolite in KORA F4 by the mean of each metabolite 
in KORA F4 minus the mean difference between KORA F4 and re- 
measured KORA F4, and used to correct KORA F4 metabolite data. 
Extreme outliers of each metabolite were defined as a value beyond the 
range of mean ± 5 × standard deviations and imputed by the K-nearest 
neighbors algorithm (KNN). 

In total, 135 metabolites in KORA S4, 114 in KORA F4, and 145 in 
KORA FF4 passed the quality control. Out of these, 108 metabolites were 
overlapped among KORA S4, F4, and FF4 and were used in the subse
quent analysis. Metabolites covered the following compound classes: 12 
amino acids, 12 acylcarnitines, 72 glycerophospholipids (including 32 
phosphatidylcholines with acyl-acyl (diacyl) side chains, 33 phosphati
dylcholines with acyl-alkyl side chains, and seven lysophosphati
dylcholines), 11 sphingomyelins (SM) and a sum of hexoses (including 
glucose). The complete list of metabolites is presented in the supple
mentary material (Table S1). 

2.5. Exposure assessment 

Residential annual mean exposure to air pollution including ultrafine 
particles (particulate matter (PM) ≤ 100 nm in aerodynamic diameter, 
represented by particle number concentration (PNC)), PM with an 
aerodynamic diameter less than 10 μm (PM10), between 2.5 and 10 μm 
(PMcoarse), and less than 2.5 μm (PM2.5), PM2.5 absorbance (a proxy of 
elemental carbon related to traffic exhaust, PM2.5abs), nitrogen oxides 
(NO2, NOx), and ozone (O3) was estimated using land-use regression 
(LUR) models. The performance of LUR models was evaluated by leave- 
one-out cross-validation (LOOCV) (Wolf et al. 2017). Briefly, three bi- 
weekly measurements at 20 locations within the KORA study area 
were carried out between March 2014 and April 2015 to cover the 
warm, cold, and intermediate seasons. Simultaneously, measurements 
were obtained at a reference site throughout the whole period to adjust 
for temporal variation. Annual average air pollutant concentrations 
were then calculated at those sites. The LUR model was built by 
regressing the measured annual average concentrations in 2014–15 
against geographic information system-based spatial predictors 
including local land use (e.g. residential land, industrial, commercial 
and transport units, urban green, and water bodies), building density, 
population density, household density, topography, coordinates, and 
traffic variables (e.g. total traffic load of all (major) roads in a buffer, 
traffic intensity on nearest (major) road, and heavy-duty traffic intensity 
on nearest (major) road) (Wolf et al. 2017). Participants’ home ad
dresses were applied to the fitted models to determine residential 
exposure levels. The adjusted model-explained variance (R2) of the LUR 
models ranged from 68% (PMcoarse) to 94% (NO2), and the adjusted 
LOOCV R2 was between 55% (PMcoarse) and 89% (NO2), which indicated 
a good model fit. The process has been described in detail elsewhere 
(Wolf et al. 2017). For participants who moved during the study period, 
the updated residential addresses were used for exposure assignment; 
otherwise, the same exposure levels were assigned across different visits. 

3. Statistical analyses 

3.1. Statistical methods 

Basic descriptive analyses were performed for participant charac
teristics, air pollutants, and meteorological parameters. Kruskal-Wallis 
test (one-way ANOVA) and Pearson’s Chi-squared test were applied 
for continuous and categorical variables, respectively. Spearman’s rank 
correlation coefficient was used to calculate correlations between air 
pollutants. 

We applied linear mixed-effects models with random participant- 

specific intercepts to examine the associations between repeatedly 
measured metabolite levels and air pollutants. In addition, linear mixed- 
effects models were also performed between hs-CRP and air pollutants to 
investigate the systemic inflammatory response. All outcomes (metab
olites and hs-CRP) were natural-log transformed to increase the con
formity to normal distributions of residuals. Covariates included in the 
models were selected a priori based on previous studies and the Bayesian 
Information Criterion (BIC) (Holmes et al. 2008; Lacruz et al. 2016; 
Nassan et al. 2021a; Sun et al. 2020b; Ward-Caviness et al. 2016). 
Minimum models adjusted for age, sex, body-mass index (BMI), an in
dicator of each visit (KORA S4, KORA F4, or KORA FF4), and season of 
blood withdrawal (winter: December–February, spring: March–May, 
summer: June–August, and autumn: September–November). Main 
models additionally included smoking status (never/former/current), 
alcohol consumption (g/day), physical activity (low/medium/high), 
educational attainment (primary school/high school/college), fasting 
status (overnight fasting of 8 h or not) and diet score (continuous). 
Extended models further added hypertension, diabetes, medication 
intake (anti-hypertensive, anti-diabetic, and lipid-lowering medication), 
high-density lipoproteins (HDL), and total cholesterol. Effect estimates 
are presented as percent changes in the geometric mean (together with 
95% confidence intervals [95% CI]) of the repeatedly assessed outcomes 
per interquartile range (IQR) increase in air pollutant concentrations. 

Single – Pollutant models 

log
(
Yij
)

= β0 + μi + β1 × APij + β2− n × Covariatesij + eij 

In the formula, Yij is the metabolite concentration of participant i at 
visit j. β0 denotes the fixed intercept, and μi represents the random 
intercept for subject i. β1 is the estimate of each air pollutant and APij 
indicates the annual averages of the air pollutants (PM10, PMcoarse, 
PM2.5, PM2.5abs, PNC, NO2, NOx, and O3) for participant i at visit j. β2-n is 
estimate for each covariate, and Covariatesij represents the measurement 
of covariates for participant i at visit j. eij is the residual normal error. 

Effect modification was investigated by including an interaction 
term between each air pollutant and the potential effect modifier 
assessed at each visit. The examined modifiers included age (<65 years 
vs ≥ 65 years; the age 65 years is the current official retirement age in 
Germany)), sex (male vs female), obesity (BMI < 30 kg/m2 vs ≥ 30 kg/ 
m2), smoking status (current vs never/former smoker), alcohol con
sumption (low vs medium vs high), education (low vs high (high school/ 
college)), physical activity (low vs medium vs high), dietary pattern 
(adverse vs ordinary vs favourable), hypertension (no vs yes), diabetes 
(no vs yes), and medication intakes (no vs yes). The effect modification 
analyses were only conducted for those metabolites significantly asso
ciated with air pollutants. 

We performed several sensitivity analyses in this study: 1) We 
included all participants with data on air pollution, phenotypes, and 
metabolites in the analysis. 2) We restricted our analyses to participants 
who did fasting eight hours before the blood withdrawal throughout the 
entire study period. 3) Additionally, we restricted our main analysis to 
participants who did not move within the study period. 4) To control for 
selection bias introduced by selecting participants with more than one 
measurement, we estimated weights for those included using the inverse 
probability weighting (IPW) method (Weuve et al. 2012). Briefly, the 
probability of being included in our main analysis among all study 
participants in KORA S4 was calculated using logistic regression. We 
used individual characteristics of our main analysis as possible pre
dictors. Then, we applied the inverse of the predicted probability 
determined from the logistic regression as the weight in our main model. 
5) Given the temporal variation of each air pollutant exposure, we used 
back-extrapolated annual average air pollutant concentrations from the 
respective years of KORAS4, F4 and FF4 instead of using annual average 
air pollutant concentration estimated by the LUR models in 2014–2015 
(Text S1). Briefly, the absolute differences between the LUR model and 
the air pollutants data from monitors in the period of each visit were 
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calculated. They were then used to correct each visit’s air pollutant 
concentrations, respectively. 6) To examine the influence of air 
pollution-associated systemic inflammation, we further included high- 
sensitivity C-reactive protein (hs-CRP) in our main models. 7) We per
formed two-pollutant models by including two air pollutants simulta
neously if their Spearman correlation was smaller than 0.7. 8) We also 
performed a mixed-effects quantile regression to assess the association 
between air pollution exposure and metabolites at deciles of the me
tabolites. 9) To investigate the co-effects between long-term and short- 
term air pollution exposure, we simultaneously included short-term 
exposures (at the day of blood withdrawal, one day, two days, three 
days, four days, as well as two-day, five-day and two-week moving av
erages before the blood withdrawal) to each air pollutant in the corre
sponding long-term exposure model. The short-term exposure included 
PM2.5, PM10, PMcoarse, NO2, NOx and O3, was measured consecutively by 
local monitors and the daily average exposure concentration of each air 
pollutant was assigned to each participant based on the date of blood 
withdrawal in each visit (Text S1). 10) To assess the effect of the storage 
time (Haid et al. 2018), we performed an additional sensitivity analysis, 
including the storage year in our main models. Briefly, we calculated the 
storage time between the collection date of the blood sample for each 
participant and the detection time (middle date in the whole measure
ment period). Then, we included this storage year in our main models. 
We assumed a non-linear relationship between the change of metabo
lites concentrations and the storage time, so we used a spline for the 
storage years to account for non-linearity in these relationships. 11) In 
the main models, we assessed the exposure–response relationships be
tween all metabolites and air pollutants for deviations from linearity 
using penalized splines with the degree of freedom selected by gener
alized cross-validation, and restricted our analyses to the linear section 
of the relationship. 

All statistical analyses were done with R (version 3.6.2), and the p- 
value cut-off was set as 5.8 × 10-5 to account for multiple testing 
introduced by assessing eight air pollutants and 108 metabolites in this 
study (0.05/(108*8)). We also report all associations with p-val
ues<0.05 after Benjamini-Hochberg false discovery rate (FDR) correc
tion since the Bonferroni method for adjusting p-values is more 
conservative. 

3.2. Pathway analysis for metabolites 

For metabolites showing significant associations with air pollutants 
after correcting for multiple testing, we performed pathway analysis 
using the “Pathway Analysis” module in MetaboAnalyst 5.0, a web- 
based software for metabolomics data analysis (Pang et al. 2021). This 
module supports pathway analysis by integrating two parts, enrichment 
analysis and topology analysis, based on the Kyoto Encyclopedia of 
Genes and Genomes (KEGG) database, which is a collection of manually 
drawn pathway maps representing the knowledge of molecular inter
action, reaction, and relation networks. In the enrichment analysis, the 
p-value is calculated by the one-tailed Fisher’s exact test, which repre
sents the probability of observing at least k metabolites in a pathway, if 
there is no association with air pollution: 

p(X ≥ k) = 1 −
∑k− 1

i=0

(
M
i

)(
N− M
n− i

)

(
N
n

)

where N represents the number of the metabolites detected by the 
platform, M indicates the metabolites in the pathway of interest (ith), n is 
the metabolites significantly associated with air pollution, and k means 
the number of metabolites overlapped between M and n mapping to the 
ith pathway (Wieder et al. 2021). The pathway topology analysis uses 
two well-established node centrality measures to estimate node impor
tance. Furthermore, to take into account the comparison among 
different pathways, the node importance values calculated from cen
trality measures are further normalized by the sum of the importance of 

the pathway. Therefore, the total/maximum importance of each 
pathway is one. The importance measure of each metabolite node re
flects the percentage with regard to the total pathway importance, and 
the pathway impact value is the cumulative percentage from the 
matched metabolite nodes. Pathways with a p-value ≤ 0.1, or with an 
impact value > 0.5 while p-value ≤ 0.3 were considered the most rele
vant pathways. 

4. Results 

4.1. Characteristics of study participants 

Participant characteristics are summarized in Table 1. Only partici
pants attending at least two visits during the entire study period with no 
missing information in the main confounders were included in our main 
analyses. Therefore, among 9,620 observations from 4,261 study par
ticipants in the KORA cohort, we included 5,772 (60.0%) observations 
from 2,583 (60.6%) participants in this analysis. Specifically, 1,977 
(76.5%) out of the 2,583 participants attended two examinations, and 
606 (23.5%) attended all three examinations (Table 1). 

Due to the fasting status restriction in KORA S4, only 1,601 from 
overall 4,261 participants had data on metabolite levels, mainly elderly 
individuals. Therefore, on average, KORA S4 participants were older 
than those of KORA F4 and KORA FF4 (Table 1). Meanwhile, the average 
educational attainment, the percentages of 8 h overnight fasting before 
blood withdrawal, current smoker, unhealthy dietary pattern, and me
dium and high levels of physical activity of KORA S4 were lower (p- 
value < 0.01). In contrast, the mean BMI, alcohol consumption, 
cholesterol, HDL, and hs-CRP and the percentage of hypertension were 
higher in KORA S4 (p-value < 0.01). 

4.2. Characteristics of air pollutants 

Annual average concentrations of PM2.5, PM10 and NO2 at partici
pant’s residences were below the EU air quality standard values of 25 
µg/m3 for PM2.5, and 40 µg/m3 for PM10 and NO2, respectively. While 
they were all higher than the WHO air quality guideline values of 5 µg/ 
m3, 10 µg/m3 and 10 µg/m3 for PM2.5, PM10 and NO2, respectively. The 
maximum annual O3 concentration (45.9 µg/m3) was also below the 
WHO air quality guideline values calculated from peak season (60 µg/ 
m3) (Table 2). All pollutants showed a strong positive relationship, 
except for O3, which showed weak or negative correlations with other 
air pollutants (Table 2). 

4.3. Association between metabolites and long-term air pollution 

In our main models, several metabolites from the phosphatidylcho
lines group showed significant negative associations with PMcoarse, 
PM2.5abs and NO2, respectively (Fig. 1). Specifically, PC ae C34:2 and PC 
ae C36:3 were negatively associated with PMcoarse and PM2.5abs (at a p- 
value < 5.8 × 10-5). Additionally, at an FDR-corrected p-value < 0.05, 
we observed decreases in PC ae C34:2 and PC ae C36:3 in association 
with NO2. Moreover, PC ae C36:4 showed negative associations with 
PM2.5abs and PMcoarse, and PC ae C34:3 with PM2.5abs, respectively. 
These results were robust in our minimum and extended models (Fig. 2). 
In addition, we observed positive associations between hs-CRP and 
PMcoarse, PM10, PNC and NOx (uncorrected p-value < 0.05) (Fig. S2). 
While the four identified metabolites showed moderate to high corre
lations with each other, hs-CRP was not associated with them at all 
(Fig. S3). 

4.4. Pathway analysis 

In the pathway analysis, we uploaded the four metabolites signifi
cantly associated with at least one of the long-term exposures to 
PM2.5abs, PMcoarse, or NO2. We identified four metabolic pathways, 
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including the arachidonic acid (p-value = 0.003, impact value = 0), 
linoleic acid (p-value = 0.008, impact value = 0), alpha-linolenic acid 
(p-value = 0.02, impact value = 0), and glycerophospholipid (p-value =
0.02, impact value = 0.1) metabolisms that were related to long-term 
exposure to PM2.5abs, PMcoarse, and NO2 exposure, where p-value was 
from enrichment analysis and pathway impact value was from the to
pology analysis. However, they were insignificant after using the FDR 
method to correct the raw p-value (Fig. 3 and Table S2). 

4.5. Effect modification 

Effect modification analyses were conducted for the four metabolites 
significantly associated with long-term exposure to PM2.5abs, PMcoarse 
and NO2. Results are presented in Fig. 4 showing that the associations 
between PC ae C34:3 and PM2.5abs, PMcoarse and NO2 were significantly 
modified by physical activity (Bonferroni-corrected p < 0.004). Partic
ipants with low physical activity showed the strongest effects. A similar 
pattern was seen for PC ae 34:2, PC ae 36:3 and PM2.5abs and NO2 
(uncorrected p < 0.05). Moreover, results indicated a consistent modi
fication of the air pollutant effects on PC ae 34:2 by education. Partic
ipants with a lower education showed stronger effects compared to those 
with a higher education. Results also suggested a consistent modifica
tion of the air pollutant effects on PC ae 36:4 by obesity - obese in
dividuals showed stronger associations between metabolites and air 
pollutants. We did not find consistent differences between smokers and 
participants who never smoked and participants with medium or high 
alcohol consumption versus those without alcohol intake. Additionally, 
results suggested effect modification by disease status (hypertension and 
diabetes) and medication intake, while the differences were not statis
tically significant (Fig. S4, Fig. S5). This might be due to the large 
difference in the sample sizes of the different groups since much fewer 
participants had diabetes or intake of anti-hypertension, anti-diabetes, 
or lowering-lipid medicines. We also did not find significant differences 
between males and females in most metabolites except that a few PCs 
decreased more in females than males when exposed to O3 (Fig. S6). 

4.6. Sensitivity analyses 

The associations between air pollution and the four metabolites were 
generally robust in different sensitivity analyses. Results remained sta
ble when restricting the participants to fasting individuals or those who 
did not move their residences during the whole study period (Fig. 5). 
Additionally, including all participants, using predicted inverse proba
bilities, or using back-extrapolated air pollutant exposures to adjust for 
measurement error did not change the results. The results were still 
robust after further including hs-CPR in the main and extended models 
(Fig. S7). 

The associations between metabolites and particulate air pollutants 
(PM10, PMcoarse, PM2.5abs, and PNC) were robust after additionally 
adjusting for PM2.5 except for PNC where associations were attenuated 
(Fig. S8). The associations between metabolites and particle metrics 
(PM2.5, PM10, PMcoarse, PM2.5abs, and PNC) and NO2 were also stable 
after adjusting for O3 (Fig. S9). After additionally adjusted by the 
storage year of blood samples into the main model, the effect estimates 
keep stable (Fig. S10). The additional adjustment of short-term air 
pollution exposure slightly strengthened the effect estimates of long- 

Table 1 
Descriptive statistics of participant characteristics for KORA S4, F4 and FF4 (N =
5,772).  

Variable S4 (N 
¼

1,129)  

F4 (N 
¼

2,556)  

FF4 (N 
¼

2,087)  

p–value 

Mean  
± SD / 
N (%)  

Mean  
± SD / 
N (%)  

Mean  
± SD / 
N (%)  

Age (years) 63.3 ±
5.4  

57.5 ±
13.3  

60.7 ±
12.3  

< 0.001 

Sex (male) 570 
(50.6)  

1,240 
(48.5)  

1,012 
(48.5)  

0.46 

Education       < 0.001 
Primary school 753 

(66.7)  
1,357 
(53.1)  

1034 
(49.5)   

High school 221 
(19.6)  

621 
(24.3)  

530 
(25.4)   

College 155 
(13.7)  

578 
(22.6)  

523 
(25.1)   

BMI (kg/m2) 28.4 ±
4.2  

27.7 ±
4.7  

27.8 ±
4.9  

< 0.001 

Alcohol 
consumption (g/ 
day) 

16.2 ±
20.9  

14.4 ±
19.5  

14.9 ±
20.1  

0.025 

Dietary score 16.2 ±
3.6  

15.3 ±
3.6  

15.1 ±
3.6  

< 0.001 

Dietary patterns       < 0.001 
Adverse 271 

(24.0)  
817 
(31.9)  

715 
(34.3)   

Ordinary 212 
(18.8)  

541 
(21.2)  

451 
(21.6)   

Favorable 646 
(57.2)  

1,198 
(46.9)  

921 
(44.1)   

Fasting (8 h) (% yes) 1,016 
(90.0)  

2,543 
(99.5)  

2,074 
(99.4)  

< 0.001 

Smoking status       0.002 
Current smoker 137 

(12.1)  
384 
(15.0)  

307 
(14.7)   

Former smoker 437 
(38.7)  

1,066 
(41.7)  

902 
(43.2)   

Never smoker 555 
(49.2)  

1,106 
(43.3)  

878 
(42.1)   

Physical activity       < 0.001 
Low 444 

(39.3)  
818 
(32.0)  

589 
(28.2)   

Medium 479 
(42.4)  

1,115 
(43.6)  

952 
(45.6)   

High 206 
(18.3)  

623 
(24.4)  

546 
(26.2)   

Hypertension (% 
yes) 

609 
(53.9)  

1,016 
(39.8)  

825 
(39.5)  

< 0.001 

Diabetes (% yes) 92 (8.2)  224 
(8.8)  

215 
(10.3)  

0.11 

Medication intake 
(% yes)        

Anti–hypertension 
medication 

397 
(35.2)  

861 
(33.7)  

782 
(37.5)  

0.03 

Anti–diabetes 
medication 

53 (4.7)  154 
(6.0)  

174 
(8.3)  

< 0.001 

Lipid lowering 
medication 

128 
(11.3)  

351 
(13.7)  

342 
(16.4)  

< 0.001 

Cholesterol (mg/dL) 
* 

243.6 
± 40.8  

216.1 
± 38.8  

216.7 
± 39.5  

< 0.001 

HDL (mg/dL)* 58.1 ±
16.5  

56.1 ±
14.4  

65.9 ±
18.8  

< 0.001 

hs-CRP (mg/L)* 3.1 ±
4.9  

2.4 ±
4.8  

2.5 ±
4.6  

< 0.001 

KORA = Cooperative Health Research in the Region of Augsburg; S4 = fourth 
cross-sectional health survey of the KORA cohort; F4 = first follow-up exami
nation of KORA S4; FF4 = second follow-up examination of KORA S4; BMI =
body mass index; HDL = high density lipoprotein; hs-CRP = high sensitivity C- 
reactive protein; S4 participants were selected based on whether they did fasting 
or not. Dietary patterns was classified by the dietary score basing on the 
assessment of individual’s dietary intake (questionnaire): Adverse =≤13 points, 
Ordinary = 14 ~ 15 points, Favourable = ≥16 points. Physical activity was 
defined according to the exercise time per week: Low = almost or no sporting 

activity, Medium = regular/ irregular approx. 1 h per week, High = regularly>2 
h in the week. *Cholesterol was missing for one (0.09%) participant in KORA S4, 
and one (0.05%) in KORA FF4; HDL was missing for one (0.09%) participant in 
KORA S4, one (0.04%) in KORA F4, and one (0.05%) in KORA FF4; hs-CRP was 
missing for 12 (1.06%) participants in KORA S4, five (0.22%) in KORA F4, and 
two (0.10%) in KORA FF4. 1,977 participants attended two examinations, and 
606 attended three examinations. p-value was based on the Kruskal-Wallis test 
for continuous variables, and Pearson’s Chi-squared test for categorical 
variables. 
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Table 2 
Descriptive statistics and Spearman correlation coefficients of air pollution concentrations in long-term analysis (N = 2,583).  

Pollutant Mean ± SD Range IQR Spearman correlation coefficients 

PM2.5 PM10 PM2.5abs PMCoarse PNC O3 NO2 NOx 

PM2.5 (μg/m3) 11.8 ± 1.0 8.2–14.3  1.4 1        
PM10 (μg/m3) 16.6 ± 1.5 12.3–22.3  2.1 0.52 1       
PM2.5abs (10–5/m) 1.2 ± 0.18 0.8–1.8  0.3 0.61 0.78 1      
PMcoarse (μg/m3) 4.9 ± 1.0 2.6–8.7  1.4 0.57 0.78 0.81 1     
PNC (103/cm3) 7.3 ± 1.8 3.2–15.0  2.0 0.65 0.80 0.78 0.76 1    
O3 (μg/m3) 39.1 ± 2.4 31.3–45.9  3.4 –0.18 0.05 –0.10 0.14 –0.03 1   
NO2 (μg/m3) 14.1 ± 4.4 6.9–27.5  6.9 0.72 0.72 0.86 0.83 0.78 –0.16 1  
NOx (μg/m3) 21.8 ± 7.4 4.0–50.5  8.8 0.75 0.73 0.72 0.75 0.90 –0.06 0.83 1 

*Exposure levels were estimated at participants’ residences in KORA S4. In total, 2153 participants didn’t move since S4, and 430 participants moved between S4 and 
F4, or F4 to FF4. For participants who changed residence among S4, F4 and FF4, the updated residential addresses were used for exposure assignment to the respective 
study. Otherwise, the same exposure levels from KORA S4 were assigned across different visits. PM2.5 = particulate matter with an aerodynamic diameter less than or 
equal to 2.5 μm; PMcoarse = particulate matter with an aerodynamic diameter of 2.5–10 μm; PM10 = particulate matter with an aerodynamic diameter less than or equal 
to 10 μm; PM2.5abs = PM2.5 absorbance; PNC = particle number concentration; NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. 

Fig. 1. Volcano plots presenting the associations between long-term air pollutant exposure and metabolites. The results were derived from the main models adjusted 
for age, sex, body-mass index (BMI), an indicator for each visit(KORA S4, KORA F4, or KORA FF4), season of blood withdrawal, smoking status, alcohol consumption, 
physical activity, educational attainment, fasting status, and dietary score. The Y axis shows the negative logarithm of the p-value (logarithmic base of 10). The X axis 
indicates the association between air pollutants and metabolites. The red and blue dashed lines represent adjusted statistical significance levels according to Bon
ferroni and FDR methods, respectively. The points with six different colors represent six metabolite groups involved in this study including amino acids (black), 
acylcarnitines (green), phosphatidylcholines (orange), lysophosphatidylcholines (light blue), sphingomyelins (blue), and hexoses (grey). PC ae: acyl-alkyl phos
phatidylcholine. PM2.5 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PMcoarse = particulate matter with an aerodynamic diameter 
of 2.5–10 μm; PM10 = particulate matter with an aerodynamic diameter less than or equal to 10 μm; PM2.5abs = PM2.5 absorbance; PNC = particle number con
centration; NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. 
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term exposure but showed consistent estimates across the different 
exposure windows (Fig. S11). 

Mixed-effects quantile regression showed similar associations for 
PM2.5abs exposure across deciles (Fig. S12). In contrast, there were 
stronger associations between PMcoarse exposure and the four metabo
lites from the 10th percentile up to the fifth decile (Fig. S13). Similarly, 
stronger associations were seen between the four metabolites and NO2 
exposure from the second to the sixth decile (Fig. S14). 

We also checked the exposure–response relationships of all metab
olites and PM2.5abs, PMcoarse and NO2 exposure. There was no deviation 
from linearity for NO2 with the four metabolites (Fig. S15), while slight 
deviations were observed for PM2.5abs and PMcoarse (Fig. S16, Fig. S17). 
We excluded the extreme values for PM2.5abs (>99% of total PM2.5bs) and 
PMcoarse (<5% of total PMcoarse and > 95% of total PMcoarse) from the 
dataset to ensure a linear exposure–response relationship for PM2.5abs, 
the results kept robust with our main analysis results (Fig. S18-S21). 

5. Discussion 

This longitudinal study identified nine associations between long- 
term exposure to air pollution and targeted serum metabolites, mainly 
from the phosphatidylcholine subgroup. In particular, we observed that 
participants exposed to higher PM2.5abs, PMcoarse and NO2 had lower 
levels of PC ae C34:2 and PC ae C36:3. In addition, PC ae C36:4 showed a 
negative association with PM2.5abs and PMcoarse, and PC ae C34:3 was 
negatively associated with PM2.5abs. In the subsequent pathway analysis, 
they were identified as related to glycerophospholipid, linoleic acid and 

alpha-linolenic acid metabolism. Moreover, we found effect modifica
tions for several individual characteristics: participants with older age, 
obesity, lower educational attainment, low physical activity levels, or 
adverse dietary patterns showed stronger associations than their coun
terparts. In addition, we could confirm positive associations between 
several air pollutants (PMcoarse, PM10, PNC, and NOx) and hs-CRP as 
previously reported cross-sectionally for FF4 (Pilz et al. 2018), where we 
saw positive but non-significant associations with PNC, PM10, PMcoarse, 
PM2.5abs, NO2, and NOx. 

Metabolites are the intermediates or end products of metabolism, 
and could affect cellular physiology through modulation of other 
“omics” levels and represent changes induced by exposures (Rinschen 
et al. 2019). Alterations in the lipid metabolism due to the unbalance of 
anti- and pro-inflammatory biomarkers and oxidative stress levels could 
be one of the underlying mechanisms linking air pollution exposure to 
adverse health effects. Only a few studies explored the associations be
tween long-term exposure to air pollution and metabolites in a cohort 
setting. A cross-sectional study based on the TwinsUK cohort reported 
eight inflammation and oxidative stress-related metabolites out of 280 
untargeted metabolomics profiling. For example, α-tocopherol, glycine, 
and benzoate were associated with long-term PM2.5. Moreover, CRP was 
negatively associated with seven of these eight metabolites (Menni et al. 
2015). A study including cohorts from Italy and Switzerland reported 
that long-term exposure to air pollution on adult asthma and cardio
vascular disease was related to unsaturated fatty acids e.g., linolenic 
acid metabolism (Jeong et al. 2018). Another cross-sectional cohort 
study based on 79 metabolites indicated that annual ultrafine particles 

Fig. 2. Comparisons of percent changes (95% CIs) of metabolites 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 dietary score; Extended model: 
additionally included hypertension, diabetes, and medication intake (anti-hypertension, anti-diabetes, and lipid lowering medications), HDL, and total cholesterol 
into the main models. An IQR increase was 1.40 μg/m3 for PM2.5, 2.06 μg/m3 for PM10, 1.36 μg/m3 for PMcoarse, 1.95 × 103/cm3 for PNC, 0.27 × 10-5/m for PM2.5abs, 
6.86 μg/m3 for NO2, 8.69 μg/m3 for NOx, and 3.45 μg/m3 for O3. PC ae: acyl-alkyl phosphatidylcholine. PM2.5 = particulate matter with an aerodynamic diameter 
less than or equal to 2.5 μm; PMcoarse = particulate matter with an aerodynamic diameter of 2.5–10 μm; PM10 = particulate matter with an aerodynamic diameter less 
than or equal to 10 μm; PM2.5abs = PM2.5 absorbance; PNC = particle number concentration; NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. 
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(UFP) exposure was associated with metabolites that might increase 
oxidative stress and affect inflammatory processes and endothelial 
function (Walker et al. 2019). Two studies within the Normative Aging 
Study (NAS, a closed cohort study) reported that long-term exposure to 
PM2.5 species (e.g., UFP, black carbon), PM2.5, and air temperature was 
associated with perturbed metabolic pathways, including glycer
ophospholipid, sphingolipid, and biosynthesis of unsaturated fatty acids 
etc. (Nassan et al. 2021a; Nassan et al. 2021b). They also reported that 
long-term NO2 exposure was positively associated with four lipid me
tabolites, while these metabolites were not significantly associated with 
any metabolomics pathway. 

Since untargeted metabolomics was used in all these studies, 
comparing our results with those from single metabolite levels is diffi
cult. Nevertheless, they are mostly consistent in identifying metabolic 
pathways related to inflammation, unsaturated fatty acids, and glycer
ophospholipid associated with long-term exposure to air pollution. Po
tential differences in results compared with our findings might also be 
due to the small sample size (less than 1,000 participants) of some of 
these studies, differences in study designs (e.g., case-control study), and 
selected study population (e.g., older men). 

Several studies reported the associations between metabolomics and 
short-term and intermediate exposure to air pollution. A longitudinal 
study on the effects of high-level PM2.5 exposure on serum metabolomics 
reported that metabolites related to phospholipid metabolism (lyso
phosphatidic acid, phospholipid acid, and lysophosphatidylethanol
amine) were decreased for a 10 µg/m3 increase in PM2.5 (Huan et al. 
2021), which supports our findings to some extent where four phos
phatidylcholine metabolites were decreased in association with 
PM2.5abs, PMcoarse and NO2. In a previous cross-sectional analysis based 
on KORA S4, F4 and the follow-up of survey 3 (KORA F3), Ward- 
Caviness et al. observed a significant positive association between one 
lysophosphatidylcholine (LPC) and short-term NO2 exposures (Ward- 

Caviness et al. 2016). This longitudinal analysis did not find any asso
ciations between LPC and long-term exposures to NO2 or other air pol
lutants. However, we observed decreased levels of four PCs in 
association with long-term PM2.5abs, PMcoarse and NO2 exposure. A 
perturbation between LPC and PC was also reported in two other studies 
investigating the associations between short-term exposure to air 
pollution and untargeted metabolomics profiling (Chen et al. 2019a; Yan 
et al. 2019). Chen et al. indicated that two fatty acids, five phospholipids 
(phosphatidylserine, PEs, phosphatidic acid), and one sphingosine in 
urine significantly decreased with a higher short-term PM2.5 exposure; 
these metabolites were related to energy metabolism, oxidative stress 
and inflammation (Chen et al. 2019a). In the second study, Yan et al. 
investigated the associations between exposure to traffic-related air 
pollution (NOx, PM2.5) during the first trimester and serum metabolites 
measured in mid-pregnancy. They observed that higher exposure to air 
pollution was related to alterations in several oxidative stress and in
flammatory pathways, including fatty acid, phospholipid, linoleate, and 
eicosanoid metabolism (Yan et al. 2019). 

Phosphatidylcholine (PC) is the representative and important 
component of lipoproteins that belongs to glycerophospholipid. It has a 
polar phosphocholine head group, which is connected via a glycerol 
backbone to two fatty acid side chains of varying lengths and degrees of 
saturation. The fatty acids are bound to the sn1 and sn2 positions of the 
glycerol backbone, either via two esters (acyl) bonds (diacyl-PC, PC aa) 
or by one ester and one ether (alkyl) bond (acyl-alkyl-PC, PC ae). It is the 
most abundant phospholipid in all mammalian cell membranes and 
subcellular organelles and could be attacked by reactive oxygen species 
(ROS) and lead to lipid peroxidation, especially the polyunsaturated 
fatty acids (Ayala et al. 2014; Cole et al. 2012; van der Veen et al. 2017). 
PC and LPC serve as reservoirs and transporters of glycerophospholipid 
components: fatty acids, phosphate, glycerol, and choline, which could 
regulate homeostatic and inflammatory processes. 

Fig. 3. Metabolic pathways identified for long-term 
exposure to PM2.5abs, PMcoarse and NO2. The plot is 
the same for PM2.5abs, PMcoarse and NO2, since the 
corresponding ID in the KEGG database for these 
four metabolites that were significantly associated 
with PM2.5abs, PMcoarse or NO2 exposure is identical. 
The pathway analysis is based on both enrichment 
analysis and pathway topology analysis. The Y-axis 
is the negative logarithm of the p-value (logarithmic 
base of 10) from the enrichment test. The X-axis 
indicates the structural impact of PM2.5abs, PMcoarse 
or NO2 related metabolites in the enriched path
ways, which is based on the cumulative importance 
of all the significant metabolites within the 
pathway. The size of each bubble represents the 
impact value. The colour of each bubble represents 
the significance of the enrichment. PMcoarse = par
ticulate matter with an aerodynamic diameter of 
2.5–10 μm; PM2.5abs = PM2.5 absorbance; NO2 =

nitrogen dioxide.   
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Lysophosphatidylcholine (LPC) could be hydrolyzed by PC via Phos
pholipase A2 (PLA2). The decreased concentrations of PCs, as well as 
increased PLA2, might indicate increased turnover of PCs for the syn
thesis of pro- and anti-inflammatory factors (Kertys et al. 2020). In an in 
vivo study, significant reductions in LPC and PC concentrations were 
observed after chronically exposing to ambient PM2.5, which might 
result from repeated inflammation (Chen et al. 2014). This might 
explain the negative associations between PCs and long-term NO2 
exposure in this study compared to the study of Ward-Caviness and 
colleagues, which observed a positive association between LPCs and 
short-term NO2 exposure. Furthermore, given the positive associations 
between CRP and long-term exposure to air pollution (PMcoarse, PM10, 
PNC, and NOx), these findings suggested a perturbation of anti- 
inflammation and pro-inflammation after long-term exposure to air 
pollution. 

The higher abundance of PC in human tissues compared to other 
phospholipid classes has been shown to play an important role in health 
and diseases (van der Veen et al. 2017). The inhibition of hepatic PC 
synthesis and changes in hepatic phospholipid composition were related 
to fatty liver disease and impaired liver regeneration after surgery (van 
der Veen et al. 2017). The altered PC metabolism may also promote the 
development of Alzheimer’s and cardiovascular diseases (CVD) (Tang 
et al. 2013; Whiley et al. 2014). In other metabolomics-related studies 
using the KORA cohort, a decrease in a few acyl-alkyl-PCs was associ
ated with smoking (including an overlapped PC ae C34:3) and ageing 
(Chak et al. 2019; Xu et al. 2013). Plasmalogens are a subclass of alkyl- 
PCs with antioxidant properties (Engelmann 2004). A decreased serum 
concentration of acyl-alkyl-PCs and alkenyl-PC (plasmalogen) lipids 

were found in stable coronary artery disease (CAD) and acute myocar
dial infarction (MI) (Moxon et al. 2017; Sutter et al. 2016). Our findings, 
therefore, might indicate that acyl-alkyl-PCs could be the underlying 
biomarkers involved in the biological mechanisms of chronic air pollu
tion exposure-associated diseases. 

Apart from environmental impacts, pathological stimuli and normal 
physiological variations can also lead to differences in metabolic profiles 
(Lacruz et al. 2016; Soininen et al. 2015; Suhre et al. 2010). Lifestyle 
factors, including obesity, smoking, alcohol consumption, physical ac
tivity and dietary patterns, were considered risk factors for metabolism 
(Lacruz et al. 2016). Previous studies reported that male, older, obese, 
smoking, and unhealthy individuals are more susceptible to air pollution 
exposures (Chen et al. 2019b; Hou et al. 2020; Sun et al. 2020a; Yazdi 
et al. 2021; Zhang et al. 2021). We observed that older participants 
(>65 years old) showed a stronger association than the younger ones, 
which could be explained by a greater susceptibility in older adults to 
oxidative stress and also a higher prevalence of pre-existing diseases in 
the older group (Peters et al. 2021; Sacks et al. 2011). We did not find 
significant differences between males and females in most metabolites 
except that a few PCs decreased more in females than males when 
exposed to O3. In contrast, males were more susceptible when exposed to 
the other air pollutants. The obese subgroup was more susceptible to 
long-term exposure to air pollution in this study, which could be hy
pothesized that altered PCs facilitate inflammation in obese participants. 
Physical activity has immediate beneficial effects, accumulating over 
time. In the long run, it reduces the risk of developing cardiovascular 
and respiratory diseases, type 2 diabetes, and certain types of cancers 
and reduces the risk of all-cause and cause-specific mortality (Tainio 

Fig. 4. Percent changes (95% CIs) of metabolites per IQR increase in air pollutant concentrations stratified by age, BMI, educational attainment, physical activity 
level and dietary patterns. 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 dietary score, while the continuous variable will be 
replaced by each corresponding effect modifier. An IQR increase was 1.36 μg/m3 for PMcoarse, 0.27 × 10-5/m for PM2.5abs, and 6.86 μg/m3 for NO2. PC ae: acyl-alkyl 
phosphatidylcholine. PMcoarse = particulate matter with an aerodynamic diameter of 2.5–10 μm; PM2.5abs = PM2.5 absorbance; NO2 = nitrogen dioxide. * p < 0.05 # 
p < 0.004 (0.05/(3*4)). 
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et al. 2021). Our results suggested that higher physical activity attenu
ated the adverse effects of air pollution, which suggests that the long- 
term beneficial effects of physical activity might outweigh the harmful 
effects of air pollution, as previous studies reported (Fuertes et al. 2018; 
Sun et al. 2020b). Participants with low educational attainment were 
more vulnerable to air pollution exposure. Low education has been 
associated with increased susceptibility to adverse health effects of air 
pollution due to a higher prevalence of pre-existing diseases and limited 
access to medical care and fresh foods (Sacks et al. 2011). We observed 
that individuals with healthier dietary patterns showed weaker associ
ations with air pollution, which might follow the findings that sufficient 
intakes of essential micronutrients (e.g., vitamins and long-chain poly
unsaturated fatty acids) could modulate air pollution-induced harmful 
effects by reducing the oxidative stress and inflammatory response (Lim 
et al. 2019; Péter et al. 2015). 

The targeted metabolomics approach used in our study has the 
strength to give an annotation of all metabolites compared to untargeted 
metabolomics analysis (unknown metabolites were also quantified), 
which might mislead false annotation for metabolites. To our knowl
edge, this is the first study using repeated measurements of targeted 
metabolomics to explore the health effects of long-term exposure to 
ambient air pollution within a population-representative cohort study of 
adults, and also with the largest number of study participants. We 
further assessed multiple air pollutants, including different particle 

matters and gaseous air pollutants. Moreover, the KORA cohort is a well- 
characterized study with standardized and comprehensive methods to 
collect individual information, enhancing our results’ reliability. The 
longitudinal study design with repeated measurements of biomarkers 
strengthened statistical power and reduced potential residual con
founding from unmeasured factors. It might also provide analytical 
improvement to previous cross-sectional analyses despite the lack of 
replication by other cohorts. Furthermore, the residential air pollutant 
concentrations were estimated using well-defined LUR models, which 
captured the spatial variation in exposure and enabled us to conclude 
consistent patterns across various air pollutants, reducing the risk of 
chance findings. This study also has the strength to assess the suscepti
bility from both external and intrinsic factors, especially dietary intake 
and lifestyle, which are known to affect the human metabolome. How
ever, targeted metabolomics lowered the opportunity for new bio
markers discovery and could not fully represent the whole metabolome. 
Another limitation of our study is that the annual average concentra
tions of air pollutants were estimated using spatial models for 2014–15. 
We believe these exposure estimates are valid for the historical spatial 
contrasts because previous studies have shown that the spatial variation 
in exposure remained stable over time (de Hoogh et al. 2018; Eeftens 
et al. 2011; Gulliver et al. 2013; Wang et al. 2013). Using the air 
pollution concentrations obtained with a back-extrapolation approach, 
we investigated the potential effects of temporal variation. In addition, 

Fig. 5. Percent changes (95% CIs) of metabolites per IQR increase in air pollutant concentrations in different sensitivity analyses. The confounders used in different 
sensitivity analyses were the same as used in our main model including age, sex, BMI, season, indicator of each visit, educational attainment, smoking status, fasting 
status, alcohol consumption, physical activity, and dietary score. An IQR increase was 1.40 μg/m3 for PM2.5, 2.06 μg/m3 for PM10, 1.36 μg/m3 for PMcoarse, 1.95 ×
103/cm3 for PNC, 0.27 × 10-5/m for PM2.5abs, 6.86 μg/m3 for NO2, 8.69 μg/m3 for NOx, and 3.45 μg/m3 for O3. Main: results from the main models (participants with 
repeated measurements); All participants: all participants with at least one visit in KORA S4, KORA F4 or KORA FF4; Fasting: participants who did overnight fasting; 
No-mover: participants who never change their residences during the entire study; IPW: further add predicted inverse probability of each participant into the main 
models; Backd: back-extrapolated annual average air pollutant concentrations were used rather the LUR estimated air pollutant concentrations. PC ae: acyl-alkyl 
phosphatidylcholine. PM2.5 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PMcoarse = particulate matter with an aerodynamic 
diameter of 2.5–10 μm; PM10 = particulate matter with an aerodynamic diameter less than or equal to 10 μm; PM2.5abs = PM2.5 absorbance; PNC = particle number 
concentration; NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. 
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we restricted our study to non-movers (participants who did not move 
within the study period) to reduce the exposure misclassification. The 
robust results from both analyses validated our exposure assessment 
approach. Nevertheless, we cannot rule out the potential impact of 
measurement error and note that exposure measurement error driven by 
spatial and/or temporal misalignments could lead to biases in either 
direction, as well as incorrect standard errors of health effect estimates. 

6. Conclusions 

Our study suggested that long-term air pollution exposure is associ
ated with metabolic alterations, particularly in PCs with unsaturated 
long-chain fatty acids. These findings could provide new insights into 
potential mechanisms for air pollution-associated adverse outcomes in 
the general adult population. 
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Procedure for tissue sample preparation and metabolite extraction for high- 
throughput targeted metabolomics. Metabolomics 8 (1), 133–142. 

Sacks, J.D., Stanek, L.W., Luben, T.J., Johns, D.O., Buckley, B.J., Brown, J.S., Ross, M., 
2011. Particulate matter-induced health effects: who is susceptible? Environ. Health 
Perspect. 119 (4), 446–454. 

Soininen, P., Kangas, A.J., Wurtz, P., Suna, T., Ala-Korpela, M., 2015. Quantitative serum 
nuclear magnetic resonance metabolomics in cardiovascular epidemiology and 
genetics. Circ. Cardiovasc. Genet. 8 (1), 192–206. https://doi.org/10.1161/ 
CIRCGENETICS.114.000216. 

Suhre, K., Meisinger, C., Doring, A., Altmaier, E., Belcredi, P., et al. 2010. Metabolic 
footprint of diabetes: a multiplatform metabolomics study in an epidemiological 
setting. PLoS One 5, 11, e13953. https://doi.org/10.1371/journal.pone.0013953. 

Sun, S., Cao, W., Chan, K.-P., Ran, J., Ge, Y., Zhang, Y., Feng, Y., Zeng, Q., Lee, R.-Y., 
Wong, C.-M., Tian, L., Lei, Y., 2020a. Cigarette smoking increases deaths associated 
with air pollution in Hong Kong. Atmos. Environ. 223, 117266. 

Sun, S., Cao, W., Qiu, H., Ran, J., Lin, H., et al. 2020b. Benefits of physical activity not 
affected by air pollution: a prospective cohort study. Int. J. Epidemiol., 49, 1, 
142–152. https://doi.org/10.1093/ije/dyz184. 

Sutter, I., Klingenberg, R., Othman, A., Rohrer, L., Landmesser, U., Heg, D., Rodondi, N., 
Mach, F., Windecker, S., Matter, C.M., Lüscher, T.F., von Eckardstein, A., 
Hornemann, T., 2016. Decreased phosphatidylcholine plasmalogens–A putative 
novel lipid signature in patients with stable coronary artery disease and acute 
myocardial infarction. Atherosclerosis 246, 130–140. 

Tainio, M., Jovanovic Andersen, Z., Nieuwenhuijsen, M.J., Hu, L., de Nazelle, A., An, R., 
Garcia, L.M.T., Goenka, S., Zapata-Diomedi, B., Bull, F., Sá, T.H.d., 2021. Air 
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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–FF4. Using data from routine monitoring sites, we calculated the absolute differences in annual average 

concentrations between the period of each visit (01.01.2000–31.12.2000 for S4, 01.01.2007–31.12.2007 for 

F4, and 01.07.2013–30.06.2014 for FF4) and the period of ULTRA III measurements (01.03.2014–

15.04.2015). To account for the difference in monitoring devices used at routine monitoring sites and in 

ULTRA III measurements, we calculated the ratio of average concentrations at the monitoring sites for the 

ULTRA III measurement period to average concentrations at the 20 measurement sites in ULTRA III, and 

calibrated the absolute difference by multiplying the absolute difference by the ratio. We then calculated 

for each study participant the back-extrapolated concentration at each visit by adding the calibrated absolute 

difference to the LUR-model-estimated ULTRA III annual average concentrations. The back-extrapolated 

air pollution concentrations reflected not only the spatial variation but also the temporal variation in 

exposure (Zhang et al. 2021). 

Short-term air pollutants 

The daily average PM10 and PM2.5 for the years 2004 to 2017 were obtained from an aerosol monitoring 

station (FH) located 1 km southeast of the city center of Augsburg. This monitoring station was established 

in 2004 and is considered as a representative site of the urban background in Augsburg. PM10 concentrations 

before 2004 were monitored at an urban background station (Bourges-Platz, BP) located 2 km north of the 

city center, and measured data were calibrated based on a linear regression model using the overlapping 

period with the FH site and yielded continuous PM10 data for the years 1985 to 2017. PM2.5 concentrations 

before 2004 were calculated as a ratio from PM10 time series: PM2.5 = PM10 × 0.68. PMcoarse was calculated 

by scaling PM10 with a factor of 0.32 until the end of 2004. From the beginning of 2005, it was calculated 

as the difference between PM10 and PM2.5. Daily NO2 and NO concentrations for the years 1985 to 2017 

were obtained from the BP station, and missing values were imputed by monitoring data from a single 

urban background monitoring site (LfU, approximately 4 km south of the city center) operated by the 

Bavarian Environment Agency using linear regressions. Daily NOx between 2013 and 2017 were obtained 

by a similar procedure as NO2, while the years before 2013 was calculated by NOx = NO + NO2. O3 

concentrations had been measured at the Haunstetten monitoring station (a suburb 7 km south of the 

Augsburg city center) until 2000. From 2001 on, monitoring has been done at the LfU monitoring station. 

To account for the difference of monitoring devices at these two stations, we calibrated the measured data 

at Haunstetten station based on a linear regression model using the overlapping period. A continuous O3 

time-series dataset was derived for the years 1985 to 2017. Further missing rates of air pollutants were all 

less than 5% and imputed by the median of three-month moving averages, which accounted for the seasonal 

effects. Since the monitor data of black carbon (equal to PM2.5abs) was not available for the KORA S4 period, 

and there were too many missing values of PNC before 2004, we didn’t perform this sensitivity analysis 

for PM2.5abs and PNC.  
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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 

μg/m3 for PM2.5, 2.06 μg/m3 for PM10, 1.36 μg/m3 for PMcoarse, 1.95×103/cm3 for PNC, 0.27×10-5/m for 

PM2.5abs, 6.86 μg/m3 for NO2, 8.69 μg/m3 for NOx, and 3.45 μg/m3 for O3. 

PM2.5 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PMcoarse = 

particulate matter with an aerodynamic diameter of 2.5-10 μm; PM10 = particulate matter with an 

aerodynamic diameter less than or equal to 10 μm; PM2.5abs = PM2.5 absorbance; PNC = particle number 

concentration; NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. 
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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 

was 1.36 μg/m3 for PMcoarse, 0.27×10-5/m for PM2.5abs, 6.86 μg/m3 for NO2. 
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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 score. An IQR increase was 1.36 μg/m3 for PMcoarse, 

0.27×10-5/m for PM2.5abs, 6.86 μg/m3 for NO2. 
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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 3.45 μg/m3 for O3. PC aa: diacyl 

phosphatidylcholine; PC ae: acyl-alkyl phosphatidylcholine; O3 = ozone. 

* p < 0.05 

  

* * * 
* 

* * 

* * * 
* 

* * * * 



Paper I

76

 

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 

was 1.40 μg/m3 for PM2.5, 2.06 μg/m3 for PM10, 1.36 μg/m3 for PMcoarse, 0.27×10-5/m for PM2.5abs, 

1.95×103/cm3 for PNC, 6.86 μg/m3 for NO2, 8.69 μg/m3 for NOx, and 3.45 μg/m3 for O3. 
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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 score. An IQR increase was 1.40 μg/m3 for PM2.5, 2.06 

μg/m3 for PM10, 0.27×10-5/m for PM2.5abs, 1.36 μg/m3 for PMcoarse, 1.95×103/cm3 for PNC, and 3.45 μg/m3 

for O3. 
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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 

score. IQR increases were: 1.40 μg/m3 for PM2.5, 2.06 μg/m3 for PM10, 1.36 μg/m3 for PMcoarse, 1.95×103/cm3 

for PNC, 0.27×10-5/m for PM2.5abs, 6.86 μg/m3 for NO2. 
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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. An IQR increase was 3.45 μg/m3 for O3. 
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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 

score. An IQR increase was 1.40 μg/m3 for PM2.5, 2.06 μg/m3 for PM10, 1.36 μg/m3 for PMcoarse, 6.86 μg/m3 

for NO2, 8.69 μg/m3 for NOx, and 3.45 μg/m3 for O3. 
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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. 

 



Paper I

82

 

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 increase was 1.36 μg/m3 for PMcoarse. 

 

 



Paper I

83

 

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 increase was 6.86 μg/m3 for NO2. 
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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 didn’t change (0.27×10-5/m). 
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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 changed from 1.36 μg/m3 (main data) to 1.21 μg/m3 (outliers removed). 
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Longitudinal associations between metabolites and immediate, short- and 
medium-term exposure to ambient air pollution: Results from the KORA 
cohort study 
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A B S T R A C T   

Background: Short-term exposure to air pollution has been reported to be associated with cardiopulmonary 
diseases, but the underlying mechanisms remain unclear. This study aimed to investigate changes in serum 
metabolites associated with immediate, short- and medium-term exposures to ambient air pollution. 
Methods: We used data from the German population-based Cooperative Health Research in the Region of 
Augsburg (KORA) S4 survey (1999–2001) and two follow-up examinations (F4: 2006–08 and FF4: 2013–14). 
Mass-spectrometry-based targeted metabolomics was used to quantify metabolites among serum samples. Only 
participants with repeated metabolites measurements were included in this analysis. We collected daily averages 
of fine particles (PM2.5), coarse particles (PMcoarse), nitrogen dioxide (NO2), and ozone (O3) at urban background 
monitors located in Augsburg, Germany. Covariate-adjusted generalized additive mixed-effects models were used 
to examine the associations between immediate (2-day average of same day and previous day as individual's 
blood withdrawal), short- (2-week moving average), and medium-term exposures (8-week moving average) to air 
pollution and metabolites. We further performed pathway analysis for the metabolites significantly associated 
with air pollutants in each exposure window. 
Results: Of 9,620 observations from 4,261 study participants, we included 5,772 (60.0%) observations from 
2,583 (60.6%) participants in this analysis. Out of 108 metabolites that passed quality control, multiple sig
nificant associations between metabolites and air pollutants with several exposure windows were identified at a 
Bonferroni corrected p-value threshold (p < 3.9 × 10− 5). We found the highest number of associations for NO2, 
particularly at the medium-term exposure windows. Among the identified metabolic pathways based on the 
metabolites significantly associated with air pollutants, the glycerophospholipid metabolism was the most robust 
pathway in different air pollutants exposures. 
Conclusions: Our study suggested that short- and medium-term exposure to air pollution might induce alterations 
of serum metabolites, particularly in metabolites involved in metabolic pathways related to inflammatory 
response and oxidative stress.   

1. Introduction 

Short- and medium-term exposures to ambient air pollution could 

lead to adverse health effects such as reduced lung function, higher 
blood pressure, and cognitive dysfunction, and further increase the risk 
for pulmonary, cardiovascular, and neurological diseases (Brook and 
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Rajagopalan, 2009; Brook et al., 2010; Franchini and Mannucci, 2007; 
Lee et al., 2017; Pope 3rd et al., 2006; Rice et al., 2013; Wang et al., 
2019; Wu et al., 2016; Zhang et al., 2022). Oxidative stress and systemic 
inflammation have been shown to be among the underlying biological 
mechanisms mediating the adverse health effects of air pollution 
(Dauchet et al., 2018; Li et al., 2020). 

Ambient air pollutants could induce local inflammatory responses, 
further leading to indirect systemic inflammation (ambient 
accumulation-mode particles) or enter into the blood and lead to alter
ations of blood biomarkers directly (ambient ultrafine particles) (Brook 
et al., 2010). The blood metabolome has been defined as the collection 
of biologically active chemicals in human blood derived from endoge
nous processes and exogenous exposure to food, medicines, and pol
lutants (Rappaport et al., 2014). Furthermore, metabolomics has 
become a well-developed tool to identify smaller molecular metabolites 
in the biological systems and the corresponding cellular responses per
turbed by endogenous or exogenous stimuli (Holmes et al., 2008). 
Therefore, examining serum metabolite alterations and investigating the 
involved metabolic pathways is a novel approach to better understand 
the underlying biological mechanisms of air pollution-associated 
diseases. 

Some studies have reported associations between short- and/or 
medium-term air pollution exposure and the alteration of metabolites in 
the blood (Breitner et al., 2016; Li et al., 2017; Liang et al., 2018; Nassan 
et al., 2021a; Nassan et al., 2021b; Surowiec et al., 2016; van Veldhoven 
et al., 2019; Vlaanderen et al., 2017; Ward-Caviness et al., 2016; Zhu 
et al., 2021). However, only a few were conducted in a cohort setting 
(Breitner et al., 2016; Nassan et al., 2021a; Nassan et al., 2021b; Ward- 
Caviness et al., 2016). Furthermore, air pollution-related changes in 
metabolites or metabolic pathways observed in these studies were not 
consistent due to the complexity of metabolites and differences in 
techniques (targeted metabolomics vs. untargeted metabolomics), air 
pollution exposures (e.g., different foci on single air pollutants or mul
tiple air pollutants and exposure windows), and targeted populations 
(limited to older men, pregnant women, or teenagers). The inconsis
tency led to the limited generalizability of the studies' findings to other 
populations. In addition, most of these studies were based on a cross- 
sectional design, which could not provide evidence of a potential tem
poral relationship between air pollution exposures and metabolites. 

Given the above gaps, we aimed to determine the associations be
tween immediate, short- and medium-term exposures to air pollution 
and targeted metabolomics within a longitudinal analysis of the German 
population-based Cooperative Health Research of Augsburg (KORA) 
cohort. Moreover, we have previously shown that long-term exposure to 
air pollution was associated with metabolic alterations in this sample, 
particularly in PCs with unsaturated long-chain fatty acids (Yao et al., 
2022). We hypothesized that immediate, short- and medium-term ex
posures to air pollution are associated with the perturbation of serum 
metabolite levels involved in metabolic pathways related to adverse 
health effects from ambient air pollution, such as inflammatory response 
and oxidative stress. 

2. Materials and methods 

2.1. Study design and participants 

This longitudinal analysis is based on the same data set as our pre
vious analysis investigating changes in serum metabolites associated 
with long-term exposure to air pollution (Yao et al., 2022). In brief, the 
KORA (Cooperative Health Research in the Region Augsburg, Germany) 
cohort is a regional research platform for population-based surveys and 
subsequent follow-up studies in the fields of epidemiology, health eco
nomics, and health care research (https://www.helmholtz-munich.de 
/en/epi/cohort/kora). Individuals residing in the city of Augsburg and 
neighbouring administrative districts were recruited covering urban and 
rural areas, both men and women and a broad age range to represent the 

general population. The inclusion criteria for the study were German 
nationality and first place of residence in the study region. More details 
can be found elsewhere (Holle et al., 2005; Löwel et al., 2005). The 
fourth cross-sectional health survey of the KORA cohort (KORA S4) was 
conducted from October 1999 to April 2001 and involved 4,261 par
ticipants aged 25–74 years with German citizenship. Two follow-up 
examinations were carried out: within the first follow-up (KORA F4), 
3,080 participants were examined between October 2006 and May 
2008; the second follow-up (KORA FF4) consisted of 2,279 participants 
with examinations between June 2013 and September 2014. 

A computer-assisted personal interview, a self-administered ques
tionnaire, and physical examinations were performed at each visit by 
trained investigators at the study center. Educational attainment was 
categorized into primary school, high school, and college. The contin
uous body-mass index (BMI) was categorized into normal weight (≤30 
kg/m2) and obesity (>30 kg/m2). Physical activity was categorized 
based on the time spent on physical exercise into low (no or almost no 
physical exercise), medium (regular or irregular, approximately 1 h/ 
week), and high (more than 2 h/week) levels. Alcohol consumption was 
categorized into no (0 g/day), moderate (men 0.1–39.9 g/day and 
women 0.1–19.9 g/day), and high (men ≥40 g/day and women ≥20 g/ 
day) consumption. Smoking status was categorized into smoker (regular 
or irregular smoker), former smoker, and never smoker. The individuals' 
dietary intake was collected using a food-frequency questionnaire 
investigating 24 food groups. An index was built to rate the frequency 
with which each food was consumed by assigning either 0, 1, or 2 points 
based on the German Nutrition Society (DGE) recommendations. Higher 
scores reflect better compliance with DGE recommendations. A sum 
dietary score ranging from 0 to 27 was calculated according to DGE 
guidelines and subsequently grouped into three categories: adverse 
(≤13 points), ordinary (14–15 points), and favorable (≥16 points) di
etary patterns. This approach was established in earlier KORA studies 
and was validated against a weighed 7-day dietary protocol (Rabel et al., 
2018; Winkler and Döring, 1998). 

Only participants who attended at least two visits across the entire 
study period were included in this longitudinal analysis (Supplementary 
Fig. S1). Additionally, we excluded participants with missing data on 
covariates used in our main analysis. Written informed content was 
obtained from all participants. The KORA study was approved by the 
ethics committee of the Bavarian Chamber of Physicians (Munich, 
Germany). 

2.2. Metabolite quantification and normalization 

Blood samples were drawn into serum gel tubes between 8:00 am 
and 10:30 am after at least 8 h of overnight fasting. Serum was collected, 
filled into synthetic straws and stored in liquid nitrogen (− 80 ◦C) until 
the metabolomics analyses were conducted. The metabolite profiling in 
serum samples was done with the AbsoluteIDQ™ p180 kit (BIOCRATES 
Life Sciences AG, Innsbruck, Austria) for KORA S4 (March–April 2011) 
and FF4 (February–October 2019), allowing for the simultaneous 
quantification of 188 metabolites. The AbsoluteIDQ™ p150 kit was used 
to quantify 163 metabolites in KORA F4 samples from August 2008 to 
March 2009. The assay procedures have been described previously in 
detail (Römisch-Margl et al., 2012). 

Identical quality control procedures were used at each of the three 
time points. Each metabolite should meet the following three criteria: 
(1) The average value of the coefficient of variance (CV) in the five/six 
reference samples or three quality control (QC) samples should be 
<25%; (2) 50% of all measured sample concentrations for the metabo
lite should be above the limit of detection (LOD), which was defined as 
three times the median of zero samples; and (3) The rate of missing value 
of metabolite should be <5%. The non-detectable values of each 
metabolite were randomly imputed by values ranging from 75% to 
125% of half of the lowest measured value of the corresponding 
metabolite in each plate. In order to minimize the plate effects in each 
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visit, plate normalization factors were calculated by dividing the mean 
of reference sample values (QC samples in KORA F4) in each plate by the 
mean of all reference sample values in all plates and then used to 
normalize each metabolite (Han et al., 2022; Huang et al., 2020). 

Additionally, to control for the effects of the different kits between 
KORA F4 and KORA S4/FF4, up to eight participants' samples were 
randomly selected from each of the 36 kit plates in KORA F4 and re- 
measured using the same AbsoluteIDQ™ p180 kit used in KORA S4/ 
FF4. The difference of each metabolite between the corresponding 
participants in KORA F4 and re-measured KORA F4, and a further mean 
difference of each metabolite were calculated. We calculated the kit 
normalization factor by dividing the mean of each metabolite in KORA 
F4 by the mean of each metabolite in KORA F4 minus the mean differ
ence between KORA F4 and re-measured KORA F4. This kit normali
zation factor was then used to correct KORA F4 metabolite data. 
Extreme outliers of each metabolite were defined as a value beyond the 
mean ± 5×standard deviations range and imputed by the K-nearest 
neighbors algorithm (KNN) (Han et al., 2022; Huang et al., 2020). In 
total, 135 metabolites in KORA S4, 114 in KORA F4, and 145 in KORA 
FF4 passed the quality control. Out of these, 108 metabolites overlapped 
across KORA S4, F4, and FF4 and were used in the subsequent analysis. 
Metabolites covered the following compound classes: 12 amino acids, 12 
acylcarnitines, 72 glycerophospholipids (including 32 phosphatidyl
cholines (PCs) with acyl-acyl (diacyl) side chains (PC aa), 33 phospha
tidylcholines with acyl-alkyl side chains (PC ae), and seven 
lysophosphatidylcholines (LPCs)), 11 sphingomyelins (SM) and a sum of 
hexoses (including glucose). The complete list of metabolites is pre
sented in the supplementary material (Supplementary Table S1). 

2.3. Air pollution 

Hourly averages of air pollutants (particulate matter (PM) with an 
aerodynamic diameter ≤2.5 μm (PM2.5) or between 2.5 and 10 μm 
(PMcoarse), nitrogen dioxide (NO2), and ozone (O3)) and meteorological 
parameters (temperature and relative humidity) were collected at fixed 
background monitoring sites (Wolf et al., 2015). 24-h average concen
trations of each air pollutant and the meteorological parameters on the 
day of blood withdrawal of each visit were calculated for each monitor 
when at least 75% of the hourly values were available. For O3, daily 
maximum 8-h average levels were calculated. Furthermore, 2-day (same 
day and previous day as individual's blood withdrawal), 2-week, and 8- 
week moving averages prior to the examination day were calculated 
based on the daily average concentrations to explore the effects of im
mediate, short- and medium-term exposure. 

Due to the different operating periods of monitoring sites, the time 
series of daily air pollutant concentrations were created by combining 
exposure data from different monitoring sites for specific periods. To 
obtain one consistent time series for each air pollutant, we selected the 
station with the longest monitoring period for each air pollutant as the 
master station. We then imputed missing values by running linear re
gressions between the master monitor and the other monitors and 
selecting the one with the highest explained variance (R2) (Supple
mentary Table S2). The daily averages of PM2.5 for 2004 to 2014 were 
obtained from an aerosol monitoring station (FH) located approximately 
1 km southeast of the city center of Augsburg with a distance of 100 m to 
the nearest major road. This monitoring station was established in 2004 
and is considered a representative site of the urban background in 
Augsburg (Cyrys et al., 2008). Since PM2.5 was not available before 
2004, we used PM10 (PM with an aerodynamic diameter ≤10 μm) 
concentrations and downscaled them by a factor of 0.68 to derive PM2.5. 
These PM10 concentrations were monitored at an urban background 
station (Bourgesplatz, BP) located approximately 2 km north of the city 
center, as well as 20 m to the nearest road with low traffic intensity and 
100 m to the nearest road with high traffic intensity (Cyrys et al., 2008). 
The factor 0.68 to predict PM2.5 by PM10 was based on the median ratio 
of PM2.5/PM10 during the period of ULTRA III measurements 

(Environmental Nanoparticles and Health: Exposure, Modeling and 
Epidemiology of Nanoparticles and their Composition) (Wolf et al., 
2017). The measured data were then calibrated based on a linear 
regression model using the overlapping period with FH to yield 
continuous PM2.5 data from 1999 to 2014. PMcoarse was calculated by 
scaling PM10 with a factor of 0.32 until the end of 2004. From the 
beginning of 2005, it was calculated as the difference between PM10 and 
PM2.5 following the method of the ESCAPE project where the KORA 
cohort was part of Eeftens et al. (2012). Daily NO2 concentrations from 
1999 to 2014 were obtained from the BP station. Missing values were 
imputed by monitoring data from a single urban background monitoring 
site operated by the Bavarian Environment Agency (LfU), approximately 
4 km south of the city center, using linear regressions. O3 concentrations 
were measured at the Haunstetten monitoring station (HAU, a suburb 7 
km south of the Augsburg city center) until 2001 (Chen et al., 2020; Wolf 
et al., 2015). From 2001 on, monitoring was done at the LfU monitoring 
station. To account for the difference between monitoring devices at 
these two stations, we calibrated the measured data at the HAU moni
toring station using a linear regression model using the overlapping 
period. Hence, a continuous O3 time-series dataset was derived from 
1999 to 2014. Meteorological parameters were collected separately 
from the LfU site, and missing days were imputed by the corresponding 
data measured at the HAU station (Chen et al., 2020; Wolf et al., 2015). 
Further missing rates of air pollutants were all less than 5% and imputed 
by the median of three-month moving averages, which account for the 
seasonal effects. 

2.4. Statistical methods 

Basic descriptive analyses were performed for participant charac
teristics, air pollutants, and meteorological parameters. The differences 
between surveys were examined by a Kruskal-Wallis test (one-way 
ANOVA) applied for continuous variables and a Pearson's Chi-squared 
test for categorical variables. Spearman's rank correlation coefficient 
was used to calculate correlations between air pollutants and meteoro
logical parameters. 

We applied generalized additive mixed-effects models with random 
intercepts for participants to examine the associations between repeat
edly measured metabolite concentrations and air pollutants. All me
tabolites were natural log-transformed to increase the conformity to 
normal distributions of residuals. A total of three exposure windows 
were considered for each pollutant, covering immediate and cumulative 
short-term and medium-term effects: 2-day (same-day and previous-day 
exposure as the individual's blood withdrawal), 2-week and 8-week 
moving averages before the examination day. Related exposure win
dows of air temperature and relative humidity were calculated. Cova
riates included in the models were selected a priori based on literature 
(Breitner et al., 2016; Ward-Caviness et al., 2016). Minimum models 
were adjusted for age, sex, BMI, an indicator of each study wave (KORA 
S4, F4, or FF4), the day of the week, time trend, temperature, and 
relative humidity. We used regression splines to account for non- 
linearity in the relationships between time trends, temperature or rela
tive humidity, and metabolites. Three degrees of freedom were used for 
the temperature and relative humidity splines, and four degrees of 
freedom per year in each study wave for the time trend spline. Main 
models additionally included smoking status (never/former/current), 
alcohol consumption (g/day), physical activity index (low/medium/ 
high), educational attainment (primary school/high school/college), 
fasting status (overnight fasting of 8 h or not) and dietary score 
(continuous). In the extended models, we further added hypertension, 
diabetes, medication intake (anti-hypertensive, anti-diabetic, or lipid- 
lowering medication), high-density lipoprotein (HDL), and total 
cholesterol. Effect estimates are presented as percent changes in the 
geometric mean (together with 95% confidence intervals [95% CI]) of 
the repeatedly assessed outcomes per interquartile range (IQR) increase 
in air pollutant concentrations. 
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Effect modification was investigated by including an interaction 
term between each air pollutant at each exposure window and the po
tential effect modifier assessed at each visit. The examined modifiers 
included age (<65 years vs ≥65 years; 65 years is the current official 
retirement age in Germany), sex (male vs female), obesity (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), hypertension (yes vs no), and diabetes (yes vs no). 

Several sensitivity analyses were performed in this study: 1) We 
included all participants with at least one visit in KORA S4, F4, or FF4 
with complete data on air pollution, phenotypes, and metabolites in the 
analysis; 2) Only participants with fasting blood samples throughout the 
entire study period were included; 3) To control for selection bias 
introduced by selecting participants with more than one measurement, 
we estimated weights for those included using the inverse probability 
weighting (IPW) method (Weuve et al., 2012). Briefly, the probability of 
being included in our main analysis among all study participants in 
KORA S4 was calculated using logistic regression. We used individual 
characteristics of our main analysis as possible predictors. Then, we 
applied the inverse of the predicted probability determined from the 
logistic regression as the weight in our main model; 4) We applied a 
crude model on the immediate and short-term analysis, which excluded 
age, sex, and BMI from our minimum model to investigate the acute 
effects from air pollutants and meteorological parameters; 5) To inves
tigate the co-effects between short-term and long-term air pollution 
exposure, we simultaneously included the corresponding long-term ex
posures estimated by the land use regression models for each air 
pollutant (Yao et al., 2022); and 6) We performed two-pollutant models 
by including two air pollutants simultaneously if their correlation was 
smaller than 0.7. 

All statistical analyses were done with R (version 4.1.2). The p-value 
cut-off was set as 3.9 × 10− 5 to account for multiple testing introduced 
by four air pollutants (PM2.5, PMcoarse, NO2, and O3), three exposure 
windows, and 108 metabolites used in this study (0.05 / (4 * 3 * 108)). 

2.5. Pathway analysis 

We performed pathway analysis using the air pollutants-associated 
metabolites via the “Pathway Analysis” module in MetaboAnalyst 5.0 
(Pang et al., 2021). More details were described in our previous study 
(Yao et al., 2022). In brief, this module supports pathway analysis by 
integrating pathway enrichment analysis and pathway topology analysis 
based on the Kyoto Encyclopedia of Genes and Genomes (KEGG) data
base. The p-value of the pathway enrichment analysis indicated the 
probability of seeing at least a particular number of metabolites from a 
collection of pathways of the KEGG pathway database in the metab
olomics platform we used (Wieder et al., 2021). The pathway topology 
analysis uses two well-established node centrality measures to estimate 
node importance. Furthermore, to take into account the comparison 
among different pathways, the node importance values calculated from 
centrality measures are further normalized by the sum of the importance 
of the pathway. Therefore, the total/maximum importance of each 
pathway is one. The importance measure of each metabolite node re
flects the percentage with regard to the total pathway importance, and 
the pathway impact value is the cumulative percentage from the 
matched metabolite nodes. Pathways with a p-value ≤ 0.1, or with an 
impact value > 0.5 while p-value ≤ 0.3 were considered the most rele
vant pathways. 

3. Results 

3.1. Demographic characteristics 

Participant characteristics are summarized in Table 1. Only partici
pants attending at least two visits during the entire study period with no 
missing information in the main confounders were included in our main 

analyses. Therefore, among 9,620 observations from 4,261 study par
ticipants in the KORA cohort between 1999 and 2014, we included 
5,772 (60.0%) observations from 2,583 (60.6%) participants in this 
analysis. Specifically, 1,977 (76.5%) out of the 2,583 participants 
attended two examinations, and 606 (23.5%) attended all three exam
inations (Table 1). 

Since metabolite concentrations in KORA S4 were only determined 
in 1,610 participants between 55 and 74 years as only these were asked 
to be fasting, 1,605 of the overall 4,261 participants could be included in 
the analysis after the data quality control. Therefore, on average, KORA 
S4 participants were older than those of KORA F4 and KORA FF4 
(Table 1). Meanwhile, the average educational attainment, the per
centages of 8 h overnight fasting before blood withdrawal, current 
smoking status, unhealthy dietary pattern, and medium and high levels 

Table 1 
Descriptive statistics of participant characteristics at each study.   

S4 (N =
1,129) 

F4 (N =
2,556) 

FF4 (N =
2,087) 

p- 
Value 

Mean ± SD/ 
N (%) 

Mean ± SD/ 
N (%) 

Mean ± SD/ 
N (%) 

Age (years) 63.3 ± 5.4 57.5 ± 13.3 60.7 ± 12.3  <0.001 
Sex (male) 570 (50.6) 1,240 (48.5) 1,012 (48.5)  0.46 
Education     <0.001 

Primary school 753 (66.7) 1,357 (53.1) 1,034 (49.5)  
High school 221 (19.6) 621 (24.3) 530 (25.4)  
College 155 (13.7) 578 (22.6) 523 (25.1)  

BMI (kg/m2) 28.4 ± 4.2 27.7 ± 4.7 27.8 ± 4.9  <0.001 
Alcohol consumption 

(g/day) 
16.2 ± 20.9 14.4 ± 19.5 14.9 ± 20.1  0.025 

Dietary score 16.2 ± 3.6 15.3 ± 3.6 15.1 ± 3.6  <0.001 
Dietary patterns     <0.001 

Adverse 271 (24.0) 817 (31.9) 715 (34.3)  
Ordinary 212 (18.8) 541 (21.2) 451 (21.6)  
Favorable 646 (57.2) 1,198 (46.9) 921 (44.1)  

Fasting (8 h) (% yes) 1,016 (90.0) 2,543 (99.5) 2,074 (99.4)  <0.001 
Smoking status     0.002 

Current smoker 137 (12.1) 384 (15.0) 307 (14.7)  
Former smoker 437 (38.7) 1,066 (41.7) 902 (43.2)  
Never smoker 555 (49.2) 1,106 (43.3) 878 (42.1)  

Physical activity     <0.001 
Low 444 (39.3) 818 (32.0) 589 (28.2)  
Medium 479 (42.4) 1,115 (43.6) 952 (45.6)  
High 206 (18.3) 623 (24.4) 546 (26.2)  

Hypertension (% yes) 609 (53.9) 1,016 (39.8) 825 (39.5)  <0.001 
Diabetes (% yes) 92 (8.2) 224 (8.8) 215 (10.3)  0.11 
Medication usage (% 

yes)     
Anti-hypertension 
medication 

397 (35.2) 861 (33.7) 782 (37.5)  0.03 

Anti-diabetes 
medication 

53 (4.7) 154 (6.0) 174 (8.3)  <0.001 

Lipid lowering 
medication 

128 (11.3) 351 (13.7) 342 (16.4)  <0.001 

Cholesterol (mg/dL)* 243.6 ±
40.8 

216.1 ±
38.8 

216.7 ±
39.5  

<0.001 

HDL (mg/dL)* 58.1 ± 16.5 56.1 ± 14.4 65.9 ± 18.8  <0.001 

S4 = fourth cross-sectional health survey of the KORA cohort; F4 = first follow- 
up examination of KORA S4; FF4 = second follow-up examination of KORA S4; 
BMI = body mass index; HDL = high density lipoprotein; S4 participants were 
selected based on whether they did fast or not. Dietary patterns were classified 
by a dietary score basing on the assessment of individual's daily diet (ques
tionnaire): Adverse = ≤13 points, Ordinary = 14–15 points, Favorable = ≥16 
points. Physical activity was defined according to the exercise time per week: 
Low = almost or no sporting activity, Medium = regular/irregular approx. 1 h/ 
week, High = regularly >2 h in the week. 
SD = standard deviation; p-value was based on the Kruskal-Wallis test for 
continuous variables, and Pearson's Chi-squared test for categorical variables. 

* Cholesterol was missing for one (0.09%) participant in KORA S4, and one 
(0.05%) in KORA FF4; HDL was missing for one participant in each KORA S4 
(0.09%), F4 (0.04%), and FF4 (0.05%). 1977 participants attended two exami
nations, and 606 attended three examinations. 
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of physical activity of KORA S4 were lower (p-value < 0.01). In contrast, 
mean BMI, alcohol consumption, cholesterol, HDL, and the percentage 
of hypertension were higher in KORA S4 (p-value < 0.01). 

3.2. Characteristics of air pollutants 

The daily average concentrations of PM2.5, PMcoarse, NO2, and O3 at 
different survey times are listed in Table 2. The daily average concen
trations of PM2.5 in KORA S4 were slightly higher than the WHO Air 
Quality Guideline (AQG) value of 15 μg/m3, while the values at the 
other two survey times were similar or lower. For O3, the daily average 
exposures at all three KORA study visits were lower than the WHO AQG 
levels of 100 μg/m3. In contrast, the daily average concentrations of NO2 
in KORA S4 (39.2 μg/m3), KORA F4 (33.0 μg/m3), and KORA FF4 (29.6 
μg/m3) were all higher than the WHO AQG level (25 μg/m3). In general, 
air pollutant levels and relative humidity during the survey times 
gradually decreased from KORA S4 to KORA FF4, except for O3 and 
temperature, which overall showed an increasing trend (Table 2). All 
pollutants showed strong positive relationships with each other; only O3 
showed weak or negative correlations with other air pollutants but a 
positive correlation with temperature. Like O3, relative humidity also 
showed weak or negative associations with other air pollutants and 
temperature (Supplementary Fig. S2). 

3.3. Associations between metabolites and air pollutants in different 
exposure windows 

There were multiple significant associations between metabolites 
and air pollutants in different exposure windows at a Bonferroni- 
corrected p-value after adjusting for covariates (p < 3.9 × 10− 5) 
(Fig. 1 and Supplementary Table S3). In general, medium-term expo
sures (8-week exposure) to each air pollutant showed the strongest ef
fects. For PM2.5, medium-term exposures were significantly associated 
with arginine (Arg), tryptophan (Trp), and eight phosphatidylcholines. 

Only Trp and one phosphatidylcholine (PC aa C30:0) were negatively 
associated with short-term (2-week moving average) PM2.5 exposure. 
Medium-term PMcoarse exposure was positively associated with amino 
acids, including glycine (Gly), methionine (Met), ornithine (Orn), 
phenylalanine (Phe), serine (Ser) and threonine (Thr), one lysophos
phatidylcholine (LPC a C16:0), one phosphatidylcholine (PC ae C40:4), 
and one sphingomyelin (SM C16:0). In addition, PC aa C40:4 was 
negatively associated with immediate exposure to PMcoarse, and PC ae 
C44:3 was positively associated with short-term exposure to PMcoarse. 
NO2 exposure showed the largest number of associations with metabo
lites, particularly at the medium-term exposure windows, which covered 
each metabolite group in this study, including 33 PCs, five LPCs, seven 
SMs, three amino acids (Arg, Trp, and tyrosine (Tyr)), and one acyl
carnitine (C0). A few metabolites from PCs, LPCs, or the amino acid 
group were negatively associated with immediate or short-term expo
sure to NO2. Those metabolites remained in the medium-term exposure 
window of NO2. Only two metabolites were positively associated with 
O3 exposures. Trp was associated with both short- and medium-term O3 
exposures, whereas SM (OH) C24:1 was only associated with immediate 
O3 exposures. In addition, we listed the non-overlapping metabolites 
throughout the three exposure windows as well, which were written in 
blue. The direction of the effect estimates was generally the same rep
resenting the consistency of our results in different exposure windows 
(Supplementary Table S3). 

To summarize, metabolites showing significant associations with all 
three air pollutants were mainly from the PCs group (Supplementary 
Table S3). Particularly, we observed that Trp, PC aa C40:4, and PC ae 
C42:5 showed robust associations with all NO2 exposure windows 
(Fig. 2). There were also some overlapping metabolite associations for 
different air pollutants in the same exposure windows. For example, Trp 
was associated with short- and medium-term exposures to NO2, PM2.5, 
and O3 (Fig. 2 and Supplementary Table S3). Moreover, PC aa C40:4 was 
significantly associated with immediate exposures to both PMcoarse and 
NO2, with the effect estimates in the same direction (Supplementary 

Table 2 
Descriptive statistics of the 2-day, 2- and 8-week moving averages of air pollutant concentrations and meteorological parameters* (N = 5,772).    

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

Mean ± SD IQR Mean ± SD IQR Mean ± SD IQR 

S4 PM2.5 (μg/m3) 15.6 ± 7.0  8.2 15.7 ± 4.3  5.9 15.8 ± 2.5  4.6 
PMcoarse (μg/m3) 7.3 ± 3.3  3.8 7.4 ± 6.3  2.8 7.4 ± 1.2  2.2 
NO2 (μg/m3) 38.3 ± 10.8  14.2 37.0 ± 5.8  7.0 36.4 ± 3.6  4.4 
O3 (μg/m3) 41.4 ± 20.4  34.1 41.5 ± 17.6  31.5 42.7 ± 15.9  28.2 
Relative humidity (%) 79.2 ± 11.1  16.0 79.9 ± 8.1  12.2 79.4 ± 7.0  10.7 
Air temperature (◦C) 8.5 ± 6.7  8.8 8.4 ± 6.2  10.9 9.0 ± 6.0  10.8 

F4 PM2.5 (μg/m3) 14.7 ± 10.5  12.0 14.4 ± 5.6  7.1 15.0 ± 11.2  5.1 
PMcoarse (μg/m3) 4.9 ± 3.4  3.7 4.6 ± 2.3  2.8 5.0 ± 3.9  1.8 
NO2 (μg/m3) 32.4 ± 10.6  16.0 31.3 ± 6.0  7.7 33.0 ± 11.8  5.3 
O3 (μg/m3) 39.6 ± 21.7  36.7 40.4 ± 17.6  30.3 39.2 ± 22.6  28 
Relative humidity (%) 76.5 ± 9.1  11.7 76.1 ± 6.8  8.9 76.6 ± 9.9  9.5 
Air temperature (◦C) 7.9 ± 6.5  9.4 8.1 ± 5.9  9.1 7.9 ± 6.6  9.8 

FF4 PM2.5 (μg/m3) 10.5 ± 7.0  7.9 10.5 ± 4.3  5.6 11.0 ± 2.9  4.6 
PMcoarse (μg/m3) 5.5 ± 3.6  3.4 5.0 ± 2.0  2.6 5.2 ± 1.4  2.3 
NO2 (μg/m3) 28.8 ± 10.2  13.0 27.2 ± 5.4  7.7 27.5 ± 4.8  8.9 
O3 (μg/m3) 44.3 ± 20.8  33.9 43.8 ± 17.9  33.8 43.3 ± 16.3  30.9 
Relative humidity (%) 72.7 ± 11.1  17.8 73.4 ± 8.5  13.0 73.2 ± 6.9  11.8 
Air temperature (◦C) 12.4 ± 7.3  12.3 12.0 ± 6.5  11.7 11.9 ± 5.8  9.8 

Entire study period PM2.5 (μg/m3) 13.4 ± 9.0  10.0 13.3 ± 5.3  7.0 13.7 ± 3.7  6.9 
PMcoarse (μg/m3) 5.6 ± 3.6  3.9 5.3 ± 2.4  3.3 5.3 ± 1.8  2.9 
NO2 (μg/m3) 32.2 ± 11.0  14.8 30.9 ± 6.7  9.5 31.0 ± 5.3  8.9 
O3 (μg/m3) 41.6 ± 21.2  35.0 41.8 ± 17.8  32.4 41.2 ± 16.0  30.1 
Relative humidity (%) 75.7 ± 10.6  15.6 75.8 ± 8.0  11.5 76.0 ± 6.8  11.9 
Air temperature (◦C) 9.7 ± 7.1  10.8 9.6 ± 6.4  10.5 9.6 ± 6.0  11.2  

* Exposure levels were measured at fixed monitoring sites. S4 = fourth cross-sectional health survey of the KORA cohort; F4 = first follow-up examination of KORA 
S4; FF4 = second follow-up examination of KORA S4; Entire study period = overall study period covered all three visits. PM2.5 = particulate matter with an aero
dynamic diameter less than or equal to 2.5 μm; PMcoarse = particulate matter with an aerodynamic diameter of 2.5–10 μm; NO2 = nitrogen dioxide; O3 = ozone; 2-day 
moving average = 2-day moving average of exposure levels before the examination day; 2-week moving average = 2-week moving average of exposure levels before 
the examination day; 8-week moving average = 8-week moving average of exposure levels before the examination day. SD = standard deviation; IQR = interquartile 
range. 
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Fig. 1. Volcano plots of the associations between immediate, short- and medium-term exposures to air pollutants and metabolites. The results were derived from the 
main models adjusted for age, sex, body mass index (BMI), an indicator of each survey time (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. The Y-axis 
shows the negative logarithm of the p-value (logarithmic base of 10). The X-axis indicates the association between air pollutant exposures and metabolites. The red 
and blue dashed lines represent the statistical significance levels of the p-value adjusted by the Bonferroni and the FDR method, respectively. The six different colors 
for the points represent the six metabolite groups involved in this study, including amino acids (black), acylcarnitines (green), phosphatidylcholines (orange), 
lysophosphatidylcholines (light blue), sphingomyelins (blue), and hexoses (grey). PM2.5 = particulate matter with an aerodynamic diameter less than or equal to 2.5 
μm; PMcoarse = particulate matter with an aerodynamic diameter of 2.5–10 μm; NO2 = nitrogen dioxide; O3 = ozone. 
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Fig. S3 and Table S3). 

3.4. Effect modification 

In general, we did not find consistent results from the effect modi
fication analysis between all metabolites and air pollutants in different 
exposure windows. We restricted the results of effect modification to 
Trp, PC aa C40:4, and PC ae C42:5 as they showed more robust associ
ations with different air pollutants compared to other metabolites 
(Supplementary Figs. S4–S7). 

3.5. Sensitivity analysis 

In the different sensitivity analyses, the associations between serum 
metabolites and air pollutants with different exposure windows were 
generally robust, particularly in those metabolites showing consistent 
associations with air pollutants. The results were similar when including 
all participants who at least attended once in KORA S4, F4, or FF4, 
restricting the analysis to fasting individuals, or using predicted IPW to 
adjust for potential selection bias of participants. The results only 
slightly changed when we applied the crude models, which only took the 
effects from short-term exposure to air pollution and meteorological 

Fig. 2. Venn diagrams of significant associations between immediate, short- and medium-term air pollutant exposures and metabolites. PM2.5 = particulate matter 
with an aerodynamic diameter less than or equal to 2.5 μm; PMcoarse = particulate matter with an aerodynamic diameter of 2.5–10 μm; NO2 = nitrogen dioxide; O3 =

ozone; immediate = 2-day moving average of exposure levels before the examination day; short-term = 2-week moving average of exposure levels before the ex
amination day; medium-term = 8-week moving average of exposure levels before the examination day. Only overlapping metabolites were displayed in the over
lapped area instead of showing all the significant results. The positive number in short- and medium-term plots represents the non-overlapping metabolites for each 
air pollutant; 0 indicates either no overlapping metabolite or no additional significant result for the corresponding air pollutant. 
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parameters into account, or when we performed the co-effect models by 
adding long-term air pollution exposure to the short-term analysis 
(Supplementary Tables S4–S7). In two-pollutant models with the addi
tional inclusion of PMcoarse or O3, the effect estimates of metabolites 
attenuated for PM2.5 and NO2, but generally strengthened for PMcoarse or 
O3 (Supplementary Tables S4–S7). 

3.6. Pathway analysis 

The results from the pathway analysis showed that short-term 
exposure to PMcoarse was associated with glycerophospholipid meta
bolism (p-value = 0.04, impact value = 0.09) (Fig. 3 and Supplementary 
Table S8). Furthermore, medium-term exposure to PMcoarse was associ
ated with cysteine and methionine metabolism (p-value = 0.05, impact 
value = 0.1), glyoxylate and dicarboxylate metabolism (p-value = 0.05, 
impact value = 0.2), and glycine, serine, and threonine metabolism (p- 
value = 0.008, impact value = 0.5). The glycerophospholipid meta
bolism was associated with immediate, short-term, and medium-term 
cumulative exposures to NO2 (p-value < 0.1, impact value = 0.1), and 
the pathway of phenylalanine, tyrosine, and tryptophan biosynthesis 
was additionally associated with short-term cumulative exposures to 
NO2 (p-value = 0.2, impact value = 0.5). However, they were 

insignificant after using the FDR method to correct the raw p-value 
(Supplementary Table S8). 

4. Discussion 

In this study, we investigated the effects of immediate, short- and 
medium-term exposures to ambient air pollution on serum metabolites 
in a longitudinal cohort setting. Multiple significant associations were 
identified between air pollutants within three exposure windows and 
metabolites, particularly the PCs subgroup. The glycerophospholipid 
metabolism showed robust associations with NO2 in all exposure win
dows, as well as with short-term exposure to PMcoarse and medium-term 
exposure to PM2.5. Furthermore, we observed that longer exposure 
windows (e.g., 8-week moving averages) generally showed more 
consistent associations with metabolites. 

Metabolites are the intermediates or end products of metabolism, can 
affect cellular physiology through modulation of other “omics” levels 
and represent changes induced by exposures (Rinschen et al., 2019). So 
far, only a few studies investigated the effects of acute, short- and 
medium-term exposures to air pollution on metabolites using 
population-based cohort data, especially in a longitudinal setting. A 
cross-sectional analysis based on the KORA F4 and F3 surveys found 

Fig. 3. Metabolic pathways identified for immediate, short-, and medium-term exposure to air pollutants. The pathway analysis is based on both enrichment analysis 
and pathway topology analysis. The Y-axis is the negative logarithm of the p-value (logarithmic base of 10) from the enrichment test. The X-axis indicates the 
structural impact of PM2.5, PMcoarse, or NO2-related metabolites in the enriched pathways, based on the cumulative importance of all the significant metabolites 
within the pathway based on the KEGG database. The size of each bubble represents the impact value (corresponding to the X-axis). The color of each bubble 
represents the significance of the enrichment (corresponding to the Y-axis from blue to red). PM2.5 = particulate matter with an aerodynamic diameter less than or 
equal to 2.5 μm; PMcoarse = particulate matter with an aerodynamic diameter of 2.5–10 μm; NO2 = nitrogen dioxide. 
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associations between short-term exposures to air pollutants and 
metabolite levels, mainly from the LPCs and PCs subgroup (Ward-Cav
iness et al., 2016). NO2 was the most consistently associated exposure, 
with five out of ten significant associations. In the current longitudinal 
analysis based on the KORA S4 survey and two follow-ups, NO2 still 
showed the most consistent effects; moreover, PCs were the major 
metabolite subgroup affected. Additionally, medium-term exposure to 
PM2.5 was also negatively associated with PCs. PCs are one of the most 
abundant glycerophospholipids and are the most abundant phospho
lipid in all mammalian cell membranes and subcellular organelles. They 
can be attacked by reactive oxygen species (ROS), leading to lipid per
oxidation (Ayala et al., 2014; Cole et al., 2012; van der Veen et al., 
2017). The higher abundance of PCs in human tissues compared to other 
phospholipid classes has been shown to play an essential role in health 
and diseases (van der Veen et al., 2017). The altered PC metabolism may 
also promote the development of Alzheimer's and cardiovascular dis
eases (Tang et al., 2013; Whiley et al., 2014). In other metabolomics- 
related studies using the KORA cohort, a decrease in some PCs was 
associated with smoking and aging (Chak et al., 2019; Xu et al., 2013). 
We also found negative associations between four PCs and long-term 
exposure to air pollutants in our previous analysis based on the same 
subset of KORA participants (Yao et al., 2022). We further observed that 
adjusting for long-term air pollution exposure did not change the short- 
and medium-term effects in this study. However, the negative associa
tions between LPCs and medium-term exposure to NO2 we observed in 
the current study did not coincide with LPC alterations associated with 
short-term NO2 in the previous cross-sectional study of KORA (Ward- 
Caviness et al., 2016). This might have resulted from the imbalance 
between PCs and LPCs triggered by the cumulative effects of NO2 
exposure over a longer exposure period. Similar results were observed in 
an in vivo study conducted in rats where both PCs and LPCs decreased 
after chronic exposure to PM2.5, with repeated inflammation as the 
potential mechanism (Chen et al., 2014). Given that this finding was 
restricted to medium-term but not immediate, short-, or long-term ex
posures to air pollutants, the dynamic metabolic changes might have 
happened from immediate up to long-term effects of air pollutant ex
posures. Nevertheless, the consistent findings suggest that PCs might be 
underlying biomarkers involved in the biological mechanisms of air 
pollution exposure-related adverse outcomes. 

We further identified some of these PCs associated with PM2.5 (me
dium-term exposure) and NO2 (short- and medium-term exposures), 
which were involved in glycerophospholipid metabolism. Similarly, an 
analysis using data from the US Normative Aging study identified 
several metabolic pathways - including the glycerophospholipid meta
bolism - to be affected by short-term exposures to PM2.5 and NO2 
(Nassan et al., 2021a). In another study based on the same cohort, this 
metabolic pathway was also associated with short- and long-term ex
posures to PM2.5 species (Nassan et al., 2021b). Further associations 
between glycerophospholipid metabolism and short-term traffic-related 
air pollution were found in pregnant women (Yan et al., 2019) and 
college students (Chen et al., 2019). This metabolic pathway is mainly 
involved in inflammatory and oxidative stress responses, atheroscle
rosis, and coronary artery disease (CAD) resulting from air pollution 
(Chen et al., 2021; Li et al., 2022b; Zhang et al., 2020). Therefore, the 
alterations in the lipid metabolism due to the imbalance between anti- 
and pro-inflammatory factors and oxidative stress levels might be one of 
the underlying mechanisms linking air pollution and adverse health 
outcomes. 

In addition, we observed that arginine showed robust negative as
sociations with medium-term exposures to PM2.5 and NO2. Similarly, the 
perturbation of arginine metabolism was reported by Liang and col
leagues, who observed inverse associations between arginine and traffic- 
related air pollution (Liang et al., 2019; Liang et al., 2018). In a study 
conducted on cardiac catheterization patients, decreased arginine con
centrations were associated with an IQR increase in short-term (partic
ularly 1-day lag) exposure to PM2.5 exposure (Breitner et al., 2016), 

which also supports the findings of this study. As a conditional essential 
amino acid, arginine has been demonstrated to be the precursor of nitric 
oxide (NO) synthesis. NO, acting as an endogenous anti-atherogenic 
molecule, plays an important role in the cardiovascular system. There
fore, the arginine-NO pathway plays a vital role in vascular endothelial 
function. Its perturbation might lead to endothelial dysfunction and act 
as a sign of various diseases, e.g., cardiovascular diseases (Li et al., 
2022a; Popolo et al., 2014). Furthermore, we found tryptophan, an 
essential amino acid, to be negatively associated with short-term expo
sure to NO2 and medium-term exposures to PM2.5 and NO2. Similarly, a 
study of 31 healthy volunteers observed the perturbation of tryptophan 
metabolisms after acute exposure (blood samples were collected 2 h 
after exposure) to ambient air pollution (Vlaanderen et al., 2017). The 
decrease of tryptophan concentrations in serum could be induced by the 
pro-inflammatory cytokine interferon-γ (IFN-γ), mediating chronic 
immune-related inflammation; meanwhile, an unfavorable tryptophan 
metabolite profile was associated with atherosclerosis and cardiovas
cular diseases (Mangge et al., 2014). 

Furthermore, a few amino acids, including glycine (Gly), methionine 
(Met), ornithine (Orn), phenylalanine (Phe), and serine (Ser), were 
positively associated with PMcoarse in our analysis. Some epidemiolog
ical studies specifically investigated the associations between amino 
acids and air pollution (Breitner et al., 2016; Cao et al., 2019; Feng et al., 
2021; Gaskins et al., 2021; Hood et al., 2022; Hu et al., 2021; Li et al., 
2021; Mu et al., 2019). However, the results were inconsistent among 
different studies since the influences of air pollution on amino acids 
could vary due to the differences in air pollutants and exposure periods. 
For example, Breitner et al. observed decreased Gly concentrations with 
an increase of 8.1 μg/m3 in PM2.5 (short-term exposure) but an increased 
Orn with increased O3 exposure (Breitner et al., 2016). In another study, 
which collected the air pollution levels before, during, and after the 
2008 Beijing Olympics, the Gly concentrations decreased following a 
substantial decrease in air pollution (Mu et al., 2019). In two recent 
studies, Feng et al. did not find significant associations between Gly and 
air pollutants. However, the effects of air pollutants (PM2.5, NO2, and 
carbon monoxide (CO)) on Gly fluctuated from 1-day to 7-day exposure 
windows, with enhanced effects for longer exposure windows (5–7 days) 
(Feng et al., 2021). In another study, air pollution effects on amino acids 
varied from acute (12h) to short-term (2 weeks) exposure windows (Hu 
et al., 2021). For example, Orn increased per 10-ppb increase in both 12- 
h and 24-h O3 exposure; however, the magnitude of those associations 
attenuated with longer exposure windows of O3 (1-week and 2-week). In 
this study, Gly and Orn were markedly influenced by longer exposure 
windows of PMcoarse, which is supported by Feng et al.'s study but 
different from Hu et al. This might have partly resulted from the dif
ferences in air pollutants, exposure periods, and sample sizes of studies 
because we analyzed longer cumulative effects of each air pollutant 
within a large population-representative cohort. Given the decreased 
Arg levels associated with medium-term exposure to PM2.5 and NO2 
mentioned above, air pollution exposure might cause a perturbation of 
the urea cycle. In the urea cycle metabolism, arginine could be degraded 
and synthesized to Orn and urea. The imbalance between the depletion 
of Arg and the synthesis to Orn has been reported to be related to type 2 
diabetes (Cao et al., 2019). Further evidence from the pathway analysis 
identified that those amino acids were involved in cysteine and methi
onine metabolism, glyoxylate and dicarboxylate metabolism, and 
glycine, serine, and threonine metabolism. A study among women un
dergoing infertility treatment also reported that glycine, serine, and 
threonine metabolism was only associated with intermediate (2-week) 
and long-term (3-month) exposures to PM2.5. In contrast, cysteine and 
methionine metabolisms were associated with acute (1–3 days) and 
long-term exposure windows (Hood et al., 2022), partly coinciding with 
our results. Similarly, Li et al. observed that cysteine and methionine 
metabolisms were identified in association with acute traffic air pollu
tion (moving average of lag 1–2 days) (Li et al., 2021). In the study 
among women undergoing infertility treatment, cysteine, methionine, 
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and glycine, serine, and threonine metabolisms were associated with 
exposures to black carbon (soot), NO2, O3, and PM2.5 exposures, and 
glyoxylate and dicarboxylate were related to exposures to black carbon 
and NO2 (Gaskins et al., 2021). The methionine metabolism could 
regulate metabolic processes, induce antioxidant defense, and coun
teract oxidative stress (Martínez et al., 2017). The glyoxylate and 
dicarboxylate metabolism contributed to insulin resistance and was re
ported to be associated with atherosclerosis and obesity (Proffitt et al., 
2022). Meanwhile, the glycine, serine, and threonine metabolism reg
ulates the tricarboxylic acid cycle and glycolysis and is also involved in 
antioxidant defense (Amelio et al., 2014). 

All those pathways play important roles in antioxidant defense, 
oxidative stress, or insulin metabolism, which might be the link between 
air pollution exposure and diseases such as cardiovascular diseases and 
type 2 diabetes (Wang-Sattler et al., 2012; Ward-Caviness et al., 2017). 
Although overlapping metabolic pathways were identified across 
different studies, the results probably varied due to different exposures 
and exposure periods. Therefore, more studies are needed to validate 
these findings. 

5. Strengths and limitations 

The major strength of this study is the use of repeated metabolite 
measurements to explore the health effects of immediate, short-, and 
medium-term exposures to ambient air pollution within a large, 
population-representative cohort study of adults. The KORA cohort is a 
well-characterized study with standardized and comprehensive methods 
to collect individual information, enhancing the reliability of our results. 
Furthermore, the longitudinal study design with repeated measurements 
of biomarkers strengthened statistical power compared to the cross- 
sectional design (Guo et al., 2013; Wen et al., 2023) and reduced po
tential residual confounding from unmeasured factors. The targeted 
metabolomics approach used in our study has the strength to give cor
rect annotations of each metabolite and quantitate all metabolites 
compared to untargeted metabolomics analysis in which unknown me
tabolites are also quantified, which might mislead false annotation for 
metabolites and is not sufficient to provide quantitative values for 
certain metabolites. 

Some limitations, however, should also be mentioned. Firstly, the 
targeted metabolomics approach lowered the opportunity for new bio
markers discovery and could not fully represent the whole metabolome. 
Secondly, the air pollution data was collected from fixed monitoring 
sites, which might differ from real personal exposure and cause exposure 
misclassification, particularly for NO2. However, we expect this 
misclassification error to be a Berkson-type error, which is likely inde
pendent of the real exposure (Armstrong, 1998; Zeger et al., 2000). It is 
assumed that the Berkson-type error does not lead to bias in the 
regression coefficients and only impacts the standard error and leads to 
imprecise estimates with wider confidence interval (Armstrong, 1998). 
Considering repeated measurements, both individual-specific and 
autocorrelated Berkson-type errors might exist, and higher Berkson-type 
error reduces the bias of the effect estimate (Deffner et al., 2018). In a 
study from the NAS cohort using exposures from both address-predicted 
models and a central-site monitoring (Nassan et al., 2021a), the authors 
observed more significant hits with the central-site exposures, suggest
ing that the central site either captures purely temporal variation or 
captures regional patterns better than the address-specific predictions. 
Therefore, the higher temporal variability might be more important than 
the spatial variability in short-term exposures. Except for O3, the other 
pollutants in our study generally have a similar day-to-day changing 
trend (going up and down simultaneously over the region), which might 
indicate a more relevant-temporal variability in the Augsburg region in 
short-term exposures (Supplementary Fig. S8). Thirdly, the monitors we 
used are considered urban background sites, which might underestimate 
the real exposure concentrations for some participants. Studies in urban 
areas have shown that the spatial variability for PM2.5 and PM10 is 

generally small whereas the temporal correlation from measurements at 
different sites is high (Monn, 2001), which was also observed in our 
study (Supplementary Table S2). NO2 levels could decline with distance 
from the roadside (Roorda-Knape et al., 1998). As described before, the 
NO2 monitoring station in this study (BP) was located approximately 2 
km north of the city center, as well as 20 m to the nearest road with low 
traffic intensity and 100 m to the nearest road with high traffic intensity. 
Since most of our participants (5,095 out of 5,772 observations) lived 
within 1 km of a major road, we believe that the monitored NO2 expo
sures can capture the exposure level of the KORA participants. Fourthly, 
the constant exposure across individuals on the same day might cause 
difficulty in identifying to what extent individual characteristics might 
act as potential confounders. We generally did not find consistent effect 
modifications in different exposure windows though for some metabo
lites and air pollutants, we observed stronger or weaker associations in 
different subgroups. Therefore, we included these characteristics as 
potential confounders to take into account the variations in the 
exposure-outcome relationship across different levels of individual 
characteristics. In addition, the results from the sensitivity analysis 
considering only the effects of short-term exposure to air pollution and 
meteorological parameters in the immediate and short-term exposure 
windows were robust compared to our main results suggesting minor 
effects from individual characteristics. Finally, the results presented 
here are built on repeated measurements. However, given the unique
ness of the ability to assess metabolite trajectories, we were unable to 
replicate the findings in an independent dataset. 

6. Conclusion 

In conclusion, immediate, short- and medium-term exposures to air 
pollutants were associated with multiple serum metabolites. More as
sociations were seen for NO2 with longer exposure windows and phos
phatidylcholines, particularly PC aa C40:4 and PC ae C42:5. 
Glycerophospholipid metabolism, involved in inflammation and oxida
tive stress, was identified as the most robust pathway associated with 
different air pollutants in different exposure windows. These findings 
might help to better understand the underlying mechanisms of air 
pollution-associated adverse health outcomes. 
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Winkler, G., Döring, A., 1998. Validation of a short qualitative food frequency list used in 
several German large scale surveys. Z. Ernahrungswiss. 37 (3), 234–241. https://doi. 
org/10.1007/PL00007377. 

Wolf, K., Schneider, A., Breitner, S., Meisinger, C., Heier, M., et al., 2015. Associations 
between short-term exposure to particulate matter and ultrafine particles and 
myocardial infarction in Augsburg, Germany. Int. J. Hyg. Environ. Health 218 (6), 
535–542. https://doi.org/10.1016/j.ijheh.2015.05.002. 

Wolf, K., Cyrys, J., Harciníková, T., Gu, J., Kusch, T., et al., 2017. Land use regression 
modeling of ultrafine particles, ozone, nitrogen oxides and markers of particulate 
matter pollution in Augsburg, Germany. Sci. Total Environ. 579, 1531–1540. 
https://doi.org/10.1016/j.scitotenv.2016.11.160. 

Wu, S., Ni, Y., Li, H., Pan, L., Yang, D., et al., 2016. Short-term exposure to high ambient 
air pollution increases airway inflammation and respiratory symptoms in chronic 
obstructive pulmonary disease patients in Beijing, China. Environ. Int. 94, 76–82. 
https://doi.org/10.1016/j.envint.2016.05.004. 

Xu, T., Holzapfel, C., Dong, X., Bader, E., Yu, Z., et al., 2013. Effects of smoking and 
smoking cessation on human serum metabolite profile: results from the KORA cohort 
study. BMC Med. 11 (1), 60. https://doi.org/10.1186/1741-7015-11-60. 

Yan, Q., Liew, Z., Uppal, K., Cui, X., Ling, C., et al., 2019. Maternal serum metabolome 
and traffic-related air pollution exposure in pregnancy. Environ. Int. 130, 104872 
https://doi.org/10.1016/j.envint.2019.05.066. 

Yao, Y., Schneider, A., Wolf, K., Zhang, S., Wang-Sattler, R., et al., 2022. Longitudinal 
associations between metabolites and long-term exposure to ambient air pollution: 
results from the KORA cohort study. Environ. Int. 170, 107632 https://doi.org/ 
10.1016/j.envint.2022.107632. 

Zeger, S.L., Thomas, D., Dominici, F., Samet, J.M., Schwartz, J., et al., 2000. Exposure 
measurement error in time-series studies of air pollution: concepts and 
consequences. Environ. Health Perspect. 108 (5), 419–426. https://doi.org/ 
10.1289/ehp.00108419. 

Zhang, J., Liang, S., Ning, R., Jiang, J., Zhang, J., et al., 2020. PM2.5-induced 
inflammation and lipidome alteration associated with the development of 
atherosclerosis based on a targeted lipidomic analysis. Environ. Int. 136, 105444 
https://doi.org/10.1016/j.envint.2019.105444. 

Zhang, Y., Ke, L., Fu, Y., Di, Q., Ma, X., 2022. Physical activity attenuates negative effects 
of short-term exposure to ambient air pollution on cognitive function. Environ. Int. 
160, 107070 https://doi.org/10.1016/j.envint.2021.107070. 

Zhu, K., Browne, R.W., Blair, R.H., Bonner, M.R., Tian, M., et al., 2021. Changes in 
arachidonic acid (AA)- and linoleic acid (LA)-derived hydroxy metabolites and their 
interplay with inflammatory biomarkers in response to drastic changes in air 
pollution exposure. Environ. Res. 200, 111401 https://doi.org/10.1016/j. 
envres.2021.111401. 

Y. Yao et al.                                                                                                                                                                                                                                     



Paper II

105

Science of the Total Environment 905 (2023) 167050

Available online 19 September 2023
0048-9697/© 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

Corrigendum 

Corrigendum to “Longitudinal associations between metabolites and 
immediate, short- and medium-term exposure to ambient air pollution: 
Results from the KORA cohort study” [Sci. Total Environ. 900 
(2023) 165780] 

Yueli Yao a,b,*, Alexandra Schneider a, Kathrin Wolf a, Siqi Zhang a, Rui Wang-Sattler a,c, 
Cornelia Prehn d, Jerzy Adamski e,f,g, Annette Peters a,b,c,h,1, Susanne Breitner a,b,1 

a Institute of Epidemiology, Helmholtz Zentrum München, German Research Center for Environmental Health, Neuherberg, Germany 
b Institute for Medical Information Processing, Biometry, and Epidemiology (IBE), Faculty of Medicine, Pettenkofer School of Public Health, LMU Munich, Munich, 
Germany 
c German Center for Diabetes Research (DZD), Munich-Neuherberg, Germany 
d Metabolomics and Proteomics Core, Helmholtz Zentrum München, German Research Center for Environmental Health, Neuherberg, Germany 
e Institute of Experimental Genetics, Helmholtz Zentrum München, German Research Center for Environmental Health, Neuherberg, Germany 
f Department of Biochemistry, Yong Loo Lin School of Medicine, National University of Singapore, 8 Medical Drive, Singapore 117597, Singapore 
g Institute of Biochemistry, Faculty of Medicine, University of Ljubljana, Vrazov trg 2, 1000 Ljubljana, Slovenia 
h German Centre for Cardiovascular Research (DZHK), Partner Site Munich, Munich, Germany 

The authors regret that the printed version of the above article 
contained a number of errors. The corrigendum is only given to the 
additional inclusion of another two co-authors on the author list in this 
paper. All data, results, and discussion of this study are not affected by 
the corrigendum in comparison to the original version of our manu
script. The correct and final version follows. The authors would like to 
apologise for any inconvenience caused. 

Longitudinal associations between metabolites and immediate, 
short- and medium-term exposure to ambient air pollution: Results from 
the KORA cohort study 

Yueli Yao a,b, Alexandra Schneider a, Kathrin Wolf a, Siqi Zhang a, Rui 
Wang-Sattler a,c, Cornelia Prehn d, Jerzy Adamski e,f,g, Annette Peters a,b, 

c,h,1, Susanne Breitner a,b,1 

a Institute of Epidemiology, Helmholtz Zentrum München, German 
Research Center for Environmental Health, Neuherberg, Germany 

b Institute for Medical Information Processing, Biometry, and 
Epidemiology (IBE), Faculty of Medicine, Pettenkofer School of Public 
Health, LMU Munich, Munich, Germany 

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

d Metabolomics and Proteomics Core, Helmholtz Zentrum München, 
German Research Center for Environmental Health, Neuherberg, 
Germany 

eInstitute of Experimental Genetics, Helmholtz Zentrum München, 

German Research Center for Environmental Health, Neuherberg, 
Germany 

f Department of Biochemistry, Yong Loo Lin School of Medicine, 
National University of Singapore, 8 Medical Drive, Singapore 117597, 
Singapore 

g Institute of Biochemistry, Faculty of Medicine, University of 
Ljubljana, Vrazov trg 2, 1000 Ljubljana, Slovenia 

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

1 Authors share last authorship. 

CRediT authorship contribution statement 

Yueli Yao: Conceptualization, Formal analysis, Investigation, Meth
odology, Visualization, Writing – original draft, Writing – review & 
editing. Alexandra Schneider: Conceptualization, Supervision, Meth
odology, Writing – review & editing. Kathrin Wolf: Conceptualization, 
Supervision, Methodology, Writing – review & editing. Siqi Zhang: 
Conceptualization, Methodology, Writing – review & editing. Rui Wang- 
Sattler: Conceptualization, Writing – review & editing. Cornelia Prehn: 
Resources, Data curation. Jerzy Adamski: Resources, Data curation. 
Annette Peters: Conceptualization, Data curation, Funding acquisition, 
Supervision, Writing – review & editing. Susanne Breitner: Conceptu
alization, Supervision, Methodology, Writing – review & editing. 

DOI of original article: https://doi.org/10.1016/j.scitotenv.2023.165780. 
* Corresponding author at: Institute of Epidemiology, Helmholtz Zentrum München, German Research Center for Environmental Health, D-85764 Neuherberg, 

Germany. 
E-mail address: yueli.yao@helmholtz-munich.de (Y. Yao).   

1 Authors share last authorship. 

Contents lists available at ScienceDirect 

Science of the Total Environment 

journal homepage: www.elsevier.com/locate/scitotenv 

https://doi.org/10.1016/j.scitotenv.2023.167050    



Paper II

106

Longitudinal associations between metabolites and immediate, short- and medium-term 

exposure to ambient air pollution: results from the KORA cohort study 

Yueli Yao a,b, Alexandra Schneider a, Kathrin Wolf a, Siqi Zhang a, Rui Wang-Sattler a,c, Annette Peters a,b,c,d*, 

Susanne Breitner a,b* 

a Institute of Epidemiology, Helmholtz Zentrum München, German Research Center for Environmental Health, 

Neuherberg, Germany 

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

Munich, Pettenkofer School of Public Health, Munich, Germany 

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

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

 

*Authors share last authorship 

 

Correspondence to:  

Yueli Yao, Institute of Epidemiology, Helmholtz Zentrum München, German Research Center for 

Environmental Health, D-85764 Neuherberg, Germany; Email: yueli.yao@helmholtz-munich.de.  



Paper II

107

Supplementary Materials 

Contents 

Table S1 Abbreviations and full biochemical names of the 108 metabolites grouped by their compound 

classes. 

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

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. 

Table S4 Results comparison between main analysis and sensitivity analysis (PM2.5 exposure). 

Table S5 Results comparison between main analysis and sensitivity analysis (PMcoarse exposure). 

Table S6 Results comparison between main analysis and sensitivity analysis (NO2 exposure). 

Table S7 Results comparison between main analysis and sensitivity analysis (O3 exposure). 

Table S8 Metabolic pathways related to air pollutants in different exposure windows. 

Figure S1. Flow chart of participant exclusion process in this study. 

Figure S2. Spearman correlations of 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. 

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

exposures and metabolites.  

Figure S4. Percent changes (95% CIs) of metabolites (Arg, 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. 

Figure S5. Percent changes (95% CIs) of metabolites (Arg, 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. 

Figure S6. Percent changes (95% CIs) of metabolites (Arg, Trp, PC aa C40:4, and PC ae C42:5) per IQR 

increase in NO2 exposure (2-day moving average) stratified by age, sex, BMI, smoking, physical activity 

level, dietary pattern, hypertension, and diabetes. 

Figure S7. Percent changes (95% CIs) of metabolites (Arg, Trp, PC aa C40:4, and PC ae C42:5) per IQR 

increase in O3 exposure (2-day moving average) stratified by age, sex, BMI, smoking, physical activity level, 

dietary pattern, hypertension, and diabetes. 

Figure S8. Time series of daily average concentrations of air pollutants from monitoring stations. 

 

  



Paper II

108

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 



Paper II

110

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) 



Paper II

113

 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 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PMcoarse = particulate matter with 

an aerodynamic diameter of 2.5-10 μm; NO2 = nitrogen dioxide; O3 = ozone. 

The Bonferroni p-value cut-off is: 3.9 × 10-5. The effect estimates listed in blue colour were not significantly associated 

air pollutants at the Bonferroni p-value cut-off. 
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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 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PMcoarse = particulate matter with 

an aerodynamic diameter of 2.5-10 μm; NO2 = nitrogen dioxide. 
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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 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PMcoarse = particulate 

matter with an aerodynamic diameter of 2.5-10 μm; NO2 = nitrogen dioxide; O3 = ozone; RH = relative 

humidity; T = air temperature; 2d: 2-day moving average of exposure levels before the examination day; 2w: 

2-week moving average of exposure levels before the examination day; 8w: 8-week moving average of 

exposure levels before the examination day. 
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Figure S3. Venn diagrams of significant associations between immediate, short- and medium-term air pollutant 

exposures and metabolites.  

PM2.5 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PMcoarse = particulate 

matter with an aerodynamic diameter of 2.5-10 μm; NO2 = nitrogen dioxide; O3 = ozone; immediate = 2-day 

moving average of exposure levels before the examination day; short-term = 2-week moving average of 

exposure levels before the examination day; medium-term= 8-week moving average of exposure levels before 

the examination day. Only overlapping metabolites were displayed in the overlapped area instead of showing 

all the significant results. The positive number in short- and medium-term plots represents the non-overlapping 

metabolites for each air pollutant; 0 indicates either no overlapping metabolite or no additional significant result 

for the corresponding air pollutant. 
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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 IQR increase was 10.0 μg/m3, 7.0 μg/m3, and 6.9 μg/m3 for 2-day, 2-week, 

and 8-week moving average of PM2.5 throughout the entire study period, respectively.  
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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 

were the exposure windows, and the IQR increase was 3.9 μg/m3, 3.3 μg/m3, and 2.9 μg/m3 for 2-day, 2-week, 

and 8-week moving average of PMcoarse throughout the entire study period, respectively.  
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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 

were the exposure windows, and the IQR increase was 14.8 μg/m3, 9.5 μg/m3, and 8.9 μg/m3 for 2-day, 2-week, 

and 8-week moving average of NO2 throughout the entire study period, respectively.  
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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 windows, and the IQR increase was 35.0 μg/m3, 30.4 μg/m3, and 30.1 μg/m3 for 2-day, 2-

week, and 8-week moving average of O3 throughout the entire study period, respectively.   
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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. 
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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 (1999–2001) and two follow-up examinations (F4: 2006–08 and 32 

FF4: 2013–14). We measured DNA methylation (DNAm) in blood samples and calculated DNAm Age and 33 

DNAm-based telomere length (DNAmTL). We only included participants with at least two repeated 34 

measurements. Annual average concentrations of ultrafine particles (PNC), particulate matter (PM) less 35 

than 10 µm (PM10), fine particles (PM2.5), coarse particles (PMcoarse), soot (PM2.5abs), nitrogen oxides (NO2 36 

and NOx) and ozone (O3) were estimated by land-use regression models. We applied linear mixed-effect 37 

regression models to assess the associations between air pollutants and epigenetic aging biomarkers, and 38 

further performed a limited epigenome-wide association study (EWAS) to examine whether air pollution 39 

influences individual CpGs. 40 

Results: We included 4,105 observations from 1,651 KORA participants. Interquartile range (IQR) 41 

increases in all air pollutants except O3 were positively associated with accelerated DNAmGrimAge and 42 

DNAmPhenoAge. Moreover, all air pollutants showed negative associations with DNAmTL. Specifically, 43 

in ever smokers, the air pollutants were positively associated with the age acceleration of 44 

DNAmHorvathAge and DNAmPhenoAge, and inversely associated with DNAmTL with the largest effect 45 

estimates observed for PM2.5abs. We identified two exposure-related CpGs with PMcoarse at a Benjamini-46 

Hochberg false discovery rate corrected p-value < 0.05 in ever smokers.  47 

Conclusion: Our findings suggest a robust association between long-term exposure to traffic-related air 48 

pollution with epigenetic age acceleration, especially in ever smokers. These results imply that air pollution 49 

is augmenting the negative impact of smoking on biological ageing. 50 

Keywords: Environmental exposures, epigenetic clocks, particulate matter, nitrogen oxides, smoking, sex  51 
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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—particularly DNA methylation (DNAm)—as potential 55 

hallmarks through which air pollution may influence disease development and progression.1 DNAm-based 56 

epigenetic aging biomarkers, though derived from limited CpG sites, provide molecular insights into aging, 57 

environmental responses, and health risk prediction.3-8 Depending on their training method, they could 58 

either accurately predict chronological age, e.g., Hannum and Horvath epigenetic clocks, or quantify age- 59 

or disease-related outcomes, e.g., PhenoAge clocks.7 Therefore, they may serve as potential hallmarks to 60 

link air pollution and aging-related health outcomes.1 However, evidence from longitudinal studies in 61 

cohort settings remains limited.  62 

The Hannum clock (DNAmHannumAge) is a blood-based epigenetic clock influenced by age-related 63 

leukocyte composition and is more accurate in adults.3 In contrast, Horvath clock (DNAmHorvathAge) is 64 

a multi-tissue epigenetic clock prediction throughout the lifespan.4 The second-generation clocks enhance 65 

prediction of biological aging, morbidity, and mortality. For example, the Levine clock (DNAmPhenoAge) 66 

integrates chronological age with mortality-related blood markers,5 while DNAmGrimAge combined 67 

DNAm surrogates of plasma proteins (e.g., C-reactive protein) and risk factors (e.g., smoking) to regress 68 

time-to-death.6 DNAmSkinBloodAge improves age prediction in skin and blood samples.8 Telomere length 69 

(TL), which shortens with cell division, is a traditional biomarker of aging but is limited by technical 70 

measurement variability.9,10 By contrast, DNAm-based TL (DNAmTL), estimated by 140 CpG sites, 71 

providesa more robust predictor of mortality and age-related outcomes.11 72 

Epidemiological studies have explored associations between long-term air pollution exposure and 73 

epigenetic aging biomarkers, though findings remain inconsistent. A cross-sectional study based on a 74 

survey of the population-based Cooperative Health Research in the Region of Augsburg (KORA F4) 75 

observed weak associations between air pollution and DNAmHorvathAge. Moreover, some examined 76 

epigenetic aging accelerations could be sex-specific.12 Among a study of non-Hispanic white women in 77 

U.S., nitrogen dioxide (NO2) and fine particle (PM2.5) components were associated with acceleration of 78 

several epigenetic clocks and, though the directions of those associations varied.13 In the Normative Aging 79 

Study (NAS), a longitudinal cohort consisting of only older males in the U.S., PM2.5 and black carbon were 80 

associated with higher DNAmHorvathAge.14 Several recent studies have included newer epigenetic aging 81 

biomarkers such as DNAmGrimAge and DNAmTL.15,16 However, none of them investigated all of the 82 

above-mentioned epigenetic clocks and were limited by narrow age ranges or population representativeness 83 

(e.g., elderly adults (70–80 years) in Baranyi et al. and children (6–11 years) in Prado-Bert et al.).15,17 84 

Given limitations of previous studie, more longitudinal research is needed to clarify the association between 85 

long-term air pollution and biological aging. To address this, we conducted a longitudinal analysis in the 86 

KORA cohort, examining associations between air pollution and three generations of DNAm-based aging 87 

biomarkers. We also assessed whether individual characteristics (e.g., age, sex, BMI, lifestyle factors, and 88 

pre-existing diseases) modified these associations. We hypothesized that air pollution accelerates biological 89 

aging, with susceptibility varying by individual characteristics.  90 
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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 – 74 years with German 95 

citizenship in the city of Augsburg, Germany, and two adjacent counties. Two follow-up examinations were 96 

carried out, including 1) the first follow-up (KORA F4): 3,080 participants attended the examination 97 

between October 2006 and May 2008; 2) the second follow-up (KORA FF4): all examinations were 98 

conducted from June 2013 to September 2014 with an inclusion of 2,279 participants.  99 

A computer-assisted personal interview, a self-administered questionnaire, and physical examinations were 100 

performed at each visit. Only participants who attended at least two visits were included in this analysis. 101 

Additionally, we excluded participants with missing data on covariates used in our main analysis 102 

(Appendix, Figure S1). Individual characteristics relevant in this analysis are written in the appendix 103 

(Appendix, Text S1). 104 

A written informed consent was obtained from all participants. The KORA study was approved by the 105 

ethics committee of the Bavarian Chamber of Physicians (Munich, Germany). 106 

DNA methylation data and epigenetic clocks estimates 107 

For KORA S4 and F4 participants, DNA was extracted from whole blood, and methylation was measured 108 

by the Infinium HumanMethylation450K BeadChip. In contrast, the Infinium HumanMethylationEPIC 109 

BeadChip was used to examine the DNA methylation for KORA FF4 participants. A β-value, representing 110 

the methylation level of a given cytosine, was used for further estimates of epigenetic aging biomarkers. 111 

All epigenetic aging biomarkers were calculated by Horvath’s online calculator 112 

(http://dnamage.genetics.ucla.edu/). In total, six DNAm-based aging biomarkers including 113 

DANmHorvathAge, DNAmHannumAge, DNAmPhenoAge, DNAmGrimAge, DNAmSkinBloodAge, and 114 

DNAmTL were predicted by this online calculator and included in this analysis.3-6,8,11 There were different 115 

numbers of overlapping CpG sites between those epigenetic aging biomarkers (Table 1). Except for 116 

DNAmTL, differences between each epigenetic clock and chronological age were then used as age 117 

accelerations. The processing of DNAm data and prediction of epigenetic clocks are written in appendix 118 

(Appendix, Text S2). 119 

Exposure assessment 120 

Eight air pollutants were included in this analysis, including five particulate air pollutants (ultrafine particles 121 

with ≤ 100 nm in aerodynamic diameter, represented by particulate number concentration (PNC)), 122 

particulate matter (PM) with an aerodynamic diameter less than 10 μm (PM10), coarse particles (PMcoarse), 123 

PM2.5, and soot (PM2.5abs)), and three gaseous air pollutants (nitrogen oxides (NO2 and NOx), and ozone 124 

(O3)). Land-use regression (LUR) models were used to estimate the annual air pollution concentrations. 125 

The adjusted model-explained variance (R²) of the LUR models ranged from 68% (PMcoarse) to 94% (NO2), 126 

and the adjusted leave-one-out cross-validation R² was between 55% (PMcoarse) and 89% (NO2), which 127 

indicated a good model fit. Participants’ home addresses were then applied to the fitted models to determine 128 

individual residential exposure levels. If participants moved throughout the study period, the updated 129 

residential addresses were considered for exposure assignment. Otherwise, the same exposure 130 
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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’ residential addresses. Details for 132 

exposure assessments are provided in the appendix (Appendix, Text S3). 133 

Statistical Analyses 134 

Descriptive analyses were conducted for participant characteristics and air pollutants. Differences across 135 

the three examination waves were tested using Kruskal-Wallis tests for continuous variables and Chi-136 

squared tests for categorical variables. Pearson’s correlation coefficients assessed relationships between 137 

chronological age, epigenetic aging biomarkers, and air pollutants. 138 

Linear mixed-effects models with participant-specific random intercepts and batch and chip numbers as 139 

random effects were used to assess associations between repeated epigenetic aging biomarkers and air 140 

pollutants. Further covariates were selected based on previous studies.12 Basic models adjusted for age, sex, 141 

estimated houseman cell types (Appendix, Text S2), and an indicator of each visit; behavioural models 142 

further added smoking, alcohol consumption (g/day), physical activity, and education; clinical models 143 

considered covariates of the basic models plus clinical variables, including body mass index (BMI), 144 

hypertension,  diabetes, high-density lipoprotein (HDL), and low-density lipoprotein (LDL); full models 145 

included all covariates and were considered as our main results.  146 

Since health effects of air pollution exposure might be closely related to those of smoking sharing some of 147 

the pathways, we were interested in exploring potential differences in the effect estimates of ever and never 148 

smokers, and performed all analyses on ever and never smokers separately. Effect modification was 149 

examined by including interaction terms between air pollutants and potential modifiers assessed at each 150 

visit, including age, sex, BMI, smoking, alcohol consumption, physical activity, education, hypertension, 151 

and type 2 diabetes. More details were presented in Appendix (Appendix, Text S1). 152 

We conducted several sensitivity analyses to ensure the robustness of our findings: 1) To address potential 153 

bias from missing CpGs not covered by the Infinium HumanMethylationEPIC BeadChip (e.g., in the 154 

Hannum clock), we recalculated epigenetic aging biomarkers using only overlapping CpGs across arrays 155 

by imputing the missing CpGs; 2) We excluded estimated houseman cell types from the models since some 156 

epigenetic aging biomarkers were not affected by the white blood cells; 3) We increased the number of 157 

participants by including all participants with at least one valid visit with complete data; 4) Analyses were 158 

restricted to individuals with stable residential addresses throughout follow-up; 5) We separately included 159 

the daytime and nighttime noise averages in the full models (Appendix, Text S3). 6) Two-pollutant models 160 

were conducted when pollutant correlations were smaller than 0.7; 7) We conducted a limited epigenome-161 

wide association study (EWAS) restricted to CpGs contributing to the predictions of epigenetic aging 162 

biomarkers to examine whether air pollution influences individual CpG. Ingenuity Pathway Analysis (IPA, 163 

QIAGEN Inc.) was used to identify enriched canonical pathway, and the pathway was determined if p-164 

values < 0.05.  165 

Effect estimates were presented as absolute change (together with 95% confidence intervals [95% CI]) of 166 

per interquartile range (IQR) increase in air pollutant concentrations, except for DNAmTL, which was 167 

presented as percent change from the overall mean. All analyses were done with R (version 4.1.2), with a 168 

significance threshold of p-values < 0.05. EWAS results were FDR-corrected using the Benjamini-169 

Hochberg method (FDR < 0.05).  170 
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Results 171 

Characteristics of study participants 172 

Participants’ characteristics are summarized in Table 2. The main analysis included 4,105 observations 173 
from 1,646 KORA participants (38.6%) who attended at least two visits with complete covariate data. Of 174 
these, 833 (50.6%) attended two visits and 813 (49.4%) attended all three. 175 

Average age increased across KORA S4, F4, and FF4, while sex distribution (p-value = 0.78) and BMI (p-176 
value = 0.07) remained consistent. Significant differences were observed across visits in alcohol 177 
consumption, HDL, LDL, the percentages of participants with hypertension or diabetes, and the counts of 178 
Houseman-estimated white blood cell types (p-value < 0.05). Mean values of all epigenetic aging 179 
biomarkers also varied significantly throughout the three visits (p-value < 0.01). In general, epigenetic 180 
aging biomarkers and chronological age showed moderate to high positive correlations (r = 0.48–0.83), 181 
except for DNAmTL, which showed consistently negative correlations (Appendix, Figure S2). Weak 182 
correlations were observed among Houseman-estimated white cell types (Appendix, Figures S3). 183 

Characteristics of air pollutants 184 

Annual average concentrations of PM2.5, PM10, and NO2 at participant’s residences were all below the 185 

current EU air quality standards, but higher than the WHO air quality guideline values (Table 3). We 186 

observed moderate to strong positive correlation among most air pollutants, except for O3, showing negative 187 

or weak correlations with the other air pollutants. The IQR were 1.4 μg/m3 for PM2.5, 2.1 μg/m3 for PM10, 188 

1.4 μg/m3 for PMcoarse, 2.0×103/cm3 for PNC, 0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for NO2, 8.8 μg/m3 for NOx, 189 

and 3.4 μg/m3 for O3. No correlation was found between air pollutants and chronological age (Appendix, 190 

Figure S4). 191 

Associations between epigenetic aging biomarkers and long-term air pollution 192 

DNAmTL showed robust negative associations with PM2.5, PM10, PNC, PMcoarse, PM2.5abs, and NO2 in our 193 

four regression models, and with NOx in the basic and clinical models. The acceleration of DNAmGrimAge 194 

was positively associated with the same air pollutants, but only in the basic and clinical models (p-value < 195 

0.05), but not in the behavioural and full models (Figure 1). Stepwise inclusion of behavioural covariates 196 

into the clinical model revealed that smoking status shifted the results in the behavioural and full models 197 

(Appendix, Figure S5).  198 

Stratified analysis by smoking status (smoking-specific associations) 199 

Among ever smokers, all air pollutants except for O3 were associated with accelerated DNAmHorvathAge 200 

and DNAmPhenoAge (Figure 2). DNAmTL was negatively associated with PM2.5, PM2.5abs, and NO2. 201 

DNAmGrimAge and DNAmSkinBloodAge showed stronger, though non-significant, associations in ever 202 

smokers. DNAmHannumAge effects were similar in both smoking groups. Overall, ever smokers might be 203 

more susceptible to air pollution–related epigenetic aging. 204 

Effect modification 205 

Figure 3 shows that associations between DNAmTL and PM10, PNC, PMcoarse, PM2.5abs, NO2 and NOx were 206 

modified by hypertension (uncorrected p < 0.001). No significant effect modification was observed for 207 

other modifiers, such as age, sex, obesity, alcohol consumption, educational attainment, physical 208 

activity, or diabetes. For the other five epigenetic aging biomarkers, no consistent patterns of effect 209 

modification were found (Appendix, Figures S6-S10). 210 
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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 such as Alzheimer’s disease and cancers 264 

Furthermore, the CpGs in DNAmPhenoAge are involved in inflammatory response and immune cells.5 265 

Additionally, the top enriched pathway we identified by the exposure-related CpGs in ever smokers was 266 

mainly involved in lipid metabolism and cardiovascular disease, further indicating potential health risks 267 

from long-term air pollution exposure. 268 

TL primarily varies between rather than within individuals, and shorter leukocyte TL is associated with 269 

cardiovascular disease and reduced lifespan.11 However, its measurement is sensitive to technical 270 
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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 2014–2015. Although spatial contrasts in pollutant levels have been shown 342 

previously to remain stable over time, this estimation approach might introduce some historical exposure 343 

misclassification. To minimize such misclassification, we conducted sensitivity analyses restricted to non-344 

movers (participants who did not relocate during the study), and the robust findings among this subgroup 345 

supported our exposure assessment methodology.  346 

Conclusions 347 

In conclusion, our study suggested that long-term exposure to ambient air pollution is associated with 348 

epigenetic aging biomarkers. This was particularly the case in current and former smokers, who might be a 349 

susceptible population group for air pollution exposure. The study indicates that air pollution is potentially 350 

contributing to immunosenescence and thereby strengthens the evidence that chronic exposure to low-level 351 

air pollution impacts multiple non-communicable diseases such as cardiometabolic and pulmonary diseases  352 

 353 
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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–value 

Age (years) 53.9 ± 8.9  60.7 ± 8.9  64.7 ± 8.1  < 0.001 

Sex (male) 736 (49.7)  783 (49.0)  495 (48.3)  0.78 

Education       0.36 

  Primary school 873 (59.0)  919 (57.5)  567 (55.3)   

  High school 338 (22.8)  368 (23.0)  240 (23.4)   

  College 270 (18.2)  312 (19.5)  218 (21.3)   

BMI (kg/m2) 27.7 ± 4.5  28.1 ± 4.8  28.2 ± 5.0  0.066 

Alcohol consumption (g/day) 17.1 ± 22.1  15.7 ± 20.7  15.6 ± 20.5  0.036 

Smoking status       < 0.001 

   Never smoker 633 (42.7)  673 (42.1)  421 (41.1)   

   Current smoker 554 (37.4)  697 (43.6)  473 (46.1)   

   Former smoker 294 (19.9)  229 (14.3)  131 (12.8)   

Physical activity       < 0.001 

   Low 483 (32.6)  492 (30.8)  279 (27.2)   

   Medium 708 (47.8)  697 (43.6)  453 (44.2)   

   High 290 (19.6)  410 (25.6)  293 (28.6)   

Hypertension (yes) 620 (41.9)  719 (45.0)  483 (47.1)  0.028 

Diabetes (yes) 51 (3.4)  142 (8.9)  130 (12.7)  < 0.001 

HDL cholesterol (mmol/l) 1.5 ± 0.4   1.5 ± 0.4  1.7 ± 0.5  < 0.001 

LDL cholesterol (mmol/l) 3.7 ± 1.1   3.6 ± 0.9  3.6 ± 0.9  < 0.001 

DNAmHorvathAge (years)a 55.2 ± 8.3 (60.8)  59.1 ± 7.5 (38.1)  65.0 ± 6.1 (54.0)  < 0.001 

DNAmHannumAge (years)a 58.4 ± 9.3 (83.6)  70.4 ± 10.0 (96.5)  53.8 ± 7.7 (1.2)  < 0.001 

DNAmPhenoAge (years)a 49.5 ± 11.0 (25.0)  54.0 ± 12.5 (21.1)  52.6 ± 9.7 (3.2)  < 0.001 

DNAmGrimAge (years)a 55.3 ± 8.6 (56.9)  61.9 ± 8.8 (52.8)  64.0 ± 7.8 (36.8)  < 0.001 

DNAmSkinBloodAge (years)a 54.2 ± 9.3 (53.4)  61.8 ± 9.2 (60.2)  59.5 ± 7.7 (7.4)  < 0.001 

DNAmTL 7.1 ± 0.3  6.7 ± 0.3  6.8 ± 0.2  < 0.001 

CD8 T cells 0.11 ± 0.05  0.1 ± 0.05  0.05 ± 0.04  < 0.001 

CD4 T cells 0.22 ± 0.05  0.24 ± 0.05  0.19 ± 0.06  < 0.001 

Natural killer cells 0.03 ± 0.02  0.06 ± 0.03  0.07 ± 0.04  < 0.001 

B cells 0.06 ± 0.02  0.07 ± 0.02  0.05 ± 0.03  < 0.001 

Monocytes 0.11 ± 0.02  0.1 ± 0.02  0.07 ± 0.02  < 0.001 

Daytime noise (dB(A))b 54.84 ± 6.61 (0.7%)  54.68 ± 6.61 (0.6%)  54.36 ± 6.52 (6.9%)  0.38 

Nighttime noise (dB(A))b 45.81 ± 6.41 (0.7%)  45.64 ± 6.41 (0.6%)  45.31 ± 6.32 (6.9%)  0.27 

KORA = Cooperative Health Research in the Region of Augsburg; S4 = fourth cross-sectional health survey 463 

of the KORA cohort; F4 = first follow-up examination of KORA S4; FF4 = second follow-up examination 464 

of KORA S4; BMI = body mass index; HDL = high density lipoprotein; LDL= low density lipoprotein; 465 
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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-Wallis test for continuous variables, and Pearson’s Chi-squared test for 471 

categorical variables.   472 
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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 (μg/m3) 11.8 ± 1.0 8.4 - 14.3 1.4 1        

PM10 (μg/m3) 16.6 ± 1.6 12.7 - 22.3 2.1 0.53 1       

PNC (103/cm3) 7.3 ± 1.9 3.3 - 15.0 2.0 0.65 0.82 1      

PMcoarse (μg/m3) 5.0 ± 1.0 2.6 - 8.5 1.4 0.57 0.78 0.76 1     

PM2.5abs (10–5/m) 1.2 ± 0.2 0.8 - 1.9 0.3 0.62 0.78 0.78 0.81 1    

O3 (μg/m3) 39.1 ± 2.4 31.3 - 46.2 3.4 -0.19 0.01 -0.07 0.09 -0.15 1   

NO2 (μg/m3) 14.3 ± 4.6 6.9 - 28.2 7.2 0.72 0.72 0.77 0.83 0.87 -0.21 1  

NOx (μg/m3) 22.0 ± 7.6 4.0 - 50.5 8.8 0.76 0.75 0.90 0.76 0.74 -0.10 0.83 1 

Of the total of 1646 participants, only 25 participants moved between the examinations. For participants 475 
who changed residence, the updated residential addresses were used for exposure assignment of the follow-476 
up visits. Otherwise, the same exposure levels were assigned to the follow-up visits. PM2.5 = particulate 477 
matter with an aerodynamic diameter less than or equal to 2.5 μm; PM10 = particulate matter with an 478 
aerodynamic diameter less than or equal to 10 μm; PNC = particle number concentration; PMcoarse = 479 
particulate matter with an aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; PNC = particle 480 
number concentration; NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. Pearson’s correlation 481 
coefficients were calculated to determine the correlations between air pollutants. EU air quality standards: 482 
25 µg/m3, 40 µg/m3 for PM2.5, PM10, and NO2, respectively. WHO air quality guideline: 5 µg/m3, 10 483 
µg/m3, and 10 µg/m3 for PM2.5, PM10, and NO2, respectively.   484 
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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 0–1 range can be divided in low-, moderate- and high-methylation with ranges [0–491 
0.35], [0.35–0.65] and [0.65–1] respectively. Covariates include those from the full model (see Figure 1). 492 

Linear mixed-effects models were used with random participant-specific intercepts to examine the 493 
associations between repeated epigenetic aging biomarkers and air pollutants. Batch and chip numbers were 494 
included as random effects in the models to control the potential technical variations. Further covariates 495 
were selected based on previous studies.  496 

CpG CHR Gene 
Beta 

(mean ± SD) 

Regression 

coefficient 

(β) 

p-value FDR Epigenetic clocks 

cg12745325 12 SLC39A5 0.64 ± 0.06 -0.005 6.6×10-5 0.04 DNAmTL 

cg24081819 8 EPHX2 0.10 ± 0.03 0.003 7.1×10-5 0.04 DNAmHorvathAge 
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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 μm; PM10 = particulate matter with an aerodynamic diameter less than or equal to 10 506 
μm; PNC = particle number concentration; PMcoarse = particulate matter with an aerodynamic diameter of 507 
2.5-10 μm; PM2.5abs = PM2.5 absorbance; NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. An 508 
IQR increase was 1.4 μg/m3 for PM2.5, 2.1 μg/m3 for PM10, 2.0×103/cm3 for PNC, 1.4 μg/m3 for PMcoarse, 509 
0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for NO2, 8.8 μg/m3 for NOx, and 3.4 μg/m3 for O3.  510 
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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 
2.5 μm; PM10 = particulate matter with an aerodynamic diameter less than or equal to 10 μm; PNC = particle 519 
number concentration; PMcoarse = particulate matter with an aerodynamic diameter of 2.5-10 μm; PM2.5abs = 520 
PM2.5 absorbance; NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. An IQR increase was 1.4 521 
μg/m3 for PM2.5, 2.1 μg/m3 for PM10, 2.0×103/cm3 for PNC, 1.4 μg/m3 for PMcoarse, 0.3×10-5/m for PM2.5abs, 522 
7.2 μg/m3 for NO2, 8.8 μg/m3 for NOx, and 3.4 μg/m3 for O3.   523 
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524 
Figure 3. Percent change (95% CI) in DNAmTL per IQR increase in air pollutant concentrations stratified 525 
by categorized age group (≤ 65 vs > 65), sex, categorized BMI group, categorized group of alcohol 526 
consumption, educational attainment, physical activity, and history of diseases (hypertension, diabetes). 527 
Covariate-adjusted linear mixed-effect regression models were used. Results were from our full model 528 
adjusted by age, sex, an indicator of each study waves visit (KORA S4, KORA F4, or KORA FF4), 529 
houseman estimated cells, batch, chip, educational attainment, smoking status, alcohol consumption, 530 
physical activity, BMI, hypertension, diabetes, HDL, and LDL. PM2.5 = particulate matter with an 531 
aerodynamic diameter less than or equal to 2.5 μm; PM10 = particulate matter with an aerodynamic diameter 532 
less than or equal to 10 μm; PNC = particle number concentration; PMcoarse = particulate matter with an 533 
aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; NO2 = nitrogen dioxide; NOx = nitrogen 534 
oxide; O3 = ozone. An IQR increase was 1.4 μg/m3 for PM2.5, 2.1 μg/m3 for PM10, 2.0×103/cm3 for PNC, 535 
1.4 μg/m3 for PMcoarse, 0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for NO2, 8.8 μg/m3 for NOx, and 3.4 μg/m3 for O3. 536 
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Table S7. Pathways identified by exposure-related CpG sites via Ingenuity Pathway Analysis (IPA). 

Figure S1. Flow chart of participant exclusion process in this study. 

Figure S2. Pearson correlations between Age, DNAmHorvathAge, DNAmHannumAge, 

DNAmPhenoAge, DNAmGrimAge, DNAmSkinBloodAge, and DNAmTL. 

Figure S3. Pearson correlation between houseman estimated cells. 

Figure S4. Pearson correlations between chronological age, PM2.5, PM10, PMcoarse, PM2.5abs, PNC, NO2, 

NOx and O3.  

Figure S5. Results of analysis on DNAmGrimAge with an inclusion of confounders step by step. 

Figure S6. Absolute changes (95% CI, years) in DNAmHorvathAge acceleration per IQR increase in 

air pollutant concentrations stratified by categorized age group (≤ 65 vs > 65), sex, categorized BMI 

group, categorized group of alcohol consumption, educational attainment, physical activity, and history 

of diseases (hypertension, diabetes). 

Figure S7. Absolute changes (95% CI, years) in DNAmHannumAge acceleration per IQR increase in 

air pollutant concentrations stratified by categorized age group (≤ 65 vs > 65), sex, categorized BMI 

group, categorized group of alcohol consumption, educational attainment, physical activity, and history 

of diseases (hypertension, diabetes). 

Figure S8. Absolute changes (95% CI, years) in DNAmPhenoAge acceleration per IQR increase in air 

pollutant concentrations stratified by categorized age group (≤ 65 vs > 65), sex, categorized BMI group, 

categorized group of alcohol consumption, educational attainment, physical activity, and history of 

diseases (hypertension, diabetes). 

Figure S9. Absolute changes (95% CI, years) in DNAmGrimAge acceleration per IQR increase in air 

pollutant concentrations stratified by categorized age group (≤ 65 vs > 65), sex, categorized BMI group, 

categorized group of alcohol consumption, educational attainment, physical activity, and history of 

diseases (hypertension, diabetes). 
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Figure S10. Absolute changes (95% CI, years) in DNAmSkinBloodAge acceleration per IQR increase 

in air pollutant concentrations stratified by categorized age group (≤ 65 vs > 65), sex, categorized BMI 

group, categorized group of alcohol consumption, educational attainment, physical activity, and history 

of diseases (hypertension, diabetes). 

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. 

Figure S12. Comparison between single and two-pollutant models after additional inclusion of PM2.5. 

Figure S13. Comparison between single and two-pollutant models after additional inclusion of O3. 
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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 

was further categorized for effect modification analysis into normal weight (≤ 30 kg/m2) and obesity (> 

30 kg/m2). Educational attainment was included in the main analysis using three categories: primary 

school, high school, and college. For effect modification analysis, education was recategorized into high 

(higher than secondary school) and low (secondary school or less). Physical activity was categorized 

based on the amount of time spent on physical exercise per week, with participants classified as “no” 

(no or almost no physical exercise) or “yes” (regular or irregular activity of approximately one hour or 

more than two hours per week). Alcohol consumption was categorized into three groups: no 

consumption (0 g/day), moderate consumption (0.1–39.9 g/day for men and 0.1–19.9 g/day for women), 

and high consumption (≥ 40 g/day for men and ≥ 20 g/day for women). Smoking status was initially 

categorized as smokers (regular or irregular), former smokers (ex-smokers), and never smokers; for the 

purpose of interaction analysis, it was recategorized into ever smokers (including regular, irregular, and 

former smokers) and never smokers. Diabetes and hypertension were defined as self-reported diagnoses 

that were confirmed by a physician or documented in medical records.  
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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 ≤ 3 

functional beads. Quantile normalization was performed on the signal intensity values, divided into 

categories by probe type and colour channel. A β-value, representing the methylation level of a given 

cytosine, was calculated by the ratio of the methylated signal intensity to the sum of the methylated and 

unmethylated signal intensities and used for further estimates of epigenetic aging biomarkers. 

The Horvath clock was trained in 51 different tissue types, including 353 CpGs.4 The Hannum and 

Levine clocks were developed and trained from whole blood samples consisting of 71 and 513 CpG 

sites, respectively.5,6 The skin & blood clock was calculated by 391 CpGs and trained on different tissue 

and cell types, e.g., endothelial cells, skin, as well as blood.7 The DNAmTL estimator was predicted by 

140 CpG sites based on Lu’s method.8 In addition, the white blood cell proportions (monocytes, 

granulocytes, natural killer cells, CD4 T cells, CD8 T cells, and B cells) were estimated by the Houseman 

method.9 

 

Reference:  

1. Zeilinger, S, Kuhnel, B, Klopp, N, Baurecht, H, Kleinschmidt, A, Gieger, C, et al. 2013. 

Tobacco smoking leads to extensive genome-wide changes in DNA methylation. PLoS One. 

8(5): e63812. doi:10.1371/journal.pone.0063812.  

2. Lehne, B, Drong, AW, Loh, M, Zhang, W, Scott, WR, Tan, ST, et al. 2015. A coherent approach 

for analysis of the Illumina HumanMethylation450 BeadChip improves data quality and 

performance in epigenome-wide association studies. Genome Biol. 16(1): 37. 25853392, 

10.1186/s13059-015-0600-x. 

3.          Aryee MJ, Jaffe AE, Corrada-Bravo H, Ladd-Acosta C, Feinberg AP, Hansen KD, Irizarry RA. 

Minfi: a flexible and comprehensive Bioconductor package for the analysis of Infinium DNA 

methylation microarrays. Bioinformatics. 2014;30(10):1363-9. doi: 

10.1093/bioinformatics/btu049.  

4.  Horvath, S. 2013. DNA methylation age of human tissues and cell types. Genome Biol.14: 

R115. doi:10.1186/gb-2013-14-10-r115. 

5. Hannum, G, Guinney, J, Zhao, L, Zhang, L, Hughes, G, Sadda, S, et al. 2013. Genome-wide 

methylation profiles reveal quantitative views of human aging rates. Mol Cell. 49(2): 359-367. 

doi:10.1016/j.molcel.2012.10.016. 

6.  Levine, Morgan E, Lu, Ake T, Quach, A, Chen, Brian HC, Assimes, Themistocles L, 

Bandinelli, S, et al. 2018. An epigenetic biomarker of aging for lifespan and healthspan. Aging 

(Albany NY). 10: 573-591.  doi:10.18632/aging.101414. 

7. Horvath, S, Oshima, J, Martin, GM, Lu, AT, Quach, A, Cohen, H, et al. 2018. Epigenetic clock 

for skin and blood cells applied to Hutchinson Gilford Progeria Syndrome and ex vivo studies. 

Aging (Albany NY). 10(7): 1758-1775.  doi:10.18632/aging.101508. 

8. Lu, AT, Seeboth, A, Tsai, PC, Sun, D, Quach, A, Reiner, AP, et al. 2019. DNA methylation-

based estimator of telomere length. Aging (Albany NY). 11(16): 5895-5923.  

doi:10.18632/aging.102173. 

9. Houseman, EA, Accomando, WP, Koestler, DC, Christensen, BC, Marsit, CJ, Nelson, HH, et 

al. 2012. DNA methylation arrays as surrogate measures of cell mixture distribution. BMC 

Bioinformatics. 13(1): 86. doi:10.1186/1471-2105-13-86. 
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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—

warm, cold, and intermediate. In parallel, continuous monitoring was conducted at a designated 

reference site throughout the entire study period. This reference data was used to adjust for temporal 

variability, ensuring that seasonal fluctuations did not bias the annual average estimates. 

Annual average concentrations of various air pollutants were subsequently calculated at each monitoring 

site. These values served as the dependent variables in the LUR model, which was developed by 

regressing the measured pollutant concentrations against a comprehensive set of geographic information 

system (GIS)-based spatial predictors.10 The spatial predictors included detailed land-use characteristics 

(such as the proportion of residential, industrial, commercial, transportation infrastructure, urban green 

spaces, and water bodies), population and household density, building density, topographic features, and 

geographic coordinates. Additionally, traffic-related variables were incorporated, including total traffic 

load within defined buffer zones, traffic intensity on the nearest major roads, and the intensity of heavy-

duty vehicle traffic.10 

Noise 

Long-term traffic noise exposure was estimated using the noise- and air-pollution information system 

(http://www.laermkarten.de/augsburg/), developed by ACCON GmbH. This system incorporates 

detailed three-dimensional ground model on roads and buildings, with rural road networks derived from 

Google Earth and OpenStreetMap. Traffic data were obtained from local government sources including 

the Bavarian Ministry of the Interior, Building and Transport, the digital street map of Augsburg, several 

traffic censuses and surveys. Noise levels were modeled at four meters above ground for 2009 (urban) 

or 2000–2011 (rural). Maximum annual A-weighted equivalent continuous sound pressure levels [dB(A) 

Leq] for the full day (24 h) and nighttime (22:00–06:00) were estimated for each participant’s residential 

address. If the address unavailable, the noise level from the nearest available building was assigned.11 

 

Reference:  

10. Wolf, K., J. Cyrys, T. Harciníková, J. Gu, T. Kusch, R. Hampel, et al., Land use regression 

modeling of ultrafine particles, ozone, nitrogen oxides and markers of particulate matter 

pollution in Augsburg, Germany. Sci Total Environ 2017. 579: 1531-1540. doi: 

10.1016/j.scitotenv.2016.11.160 

11. Pitchika, A, Hampel, R, Wolf, K, Kraus, U, Cyrys, J, Babisch, W, et al. 2017. Long-term 

associations of modeled and self-reported measures of exposure to air pollution and noise at 

residence on prevalent hypertension and blood pressure. Science of The Total Environment. 

593-594: 337-346. doi: 10.1016/j.scitotenv.2017.03.156. 
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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 

with an aerodynamic diameter less than or equal to 2.5 μm; PM10 = particulate matter with an 

aerodynamic diameter less than or equal to 10 μm; PNC = particle number concentration; PMcoarse = 

particulate matter with an aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; NO2 = 

nitrogen dioxide; NOx = nitrogen oxide. An IQR increase was 1.4 μg/m3 for PM2.5, 2.1 μg/m3 for PM10, 

2.0×103/cm3 for PNC, 1.4 μg/m3 for PMcoarse, 0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for NO2, and 8.8 μg/m3 

for NOx. 
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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–value 

Age (years) 55.0 ± 9.0  61.9 ± 9.0  65.7 ± 8.3  < 0.001 

Sex (male) 220 (34.8)  232 (34.5)  146 (34.7)  1 

Education       0.48 

  Primary school 373 (59.0)  392 (58.2)  228 (54.2)   

  High school 145 (23.0)  150 (22.3)  100 (23.8)   

  College 114 (18.0)  131 (19.5)  93 (22.1)   

BMI (kg/m2) 27.7 ± 4.4  28.0 ± 4.5  28.0 ± 4.7  0.52 

Alcohol consumption (g/day) 12.9 ± 18.0  12.0 ± 17.2  13.2 ± 17.7  0.10 

Physical activity       0.001 

   Low 208 (32.9)  207 (30.8)  110 (26.1)   

   Medium 311 (49.2)  294 (43.7)  199 (47.3)   

   High 113 (17.9)  172 (25.5)  112 (26.6)   

Hypertension (yes) 262 (41.5)  306 (45.5)  203 (48.2)  0.08 

Diabetes (yes) 17 (2.7)  49 (7.3)  47 (11.2)  < 0.001 

HDL cholesterol (mmol/l) 1.6 ± 0.4   1.5 ± 0.4  1.8 ± 0.5  < 0.001 

LDL cholesterol (mmol/l) 3.7 ± 1.1   3.6 ± 0.9  3.6 ± 0.9  0.24 

DNAmHorvathAge* 56.1 ± 8.3 (58.1)  60.0 ± 7.5 (38.2)  65.3 ± 6.2 (48.9)  < 0.001 

DNAmHannumAge*  58.9 ± 9.1 (80.1)  71.0 ± 9.6 (96.1)  54.2 ± 7.6 (1.7)  < 0.001 

DNAmPhenoAge* 49.8 ± 10.9 (22.6)  54.6 ± 12.4 (19.0)  52.9 ± 9.8 (2.1)  < 0.001 

DNAmGrimAge* 53.8 ± 8.1 (39.7)  60.6 ± 8.2 (35.4)  62.7 ± 7.5 (14.7)  < 0.001 

DNAmSkinBloodAge* 55.2 ± 9.2 (52.9)  62.8 ± 9.2 (58.1)  60.2 ± 7.7 (6.9)  < 0.001 

DNAmTL 7.1 ± 0.3  6.8 ± 0.3  6.9 ± 0.22  < 0.001 

CD8 T cells 0.11 ± 0.05  0.1 ± 0.06  0.05 ± 0.04  < 0.001 

CD4 T cells 0.22 ± 0.05  0.23 ± 0.05  0.18 ± 0.06  < 0.001 

Natural killer cells 0.03 ± 0.03  0.06 ± 0.03  0.07 ± 0.04  < 0.001 

B cells 0.06 ± 0.02  0.07 ± 0.02  0.06 ± 0.04  < 0.001 

Monocytes 0.1 ± 0.02  0.1 ± 0.02  0.07 ± 0.02  < 0.001 

KORA = Cooperative Health Research in the Region of Augsburg, S4 = fourth cross-sectional health survey of 

the KORA cohort, F4 = first follow-up examination of KORA S4, FF4 = second follow-up examination of KORA 

S4. BMI = body mass index, HDL = high density lipoprotein, LDL= low density lipoprotein. Physical activity was 

defined according to the exercise time per week: Low = almost or no sporting activity, Medium = regular/ irregular 

approx. 1 hour per week, High = regularly more than 2 hours in the week. 347 participants attended two 

examinations, and 344 attended three examinations (Only one participant attended one visit). * Represents the 

mean ± SD and the percent of participants with positive age acceleration.  p-value was based on the Kruskal-Wallis 

test for continuous variables, and Pearson’s Chi-squared test for categorical variables. 

Table S4. Absolute/percent changes (95% CIs) in epigenetic aging biomarkers per IQR increase in air 

pollutants in never smokers. 
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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 

diameter less than or equal to 2.5 μm; PNC = particle number concentration; NOx = nitrogen oxide. An 

IQR increase was 1.5 μg/m3 for PM2.5, 2.1μg/m3 for PM10, 2.0×103/cm3 for PNC, and 8.8 μg/m3 for NOx. 
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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–value 

Age (years) 53.1 ± 8.7  59.9 ± 8.7  64.0 ± 7.8  < 0.001 

Sex (male) 516 (60.9)  551 (59.5)  349 (57.8)  0.50 

Education       0.79 

  Primary school 500 (59.0)  527 (56.9)  339 (56.1)   

  High school 192 (22.6)  218 (23.5)  140 (23.2)   

  College 156 (18.4)  181 (19.6)  125 (20.7)   

BMI (kg/m2) 27.8 ± 4.6  28.3 ± 5.0  28.4 ± 5.2  0.10 

Alcohol consumption (g/day) 20.2 ± 24.2  18.5 ± 22.5  17.3 ± 22.2  0.03 

Physical activity       0.003 

   Low 275 (32.4)  285 (30.8)  169 (28.0)   

   Medium 396 (46.7)  403 (43.5)  254 (42.0)   

   High 177 (20.9)  238 (25.7)  181 (30.0)   

Hypertension (yes) 358 (42.2)  413 (44.6)  280 (46.4)  0.27 

Diabetes (yes) 34 (4.0)  93 (10.0)  83 (13.7)  < 0.001 

HDL cholesterol (mmol/l) 1.4 ± 0.4   1.4 ± 0.4  1.7 ± 0.5  < 0.001 

LDL cholesterol (mmol/l) 3.7 ± 1.0   3.6 ± 0.9  3.5 ± 0.9  0.027 

DNAmHorvathAge* 54.6 ± 8.3 (62.7)  58.4 ± 7.5 (38.0)  64.8 ± 6.0 (57.5)  < 0.001 

DNAmAgeHannum* 58.1 ± 9.4 (86.2)  69.9 ± 10.2 (96.8)  53.5 ± 7.7 (0.8)  < 0.001 

DNAmPhenoAge* 49.2 ± 11.0 (26.8)  53.6 ± 12.5 (22.7)  52.4 ± 9.6 (4.0)  < 0.001 

DNAmGrimAge*  56.5 ± 8.7 (69.8)  62.9 ± 9.1 (65.4)  64.9 ± 8.0 (52.2)  < 0.001 

DNAmSkinBloodAge* 53.5 ± 9.3 (53.8)  61.1 ± 9.2 (61.8)  58.9 ± 7.7 (7.8)  < 0.001 

DNAmTL 7.0 ± 0.3  6.7 ± 0.3  6.8 ± 0.2  < 0.001 

CD8 T cells 0.11 ± 0.05  0.1 ± 0.05  0.05 ± 0.04  < 0.001 

CD4 T cells 0.22 ± 0.05  0.24 ± 0.05  0.19 ± 0.06  < 0.001 

Natural killer cells 0.03 ± 0.02  0.06 ± 0.02  0.07 ± 0.04  < 0.001 

B cells 0.06 ± 0.02  0.07 ± 0.02  0.05 ± 0.03  < 0.001 

Monocytes 0.11 ± 0.02  0.1 ± 0.02  0.07 ± 0.02  < 0.001 

KORA = Cooperative Health Research in the Region of Augsburg; S4 = fourth cross-sectional health survey of 

the KORA cohort; F4 = first follow-up examination of KORA S4; FF4 = second follow-up examination of KORA 

S4. BMI = body mass index, HDL = high density lipoprotein, LDL= low density lipoprotein. Physical activity was 

defined according to the exercise time per week: Low = almost or no sporting activity, Medium = regular/ irregular 

approx. 1 hour per week, High = regularly more than 2 hours in the week. 487 participants attended two 

examinations, and 468 attended three examinations. * Represents the mean ± SD and the percent of 

participants with positive age acceleration.  p-value was based on the Kruskal-Wallis test for continuous 

variables, and Pearson’s Chi-squared test for categorical variables. 
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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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diameter less than or equal to 2.5 μm; PM10 = particulate matter with an aerodynamic diameter less than 

or equal to 10 μm; PNC = particle number concentration; PMcoarse = particulate matter with an 

aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; NO2 = nitrogen dioxide. An IQR 

increase was 1.3 μg/m3 for PM2.5, 2.1 μg/m3 for PM10, 2.0×103/cm3 for PNC, 1.3 μg/m3 for PMcoarse, 

0.3×10-5/m for PM2.5abs, and 6.9 μg/m3 for NO2. 
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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. Pearson’s correlation 

coefficients were calculated to determine the correlations between chronological age and epigenetic 

aging biomarkers. 
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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 age group (≤ 65 vs > 65), sex, categorized BMI 

group, categorized group of alcohol consumption, educational attainment, physical activity, and history 

of diseases (hypertension, diabetes). 

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.  



Paper III

173

PM2.5 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PM10 = particulate 

matter with an aerodynamic diameter less than or equal to 10 μm; PNC = particle number concentration; 

PMcoarse = particulate matter with an aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; 

NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. An IQR increase was 1.4 μg/m3 for PM2.5, 

2.1 μg/m3 for PM10, 2.0×103/cm3 for PNC, 1.4 μg/m3 for PMcoarse, 0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for 

NO2, 8.8 μg/m3 for NOx, and 3.4 μg/m3 for O3. 
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Figure S7. Absolute changes (95% CI, years) in DNAmHannumAge acceleration per IQR increase in 

air pollutant concentrations stratified by categorized age group (≤ 65 vs > 65), sex, categorized BMI 

group, categorized group of alcohol consumption, educational attainment, physical activity, and history 

of diseases (hypertension, diabetes). 

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.  
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PM2.5 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PM10 = particulate 

matter with an aerodynamic diameter less than or equal to 10 μm; PNC = particle number concentration; 

PMcoarse = particulate matter with an aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; 

NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. An IQR increase was 1.4 μg/m3 for PM2.5, 

2.1 μg/m3 for PM10, 2.0×103/cm3 for PNC, 1.4 μg/m3 for PMcoarse, 0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for 

NO2, 8.8 μg/m3 for NOx, and 3.4 μg/m3 for O3. 
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Figure S8. Absolute changes (95% CI, years) in DNAmPhenoAge acceleration per IQR increase in air 

pollutant concentrations stratified by categorized age group (≤ 65 vs > 65), sex, categorized BMI group, 

categorized group of alcohol consumption, educational attainment, physical activity, and history of 

diseases (hypertension, diabetes). 

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.  
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PM2.5 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PM10 = particulate 

matter with an aerodynamic diameter less than or equal to 10 μm; PNC = particle number concentration; 

PMcoarse = particulate matter with an aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; 

NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. An IQR increase was 1.4 μg/m3 for PM2.5, 

2.1 μg/m3 for PM10, 2.0×103/cm3 for PNC, 1.4 μg/m3 for PMcoarse, 0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for 

NO2, 8.8 μg/m3 for NOx, and 3.4 μg/m3 for O3. 
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Figure S9. Absolute changes (95% CI, years) in DNAmGrimAge acceleration per IQR increase in air 

pollutant concentrations stratified by categorized age group (≤ 65 vs > 65), sex, categorized BMI group, 

categorized group of alcohol consumption, educational attainment, physical activity, and history of 

diseases (hypertension, diabetes). 

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.  
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PM2.5 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PM10 = particulate 

matter with an aerodynamic diameter less than or equal to 10 μm; PNC = particle number concentration; 

PMcoarse = particulate matter with an aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; 

NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. An IQR increase was 1.4 μg/m3 for PM2.5, 

2.1 μg/m3 for PM10, 2.0×103/cm3 for PNC, 1.4 μg/m3 for PMcoarse, 0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for 

NO2, 8.8 μg/m3 for NOx, and 3.4 μg/m3 for O3. 
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Figure S10. Absolute changes (95% CI, years) in DNAmSkinBloodAge acceleration per IQR increase 

in air pollutant concentrations stratified by categorized age group (≤ 65 vs > 65), sex, categorized BMI 

group, categorized group of alcohol consumption, educational attainment, physical activity, and history 

of diseases (hypertension, diabetes). 

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.  
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PM2.5 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PM10 = particulate 

matter with an aerodynamic diameter less than or equal to 10 μm; PNC = particle number concentration; 

PMcoarse = particulate matter with an aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; 

NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. An IQR increase was 1.4 μg/m3 for PM2.5, 

2.1 μg/m3 for PM10, 2.0×103/cm3 for PNC, 1.4 μg/m3 for PMcoarse, 0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for 

NO2, 8.8 μg/m3 for NOx, and 3.4 μg/m3 for O3.  
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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 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PM10 = particulate 

matter with an aerodynamic diameter less than or equal to 10 μm; PNC = particle number concentration; 

PMcoarse = particulate matter with an aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; 

NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. An IQR increase was 1.4 μg/m3 for PM2.5, 

2.1 μg/m3 for PM10, 2.0×103/cm3 for PNC, 1.4 μg/m3 for PMcoarse, 0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for 

NO2, 8.8 μg/m3 for NOx, and 3.4 μg/m3 for O3. 
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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 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PM10 = particulate 

matter with an aerodynamic diameter less than or equal to 10 μm; PNC = particle number concentration; 

PMcoarse = particulate matter with an aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; 

NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. An IQR increase was 1.4 μg/m3 for PM2.5, 

2.1 μg/m3 for PM10, 1.4 μg/m3 for PMcoarse, 2.0×103/cm3 for PNC, 0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for 

NO2, 8.8 μg/m3 for NOx, and 3.4 μg/m3 for O3. 
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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 = particulate matter with an aerodynamic diameter less than or equal to 2.5 μm; PM10 = particulate 

matter with an aerodynamic diameter less than or equal to 10 μm; PNC = particle number concentration; 

PMcoarse = particulate matter with an aerodynamic diameter of 2.5-10 μm; PM2.5abs = PM2.5 absorbance; 

NO2 = nitrogen dioxide; NOx = nitrogen oxide; O3 = ozone. An IQR increase was 1.4 μg/m3 for PM2.5, 

2.1 μg/m3 for PM10, 1.4 μg/m3 for PMcoarse, 2.0×103/cm3 for PNC, 0.3×10-5/m for PM2.5abs, 7.2 μg/m3 for 

NO2, 8.8 μg/m3 for NOx, and 3.4 μg/m3 for O3. 
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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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