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Abstract
Gamma glutamyl transferase (GGT) is related to oxidative stress and an indicator for liver
damage. We investigated the association between air pollution and GGT in a large Austrian

cohort (N=116,109) to better understand how air pollution affects human health.

Data come from voluntary prevention visits that were routinely collected within the Vorarlberg
Health Monitoring and Prevention Program (VHM&PP). Recruitment was ongoing from 1985 to
2005. Blood was drawn and GGT measured centralized in two laboratories. Land use
regression models were applied to estimate individuals’ exposure at their home address for
particulate matter (PM) with a diameter of less than 2.5 ym (PM2.5), 10 um (PM10), fraction
between 10 um and 2.5 ym (PMcoarse), as well as PM2.5 absorbance (PM2.5abs), NO2, NOy
and eight components of PM. Linear regression modeling, adjusting for relevant individual and

community-level confounders were calculated.

The study population was 56% female with a mean age of 42 years and mean GGT was 19.0
units. Individual PM2.5 and NO- exposures were essentially below European limit values of 25
and 40 pg/m?3, respectively, with means of 13.58 pg/m? for PM2.5 and 19.93 pg/m?® for NO..
Positive associations were observed for PM2.5, PM10, PM2.5abs, NO,, NOy, and Cu, K, S in
PM2.5 and PM10 fractions and Zn mainly in PM2.5 fraction. The strongest association per
interquartile range observed was an increase of serum GGT concentration by 1.40% (95%-CI:
0.85%; 1.95%) per 45.7 ng/m* S in PM2.5. Associations were robust to adjustments for other

biomarkers, in two-pollutant models and the subset with a stable residential history.

We found that long-term exposure to air pollution (PM2.5, PM10, PM2.5abs, NO,, NOy) as well
as certain elements, were positively associated with baseline GGT levels. The elements

associated suggest a role of traffic emissions, long range transport and wood burning
Max. 300 words now 293 words
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1. INTRODUCTION

Air pollution is associated with a variety of adverse health effects in studies conducted all
around the world. Recent studies indicated associations between air pollution and cardio-
vascular disease (Brook et al., 2010; Mills et al., 2009; Yang et al., 2018), adverse respiratory
effects (Liu et al., 2017) , lung cancer (Ciabattini et al., 2021; Hamra et al., 2015) all-cause
mortality (Chen and Hoek, 2020; Huangfu and Atkinson, 2020) diabetes mellitus type 2
(Weinmayr et al., 2015; Yang et al., 2020) and liver cirrhosis (Orioli et al., 2019). Main proposed
mechanisms for these effects are systemic inflammation, resulting from an increase in oxidative
stress (Anderson et al., 2012). Gamma glutamyl transferase (GGT) is a ubiquitous enzyme
mostly expressed in liver and kidney. It is involved in the breakdown of glutathione (GSH) and is
a key player in GSH-associated biotransformation-processes, taking part in detoxification of
xenobiotics (Morris et al., 2014; Whitfield, 2001). GGT has also been ascribed pro-oxidant
properties, ensuing from the cleavage of extracellular glutathione and leading to promotion of
free radicals and oxidative stress (Corti et al., 2020; Lim et al., 2004). It was introduced into
clinical practice as a sensitive but not specific maker for (alcohol induced) liver damage
(Teschke et al., 1977) and is also elevated in non-alcoholic fatty liver disease (NAFLD) (van
Hoek, 2004). Air pollution has been hypothesized to be related to NAFLD including non-
alcoholic steatohepatitis (NASH) via pro-inflammatory cytokines and Kupffer cell activation (Kim

et al., 2014), which might result in liver cirrhosis and hepatocellular carcinoma.

Furthermore, baseline measurements of GGT have been proven to be a valuable predictive
biomarker for several pathologic conditions, including cardiovascular disease (CVD), diabetes
and metabolic syndrome (MetS) (Koenig and Seneff, 2015). From epidemiological studies there
is some evidence for a positive association between air pollution and GGT concentration. The
KORA study in Augsburg, Germany, investigated cross-sectional associations of long-term air
pollution with liver enzymes and showed a positive association between particulate matter with
diameter <2.5um (PM2.5) and GGT (Markevych et al., 2013). A cross- sectional study in Taiwan
revealed that long-term exposure to PM2.5 was associated with increased levels of GGT

(Zhang et al., 2019).

The general mixture of PM is largely unknown and depends on the area where measurements
are conducted and the sources of PM in that area. An increase in the sulfur component has
been associated with natural mortality (Beelen et al., 2015). However, the exact mechanisms to
explain the impact of sulfur on human health is unknown. Sulfate may affect health indirectly by

solubilizing divalent metals altering bioavailability and enhancing oxidative stress (Kelly and
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Fussell, 2012; Maciejczyk et al., 2021), and forming secondary organic PM (Kelly and Fussell,
2012). For example, upregulated GGT may increase glutathione breakdown and cysteinyl-
glycine, a product of this break down, is capable of reducing Fe(ll) to Fe(lll), initiating the
Fenton’s reaction and therefore contributing to oxidative stress through formation of superoxide
anions, which react with water to form hydrogen peroxide (Dominici et al., 2005; Paolicchi et al.,
2002). In more general terms, intra-tracheal instillation of mice with insoluble particles
containing enriched Ti, V, Ni, Zn, Pb, Cr, and Cu have been found to induce inflammatory
signaling and cytokines upregulation in the liver leading to an abnormal liver function (Yuan et

al., 2021).

Regarding NO, it could be demonstrated, that exposure leads to an increase in GGT
expression in Jcl:Wistar rats, but little is known on the long term effects of NO, (Takahashi et
al., 1997). However, in patients with schizophrenia long-term exposure to NO, was found to

increase GGT levels, partly through alteration of the microbiome (Yi et al., 2021).

Because GGT is an indicator for liver and also associated with other disease, and furthermore
plays a role in detoxification and oxidative stress, we investigated whether exposure to air
pollution parameters (PM and nitric oxides) is positively associated with elevated plasma GGT
levels. In addition, we investigated chemical elements in PM that represent different exposure
sources. Furthermore, we hypothesize that certain elements, especially divalent metals and
sulfur play a crucial role in observed associations of PM with health, and therefore also with

GGT. These effects will be investigated in a large Austrian cohort.
2. METHODS
2.1.  Study population and data acquisition

Between January 1985 and June 2005, more than 180.000 adult Vorarlberg residents (53.9%
female) were enrolled in the Vorarlberg Health Monitoring and Prevention Program (VHM&PP)
study cohort (Ulmer et al., 2007). Vorarlberg is the most western region (“state”) of Austria and
the study population corresponds to approximately 2/3 of the total population of Vorarlberg.
Participants took part in a voluntary population-based medical prevention program offered once
a year for each adult inhabitant in Vorarlberg (Ulmer et al., 2007) and part of the participants
had one or more visits. In this study, we used the data of the first visit and the corresponding
address data that had been collected and that were transmitted with an anonymized identifying
number. During a medical examination the body mass index (BMI) (in kg/m?) was determined,

blood pressure was measured and a blood sample was drawn. Baseline serum levels of
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glucose, triglycerides (TG), total cholesterol (TC) (all in mg/dl) and GGT (in U/L) were

determined.

GGT was measured centralized in two laboratories with intra-laboratory coefficients of variation
(CV) ranging from 3.3% to 0.8% and inter-laboratory CVs ranging from 13.8% to 5.5%. Detailed
measurement procedures for the outcome GGT are described elsewhere (Ruttmann et al.,
2005). A range of relevant potential confounders that are directly or indirectly linked to GGT was
considered: Standardized questionnaires were used to assess smoking status (never/ former/
current), and marital status (single/ married or living with partner/ divorced or separated/
widowed). Data on individual socioeconomic status (SES), namely occupational class
(white/blue collar classification or others), occupational status (employed/ unemployed/ retired
or receiving pension), was available from social security data. Variables for mean income (in
Euro), average unemployment (in %) and indicator for urbanicity (urban vs. rural; EUROSTAT
classification (Koceva et al., 2016)) were used to assess the neighborhood SES (Beelen et al.,
2014). These variables are correlated with liver disease and partly to alcohol consumption that
GGT is a marker of and can be related to air pollution mainly through socioeconomic status and

therefore qualify as potential confounders.

The present study conforms to the ethical guidelines of the 1975 Declaration of Helsinki and has
been approved by the Ethics Committee of Vorarlberg, Austria (EK-Nr. 2006-6/2, and EK-2-

18/2021-9). All participants gave written informed consent.

2.2. Exposure assessment

Air pollution measurements were conducted in the period from April 2010 to February 2011 and
methods were described in detail elsewhere (Cyrys et al., 2012; Eeftens et al., 2012b). In brief,
three 2-week measurements covering different seasons were averaged and adjusted for
temporal trends using a background monitoring site with continuous measurements. A map with
the locations of the measurement sites is given in Figure S2 in the online supplement. Because
we had not sufficient equipment to measure all 40 sites simultaneously, measurements were
conducted in four groups of 10 sites that were measured simultaneously. The continuous
monitoring location was used to adjust for differences between 14-day periods. Resulting values
represent annual average concentrations of the measured exposures. Nitrogen oxides (NO; and
NOy) were measured using an Ogawa passive sampler, while PM2.5 and PM10 were measured
with a Harvard impactor filter system. The PMcoarse fraction was calculated as the difference
between PM10 and PM2.5 (Eeftens et al., 2012b). PM2.5 absorbance (PM2.5 abs) was

calculated from reflectance measurements of the PM2.5 and PM10 filters and represent a



151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

measure of black particles, typically representing diesel or wood burning soot. Eight a priori
selected elements of 48 measured chemical elements were analyzed in the PM fractions using
X-ray fluorescence (XRF) (Tsai et al., 2015). Elements were chosen to represent major
anthropogenic sources, based on toxicological potential, a high percentage of detected samples
(<75%) and a good precision of measurement (<10% coefficient of variation, except for nickel
(Ni) and vanadium (V) due to low concentration levels). Zinc (Zn), cupper (Cu) and iron (Fe)
were chosen to represent non-tailpipe traffic emissions, silicon (Si) for soil material, sulfur (S) for
long-range transport, V and Ni for oil burning/industry and potassium (K) for biomass/wood

burning (de Hoogh et al., 2013; Tsai et al., 2015).

Land use regression (LUR) models were developed using geographic information system (GIS)
predictor variables from consistent European data sets, deploying data from the ESCAPE
project (European Study of Cohorts for Air Pollution Effects) and local data sets. GIS variables
included data on traffic, land use, population and household density and altitude. Based on this
data, study area specific LUR models were developed to estimate the concentration of air
pollutants at the home addresses of participants. The exact modelling procedure, including
description of variables and reliability assessments of results are described elsewhere (Beelen
et al., 2013; de Hoogh et al., 2013; Eeftens et al., 2012a). Exposure could not be modelled for
individuals residing above 600m altitude or closer than 300m to the state border (Beelen et al.,
2014). In addition to modeled exposures, traffic intensity on the nearest road (vehicles per day)
and total traffic load (intensity multiplied by length) on all major roads within a 100 m buffer,

were also analyzed (Beelen et al., 2014).

2.3.  Statistical analysis

Multivariate linear regression was used to analyze associations between exposure to air
pollution parameters and GGT. The outcome variable GGT was normalized using the natural
logarithm and results are expressed as percent change in GGT. DFBETA statistics as well as
graphical analyses plotting leverage against squared predictors were used to test for potential
outliers and influential points. Three different models with increasing complexity, using pre-
defined covariate adjustment sets were used to analyze potential associations (Model 1:
calendar year of recruitment (categorical variable using cubic splines (Beelen et al., 2014), age,
sex; model 2 additionally adjusted for BMI (continuous), smoking status, marital status,
occupational status and class; model 3 (main model) further adjusted for neighborhood SES
(mean income, unemployment rate, urbanicity)). STATA version 14.0 was used for all statistical

analyses.
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2.4.  Sensitivity analysis

We calculated model 3 in data sets restricting to individuals without cancer history and with
stable residential history ten years before baseline, respectively. We accounted for potential
metabolic disorders by additional adjustments for biomarkers (total cholesterol (TC),
triglycerides (TG), glucose) which are also linked to GGT and liver disease and have been
shown to be linked to air pollution. However, we acknowledge that changes in biomarkers may
be either the result of confounding or they may act as intermediates. Air pollution exposure was
analyzed as a continuous variable. Traffic indicators were analyzed adjusting in addition for
background NO concentrations. In addition, two-pollutant models were calculated, adjusting
PM and nitric oxides for other exposures and S with metals and vice versa. As different
pollutants may reflect the same source, acting as surrogates for each other, we restricted
analyses to less correlated exposures (p<0.7) and marked exposures with p between 0.5 and
0.7. As potential effect modifiers, we examined age (cut point; 65 years), sex and smoking
status by including an interaction term and calculating the related effect estimates in the

respective strata.
3. RESULTS
3.1. Characteristics of the study population

Of the originally recruited 185,330 participants, 53,423 participants were excluded as home
address exposure assignment was impossible, leaving 131,907 participants. Further 15,798
participants were excluded because of missing values for variables included in model 3
(including 1,779 because of missing GGT values), amounting to a final analysis population of
116,109 participants (Figure S1 in the online supplement). The study population (55.9% female)
was characterized by a mean age of 41.9 (x14.9) years at recruitment and slightly elevated
mean BMI £ standard deviation (SD) of 24.8 £ 4.3 (Table 1). Prevalence of smoking history was
30.1% with combined current and ex-smokers. Complete population characteristics are
presented in Table 1 and characteristics of the originally recruited population are shown in Table
S1 in the online supplement. The study population for this work was very similar to the original

population regarding demographics, potential confounders and biomarkers.

Mean + SD annual exposure values were 19.93 + 5.46 pg/m?3 for NO,, 40.04 + 9.54 ug/m? for
NOy, 13.58 + 1.22 pg/m?3 for PM2.5, 1.66 + 0.22 10-5/m for PM2.5abs, 20.65 + 2.38 ug/m? for

PM10 and 6.68 + 0.90 ug/m? for PMcoarse. Elementary composition of PM2.5 and PM10, as
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well as traffic indicators are summarized in Table 2. The outcome GGT depicts a strong

variance among participants with a median of 12.0 U/L and an interquartile range (IQR) of 11.0

U/L (Table 2). Pearson correlation coefficients between different exposure variables range from
= -0.05 for the correlation between PM2.5 (S) and PM10 (V) and p = 0.87 for the correlation

between PM2.5 and PM2.5 (K) (Supplementary material: Table S2).

3.2.  Associations between air pollution and GGT

Analyses of the main model showed average percentage increases of GGT concentration per
IQR, ranging from 0.53% (95% confidence interval (Cl): 0.05%, 1.01%) per 7.44 ug/m?3 for NO_
to 1.20% (95%-Cl: 0.73%, 1.68%) per 1.56 ug/m? for PM2.5. PM10, PM2.5abs and NOx were
also positively associated with GGT concentration, but PMcoarse was not (Table 3). Traffic
indicators were also not associated with GGT levels. Results from elementary composition of
PM2.5 and PM10 are presented in Table 4. Most observed associations were positive with the
strongest association observed for PM2.5 (S) with an increase of 1.40% (95%-ClI: 0.85%,
1.95%) per IQR (45.72 ng/m?3). Of the divalent metals, only Cu and Zn showed a positive
association. PM2.5 (Si) was negatively associated with an average change of GGT
concentration by -0.48% (95%-Cl: -0.93%, -0.02%) per IQR (9.51 ng/m?), whereas PM10 (Si)

was not.
3.3. Two-pollutant models

Results from two-pollutant models suggest, that associations of NOx and PM2.5 were generally
robust to adjustment for a second pollutant, while associations observed for NO,, PM10 and
PM2.5abs were less robust (Table 5). PM2.5, PM2.5abs and PM10 were also adjusted for
elementary composition of PM2.5 and PM10. PM2.5 was generally robust to adjustment with the
strongest observed adjustment effect for PM2.5 (S) changing the estimate for the increase in
GGT concentration from 3.90 (95%-ClI: 2.35, 5.48) to 2.56 (95%-ClI: 0.78, 4.36). PM2.5abs and
PM10 were less robust, partly losing statistical significance associated with markedly lower
estimates (Supplementary material Table S5). Results for the sulfur component were not much

influenced by adjustment for divalent metals (Figure 1).

3.4. Further sensitivity analyses

DFBETA statistics as well as graphical analyses for extreme values did not indicate any
influential outliers that may confound the results. Estimates where robust to additional

controlling for biomarkers of metabolic disease (TG, TC and glucose; model 4, N = 115,106)
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with the strongest effect of adjustment on estimates for change in GGT concentrations observed
for NO; (Figure 2a), PM10 (Cu), PM10 (S), PM10 (Zn) (Supplementary material: Tables S3 and
S4; Model 4). The effect of adjustment on PM2.5 was negligible (Figure 2b). Adjustment model 3
was performed with the same population as used for model 4 and yielded similar results to the
model 3 population. Furthermore, patients with previous history of cancer (N = 15,369) were
excluded and effect estimates were robust (Figure 2a and 2b). Restriction to residents with
stable address for 10 years before measurement gave similar (PM2.5) or slightly stronger (NO)

associations (Figure 2b and 2a).

The p-values for the interaction terms for age and sex indicate no effect modification by age but
partly by sex with stronger increases in GGT-concentrations in women with 5.50% (95%-ClI:
3.54%, 7.46%) vs. 1.80% (95%-ClI: -0.37%, 3.97%) for PM2.5 and 4.86% (95%-CI: 2.65%,
7.07%) vs. 0.95% (95%-Cl: -1.49%, 3.38%) for PM2.5abs (Supplementary material Table S6).
No consistent pattern was observed for results stratified by smoking status (Supplementary

material Table S7).

4. DISCUSSION

The present analyses revealed associations of exposure to particulate matter (PM2.5,
PM2.5abs, PM10) and nitrogen oxides with increased concentration of serum GGT in a large
population-based cohort in Vorarlberg, Austria. No association was found for PMcoarse. There
was a slight indication for stronger associations among females. Cu, Zn, K and S were the PM-
components that were most consistently associated with increasing serum GGT concentrations
and were robust to adjustment by other pollutants. In general, adjustment for metabolic

biomarkers did not change the associations.

The KORA study showed a statistically significant positive association only for PM2.5 with GGT
levels, using the same long term exposure assessment methods (Markevych et al., 2013). Our
effect estimates for PM2.5 (3.90% (95%-Cl: 2.35% to 5.48%) per 5 ug/m?®) were roughly
comparable to those in the KORA study region with an increase of 5.1% (95%-ClI: 0.1% to
10.4%) of GGT per 2.8 ug/m3. This study is not only geographically close (approx. 150 km) but
also used the same exposure assessment methods. However, the estimates were markedly
lower in a cross sectional study from Taiwan (Zhang et al., 2019), with an average increase of
1.60% (95%-Cl: 1.50% to 1.70%) per 10 ug/m3. In the China Multi-Ethnic Cohort, a cross-

sectional association of 3.67 (1.15, 6.24) for an increase of 10ug/m? was observed for PM2.5
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(Wang et al., 2022). This estimate attenuated moderately when adjusted further with life-style

variables and NO..

In Iran, PM10 and PM2.5 as well as PM10 at home addresses of pregnant women were
associated with higher levels of GGT in cord blood (Pejhan et al., 2019). Interestingly, another
study in Iran comparing individuals from a polluted and a less polluted city, found no difference
in serum GGT concentration, but in other oxidative toxic stress biomarkers such as superoxide
dismutase (SOD), malondialdehyde (MDA) and total antioxidant capacity (TAC) (Rezaei
Vandchali et al., 2020). All these studies are situated in contexts of higher PM2.5 concentrations
and it may be speculated that the stronger effects per unit increase at lower concentration levels
observed for other outcomes such as mortality and lung cancer (Hvidtfeldt et al., 2021, Strak et
al., 2021) may also hold for GGT. Furthermore the air pollution mix is likely to be different

between the Europe and the East and South-Asian studies.

For PM 10 our estimate of 1.90 (0.41, 3.41) is very similar to the estimate in the Chinese cohort
of 2.02 (0.40, 3.67), both for an increase of 10ug/m? (Wang et al., 2022). The latter estimate
attenuated to 1.72 (-0.03, 3.49) when adjusted for numerous life-style factors and NO,, similarly
to the attenuation of our estimate to 1.41 (-0.40, 3.26) in the two-pollutant model with NO,.
Compared to the KORA study, our results for the increase in GGT concentration showed similar
to slightly weaker effects sizes for PM10, PM2.5abs, NOx and NO (Markevych et al., 2013).
However, the markedly larger study population of the VHM&PP cohort (5,892 in KORA, 116,109
in VHM&PP) yields higher precision, and therefore statistically significant effect estimates. In our
study, the associations of increase in GGT for NOy, PM2.5 and PM2.5abs were also robust in
two-pollutant models and sensitivity analyses taking into account additional covariates or stable
addresses. Detection of associations with pollutants are affected by measurement error in the
model and exposure contrast. The variation of exposure estimates within the cohort differed
between pollutant with the highest SDs in relation to the mean for NO, and NOx. We did not find
a clear pattern of more robust associations for pollutants with a higher exposure contrast.
Higher precision of the individual exposure estimates will also favor detection of associations,
including two pollutant models. The leave one out crossvalidation R2 for model performance is
actually highest for PM10 and PM2.5 absorbance, followed by NO,. Again, this seems not to be
directly reflected in the results. However, PM coarse which shows the weakest association is
measured with less precision as it is calculated as the difference between PM10 and PM2.5

(Eeftens et al., 2012b).
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Our results are in line with animal experiments, where increased serum levels of GGT were
found in rats when exposed to diesel exhaust for up to 6 months (Reed et al., 2004) or to
gasoline fumes for 10 weeks along with other oxidative stress and inflammatory markers
(Abdrabouh, 2019). This is especially of relevance as in Vorarlberg the major contributor to air
pollution is (cross-border) traffic and especially diesel engines are very common. Further
laboratory experiments indicate a positive association between short-term (up to 14 days)
pulmonary exposure to NO» and expression of GGT-genes in rat lungs (Takahashi et al., 1997).
Similarly, intratracheal instilled PM10 and PM2.5 obtained from Mexico city were associated

with increased GGT-levels in rat lungs after 24 and 72 hours (Snow et al., 2014).

The KORA study investigated two other classical biomarkers for liver damage, aspartate
transaminase (AST) and alanine transaminase (ALT), but found no association (Markevych et
al., 2013). This led to the interpretation that oxidative stress is the main mode of action, as
hepatotoxic effects would also lead to elevated levels of AST and ALT (Sallie et al., 1991).
However, other epidemiological studies (longterm (Pejhan et al., 2019; Zhang et al., 2019)(Li et
al., 2022) and shortterm (Kim et al., 2015)) and animal experiments (Abdrabouh, 2019) have
found associations of air pollution with increased levels of ALT and/or AST. This is confirmed by
a recent meta-analysis (Pan et al., 2023). Unfortunately, AST and ALT are not available in our

study, so that we cannot contribute a further insight on this matter.

There is some evidence from epidemiological studies showing that long-term exposure to air
pollution is associated with hepatic steatosis (Li et al., 2017) and the incidence of liver cirrhosis
(Orioli et al., 2019). Further evidence for an association between long term air pollution and liver
disease comes from studies in mice showing maternal exposure to PM2.5 triggers a non-
alcoholic steatohepatitis (NASH) like phenotype, characterized by hepatic steatosis,
inflammation, and fibrosis(Zheng et al., 2013). However, no corresponding associations for

prenatal and childhood exposure were observed (Garcia et al., 2021).

As potential bio-mechanism, inflammation in the lung may be propagated by systemic oxidative
stress and inflammatory responses similar to effects on cardiometabolic diseases (Brook et al.,
2010; Rajagopalan and Brook, 2012). For NAFLD specifically, mechanisms involving insulin
resistance and lipid metabolic disorder, hepatocyte steatosis, endoplasmic reticulum stress, and
intestinal dysbacteriosis have been proposed (Chen et al., 2021). It has been hypothesized that
air pollutants could partially pass via the lungs and the general circulation into the liver, where
some air pollutants may stimulate a local inflammatory response (Kim et al., 2014). In

experimental studies with murine models, exposure to particulate matter was found to induce

11
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liver tissue inflammation through the activation of Kupffer cells and production of cytokines (Tan

et al., 2009) and reticulum stress response (Laing et al., 2010).

To our knowledge, we are the first to investigate the associations between long term exposure
to elemental composition of PM and serum GGT concentrations. We observed consistent
positive associations of GGT concentrations with Cu, K, S and Zn in both PM-fractions and a
negative association for Si in PM2.5. The strongest associations were observed for S and Cu in
PM2.5 fractions and K in the PM10 fraction. Toxicological studies provide only little insight into
the molecular mechanisms related to exposures to PM-elements (Kelly and Fussell, 2012). A
recent study investigated the association of exposures to PM-components with the plasma
metabolome and found a perturbation of the Glutathione metabolism linked to long-term
exposure to BC, Ni, V, Zi and Cu, whereas they found no association of K and S with any
metabolites (Nassan et al., 2021). It has been suggested that associations of S with various
outcomes including natural mortality, may be an effect of sulfate solubilized transition metals or
organic compounds acting as surrogates for observed associations (Kelly and Fussell, 2012).
Within our analysis, two-pollutant models were used to untangle potential effects and the effect

estimate for sulfur remained robust to adjustment for Fe, Cu, Ni and Zn.

In general, we cannot exclude the possibility that other, not measured substances in the air
pollution mix might influence our results. Persistent organic pollutants like monohydroxy-
polycyclic aromatic hydrocarbons (PAHSs) have been associated with GGT before (Lee et al.,
2008) and have been associated with incomplete combustion of organic material, a process
observed in wood burning (Lee and Jacobs, 2009). This might explain the strong positive
association between PM10 (K), an indicator for wood burning, and GGT concentration observed

in our analysis.

More studies need to be conducted to assess potential active substances and further
understand the impact of the chemical composition of air pollution on associated effects like

increases in biomarkers, cancer or mortality outcomes.

One strength of this study is the large study population (116,109), recruited from the general
public using standardized protocols and information on many important confounders, including
the measurement of metabolic factors. Modelling of air pollution was performed using a
standardized protocol already applied in various cohorts and assessing the exposure

specifically at the home address of each participant.

There are several limitations in this study. First, our study design does not allow a judgement on

causal interference. Furthermore, determination and measurement of covariates and outcome
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precede the exposure measurement. However, in studies of long-term effects spatial contrasts
are most important and several studies showed that they are stable over many years (Cesaroni

et al., 2012; Eeftens et al., 2011; Wang et al., 2013)

Additionally, a potential source of confounding could be liver disease or alcohol
consumption/abuse. This was addressed within sensitivity analyses, excluding potential outliers
(GGT >600 U/L, cancer, including liver cancer cases). An analysis based directly on alcohol
consumption/abuse was not possible as no information about dietary patterns were available.
We were able to adjust for components of the metabolic syndrome, i.e., diabetes status,
triglycerides, total cholesterol (as a surrogate for HDL), BMI (as an approximation to central
obesity), and blood pressure. Unfortunately, information on other liver enzymes (ALT, AST) was

not available.

Our study contributes novelty to the field with the investigation of several air pollution
components from different sources, in addition to PM2.5, and highlights that this understudied
area merits further investigation for an outcome that play a central role in disease and
detoxification of noxious exposures. Our novel exploration of the possible relation of sulfur and
metal ions in causing physiological damage especially via oxidative stress needs to be
investigated in future studies, ideally comprising further heavy metals (e.g. Cd and Pb) that we
could not investigate. In addition, we were able to adjust for relevant biomarkers that could be

confounding variables in the sensitivity analyses.

In conclusion, long-term exposure to air pollution (PM2.5, PM10, NO,, NOy,) as well as certain
elements, representing traffic emissions, long range transport and wood burning, were positively
associated with baseline GGT concentration suggesting that air pollution has adverse effects on
liver metabolism. The observed long term air pollution within the area of Vorarlberg is relatively
low, with most individuals in our cohort living in locations with annual average exposures below
the current European limit values for PM2.5 (25 pg/m?3) and NO; (40 ug/m?3). This highlights the
necessity to further reduce ambient air pollution, in alignment with the WHO-air quality
guidelines from 2021, in order to protect the population from adverse health effects attributed to

air pollution exposure.
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TABLE 1: Descriptive statistics of categorical and continuous variables. 2

Variables

n (%) or Mean + SD

Age (years), mean + SD
Female sex, n (%)
BMI (kg/m?) , mean + SD
Smoking status
non-smoker
current smoker
ex-smoker
Marital status:
single
married/ living with partner
divorced/ separated
widowed
Occupation:
white collar
blue collar
others
Occupational status:
employed P
unemployed
retired
Prevalent hypertensionab
Glucose® (mg/dl)
Triglycerides® (mg/dl)
Cholesterol® (mg/dl)
Area indicator:
urban (small cities)
rural
@ unemployment (%), mean + SD
mean income (EURO)

41.9 £ 14.9
64,857 (55.9)
24.77 + 4.27

81,138 (69.9)
27,838 (24.0)
7,133 (6.1)

19,951 (17.2)
79,387 (68.4)
8,813 (7.6)
7,958 (6.9)

65,394 (56.3)
40,326 (34.7)
10,389 (8.9)

80,794 (69.6)
4,070 (3.5)
31,245 (26.9)
42,418 (37.0)
103.0 + 36.6
131.8 + 100.8
215.6 + 46.8

113,083 (97.4)
3,026 (2.6)
1.1+0.5
25121 + 1273

SD = standard deviation, n = number, BMI = body mass index. Population is the same study population

used for models 1-3 (n=116,109). 2 systolic blood pressure 2140 or diastolic blood pressure = 90 at

baseline examination. ° presented for participants included in model 5 (n=114,578).

I+



TABLE 2: Descriptive statistics of air pollution parameters and serum GGT concentrations.

Exposure Mean = SD Median Q1 Q3 IQR

NO; (pg/m?3) 19.93+5.46 20.05 16.16 23.60 7.44
NOx (ug/m?) 40.04 + 9.54 39.21 3352  45.26 11.74
PM2.5 (ug/m?) 13.58 + 1.22 13.72  12.87 14.43 1.56
PM2.5 abs? (10-*/m) 1.66 +0.22 1.68 1.52 1.80 0.28
PM10 (pg/md) 20.65 + 2.38 20.86  19.20  22.30 3.10
PMcoarse (ug/m?®) 6.68 £ 0.90 6.78 6.01 7.30 1.28
PM2.5 Cu (ng/m?) 3.98+1.09 4.29 3.46 4.73 1.27
PM2.5 Fe (ng/m?3) 66.34 + 7.86 68.05 62.32 69.79 7.47
PM2.5K (ng/m®) 331.37+£31.21 333.20 311.74 353.26 41.52
PM2.5 Ni (ng/m?3) 0.14 + 0.07 0.17 0.09 0.20 0.11
PM2.5S (ng/mq) 618.72 + 31.38 620.52 596.49 642.21 45.72
PM2.5 Si (ng/m®) 64.15 + 7.08 65.26 59.98 69.49 9.51
PM2.5 Zn (ng/m?3) 22.27 +3.30 22.64 19.90 24.80 4.90
PM10 Cu (ng/m3) 8.98 + 2.63 9.18 7.60 10.40 2.80
PM10 Fe (ng/m3) 319.49 + 44.06 328.52 296.13 338.36 42.23
PM10K (ng/m3) 398.17 + 34.93 401.23 374.84 423.36 48.52
PM10 Ni (ng/m?) 0.20 +0.18 0.21 0 0.28 0.28
PM10 S (ng/m3) 658.60 + 46.38 663.21 631.44 689.99 58.55
PM10 Si (ng/m3) 379.58 + 59.46 395.55 328.89 424.42 95.53
PM10V (ng/m3) 0.55+0.12 0.62 0.51 0.63 0.12
PM10 Zn (ng/m?) 29.25 + 5.54 30.18  26.18  33.20 7.02
Traffic intensity® 1693 + 3609 500 500 500 8492°
Traffic load®uffer (motor 297 £ 999 0 0 0 2350°¢
vehicles* km/day)

GGT (U/L) 19.0 £ 27.7 12 9 20 11

SD = standard deviation, Q; = first quartile, Qs = third quartile, IQR = interquartile range, 2 PM2.5 abs = PM2.5 absorbance,
Traffic intensity on nearest road (motor vehicles/day), ¢5-95% range, ¢ Traffic load on major roads within 100 m buffer (motor
vehicles* km/day); . PM2.5 V was not available because of poor performance of the LUR-model(de Hoogh et al., 2013)



TABLE 3: Associations between serum GGT concentrations and main pollutants/traffic indicators.

Exposure
(increment)

NO2 (10 ug/m?)
NOx (20 pg /m3)
PM2.5 (5 ug /m?3)

PM2.5abs? (105/m3)

PM10 (10 pg /m3)

PMcoarse (5 ug /m?3)

Traffic intensity
(5*103 veh/day) ©
Traffic load

(4*108 veh*m/day) ©

Change in GGT (95% confidence interval) @

Model 1
per fixed
increment

1.28 (0.63, 1.93)
3.24 (2.48, 4.00)
5.19 (3.68, 6.71)
4.44 (2.77, 6.13)
3.29 (1.77, 4.83)
1.20 (-0.77, 3.20)
0.37 (-0.12, 0.86)

1.18 (-0.25, 2.63)

Model 2
per fixed
increment

0.81 (0.17, 1.46)
1.73 (0.99, 2.47)
4.23 (2.74, 5.74)
3.64 (1.98, 5.34)
2.09 (0.60, 3.61)
0.75 (-1.17, 2.70)
-0.15 (-0.63, 0.32)

0.06 (-1.31, 1.46)

Model 3
per fixed
increment

0.71 (0.07, 1.36)
1.57 (0.83, 2.32)
3.90 (2.35, 5.48)
3.09 (1.36, 4.84)
1.90 (0.41, 3.41)
0.59 (-1.33, 2.55)
-0.16 (-0.63, 0.32)

0.02 (-1.36, 1.41)

Model 3
per

IQR

0.53 (0.05, 1.01)
0.92 (0.48, 1.36)
1.20 (0.73, 1.68)
0.86 (0.38, 1.33)
0.58 (0.13, 1.05)
0.15 (-0.34,0.65)
-0.23 (-1.03, 0.58)¢

0.04 (-0.77, 0.84) d

IQR = interquartile range; veh: motor vehicles;  Change is given as percentage. " PM2.5abs = PM2.5 absorbance; ° Traffic intensity
on nearest road (motor vehicles/day); ¢ estimates with 5-95% range as increment instead of IQR; © Traffic load on major roads within
100 m buffer (motor vehicles* km/day) Model 1 was adjusted for calendar year of recruitment, age and sex; model 2 was additionally
adjusted for BMI, smoking status, occupation and occupational and marital status; Model 3 was further adjusted for neighborhood
income and unemployment rate. Traffic indicators are additionally adjusted for urban background of NO,. statistically significant results

are marked in bold.

TABLE 4: Associations between serum GGT concentration and exposure to elemental composition of PM.

Exposure
(increment)

PM2.5Cu (5 ng/m3)
PM2.5 Fe (100 ng/m3)

PM2.5K (50 ng/m?)
PM2.5Ni (1 ng/m3)

PM2.5 S (200 ng/m?)
PM2.5 Si (100 ng/m3)
PM2.5Zn (10 ng/m?3)
PM10 Cu (20 ng/m83)
PM10 Fe (500 ng/m3)
PM10K (100 ng/m?3)

PM10 Ni (2 ng/m3)

PM10 S (200 ng/m?3)
PM10 Si (500 ng/m?3)

PM10V (3 ng/m3)

PM10 Zn (20 ng/m?3)

Change in GGT (95% confidence interval) 2

Model 1P
per inc

4.27 (2.59, 5.97)
5.54 (0.90, 10.39)
0.99 (0.42, 1.56)
4.10 (-1.07, 9.55)
9.50 (7.07, 11.99)
-2.54 (-7.27, 2.43)
1.33 (0.25, 2.42)
7.04 (4.21, 9.95)
5.56 (1.41, 9.87)
3.09 (2.06, 4.14)
0.17 (-3.70, 4.20)
3.55 (1.99, 5.14)
0.70 (-2.24, 3.73)
-4.58 (-12.63,
4.22)
1.73 (0.44, 3.03)

Model 2°b
perinc

3.99 (2.30, 5.70)

2.68 (-1.78, 7.34)

Model 3P
perinc

3.36 (1.52, 5.25)
2.07 (-2.38, 6.73)

Model 3¢
per IQR

0.84 (0.38, 1.31)
0.15 (-0.18, 0.49)

0.84 (0.28, 1.40)
3.66 (-1.42, 9.00)
6.77 (4.43, 9.17)
-4.93 (-9.42, -0.21)
1.38 (0.32, 2.45)
5.19 (2.40, 8.05)
1.93 (-2.02, 6.04)
2.70 (1.68, 3.72)
-2.38 (-6.06, 1.44)
2.72 (1.17, 4.29)
0.85 (-2.01, 3.80)
-5.03 (-12.84,
3.47)
1.70 (0.42, 3.00)

0.71 (0.14, 1.28)
2.82 (-2.24, 8.14)
6.27 (3.77, 8.82)
-4.89 (-9.39, -0.17)
1.27 (0.21, 2.35)
3.90 (0.88, 7.01)
1.34 (-2.60, 5.44)
2.54 (151, 3.57)
-2.16 (-5.85, 1.67)
2.04 (0.39, 3.71)
0.83 (-2.07, 3.82)
-5.46 (-13.25,
3.03)
1.32 (0.01, 2.64)

0.59 (0.12, 1.07)
0.31 (-0.25, 0.86)
1.40 (0.85, 1.95)
-0.48 (-0.93, -0.02)
0.62 (0.10, 1.14)
0.54 (0.12, 0.95)
0.11 (-0.22, 0.45)
1.22 (0.73, 1.72)
-0.31 (-0.84, 0.23)
0.59 (0.12, 1.07)
0.16 (-0.40, 0.72)
-0.22 (-0.57, 0.12)

0.46 (0.00, 0.92)

2Change in GGT with corresponding 95% Cls. Pinc: increment; ¢ model 3 presented with IQR (Table 2) as increment; Model 1 was adjusted
for calendar year of recruitment, age and sex; model 2 was additionally adjusted for BMI, smoking status, occupation and occupational
and marital status; Model 3 was further adjusted for neighborhood income and unemployment rate. statistically significant results are
marked in bold.



TABLE 5: Results from two-pollutant models 2 for adjusted association between air pollution and GGT
concentrations: Change in GGT with corresponding 95% Cls. b

Exposures (increments)

NO:2 NOx PM2.5 PM2.5 abs PM10 PMcoarse
(10 ug/m3) (20 ug /m3) (5 pug /md) (10%/m3) (10 ug/m3) (5 pg /m3)
0.71 1.57 3.90 3.09 1.90 0.59
(0.07,1.36) (0.83,2.32) (2.35,5.48) (1.36,4.84) (0.41,3.41) (-1.33,2.55)
adjusted for
NO2 NA 1.52 3.90 3.26 1.41 NA
(0.68,2.37) (2.18,5.66) (0.95, 5.61) (-0.40,
3.26)
NOx 0.09 NA 3.06 1.75 0.82 -1.84
(-0.63, 0.82) (1.34,4.80) (-0.19, 3.72) (-0.77, (-3.99,
2.44) 0.36)
PM2.5 0.00 0.92 NA NA -1.23 -1.06
(-0.71, 0.72) (0.09, 1.75) (-3.20, (-3.05, 0.97)
0.78)
PM2.5 abs -0.09 1.21 NA NA NA -3.05
¢ (-0.95, 0.76) (0.36, 2.06) (-5.53, 0.51)
PM10 0.36 1.41 4.80 NA NA -1.14
(-0.42, 1.15) (0.61, 2.22) (2.67, 6.98) (-3.42,1.19)
PMcoarse NA 1.93 4.18 4.97 2.40 NA
(2.07,2.79) (2.54,5.85) (2.62,7.38) (0.59, 4.24)

2Model 3 was adjusted for calendar year of recruitment, age, sex, BMI, smoking status, occupation, occupational and marital status
and neighborhood income and unemployment rate. ° Results are only presented if Pearson correlation coefficients (Supplementary
material: Table 2) are <0.7 and are otherwise referred to as NA. ¢ PM2.5 abs = PM2.5 absorbance; statistically significant results are

marked in bold.



Figure Click here to access/download;Figure;Figures_GGT_0504.docx %

PM2.5 S (200 ng/m°) - : % |
Adj. forPM2.5 { | ® |
Adj. for PM2.5 Cu - : * |
Adj. for PM2.5 Fe : & |
Adj. for PM2.5 Ni - | 23 |
Adj. for PM2.5 Zn | * |

PM10 S (200ng/m®) { —@——

Adj. for PM10 Fe

f

Adj. for PM10 Ni

%

I 1 I [

0 2 4 6 8 10
Change in GGT (%)

Figure 1: Two-pollutant models. PM2.5 S and PM10 S were adjusted for measured metals.

Results are only presented if Pearson correlation coefficient p<0.7. 200 ng/m? was used as an increment to calculate final

estimates.
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Figure 2a: Sensitivity analyses for associations between serum GGT concentration and NO..

Change (as percentage) in GGT with corresponding 95% Cls for an increment of 10pug/m?3. Main model adjusted for calendar
year of recruitment, age, sex, BMI, smoking status, individual and neighborhood SES, main model adjusted for metabolic
markers was additionally adjusted for glucose, triglycerides and cholesterol; other sensitivity analyses exclude certain sub

populations. Residential history was available for 62,967 individuals. Stable address before baseline covers a period of 10 years

before baseline.
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Figure 2b: Sensitivity analyses for associations serum GGT concentration and PM2.5.

Change (as percentage) in GGT with corresponding 95% Cls for an increment of 5 pg/m®. Main model adjusted for calendar year
of recruitment, age, sex, BMI, smoking status, individual and neighborhood SES, main model adjusted for metabolic markers was
additionally adjusted for glucose, triglycerides and cholesterol; other sensitivity analyses exclude certain sub populations.

Residential history was available for 62,967 individuals. Stable address before baseline covers a period of 10 years before

baseline.
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