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1. Introduction 

According to the World-Health Organisation, non-communicable diseases (NCDs), in-

cluding cardiovascular diseases, are among the leading causes of mortality worldwide 

(World Health Organization, 2022b). The establishment of the Framingham Heart study 

in 1948 opened a new era by identifying major risk factors for cardiovascular diseases 

(Dawber, Moore and Mann, 1957). The Framingham Heart study is described as the 

epidemiological study conducted for the largest time period (Andersson et al., 2021). 

Over the years it has groundbreakingly established that risk factors including high 

blood pressure, high cholesterol, male sex, high body weight, smoking, and low physi-

cal exercise are major risk factors of cardiovascular diseases (ibid.). It thereby intro-

duced a change of paradigm from treatment of the existent cardiovascular diseases to-

wards the prevention of the same (Mahmood et al., 2014). According to Mahmood et 

al. (2014) this lay the premise for the establishment of risk scores.  

To predict the total risk of fatal cardiovascular disease events caused by multiple risk 

factors for a European population Conroy et al. (2003) developed the ESC SCORE 

(Systematic COronary Risk Evaluation). This score includes age, sex, smoking status, 

systolic blood pressure and total cholesterol to estimate the risk of fatal cardiovascular 

events (ibid.). This score was updated and revised to current mortality rates: For Eu-

rope, the currently proposed risk score to predict cardiovascular diseases and mortality 

within the guideline of the European Society of cardiology (ESC) (Visseren et al., 2021) 

is the ESC SCORE 2. In its current form the ESC SCORE 2 was extended to predict 

the 10-year risk not only of fatal but also of non-fatal cardiovascular events (SCORE2 

working group and ESC Cardiovascular risk collaboration, 2021). The updated version 

of the score is based on five variables: sex, age, current smoker status, systolic blood 

pressure, and non-HDL-cholesterol (ibid.). It is calculated separately for different Euro-

pean regions based on CVD risk (ibid.). Germany is classified within the group of coun-

tries of moderate CVD risk (ibid.). The risk variables of the ESC SCORE 2 are all of pa-

tient immanent nature.  

For some decades, the association between patient-extrinsic risk factors like air pollu-

tion and mortality has been established. The WHO is estimating that 6.7 million prema-

ture deaths can be attributed to air pollution annually (World Health Organization, 

2022a). Air pollution is among the most important causes of non-communicable dis-

eases (Münzel et al., 2018). Nevertheless, the consideration of patient extrinsic risk 

factors like air pollution might add valuable information for the prediction of cardiovas-

cular mortality. This forms the basis for the idea behind this dissertation. 
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After having outlined the background concept of this dissertation, basic pathophysiolog-

ical pathways of the association between air pollution and mortality are introduced. 

Thereafter, the aim of this study and the individual chapters of this dissertation are out-

lined. 

1.1. Adverse health effects of air pollution 

Air pollutants of particular interest in regard to health are carbon monoxide (CO), nitro-

gen dioxide (NO2), ozone (O3), particulate matter (PM10 with an aerodynamic diameter 

of <10µm and PM2.5  with an aerodynamic diameter of <2.5µm), and sulphur dioxide 

(SO2) (Brook et al., 2004; Brook, Brook and Rajagopalan, 2003; Mills et al., 2009; 

Newby et al., 2015). Air pollutants can be classified into primary and secondary air pol-

lutants. Primary air pollutants are those that are directly emitted to the atmosphere (e.g. 

arise from traffic fossil fuel combustion, heating and industrial processes (Brook et al., 

2010; Brook, Brook and Rajagopalan, 2003). CO, NO (nitrogen oxide), NO2, SO2  are 

such primary pollutants (Brook et al., 2010). O3, instead, is a so called “secondary pol-

lutant” (Brook et al., 2010, p. 2335) because it is produced by chemical reactions with 

directly exhausted air pollutants within the atmosphere. PM is a special case as it can 

be emitted directly into the atmosphere (primary) but also may be formed within the at-

mosphere (secondary pollutant) (ibid.). Particulate pollution, i.e. PM, usually is made up 

of a complex mixture of liquid and gaseous compounds, with greatly varying sizes, 

compositions and constitution (Brook et al., 2010; Brook, Brook and Rajagopalan, 

2003). PM2.5 refers to all particles with a diameter of less than 2.5 µm, while PM10 re-

fers to aerodynamic diameters of <10 µm. Particles with a diameter of <10µm can be 

deeply inhaled into the lungs and the terminal alveoli (Brook, Brook and Rajagopalan, 

2003; Mills et al., 2009), while particles > 10µm are likely to remain in nose and throat 

(Brook, Brook and Rajagopalan, 2003). Of these particles < 10 µm, particles <2.5 µm 

may reach terminal bronchioles and alveoli and particles <0.1 µm may even penetrate 

into the bloodstream (Yang, Li and Tang, 2020). The toxicity of PM particles depends 

on their chemical composition and surface (Mills et al., 2009). A more detailed descrip-

tion of the origin and constitution of air pollutants goes beyond the scope of this disser-

tation but may be found in the paper by Brook et al. (2010).  

Over the last 40 to 50 years there has been a growing body of evidence on potential 

adverse health effects of air pollution- especially in regard to respiratory and cardiovas-

cular diseases, and mortality. In these clinical and epidemiological studies, the focus 

particularly lies on ambient air pollutants like carbon monoxide (CO), nitrogen monox-

ide (NO), nitrogen dioxide (NO2), ozone (O3), particulate matter (PM10 with an aerody-

namic diameter of <10µm and PM2.5 with an aerodynamic diameter of <2.5µm) and 
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sulphur dioxide (SO2). A groundbreaking study by Dockery et al. (1993) found a rela-

tionship between exposure to air- pollution and hospital admissions as well as cardio-

vascular mortality. It was the so-called six cities study which analysed data over a time 

period of 14-16 years (ibid.). Ever since, there has been a wave of numerous clinical 

and epidemiological studies showing strong associations between the adverse impacts 

of air pollution on health. In general, air pollution is associated with increased morbidity 

and mortality (see e.g., Atkinson et al., 2014; Brook et al., 2010; Cesaroni et al., 2014; 

Chen, Goldberg and Villeneuve, 2008; Chen and Hoek, 2020; Lelieveld et al., 2019; 

Mann et al., 2002; Pope et al., 2002; Pope et al., 2004; Samet et al., 2000; Stieb, 

Judek and Burnett, 2002). Moreover, air pollutants are increasingly associated with car-

diovascular hospitalisation (Collart et al., 2018; Franco et al., 2020; Klompmaker et al., 

2021; Mann et al., 2002; Rodríguez, Cobo-Cuenca and Quiles, 2022; Yorifuji, Suzuki 

and Kashima, 2014), cardiovascular mortality (Lu, Kang and Wang, 2022; Mann et al., 

2002; Pope and Turner et al., 2015; Raaschou-Nielsen et al., 2012; Samet et al., 2000; 

Wong et al., 2002) and all-cause mortality (Carey et al., 2013; Katsouyanni et al., 1997; 

Pope et al., 2002; Samet et al., 2000). 

 

1.2. The pathophysiological association between air pollution and ad-

verse health outcomes 

Definite mechanisms underlying the association between air pollution, cardiovascular 

diseases and mortality have yet to be established (Mills et al., 2009). Nevertheless, a 

vast amount of epidemiological, clinical and biomedical studies has dealt with this is-

sue. Within the existing literature, a special focus was put on PM and its impact on hu-

man health.  

A central effect of air pollution on health is due to its causation of oxidative stress 

(Münzel et al., 2017; Münzel et al., 2018). Various reviews are comparable in the iden-

tified consequences of this oxidative stress: Münzel et al. (2018) found that oxidative 

stress may lead to endothelial disfunction, hypertension and subsequently promote ath-

erosclerosis (Münzel et al., 2018). Adverse effects of this are myocardial infarction, 

stroke and congestive heart failure (Münzel et al., 2017). In their review Miller and 

Newby (2020) identified manifold comparable effects of air pollution on the cardiovas-

cular system such as vascular dysfunction, higher vulnerability to ischemic damage 

and thrombosis. Brook et al. (2010) identified comparable consequences including sys-

temic inflammation, systemic oxidative stress, thrombosis, coagulation, systemic and 

pulmonary arterial blood pressure increases, imbalances in vascular function, 
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atherosclerosis, reduction of heart rate variability and promotion  of cardiac ischemia in 

vulnerable individuals. Various hypotheses of mechanisms leading to these conse-

quences exist. A large amount of literature focuses on the pathophysiological pathway 

between particulate matter and health which is why this pathway is further explained 

within this dissertation.   

The respiratory uptake of particulate matter is described to lead to a pulmonary inflam-

mation with a subsequent secretion of inflammation mediators into the blood circulation 

which thereupon enhances the risk of atherosclerosis and cardiovascular diseases 

(Brook et al., 2010; Brook, Brook and Rajagopalan, 2003). In their review of the litera-

ture Brook, Brook and Rajagopalan (2003) identified various pathophysiological path-

ways of cardiovascular diseases due to PM2.5 inhalation. Systematic inflammation 

which subsequently is associated with arrhythmias, vascular dysfunction, procoagulant 

changes in the composition of blood properties, advancement of atherosclerosis ap-

pears to be the central protagonist (ibid.). PM induced imbalances in the autonomic 

vascular tone and arrhythmias provoke adverse cardiac events (ibid.). The pathophysi-

ological pathways are reinforced and further elaborated by a review by Brook, Newby 

and Rajagopalan (2017) suggesting three mediating pathways by which PM2.5  pro-

motes cardiovascular events (see Figure 1-1). Within the first pathway, air pollution 

particles directly penetrate the lung blood barrier and reach systemic circulation (ibid.). 

The second pathway deals with translocation of the local inflammation and oxidative 

stress to the systemic circulation and which thus impacts on the cardiac tissue (ibid.). 

Lastly, inhaled PM2.5 interacts with pulmonary tissue and local cells (e.g. macro-

phages), this induces a local inflammation and oxidative stress (ibid.). According to the 

authors, this causes an imbalance of the autonomic nervous system favouring the sym-

pathetic over the parasympathetic nervous system (e.g. augmented blood pressure) 

(ibid.). Brook, Newby and Rajagopalan (2017) stated that these pathways individually 

or in cooperation can induce vascular dysfunction, modified rheology, arrythmia, and 

promotion of atherogenesis. The systematic inflammation leads to facilitation of plaque 

generation, disruption of vulnerable plaques, direct effect of pollutants  (Brook and Ra-

jagopalan, 2010). Further, in a secondary data analysis, Chuang et al. (2011) identified 

an association between long-term exposure to air pollution and a rise in IL-6, total cho-

lesterol, fasting glucose and HbA1c in the elderly population. The authors concluded a 

relationship of these increases with the genesis of atherosclerosis. 
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Figure 1-1 Biological pathways linking PM exposure with cardiovascular diseases 

Biological pathways linking PM exposure with cardiovascular diseases (modified according to 

Brook et al.; Mills et al., 2009; Newby et al., 2015 (2010)) and Brook, Newby and Rajagopalan 

(2017). Three mediating pathways: 

1. Translocation of PM or constituents into the systemic circulation 

Each of these pathways, individually or in conjunction can cause the listed consequences 

2. Mediators of inflammation invade the systemic circulation 

3. Imbalance of the autonomic nervous system, favouring the sympathetic nervous system over 

the parasympathetic nervous system  

 

1.3. The adverse impact of the socioeconomic status on health 

The socioeconomic status (SES) is specified as the combination of an individual’s eco-

nomic and social factors including education, income and occupation (American Psy-

chological Association; Baker, 2014). It is assumed to largely interfere with individuals 

exposure to air pollution (Evans and Kantrowitz, 2002; Hajat, Hsia and O'Neill, 2015; 

Miller and Newby, 2020). Evans and Kantrowitz (2002) observed an inverse associa-

tion between the SES and health outcome. Hence, it was assumed that a possible rela-

tionship between air pollution and mortality could be confounded by the SES. There-

fore, the impact of the socioeconomic status is analysed within this dissertation. For 

this aim, purchasing power on a postal code level was the closest indicator available to 

the SES and hence used as its proxy.  

2. Research question, objectives and overview 
Given the large body of evidence for the association between the patient extrinsic risk 

factor air pollution and cardiovascular mortality, the aim of this dissertation is to analyse 
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the impact of air pollution on mortality in comparison to and conjunction with the patient 

immanent risk factors.  

In particular, the aim is to explore the potential benefit in risk prediction by use of the 

extrinsic risk factor air pollution in comparison to the well-established patient immanent 

ESC SCORE 2 risk factors for a population with pre-existing cardiovascular risk factors 

in Hesse. The results of this dissertation may inform clinical practice to improve the 

scoring tools for cardiovascular mortality.  

To fulfil this aim, this dissertation aims to answer the following questions: 

1. Is there a time dependent association between the extrinsic risk factor air pollu-

tion and mortality in a cohort with cardiovascular risk? 

2. Does the additional use of the extrinsic risk factor air pollution enhance the re-

sult in comparison to only using the patient immanent risk factors of the ESC 

Score 2? 

3. Is there further improvement when the extrinsic risk factor socioeconomic status 

is included in the analysis? 

 

2.1. Overview 

After having introduced to the topic of this dissertation, this subchapter briefly guides 

through the chapters. 

The methods chapter describes how patient-level and air pollution data were collected, 

conjoined, organised and cleaned. Adjacently, dealing with missing data within this dis-

sertation is circumstantiated. Thereafter, the theoretical foundation for the statistical 

analysis methodology applied is outlined.  

Afterwards, in the results chapter, the findings of the statistical analysis are outlined. In 

the discussion, the study population, investigation period, geographic location and re-

sults in the context of the existing literature are assessed. This dissertation is closed 

with a concluding chapter.  

3. Methods 

In this chapter, the dataset that consists of patient-level hospital data and air pollution 

data from air quality monitoring stations across Hesse is introduced. Afterwards the 

data cleaning process and the statistical methods applied within this dissertation are 

described. 
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3.1. Computing software used within this dissertation 

For statistical analysis, the statistical computing software R 4.2.0 (R Core Team, 2022) 

was used. For data organisation and cleaning, the “tidyverse” package by Wickham et 

al. (2019) was utilised. For the handling of dates and times, the package “lubridate” by 

Grolemund and Wickham (2011) was applied. To convert environmental data to tem-

poral time series data, the “tsibble” package (Wang, Cook and Hyndman, 2020) was 

employed.  

3.2. Data collection 

3.2.1. Study population – Collection of patient-level data 

The present study is a post-hoc analysis based on data from the ongoing prospective 

registry study BioProspective (Ref PMID 31423815). Between 08/2010 and 12/2019, 

4836 patients with clinically an indicated invasive cardiac diagnostic procedure (coro-

nary angiography) due to a suspected chronic coronary syndrome were enrolled into 

this study cohort. Patients with or without previously known coronary artery disease 

were eligible to participate. Participation was voluntary, each patient gave written in-

formed consent prior to study enrolment. Included patients were informed about con-

tent, procedures, and aims of the database. Patients were also informed about their 

possible withdrawal of the data base at any time without negative consequences. The 

BioProspective protocol was approved by the local ethics committee as part of the car-

diovascular biobank (University Giessen, AZ 199/15). The study was conducted in ac-

cordance with the declaration of Helsinki.  

Clinical data on enrolled patients were collected and stored in a password protected 

database (REDCap) in a pseudonymised manner according to the standard operating 

procedures of the cardiovascular biobank. REDCap (Research Electronic Data Cap-

ture) is a web-based database software to facilitate data collection for research studies 

(Harris et al., 2009; Harris et al., 2019). 

Intrinsic cardiovascular risk factors were prevalent among the cohort. They were rec-

orded according to the established classification system SCORE 2 of the European So-

ciety of Cardiology (SCORE2 working group and ESC Cardiovascular risk collabora-

tion, 2021). SCORE 2 consists of 5 variables – namely sex (male/female), age (contin-

uous in years), smoking (smoking or non-smoking), systolic blood pressure (continuous 

in mmHg), non-HDL cholesterol (continuous in mg/dL) to predict the 10-year risk of fa-

tal and non-fatal cardiovascular events in individuals across Europe (ibid). These data 

were gathered upon study enrolment by health care professionals. Non-HDL- 
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cholesterol was calculated as “total cholesterol – HDL-cholesterol”. Ex-smokers were 

categorised as non-smokers. 

The primary outcome for purpose of this dissertation was overall mortality. Mortality in-

formation was received by a request to the German national mail office on the 26th 

September 2022. Data in regard to the patient registry partly was already published 

within other studies (Diouf et al., 2019; Elsner et al., 2020). 

3.2.2. Collection of environmental Data – Markers of air pollution 

For this work, Mrs. Bärbel Oehme and Dr. Florian Ditas have provided publicly availa-

ble air pollution data of the HLNUG Hessisches Landesamt für Naturschutz, Umwelt 

und Geologie (Hessian State Agency for Nature Conservation, Environment and Geol-

ogy) (HLNUG, 2024). In total, the air pollution data were collected by 40 continuous 

HLNUG air quality stations across the state Hesse (Table 3-1). Those are measuring 

stations with automated analysers. They employ physical measurement techniques to 

measure air pollutants utilised as air pollution markers within this dissertation (Table 

3-2). Among these air monitoring stations, measured values are inquired approximately 

every 5s in an automated process (HLNUG, 2022b). Half-hour averages are then trans-

mitted to measuring network centres. Additionally, meteorological variables are meas-

ured (global radiation, atmospheric pressure, temperature, precipitation, relative humid-

ity, wind direction, wind velocity) (ibid.). Daily average concentration values were in-

quired. For reasons of comparability, only data from continuously measuring air pollu-

tion stations were used in this dissertation.  
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Table 3-1 – Overview of the air pollution monitoring stations of the HLNUG in Hesse 

*Longitude and latitude were rounded to 4 decimal places 
colours according to the location of the measurement station: yellow = urban background, green = rural background, white = urban traffic area 

 

    Station ID  Station name   Station environ-

ment  

 Longitude*   Latitude*  Time restrictions 

1  DEHE001   Darmstadt  urban background  8.6646 49.8723  

2  DEHE005   Frankfurt Höchst  urban background  8.5425 50.1017  

3  DEHE008   Frankfurt Ost  urban background  8.7463 50.1253  

4  DEHE011   Hanau  urban background  8.9215 50.1357  

5  DEHE013   Kassel Mitte  urban background  9.4834 51.3143  

6  DEHE018   Raunheim  urban background  8.4515 50.0103  

7  DEHE020   Wetzlar  urban background  8.5006 50.5672  

8  DEHE022   Wiesbaden Süd  urban background  8.2449 50.0503  

9 DEHE030   Marburg  urban background  8.7693 50.8043  

10 DEHE032   Bebra  urban background  9.8003 50.9700  

11 DEHE044   Limburg  urban background  8.0610 50.3832  

12 DEHE045   Michelstadt  urban background  9.0020 49.6725  

13 DEHE134   Fulda Zentral  urban background  9.6801 50.5464  

14 DEHE135   Frankfurt Schwanheim  urban background  8.5763 50.0755  

15 DEHE150   Frankfurt Niedwald  urban background  8.5945 50.1134 24.04.2019-

10.01.2021 

16 DEHE160   Mörfelden  urban background  8.5659 49.9650  

17 DEHE161   Flörsheim  urban background  8.4287 50.0190  
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18 DEHE162   Frankfurt Lerchesberg  urban background  8.6830 50.0815  

19  DEHE024   Witzenhausen Wald  rural background  9.7746 51.2918  

20  DEHE026   Spessart  rural background  9.3994 50.1644  

21  DEHE028   Fürth Odenwald  rural background  8.8172 49.6535  

22  DEHE039   Burg Herzberg  rural background  9.4594 50.7704  

23  DEHE042   Linden  rural background  8.6844 50.5330  

24 DEHE043   Riedstadt  rural background,   8.5168 49.8251  

25 DEHE046   Bad Arolsen  rural background  8.9282 51.4309  

26 DEHE050   Zierenberg  rural background  9.2712 51.3608  

27 DEHE051   Wasserkuppe  rural background  9.9359 50.4977  

28 DEHE052   Kleiner Feldberg  rural background  8.4461 50.2219  

29 DEHE060   Kellerwald  rural background  9.0318 51.1548  

30 DEHE037   Wiesbaden Ringkirche  urban traffic area  8.2303 50.0772  

31  DEHE040  Darmstadt Hügelstraße  urban traffic area  8.6538 49.8695  

32  DEHE041   Frankfurt Friedberger Landstraße  urban traffic area  8.6919 50.1246  

33  DEHE049   Kassel Fünffensterstraße  urban traffic area  9.4911 51.3121  

34  DEHE059   Fulda Petersberger Straße  urban traffic area  9.6848 50.5500  

35  DEHE061   Gießen Westanlage  urban traffic area  8.6686 50.5841  

36  DEHE062   Marburg Universitätsstraße  urban traffic area  8.7705 50.8072  

37  DEHE063   Heppenheim Lehrstraße  urban traffic area  8.6420 49.6432  

38  DEHE112   Wiesbaden Schiersteiner Straße  urban traffic area  8.2289 50.0721  

39  DEHE116   Offenbach Untere Grenzstraße  urban traffic area  8.7848 50.1015  

40  DEHE131   Limburg Schiede  urban traffic area  8.0599 50.3864  



 

11 
 

Table 3-2 - Overview of the measured air quality parameters used within the dissertation and their meas-

urement techniques  

Air pollutant Measurement techniques (HLNUG, 2022a) 

 

Inorganic pollutants 

  

Carbon dioxide (CO2) Gas filter correlation (Gfc) 

Carbon monoxide (CO) IR absorption 

Ozone (O3) UV-absorption 

Sulphur dioxide (SO2) UV- fluorescence 

Nitrogen monoxide (NO) Chemiluminescence 

Nitrogen dioxide (NO2) Chemiluminescence 

passive collection: Adsorption of NO2  to triethanolamine, 

followed by quantitative-chemical laboratory analysis 

 

Particles 

 

Particulate Matter 2,5 (PM2,5) 

(≤ 2,5 µm) 

Hybrid process (Nephelometer and ß-absorption) 

Particulate Matter 10 (PM10) 

(≤ 10 µm) 

Hybrid process (Nephelometer and ß-absorption) 

 

 

3.2.3. Geocoding- assigning air pollution data to patients  

Mapping patients to the relevant air monitoring stations on postal code level was 

achieved through retrieving spatial data from the function “GetData” of the “raster” 

package by Hijmans (2023), Bundesamt für Kartographie und Geodäsie (2019) and 

OpenStreetMap contributors (2019). The package “sf” by Pebesma (2018) was utilised 

to prepare the data for mapping. Eventually, data were mapped with the “ggplot2” 

package by Wickham (2016). In order to work with the spatial data, it was ensured that 

all different sources of data use the same coordinate reference system (CRS). A CRS 

can be specified by an EPSG projection. The HLNUG uses the coordinates of the 

World Geodetic System 1984 (WGS 84). Thus, the EPSG (European Petroleum Sur-

vey Group Geodesy) projection 4326 was used which can be seen as its EPSG identi-

fier within the analysis of this dissertation. 
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Via geocoding air pollution data of the HLNUG measurement stations were assigned to 

the patients. For this geocoding process, the “sf” Package in R developed by Pebesma 

(2018) was used. Stations were assigned to individuals’ residing areas (postal code 

level) according to distance and availability of air quality data. For each air pollutant,  

the closest station within a radius of 35 km that covered at least 90% of air pollution 

data for the last 1094 days (3 years) prior to study enrolment and the day of study en-

rolment was assigned, respectively.   

3.2.4. Calculation of the ESC SCORE 2 

The ESC SCORE 2 was calculated according to the R package "estimateCVRisk"  by 

Grün (2023) that calculates the SCORE 2 according to the SCORE2 working group 

and ESC Cardiovascular risk collaboration (2021). The variables used for the calcula-

tion process are non-HDL-cholesterol, sex, age, systolic blood pressure, and smoking.  

3.2.5. Collection of socioeconomic status data 

Sociodemographic data such as the purchasing power were acquired from the com-

mercial provider Digital Data Services (DDS) GmbH. To ensure data privacy this data 

were acquired only on the level of postal code regions. This concept was approved as 

post-hoc analysis of the data from the BioProspective cohort of the local ethics commit-

tee (Giessen University, AZ 147/11). Purchasing power was also mapped on a postal 

code level.   

3.3. Dealing with missing values  

Within the dataset there were missing data among patient and air pollution data. Thus, 

this section deals with the handling of missing data within this dissertation. Not dealing 

with missing data can cause sacrifice of statistical power (Graham, 2009).  Different 

types of missing data exist. According to  Rubin (1976) and Little and Rubin (2020) pro-

cesses causing missing data may be classified as missing completely at random 

(MCAR), missing at random (MAR), or missing not at random (MNAR).  

3.3.1. Dealing with missing patient- level data 

3.3.1.1. ESC SCORE 2 variables 

The variables within the patient data set needed to calculate the ESC SCORE 2 (non-

HDL cholesterol (total cholesterol – HDL-cholesterol), sex, age, systolic blood pres-

sure, smoking) contained missing values. It was assumed that the missing patterns 

were at least MAR or even MCAR. For a better understanding of the missingness pat-

terns, analyses of missingness patterns with the R packages “naniar” (Tierney and 

Cook, 2023), “mice“ (van Buuren and Groothuis-Oudshoorn, 2011), and “finalfit” 
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(Harrison, Drake and Ots, 2023) were conducted. Pair plots were created to observe 

connections between missing and observed values with the function “missing_pairs”.  

To impute the missing values of the ESC SCORE 2 variables, the R package mice (van 

Buuren and Groothuis-Oudshoorn, 2011) was used. 1 was set for the number of impu-

tations. Predictive mean matching was set as the method for the imputation of the con-

tinuous variables (cholesterol, age, systolic blood pressure) and logistic regression im-

putation for binary variables (sex, smoking).  

3.3.1.2. Mortality  

The 224 Patients without mortality data were excluded from the analysis (complete 

case analysis). Complete case analysis may lead to possible bias (Jamshidian and 

Mata, 2007). Nevertheless, this decision was made for economic reasons and the high 

probability for the presence of MCAR missing structure given the marginal share of 

missing values (4.6%) for this variable. The same procedure was conducted for the 

same reasons for the 2 patients without residing area information.  

3.3.2. Dealing with missing air- pollution data 

The air quality data set also had missing values. The missingness of air pollution data 

is generally not caused by the missing value itself (Junninen et al., 2004) but may be 

explainable by maintenance reasons or measurement issues (Gómez-Carracedo et al., 

2014; Plaia and BONDI, 2006) that also are likely to have occurred with the air pollution 

data used within this study. Like Hildebrandt et al. (2009), MCAR conditions were as-

sumed for the air pollution data as their missingness is unlikely to depend on health/ 

patient variables. Before assigning the air pollution data to the patients, air pollution 

variables were imputed with the R package “mtsdi” for multivariate time series imputa-

tion of air pollution (Junger and Leon, 2018). This package uses an expectation maxi-

misation (EM) algorithm based imputation method for multivariate normal time series 

(ibid.). An EM algorithm appears a good fit to estimate missing data close to the actual 

value (Dong and Peng, 2013; Musil et al., 2002). In EM, an iterative algorithm gener-

ates maximum likelihood estimates (Graham, 2009; Musil et al., 2002). In their pack-

age, Junger and Ponce de Leon (2015) describe a four-step iterative algorithm includ-

ing the estimation and re-estimation of missing values that is conducted up to the 

achievement of a convergence criterion. The package has frequently been applied to 

studies on air quality and health (e.g. Motesaddi Zarandi et al., 2022; Nguyen, Malig 

and Basu, 2021; Thongphunchung et al., 2022).  

Within this dissertation, imputation was separately conducted for each air quality moni-

toring station. Given that the authors of the “mtsdi” package declare that an estimates’ 
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validity decreases when missingness exceeds 10% (Junger and Ponce de Leon, 

2015), imputation was conducted when at least 90% of an air pollution variable at an 

air pollution monitoring station were available (i.e. e.g. SO2, NO,…). Otherwise, values 

were not imputed. Some of the imputations yielded negative and therefore implausible 

values. Given the few occurrences of this happening, it was decided to keep imputed 

values as they were. Moreover, a restriction of the range of imputed values to prevent 

the imputation of implausible values leads to potential bias (Hippel, 2013; Horton, 

Lipsitz and Parzen, 2003; Rodwell et al., 2014). 

3.4. Statistical analysis 

The previously described stages of data manipulation created a dataset that contained 

mortality information for each patient, as well as the ESC SCORE 2 and air pollution in-

formation for 1094 days (3 years) prior to study enrolment and the day of study enrol-

ment. 

The following section describes the process of statistical analyses. This includes Re-

ceiver-operator characteristic analysis and logistic regression analysis. 

3.4.1. Analysis of time-dependent association between air pollution and 

mortality…………. 

This subsection describes the method applied to analyse the time-dependent associa-

tion between mortality and air pollution markers – Receiver-operating characteristic 

(ROC).  

It was decided to analyse the time-dependent association of mortality with air pollution 

markers for the respective last three years (i.e. 1094 days) before enrolment to the 

study and the day of study enrolment for each individual. To this end the means of 

each air pollution marker from any of the 1094 days prior to and the day of study enrol-

ment were calculated to represent the average air pollution over a specific time period. 

In this mean calculation missing values were excluded. The following example will illus-

trate this:  

The average air pollution for one patient for the time period starting 2 days prior to 

study enrolment was calculated in the following manner: 

 

mean ([air pollutant 2 days prior to enrolment],[air pollutant 1 days prior to enrolment], 

[air pollutant day of enrolment])  

If a day had a missing value, no mean was calculated but the missing value was pre-

served. This was done to prevent that longer time periods with missing values of air 
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pollutants would have the same mean value. Each of these mean values for a certain 

time period within the 1095 days prior to study enrolment were used to calculate a 

ROC curve. From here on, the statistical basics of ROC analysis are described.  

Receiver-operating characteristic (ROC) analysis is a well-known tool to analyse a di-

agnostic test’s precision (see e.g., Hajian-Tilaki, 2013; Metz, 1978; Zou, O'Malley and 

Mauri, 2007; Zweig and Campbell, 1993). Diagnostic tests often produce continuous 

results (Hoo, Candlish and Teare, 2017). The aim of ROC analysis in this dissertation 

is to identify a threshold of the mean air pollution exposure over a certain time period to 

distinguish “dead” or “not dead” – or in other words “the selection of a threshold to dis-

tinguish a ‘positive’ test from a ‘negative’ test” (Hoo, Candlish and Teare, 2017, p. 357). 

To produce a ROC curve, contingency tables produced for different thresholds along 

the continuous line of test results are of great help. A contingency table (e.g., see Fig-

ure 3-1 – Contingency table of a diagnostic test) visually summarises the four possible 

outcomes of a diagnostic test (true positive, false positive, false negative, and true neg-

ative) at a certain threshold/ cut-off.  

From this contingency table, frequently used performance metrics like the true positive 

rate (TPR or sensitivity) and the false positive rate (FPR or 1- Specificity) can be calcu-

lated. For each threshold (different classifiers) of air pollution the contingency table the 

True Positive Rate (TPR) and False Positive Rate (FPR) can be calculated.  

 

 
actual results 

dead not dead 

p
re

d
ic

te
d

 

dead True positive (TP) False positive (FP) 

not 

dead 

False negative (FN) True negative (TN) 

 
True positive rate (TPR) = Sen-

sitivity = (TP/(TP+FN) 

False positive rate (FPR) = 1-

Specificity = FP/(FP/TN) 

Figure 3-1 – Contingency table of a diagnostic test 
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The results can be graphically displayed by plotting the FPR (x- axis) against the TPR 

(y-axis). This graph (i.e. the ROC Curve) is a visual means to summarise contingency 

tables for different classifiers. Basic parts of the graph are described to locate the 

reader within the ROC space. Several points on the ROC space are of importance to 

better understand the performance of diagnostic classifiers (see Figure 3-2). The blue 

diagonal line (x = y) displays the ROC curve of a random classifier while the red curve 

represents the gold standard. Generally, classifiers to the left of the blue diagonal line 

are good classifiers and classifiers to the right of the blue diagonal line are bad classi-

fier (because they are worse than a random classifier). The accuracy of a classifier in-

creases the closer it gets to (0,1) (high TPR, low FPR) (see e.g., Altman and Bland, 

1994). Thus, the diagnostic performance of the green ROC curve is better than that of 

the orange curve. The area under the curve (AUC) can be defined as a one-dimen-

sional summary of a ROC curve and thus a one-dimensional summary of the tests’ dis-

crimination ability or its diagnostic performance (see e.g. Fawcett, 2006; Hajian-Tilaki, 

2013; Hoo, Candlish and Teare, 2017; Zou, O'Malley and Mauri, 2007). The AUC of 

the blue diagonal line (random classifier) is 0.5, while the AUC of the red curve (gold 

standard/ perfect classifier) is 1.  

 

 

Figure 3-2- performance of different ROC curves 

TPR (True positive rate), FPR (False positive rate) 
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After having introduced the basic concepts of ROC curve analysis, the following section 

explains how ROC curve analysis was applied within this dissertation.  

The mean exposure values for 1095 time periods (3 years) was used to calculate ROC 

curves of mortality prediction. To compare the precision of these 1095 ROC curves, 

AUC values of each curve as a one-dimensional summary for a certain time period 

were used. Afterwards, AUC values (y- axis) against the time prior to study enrolment 

were plotted. This approach is subsequently explained in further detail. 

Figure 3-3 visualises this proceeding: the centre of the x- axis (marked by the icon of a 

blue hospital) represents the day of study enrolment. The aim was to predict mortality 

which was queried in September 2022 and therefore lay in the future from the perspec-

tive of study enrolment. To this end, the mean exposure to an air pollutant from a cer-

tain day until study enrolment was analysed. Hence, the red backward arrow repre-

sents the time investigated for the analysis of air pollution exposure. From the perspec-

tive of study enrolment this time lay in the past. The ROC graphs resemble the 1095 

ROC graphs created, while the red curve above illustrates the 1095 AUC values as a 

means of summaries of those 1095 ROC graphs. By doing this, the maximum AUC 

value and therefore the maximum time-dependent association between mean exposure 

to an air pollutant and mortality could be identified. A ROC graph for the association 

between  ESC SCORE 2 on the day of study enrolment and mortality was also created. 

To perform the analysis in R, the “pROC” package by Robin et al. (2011) was used.  
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Figure 3-3- ROC curves and curve of AUC values over time 

The graph is organised into three parts. From the bottom to the top the first part displays the chronological 

orientation of the study. The centre of the x- axis (blue hospital) marks the day of study enrolment/hospital 

admission. The forward arrow points towards the future. In September 2022 mortality was queried. The 

backward arrow (red) points three years towards the past. This red arrow represents the time investigated 

for the analysis of air pollution exposure. From the perspective of study enrolment this time lay in the past. 

The ROC graphs above the x-axis resemble 1095 ROC graphs of the association between the respective 

exposure to mean air pollution concentrations for different time periods until study enrolment and mortality. 

The upper graph illustrates the 1095 AUC values as a means of summaries of those 1095 ROC graphs. 

 

3.4.2. The role of air pollution exposure compared to patient immanent risk 

factors in predicting mortality  

To analyse the benefit of considering the mean air pollution exposure in mortality pre-

diction in comparison with only using patient-immanent risk factors like the variables of 

the ESC SCORE 2, logistic regression was used. For this aim, logistic regressions 

models including the mean air pollution exposure for their maximum time-dependent 

association were created. Comparable to the previous subsection, logistic regression is 

first described theoretically and according to its use within this dissertation. 

In logistic regression modelling, there is a sample of n independent observations in the 

form (xi, yi), i = 1, 2, 3, …, n. yi is a binary response e.g. 0 or 1 or death or alive (see 
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e.g., Hosmer, Lemeshow and Sturdivant, 2013; Nwanganga and Chapple, 2020) and x 

is the value of the variable for the ith patient. The logistic regression function is used to 

predict the probability p of the binary response Y (e.g. 0 or 1 or death or alive). 

Multivariate versions of logistic regressions exist where a binary outcome variable is 

modelled as a function of n explanatory variables. To fit this regression, a sigmoid lo-

gistic curve with the following function is used (see e.g., Hosmer, Lemeshow and Stur-

divant, 2013; Nwanganga and Chapple, 2020; Rossi, 2022).  

 

Equation 3-1 Logistic regression model 

𝑝 =  𝑃(𝑌| 𝑋1, X 2, … , 𝑋𝑛 ) =
𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+𝑏3𝑋3+⋯+𝑏𝑛𝑋𝑛

1 + 𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+𝑏3𝑋3+⋯+𝑏𝑛𝑋𝑛
 

Y  

 

Binary response variable 

Y = 1 Occurrence of an event (e.g. dead) 

Y = 0 Non-occurrence of an event 

p Probability/ Proportion that p = P(Y=1) 

X1, X2 , …, Xn Set of explanatory variables 

b1, b2, …, bn Coefficients/slopes of the logistic regression, b0 is the intercept 

 

To fit a logistic regression model (Equation 3-1) to a dataset, the values of  b = b0, b1, 

b2 ,⋯,bn need to be estimated which is done by applying the maximum likelihood 

method (see e.g., Hilbe, 2015; Hosmer, Lemeshow and Sturdivant, 2013; James et al., 

2021; Rossi, 2022). For reasons of mathematical applicability the logarithm of the likeli-

hood function is used to fulfil this task  (see e.g., Hosmer, Lemeshow and Sturdivant, 

2013) 

The residual deviance compares the log-likelihood of the perfect (saturated) model 

where the fitted values are equal to the observed values with the log-likelihood of the 

fitted model (see e.g., García-Portugués, 2023; Hilbe, 2015). The null deviance com-

pares the log-likelihood of the saturated model with the log- likelihood of the null model 

which only uses the intercept (see e.g., Nwanganga and Chapple, 2020). The greater 

the difference between the null and residual deviance, the better a models’ perfor-

mance (ibid.). The log-likelihood of a saturated model in logistic regression equals 0. 
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3.4.2.1. Interpretation of the results of logistic regression analysis with the Odds Ra-

tio 

For the interpretation of the coefficients of logistic regression, the odds ratio (OR) is 

used. The OR is utilised to identify the influence of an explanatory variable on the out-

come. The odds ratio is defined as the ratio of two odds. An odds is defined as the ratio 

of the probability of an occurrence of an event (p) divided by the probability of its non- 

occurrence (1-p) (see e.g., Nick and Campbell, 2007; Nwanganga and Chapple, 2020). 

Equation 3-2- Odds 

𝑜𝑑𝑑𝑠(𝑌 = 1| 𝑋1, X 2, … , Xn ) =  
𝑃(𝑜𝑐𝑐𝑢𝑟𝑟𝑖𝑛𝑔)

𝑃(𝑛𝑜𝑡 𝑜𝑐𝑐𝑢𝑟𝑟𝑖𝑛𝑔)
=

𝑝

1 − 𝑝

=

𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+𝑏3𝑋3+⋯+𝑏𝑛𝑋𝑛

1 + 𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+𝑏3𝑋3+⋯+𝑏𝑛𝑋𝑛

1 −  
𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+𝑏3𝑋3+⋯+𝑏𝑛𝑋𝑛

1 + 𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+𝑏3𝑋3+⋯+𝑏𝑛𝑋𝑛

=  

𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+𝑏3𝑋3+⋯+𝑏𝑛𝑋𝑛

1 + 𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+𝑏3𝑋3+⋯+𝑏𝑛𝑋𝑛

1
1 + 𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+𝑏3𝑋3+⋯+𝑏𝑛𝑋𝑛

=  𝑒𝑏0+𝑏1𝑋1+𝑏2𝑋2+𝑏3𝑋3+⋯+𝑏𝑛𝑋𝑛 

 

3.4.2.2. Logistic regression within this dissertation 

In the following section, describes the use of logistic regression analysis to estimate the 

possible benefit of adding air pollution to a model predicting mortality. Earlier, it was de-

scribed how the time period of mean air pollution exposure that yielded a maximum 

AUC was identified. For the fitting the multiple logistic regression model, the mean air 

pollution of this time period which yielded the maximum AUC was added to the core 

data frame of ESC SCORE 2 variables.  

Even after the earlier described EM imputation of air pollution data, there was consider-

able missingness among the variables of mean air pollution exposure for the time pe-

riod with the maximum AUC which was used for the logistic regression analysis. As in-

troduced earlier, like Hildebrandt et al. (2009), it was assumed that the missingness of 

air pollution data was completely at random because it is unlikely that the missingness 

depends on the patient variables. Thus, for the process of logistic regression, a com-

plete case analysis (listwise deletion) was performed. While complete case analysis 

may lead to substantial loss of data it is very convenient in its application and does not 

result in bias for data that are MCAR (see e.g., Bartlett, Harel and Carpenter, 2015; 

Pepinsky, 2018; Ross, Breskin and Westreich, 2020; van Buuren, 2018).         

After evaluating the data frame structure, the function “glm” from R (R Core Team, 

2022) was used to fit a logistic model. The “glm()” function is a function in the R base 
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stats for generalised models. Numeric variables were z transformed to establish com-

parability between different scales and value ranges.  

To assess the goodness-of-fit of the model, the Hosmer-Lemeshow Test with the func-

tion “performance_hosmer” of the “performance” package by Lüdecke et al. (2021) 

which builds on Hosmer and Lemeshow (2000) was used. A p-value greater than 0.05 

indicates that there is no significant evidence that the model is poorly fit (see e.g., 

Hilbe, 2015; Rossi, 2022).  

With the aim of identifying the surplus information possibly gained from adding air pol-

lution markers and the socioeconomic status to the variables of the ESC SCORE 2, the 

likelihood ratio test (LRT, Equation 3-3) (Hilbe, 2015) was used. It compares the devi-

ances of two models (see e.g., Chatterjee and Simonoff, 2013). For this aim, the “lrtest” 

function of the r package “lmtest” (Zeileis and Hothorn, 2002) was used. By using the 

likelihood ratio test, a model containing the ESC SCORE 2 variables (model 1) was 

compared with a model containing the ESC SCORE 2 variables and an air pollution 

marker (model 2). Afterwards model 2 was compared with a model containing the ESC 

variables, an air pollution marker and the purchasing power (model 3). This was done 

in single air pollution marker models for each air pollution marker respectively.  

Equation 3-3- Likelihood ratio test 

𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑟𝑎𝑡𝑖𝑜 𝑡𝑒𝑠𝑡 =  −2{ℒ𝑟𝑒𝑑𝑢𝑐𝑒𝑑 − ℒ𝑓𝑢𝑙𝑙ℒ} 

𝓛𝒓𝒆𝒅𝒖𝒄𝒆𝒅 Log-likelihood reduced model 

𝓛𝒇𝒖𝒍𝒍𝓛 Log-likelihood full model 

 

To meaningfully interpret the coefficients of the regression model, coefficients of the re-

gression model were exponentiated to extract their ORs.  

The hypotheses underlying these steps were: 

H0 : Model 1 and  model 2 fit the data equally well. There is no difference between the 

residual deviance in the full and the reduced model. 

H1:  Model 2 surpasses model 1 in terms of fitting the data significantly. 
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Model 1 

 

(SCORE2 working group and ESC Cardiovascular risk collaboration, 2021, p. 2444) 

Mortality ~ variables of the ESC Score 2 

Model 2 

 +  

Mortality ~  variables of the ESC Score 2 + mean air pollution exposure (time period 

with maximum AUC) 

Model 3 (full model) 

  + +  

Mortality ~  variables of the ESC Score 2 + mean air pollution exposure (time period 

with maximum AUC) + purchasing power 

Figure 3-4: Logistic regression models 

 

Within this dissertation, further packages were used in the analysis process: gridExtra 

(Auguie, 2017), units (Pebesma, Mailund and Hiebert, 2016), stringr (Wickham, 2022), 

hmisc (Harrell, 2022), and corrplot (Wei and Simko, 2021). 

 

ESC SCORE 2 

variables 

ESC SCORE 2 

variables 

ESC SCORE 2 

variables 
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3.5. Flowchart of patients and processes 

Figure 3-5 – Flowchart of patients and processes gives an overview of patients and 

processes. The whole cohort consisted of 4836 patients. 224 patients were without 

mortality data, and for 2 patients there was no information about the residing area. The 

removal of these patients resulted in a cohort of 4610 patients. According to the pro-

cesses described earlier, air pollution and SES data were added. ROC and AUC anal-

yses were conducted and the time period for resulting in a maximum AUC was identi-

fied. Multivariate logistic regression was conducted only for those patients with an 

available mean air pollution concentration for this time period (complete case analysis). 

This resulted in different sizes of analysis groups for logistic regression among different 

air pollution markers.   

 

Figure 3-5 – Flowchart of patients and processes 

After having introduced the methods, the results are presented  in the next chapter.  

4. Results 

4.1. Descriptive Analysis of the data set  

4.1.1. Descriptive analysis of patient-level data  

For an overview see Table 4-1- Baseline characteristics 

The cohort consisted of 4610 individuals that were scheduled for coronary angiography 

within 2010 and 2019. 32% patients were female and 68% male. The median age of 

the cohort was 69.0 years [Confidence Interval (CI): 59.8 - 75.6 years]. A total of 1122 

(24.3%) of the patients were dead when mortality information was inquired in 
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September 2022. The median follow-up time amounted to approximately 10 years 

(3603 days [IQR (Interquartile Range): 3267 days – 4051 days]. On the day of study in-

clusion, arterial hypertension was detected in 85%. 81% suffered from dyslipidaemia, 

28% were diagnosed with diabetes mellitus, 19% were currently smoking, 35% were 

obese, and 35% had a family history of cardiovascular diseases. More than half of the 

cohort was previously diagnosed with coronary artery disease, 35% had undergone a 

previous percutaneous coronary intervention, 13% had undergone coronary artery by-

pass surgery, and 20% had a history of myocardial infarction. The ESC SCORE 2 

which was calculated with the imputed variables yielded a median of 15 [IQR: 12-20]. 
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Table 4-1- Baseline characteristics of the study cohort 

This table provides an overview of the baseline characteristics of the study cohort.  

Definition of abbreviations: BMI = body mass index, CAD = coronary artery disease, PCI = percutaneous coronary intervention, CABG = coronary artery 
bypass grafting 
Data are presented as count (percentage) or median [interquartile range] 

 

 
 Type and Unit  Data availa-

bility 

All female male p-value 

Gender n (%) 
 

n = 4610 (100) n = 1473(32.0) n = 3137(68.1) 
 

Age median (IQR), 

[years] 

4610 / 4610 69.03 [59.8-75.6] 70.15 [60.8-76.1] 68.41 [59.4-75.3] 0.001 

Cardiovascular risk fac-

tors 

            

Arterial Hypertension n (%) 4592 / 4610 3882 (84.5) 1217 (83.0) 2665 (85.3) 0.05 

Dyslipidaemia n (%) 4586 / 4610 3730 (81.3) 1220 (83.3) 2510 (80.4) 0.02 

Diabetes Mellitus n (%) 4596 / 4610 1273 (27.7) 378 (25.7) 895 (28.6) 0.04 

Smoking n (%) 4309 / 4610 839 (19.5) 229 (16.7) 610 (20.8) 0.001 

Family History n (%) 4070 / 4610 1412 (34.7) 514 (39.4) 898 (32.5) <0.001 

Obesity (BMI>30) n (%) 4588 / 4610 1639 (35.7) 549 (37.5) 1090 (34.9) 0.1 

History  

Known CAD n (%) 4604 / 4610 2369 (51.5) 545 (37.0) 1824 (58.2) <0.001 

Known PCI n (%) 4600 / 4610 1591 (34.6) 352 (24.0) 1239 (39.6) <0.001 

Known CABG n (%) 4600 / 4610 560 (12.2) 98 (6.7) 462 (14.8) <0.001 
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History of myocardial in-

farction 

n (%) 4595 / 4610 926 (20.2) 196 (13.3) 730 (23.4) <0.001 

ESC Score 2 (2021)*1 median (IQR), [n] 4610 / 4610 15 (12-20) 13 (9-17) 17 (13-21) <0.001 

 

 

 

 
1 ESC SCORE 2 calculated from imputed variables  
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4.2. Descriptive analysis of the geocoding process and the assignation 

of air pollution data with individual patients 

 

The level of greenness indicates the number of patients living in a post code area. Most 

patients are located within central Hesse. Areas where most patients are located are 

only sparsely covered with air monitoring sites (Figure 4-1). The level of blueness indi-

cates the amount of purchasing power for a post code. For the purchasing power there 

appears to be little variation for the areas where most patients are located (Figure 4-1). 

While the metropolitan area around Frankfurt accounts a higher density of air monitor-

ing sites and higher purchasing power. 

 

Figure 4-1- Location of HLNUG stations, patients and gradient of purchasing power 

The map on the left side represents the location of patients according to their postal code. The structures 
surrounded in light grey are the postal code areas which are coloured in green gradients according to the 
number of patients that live there. Thus, the dark green areas in the centre are those areas where most of 
the patients from the cohort are located. The black dots are the locations of the air monitoring sites while 
the black circles represent the 35 km circumferences surrounding an air pollution monitoring station. The 
map on the right side displays the socioeconomic status (SES, €) of the postal code areas in form of the 
purchasing power.  
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4.3. Missing data analysis and imputation 

4.3.1. Missing patient-level data 

4.3.1.1. Missing data among the ESC SCORE 2 variables 

 

Figure 4-2 shows the missing values among the variables needed to calculate the ESC 

SCORE 2. The variables contained the following missing percentages: smoking (6.5%), 

total cholesterol (5.5%), HDL-cholesterol (24,6%), systolic blood pressure (4.2%), and 

sex and age (each below 0.1%). In total, 3.3% of the variables needed to calculate the 

ESC SCORE 2 were missing. Figure 4-3 illustrates the combinations of missingness. 

 

Figure 4-2 – Plot of missing data for the ESC SCORE 2 variables 

The columns show the ESC SCORE 2 variables and the rows are the observations of the patients for 

those variables. There is no row order but one row entails the variables for one patient. Missing values are 

illustrated in black, available values in grey. The percentage of missing values for each variable is provided 

in brackets. 

cholesterol = total cholesterol, HDL = HDL cholesterol 
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Figure 4-3 plot of patterns of missing data among the ESC SCORE 2 variables 

The rows and the columns of this graph are ordered according to the number of missing values. The col-

umns are the variables, to the left are the numbers of missing values in total, to the right the number of 

missing values in the combination of a certain row (e.g. row 4:  there are 8 patients where the values for 

the variables HDL  and smoking are missing (2 variables)) and the bottom line disaggregates the number 

of missing values within each variable (e.g. the age is missing for 4 patients). (cholesterol = total choles-

terol, HDL = HDL cholesterol) 

 

Given the absence for plausible reasons of the missingness pattern to be not coinci-

dental among these variables, it was assumed that the missing patterns were at least 

MAR or even MCAR.  

Missing values were imputed. After the imputation process, sensitivity analysis was 

conducted to compare imputed and not imputed values. Table 4-2 illustrates the im-

puted dataset of the ESC SCORE variables in comparison to the original dataset. From 

this analysis, it could be concluded that the imputed values appear plausible.  
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Table 4-2 Comparison of original and imputed ESC SCORE 2 variables 

This table provides an overview of the original ESC SCORE 2 variables in comparison to the 

imputed variables. The variables total cholesterol and HDL cholesterol were imputed and sub-

tracted afterwards to build the variable Non-HDL cholesterol.   

ESC SCORE 2 variables original imputed 

Total Cholesterol in mg/dL (me-

dian [IQR]) 

185.0  [157.0 – 219.0] 186.0 [157.0 – 220.0] 

HDL cholesterol in mg/dL (me-

dian [IQR]) 

50.0 [41.0 – 61.0] 49.0 [40.0 - 60.0] 

Sex (male) 3288 

1 NA 

3288 

Age in years 4(median[IQR]) 69.0 [59.7 – 75.5] 69.0 [59.7 – 75.5] 

Systolic blood pressure in 

mmHg (median[IQR]) 

135 [120 - 150] 135 [120-150] 

Smoking (smoker) 896 

313 NA 

934 

 

 

4.3.1.2. Missing mortality data 

Figure 4-4 demonstrates the percentage of missing values among the variable mortal-

ity. As already mentioned in the methods chapter, missingness of the MCAR type was 

assumed due to the marginal share of missing values (4.6%) for this variable. Hence, it 

was decided to rely on complete case analysis for the mortality variable. 
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Figure 4-4 – Missing data for the variable mortality 

Missing values are illustrated in black, available values in grey. The percentage of missing values for a 

variable is provided in brackets. 

 

 

4.3.2. Missing air pollution data 

4.3.2.1. Missing air pollution data 

Figure 4-5 shows the availability of  data  for the different  air pollution markers broken 

down according to the stations of the HLNUG for the time period between the 1st of 

January 2000 until the 31st of December 2019. In descending order the air pollution 

marker variables contained the following missing percentages: PM2.5 (89%), CO 

(68.7%), SO2 (64%), O3 (46%), PM10 (36%), NO (27%), NO2 (27%).    
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33 
 

 

Figure 4-5 missing plots according to air pollutants 

Each graph shows the pattern of missing data for one air pollution marker. The columns represent the stations. The missingness of the respective air pollution marker is given in brackets. The rows are days from the 1st 

January 2000 (row 1) until the 31st December 2019 (row 7305). Missing values are coloured in black, while available values for air pollutants are coloured in grey. Definition of abbreviations: CO = carbon monoxide, NO = 

nitrogen oxide, NO2 = nitrogen dioxide, O3 = ozone, PM10 = particulate matter with a diameter < 10 µm, PM2.5 = particulate matter with a diameter < 2.5 µm, SO2 = sulphur dioxide 
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4.3.2.2. Imputation of air pollution data 

Figure 4-6 shows the graph of the multivariate imputed dataset for CO of the station 

DEHE001 as an example of the imputation for the air pollution variables. While some 

values are imputed below 0, the majority of the red dots appear adequate within the 

blue trends and thus seem plausible. For this example no values were imputed below 

0. Air pollution markers with more than 10% missing within the set time period were not 

imputed.    

 

Figure 4-6- CO imputed values station DEHE001 

The x-axis depicts the time (01/01/2000 – 31/12/2019) and the y-axis depicts the concentration of CO (car-

bon monoxide). Known values are shown in blue, imputed values for missing values are shown in red. 

 

4.4. Variation of exposure time periods with the highest prognostic abil-

ity for respective air pollution markers 
Figure 4-7 shows the ROC curve for the association between ESC SCORE 2 and mor-

tality. The AUC of the ESC SCORE 2 on the day of study enrolment is 0.57. This value 

represents the measure of the discriminatory ability in its prediction of mortality of the 

ESC SCORE 2. This AUC was the reference for the comparison with the discriminatory 

ability of the different air pollution markers.  
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Figure 4-7 - ROC curve for the ESC SCORE 2 on the day of study enrolment 

This ROC graph plots the false positive rate (1-specificity) on the x-axis against the true positive rate (sen-

sitivity) on the y-axis for different thresholds of the ESC SCORE 2 in its prediction of mortality. AUC = area 

under the curve 

 

As explained in the methods section, other than the ROC curve for the ESC SCORE 2 

which was calculated for the day of study enrolment, air pollution exposure and its dis-

criminatory ability was measured over time periods within three years. Time periods 

correspond to mean exposures for all days until study enrolment within 3 years, i.e. -

1094 days until study enrolment, and thus 1095 time periods. Figure 4-9 illustrates an 

overview for the AUCs for different air pollution markers for 1095 time periods. Figure 

4-9 provides information that for the exposure to PM2.5 and to SO2 the AUC for a certain 

time period surpasses the AUC of the ESC SCORE 2 for the day of study enrolment. 

Thus, the graphs for the exposure to PM2.5 and SO2 are described in more detail below. 

Plot statistics for the graphs can be found in Table 4-3. 

Table 4-3 Overview AUC plot statistics 

This table provides an overview of the time periods of air pollution exposure yielding the maxi-
mum AUC. The maximum AUC is provided with a 95% CI. The last column contains the mean 
exposure of the respective air pollution markers for the time period yielding in the maximum 
AUC value.  
Definition of abbreviations: CO = carbon monoxide, NO = nitrogen oxide, NO2 = nitrogen diox-
ide, O3 = ozone, PM10 = particulate matter with a diameter < 10 µm, PM2.5 = particulate matter 
with a diameter < 2.5 µm, SO2 = sulphur dioxide, AUC = area under the curve, CI = confidence 
interval, sd = standard deviation 
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Air pol-

lution 

marker 

Time period for AUC 

max till study enrolment 

Maximum AUC 

(95% CI) 

Mean air pollution 

exposure (sd) [μg/ 

m3] 

CO  3 days  0.52 (0.5, 0.54) 0.40 (0.17) 

NO  1077 days  0.54 (0.52, 0.56) 28.98 (17.14) 

NO2  1014 days  0.55 (0.53, 0.57) 33.62 (12.72) 

O3  348 days  0.52 (0.50, 0.54) 45.82 (12.84) 

PM10  232 days  0.52 (0.50, 0.54) 20.42 (4.50) 

PM2.5  402 days  0.59 (0.56, 0.61) 17.37 (1.89) 

SO2 1058 days  0.59 (0.57, 0.60) 1.78 (0.63) 

 

 

 

 

Figure 4-8 Overview of ROC curves for air pollution markers for the time periods yielding in the highest 
AUC values, respectively 

Overview of ROC graphs for air pollution markers for the time periods yielding in the highest AUC values, 

respectively. The ROC graphs plots the false positive rate (1-specificity) on the x-axis against the true pos-

itive rate (sensitivity) on the y-axis for different thresholds of the mean exposure to an air pollution marker 

for the time period of the maximum AUC value  in its prediction of mortality.  

Definition of abbreviations: CO_i = carbon monoxide, NO_i = nitrogen oxide, NO2_i = nitrogen dioxide, 

O3_i = ozone, PM10_i = particulate matter with a diameter < 10 µm, PM2.5_i = particulate matter with a 

diameter < 2.5 µm, SO2_i = sulphur dioxide (the “_i” indicates the use of the air pollution data after imputa-

tion), AUC = area under the curve 
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Figure 4-9- overview of ROC analysis Results 
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Figure 4-10 shows AUC for 1095 time periods prior to study enrolment for the discrimi-

natory ability of the mean exposure to PM2.5 in its prediction of mortality. The red curve 

has a variance of 0.00038 and a standard deviation of 0.01959. Read from the right to 

the left: AUC values, and thus the discriminatory ability of PM2.5, increase until its maxi-

mum for the time period of 402 days until study enrolment (AUC = 0.59). This maxi-

mum is marked with the green horizontal line and the black vertical line. The maximum 

AUC for exposure to PM2.5 for the time period of 402 days (AUC = 0.59) surpasses the 

AUC of the ESC SCORE 2 upon study enrolment (AUC = 0.57). Thus, the maximum 

discriminatory ability of exposure to PM2.5 lies in the time period of approximately 1 

year. This maximum predictive time period of 402 days was used as the basis of further 

analysis.  

 

 

Figure 4-10- AUC curve of PM2.5 

The 0 to the right of the x-axis represents the day of study enrolment. The blue horizontal line shows the 

AUC for the ESC SCORE 2 on the day of study enrolment. The red curve illustrates the AUCs for the 

mean exposure to PM2.5 for different time periods for days before study enrolment until study enrolment. 

 

Definition of abbreviations: PM2.5_i = particulate matter with a diameter < 2.5 µm (the “_i” indicates the 

use of the air pollution data after imputation), AUC = area under the curve, CI = confidence interval, ESC = 

ESC SCORE 2 

 

The AUC curve for SO2 (Figure 4-11) can be interpreted like the graphs discussed be-

fore. The red curve has a variance of 8*10-5 and a standard deviation of 0.0089. Read 

from the right to the left: AUC values, and thus the discriminatory ability of SO2, have 
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their maximum for the time period of 1058 days until study enrolment. This maximum is 

marked with the green horizontal line and the black vertical line. As with PM2.5, the 

maximum AUC for exposure to SO2 for the time period of 1058 days (AUC = 0.59) sur-

passes the AUC of the ESC SCORE 2 upon study enrolment (AUC = 0.57). Thus, the 

maximum discriminatory ability of exposure to SO2 lies in the time period of approxi-

mately 3 years.  

 

 

 

Figure 4-11- AUC curve of SO2 

The 0 to the right of the x-axis represents the day of study enrolment. The blue horizontal line shows the 

AUC for the ESC SCORE 2 on the day of study enrolment. The red curve illustrates the AUCs for the 

mean exposure to SO2 for different time periods for days before study enrolment until study enrolment. 

Definition of abbreviations: SO2_i = sulphur dioxide (the “_i” indicates the use of the air pollution data after 

imputation), AUC = area under the curve, CI = confidence interval, ESC = ESC SCORE 2 

 

4.5. Significant benefits in considering air pollution markers compared 

to patient immanent risk factors only 
Different models to predict the probability of the binary outcome mortality were fit. 

Model one consisted of the input variables of the ESC SCORE 2. Model 2 consisted of 

the input variables of the ESC SCORE 2 adjusted for the mean air pollution exposure 

for the time period that yielded the maximum AUC (see Table 4-3). These periods with 

the maximum AUC had the maximum association with mortality.: The ROC analysis of 



 

41 
 

the exposure to air pollution discussed in 4.4 indicated different time periods to achieve 

a maximum AUC for different air pollution markers (see chapter 4.4). These results 

formed the basis for the application of logistic regression of model 2.  

Model 3 was then further adjusted for the input variable purchasing power as an indica-

tor of the SES.  

Numeric variables were z-transformed. The goodness-of-fit of the respective models 

was assessed with the Hosmer-Lemeshow test. A p > 0.05 indicates a well-fit model. 

Furthermore, the potential benefit of added variables was analysed by use of the likeli-

hood ratio test, a p < 0.05 indicates a significant benefit.  

Table 4-4 gives an overview of the logistic regression analysis. All ESC SCORE 2 vari-

ables were significantly associated with mortality except non-HDL-cholesterol for the 

model including CO. In model 2 (mortality predicted by the ESC SCORE 2 variables 

and mean air pollution concentration), the exposure to NO (OR 1.18; 95% CI: 1.1, 

1.27), NO2 (OR 1.24; 95% CI: 1.15, 1.34), PM10 (OR 1.11; 95% CI: 1.03, 1.20), PM2.5 

(OR 1.54; 95% CI: 1.40, 1.68), and SO2 (OR 1.41; 95% CI: 1.31, 1.52) were positively 

and significantly associated with mortality, while the association for CO (OR 0.93; 95% 

CI: 0.86, 1.01) and O3 (OR 0.99; 95% CI: 0.92, 1.07) was non-significant. Logistic re-

gression analysis results are discussed in more detail below. Forest plots for the ORs 

of the multivariate second models with all air pollution markers except for PM2.5 and 

SO2 can be found in the appendix.  
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Table 4-4 Overview Logistic regression models 

This table provides an overview of the logistic regression model analysis. The respective models 1 consist of the input variables of the ESC SCORE 2. Respective mod-

els 2 consisted of the input variables of the ESC SCORE 2 adjusted for the mean air pollution exposure for the time period that yielded the maximum AUC and respec-

tive models 3 were further adjusted for the input variable purchasing power as an indicator of the SES. The odds ratios were calculated for the air pollution markers in 

each model. Further likelihood ratio tests were conducted to determine the surplus information gained by adding further input variables and the Hosmer-Lemeshow test 

was conducted to assess the goodness of fit of respective models. The results of the conducted tests are all provided within this table.  

Definition of abbreviations: CO = carbon monoxide, NO = nitrogen oxide, NO2 = nitrogen dioxide, O3 = ozone, PM10 = particulate matter with a diameter < 10 µm, PM2.5 = 

particulate matter with a diameter < 2.5 µm, SO2 = sulphur dioxide, OR = odds ratio, HLT = Hosmer-Lemeshow test, LRT = Likelihood ratio test, AUC = area under the 

curve 

HLT: p < 0.05 no good fit, p > 0.05 good fit; LRT: p < 0.05 significant benefit, p > 0.05 no benefit; * the OR cannot be indicated for the air pollution markers in the respec-

tive  Models 1 as they are not included in these models 

 CO NO NO2 O3 PM10 PM2.5 SO2 

Number of patients (mean air pollution concentration available for time period) 

 3921 4379 4381 4381 4211 3480 4131 

Model 1 : Mortality ~ variables of the ESC Score 2 

OR * * * * * * * 

HLT χ2 = 17.30  

p < 0.05 

χ2 = 12.14  

p > 0.05 

χ2 = 12.25  

p > 0.05 

χ2 = 12.51  

p > 0.05 

χ2 = 12.78 

p > 0.05 

χ2 = 18.37  

p < 0.05 

χ2 = 10.38  

p > 0.05 

Model 2: Mortality ~ variables of the ESC Score 2 + mean exposure to air pollution marker (time period of max AUC) 

OR (air pollution 

marker) 

0.93 (95% CI: 

0.86, 1.01) 

1.18 (95% CI: 

1.1, 1.27) 

1.24 (95% CI: 

1.15, 1.34) 

0.99 (95% CI: 

0.92, 1.07) 

1.11 (95% CI: 

1.03, 1.20) 

1.54 (95% CI: 

1.40, 1.68) 

1.41 (95% CI: 

1.31, 1.52) 

LRT (model 1, 

model 2) 

χ2 = 3.45 

p > 0.05 

χ2 = 19.50  

p < 0.05 

Χ2 = 32.20  

p < 0.05 

χ2 = 0.1  

 p > 0.05 

χ2 = 7.3  

 p < 0.05 

χ2 = 93.1   

p < 0.05 

χ2 = 83.40   

p < 0.05 

HLT χ2 = 12.03 

p > 0.05 

χ2 = 12.88  

p > 0.05 

χ2 = 14.57  

p > 0.05 

χ2 = 16.63  

p < 0.05 

χ2 = 17.90  

p < 0.05 

χ2 = 13.18  

p > 0.05 

χ2 = 18.08  

p < 0.05 

Model 3: Mortality ~ variables of the ESC Score 2 + mean exposure to air pollution marker (time period of max AUC)+ purchasing power 
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OR (air pollution 

marker) 

0.93 (95% CI: 

0.86, 1.01) 

1.18 (95% CI: 

1.10, 1.27) 

1.24 (95% CI: 

1.15, 1.34) 

0.99 (95% CI: 

0.92, 1.07) 

1.12(95% CI: 

1.04, 1.21) 

1.53 (95% CI: 

1.40, 1.68) 

1.44 (95% CI: 

1.34, 1.56) 

LRT (model 2, 

model 3) 

χ2 =3.08,  

p > 0.05 

χ2 = 1.52,  

p > 0.05 

χ2 = 0.12,  

p > 0.05 

χ2 = 1.99 

 p > 0.05 

χ2 = 2.03  

p > 0.05 

χ2 = 0.22  

p > 0.05 

χ2 = 2.89  

p > 0.05 

HLT χ2 = 12.18 

p > 0.05 

χ2 = 13.51  

p > 0.05 

χ2 = 14.33  

p > 0.05 

χ2 = 11.97  

p > 0.05 

χ2 = 18.83  

p < 0.05 

χ2 = 15.72  

p <  0.05 

χ2 = 23.09  

p < 0.05 
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4.5.1. Multivariate model: Patient immanent risk factors of the ESC SCORE 

2 with PM2.5 ………….. 

The likelihood ratio test comparing model 1 and model 2 demonstrated a significant 

prognostic contribution ability for the inclusion of the mean PM2.5 values for its maxi-

mum prediction time period (Likelihood ratio test, χ2 = 93.1 degrees of freedom, p < 

0.05). Adding purchasing power as a proxy for the SES to model 2 did not improve the 

models fit significantly (Likelihood ratio test, χ2 = 0.22, p > 0.05). Thus, the final model 

consisted of the ESC SCORE 2 variables and the exposure to PM2.5 over the time pe-

riod -402 days till enrolment (Model 2). Model 2 performed well in the goodness-of-fit 

test (Hosmer- Lemeshow test, χ2 = 13.18, p > 0.05). More details can be found in Table 

4-4. Figure 4-12 illustrates the multivariate logistic regression model of mortality pre-

dicted by the ESC SCORE 2 risk factors and the mean exposure to PM2.5. All coeffi-

cients in model 2 were significantly associated with mortality (p <0.05). The risk factors 

relating to mortality were PM2.5 (OR: 1.54, CI: 1.40, 1.68), non-HDL cholesterol (OR: 

0.89, CI: 0.81, 0.97), sex[male](OR: 1.37, CI: 1.14, 1.65), age (OR: 2.80, CI: 2.49, 

3.12), systolic blood pressure (OR: 0.86, CI: 0.79, 0.93), and smoking (OR: 2.01, CI: 

1.60, 2.54, p < 0.05 for all).   

 

Figure 4-12 OR model 2 with PM2.5 

ORs of a multivariate logistic regression model of mortality predicted by the ESC SCORE 2 risk factors 

and the mean exposure to PM2.5 

Definition of abbreviations: OR = odds ratio, model 2 = Mortality ~ variables of the ESC Score 2 + mean 

exposure to air pollution marker (time period of max AUC,   PM2.5 = particulate matter with a diameter < 2.5 

µm, sex = sex [male], RRsyst = systolic blood pressure, CI = confidence interval, NHC = non-HDL choles-

terol 
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4.5.2. Multivariate model: Patient immanent risk factors of the ESC SCORE 

2  with SO2 ………….. 

The likelihood ratio test comparing model 1 and model 2 demonstrated a significant 

prognostic contribution ability for the inclusion of the mean SO2 values for its maximum 

prediction time period (Likelihood ratio test, χ2 = 83.40, p < 0.05). Adding purchasing 

power as a proxy for the SES to model 2 did not improve the models fit signific. antly 

(Likelihood ratio test, χ2 = 2.89, p > 0.05). Thus, the final model consisted of the ESC 

SCORE 2 variables and the exposure to SO2 over the time period -1058 days until en-

rolment (Model 2). Model 2 did not perform well in the goodness-of-fit test (Hosmer- 

Lemeshow test, χ2 = 18.08, p < 0.05 ). Figure 4-13 illustrates the multivariate logistic 

regression model of mortality predicted by the ESC SCORE 2 risk factors and the 

mean exposure to SO2. All coefficients in model 2 were significantly associated with 

mortality (p <0.05)The risk factors relating to mortality were SO2 (OR: 1.41, CI: 1.31, 

1.52), non-hdl-cholesterol (OR: 0.88, CI: 0.81, 0.96), sex[male](OR: 1.34, CI: 1.14, 

1.59), age (OR: 2.90, CI: 2.61, 3.21), systolic blood pressure (OR: 0.87, CI: 0.81, 0.94), 

and smoking (OR: 1.93, CI: 1.56, 2.39).   

 

Figure 4-13 OR model with SO2 

ORs of a multivariate logistic regression model of mortality predicted by the ESC SCORE 2 risk factors 

and the mean exposure to SO2 

Definition of abbreviations: OR = odds ratio, model 2 = Mortality ~ variables of the ESC Score 2 + mean 

exposure to air pollution marker (time period of max AUC,   SO2 = sulphur dioxide, sex = sex [male], 

RRsyst = systolic blood pressure, CI = confidence interval, NHC = non-HDL cholesterol 

 

After having presented the results of this dissertation, they are discussed in the next 

chapter.  
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5. Discussion 

The present study showed that the power of patient intrinsic variables to predict mortal-

ity can be improved significantly by considering extrinsic air pollution markers (NO, 

NO2, PM10, PM2.5, SO2) in single air pollutant models. The most relevant exposure time 

differed between different air pollution markers. To my knowledge this is the first study 

reviewing the time-dependent association of air pollution markers and mortality apply-

ing ROC curve analysis. ROC curve analysis is a well-known and established statistical 

analysis tool in medical research to predict mortality and cardiovascular diseases (see 

e.g., Keller et al., 2011; O'Connor et al., 1992; Zou, O'Malley and Mauri, 2007). In this 

chapter, the study setting, design and results in relation to existing literature are dis-

cussed. 

5.1. Study setting and design 

5.1.1. Study population, patient- level characteristics 

Most studies on the association between air pollution and mortality were conducted in 

the general population and not specifically in vulnerable subgroups with cardiovascular 

burden (see e.g., Beelen et al., 2014; Burnett et al., 2004; Carey et al., 2013; Cesaroni 

et al., 2014; Chen et al., 2021; Chuang et al., 2011; Crouse et al., 2012; Dockery et al., 

1993; Filleul et al., 2005; Gehring et al., 2006; Heinrich et al., 2013; Kim et al., 2020; 

Laden et al., 2006; Lipfert et al., 2006; Liu et al., 2018; Meng et al., 2021; Miller et al., 

2007; Mirowsky et al., 2015; Peters et al., 2001; Pope et al., 1995; Pope et al., 2002; 

Pope et al., 2004; Puett et al., 2008; Raaschou-Nielsen et al., 2012; Samet et al., 2000; 

Samoli et al., 2007; Stafoggia et al., 2014; Zeger et al., 2008). Of these, some analysed 

their results in regard to preexisting risk factors or disease (see e.g., Kim et al., 2020). 

Studies showing particular risk of mortality or particular diseases for patients with pre-

existing cardiovascular risk factors or conditions exist but are rare (see e.g., Goldberg 

et al., 2013; Mann et al., 2002; Pope et al., 2006; Pope and Muhlestein et al., 2015). 

Brook et al. (2010) thus call on more studies in this regard.  

In individuals with pre-existing cardiovascular risk factors encompassing vascular dis-

ease or diabetes, exposure to air pollution bears a high risk for mortality (Brook, Brook 

and Rajagopalan, 2003). Diverse cardiovascular effects exacerbate comorbidities (Mil-

ler and Newby, 2020) and individuals with pre-existing cardiovascular risk factors or 

disease are likely to be more susceptible to air pollution exposure (Brook et al., 2010). 

Thus, the focus on individuals with pre-existing cardiovascular burden for this study al-

lowed for a potentially more clear-cut examination of the influence of air pollution for 

particularly vulnerable groups on mortality.  
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The study population of this dissertation is a comparatively homogenous group differing 

from the general German population in respect to the presence of cardiovascular dis-

eases. In general, the lifetime prevalence of coronary artery disease (CAD) among indi-

viduals aged 40-79 in Germany is estimated to be about 4.7% (Gößwald et al., 2013) to 

12% (Dornquast et al., 2016) while the 12 month prevalence of CAD was found to be 

4.8% (Busch and Kuhnert, 2017). Within the cohort the prevalence of coronary artery 

disease was 5-10 times as high (51.5%). In addition, cardiovascular risk factors were 

highly prevalent. Thus, this study deals with a specifically vulnerable group thereby 

adding to the field of air pollution marker research.  

5.1.2. Investigation period 

Within this study the median follow-up period for mortality was approximately 10 years. 

This time period complies with the forecast period of the ESC SCORE 2 to predict fatal 

and non-fatal cardiovascular events (SCORE2 working group and ESC Cardiovascular 

risk collaboration, 2021). The variables included in the ESC SCORE 2 are used as tra-

ditional risk factors within this dissertation.  

The procedure chosen in this dissertation is novel with regard to the chosen time pe-

riod of air pollution exposure analysis. Existing studies investigate the exposure to air 

pollution up until a certain event (e.g. total mortality, cardiovascular mortality or respira-

tory mortality). In contrast, air pollution exposure in this dissertation was assessed for 

time periods within the three years prior to study enrolment. This was done, to identify 

the best time period to predict future mortality. Thus, seamless comparison with the ex-

isting literature may be restricted.  

This approach additionally differed from the existing literature where of set time periods 

of days, weeks, months or years were assessed (see for e.g.,Stockfelt et al., 2015). 

Within this dissertation, the exposure time period that yielded a maximum AUC was ap-

proximately within the first year for the majority of air pollution markers (CO [3 days], O3 

[348 days], PM10 [232 days], PM2.5 [402 days]). Nevertheless, for other air pollution 

markers (NO [1077 days], NO2 [1014 days], SO2 [1058 days]) the time period with the 

highest AUC was close to the maximum time looked at. Hence, there might be uniden-

tified trends and future studies should investigate a larger time period.  

5.1.3. Study location and geographic spread 

There is a host of literature on the impact of air pollution on health from other parts of 

Germany such as Bavaria (Breitner et al., 2014; Chen et al., 2020; Ibald-Mulli et al., 

2001; Peters et al., 2001; Peters et al., 2004; Wolf et al., 2015), North-Rhine West-

phalia (Bauer et al., 2010; Gehring et al., 2006; Heinrich et al., 2013; Hoffmann et al., 
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2007; Hoffmann et al., 2009; Katsouyanni et al., 1997) , Thuringia (Hildebrandt et al., 

2009; Katsouyanni et al., 2001; Rückerl et al., 2006). To my knowledge, this is the first 

study dealing with the association between air pollution markers and mortality within 

the region of Central Hesse. Thus, this study opens up a new geographic region in the 

field of air pollution and cardiovascular health research.  

With regard to the more technical decision of a reasonable distance between an indi-

vidual’s residing area and air quality monitoring stations a clearly optimal distance for 

explanatory power of air pollution exposure appears to be non-existent (Li et al., 2019). 

If at all clarified, distances to air monitoring sites in epidemiological studies of air pollu-

tion and health vary between 2.3km (Filleul et al., 2005), 10km (Yoon et al., 2020), 16 

km (Miller et al., 2007), 20 km (Li et al., 2019; Padula et al., 2014), 30km (Gaio et al., 

2022; Lanzinger et al., 2014; Schneider et al., 2008; Schneider et al., 2010; Schneider 

et al., 2011), 8 km and 30 km (Ostro et al., 2010), 40 km (Rage et al., 2009), 50 km 

(Milojevic et al., 2014; Spencer-Hwang et al., 2011), up to 80 km (Schildcrout et al., 

2006; Schwartz et al., 2008). Among these studies, some applied inverse distance 

weighted interpolation, while others applied sensitivity analysis for different distances 

and yet others used the data as they were.  

In regard to the scope of this dissertation project, air pollution data were used without 

modification. The distance of 35 km was chosen for practical reasons. This was due to 

the fact that a distance of 35 km graphically allowed an assignment of the majority of 

the patients to an air pollution station.  

5.2. Air pollution markers and adverse health effects 

In this section, the ORs of each model 2, respectively  (mortality predicted by the ESC 

SCORE 2 variables and the mean air pollution concentration for the best predictive 

time period) are analysed in regard to existing literature. Thus, the association of the 

ESC SCORE 2 variables (non-HDL-cholesterol, sex, age, systolic blood pressure, and 

smoking) with mortality is adjusted for air pollution exposure. As discussed earlier, a di-

rect comparison with the existing literature is limited because of the time period of ex-

posure analysis. While this study assesses the impact of air pollution before study en-

rolment to predict future mortality events, the existing literature evaluates exposure to 

air pollution before a certain event. Nevertheless, the trend of influence of air pollution 

markers is very likely to be comparable in either method.  

CO  

Overall, a no significant relationship between CO and mortality was found. However, 

the existing literature is conflicting in regard to the association of CO exposure with 



 

49 
 

mortality. The findings of this dissertation are contradicting the findings of a large global 

time-series studies in 337 cities by Chen et al. (2021). They found that a 1 mg/m³ in-

crease in the mean CO concentration of the previous day was associated with a 0.91% 

(95% CI: 0.32–1.50) increase in daily total mortality (Chen et al., 2021). Nevertheless, 

they also identified regional differences, with no or unfavourable (not significant associ-

ations) for countries such as the UK, Sweden, or Taiwan. The authors of this study at-

tribute this to differences in air pollution levels, exposure assessment accuracies, popu-

lation susceptibility, basic health status, and different sample sizes (ibid.). These re-

sults are comparable to the findings of Liu et al. (2018) from 272 cities in China. They 

observed significant increments in mortality 1.12% (95% posterior interval [PI] 0.42, 

1.83) for a 1 mg/m³ increase in average CO concentrations on the present day and pre-

vious day (Liu et al., 2018).  

A study from 19 European cities participating in the APHEA-2 Project (Air Pollution and 

Health: A European Approach) indicates a significant association of total cardiovascu-

lar mortality and CO: The authors identified an association between 1 mg/m3 increase 

in the 2-day average CO levels with a 1.20% [95% CI:  0.63, 1.77%] increase in total 

mortality and a 1.25% (95% CI: 0.30, 2.21%) increase in cardiovascular mortality (Sa-

moli et al., 2007). However, Samoli et al. (2007) found that CO effects varied with the 

region. For eastern European cities they found no CO effect on mortality (Samoli et al., 

2007). In their study, they assume that higher standardised mortality rates and older 

cohorts in these cities may be an explanation for this due to risks competing mortality 

(ibid.). This could also be the case for the results of this dissertation including an older 

cohort.  

Furthermore, a meta-analysis of time series studies by Stieb, Judek and Burnett (2002) 

observes random effects pooled estimates of excess all-cause mortality (single-pollu-

tant models) associated with a 1.7% (1.2, 2.2%) per 1.1 ppm change in CO concentra-

tion. Elevated levels were mostly significantly associated with a higher risk of mortality 

but some were also non-significantly related with mortality (ibid.). The results for the as-

sociation between CO exposure and mortality within this dissertation are generally con-

sistent with long-term air pollution exposure study in a Californian teachers cohort by 

Lipsett et al. (2011). The HR for all-cause mortality found in their study was 0.93 [95% 

CI: 0.84 , 1.02]  for CO interquartile range increases and therefore non-significant 

(ibid.). Interestingly, a study by Atkinson and Analitis et al. (2016) observed a direct re-

lationship between higher CO exposure and respiratory mortality, but inverse associa-

tions with cardiovascular and total mortality. However, the authors investigated the as-

sociation with daily mortality and therefore their statistical measures differ substantially 
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from those applied within this dissertation. Overall, the literature in regard to CO expo-

sure and mortality appears to be inconsistent. In this study, no significant relationship 

between CO exposure and mortality was identified. The inconsistency with some stud-

ies might be explained by differences in the study  design such as the age and the 

comorbidity characteristics of this study population. 

NO and NO2 

In this dissertation, a significant association for higher NO exposure with increased 

mortality (OR 1.18; 95% CI: 1.1, 1.27) and NO2 (OR 1.24; 95% CI: 1.15, 1.34) was 

identified. With regard to the existing literature, most studies focus on the oxides of ni-

trogen (NOx, i.e. NO and NO2) or NO2. For this reason, the discussion of existing litera-

ture for them is combined. While a short-term study on the exposure to traffic-related 

air pollution and daily mortality found no evidence for associations between NOx and 

total or cause-specific mortality (Atkinson and Analitis et al., 2016), the results of this 

dissertation are generally consistent with the majority of the identified epidemiological 

literature: higher NO2  levels are significantly associated with a higher risk of all-cause 

mortality Canada’s 12 largest cities (Burnett et al., 2004), in a large English national co-

hort (Carey et al., 2013), seven French cities (Filleul et al., 2005), North-Rhine-West-

phalia (Gehring et al., 2006; Heinrich et al., 2013), Belgium (Collart et al., 2018), Den-

mark (Raaschou-Nielsen et al., 2012), and a 398 city study in low to high income coun-

tries by Meng et al. (2021).  

In the before mentioned study with Californian teachers, Lipsett et al. (2011) found sig-

nificant evidence for the direct association of higher NOx, PM10, and PM2.5 exposure 

with increased mortality from ischemic heart disease but not for all-cause mortality. 

Further, a French study that analysed the impacts of air pollution on mortality over a 

time span of 25 years linked increased values of NO and NO2 to higher non-accidental 

mortality rates (Filleul et al., 2005). Importantly, in the aforementioned meta-analysis by 

Stieb, Judek and Burnett (2002) random effects pooled estimates of excess all-cause 

mortality (single-pollutant models) were 2.8% (95% CI: 2.1, 3.5%) per 24.0 ppb change 

in NO2. These results were reinforced by a systematic review of the literature by 

Huangfu and Atkinson (2020) who identified that an elevated exposure to NO2  is signif-

icantly linked with higher all-cause mortality and with a random- effects summary rela-

tive risk of 1.02 (95% CI: 1.01, 1.04).  

In summary, the results of this dissertation of a significant relationship between height-

ened levels of NO and NO2 and increased mortality are in accordance with the major 
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part of the identified literature. Differences to existing evidence are plausibly attributa-

ble to divergences in the study design, for instance the time period investigated. 

O3   

In this dissertation, a non-significant association of O3 exposure with mortality OR 0.99 

(95% CI: 0.92, 1.07) was observed. Previous studies analysing the association be-

tween ozone and mortality have produced inconclusive results.  

Some of the existing literature revels an association between elevated exposure to 

ozone and an increment in mortality. A review, meta-analysis and multi- city time series 

study by Ito, Leon and Lippmann (2005) supports that increased short-term exposure 

to O3  is predictive of higher mortality. Nevertheless, the authors found inconsistent es-

timates for distinct cities which they contribute to unique characteristics of precisely 

these cities (ibid.). The majority of the cohort within this dissertation is ubicated in rural 

areas, hence this characteristic varies substantially from the study by Ito, Leon and 

Lippmann (2005).  

Furthermore, a meta-analysis of 39 time-series studies in comparison to a large 95 city 

time-series study in urban areas within the U.S. concluded a strong evidence for the 

association between O3 exposure and mortality (Bell, Dominici and Samet, 2005). Nev-

ertheless, they also identified publication bias leading them to conclude a possible 

overestimation of the true relationship between O3 exposure and mortality (ibid.). In 

contrast, one national English cohort study by Carey et al. (2013) produced an inverse 

significant HR of 0.86 (95% CI, 0.78, 0.94) for all-cause mortality associated with resi-

dential O3 concentrations. In a Canadian cohort of deceased individuals > 65 years re-

siding in Montreal between 1990 and 2003, Goldberg et al. (2013) could not identify as-

sociations between O3 exposure and daily non-accidental mortality.  

Moreover, a study linking data of the American Cancer Society Prevention study II with 

air pollution exposure found an association per 10-ppb increment ozone with increased 

cardiovascular and respiratory mortality but no association with all-cause mortality RR: 

1.001(95% CI: 0.996,1.007) (Jerrett et al., 2009). Nevertheless, no effect of ozone for 

cardiovascular death could be found when PM2.5 was considered (ibid.). A cohort study 

in 20 of the largest US cities by Samet et al. (2000) also found no effect of ozone on 

all-cause, cardiovascular and respiratory mortality. Additionally, a recent systematic re-

view and meta-analysis by Atkinson and Butland et al. (2016) and Huangfu and Atkin-

son (2020) found no association between long-term annual O3 exposure and all-cause 

mortality. In conclusion, the available literature is ambiguous about the association be-

tween O3 exposure and mortality, the results of this dissertation indicate no association 
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with mortality. Outcome deviations could be explained by the characteristics of the 

study design such as the rural setting of the study setting in comparison to urban set-

tings with some identified studies. 

PM10 and PM2.5 

In this dissertation, significant associations for the increased exposure to PM2.5 with 

higher mortality (OR 1.54 (95% CI: 1.40, 1.68)), and PM10 (OR 1.11 (95% CI: 1.03, 

1.20)) and higher mortality were identified, respectively. Owing to the frequent analysis 

of PM2.5 and PM10 as air pollution markers within the same studies, both are discussed 

together in view of the existing literature. The results observed within this dissertation 

are in accordance with previous studies: Elevated concentrations in short- and long-

term exposure of PM2.5 and PM10 of are consistently linked to elevated risk of all-cause, 

cardiovascular, and respiratory mortality.  

Groundbreaking cohort studies like the Harvard 6 cities study by Dockery et al. (1993) 

and the American Cancer Society Cancer Prevention study II (ACS CPS II) by Pope et 

al. (1995) illustrated that excess all-cause mortality is associated with long-term expo-

sure to fine particulate air pollution. Ever since, evidence for this association has accu-

mulated. The results have been confirmed and extended by successive studies of the 

ACS CPS II cohort (Jerrett et al., 2009; Pope et al., 2002; Pope et al., 2004) and the 

Harvard 6 cities study by Laden et al. (2006). The study by Laden et al. (2006) outlined 

an overall mortality increase associated with each 10 μg/ m3 increase in average PM2.5 

exposure RR 1.16 (95% CI: 1.07, 1.26) and. In the study of a representative national 

English cohort, a 10 μg/ m3 increase of PM10 and PM2.5 produced an HR of 1.07 (95% 

CI, 0.99, 1.16) and 1.13 (95% CI, 1.00–1.27) for all-cause mortality, respectively (Carey 

et al., 2013).  

As part of the Air Pollution and Health: A European Approach 2 (APHEA 2) project an 

increase in daily mortality was associated with short-term exposure to PM10 in 29 Euro-

pean cities (Katsouyanni et al., 1997). Additionally, several German population based 

cohort studies also found an association the exposure to PM10 and between all-cause 

mortality (Gehring et al., 2006; Heinrich et al., 2013). Other US cohort studies also ob-

served significant associations between the exposure of PM2.5 and PM10 and mortality 

(Lipfert et al., 2006; Lipsett et al., 2011; Puett et al., 2008; Samet et al., 2000). Moreo-

ver, a study by Pope and Muhlestein et al. (2015) evaluated the impact of a 10 µg/ m3 

PM2.5  increase on the same day. They linked same-day PM2.5 increase with elevated 

significant ORs for ACS , non-ST-/ ST-segment elevation myocardial infarction, 
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unstable angina, and non–ST-segment elevation ACS in patients with pre-existing car-

diovascular conditions.    

According to a meta-analysis by Stieb, Judek and Burnett (2002), random effects 

pooled estimates of excess all-cause mortality (single-pollutant models) were 2% (95% 

CI: 1.5% , 2.4%) per 31.3 µg/ m3 PM10. A systematic review by Chen, Goldberg and 

Villeneuve (2008) showed a 6 % increase in non-accidental mortality for the long-term 

exposure to PM2.5 per 10 µg/ m3 increase. A later conducted systematic review and 

meta-analysis by Atkinson et al. (2014) also found significant association for the short-

term exposure to PM2.5. In their study, a rise of 10 µg/ m3 in the exposure to PM2.5 was 

associated with a 1.04% (95% CI 0.52%, 1.56%) increase in mortality risk (ibid.). Nev-

ertheless, Atkinson et al. (2014) pointed out that heterogeneity between studies and 

small study bias should be borne in mind. These results were confirmed by a more re-

cent systematic review and meta-analysis by Chen and Hoek (2020). In their analysis 

of 107 studies the Risk Ratio of the exposure to PM2.5 and PM10  with non-accidental all-

cause mortality was 1.08 (95% CI: 1.06, 1.09) and 1.04 (95% CI: 1.03, 1.06) per 10 μg/ 

m3 increase, respectively (ibid.).  

Generally, the results of this dissertation are in accordance with the majority of the ex-

tensive existing evidence showing that increased exposure to PM2.5 and PM10 is signifi-

cantly linked to increased all- cause mortality. 

SO2 

In this study elevated SO2  values were significantly predictive of higher mortality yield-

ing an OR of 1.41 (95% CI: 1.31, 1.52) in the single-air pollutant model. There is incon-

sistent evidence for the association of the exposure to SO2 and all-cause mortality. A 

French population-based cohort study of 14284 individuals residing in 7 French cities 

found a non-significant association between exposure to SO2  and non-accidental mor-

tality RR 1.01 (95% CI: 0.99 – 1.03) per 10 μg/ m3 SO2 increase (Filleul et al., 2005). 

Interestingly, a time-series study analysing data from 12 European cities within the AP-

HEA project linked daily mortality to a 50 μg/ m3 SO2 increase of 3% (CI 95%: 2%, 4%) 

in western European cities and of 0.8% ( − 0.1% to 2.4%) in central eastern European 

cities (Katsouyanni et al., 1997). According to  Katsouyanni et al. (1997) this e.g. may 

be due to differences in populations and in air pollution sources. The findings of this 

study are in line with the representative English national cohort study by Carey et al. 

(2013) which linked excess all-cause mortality to a 10 μg/ m3 increment, adjusted for 

area income (HR 1.20; 95% CI: 1.12,1.28). In the long-term population based study of 

a Californian teachers’ cohort, all-cause mortality was significantly associated with SO2 
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(HR, 1.11; 95% CI, 1.00, 1.23) (Lipsett et al., 2011). Nevertheless, the analysis of Lip-

sett et al. (2011) argues that these findings rested on few cases. Goldberg et al. (2013) 

observed an increase of daily mortality in individuals with pre-existing cardiovascular 

diseases.  

Recently, a multicounty analysis of the short-term association between SO2  exposure 

and mortality in 399 cities observed excess mortality (RR 1.0045, 95% CI: 1.0019, 

1.0070) per 10 μg/ m3 SO2 increase (O'Brien et al., 2023). In addition, the previously in-

troduced meta-analysis by Stieb, Judek and Burnett (2002) showed random effects 

pooled estimates for the association between SO2 exposure with excess all-cause mor-

tality (single-pollutant models) of 0.9% (95% CI: 0.7, 1.2%) per 9.4 ppb change.  

Considering all this, the findings of this dissertation indicate a significant relationship 

between increased exposure to SO2 and heightened mortality rates while the existing 

literature is inconsistent. As with the other air pollution markers, this contradictoriness 

is plausibly attributable to differences in the study setting and the study population 

characteristics such as the comorbidities of the included populations.   

5.3. Considering the air pollution exposure in combination with ESC SCORE 

2 variables improves the prediction of mortality  
The ESC SCORE 2 variables were significantly associated with mortality except non-

HDL-cholesterol in the multivariate model with CO. These associations remained signif-

icant after the adjustment for air pollution markers. As discussed in the previous sub-

section, increased exposure to NO, NO2, PM10, PM2.5, and SO2  was significantly asso-

ciated with higher mortality in the multivariate models (model 2: mortality predicted by 

the ESC SCORE 2 variables and the mean air pollution concentration for the best pre-

dictive time period).  

This dissertation is distinct to the existing literature because it is one of the few studies 

assessing the association between air pollution exposure and mortality in addition to 

patient-level clinical data such as non-HDL cholesterol and systolic blood pressure. Ad-

ditionally, to my knowledge, this is the first study analysing the effects of air pollution 

exposure in connection to the ESC SCORE 2 and its variables. This allowed to analyse 

the improvement of the predictive power of the ESC SCORE 2 and its variables when 

the mean exposure to an air pollution marker was added. Some of the existing litera-

ture on the association between air pollution exposure and mortality controls for covari-

ates including sex, smoking, body mass index, income, education, current symptoms, 

physical activity, dietary consumption, previous disease, medication, occupational ex-

posure, and alcohol consumption. In general, the results of this dissertation are 
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consistent with the existing literature in regard to these patient-level covariates: A co-

hort study by Jerrett et al. (2009) found independent associations between air pollution 

exposure and mortality when adjusting for 20 individual person risk variables and 7 

ecological variables.  

After adjusting for covariates, two German studies observed  of air pollution on mortal-

ity that remained increased but smaller (Gehring et al., 2006) or changed only margin-

ally and stayed significant after adjusting for such covariates (Heinrich et al., 2013). 

This was also the case for study of the Korean National Health Insurance Service 

(NHIS)-based National Sample Cohort (NSC) database (Kim et al., 2020). The authors 

analysed their data using a multivariate model that adjusted for patient-level risk factors 

and found reduced but significantly increased associations (ibid.).  

In addition, other population based cohort studies for instance by Carey et al. (2013), 

Laden et al. (2006), Miller et al. (2007), Pope et al. (2002), Puett et al. (2008) also ob-

served robust associations between exposure to air pollution and all-cause mortality 

with no significant changes after adjustment for covariates. Overall, despite substantial 

differences in the study design, the findings of significant associations between NO, 

NO2, PM10, PM2.5, and SO2 and all-cause mortality in multivariate models within this dis-

sertation are consistent with the majority of the identified literature in regard to covari-

ate analysis. 

5.4. No benefit for the mortality model precision by considering the socioeco-

nomic status   
In their review of the literature Miller and Newby (2020) identified considerable socioec-

onomic disparities in exposure to air pollution. Poor areas are often those areas where 

exposure to air pollution is highest (ibid.). Thus, it was decided to analyse the socioeco-

nomic status in regard to potential predictive benefits and possible adjustment of the 

predictive power of the air pollutants within this dissertation. In their study on different 

indicators of the SES, Darin-Mattsson, Fors and Kåreholt (2017) found no relevant dif-

ferences of using income instead of more complex SES measures. Importantly, they 

also observed that while income as a single indicator could be used as a socioeco-

nomic proxy variable, it was less useful to assess distinct facets of health inequities.  

Within this dissertation, purchasing power was the closest variable to income available, 

which was only available on postcode level and many other studies also used area-

level SES data (see e.g., Carey et al., 2013; Eftim et al., 2008; Samet et al., 2000). 

Hence, purchasing power on a postcode level was used as a proxy for the SES.  
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In this dissertation, there was no significant benefit of adding purchasing power as an 

explanatory variable to a model of ESC SCORE 2 variables and air pollution in the pre-

diction of mortality. Thus, it appears that purchasing power does not increase the pre-

dictive power of air pollution markers. From the graphical analysis (Figure 4-1), it is 

possible that the geographical spread with marginally varying purchasing power postal 

code areas was too homogenous.  

A Canadian study by Jerrett et al. (2004) observed an attenuation of the effect of air 

pollution on mortality when socioeconomic characteristics were included. Further, 

Carey et al. (2013) in their population based cohort study also used neighbourhood in-

dicators (area income) of socioeconomic deprivation. However, in their model, SES ad-

justment attenuated the association of air pollution markers with mortality (Carey et al., 

2013). Hence, income is possibly more accurate in capturing the SES than purchasing 

power. Observations of this dissertation are comparable to the findings of Samet et al. 

(2000) who also did not use individual indicators for the SES but county-level data. 

They found no evidence of SES adjustment in the association between PM10 and mor-

tality (ibid.). They argue that the socioeconomic indicators by the U.S census might be 

too imprecise and might not adequately reflect medical conditions and poor health due 

to intercounty differences (ibid.). This could also be the case within this dissertation.  

A global review by Hajat, Hsia and O'Neill (2015) indicates that findings from European 

studies in regard to higher concentrations of air pollutants are mixed. Interestingly, 

some studies they identified also observed higher exposure to air pollution in areas of 

higher SES. However, they discussed that in higher SES areas individuals may be 

preferably able to flee high exposure conditions through costly mitigation tactics such 

as private transportation (ibid.). In addition, they argued that there are considerable lim-

itations in using only one indicator as a SES proxy given that one indicator may be lim-

ited in capturing SES complexity (ibid.). Thus, an indicator capturing more of the com-

plexity of social disparities may possibly lead to different results. This might need rigor-

ous future research.  

To summarize, the non-significant effects of the socioeconomic status on mortality 

within this dissertation might be attributable to the insufficiency of purchasing power to 

capture the socioeconomic status.   

5.5. Strengths and limitations 

This dissertation has many strengths. Patient-level clinical characteristics and medical 

history were raised within a certified centre of the German centre for cardiovascular 
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research. Data collection occurred as part of an ongoing prospective patient cohort 

through standardised data collection by medical personnel.  

Furthermore, to my knowledge this is the first study assessing the association between 

air pollution exposure and mortality in central Hesse as well as in connection to the var-

iables of the ESC SCORE 2. The data allowed to analyse the effects of different air pol-

lution exposure time frames. Hence, by applying ROC analysis over time, time frames 

of maximum exposure interest could be identified. The methodology applied within this 

dissertation is innovative - to my knowledge, this is the first study that applies ROC 

analysis to identify the most important time period of air pollution exposure for its asso-

ciation with mortality. It therefore commences a new area within the field of air pollution 

and health research. 

Nevertheless, the results of this study should be dealt with caution due to several limi-

tations. There is the possibility of exposure misclassification bias: The possible dis-

tance of an air monitoring station was set to 35km because this distance was feasible, 

allowed the assignment of the majority of the patients, and a clear distance standard 

without loss of explanatory power was absent. Furthermore, personal exposure may 

vary substantially even within the same neighbourhood (Brook et al., 2010; Sarnat et 

al., 2007). This variation arises based on differences in personal exposure (working 

conditions, geographic mobility, commuting vehicle, information about time spent in-

doors, distance to major road, etc.). However, according to Brook et al. (2010) the ef-

fect of more precise measurement of personal exposure on misclassification is yet to 

be clarified.  

Furthermore, many studies have considered meteorological factors, seasonality, and 

multipollutant models in their studies (see e.g., Atkinson and Analitis et al., 2016; Col-

lart et al., 2018; Faustini, Rapp and Forastiere, 2014; Huang et al., 2017; Huangfu and 

Atkinson, 2020; Klompmaker et al., 2021; Samoli et al., 2001; Samoli et al., 2007; 

Stieb, Judek and Burnett, 2002). The consideration of these factors was out of the 

scope of this dissertation but appears to be relevant and should be further assessed in 

the future. 

In addition, smoking was generalised into yes and no without taking account of the 

pack years. Moreover, former smokers were classified as non-smokers because the 

ESC SCORE 2 uses the variable current smoking habits and no information was avail-

able about household second hand smoking. Mortality information was retrieved from 

the national post office in September 2022 – for this reason the exact date and the 
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exact cause of death are not available. This may be considered in future studies and 

follow up studies.   

The aim of this dissertation is to improve the prediction of mortality. However, the ESC 

SCORE 2 was developed to predict fatal and non-fatal cardiovascular events. It was 

yet decided to use the ESC SCORE 2 and its variables because this score has a class 

I recommendation within the “ESC guideline on cardiovascular diseases prevention in 

clinical practice” by Visseren et al. (2021) and is hence assumed to be a well-estab-

lished score in clinical practice and therefore including the risk variables of interest.  

The risk of the burden of cardiovascular diseases associated with air pollution may be 

underestimated when only fatal events are analysed. For this reason, future studies 

should include both endpoints. While all analysis were conducted rigorously, caution 

should be exercised in interpreting the results of this dissertation. Further studies are 

needed to confirm the possible beneficial predictive power of considering air pollution 

exposure in mortality risk prediction.  

6. Conclusion 

The aim of this dissertation was to explore the potential prognostic benefit of the extrin-

sic risk factor air pollution in comparison to the well-established ESC SCORE 2 risk 

factors in a population with pre-existing cardiovascular risk factors in Hesse. To that 

end, ROC and logistic regression analyses were conducted.  

The methods applied within this study are novel in the field of air pollution and health 

research. While the existing literature evaluates exposure to air pollution before a cer-

tain event, this dissertation assessed the impact of air pollution before study enrolment 

to predict future mortality events. For each air pollution marker, the mean exposure 

time periods with the highest predictive power within the range of three years prior to 

study enrolment were identified. For the majority of air pollution markers, this exposure 

time period was approximately within the first year (CO [3 days], O3 [348 days], PM10 

[232 days], PM2.5 [402 days]). Nevertheless, for other air pollution markers (NO [1077 

days], NO2 [1014 days], SO2 [1058 days]) the time period was close to earliest time pe-

riod looked at. Future studies, should therefore cover larger time periods of exposure 

analysis. These mean air pollution exposure concentrations for the time periods of 

maximum predictive power were subsequently each analysed in single air pollution 

marker and multivariate logistic regression models, respectively.   

The overall findings of this dissertation are remarkable: it was observed that the power 

of ESC SCORE 2 variables to predict mortality can be improved significantly by 
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including air pollution markers (NO, NO2, PM10, PM2.5, SO2) in single air pollutant mod-

els. This was not the case for CO and O3. In this research, purchasing power as a 

proxy of the SES did not attenuate the predictive power of air pollution markers. An in-

dicator accounting for more of the complexity of social disparities may possibly lead to 

another outcome. 

To the best of my knowledge, this is the first study assessing the association between 

air pollution and mortality in Hesse, Germany and one of the few studies specifically 

looking at a population with preexisting cardiovascular risk factors.  

In brief, in comparison to traditionally used risk variables like those used within the ESC 

SCORE 2, mortality was significantly and positively associated with time dependent ex-

posure to air pollution markers such as NO, NO2, PM10, PM2.5, SO2. The results of this 

dissertation indicate that including air pollution exposure in a score assessing the mor-

tality risk of individuals with cardiovascular burden is likely to enhance mortality risk es-

timation.  

Further evaluation of the prognostic impact of a potential extension of scores like the 

ESC SCORE 2 with a variable capturing the exposure to air pollution markers should 

be subject to future studies.  
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Summary 

Background and Aim: Non-communicable diseases, e.g. cardiovascular diseases, 

are among the leading causes of mortality worldwide. Well-established risk scores, 

such as the ESC SCORE 2 (European Society of Cardiology Systematic COronary 

Risk Evaluation) are used to predict the onset of cardiovascular disease and mortality. 

However, they consider patient intrinsic risk factors, e.g. smoking but not extrinsic risk 

factors like air pollution. Yet, there is extensive evidence for an unfavourable associa-

tion between air pollution exposure and cardiovascular and other mortality. This disser-

tation aims to explore the time-dependent association between the extrinsic risk factor 

air pollution and mortality in a population with pre-existing cardiovascular risk factors in 

Hesse, Germany. Moreover, it explores the utility of considering air pollution and socio-

economic status in mortality risk prediction, compared to existing risk scores.  

Methods and results: Between 2010 and 2019, patients (N = 4610, 32% female, me-

dian age 69 years) scheduled for coronary angiography were enrolled in a prospective 

registry cohort at a certified German centre for cardiovascular research. Mortality was 

the outcome variable (1122 registered deaths). Air pollution data were retrieved from 

the Hessian State Agency for Nature Conservation, Environment and Geology 

(HLNUG) and assigned to patients according to postcode information. Air pollution 

markers of interest were: carbon monoxide (CO), nitrogen monoxide (NO), nitrogen di-

oxide (NO2), ozone (O3), particulate matter (PM10 and PM2.5 with an aerodynamic diam-

eter of <10µm and <2.5µm, respectively) and sulphur dioxide (SO2). Receiver Operat-

ing Characteristic (ROC) analysis was conducted to identify the time period with the 

highest prognostic importance of air pollution exposure for its association with mortality 

within the range of 3 years prior to study enrolment. Exposure time periods with the 

highest prognostic ability varied for respective air pollution markers (CO [3 days], O3 

[348 days], PM10 [232 days], PM2.5 [402 days], NO [1077 days], NO2 [1014 days], SO2 

[1058 days]). Mean air pollution exposure concentrations for time periods of maximum 

predictive power were then each analysed in multivariate logistic regression models, 

with single air pollution markers. In these single air pollution marker models, adding 

NO, NO2, PM10, PM2.5, SO2  but not CO and O3 to a model including the ESC SCORE 2 

variables, could significantly improve a models’ mortality prediction power. There was 

no significant benefit of adding purchasing power as an explanatory variable. 

Conclusion: The findings of this dissertation indicate that considering air pollution ex-

posure in mortality risk prediction for individuals with cardiovascular burden is likely to 

enhance mortality risk estimation and should be subject to further research.   
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Zusammenfassung 
Hintergrund und Absicht: Nicht-übertragbare Krankheiten, wie koronare Herzkrank-

heiten, zählen weltweit zu den führenden Todesursachen. Etablierte Risiko-Scores wie 

der ESC SCORE 2 (Europäische Gesellschaft für Kardiologie Systematische koronare 

Risiko Einschätzung) beinhalten intrinsische Risikofaktoren z.B. das Rauchverhalten, 

extrinsische Risikofaktoren wie Luftverschmutzung bleiben unberücksichtigt. Nichts-

destotrotz existiert eine umfassende Datengrundlage über den ungünstigen Zusam-

menhang zwischen Luftverschmutzung und kardiovaskulärer und anderer Mortalität. 

Ziel der Dissertation ist die Untersuchung des zeitabhängigen Zusammen-hang zwi-

schen dem extrinsischen Risikofaktor Luftverschmutzung und Mortalität in einer hessi-

schen Kohorte mit bestehenden kardiovaskulären Risikofaktoren. Zudem sollen prog-

nostische Vorteile der Berücksichtigung von Luftverschmutzung gegenüber etablierter 

Risikofaktoren und des sozioökonomischen Status exploriert werden.  

Methoden und Ergebnisse: Zwischen 2010 und 2019 wurden Patienten mit durchge-

führter Koronarangiografie (N=4610, 32% weiblich, medianes Alter 69 Jahre), in ein 

prospektives Kohortenregister in einem zertifizierten deutschen Zentrum für kardiovas-

kuläre Forschung eingetragen. Die Zielvariable war Mortalität (1122 registrierte Sterbe-

fälle). Luftverschmutzungsdaten wurden durch das Hessisches Landesamt für Natur-

schutz, Umwelt und Geologie (HLNUG) bereitgestellt und Patienten gemäß der Post-

leitzahl ihres Wohnorts zugeordnet. Berücksichtigt wurden: Kohlenstoffmonoxid (CO), 

Stickstoffmonoxid (NO), Stickstoffdioxid (NO2), Ozon (O3), Feinstaub < 10 µm (PM10), 

Feinstaub <2,5 µm (PM2,5) und Schwefeldioxid (SO2). Über ROC (Receiver-Operating 

Characteristic)-Kurvenanalysen wurde die Zeitspanne mit dem höchsten prognosti-

schen Wert für den Zusammenhang zwischen der Exposition gegenüber Luftver-

schmutzung und Mortalität innerhalb eines Zeitraums von drei Jahren vor Studienein-

schluss eruiert. Die Zeiträume mit der höchsten prognostischen Aussagekraft waren 

unterschiedlich je Luftverschmutzungsmarker (CO [3 Tage], O3 [348 Tage], PM10 [232 

Tage], PM2.5 [402 Tage], NO [1077 Tage], NO2 [1014 Tage] und SO2 [1058 Tage]). In 

multivariaten logistischen Regressionsanalysen wurden mittlere Expositionswerte der 

Luftverschmutzungsmarker über diese Zeiträume untersucht. Durch das Ergänzen des 

Modells um einzelne Luftverschmutzungsmarker (NO, NO2, PM10, PM2.5 oder SO2)  

konnte die prognostische Fähigkeit des jeweiligen Modells signifikant verbessert wer-

den. CO und O3 hatten keine prognostische Relevanz. Auch die Berücksichtigung des 

sozioökonomischen Status hatte keinen signifikanten Einfluss auf die Risikoprädiktion.   

Fazit: Die Ergebnisse dieser Dissertation weisen darauf hin, dass die Berücksichtigung 

der Exposition gegenüber Luftschadstoffen die Mortalitätsrisikoprädiktion verbessern 

könnte und sollte deswegen Gegenstand weiterer Forschung sein.  
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