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 إذا الشعب يوما أراد الحياة
 فلا بد أن يستجيب القدر 

 ولا بد لليل أن ينجلي 
 ولابد للقيد أن ينكسر 

 ومن لم يعانقه شوق الحياة 
تبخر في جوها واندثر

 كذلك قالت لي الكائنات
وحدثني روحها المستتر

 ومن لا يحب صعود الجبال  … 
يعش ابد الدهر بين الحفر

ابو القاسم الشابي

If, one day, a people desires to live, then fate will answer their call

And their night will then begin to fade, and their chains break and fall

For they who are not embraced by a passion for life will dissipate into thin air

At least that is what all creation has told me, and what its hidden spirits declare

For they who shrink from scaling the mountain will live forever in patholes

translation by Elliott Colla
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General introduction and outline of thesis 

1
The lungs have an important function to provide the body with oxygen and eliminate 

carbon dioxide from the blood. Breathing keeps us alive, and an impaired lung function 

adversely affects this process. Research into the pathophysiology of lung diseases aims 

to determine the factors which contribute to an impaired lung function, in order to 

reach the ultimate goal of preventing and treating respiratory diseases. Lung function 

tests and the genotype arrays are important tools that help us to understand lung health 

and to investigate pathways that lead to an impaired lung function and respiratory 

disease. 

1.	 Chronic Obstructive Pulmonary Disease (COPD)

COPD is the third leading cause of death worldwide (1). According to the Global Initiative 

for Chronic Obstructive Lung Disease (GOLD), “COPD is a common, preventable 

and treatable disease that is characterized by persistent respiratory symptoms and 

airflow limitation that is due to airway and/or alveolar abnormalities usually caused 

by significant exposure to noxious particles or gases”(2). COPD has two features; small 

airways disease (chronic bronchitis), and/or parenchymal destruction (emphysema), of 

which the relative contributions might vary from one individual to another. 

1.1.	Risk factors 
Tobacco smoking is considered as the most important risk factor, in addition to 

occupational, outdoor and indoor air pollution (e.g. biomass fuel, dust, fumes and 

agricultural pesticides (3, 4)). Other factors also contribute to the development of COPD, 

including genetics, chronic bronchitis, asthma and airway hyper-responsiveness, poor 

lung growth during childhood, but also aging, female sex and low socioeconomic 

status (5-8). 

1.2.	Comorbidities and consequences
Comorbidities are abundant in COPD (9-11), as COPD often coexists with pulmonary 

diseases such as asthma (12), pulmonary fibrosis (13) and lung cancer (14, 15) 

and with extrapulmonary disease conditions (16) such as cerebrovascular disease 

(including stroke (17-19)), cognitive impairments (20, 21), obstructive sleep apnoea, 

cardiovascular disease (e.g. sudden cardiac death (22), peripheral artery disease (23, 

24)), osteoporosis (25-29), metabolic disorders, depression and anxiety, skeletal muscle 

dysfunction (30, 31) and gastrointestinal reflux (32, 33). It is unclear whether those 

co-morbidities are the consequence of COPD or simply co-occur with COPD resulting 

from shared risk factors (10). 



Chapter 1

12

Individuals with COPD have distinct features which define the disease progression 

(34, 35). Late stage COPD can lead to serious complications, including COPD 

exacerbation with hospitalization, pulmonary hypertension and an increased risk of 

mortality. 

2.	 Lung function

Lung function tests are important to detect and diagnose chronic lung diseases, assess 

disease severity, and monitor disease progression and treatment effects. The two most 

widely used lung function tests are spirometry and diffusing capacity of carbon 

dioxide, each of them assessing a distinct physiological function of the airways and 

lungs, respectively. Below, these tests are described in short.

2.1.	Spirometry
Spirometry is a technique that measures the ability of the lungs to transport the air in 

and out of the lungs. The two most important measures in spirometry are the Forced 

Expiratory Volume in one second (FEV1) and the Forced Vital Capacity (FVC). FEV1 

provides information about the expiratory airflow, and the FVC about the maximal 

amount of air that is exhaled. The ratio of these two measurements FEV1/FVC, the so-

called Tiffeneau index, is used for the diagnosis of chronic obstructive lung diseases. 

A reduced FEV1/FVC ratio is indeed indicative of the presence of airflow limitation, 

which is a key diagnostic criterion for the diagnosis of COPD, but can also be reduced 

in patients with uncontrolled or severe asthma. 

Lung function parameters decline with age, and the rate of decline depends on 

the exposure to environmental factors, such as smoking and air pollution, and genetic 

predisposition (36). Impaired lung function can be determined by many factors, 

including impaired lung growth during foetal life, childhood and adolescence. 

Importantly, impaired lung function also serves as an independent determinant for 

adverse health outcomes, including subsequent COPD (37, 38), cardiovascular disease 

(39), hospitalizations (40) and all-cause mortality (38, 40-42). 

2.2.	Diffusing capacity
The diffusing capacity of the lung for carbon monoxide (DLCO; also called transfer factor, 

TLCO) measures the total capacity of the body to exchange gases by the single-breath 

technique (SBT). Herein, small concentrations of carbon monoxide (CO) and a tracer 

gas (helium or another inert gas) are added to the inspiratory air in order to determine 

the levels of gas exchange. Patients are asked to inhale small amounts of CO, hold 

their breath for 10 seconds and exhale. Exhaled air is then sampled and the difference 
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between the added and the exhaled CO concentration yields the diffusing capacity 

(Figure 1) (43-46). DLCO is the product of two components that can be obtained by 

the SBT; firstly, the alveolar volume (VA) and secondly, the rate constant of CO removal 

from alveolar gas, the so called KCO, after taking the barometric pressure into account. 

Although it is generally accepted that DLCO/VA and KCO are physiologically equal, 

both are not interchangeable according to Hughes et al. (47). It is important to interpret 

DLCO/VA as the DLCO expressed per unit alveolar volume and not as the DLCO 

corrected for the alveolar volume, since DLCO/VA is not constant when VA changes. 

Therefore, DLCO/VA reflects the physiology more accurately than DLCO (47), since the 

very same DLCO measure can reflect different combinations of KCO and VA, each of 

these combinations reflect different pathophysiology (47-49). 

Diffusing capacity is decreased by diseases such as emphysema, pulmonary fibrosis 

or pulmonary hypertension, and can be slightly increased in asthma or obesity (50). 

Since DLCO is also decreased in patients with anaemia, it is important to correct the 

measured DLCO values for blood haemoglobin levels.

Like impaired lung function measured by spirometry, a decreased diffusing capacity 

measured by the SBT has been associated with adverse health outcomes (51). In patients 

with severe emphysema, low diffusing capacity was associated with poor long-term 

survival (52) and it may even be a better predictor of mortality in COPD outpatients 

than spirometry measures (53).

Figure 1 schematic representation of the single-breath DLCO breathing manoeuvre. 
DLCO: Diffusing capacity of the Lung for Carbon Monoxide (CO)
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3.	 Determinants of impaired lung function

There are many determinants of impaired lung function which can be distinguished 

into environmental, life style and genetic factors . 

3.1.	Environmental factors
Tobacco smoke is considered as the strongest risk factor for impaired lung function and 

COPD. However, a significant proportion of individuals who never smoked develop 

COPD, suggesting that other factors than smoking should also be considered. 

Half of worlds households and the majority of the rural households use coal and 

biomass fuel as their primary source of domestic energy (54). It is suggested that 

exposure to biomass smoke might be the most important risk factor for COPD, since 

more people are exposed to biomass smoke worldwide than to tobacco smoke. In 

addition, occupational exposures to noxious gases, mineral dusts, biological dusts and 

fumes are also associated with airway obstruction (55, 56). Finally, raised concentrations 

of outdoor air pollutants, especially in fast growing industrial countries, are strongly 

associated with COPD exacerbations and worsening of pre-existing COPD (57). 

3.2.	Smoking
Cigarette smoking is considered as the major preventable risk factor of respiratory 

morbidity and mortality in developed countries (58). The effect of smoking on lung 

development and function is pronounced in early life and during adulthood. Maternal 

smoking during pregnancy, for example, is associated with increased risk of wheezing 

and asthma in the offspring at adolescence (59). 

It is believed that smoking exaggerates chronic inflammation in diseased lungs. 

Oxidative stress, genetic susceptibility and epigenetic modifications play an important 

role in this, by amplifying the inflammation that is initiated by smoking (60). 

Smoking has a modifying role in lung function. Hunninghake and colleagues 

demonstrated that genetic variation in MMP12 (in smoking individuals) is associated 

with lung function. This effect was not found in non-smokers (61, 62). Another study 

by Xu et. al., also showed effect modification by smoking in the association between 

serum vitamin D and lung function (63). Furthermore, many interesting genetic and 

epigenetic loci were found for nicotine dependence (smoking behaviour), these 

pathways were also found in genome-wide and epigenome-wide association studies of 

lung function (64, 65). Whether there is genetic predisposition of nicotine dependence 

that influences lung function or whether we are dealing with pleiotropic effects remains 

to be investigated. 
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4.	 Genetic epidemiology 

In genetic epidemiology, we study genetic and epigenetic determinants of health and 

disease in populations of unrelated individuals or in families. In the following paragraphs, 

we will summarize some important techniques used in genetic epidemiology. 

4.1.	Genome-wide association studies
A Genome-Wide Association Study (GWAS) is a hypothesis generating epidemiological 

study that aims to observe associations between Single Nucleotide Polymorphisms 

(SNPs) and traits of interest to understand the underlying biology and to ultimately 

improve treatment and prevention strategies (66). In the last decade, genetic studies 

such as GWAS and exome array studies (67), have been instrumental to identify genetic 

determinants of impaired lung function and COPD (68, 69). Those studies have also 

been successful in unravelling pathways and genes through which disease evolves in 

the body, such as the already consistently replicated loci hedgehog-interacting protein 

(HHIP), Family with sequence similarity 13 member A (FAM13A) and the smoking 

related nicotinic acetylcholine receptor CHRNA5 (67, 70-72) (Figure 2).

Figure 2 Manhattan plot from the publication of Hobbs and colleagues (70) Gene names in 
gray are previously known COPD or lung function (FEV1 or FEV1/FVC) loci; novel gene loci are 
indicated in black. 

4.2.	Epigenome-wide association studies
Similar to GWAS, an epigenome-wide association study (EWAS) is a hypothesis 

generating study investigating how epigenetic variations such as DNA methylation, 

histone modifications and non-coding RNA activities can influence phenotypes and 
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diseases (73). Among all forms of DNA methylation, methylation of cytosines in the 

context of cytosine–guanine dinucleotides (CpG) is the most prominent one. DNA 

methylation of cystosine is mapped through treatment of the genomic DNA with sodium 

bisulfite (74). The unmethylated cytosines will then convert to uracils, followed by 

thymidines that can be easily detected in a PCR, while the methylated cytosines remain 

unchanged (Figure 3). DNA methylation plays a key role in normal cellular function 

and homeostasis, whereas abnormal DNA methylation is associated with disease. So 

far, the role of epigenetic variation, particularly DNA methylation, has been mainly 

studied in the context of cancer (73, 75-77). EWAS on other complex diseases are also 

emerging and correlation between genotype and epigenotype (methQTL) favours the 

integrated approach between GWAS and EWAS in the future (73). 

Figure 3 Detection of methylated regions after treatment with sodium bisulfite. DNA methylation 
of cystosine is mapped through treatment of the genomic DNA with sodium bisulfite (74). The 
unmethylated cytosines will then convert to uracils (UG), followed by thymidines (TG) that can 
be easily detected in a PCR, while the methylated cytosines remain unchanged (CG)

4.3.	Genome-wide linkage analysis
GWAS studies have been functional to identify common genetic variants of disease. 

However, an emerging viewpoint suggests that rare variants -which are not well studied 

using GWAS- could explain a substantial part of the missing heritability (78, 79). Before, 

linkage analysis was the main tool to investigate rare genetic variance in complex 

traits with familial aggregation, until the focus was shifted to GWAS. Genome-wide 

linkage analysis is a powerful tool to localize disease genes on specific chromosomes 

. It relies on the theory that genes that are nearby each other are more linked and 

segregated together during meiosis compared to genes further away, and thereby links 

chromosomal fragments together among related individuals with trait similarity. In their 

most typical form, linkage studies have three steps. The first step is the identification of 
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the disease locus, next, sequence analysis is performed to define the rare deleterious 

variant, and finally, functional analysis follows to unravel the pathophysiology (80). 

With the increased use of whole genome sequencing (WGS), linkage studies have now 

more potential again to be used in identifying rare variants that cannot be captured in 

GWAS due to power issues (78-81). 

5.	Ai ms and outline of this thesis

The general aim of this thesis was to study the epidemiology of impaired lung function 

and COPD, to unravel its  genetic and non-genetic determinants, and finally to study 

the impact of impaired lung function on adverse health outcomes, such as mortality. 

Chapter 2: Epidemiology of COPD

In the first chapter of this thesis we studied the epidemiology of COPD. Here we 

focused on the prevalence and incidence of COPD in middle-aged and older subjects 

in the Rotterdam Study, with approximately 15,000 participants and a follow-up period 

of up to 25 years. 

Chapter 3: Genetic epidemiology

In the chapters 3.1 and 3.2, we studied the heritability and the genetic determinants 

of pulmonary function tests; spirometry and diffusing capacity, respectively. In chapter 

3.3, we investigated the association between occupational exposures on DNA 

methylation, and assessed the effect of occupational exposures on lung function in 

never smoking individuals via epigenetic mechanisms. In chapter 3.4, we also studied 

the epigenetic signature of diffusing capacity. Finally, in chapter 3.5, we studied rare 

variants that possibly affect COPD through linkage and exome sequence analyses. For 

the research work in this chapter, we collaborated with other large cohorts from The 

Cohorts for Heart and Aging Research in Genomic Epidemiology (CHARGE) consortium 

(chapter 3.1), with colleagues from the Framingham Heart Study (chapter 3.2 and 3.4), 

Lifelines (chapter 3.3) and the Erasmus Rucphen Family (ERF) study (chapter 3.5). 

Chapter 4: Clinical relevance

In the third chapter, we aimed to investigate the adverse effects of an impaired lung 

function on health outcomes. In chapter 4.1, we investigated the effect of an increased 

pulmonary artery to aorta ratio, as measured on CT scans of the thorax, on mortality in 

individuals with COPD, and explored the modifying effect of diffusing capacity in this 

association. Finally, in chapter 4.2, we investigated the association between COPD and 

the risk to develop peripheral artery  disease (PAD) and mortality. 
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Abstract 

Background: COPD is the third leading cause of death in the world and its global 

burden is predicted to increase further. Even though the prevalence of COPD is well 

studied, only few studies examined the incidence of COPD in a prospective and 

standardized manner. 

Methods: In a prospective population-based cohort study (Rotterdam Study) enrolling 

subjects aged ≥45, COPD was diagnosed based on a pre-bronchodilator obstructive 

spirometry (FEV1/FVC < 0.70). In absence of an interpretable spirometry within the 

Rotterdam Study, cases were defined as having COPD diagnosed by a physician on the 

basis of clinical presentation and obstructive lung function measured by the general 

practitioner or respiratory physician. Incidence rates were calculated by dividing the 

number of incident cases by the total number of person years of subjects at risk. 

Results: In this cohort of 14,619 participants, 1,993 subjects with COPD were identified 

of whom 689 as prevalent ones and 1,304 cases as incident ones. The overall incidence 

rate (IR) of COPD was 8.9/1,000 person-years (PY); 95% Confidence Interval (CI) 8.4 

to 9.4. The IR was higher in males and in smokers. The proportion of female COPD 

participants without a history of smoking was 27.2%, while this proportion was 7.3% 

in males. 

Conclusion: The prevalence of COPD in the Rotterdam Study is 4.7% and the overall 

incidence is approximately 9/1,000 PY, with a higher incidence in males and in 

smokers. The proportion of never-smokers among female COPD cases is substantial.

Key words: COPD, GOLD, LLN, prevalence, incidence, the Rotterdam Study. 
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Introduction

Worldwide, Chronic Obstructive Pulmonary Disease (COPD) is the third leading cause 

of death [1]. COPD is characterized by persistent airflow limitation that is typically 

progressive and associated with an enhanced chronic inflammatory response in the 

airways and lung tissue to harmful particles or gases [2]. The chronic airflow limitation 

in COPD is caused by the combination of parenchymal destruction (emphysema) and 

small airways disease (obstructive bronchiolitis), of which the relative presence varies 

from person to person [2]

According to estimates from the Global Burden of Disease Study, COPD was 

prevalent in more than 300 million people in 2013 [3]. The disease burden and 

its financial impact is predicted to increase, mainly due to population aging [4-6]. 

Several studies reported on the prevalence of COPD. In European adult populations 

over 40 years, the prevalence of COPD ranges between 15-20% and is higher in men 

than in women [7-9]. Even though the prevalence of COPD is well known, only few 

studies examined its incidence rate in a prospective and standardized manner (please 

see supplementary Table 1S in Online Resource 1 for an overview of studies which 

investigated the incidence of COPD).

While tobacco smoking is a major risk factor for COPD, only approximately 20% 

of smokers develop the disease . More evidence is rising to suggest that other risk 

factors such as air pollution, respiratory infections, poor nutritional status, chronic 

asthma, impaired lung growth, poor socio-economic status and genetic factors are also 

important for disease development [10-12]. About 15-20% of COPD cases are due to 

occupational exposures to pollutants at the workplace [9], and about 50% of subjects 

who died from COPD in developing countries have been exposed to biomass smoke 

during lifetime [10]. These facts emphasize the need for action in order to reduce 

the impact of those risk factors on disease development. To this end, investigating 

the incidence of COPD is important, since it might shed light on new trends in the 

development and course of the  disease, which in turn can lead to new insights and 

guidance for prevention and treatment. Therefore, the objective of this study is to 

investigate the prevalence and incidence of COPD by age, sex and smoking status in 

the participants of the Rotterdam Study, a large ongoing prospective population-based 

cohort study with 25 years of follow-up. 

Materials and methods

The present study was embedded within the Rotterdam Study, an ongoing prospective 

population-based cohort study that investigates the occurrence of chronic diseases and 
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risk factors in elderly. The objective and methods of this cohort have been published 

previously [13, 14]. Briefly, The Rotterdam Study (RS) includes approximately 15,000 

participants aged ≥ 45 years, living in Ommoord, a well-defined suburb of the city of 

Rotterdam, The Netherlands, and encompasses three cohorts: RS I, RS II and RS III. 

Baseline data were collected between 1989 and 1992 in RS I (n = 7,983), between 

2000 and 2003 in RS II (n = 3,011) and between 2006 and 2009 in RS III (n = 3,932); 

thereafter cross-sectional surveys and examinations have been conducted every 4 

to 5 years. Participants were initially interviewed at home for information on their 

health status. This was followed by an extensive set of examinations performed at a 

specially built research facility in the study district. Trained research assistants collected 

information from medical records of the general practitioners (GPs), nursing homes and 

hospitals. The study was approved by the medical ethics committee of Erasmus Medical 

Center, Rotterdam. All participants gave their written informed consent and permission 

to retrieve information from treating physicians.

COPD diagnosis 
COPD was diagnosed based on an obstructive pre-bronchodilator spirometry (FEV1/

FVC < 0.70) according to the GOLD guidelines [2, 15, 16]. We also diagnosed COPD 

according to the lower level of normal (LLN) instead of GOLD as a sensitivity analysis as 

proposed by Hankinson et al. [17]. Spirometry was performed by trained paramedical 

personnel according to the ATS/ERS guidelines, using a portable spirometer (SpiroPro; 

Erich Jaeger GmbH; Hoechberg, Germany) from 2002-2008, and using a Master 

Screen® PFT Pro (Care Fusion, the Netherlands) since 2009. Spirometry results which 

did not meet ATS/ERS criteria for acceptability were classified as not interpretable [18, 

19]. Reversibility tests were not performed. 

Within the Rotterdam study, pre-bronchodilator spirometry was performed in 

8,411 participants. In 7,188 subjects, the spirometry met ATS/ERS criteria and was thus 

interpretable. In absence of an interpretable study-acquired spirometry, the medical 

records including letters from specialists and the electronic GP files were reviewed of 

all patients who regularly used medication for obstructive lung disease (Anatomical 

Therapeutic Chemical Classification codes: R03). Drug use was exclusively used for 

potential case finding; each such potential case was subsequently validated through 

careful evaluation of all medical records, hospitalizations and specialist letters and 

only included if a clear and well-founded diagnosis of COPD was retained. Cases were 

then defined as having a physician diagnosed COPD based on clinical presentation 

and obstructive lung function measured by the GP or respiratory physician. Physician 

diagnosed asthma patients (n=460) were excluded from the COPD cases, but were 

controls, as they were at risk to develop COPD. In addition, 54 asthma cases were 

added to the COPD group since they developed COPD during follow-up. All asthma 
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cases had a validated physician diagnosis of asthma identified by thorough examination 

of medical charts information, as spirometry data provide us only with information 

about airflow limitation. A total of 311 of the 460 (68%) asthma cases also performed 

an interpretable (pre-bronchodilator) spirometry within the Rotterdam Study. Within 

the 311 subjects with physician-diagnosed asthma and an interpretable spirometry, 60 

had an obstructive lung function examination (FEV1/FVC < 0.7).  Those subjects would 

have been classified as COPD if we had solely based our COPD classification on 

spirometry data. This demonstrates the strength of our approach of combining medical 

chart information with spirometry data.

The incident date was defined as the date of the first obstructive lung function 

examination, the date of COPD diagnosis in the medical records or the date of first 

prescription of the COPD medication (in those with established COPD) whichever 

came first. 

Prevalent cases were defined as having COPD at inclusion. Incident cases were 

defined as participants who acquired COPD during follow-up. For incident COPD 

cases, follow-up time was defined as the time period between the start of the study 

and the diagnosis of COPD, lost to follow up, death, or the last visit to the study centre 

(December, 2014).

Statistical analysis

Statistical analysis was performed using SPSS statistical software (SPSS for Windows, 

version 21; SPSS; Chicago, IL), R (Foundation for Statistical Computing, Vienna, 

Austria) and Microsoft Excel (version 2010). For the statistical analyses, patients without 

informed consent for follow-up were excluded. The prevalence of COPD (%) was 

calculated by dividing the total number of COPD cases at baseline (prevalent cases) by 

the total number of participants included. The prevalence at the end of follow-up (%) 

was calculated as the total number of COPD cases at the end of this study divided by the 

total number of participants included. For the analysis of the incidence rate of COPD, 

patients with prevalent COPD were excluded. Median follow up time was estimated 

using the reverse Kaplan Meier method (also called Kaplan-Meier estimate of potential 

follow-up method). Incidence rates were calculated by dividing the number of incident 

cases by the total number of person years of subjects at risk and are presented per 

1,000 person years. The 95% Confidence Intervals (CI) were calculated using a Poisson 

distribution. Incidence rates were stratified for sex, age, and self-reported smoking 

behaviour at baseline. Age was categorized into eight groups (45-<50, 50-<55, 55-

<60, 60-<65, 65-<70, 70-<75, 75-<80, >80 years) as described before [18]. Smoking 

behaviour was categorised as current, former and never.
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To study age-specific incidence rates, follow-up time was divided by five-year age 

intervals. Subjects contributed to the subsequent age intervals until they developed 

COPD, were lost to follow up, died, or reached the end of study (December, 2014).

Results 

In this cohort of 14,619 participants with informed consent for follow-up, a total of 1,993 

individuals (56.5% males) were identified as having COPD and 12,626 participants 

(38.8% males) did not have COPD. A total of 689 COPD subjects were identified as 

having prevalent COPD at baseline and 1,304 COPD cases were incident (Figure 1). 

The median follow-up time was 10.7 years (with a maximum follow-up time up to 25 

years) and mean age at baseline was 65.8 ± 10.4 years. 

Regarding the smoking status 21.7% of the study participants were current smokers, 

41.7% former smokers and 34.2% never smokers (Table 1). In ever smokers, 17.8% 

(1,663/9,169) had COPD (including incident and prevalent cases), whereas in never 

smokers the prevalence of COPD was 6.4% (318/4,997). In men, 17.3% (n=1,042/6,024) 

were never smokers, compared to 46.0% (n=3,955/8,595) never smoking women. The 

proportion of COPD female cases without a smoking history was 27.2% (236/867), 

while the proportion of never smokers among COPD male cases was 7.3% (82/1,126). 

Amongst the incident COPD patients who never smoked, questionnaire information 

on passive smoking was available in 170 patients. The proportion of passive smoking 

in these patients was 51.2% (n=87) and amongst these passive smokers, the majority 

were female (67/87,77%). 

Appendix 
Figure 1. Flow chart of participants in the study.

N= 14,926 Eligible subjects

n= 14,619 Included 

n= 689 prevalent cases
n

n = 307
Participants without consent for follow up 
were excluded

n= 12,626 Participants without COPDn= 1,993 COPD cases

n= 1,304 incident cases 

Fig. 1 Flow chart of participants in the study.
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The prevalence of COPD at baseline in the Rotterdam Study was 4.7% (689/14,619) 

and the prevalence at the end of follow-up was 13.6% (1993/14,619). The overall 

incidence rate (IR) of COPD was 8.9/1,000 person-years (PY) (95% CI 8.4 to 9.4/1,000 

PY). For the sensitivity analysis using LLN instead of GOLD classification method, the 

overall incidence rate was 5.5/1,000 PY (95% CI 5.2 to 5.9) (See Table 2S in online 

resource 2 for detailed information on the prevalence and incidence data according to 

different classification methods; GOLD and LLN). 

Subgroup analysis of the spirometry data based on GOLD (n=7,153) versus medical 

record data (n=7,466) was also performed. The prevalence of COPD was 5.3% versus 

Table 1 Baseline characteristics of the study population (n= 14,619)a
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n= 14,619 Included  

n= 689 prevalent cases 

n = 307 
Participants without consent for follow up 
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n=  12,626 Participants without COPDn= 1,993 COPD cases

n= 1,304 incident cases 

Fig. 1 Flow chart of participants in the study

Table 1 Baseline

characteristics of the study

population (n = 14,619)

Characteristics Total

n = 14,619

COPD cases

n = 1993

Non-cases

n = 12,626

Age (years) at baseline 65.8 (10.4) 64.8 (8.5) 65.9 (10.6)

Gender n (%)

Males 6024 (41.2) 1126 (56.5) 4898 (38.8)

Females 8595 (58.8) 867 (43.5) 7728 (61.2)

Genetic ethnicity n (%)

Central European 11,617 (98.0) 1638 (98.9) 9979 (97.9)

Asian 145 (1.2) 14 (0.8) 131 (1.3)

African 69 (0.6) 2 (0.1) 67 (0.7)

Admixed 21 (0.2) 3 (0.2) 18 (0.2)

Missing genetic data n 2767 336 2431

Smoking at baseline n (%)

Current smoker 3078 (21.7) 800 (41.0) 2278 (18.6)

Former smoker 6091 (43.0) 831 (42.6) 5260 (43.1)

Never smoker 4997 (35.3) 318 (16.3) 4679 (38.3)

Missing n 453 44 409

Pack years of smoking mean (SD)

Current smoker 30.3 (21.3) 34.6 (19.8) 28.7 (21.5)

Former smoker 22.0 (23.8) 33.6 (28.5) 20.2 (22.5)

Missing n 770 77 693

Anthropometry mean (SD)

Weight (Kg) 76.0 (13.9) 76.2 (13.4) 76.0 (14.0)

Height (cm) 168.0 (9.6) 170.5 (9.4) 167.6 (9.5)

BMI 26.9 (4.1) 26.1 (3.9) 27.0 (4.1)

Missing n 1559 143 1416

Blood pressure mean (SD)

Systolic blood pressure (mmHg) 139.6 (36.3) 138.1 (32.4) 139.8 (36.9)

Diastolic blood pressure (mmHg) 78.5 (33.7) 77.7 (29.1) 78.6 (34.4)

Missing n 1392 131 1261

Data are presented as n (% of valid total) or Mean ± standard deviation (SD)

788 N. Terzikhan et al.
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a Data are presented as n (%) or Mean ± Standard deviation (SD).a Data are presented as n (%) or Mean ± Standard deviation (SD).
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4.2%, respectively. The incidence rate of COPD was 11.7/1,000PY (95% CI 10.9 to 

12.4) versus 5.8/1,000PY (95% CI 5.3 to 6.4), respectively (Table 2S in online resource 

2). Additional information is provided on severity and respiratory complaints in the 

spirometry group in Table 3S in online resource 3. 

The overall IR was higher in men (13.3/1,000 PY, 95% CI 12.4-14.3) than in women 

(6.1/1,000 PY, 95% CI 5.6-6.6); age specific IR ranged between 8.7 and 17.6/1,000 PY 

in males and 3.0 to 7.9/1,000 PY in females. The incidence of COPD increased from 

the age of 45 in both sexes to the age of 80 in men and 75 in women (Figure 2). The 

IR was higher in current and former smokers than in never-smokers (19.7/1,000 PY, 

95% CI 18.1-21.4 in current smokers, 8.3/1,000 PY, 95% CI 7.6-9.1 in former smokers 

and 4.1/1,000 PY, 95% CI 3.6-4.7, in never smokers). The IR of COPD in smoking men 

was 15.0/1,000 PY (95% CI 13.9-16.2) compared to 8.6/1,000 PY (95% CI 7.8-9.5) in 

smoking women. The age-specific IR of COPD in ever smokers ranged between 7.3 and 

15.3/1,000 PY. The IR was 6.0/1,000 PY (95% CI 4.6-7.8) in never smoking men and 

3.7/1,000 PY (95% CI 3.1-4.3) in never smoking women. The age-specific incidence 

of COPD in never smokers increased by age, but to a lesser extent than the incidence 

of COPD in ever smokers (Figure 3). After stratification by sex and smoking history, the 

age-specific incidence in never smoking women showed the same pattern (Figure 4). 
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Fig. 2 Age-specific incidence of COPD by sex
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Fig. 3 Age specific incidence of COPD by smoking behaviour
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Fig. 4 Age-specific incidence of COPD by sex (a: men and b: women) and smoking behaviour
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Discussion

In this large prospective cohort study, the baseline prevalence of COPD was 4.7% 

and the prevalence at the end of follow-up was 13.6%. The overall incidence rate of 

COPD was approximately 9/1,000 PY. This rate increased progressively with age, was 

higher in men than in women and higher in ever smokers compared to never smokers. 

Importantly, more than one in four female COPD subjects was a never smoker.

We previously published on the prevalence and incidence rates of COPD in the first 

Rotterdam Study (RS I; encompassing 7,983 participants) over a follow-up period of 

15.5 years (from 1989 till 2004) [18]. Here we report on the prevalence and incidence 

rates of COPD in all three RS cohorts (encompassing 14,926 participants) with an 

extended follow-up period of up to 25 years (from baseline till 2014). Comparing 

the results, the overall incidence rate in both studies showed high consistency (IR: 

9,2/1,000 PY [95% CI; 8,5-10] in RS I versus 8,9/1,000 PY [95% CI; 8.4-9.4] in RS I, II 

and III combined). Given that both cohort studies used overlapping but different data 

sources (RS I versus RS I, II and III) and had different lengths of follow-up (15,5 versus 

25 years), the consistency found highlights the reliability of the epidemiologic data. 

Reviewing the literature, several studies reported on the prevalence of COPD. 

These prevalences varied widely and ranged from 0.2% in Japan to 37% in the USA 

and between 2.1% and 26.1% in Europe [7, 8]. Bischoff et al. presented data on the 

prevalence of COPD in a dynamic general practice population aged 40 and older in 

the Netherlands using data from the Continuous Morbidity Registration [20]. Their 

prevalence (5.4%) was in line with the one found in our study (4.7%). 

Numerous studies reported on the incidence of COPD but only few studies reported 

the incidence rate taking the individual contribution to follow-up into account, in large 

cohorts with long follow-up time (see supplementary Table 1S).The reported measures 

on the incidence varied widely when reported in terms of rates per 1000 persons, 

ranging from 8.2 to 81.6 [21-23], while the incidence rates reported per person time 

units ranged from 2.6 to 9.2 per 1,000 PY [18, 24-27]. This variation in incidence rates 

can be explained by variability in terms of the definition of COPD, research methods, 

source population and calendar time [7]. 

Overall, our study confirms that the incidence of COPD is higher in men than in 

women and in elderly (>75y) than in younger subjects. At our study centre, COPD was 

diagnosed based on an obstructive (pre-bronchodilator) spirometry. If an interpretable 

spirometry was not available, COPD was defined as a validated diagnosis made by the 

GP or the respiratory physician on the basis of clinical presentation and obstructive lung 

function.Therefore, not only symptomatic but (in contrast to the patients seen by the 

physician in the clinic) also asymptomatic or oligosymptomatic subjects with COPD 

were diagnosed in the RS. Since mild COPD cases rarely seek medical attention, the 
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true incidence of COPD is frequently underestimated in clinical settings [23]. Studies 

that reported on physician diagnosed COPD showed lower IRs compared to the rate 

found in our epidemiologic study [24, 25, 28] (Table 1S). In our study, subgroup analysis 

of the spirometry data versus medical record data were also calculated. The incidence 

rates showed a similar pattern as compared to the literature and were 11.7/1,000 PY 

using spirometry data versus 5.8/1,000 PY using medical records data. 

In this study, we classified COPD cases according to GOLD guidelines. Since 

ATS and ERS recently advocate the use of the Lower Limit of Normal (LLN), we also 

recalculated the incidence rate using LLN classification in the spirometry group instead 

of GOLD. The overall incidence rate after reclassifying the spirometry based COPD cases 

according to LLN was lower than the initial incidence rate using GOLD (5.5/1,000PY 

versus 8.9/1,000 PY) which is in line with the literature [29] This difference is ascribed 

to the fact that mild COPD cases as classified according to GOLD were considered as 

controls when LLN was used as a cut-off. Whether mild (asymptomatic) COPD should 

be classified as COPD is sometimes debated. However, Mannino et al. demonstrated 

that subjects classified as “cases” using GOLD but as “normal” using LLN have a 

significantly higher risk of COPD-related hospitalization and mortality [30].

In our study, the age-specific incidence of COPD in never smokers increased by 

age, but to a lesser extent than the incidence of COPD in current and former smokers 

(Figure 3). The detection of COPD cases in never smokers indicates that, besides 

tobacco smoking, other factors such as genetic susceptibility, impaired lung growth, 

respiratory infections and environmental exposures including occupational exposures 

and (outdoor and indoor) air pollution might contribute to the development of COPD 

[10-12]. Interestingly, in our study, approximately 27.2% of all female COPD cases 

were never smokers, whereas this prevalence was much lower in men (7.3%). This 

suggests that the contribution of environmental exposures other than active smoking 

leading to COPD seems more substantial in females than in males. Indeed, our data 

confirm that one of these environmental exposures namely; passive smoking, is higher 

in females than in males [31-33]. 

Likewise, more evidence is emerging on the increasing occurrence of COPD in 

non-smoking individuals, especially in females. Worldwide an estimated 25-45% of 

patients with COPD never smoked [10]. Nevertheless, most randomized clinical trials 

(RCT) that examine the efficacy and safety of pharmacologic treatments for COPD, only 

include COPD patients with a history of cigarette smoking of at least 10 pack years 

[10]. 

The burden of COPD in never smokers is higher than previously believed [10, 

11, 31, 34], therefore more research is needed to unravel the characteristics of non-

smoking COPD in order to address the true burden, prognosis, clinical, radiographic 
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and physiological features and treatment possibilities in this specific and neglected 

group.

The strengths of the Rotterdam study are the prospective, population-based design 

with a maximum follow-up time of 25 years. In addition, measurements of the variables 

in this prospective cohort is done independently of the research question, which makes 

it less prone to information and selection bias. 

A limitation is that spirometry measurements were introduced in the Rotterdam study 

in January 2002 and therefore measured in only 8,411 participants (out of 9,950 still 

alive). This could lead to an underestimation of asymptomatic COPD in the Rotterdam 

Study in participants without spirometry measurement. A second limitation is that within 

the Rotterdam Study, as in most population-based cohort studies, reversibility tests were 

not performed, because the use of inhaled bronchodilators could interfere with other 

tests during the study visit. This could inflate the prevalence of COPD considerably 

[35, 36]. While some researchers state that the use of a bronchodilator is necessary to 

eliminate the variable airflow limitation in order to diagnose COPD [37], others suggest 

that bronchodilator responsiveness is anyway greatly variable and that more than 50% 

of the patients who initially were classified as reversible would be reclassified, had they 

attended on a different occasion [38, 39]. The use of pre-bronchodilator spirometry 

implies that we cannot exclude the possibility of misclassification of some asthma 

patients as COPD patients. To minimize the risk of misclassification, we additionally 

identified and validated patients with physician-diagnosed asthma. However, we still 

acknowledge the use of pre-bronchodilatory test results as weakness because some 

unknown degree of inflation of COPD diagnoses might still be present.

In conclusion, the overall incidence rate of COPD in the Rotterdam Study was 

approximately 9/1,000 PY, with a higher incidence in males and in smokers. The 

proportion of never smokers among COPD cases is substantial and higher in females 

than in males.
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Abstract

Background: Near 100 loci have been identified for pulmonary function, almost 

exclusively in studies of European ancestry populations. 

Methods: We extend previous research by meta-analyzing genome-wide association 

studies of 1000 Genomes imputed variants in relation to pulmonary function in 

a multiethnic population of 90,715 individuals of European (N=60,552), African 

(N=8,429), Asian (N=9,959), and Hispanic/Latino (N=11,775) ethnicities. 

Results: We identify over 50 additional loci at genome-wide significance in ancestry-

specific or multiethnic meta-analyses. Using recent fine-mapping methods incorporating 

functional annotation, gene expression, and differences in linkage disequilibrium 

between ethnicities, we further shed light on potential causal variants and genes at 

known and newly identified loci. Several of the novel genes encode proteins with 

predicted or established drug targets, including KCNK2 and CDK12. 

Conclusion: Our study highlights the utility of multiethnic and integrative genomics 

approaches to extend existing knowledge of the genetics of lung function and clinical 

relevance of implicated loci. 
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Introduction

Pulmonary function traits (PFTs), including forced expiratory volume in the first second 

(FEV1) and forced vital capacity (FVC), and their ratio FEV1/FVC, are important clinical 

measures for assessing respiratory health, diagnosing chronic obstructive pulmonary 

disease (COPD), and monitoring the progression and severity of various other lung 

conditions. Further, even when within the normal range, these parameters are related 

to mortality, independently of standard risk factors1-3.

In addition to lifestyle and environmental factors, such as smoking and air pollution, 

genetics influences pulmonary function4-6. Previous genome-wide association studies 

(GWAS) have identified nearly 100 loci associated with PFTs7-15. These analyses have 

been primarily conducted using HapMap imputed data among European ancestry 

populations7-12. Recently, the UK BiLEVE Study (N=48,943) and SpiroMeta Consortium 

(N=38,199) have also examined associations between 1,000 Genomes imputed 

variants and PFTs, but only among Europeans13-15. 

The present Cohorts for Heart and Aging Research in Genomic Epidemiology 

(CHARGE) meta-analysis builds upon previous studies by examining PFTs in relation 

to the more comprehensive 1000 Genomes panel in a larger study population (90,715 

individuals from 22 studies, Table 1) comprised of multiple ancestral populations: 

European (60,552 individuals from 18 studies), African (8,429 individuals from 

7 studies), Asian (9,959 individuals from 2 studies), and Hispanic/Latino (11,775 

individuals from six ethnic background groups in 1 study). Along with look-up of our 

top findings in existing analyses of lung function traits and COPD, we additionally 

investigate correlation with gene expression in datasets from blood and lung tissue, 

identify known or potential drug targets for newly identified lung function associated 

loci, and assess the potential biological importance of our findings using recently 

developed methods integrating linkage disequilibrium (LD), functional annotation, 

gene expression and the multiethnic nature of our data. By conducting a GWAS meta-

analysis in a large multiethnic population and employing recently developed integrative 

genomic methods, we identify over 50 additional loci associated with pulmonary 

function, including some with functional or clinical relevance

Results

Ancestry-Specific Meta-Analyses
Each study used linear regression to model the additive effect of variants on PFTs, 

adjusting for age, sex, height, cigarette smoking, weight (for FVC only), and center, 

ancestral principal components, and a random familial effect to account for family 
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Table 1. Sample size and location of studies included in the CHARGE consortium 1000 Genomes 
and pulmonary function meta-analysis

    Sample Size by Ancestry

Studya Country European African Hispanic/Latino Asian

AGESb Iceland 1620      

ALHS United States 2844      

ARICb United States 8878 1837    

CARDIAb United States 1580 883    

CHSb United States 3135 566    

FamHS United States 1679      

FHSb United States 7689      

GOYA Denmark 1456      

HCHS/SOL United States     11775  

HCSb Australia 1822      

Health ABCb United States 1472 943    

Healthy Twin South Korea       2098

JHS United States   2015    

KARE3 South Korea       7861

LifeLinesb Netherlands 11851      

LLFSb United States 
and Denmark

3787
     

MESAb United States 1339 863    

NEO Netherlands 5460      

1982 Pelotas Brazil 1357 1322    

RS Ib Netherlands 1232      

RS IIb Netherlands 1135      

RS IIIb Netherlands 2216      

  Total 60552 8429 11775 9959

aAGES Age Gene Environment Susceptibility Study; ALHS Agricultural Lung Health Study (1180 
asthma cases and 1664 controls); ARIC Atherosclerosis Risk in Communities  Study; CARDIA 
Coronary Artery Risk Development in Young Adults; CHS Cardiovascular Health Study; FamHS 
Family Heart Study; FHS Framingham Heart Study; GOYA Genetics of Overweight Young Adults 
Study (670 obese cases and 786 controls); HCHS/SOL Hispanic Community Health Study/Study 
of Latinos; HCS Hunter Community Study; JHS Jackson Heart Study; KARE3 Korean Association 
Resource Phase 3 Study; LLFS Long Life Family Study; MESA Multi-Ethnic Study of Atherosclerosis; 
NEO Netherlands Epidemiology of Obesity Study; RS Rotterdam Study
bStudies included in one or more previous CHARGE papers: Hancock et al 2010 included ARIC, 
CHS, FHS, RSI and RSII; Soler-Artigas et al 2011 included AGES, ARIC, CHS, FHS, Health ABC, 
RSI and RSII in stage 1 and HCS, CARDIA, LifeLines, MESA, and RSIII in stage 2; and Loth et al 
2014 included AGES, ARIC, CARDIA, CHS, FHS, Health ABC, HCS, MESA, RSI, RSII, and RSIII in 
stage 1 and LifeLines and LLFS in stage 2.
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relatedness when appropriate. Ancestry-specific fixed-effects inverse-variance 

weighted meta-analyses of study-specific results, with genomic control correction, were 

conducted in METAL (http://www.sph.umich.edu/csg/abecasis/metal/). Meta-analyses 

included approximately 11.1 million variants for European ancestry, 18.1 million for 

African ancestry, 4.2 million variants for Asian ancestry, and 13.8 million for Hispanic/

Latino ethnicity (see Methods).

European ancestry meta-analyses identified 17 novel loci (defined as more than 

500kb in either direction from the top variant of a known locus as has been used in 

previous multiethnic GWAS16) which were significantly (defined as P<5.0x10-8) 14,17 

associated with pulmonary function: 2 loci for FEV1 only, 6 loci for FVC only, 7 loci 

for FEV1/FVC only, and 2 loci for both FEV1 and FVC (Table 2, Figure 1, Supplementary 

Figures 2-3). The African ancestry meta-analysis identified 8 novel loci significantly 

associated with pulmonary function: 2 loci for FEV1, 1 locus for FVC, and 5 loci for 

FEV1/FVC (Table 3, Supplementary Figures 1-3). Five of these loci were also significant 

at a stricter P<2.5x10-8 threshold as has been suggested for populations of African 

ancestry17. Six of the African ancestry loci were identified based on variants with low 

allele frequencies (0.01-0.02) in African ancestry and which were monomorphic or 

nearly monomorphic (allele frequency < 0.004) in other ancestries (European, Asian, 

and Hispanic; Supplementary Table 2). In the Hispanic/Latino ethnicity meta-analysis, 

we identified one novel locus for FVC (Table 3, Supplementary Figures 1-3). Another 

locus was significantly associated with FEV1, but this region was recently reported by 

HCHS/SOL18. For FEV1/FVC among Hispanics/Latinos, all significant variants were 

in loci identified in previous studies of European ancestry populations. In the Asian 

ancestry meta-analysis, all variants significantly associated with PFTs were also in loci 

previously identified among European ancestry populations (Supplementary Figure 

1). Within each ancestry, variants discovered for one PFT were also looked-up for 

associations with the other two PFTs (Supplementary Table 1).  

Multiethnic Meta-analysis
In multiethnic fixed effects meta-analyses of 10.9 million variants, we identified 47 

novel loci significantly associated with pulmonary function. Thirteen of these loci 

were also identified in the ancestry-specific meta-analyses, while 34 were uniquely 

identified in the multiethnic meta-analysis: 11 loci for FEV1 only, 14 loci for FVC only, 

7 loci for FEV1/FVC only, 1 locus for FEV1 and FEV1/FVC, and 1 locus for all three 

phenotypes (Table 4, Figure 1, Supplementary Figures 2-3). Although many of the 34 

loci uniquely identified in the multiethnic meta-analysis were just shy of significance 

in the European ancestry meta-analysis, and therefore benefited from the additional 

sample size of the multiethnic meta-analysis, some multiethnic loci contained variants 

near genome-wide significance in at least one other ancestry-specific meta-analysis 
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3

with some nominal significance (P<0.05) in the remaining ancestry-specific meta-

analyses (Supplementary Table 3). For example, rs7899503 in JMJD1C was significantly 

associated with FEV1 in the multiethnic meta-analysis (β=21.16ml, P=8.70x10-14) and 

had the following ancestry-specific results: Asian β=28.29ml, P=4.56x10-7; European 

β=17.35ml, P=1.35x10-5; Hispanic β=19.86ml, P=0.002; African β=29.14ml, P=0.03; 

I2=0 and Pheterogeneity=0.40 across the four ancestry-specific results. 

In addition to the fixed-effects multiethnic meta-analysis, we conducted a random-

effects meta-analysis using the Han and Eskin method19 in METASOFT (http://genetics.

cs.ucla.edu/meta/) as a sensitivity analysis. In instances where significant heterogeneity 

is present, the Han-Eskin method mitigates power loss19. In the Han-Eskin random-

effects model, 37 of the 47 loci identified in the fixed-effects model at P<5x10-8 had a 

p-value below the same threshold (Supplementary Table 4). Among the 10 loci that did 

not, eight loci still gave a P<5x10-7 in the Han-Eskin random-effects model (PIK3C2B, 

SUZ12P1, NCOR2/SCARB1, CTAGE1/RBBP8, C20orf112, COMTD1/ZNF503-AS1, 

EDAR, and RBMS3) while only two did not (CRADD and CCDC41) (Supplementary 

Table 4). In addition, there were six loci for FEV1/FVC that were genome-wide significant 

in the Han-Eskin random-effects model that had not quite achieved genome-wide 

significance in the fixed-effects model: GSTO1/GSTO2 (chr10, rs10883990), FRMD4A 

(chr10, rs1418884), ETFA/SCAPER (chr15, rs12440815), APP (chr21, rs2830155), 

A4GNT (chr3, rs9864090), UBASH3B (chr11, rs4935813) (Supplementary Table 4).

X-Chromosome Meta-Analysis
Imputed data for X-chromosome variants was available in 12 studies (ARIC, FHS, 

CHS, MESA, AGES, ALHS, NEO, RS1, RS2, RS3, JHS, Pelotas; N=43,153). Among 

these studies, fixed-effects inverse-variance weighted meta-analyses were conducted 

separately in males and females using METAL and the resulting sex-specific results 

were combined using a weighted sums approach. No X-chromosome variants were 

associated with PFTs at genome-wide significance in ancestry-specific or multiethnic 

meta-analyses. Although the absence of associations between X-chromosome variants 

and PFTs could reflect the reduced sample size, previous GWAS of pulmonary function 

have only identified one variant13.

Look-up Replication of European and Multiethnic Novel Loci 
Our primary look-up replication was conducted in the UK BiLEVE study (N=48,943)14. 

Since this study only included individuals of European ancestry, we sought replication 

only for the 52 novel loci (excluding the major histocompatibility complex, MHC) 

identified in either the European ancestry or multiethnic discovery meta-analyses. 

Data for the lead variant was available in the UK BiLEVE study for 51 loci, including 

49 loci with a consistent direction of effect between our results and those from UK 
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BiLEVE (Supplementary Table 5). Based on a two-sided P<9.6x10-4 (0.05/52), 15 loci 

replicated for the same trait based on the lead variant from our analysis: DCBLD2/

MIR548G, SUZ12P1, CRHR1, WNT3, ZNF337, ALX1/RASSF9, MED1/CDK12, EYA2, 

RBMS3, LINC00340, FLJ35282/ELAVL2, DDHD1/MIR5580, TSHZ3, KLHL22/MED15, 

FAM168A (Supplementary Table 5). It was recently demonstrated that using one-sided 

replication p-values in GWAS, guided by the direction of association in the discovery 

study, increases replication power while being protective against type 1 error compared 

to the two-sided p-values20; under this criterion, an additional four loci replicated for 

the same trait based on the lead variant: RAB5B, JMJD1C, AGMO, and C20orf112 

(Supplementary Table 5). 

We also conducted a secondary look-up replication for European ancestry and 

multiethnic lead variants in the much larger UK BioBank study (N=255,492 with PFTs) 

from which the UK BiLEVE study is sampled. Unlike the UK BiLEVE results which 

were adjusted for age, age2, sex, height, pack-years of smoking, and ancestral principal 

components14, the publicly available UK BioBank results (https://sites.google.com/

broadinstitute.org/ ukbbgwasresults/home) are only adjusted for sex and ancestral 

principal components. In addition, only results for FEV1 and FVC (not the ratio FEV1/

FVC) were currently available. Nevertheless, this secondary look-up yielded evidence 

of replication for the same trait for an additional 9 loci with a two-sided P<9.6x10-4:  

NR5A2, PIK3C2B, OTUD4/SMAD1, AP3B1, CENPW/RSPO3, SMAD3, PDXDC2P, 

SOGA2, DCC (Supplementary Table 5). Another locus also replicated for the same trait 

with a one-sided P<9.6x10-4 (DNAH12) and another discovered for FEV1/FVC also 

replicated for FEV1 and FVC (KCNJ3/NR4A2) in the UK Biobank data. In summary, we 

found evidence of replication in UK BiLEVE or UK Biobank for 30 novel loci.

Look-up Replication of African and Hispanic Novel Loci
Look-up replication of lead variants for novel African ancestry loci was sought in 

three smaller studies of African Americans: COPDGene (N=3,219)21,22, SAPPHIRE 

(N=1,707)23,24, and SAGE (N=1,405; predominantly children)25. We did not find 

evidence of replication for most of the African ancestry loci identified in our study 

(Supplementary Table 6). This could possibly reflect low power given the smaller sample 

sizes of the external studies combined with the low minor allele frequencies (MAF) of 

most (six out of eight) of the African ancestry variants. We found the strongest evidence 

for replication for RYR2 (rs3766889). This variant was common (MAF=0.18) and well 

imputed (r2>0.90) in CHARGE. The effect size was similar across CHARGE (β=52.21ml, 

P=4.12x10-8) and the two adult replication studies (COPDGene β=46.85ml, P=0.03 

and SAPPHIRE β=22.00ml, P=0.32); meta-analysis of these adult studies resulted in 

a significant combined association (β=47.35ml, SE=8.00ml, P=3.30x10-9). In SAGE, 

which includes mostly children and examined percent predicted values, the result was 
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in the opposite direction and not significant. In our Hispanic ethnicity meta-analysis, 

the lead variant from the single novel locus (rs6746679, DKFZp686O1327/PABPC1P2) 

did not replicate in two smaller external studies of Hispanics: MESA (N=806; MESA 

Hispanics not included in discovery) and GALA II (N=2,203; predominantly children)26 

(Supplementary Table 6).

Overlap of Newly Identified Loci with COPD
Pulmonary function measures are the basis for the diagnosis of COPD, an important 

clinical outcome; therefore, we also looked-up the 52 novel loci identified in the 

European ancestry or multiethnic meta-analyses in the International COPD Genetics 

Consortium (ICGC). This consortium recently published a meta-analysis of 1000 

Genomes imputed variants and COPD primarily among individuals of European 

ancestry (N= 15,256 cases and 47,936 controls), including some of the same individuals 

included in the present lung function analysis27. Ten lead variants representing 8 novel 

loci were associated with COPD at P<9.6x10-4: RBMS3, OTUD4/SMAD1, TMEM38B/

ZNF462, NCOR2/SCARB1, SUZ12P1, WNT3, SOGA2, C20orf112 (Supplementary 

Table 7). Directions of effects were consistent between our results and the COPD 

findings for these variants (i.e. variants associated with increased pulmonary function 

values were associated with decreased odds of COPD and vice-versa). Our top variant 

in SOGA2 (also known as MTCL1) is in LD (R2=0.8) with the top variant for COPD as 

reported by the IGCG Consortium27.

eQTL and mQT Signals 
To query whether novel loci contained variants associated with gene expression 

(eQTLs), we looked-up variants from all 60 novel loci identified in any ancestry-specific 

or multiethnic meta-analyses in the following datasets: 1) lung samples from 278 

individuals in GTEx (https://www.gtexportal.org/home/)28; 2) lung samples from 1,111 

participants in studies from the Lung eQTL Consortium including Laval University, the 

University of Groningen and the University of British Columbia29-31; 3) whole blood 

samples from 5,257 Framingham Heart Study participants32; 4) peripheral blood 

samples from 5,311 participants in EGCUT, InCHIANTI, Rotterdam Study, Fehrmann, 

HVH, SHIP-TREND and DILGOM33; and 5) peripheral blood samples from 2,116 

participants in 4 Dutch studies collectively known as BIOS34,35. We examined both 

whole blood and lung datasets to take advantage of the much larger size, and higher 

statistical power, of available blood eQTL datasets since we have previously found 

substantial overlap between lung and blood eQTLs for lung function GWAS loci, as 

well as complementary information from these two different tissues29. The Lung eQTL 

Consortium study used a 10% FDR cut-off, while all other studies used a 5% FDR 

cut-off (see Supplementary Note 1 for further study descriptions and methods).
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A significant cis-eQTL in at least one dataset was found for 34 lead variants 

representing 27 novel loci (Supplementary Table 8). Of these, 13 loci had significant 

cis-eQTLs only in datasets with blood samples and three loci only in datasets with lung 

samples (COMTD1/ZNF503-AS1, FAM168A, SOGA2). Eleven loci had significant cis-

eQTLs in both blood and lung samples based on lead variants, with one locus having 

a significant cis-eQTL across all five datasets (SMAD3) and another four loci having 

a significant cis-eQTL in four datasets (RAB5B, CRHR1, WNT3, ZNF337). Significant 

trans-eQTLs in at least one dataset were found for seven lead variants representing four 

novel loci (TMEM38B/ZNF462, RAB5B, CRHR1, and WNT3, Supplementary Table 8).  

In addition, mQTL data were available from FHS and BIOS. Significant cis-mQTLs 

and trans-mQTLs in at least one dataset were found for 52 lead variants (43 novel loci) 

and one lead variant (one novel locus), respectively (Supplementary Table 8). 

None of the novel variants discovered for African and Hispanic ancestry indicated 

significant cis-eQTLs in GTex which includes some slight multiethnic representation 

(12% African American and 3% other races/ethnicities). Although few ancestry-specific 

eQTL datasets exist, we identified two such studies with blood samples from African 

American participants: SAPPHIRE (N=597) and MESA (N=233)36. In SAPPHIRE, none of 

the eight African ancestry variants identified in the meta-analysis indicated significant 

cis-eQTLs (FDR<0.05), but rs180930492 was associated with a trans-eQTL among 

individuals without asthma and rs111793843 and rs139215025 were associated 

with trans-eQTLs among individuals with asthma at FDR<0.05 (Supplementary Table 

9). In MESA, eQTL data were available for only three of the African ancestry variants 

(rs11748173, rs3766889, rs144296676) and none indicated significant (FDR<0.05) 

cis-eQTLs (Supplementary Table 9).

Heritability and Genetic Correlation
We used LD Score regression37 to estimate the variance explained by genetic variants 

investigated in our European ancestry meta-analysis, also known as SNP heritability. 

Across the genome, the SNP heritability (narrow-sense) was estimated to be 20.7% (SE 

1.5%) for FEV1, 19.9% (SE 1.4%) for FVC and 17.5% (SE 1.4%) for FEV1/FVC.

We also partitioned heritability by functional categories to investigate whether 

particular subsets of common variants were enriched38. We found significant enrichment 

in 6 functional categories for all three PFTs: conserved regions in mammals, DNase I 

hypersensitive sites (DHS), super enhancers, the histone methylation mark H3K4me1 

and histone acetylation marks H3K9Ac and H3K27Ac (Supplementary Figure 4). Another 

seven categories showed enrichment for at least one PFT (Supplementary Figure 5). We 

observed the largest enrichment of heritability (14.5-15.3 fold) for conserved regions 

in mammals, which has ranked highest in previous partitioned heritability analyses for 

other GWAS traits (Supplementary Figure 5)38.
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Since both height and smoking are important determinants of pulmonary function, 

and have been associated with many common variants in previous GWAS, we also 

used LD score regression to investigate genetic overlap39 between our FEV1, FVC and 

FEV1/FVC results and publicly available GWAS results of ever smoking40 and height41. 

No significant genetic correlation was found between PFTs and smoking or height 

(Supplementary Table 10), indicating our findings are independent of those traits.

In addition, we used LD Score regression to investigate genetic overlap between 

each PFT and the other two PFTs, as well as with asthma. Based on the overall PFT 

results presented in this paper, we found significant genetic correlation between FEV1 

and FVC (P<0.001) and between FEV1 and FEV1/FVC (P<0.001), but not between FVC 

and FEV1/FVC (P=0.23; Supplementary Table 10). Since measures of FEV1 and FVC 

(independent of genetics) are highly correlated, and to lesser degree FEV1/FVC10, these 

results are not surprising. Using publicly available GWAS results for asthma42, we also 

found significant correlation between PFTs and asthma (P<0.003; Supplementary Table 

10).

Functional Annotation 
For functional annotation, we considered all novel variants with P<5x10-8 from the 60 

loci discovered in our ancestry-specific and multiethnic meta-analyses, plus significant 

variants from the MHC region, two loci previously discovered in the CHARGE exome 

chip study (LY86/RREB1 and SEC24C)43 and DDX1. Using Ensembl VEP44, we found 

six missense variants in four loci outside of the MHC region and 22 missense variants 

in the MHC region (Supplementary Table 11).  Of the 28 total missense variants, two 

(chr15:67528374 in AAGAB and chr6:30899524 in the MHC region) appear to be 

possibly damaging based on SIFT45 and PolyPhen-246 scores (Supplementary Table 11). 

Using CADD47, we found an additional 28 deleterious variants from 15 loci based on 

having a scaled C-score greater than 15 (Supplementary Data 1). In the MHC region, 

we found another 11 deleterious variants based on CADD. Based on RegulomeDB48, 

which annotates regulatory elements especially for non-coding regions, there were 52 

variants from 18 loci with predicted regulatory functions (Supplementary Data 1). In the 

MHC region, there were an additional 72 variants with predicted regulatory functions. 

Pathway Enrichment Analysis 
Gene set enrichment analyses conducted using DEPICT49 on genes annotated to 

variants with P<1x10-5 based on the European ancestry meta-analysis results revealed 

218 significantly enriched pathways (FDR<0.05) (Supplementary Data 2). The enriched 

pathways were dominated by fundamental developmental processes, including many 

involved in morphogenesis of the heart, vasculature, and lung. Tissue and cell type 

analysis noted significant enrichment (FDR<0.05) of smooth muscle, an important 
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component of the lung (Supplementary Table 12, Supplementary Figure 6). We found 

8, 1, and 82 significantly prioritized genes (FDR<0.05) for FEV1, FVC, and FEV1/FVC, 

respectively (Supplementary Data 3). Given the generally smaller p-values for variants 

associated with FEV1/FVC, enriched pathways and tissue/cell types as well as prioritized 

genes were predominantly discovered from DEPICT analyses of FEV1/FVC.

Due to extended LD across the MHC locus on chromosome 6 (positions 25000000 

to 35000000), DEPICT excludes this region49. Standard Ingenuity Pathway Analysis 

(IPA) run without excluding the MHC highlighted 16 enriched networks based on the 

European ancestry meta-analysis results, including three involved in inflammatory 

diseases or immunity; 33 of the 84 genes in these three networks are in the MHC 

region (Supplementary Table 13). IPA based on the multiethnic results highlighted 21 

enriched networks, including similar inflammatory and immunity related networks 

(Supplementary Table 14).

Identification of Potential Causal Variants using PAINTOR
Using a multiethnic fine-mapping analysis incorporating strength of association, 

variation in genetic background across major ethnic groups, and functional annotations 

in PAINTOR50, we examined 40 loci that contained at least five genome-wide significant 

variants in the European ancestry and multiethnic meta-analyses or at least one 

significant variant in the African ancestry or Hispanic/Latino ethnicity meta-analyses. 

We identified 15 variants representing 13 loci as having high posterior probabilities 

of causality (>0.8): 3 for FEV1, 3 for FVC, and 9 for FEV1/FVC (Supplementary Table 

15, Supplementary Figure 7). Of the 15 putative casual variants, 11 showed high 

posterior probabilities of causality (>0.8) before considering annotations and 4 were 

identified by adding functional annotations. Nine were the top SNPs at that locus from 

the fixed-effects meta-analysis (loci: WNT3, PMFBP1/ZFHX3, EN1/MARCO, C2orf48/

HPCAL1, CPT1C, CADPS, LOC283867/CDH5, HDC, and CDC7/TGFBR3), while 6 

were not (loci: CDK2/RAB5B, BMS1P4, PMFBP1/ZFHX3, FLJ35282/ELAVL2, HDC, 

and COL8A1). 

Identification of Independent Signals using FINEMAP
We used FINEMAP51 to identify variants with a high posterior probability of causality 

(>0.6)  independent of 118 lead variants in pulmonary function loci identified in the 

current or previous studies14.  We identified 37 independent variants for 23 previously 

identified loci and one independent variant at each of two novel loci (LINC00340 and 

SLC25A51P1/BAI3; Supplementary Table 16). 
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Gene-based Analysis of GWAS Results using S-PrediXcan
Among the novel loci identified in the current GWAS of PFTs, we identified seven 

variants corresponding to nine  genes demonstrating genome-wide significant evidence 

of association with lung or whole blood tissue-specific expression (Supplementary 

Table 17) based on the gene-based S-PrediXcan approach52. Bayesian colocalization 

analysis53 indicated the following associations demonstrated at least 50% probability 

of shared SNPs underlying both gene expression and PFTs: ARHGEF17 and FAM168A 

in analysis of multiethnic GWAS for FEV1/FVC based on GTEx whole blood models, 

and WNT3 in analysis of multiethnic GWAS for FVC based on GTEx lung models 

(Supplementary Table 18).

Druggable Targets
To investigate whether the genes identified in our study encode proteins with predicted 

drug targets, we queried the ChEMBL database (https://www.ebi.ac.uk/chembl/). 

In addition, we incorporated an IPA to identify potential upstream targets. Genes 

associated with pulmonary function, but not included in the drug target analysis 

performed by Wain et al14, were evaluated, for a total of 139 genes outside of the MHC: 

110 genes representing the 60 novel loci identified in our fixed-effects ancestry-specific 

and multiethnic meta-analysis, 13 genes representing the 6 novel loci identified in 

our random effects meta-analysis19, 3 genes representing an additional 3 loci near 

significance in the African ancestry meta-analysis (BAZ2B, NONE/PCDH10, and 

ADAMTS17), 9 genes representing 2 loci identified in a recent CHARGE analysis of 

exome variants43 which were also significant in our 1000 Genomes analysis (LY86/

RREB1 and SEC24C), and 4 genes representing one locus identified at genome-wide 

significance in a separate publication from one of our participating studies (HCHS/

SOL)18 but also significant in our analysis (ADORA2B/ZSWIM7/TTC19/NCOR1). In the 

ChEMBL database, 17 of these genes encode proteins with predicted or known drug 

targets:  NR5A2, KCNK2, EDAR, KCNJ3, NR4A2, BAZ2B, A4GNT, GSTO1, GSTO2, 

NCOR2, SMAD3, NCOR1, CDK12, WNT3, PYGB, NANP, EYA2 (Supplementary Table 

19). Of these, two genes (KCNK2 and CDK12) have approved drug targets. Using IPA, 

four additional genes were predicted as drug targets (ADORA2B, APP, CRHR1, and 

MAP3K1; Supplementary Table 20) and 37 genes had drugs or chemicals as upstream 

regulators (Supplementary Table 21).

Discussion

By conducting a GWAS meta-analysis in a large multiethnic population we increased 

the number of known loci associated with pulmonary function by over 50%. In total, 
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we identified 60 novel genetic regions (outside of the MHC region): 17 from European 

ancestry, 8 from African ancestry, 1 from Hispanic/Latino ethnicity, and 34 from 

multiethnic meta-analyses. 

For 32 of the 52 loci novel loci identified in our European ancestry and multiethnic 

meta-analyses, we found evidence for look-up replication in the UK BiLEVE study, UK 

Biobank study, or ICGC COPD consortium. For an additional three loci, we found support 

for validation using new genomic methods such as PAINTOR, FINEMAP, or S-PrediXcan. 

Specifically, 19 novel variants replicated in look-up in a smaller independent sample 

of Europeans from the UK BiLEVE study14:  DCBLD2/MIR548G, SUZ12P1, CRHR1, 

WNT3, ZNF337, ALX1/RASSF9, MED1/CDK12, EYA2, RBMS3, LINC00340, FLJ35282/

ELAVL2, DDHD1/MIR5580, TSHZ3, KLHL22/MED15, FAM168A, RAB5B, JMJD1C, 

AGMO, and C20orf112. Based on a minimally adjusted publicly available analysis in 

a larger sample of Europeans from the UK Biobank, an additional 11 loci replicated: 

NR5A2, PIK3C2B, OTUD4/SMAD1, AP3B1, CENPW/RSPO3, SMAD3, PDXDC2P, 

SOGA2, DCC, DNAH12, and KCNJ3/NR4A2. Because UK BiLEVE is sampled from UK 

Biobank we are not able to perform a combined replication meta-analysis. Additionally, 

the studies adjusted for different covariates (UK BiLEVE results were adjusted for age, 

sex, height, pack-years and ancestral principal components while UK Biobank results 

were adjusted for only sex and ancestral components). Among those loci which did not 

directly replicate for PFTs in the UK BiLEVE or UK Biobank datasets, the lead variants 

in an additional two European or multiethnic loci were significantly associated in the 

ICGC Consortium with COPD, which was defined using PFT measures27:  TMEM38B/

ZNF462 and NCOR2/SCARB1.  FINEMAP and S-PrediXcan also produced evidence for 

causality for three European ancestry and multiethnic loci which had not replicated in 

UK BiLEVE, UK Biobank or ICGC: DCAF8, AFAP1, and SLC25A51P1/BAI3. 

The few additional studies with 1000 Genomes imputed variants and pulmonary 

function in African ancestry individuals have smaller samples sizes making replication 

challenging for the eight novel loci identified in our African ancestry meta-analyses. 

Further, lead variants for six of the eight loci were low frequency in African-Ancestry 

(C2orf48/HPCAL1, EN1/MARCO, CADPS, HDC, LOC283867/CDH5, and CPT1C) 

(MAF<0.02), including three not well imputed (r2<0.75), and monomorphic or nearly 

monomorphic in other ancestries (European, Asian, and Hispanic). For the two novel 

African ancestry variants with MAF>0.02 and well imputed (r2>0.90), we found the 

strongest evidence for replication for RYR2 (rs3766889). This variant had a similar effect 

estimate for FEV1 in CHARGE, COPDGene, and SAPPHIRE with a significant combined 

association across these adult studies. Although this particular variant did not quite meet 

genome-wide significance in the multiethnic meta-analysis for FEV1 (P=6.56x10-4), 

another variant in this gene did for FVC (1:237929787:T_TCA, p=4.46x10-8).
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Our analysis also sheds light on additional potential causal genes at a complex 

locus (chromosome 17 near positions 43600000 to 44300000, hg19) previously 

discovered from GWAS of FEV1 which identified KANSL1 in European populations 

as the top finding for this region14,15. With the exception of a single INDEL in KANSL1 

in our European ancestry meta-analysis (17:44173680:T_TC, P=1.03x10-10), we 

found CRHR1 as the strongest gene associated with FEV1 in this region. Although 

some variants in CRHR1 identified in our study are within 500kb of KANSL1 (e.g., 

rs16940672, 17:43908152, P=2.07x10-10), a number of significant variants in this gene 

are more than 500kb away from previously identified hits [our definition of novel] 

(e.g., rs143246821, 17:43685698, P=9.06x10-10). In our multiethnic meta-analysis, 

several variants in CRHR1 were associated with FEV1 at smaller p-values than variants 

in KANSL1. Definitive assessment of the causal variants at this locus, as well as other 

multigenic GWAS loci, will likely require additional data from ongoing large-scale 

sequencing studies to enable detailed fine mapping. 

In both our European and multiethnic meta-analyses we also noted a significant 

association with WNT3 on chromosome 17 near position 44800000 (hg19) which is 

more than 500kb from KANSL1 or CRHR1 [our definition of novel]. We found that 

the top variant in WNT3 for FEV1 among individuals of European ancestry (rs916888, 

17:44863133, P=3.76x10-9) had a high probability for causality based on PAINTOR, an 

analysis which integrates functional annotations along with association statistics and 

LD for each ethnicity50.  We also found evidence that WNT3 may be the causal gene 

at this locus using S-PrediXcan, a gene level association test that prioritizes potentially 

causal genes while filtering out LD-induced false positives52,53. Notably, S-PrediXcan 

implicated WNT3 as a likely mediating gene for FVC based on the top variant in our 

multiethnic meta-analyses (rs199525, 17:44847834, P=7.52x10-9), which is an eQTL 

SNP for WNT3 in lung and other tissues. Further, the lead WNT3 variants for both 

FEV1 and FVC (rs916888 and rs199525) were significantly associated with COPD in 

a look-up of a large published meta-analysis dataset27. In addition, other genes in the 

WNT signaling pathway, a fundamental development pathway, have been implicated 

as influencing pulmonary function54. This pathway was also one of the significant 

pathways identified in our analysis. In a previous pathway analysis of asthma, SMAD3 

has been shown to interact with the WNT signaling pathway55. Finally, WNT3 also 

emerged as having a potential druggable target, and incorporation of pathway analysis 

to identify upstream regulators found an additional four drugs in clinical use for which 

WNT3 is a target molecule (chemotherapeutic agents doxorubicin and paclitaxel, 

the hormone beta-estradiol and LGK-974, a novel agent that targets a WNT-specific 

acyltransferase)56. Again, further evaluation of this interesting and complex locus which 

contains many significant variants in LD will benefit from data being generated in 

ongoing large-scale sequencing studies. 
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Some genes identified in our study play key roles in inflammation, immunity and 

pulmonary biology. For example, MARCO (macrophage receptor with collagenous 

structure) has been shown in murine models to be required for lung defense against 

pneumonia and inhaled particles57,58. SMAD3 is part of the SMAD family of proteins 

which are signal transducers and transcriptional modulators that mediate multiple 

signaling pathways. SMAD3 is activated by transforming growth factor beta (TGF-B) 

which plays a key role in airway remodeling. SMAD3 has a predicted drug target and 

SNPs in SMAD3 are significantly associated with asthma in GWAS42,59.

Other genes identified in our study that are targeted by approved drugs include 

CDK12 and KCNK2. CDK12 drug targets include AT-7519, Roniciclib, AZD-5438, 

and PH.A-793887.  Roniciclib has been used in clinical trials including lung cancer 

patients60. KCNK2 (potassium channel subfamily K member 2) is targeted by five 

inhalational anesthetic agents. These agents have anti-inflammatory effects both 

systemically61 and in the lungs62 and meta-analysis of clinical studies shows protection 

against pulmonary complications after cardiac surgery63. A recent trial suggested that 

one of these inhalation agents, sevoflurane, offers promise for reducing epithelial injury 

and improving outcomes in patients with acute respiratory distress syndrome64. 

In addition to querying commonly used genome databases for functional annotation 

of variants, we sought to narrow down causal variants in implicated loci using recently 

developed methods that incorporate LD, functional data and/or the multiethnic 

analysis done in this paper. In particular, PAINTOR is a useful tool to identify potential 

causal variants in our novel loci as it leverages LD across ancestral groups along with 

association statistics and functional annotations50. PAINTOR identified 15 putative 

causal variants from 13 loci, including seven loci uniquely identified in the multiethnic 

meta-analyses such as PMFBP1/ZFHX3 and COL8A1 (part of the DCBLD2 loci). Several 

of the putative causal variants from PAINTOR were the top SNPs from the fixed-effects 

meta-analysis (e.g., rs916888 WNT3). Similarly, FINEMAP has been shown to be an 

accurate and efficient tool for investigating whether lead SNPs for a given loci are 

driven by independent variants in the same region, especially when annotation 

information is not available51. Among previous and novel loci identified in individuals 

of European ancestry, we identified 37 independent variants for 23 previously identified 

loci and two lead variants for two novel loci (rs1928168 LINC00340 and rs9351637 

SLC25A51P1/BAI3) with a high probability of causality. Finally, we ran S-PrediXcan 

a gene level association test that prioritizes potentially causal genes52. Seven of our 

novel loci contained putative causal genes based on S-PrediXcan for lung or whole 

blood tissues, including NRBF2 (part of the JMJD1C locus) and WNT3. S-PrediXcan 

also highlighted the region around chromosome 11 position 73280000 (hg19), noting 

strong evidence for both FAM168A and ARHGEF17 which was further supported by the 

co-localization analysis. Interestingly, DEPICT also prioritized ARHGEF17, a member 
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of the guanine nucleotide exchange factor (GEF) family of genes which can mediate 

actin polymerization and contractile sensitization in airway smooth muscle65,66.

Rather than conducting a standard gene-based pathway analysis, we performed 

a newer integrative method, DEPICT, that incorporates cell and tissue-specific 

functional data into a pathway analysis to prioritize genes within implicated loci49. In 

addition to identifying potential causal variants, this approach revealed a number of 

fundamental development processes, including pathways related to lung development, 

growth regulation, and organ morphogenesis. The WNT signaling pathway was also 

highlighted along with processes relevant to the pathogenesis of COPD including 

extracellular matrix structure and collagen networks. Tissue/cell type enrichment 

results highlighted smooth muscle which is highly relevant for lung function. DEPICT 

excludes the MHC due to extended LD in this region, which likely explains the relative 

paucity of inflammation-related pathways identified compared to previous pathway 

analyses in GWAS of PFTs29,54. Indeed, standard IPA analysis of our data including the 

MHC region, found that 33 of 84 genes (39%) in the 3 (out of 16) enriched networks 

involved in immune or inflammatory processes are in the MHC.  The predominance of 

fundamental pathways related to lung growth, differentiation and structure is consistent 

with recent work67  that has rekindled interest in the observation made 40 years ago68 

that individuals can cross the threshold for diagnosis of COPD either by rapid decline in 

adulthood or by starting from a lower baseline of maximal pulmonary function attained 

during growth. Within this context, understanding the genetic (and environmental) 

factors that influence the variability in maximal lung function attained during the first 

three decades of life is essential to reducing the public health burden of COPD69.  

In summary, our study extends existing knowledge of the genetic landscape of PFTs 

by utilizing the more comprehensive 1000 Genomes imputed variants, increasing 

the sample size, including multiple ancestries and ethnicities, and employing newly 

developed computational applications to interrogate implicated loci. We discovered 

60 novel loci associated with pulmonary function and found evidence of replication in 

UK BiLEVE, UK Biobank, or ICGC for 32 novel loci and validation for another 3 loci. 

We found evidence that several variants in these loci were missense mutations and had 

possible deleterious or regulatory effects, and many had significant eQTLs. Further, 

using new genomic methods that incorporate LD, functional data and the multiethnic 

structure of our data, we shed light on potential causal genes and variants in implicated 

loci. Finally, several of the newly identified genes linked to lung function are druggable 

targets, highlighting the clinical relevance of our integrative genomics approach. 
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Methods

Studies 
Member and affiliate studies from The Cohorts for Heart and Aging Research in 

Genomic Epidemiology (CHARGE) consortium with pulmonary function and 1000 

Genomes imputed genetic data were invited to participate in the present meta-analysis. 

Participating studies included: AGES, ALHS, ARIC, CARDIA, CHS, FamHS, FHS, GOYA, 

HCHS/SOL, HCS, Health ABC, Healthy Twin, JHS, KARE3, LifeLines, LLFS, MESA, 

NEO, 1982 PELOTAS, RSI, RSII, RIII. Characteristics of these studies are provided 

in Supplementary Table 22 and descriptions of study designs are provided in the 

Supplementary Note 1; informed consent was obtained from participants in each study. 

Although our meta-analysis included studies of asthma (ALHS) and obesity (GOYA and 

NEO), exclusion of these studies did not materially change results (Supplementary Note 

2). Further, previous meta-analyses of GWAS of pulmonary function have demonstrated 

high correlation between results when including or excluding asthma and COPD cases8.

Pulmonary Function
Spirometry measures of pulmonary function (FEV1, FVC, and the ratio FEV1/FVC) were 

collected by trained staff in each study according to American Thoracic Society (ATS) 

or European Respiratory Society guidelines. See cohort descriptions in Supplementary 

Note 1 for more details. 

Variants 
Studies used various genotyping platforms, including Affymetrix Human Array 6.0, 

Illumina Human Omni Chip 2.5, and others, as described in cohort descriptions in 

the Supplementary Note 1. Using MACH, MINIMAC, or IMPUTE2, studies then used 

genotyped data to impute variants based on the 1000 Genomes Integrated phase 1 

reference panel. One study (Hunter Community) imputed to the 1000 Genomes 

European phase 1 reference panel; sensitivity analyses excluding this study from the 

European ancestry meta-analysis showed no material differences (see Supplementary 

Note 2). The two Asian studies (Healthy Twin and KARE3) imputed to the 1000 Genomes 

Asian phase 1 reference panel. 

Statistical Analysis
Within each study, linear regression was used to model the additive effect of variants on 

PFTs. FEV1 and FVC were modeled as milliliters and FEV1/FVC as a proportion. Studies 

were asked to adjust analyses for age, age2, sex, height, height2, smoking status (never, 

former, current), pack-years of smoking, center (if multicenter study), and ancestral 

principal components, including a random familial effect to account for family 
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relatedness when appropriate70. Models of FVC were additionally adjusted for weight. 

Analyses were conducted using ProbAbel, PLINK, FAST, or the R kinship package as 

described in the cohort descriptions of the Supplementary Note 1. 

Ancestry-specific and multiethnic fixed effects meta-analyses using inverse variance 

weighting of study-specific results with genomic control correction were conducted 

in Meta Analysis Helper (METAL, http://www.sph.umich.edu/csg/abecasis/metal/). 

Multiethnic random effects meta-analyses using the four ancestry-specific fixed effects 

meta-analysis results were conducted using the Han-Eskin model19 in METASOFT 

(http://genetics.cs.ucla.edu/meta/). Only variants with p-values for association <0.05 

or p-values for heterogeneity <0.1 from fixed-effects models were included in the 

random-effects models.

Variants with imputation quality scores (r2) less than 0.3 and/or a minor allele count 

(MAC) less than 20 were excluded from each study prior to meta-analysis. Following 

meta-analysis, we also excluded variants with less than one-third the total sample size 

or less than the sample size of the largest study for a given meta-analysis to achieve 

the following minimal sample sizes: 20,184 for European ancestry; 2,810 for African 

ancestry; 7,862 for Asian ancestry; 4,435 for Hispanic/Latino ethnicity and 30,238 for 

Multiethnic. 

Significance was defined as P<5x10-8  14,17. Novel variants were defined as being 

more than +/-500kb from the top variant of a loci identified in a previous GWAS of 

pulmonary function; previous multiethnic GWAS have used this definition16. We used 

the list of 97 known variants as published in the recent UK BiLEVE paper14 with the 

following modifications: added variants in DDX1, DNER, CHRNA5 since listed in GWAS 

catalog; added variants in LCT, FGF10, LY86/RREB1, SEC24C, RPAP1, CASC17, and 

UQCC1 since identified in exome chip paper43; added variant in TMEM163 identified 

in Loth et al paper10; used 17:44339473 instead of 17:44192590 to represent KANSL1 

since 17:44339473 was the original variant listed for KANSL1 in Wain et al 201515; and 

used 12:28283187 instead of 12:28689514 to represent PTHLH since 12:28283187 

was the original variants listed for PTHLH in Soler Artigas et al 201513. 

Genomic inflation factors (lambda values) from quantile-quantile plots of observed 

and expected p-values for ancestry- and phenotype-specific meta-analyses are 

presented in Supplementary Table 23. Lambda values were slightly higher in European 

and multiethnic meta-analyses (range of lambda 1.12 to 1.16) than in other ancestry-

specific meta-analyses (range of lambda 1.01 to 1.06) likely due to the much larger 

sample sizes of the European and multiethnic meta-analyses71. 

LD Score Regression
The SNP heritability, i.e. the variance explained by genetic variants, was calculated 

from the European ancestry GWAS summary statistics (with genomic control off) using 
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LD Score regression (https://github.com/bulik/ldsc)37. Partitioned heritability was also 

calculated using the method described by Finucane and colleagues38. In total, 28 

functional annotation classes were used for this analysis, including: coding regions, 

regions conserved in mammals, CCCTC-binding factor (CTCF), DNase genomic foot 

printing (DGF), DNase I hypersensitive sites (DHS), fetal DHS, enhancer regions; 

including super-enhancers and active enhancers from the FANTOM5 panel of samples, 

histone marks including two versions of acetylation of histone H3 at lysine 27 (H3K27ac 

and H3K27ac2), histone marks monomethylation (H3K4me1), trimethylation of histone 

H3 at lysine 4 (H3K4me) and acetylation of histone H3 at lysine 9 (H3K9ac5). In addition 

to promotor and intronic regions, transcription factor binding site (TFBS), transcription 

start site (TSS) and untranslated regions (UTR3 and UTR5). A p-value of 0.05/28 classes 

< 1.79 x 10-3 was considered statistically significant. Genetic correlation between our 

pulmonary function (FEV1, FVC and FEV1/FVC ) results and publicly available GWAS of 

ever smoking40  and height41 was also investigated using LD Score regression39. 

Functional Annotation
To find functional elements in novel genome-wide significant signals, we annotated SNPs 

using various databases. We used Ensembl Variant Effect Predictor (VEP)44 (Accessed 

17 Jan 2017) and obtained mapped genes, transcripts, consequence of variants on 

protein sequence, Sorting Intolerant from Tolerant (SIFT)45 scores, and Polymorphism 

Phenotyping v2 (PolyPhen-2)46 scores. We checked if there were deleterious variants 

using Combined Annotation Dependent Depletion (CADD) v1.347 which integrates 

multiple annotations, compares each variant with possible substitutions across the 

human genome, ranks variants, and generates raw and scaled C-scores. A variant 

having a scaled C-score of 10 or 20 indicates that it is predicted to be in the top 10% 

or 1% deleterious changes in human genome, respectively. We used a cutoff of 15 to 

provide deleterious variants since it is the median for all possible splice site changes 

and non-synonymous variants (http://cadd.gs.washington.edu/info, Accessed 18 Jan 

2017). To find potential regulatory variants, we used RegulomeDB48 (Accessed 17 Jan 

2017) which integrates DNA features and regulatory information including DNAase 

hypersensitivity, transcription factor binding sites, promoter regions, chromatin states, 

eQTLs, and methylation signals based on multiple high-throughput datasets and assign 

a category to each variant. Variants having RegulomeDB categories 1 or 2, meaning 

‘likely to affect binding and linked to expression of a gene target’ or ‘likely to affect 

binding,’ were considered as regulatory variants.

Pathway Analysis using DEPICT and IPA
For gene prioritization and identification of enriched pathways and tissues/cell types, 

we used Data-driven Expression Prioritized Integration for Complex Traits (DEPICT)49 
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with association results for FEV1, FVC, and FEV1/FVC. We used association results 

from our European ancestry meta-analysis and the LD structure from 1000 Genomes 

European (CEU, GBR, and TSI) reference panel. The software excludes the major 

histocompatibility complex (MHC) region on chromosome 6 due to extended LD 

structure in the region. We ran a version of DEPICT for 1000 Genomes imputed meta-

analysis results using its default parameters with an input file containing chromosomal 

location and p-values for variants having unadjusted p-values <1x10-5. For gene set 

enrichment analyses, DEPICT utilizes 14,461 reconstituted gene sets generated by 

genes’ co-regulation patterns in 77,840 gene expression microarray data. For tissue/

cell type enrichment analysis, mapped genes were tested if they are highly expressed 

in 209 medical subject headings (MeSH) annotations using 37,427 microarray data. 

Gene prioritization analysis using co-functionality of genes can provide candidate 

causal genes in associated loci even if the loci are poorly studied or a gene is not the 

closest gene to a genome-wide significant variant. We chose FDR<0.05 as a cutoff 

for statistical significance in these enrichment analyses and gene prioritization results. 

Because DEPICT excludes the MHC, we also ran a pathway analysis with Ingenuity 

Pathway Analysis (IPA) (Ingenuity Systems, Redwood City, CA, USA,  http://www.

ingenuity.com/) on genes to which variants with P<1x10-5 annotated.

PAINTOR
To identify causal variants in novel genome-wide significant loci, we used a trans-ethnic 

functional fine mapping method50 implemented in PAINTOR  (https://github.com/

gkichaev/PAINTOR_FineMapping, Accessed on May 2, 2016). This method utilizes 

functional annotations along with association statistics (Z-scores) and LD information 

for each locus for each ancestry. We included our ancestry-specific meta-analysis 

results and used the African, American, European, and East Asian individuals from 

1000 Genomes to calculate LD72. For PAINTOR we focused on 23 novel loci identified 

in our European ancestry and multiethnic fixed effects meta-analyses which had at least 

five genome-wide significant variants as well as all nine African or Hispanic loci which 

had at least one genome-wide significant variant. In addition, we included six loci 

which overlapped with the UK BiLEVE 1000 Genomes paper14 and one locus with the 

CHARGE exome paper43, since we ran PAINTOR prior to those publications. To reduce 

computational burden, we limited flanking regions to ±100 kilobase (kb) from the top 

single nucleotide polymorphisms (SNPs) and included variants with absolute value of 

Z-score greater than 1.96. 

We used 269 publicly available annotations relevant to ‘lung’, ‘bronch’, or ‘pulmo’ 

from the following: hypersensitivity sites (DHSs)73, super enhancers74, Fantom5 enhancer 

and transcription start site regions75, immune cell enhancers76, and methylation and 

acetylation marks ENCODE77. We ran PAINTOR for each phenotype separately to 
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prioritize annotations based on likelihood-ratio statistics78,79. We included minimally 

correlated top annotations (less than five for each phenotype) to identify causal variants.

For the 40 loci from the fixed-effects meta-analysis, we used PAINTOR to construct 

credible sets of causal variants using a Bayesian meta-analysis framework. To obtain 

95% credible sets for each locus, we ranked SNPs based on posterior probabilities of 

causality (high to low) and then took the SNPs filling in 95% of the summed posterior 

probability. We computed the median number of SNPs in the credible sets for ancestry-

specific and multiethnic analyses of each trait.

FINEMAP
We used FINEMAP51 to identify signals independent of lead variants for pulmonary 

function loci identified in the current or previous studies14.   The Rotterdam Study 

(N=6,291), one of the larger cohort studies included in our meta-analysis, was used as 

a reference population. SNPs with MAF of <1% were excluded, leaving 118 SNPs for 

analysis. 10 SNPs for FEV1 and FVC and 20 SNPs for FEV1/FVC were further excluded 

because the LD matrix of the reference file from the Rotterdam Study did not represent 

the correlation matrix of the total study population. We allowed up to 10 causal SNPs 

per loci in FINEMAP analyses. To reduce the chance of false positive findings, we also 

conducted sensitivity analyses allowing up to 15 causal SNPs for loci with more than 

four SNPs with posterior probabilities of >0.8.

S-PrediXcan
S-PrediXcan is a summary statistics based approach for gene-based analysis52 that was 

derived as an extension of the PrediXcan method for integration of GWAS and reference 

transcriptome data80. We used the S-PrediXcan approach to prioritize potentially 

causal genes, coupled with a Bayesian colocalization procedure53 used to filter out 

LD-induced false positives. S-PrediXcan was used to analyze both European ancestry 

and multiethnic GWAS summary data for PFTs from the current study. 

S-PrediXcan analysis was performed using the following publicly available tissue-

specific expression models (http://predictdb.org) from the Genotype-Tissue Expression 

(GTEx) project v6p28: (1) GTEx Lung (278 samples) and (2) GTEx Whole blood (338 

samples). Approximately 85% of participants in GTEx are white, 12% African American, 

and 3% of other races/ethnicities. Gene-based S-PrediXcan results were filtered on the 

following: (1) Proportion of SNPs used = (n SNPs available in GWAS summary data)/ 

(n SNPs in prediction model) > 0.6, and (2) prediction performance R-squared > 0.01. 

Following application of S-PrediXcan to each of the GWAS summary data sets, we 

computed Bonferroni-corrected p-values derived as the nominal p-value for each gene-

based test divided by the number of genes passing specified filters in each analysis 

to test whether genetically regulated gene expression was associated with the trait of 
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interest. The genome-wide S-PrediXcan results were then merged with novel loci from 

the current GWAS study by identifying all matches in which the novel locus SNP was 

within 500kb of the start of the gene. 

We further incorporated a Bayesian colocalization approach53 to interpret the 

extent to which S-PrediXcan results may have been influenced by LD within the region 

of interest. The Bayesian colocalization procedure was run using the following priors: 

p1 = 1e-4; prior probability SNP associated to trait 1, p2 = 1e-4; prior probability SNP 

associated to trait 2, p12 = 1e-5; prior probability SNP associated to both traits. The 

procedure generated posterior probabilities that correspond to one of the following 

hypotheses: a region is (H0) has no association with neither trait, (H1) associated with 

PFT phenotype but not gene expression, (H2) associated with gene expression but not 

PFT phenotype, (H3) associated with both traits, due to two independent SNPs, (H4) 

associated with both traits, due to one shared SNP.

Druggable Targets
We searched annotated gene lists against the ChEMBL database (v22.1, updated 

on November 15, 2016) to identify genes as targets of approved drugs or drugs in 

development. In addition, we used the Ingenuity Pathway Analysis (IPA, www.ingenuity.

com, content of 2017-06-22) to identify drug targets and upstream regulators of the 

gene lists. We reported the upstream regulators in the following categories, biologic 

drug, chemical - endogenous mammalian, chemical - kinase inhibitor, chemical – 

other, chemical drug, chemical reagent, and chemical toxicant.

Data and Code Availability
The complete meta-analysis results have been deposited in the database of Genotypes 

and Phenotypes (dbGaP) under the CHARGE acquisition number phs000930 [https://

www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000930.v6.p1]. 

GWAS data for most US studies are already available in dbGAP. For all other studies, 

please send requests to the study PI or Stephanie London (london2@niehs.nih.gov) who 

will forward them to the relevant party. Requests for METAL code can be directed to 

Stephanie London.
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Abstract

Background: Although several genome wide association studies (GWAS) have 

investigated the genetics of pulmonary ventilatory function, little is known about the 

genetic factors that influence gas exchange.

Aim: To investigate the heritability of, and genetic variants associated with the diffusing 

capacity of the lung.

Methods: GWAS was performed on diffusing capacity, measured by carbon monoxide 

uptake (DLCO) and per alveolar volume (DLCO/VA) using the single-breath technique, 

in 8,372 individuals from two population-based cohort studies, the Rotterdam Study 

and the Framingham Heart Study. Heritability was estimated in related (n=6,246) and 

unrelated (n=3,286) individuals.

Results: Heritability of DLCO and DLCO/VA ranged between 23% and 28% in 

unrelated individuals and between 45% and 49% in related individuals. Meta-analysis 

identified a genetic variant in ADGRG6  that is significantly associated with DLCO/

VA. Gene expression analysis of ADGRG6  in human lung tissue revealed a decreased 

expression in patients with COPD and  subjects with decreased DLCO/VA.

Conclusion: DLCO and DLCO/VA are heritable traits, with a considerable proportion 

of variance explained by genetics. A functional variant in ADGRG6  gene region 

was significantly associated with DLCO/VA. Pulmonary ADGRG6  expression was 

decreased in patients with COPD.

Key words: DLCO, DLCO/VA, Population based, eQTL, gene expression, human lung 

tissue.  



79

Heritability and GWAS of pulmonary diffusion

3

Introduction

The respiratory system can be separated functionally into two zones. The first one is 

the conducting zone, which includes the trachea, bronchi, bronchioles, and terminal 

bronchioles and which is functional in ventilation, i.e. conducting the air in and out 

of the lungs. The second zone is the respiratory zone, which consists of the respiratory 

bronchioles, alveolar ducts and alveoli, the site where oxygen and carbon-dioxide are 

exchanged between the lungs and the blood.

Different pulmonary function tests are available that measure these distinct functions 

of ventilation and gas exchange. These tests help to evaluate and manage patients with 

respiratory symptoms and diseases, and include spirometry, measurements of lung 

volumes, and the diffusing capacity of the lung for carbon monoxide (DLCO). The 

latter, also known as transfer factor of the lung for CO, provides a quantitative measure 

of gas transfer in the lung (1, 2) and reflects processes in the alveolar compartment and 

pulmonary microcirculation.

The DLCO provides clinical insights complimentary to those obtained by spirometry 

and lung volume measurements, for example, in discriminating asthma from chronic 

obstructive pulmonary disease (COPD), to identify causes of hypoxemia or dyspnoea, 

and to monitor patients with interstitial lung disease (3). DLCO is decreased in patients 

with emphysema due to a decrease in the total surface area of the lung and the loss of 

capillary beds (1, 4). In contrast to the abundance of genome-wide association studies 

(GWAS) investigating genetic variation of spirometry measures (5-8), the heritability of, 

and genetic influences on DLCO, are largely unknown.

Therefore, we first investigated the heritability of DLCO to understand which 

proportion of the variance in DLCO can be explained by genetics. Next, we performed 

a GWAS, to identify genetic variants affecting the variability in DLCO, using data from 

two prospective population-based cohorts; the Rotterdam Study and the Framingham 

Heart Study. Finally, we investigated the expression of the lead GWAS association in 

lung tissue of individuals with COPD and (non-smoking and smoking) controls.

Methods 

In this section the methods will be described briefly. Please see Supplemental Methods 

in the Online Data Supplement for more detailed information.

Setting
The present meta-analysis combined results from two population-based studies, i.e. the 

Rotterdam Study and the Framingham Heart Study. In both cohorts, only individuals of 
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European ancestry were included in the analyses. The Rotterdam Study (9) is an ongoing 

prospective population-based cohort study that includes 3 cohorts encompassing 

14,926 participants aged ≥ 45 years, living in the Netherlands. DLCO was measured 

between 2009-2013.

The Framingham heart study is a population-based family study that recruited 

residents of Framingham, Massachusetts starting from 1948. DLCO was measured at 

the 8th and 9th examinations of the Offspring Cohort (2005-2008 and 2011-2014) 

and the 1st and 2nd examinations of the Third Generation Cohort (2002-2005 and 

2008-2011). For participants with measurements at both time points, we analyzed the 

later measurement. 

Lung function
DLCO (mmol/min/kPA) and alveolar volume (VA) were measured by the single breath 

technique in accordance with ERS / ATS guidelines (2). The DLCO per alveolar volume 

(DLCO/VA; mmol/min/kPA/liter) was calculated by dividing the DLCO by VA. Analyses 

were restricted to participants with two interpretable and reproducible measurements 

of DLCO and DLCO/VA.

Heritability analysis
Heritability was defined as the ratio of trait variance due to additive genetic effects to 

the total phenotypic variance after accounting for covariates. In the Rotterdam Study 

GCTA software (10) was used to estimated heritability in unrelated individuals. In the 

Framingham Heart Study SOLAR software (11) was used to estimate heritability based 

on familial relationships. Analyses were adjusted for age, sex and principal components 

of genetic relatedness ((PC), in GCTA only). Additional adjustment for current and 

former smoking were done in a subsequent analysis.

GWAS analyses
A GWAS was performed for both phenotypes DLCO and DLCO/VA using ProbABEL 

(version 0.4.4). Variants with imputation quality (R2) < 0.3 and minor allele frequency 

(MAF) < 0.01 were excluded from the analyses. Linear regression was conducted for 

each SNP, assuming additive model. All analyses were adjusted for age, sex and PC 

(Rotterdam Study only) in model 1 and additionally adjusted for smoking, weight and 

height in model 2. A random effect was added to the model to account for familial 

relationship in the Framingham Heart Study analyses. Data were meta-analyzed using 

METAL software and were adjusted for genomic control. Genome-wide significance 

threshold was set at P-value < 5 x10-8 and for suggestive associations at P-value 5 

x 10-7. Quantile-quantile plots, Manhattan plots and regional plots were generated 

using the R software. Analyses were repeated after 1) correction for haemoglobin in the 
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Rotterdam Study and 2) additional adjustment for FEV1/FVC, 3) additional adjustment 

for quantitative emphysema (lower than -950 LAA on CT scan of the lungs) as measured 

in the Framingham Heart Study within 8 years from the lung function measurement. 

Follow-up analyses
Several steps were taken in order to explore the functionality of the variants and 

genes of interest, and to associate those newly identified loci to clinically relevant 

disease outcomes. 1) Genetic correlations were investigated, 2) Genetic overlap was 

investigated with SNPs that are significantly related to COPD (12) and emphysema (13). 

3) Posterior probability of causality of the lead SNP was calculated using FINEMAP 

software (14) . 4) The regulatory function of the lead SNP was explored on the Haploreg 

server. 5) The effect of the lead SNP on mRNA expression was checked (Expression 

Quantitative Trait Loci (eQTL) analysis), using lung tissue dataset from Genotype Tissue 

Expression (GTEx) portal (see URLs). 6) Tissue-specific gene expression was checked in 

GTEx portal and  7) Finally, mRNA expression of the ADGRG6  gene was analysed in 

lung tissue (using real-time PCR) of 92 patients with or without COPD.

Results

The study cohorts and participant characteristics
The general characteristics of the study populations (the Rotterdam Study and the 

Framingham Heart Study) are shown in Table 1. The mean age was 67.3 (SD 8.0 yr) 

years in the Rotterdam Study and 52.8 (SD 14.8 yr) years in the Framingham Heart 

Study. Figure 1 shows the study flow of participants that were included in this study.

Heritability
Heritability was estimated in two ways, the first one was by using the Rotterdam Study 

data with unrelated individuals, with a total number of 3,286 participants with genetic 

data and interpretable measurements of DLCO. The second was by using data from 

the Framingham Heart Study to estimate heritability based on familial relationships 

in 6,246 participants with interpretable measurements of DLCO (Figure 1). In Table 2 

heritability estimates for DLCO and DLCO/VA are presented. In unrelated individuals, 

we found an age- and sex- and PC-adjusted heritability for DLCO of 23%, and a 

heritability of 28% after additional adjustment for current and past smoking. Similar 

heritability estimates were found for DLCO/VA with 24% after adjustment for age, 

sex and PC, and 25% after additional adjustment for smoking. In the Framingham 

Heart Study, investigating individuals with known familial relationships, we found an 

age- and sex-adjusted heritability for DLCO of 49%, and a heritability of 47% after 
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additional adjustment for current and past smoking. Heritability estimates for DLCO/

VA were 45% after adjustment for age, sex, and 46% after additional adjustment for 

current and past smoking. 

Table 1: General characteristics of the study populations

RS FHS

N= 2,574 N= 5,798

Age, years 67.3 (8.0) 52.7 (14.8)

Female, % 51.9 53.9

Weight, Kg 80.5 (14.9) 79.7 (18.5)

Height, cm 170.6 (9.2) 168.9 (9.5)

Former smokers, % 55.4 39.9

Current smokers, % 11.5 10.9

Never smokers, % 33.1 49.2

DLCO (mmol/min/kPA) 8.0 (1.8) 8.3 (2.3)

DLCO corrected for Hb (mmol/min/kPA) 7.9 (1.7) NA

DLCO/VA (mmol/min/kPA/VA) 1.5 (0.2) 1.5 (0.2)

DLCO/VA corrected for Hb (mmol/min/kPA/VA) 1.5 (0.2) NA

FEV1 (L) 2.8 (0.7) 3.1 (0.9)

FEV1, % predicted 105.3 (19.8) 99.2 (14.9)

FVC (L) 3.7 (1.0) 4.2 (1.1)

FVC, % predicted 110.1 (17.6) 102.7 (13.5)

FEV1/FVC, % 76.4 (7.1) 75.4 (6.9)

DLCO: Diffusing capacity of the lung for carbon monoxide; DLCO/VA: Diffusing capacity of 
the lung for carbon monoxide by alveolar volume; FEV1: Forced expiratory volume during the 
first second; FHS: Framingham Heart Study; FVC: Forced vital capacity; Hb: Haemoglobin; RS: 
Rotterdam Study
Values are means (standard deviation) for continuous variables or percentages for dichotomous 
variables.

Table 2: Heritability of diffusing capacity of the lung 

Model* Rotterdam Study (RS)
N=3,286 unrelated individuals

Framingham Heart Study (FHS)
N=6,246 with known familial relationships

DLCO DLCO/VA DLCO DLCO/VA

h2 (SE) P-value h2 (SE) P-value h2 (SE) P-value h2 (SE) P-value

1 0.23 (0.10) 0.01 0.24 (0.10) 0.009 0.49 (0.03) 2.3 x 10-106 0.45 (0.03) 5.0 x 10-82

2 0.28 (0.10) 0.002 0.25 (0.10) 0.0075 0.47 (0.03) 8.5 x 10-100 0.46 (0.03) 7.6 x 10-84

DLCO: Diffusing capacity of the lung for carbon monoxide; DLCO/VA: Diffusing capacity of the 
lung for carbon monoxide by alveolar volume; FHS: The Framingham Heart Study; h2: heritability 
estimate; RS: The Rotterdam Study; SE: Standard error. 
* Model 1: adjusted for age, sex and principal components of genetic relatedness (RS only); Model 
2: adjusted for age, sex, smoking and principal components of genetic relatedness (RS only).
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Genetic variants associated with diffusing capacity
We performed GWAS on DLCO and DLCO/VA in the Rotterdam Study (n=2,574) and 

the Framingham Heart Study (n= 5,798), and subsequently meta-analysed both cohorts 

(n= 8,372). All variants with a p-value below 5 x 10-6 at the meta-analysis stage are 

presented in Table 3. The corresponding quantile-quantile plots are presented in Figure 

E1 in the Online Data Supplement. GWAS results of the separate cohorts with (P-value 

< 5 x 10-6), are presented in Tables E1 and E2 in the Online Data Supplement.

Analyses were adjusted for age, sex and PC in model 1. In model 2 analyses were 

adjusted for variables in model 1, in addition to weight, height, current and past 

smoking.

Figure 2 represents the Manhattan-plots of DLCO GWAS at the meta-analysis 

level. For both DLCO analyses (models 1 and 2), no variant reached genome wide 

significance threshold. In model 2, two variants at 10q22.1 (rs1665630, gene: CDH23, 

MAF: 0.44, P-value= 2.8 x 10-7) and at 20p12.3 (rs2423124, close to gene: GPCPD1, 

MAF:0.19, P-value=4.2 x 10-7) showed a suggestive association with DLCO.

   

          
N= 5,963 

Available DLCO measurements 

N= 4,962 
Reproducible measurements 

RS 

Meta-analysis  
N = 8,372 

N= 7,444 
Available DLCO measurements 

N= 6,246 
Reproducible measurements 

FHS 

Heritability in unrelated 
individuals 

GWAS 

N= 4,181  
With genetic data 

GWAS 

N= 2,574  
- With VIN/VCin > 85% 
- Outliers excluded 

 

N= 5,802  
With genetic data 

N=5,798   
- With VIN/VCin > 85% 
- Outliers excluded 

 

N= 3,268 
- After exclusion of one 
person for each pair of 
genetic similarity of > 
0.025 

Heritability in families 

          GCTA 

N= 6,246 

          SOLAR 

Figure 1 Flowchart of study participants.
DLCO: Diffusing capacity of carbon monoxide; FHS; the Framingham Heart Study; GWAS; 
genome wide association study; GCTA: Genome-wide Complex Trait Analysis software; N= 
number of participants; RS: the Rotterdam Study; SOLAR: Sequential Oligogenic Linkage 
Analysis Routines package; VA: Alveolar volume; VCin: vital capacity measured during maximal 
inspiration; VIN: inspiratory volume.
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Figure 3 represents the Manhattan-plots of DLCO/VA GWAS at the meta-analysis 

level. Nineteen variants at the same locus at 6q24.1 (top: rs17280293, gene: ADGRG6; 

MAF: 0.03, P-value= 1.4 x 10-10), were significantly associated with DLCO/VA in model 

1(see regional plot in Figure 4). Of these, six variants at the same locus at 6q24.1, reached 

the genome-wide significance threshold in model 2. Sensitivity analysis by adjusting for 

FEV1/FVC did not explain the effect of the association between rs17280293 and DLCO/

VA (beta=-0.07 (SE: 0.01), P-value= 1.51 x 10-10 after adjustment for FEV1/FVC) versus 

(beta=-0.07 (SE 0.01), P-value= 7.9 x 10-11 before adjustment for FEV1/FVC in model 

2) (see Figure E2 in Online Data Supplement). Similarly, adjusting for quantitative 

emphysema (<-950 LAA on CT scan of the lungs) in a subset of the Framingham Heart 

Study (n=2,176) did not alter the association between rs17280293 and DLCO/VA (beta= 

-0.06 (SE 0.02), P-value= 0.003 after adjustment for emphysema) versus (beta= -0.06 (SE 

 Figure 2 Common genetic variants associated with diffusing capacity of the lung for carbon 
monoxide (DLCO).
A: Manhattan-plot of the association between common genetic variants and DLCO, adjusted for 
age, sex and principal components of genetic relatedness. 
B: Manhattan-plot of the association between common genetics variants and DLCO, adjusted for 
age, sex, weight, height, smoking and principal components of genetic relatedness.
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0.02), P-value= 0.002 before adjustment for emphysema). Moreover, in both models, 

a variant at 5q12.1 (rs918606, gene: IPO11; MAF: 0.44; P-value model 1= 5.96 x 10-8, 

P-value-model 2= 7.49 x 10-8) was found to be suggestively associated with DLCO/VA. 

Additional sensitivity analysis by adjusting for haemoglobin blood concentrations did 

not materially change the results of the DLCO/VA GWAS (see Supplemental Results in 

the Online Data Supplement).

Interestingly, a more in depth investigation of the ADGRG6 region (Figure 4) revealed 

the presence of two missense variants; the lead SNP rs17280293 and rs11155242 (MAF 

0.19, P-value=2.1 x 10-06). Those two SNPs showed to be in LD with each other, with 

r2=0.14 and D’=1.

 Figure 3 Common genetic variants associated with diffusing capacity of the lung per alveolar 
volume (DLCO/VA).
A: Manhattan-plot of the association between common genetic variants and DLCO/VA, adjusted 
for age, sex and principal components of genetic relatedness. 
B: Manhattan-plot of the association between common genetics variants and DLCO/VA, adjusted 
for age, sex, weight, height, smoking and principal components of genetic relatedness.
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Follow-up analyses
In this section, the most important findings of the follow-up analyses will be summarized 

including genetic correlations and gene expression in lung tissue. Additional results 

on the genetic correlations, overlap with reported COPD and emphysema GWAS 

associations, posterior probability of causality, functional annotation and gene 

expression will be presented in the Supplemental Results and Figures in the Online 

Data Supplement.  

Genetic correlations
We examined the genetic correlation between DLCO/VA and DLCO using the age, 

sex, smoking status, weight, height and PC adjusted model. The genetic correlation was 

59% (ρgenetic=0.59, P-value=0.04). This was in line with the phenotypic correlation 

between DLCO and DLCO/VA (r2=0.46 in the Rotterdam Study and r2=0.57 in the 

Framingham Heart Study, P-value < 0.01). We also examined the genetic correlation 

with FEV1/FVC and height (see Supplemental Methods and Results in Online Data 

Supplement). 

ADGRG6  expression 

We extracted mRNA from lung resection specimens of 92 patients who underwent 

surgery for solitary pulmonary tumours or lung transplantation, including 44 patients 

without COPD and 48 patients with COPD (Table 4). The mRNA expression of 



Figure 4 Regional association plot of the genome-wide significant locus in DLCO/VA GWAS.
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ADGRG6  was significantly lower in lung tissue of patients with decreased DLCO/VA 

compared with patients with normal DLCO/VA (Figure 5A) and in subjects with COPD 

(encompassing different categories of COPD severity according to the GOLD spirometric 

classification) compared to never smoking controls (Figure 5B). The ADGRG6  mRNA 

levels were significantly associated with DLCO/VA after adjustment for age and sex in 

model 1 (n=67 β=0.85 (95% CI 0.06-1.64)) and after additional adjustment for weight, 

height and smoking in model 2 n=66 (β=0.75 (95% CI 0.03-1.47)). 

Table 4: Characteristics of study individuals for lung mRNA analysis (by RT-PCR) (n=92)

Never smokers
Smokers 
without COPD

COPD GOLD  
II

COPD GOLD 
III-IV

Number 18 26 34 14

Gender ratio (m/f) 6/12 § 19/7 § 31/3 § 8/6 §

Age (years) 65 (56-70) 63 (55-70) 66 (58-69) ‡ 56 (54-60)*† ‡

Current- / ex-smoker NA 16/10 22/12 0/14

Smoking history (PY) NA 28 (15-45)* 45 (40-60)* ‡ 30 (25-30)*† ‡

FEV1 post BD (L) 2.7 (2.3-3.2) 2.7 (2.3-3.3) 2.0 (1.8-2.4)* ‡ 0.7 (0.7-0.9)*† ‡

FEV1 post BD (% predicted) 102 (92-116) 95 (93-112) 68 (61-75)* ‡ 26 (20-32)*† ‡

FEV1 / FVC post BD  (%) 78 (75-83) 75 (71-79)* 56 (53-60)* ‡ 32 (27-35)*† ‡

DLCO (% predicted) 90 (80-105) 80 (61-102) 67 (51-87)* 35 (33-41)*† ‡

DLCO/VA (% predicted) 103 (88-123) 91 (68-107)* 87 (62-108)* 59 (50-65)*† ‡

DLCO (mmol/kPA/min) 21.6 (18.1-26.8) 23.3 (17.0-27.4) 17.2 (14.2-25.0) 2.9 (2.8-3.7) ^°#

DLCO/VA (mmol/kPA/min/VA) 4.6 (3.8-5.3) 3.9 (2.9-4.6)* 3.5 (2.7-4.2)* 0.9 (0.7-0.9) ^°#

DLCO: diffusing capacity of the lung for carbon monoxide; DLCO/VA: diffusing capacity of the 
lung for carbon monoxide per alveolar volume; f: female; FEV1: forced expiratory volume in 1 
second; FVC: forced vital capacity; m: male; NA: not applicable; post-BD: post-bronchodilator; 
PY: pack years 
Data are presented as median (IQR)
Mann-Whitney U test: * P < 0.05 versus never smokers; ^ P < 0.001 versus never smokers; † P 
< 0.05 versus COPD GOLD II; # P < 0.001 versus COPD GOLD II; ‡ P < 0.05 versus smokers 
without COPD; ° P < 0.001 versus smokers without COPD; Fisher’s exact test: § P < 0.001. 



89

Heritability and GWAS of pulmonary diffusion

3

Discussion

This is the first study that has investigated the heritability of, and genome-wide 

association with, diffusing capacity of the lung using population-based cohort studies. 

We found a considerable proportion of variance in diffusing capacity of the lung 

explained by genetics. We also identified one locus on chromosome 6, encompassing 

the ADGRG6 gene, that is associated with DLCO/VA and its lead variant showed to 

have a high posterior probability of causality compared to other SNPs in the same 

region. Finally, we were able to link the pulmonary expression of ADGRG6 directly to 

COPD and to low DLCO/VA (compatible with emphysema in this general population). 

Here, we demonstrated a differential mRNA expression of ADGRG6 in lung tissue of 

COPD patients and patients with decreased DLCO/VA.

Heritability and genetic overlap
Studies on heritability of DLCO in the general population and unrelated individuals 

are lacking, and so far, DLCO heritability has been studied only in twins (15, 16), 

with a highest reported estimate of 44%. In our study, we estimated the REML based 
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Figure 5 Pulmonary mRNA expression of ADGRG6 in human subjects 
A) mRNA levels of ADGRG6 in lung tissue of individuals with normal DLCO/VA (n=38) and low 
DLCO/VA (n=39). mRNA levels were corrected using a calculated normalization factor based on 
mRNA expression of three reference genes (GAPDH, SDHA, HPRT-1).
B)  mRNA levels of ADGRG6 in lung tissue of never smokers (N=18), smokers without airflow 
limitation (N=26), patients with COPD GOLD II (N=34) and patients with COPD GOLD III-IV 
(N=14), as measured by quantitative RT-PCR. 
For statistical analysis, Kruskal-Wallis followed by Mann-Whitney U test was used for COPD 
(*P<0.05 and **P<0.01) and an independent sample t-test was used for DLCO/VA after rank 
transformation (* p<0.05).
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heritability of DLCO using the GCTA tool in unrelated individuals of the Rotterdam 

Study (17), and observed an age- and sex-adjusted heritability of DLCO and DLCO/

VA of 23% and 24%, respectively. We also investigated heritability based on known 

familial relationships in the Framingham Heart Study. Here we found an age and sex-

adjusted heritability of DLCO and DLCO/VA of 49% and 45%, respectively. The latter 

heritability estimates among familial related individuals are in line with the heritability 

estimates in twin studies and highlight the robustness of our data. Importantly, our 

study is the first to investigate the lower bound of heritability of DLCO that would 

be estimated by family and twin studies (18). The advantage of estimating heritability 

in unrelated individuals using GCTA in addition to the approach based upon family 

and twin studies is, that GCTA calculates the proportion of heritability that covers the 

additive effects of commons SNPs only, and does not suffer from bias due to epistatic 

interactions or shared environment. The latter effects might indeed be present in family 

and twin studies, leading to an overestimation of the heritability (18-20). 

Despite their similar estimates of heritability, DLCO and DLCO/VA showed to have 

different genetic determinants due to a genetic overlap between the two traits of 59%, 

explaining why we could not observe the same lead association in the two analyses.

Variation in ADGRG6
The meta-analysis of genetics variants of DLCO/VA yielded one genome-wide 

significant association, along with a number of suggestive associations that did not 

reach genome-wide significance. The lead variant (rs17280293) in this study is a 

missense SNP in ADGRG6, with a MAF of 0.03 which is comparable to that in public 

datasets (0.03 ExAC, 0.02 TOPMED and 0.03 in 1000 genomes). Mutation in this SNP 

causes an amino acid change (S123G), which is predicted to have a deleterious effect 

as indicated by both SIFT (21) and Polyphen2 (22). It is therefore likely that this SNP is 

functional in ADGRG6. In this study, we showed that this variant has a high posterior 

probability of causality compared to other SNPs in the same region and that this SNP 

is associated with different regulatory chromatin marks, promotor histone marks, and 

enhancer histone marks in different tissue cell lines including foetal lung fibroblast 

cell lines and lung carcinoma cell lines. In addition, rs17280293 always co-occurs 

with another functional SNP in the region (rs11155242, D’=1), which is an eQTL for 

ADGRG6 in human lung tissue. 

Previous studies have also shown that variation at ADGRG6 is associated with 

spirometric measures of lung function (5) (7). Soler Artigas and colleagues observed 

a strong association between spirometry, particularly FEV1/FVC, and another SNP 

rs148274477, which is in strong LD with rs17280293. However, since airflow 

limitation (i.e. a low FEV1/FVC ratio) might be correlated with low diffusing capacity 

due to loss of elastic recoil in subjects with emphysema, we assessed the possibility 
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that the observed association between rs17280293 and DLCO/VA might be driven 

by FEV1/FVC. However, this sensitivity analysis indicated an independent association 

between rs17280293 and DLCO/VA because additional adjustment for FEV1/FVC did 

not affect the estimate and no genetic overlap could be proven between DLCO/VA and 

FEV1/FVC. Other studies have associated genetic variation in ADGRG6 with height. 

In our study, adjustment for height did not affect the association between DLCO/VA 

and rs17280293, suggesting that the lead association in our GWAS is independent of 

height. In addition, genetic overlap disappeared after additional adjustment for height 

in the model, indicating no residual confounding by height in our analyses. 

Furthermore, Eichstaedt and colleagues recently used whole genome sequence 

data from 19 Argentinean highlanders compared to 16 native American lowlanders 

and showed that rs17280293 might contribute to the physiological adaptations to 

hypobaric hypoxia (23).

Gene function and expression
The ADGRG6  gene (adhesion G protein-coupled receptor G6) belongs to the G-protein 

coupled receptor (GPCR) super family, the largest known receptor family in the human 

genome. It has been previously shown to be essential in angiogenesis (24). ADGRG6, 

a relatively new adhesion GPCR, has been shown to promote vascular endothelial 

growth factor (VEGF) signaling, by modulating the expression of endothelial growth 

factor receptor 2 (VEGFR2). Since ADGRG6 is involved in angiogenesis, which is 

critical for the development of pulmonary capillary beds during fetal life, deletion of 

ADGRG6 leads to mid-gestation embryonic lethality due to failure in cardiovascular 

development. GWA studies of spirometric measures of airflow limitation (FEV1/FVC 

ratio) have indicated several genes and pathways involved in branching morphogenesis 

and lung development, implicating an early life origin of complex adult respiratory 

diseases such as COPD. Intriguingly, this GWA study of diffusing capacity of the 

lung (DLCO and DLCO/VA) also indicates a gene (ADGRG6) which is implicated in 

cardiopulmonary development during fetal life.

The modulating effect of ADGRG6 on VEGFR2 expression was shown to be 

mediated through the transcriptional activation of STAT5 and GATA2 (24). Interestingly 

GATA2 was recently linked to pulmonary alveolar proteinosis (25), a rare lung disease, 

characterized by an abnormal accumulation of pulmonary surfactant in the alveoli, 

leading to an altered gas exchange.

Moreover, knock down of ADGRG6 in the mouse retina was shown to result in 

the suppression of hypoxia-induced angiogenesis (24). This information is interesting 

in two ways: first it links ADGRG6 to hypoxia, which is very much related to gas-

exchange. Second, processes in the retina might provide a unique insight into lung 
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microvasculature, since vascular changes in both the retina and the alveoli reflect very 

much the same process, i.e. micro-angiopathy.

Although there is a good body of evidence that ADGRG6 is important in lung 

development and micro-angiopathy, mRNA expression of ADGRG6 has not been 

studied in lung diseases such as COPD and decreased diffusing capacity. Therefore we 

performed an expression analysis of ADGRG6 in human lung tissue and demonstrated 

that mRNA expression of ADGRG6 is decreased significantly in patients with COPD 

and individuals with a decreased DLCO/VA. 

Strengths and limitations
We conducted our analyses using data from two population based studies; the Rotterdam 

Study and the Framingham Heart Study. The strength of these studies is the population-

based setting including data from smokers and non-smokers, and the standardized 

prospective data collection. We are not aware of other population-based cohort studies 

that have DLCO data in genotyped individuals available. Therefore, replication in other 

population-based cohorts was not possible. Yet, the results of the independent analyses 

in the Rotterdam study and the Framingham Heart Study show, that rs17280293 already 

reaches genome-wide significance in the Framingham Heart Study and replicates in the 

Rotterdam Study. Finally, a gene expression analysis on lung tissue was performed in 

our lab in very well-defined patient groups.

This study has also some limitations. First, for the measurements of diffusing capacity, 

the single-breath technique was used. This technique is known to underestimate 

measurements of alveolar volume in individuals with obstructive disease or air trapping, 

since diffusing capacity cannot be measured in poorly ventilated areas of the lung. It 

is also known that the underestimation of VA will be greater in more severe COPD 

and less in milder COPD. However, in our population-based cohorts, there are few 

individuals with severe COPD; therefore, reducing the impact of the underestimation of 

VA in our study. Secondly, haemoglobin corrected DLCO measures were only available 

in the Rotterdam Study. However, the performed sensitivity analysis with or without 

correction for haemoglobin did not materially change the results within the Rotterdam 

Study. Third, the high D’ between rs17280293 and rs11155242 might suggest linked 

variant occurrence. However, the high D’ between those variants –estimated using data 

from the 1000 genomes reference panel- could result from the inflated estimation of 

D’ due to the low frequency of the SNPs. For this, it would be helpful to estimate the 

D’ in a bigger reference panel such as the haplotype reference consortium whenever 

this information would be available in the future. Finally, in this study, we controlled 

for FEV1/FVC in our models. We also investigated the genetic correlation between gas 

exchange and FEV1/FVC. While controlling for FEV1/FVC in our analysis is compelling 

that rs17280293 is independently associated with DLCO/VA, lack of genome-wide 
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genetic correlation between diffusing capacity and FEV1/FVC does not exclude the 

possibility of pleiotropy at this specific locus, given that genetic correlation analyses 

are influenced by power, and our GWAS has a relatively small sample size. Therefore, 

caution is warranted by interpreting these results.  

In conclusion, DLCO and DLCO/VA are heritable traits with a considerable 

proportion of variance in diffusing capacity of the lung explained by genetics. We 

identified a functional variant in ADGRG6, a gene which is involved in gas exchange 

and hypoxia and differentially expressed in lung tissue of patients with COPD and 

subjects with decreased diffusing capacity. Therefore, experimental studies are needed 

to investigate the pathophysiological mechanisms and their therapeutic implications.

URLs
METAL, http://www.sph.umich.edu/csg/abecasis/metal/.

GCTA, http://cnsgenomics.com/software/gcta/

Locuszoom plots, http://locuszoom.org/

Genetic correlation-LDscore, https://github.com/bulik/ldsc

Haploreg, http://archive.broadinstitute.org/mammals/haploreg/haploreg.php 

GTEx portal, http://www.gtexportal.org/home/

GTEx portal eQTL data, lung tissue set obtained from this location: 

javascript:portalClient.browseDatasets.downloadFile(‘Lung.allpairs.txt.gz’,’gtex_

analysis_v7/single_tissue_eqtl_data/all_snp_gene_associations/Lung.allpairs.txt.gz’)
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Abstract

Background: Many workers are daily exposed to occupational agents like gases/fumes, 

mineral dust or biological dust, but how these exposures induce adverse health effects 

is still largely unknown. Epigenetic mechanisms, such as DNA-methylation, have been 

suggested to play a role. We therefore aimed to identify differentially methylated regions 

(DMRs) upon occupational exposures in never-smokers and investigated if these DMRs 

associated with gene expression levels. 

Methods: To determine the effects of occupational exposures independent of smoking, 

903 never-smokers of the Dutch LifeLines cohort study were included. Illumina 450K 

arrays were used to obtain genome-wide blood DNA methylation data. We performed 

three genome-wide methylation analyses, one per occupational exposure being gases/

fumes, mineral dust and biological dust, using robust linear regression adjusted for 

appropriate confounders. DMRs were identified using comb-p in phython. Results 

were validated in the Rotterdam Study (233 never-smokers) and methylation-expression 

associations were assessed using Biobank-based Integrative Omics Studies Consortium 

(BIOS) data (n=2,802). 

Results: Of in total 21 significant DMRs, 14 DMRs were associated with gases/fumes 

and 7 with mineral dust. Three DMRs were associated with both gases/fumes and 

mineral dust (RPLP1 and LINC02169 (2x)). The majority of DMRs were located within 

transcript start sites of gene expression regulating genes (11 out of 21 DMRs) and some 

DMRs were located in genes that were previously linked to lung diseases. We replicated 

three DMRs, two with gases/fumes (VTRNA2-1 and GNAS), and one with mineral dust 

(CCDC144NL). Fifteen DMRs, 9 with gases/fumes and 6 with mineral dust, significantly 

associated with gene expression levels. 

Conclusion: Our data suggest that occupational exposures may induce differential 

methylation of gene expression regulating genes and thereby may induce adverse health 

effects. Given the millions of workers that are exposed daily to occupational exposures, 

further studies on this epigenetic mechanism and health outcomes are warranted.

Keywords: Occupational exposure; DNA methylation; Epigenetic epidemiology; 

Genome-wide
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Introduction

Daily, millions of workers worldwide are exposed to chemical agents, fumes, and (in)

organic dusts.(WHO 2010) The leading occupational causes of death in 2000 were 

unintentional injuries (41%), chronic obstructive pulmonary disease (COPD, 40%) 

and lung cancer (13%).(WHO 2010) This is not remarkable, since the skin and the 

lungs are most directly exposed to occupational pollutants, which could be prevented 

by implementing protective measures. Studies focusing on specific occupations, like 

pig farmers, miners, construction and textile workers, found associations between job 

specific exposures and a faster annual decline in lung function (FEV1).(Bakke et al. 

2004; Iversen and Dahl 2000; Wang et al. 2008) In addition, we have previously shown 

that exposure to gases/fumes, mineral and biological dust is associated with small and 

large airways obstruction.(de Jong et al. 2014a, 2014b)

Even though occupational exposures are common, it is still largely unknown how 

these exposures are involved in (lung) disease development. Epigenetic mechanisms 

such as DNA methylation have been suggested to play a role and researchers have 

therefore advocated the importance of epigenetic studies into environmental exposures 

and lung health.(Melén et al. 2018) Environmental exposures, like occupational 

exposures, induce changes in DNA methylation levels, which can affect gene expression, 

possibly aiding in disease development.(Ruiz-Hernandez et al. 2015) DNA methylation 

is the addition of a methyl group to the DNA without altering its sequence. This usually 

occurs at sites where a cytosine base is adjacent to a guanine base (CpG) and can have 

a regulatory function on gene expression.(Jones 2012) Several small studies showed 

suggestive evidence that specific compounds found in occupational exposures, like 

cadmium, lead, and mercury affect DNA methylation.(Goodrich et al. 2013; Hossain 

et al. 2012; Li et al. 2013; Ruiz-Hernandez et al. 2015) 

To date, no large hypothesis-free genome-wide DNA-methylation studies assessing 

the association between occupational exposures and DNA methylation levels have 

been performed. We therefore aimed to identify differentially methylated CpG-sites 

(CpGs) and differentially methylated regions (DMRs) associated with occupational 

exposure to gases/fumes, mineral dust and biological dust, and to assess the effects 

of these regions on gene expression levels. To determine the effects of occupational 

exposures independent of smoking exposure, the analyses were restricted to never-

smokers. 
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Methods

Population and measurements
From the Lifelines Cohort Study, 1,656 unrelated subjects were selected for DNA 

methylation assessment.(van der Plaat et al. 2018) Subject selection was based on 

creating relatively equal-sized groups based on age, smoking, occupational exposures, 

and spirometry. In the current study only never-smokers were included in order to 

determine the effects of occupational exposures independent of smoking exposure. No, 

low and high occupational exposure to gases/fumes, mineral dust and biological dust 

was estimated using the ALOHA+ job exposure matrix (JEM), based on current or last 

held job.(de Jong et al. 2014b; Matheson et al. 2005) See Figure 1 and supplementary 

methods for an overview and more detailed information on the methods. 

Genome-wide methylation data and analysis 
Illumina Infinium Human Methylation 450K arrays were used to obtain genome-wide 

blood DNA methylation data. Samples were processed using the Illumina protocol. 

Quality control (QC) using Minfi and normalization using DASEN (watermelon) was 

Figure 1: Overview of the performed analyses and results per occupational exposure. All analyses 
were performed for the three exposures in never-smokers.



101

EWAS of the occupational exposures

3

performed in R.(Aryee et al. 2014; Pidsley et al. 2013) Quality-control (QC) steps 

included the removal of samples with >1% of all probes having a detection p-value 

>0.01, and samples with incorrect sex or SNP prediction. We removed single probes 

with a detection p-value >0.01, sex chromosome probes, cross-reactive probes(Chen et 

al. 2013), probes measuring SNPs, and probes where the CpG itself or the single base 

extension (SBE) site is a SNP. After QC, we had complete data for 420,938 CpG probes 

in 903 never-smoking subjects.

We performed three genome-wide methylation analyses, one per occupational 

exposure being gases/fumes, mineral dust and biological dust. We assessed associations 

between DNA methylation levels (beta-values ranging from 0 to 1) and the three 

occupational exposures separately using robust linear regression in R [MASS package]. 

Models included low and high exposure dummy-variables (no exposure as reference), 

and were adjusted for sex, age, technical variances, and differential blood counts 

(eosinophilic, neutrophilic, and basophilic granulocytes, lymphocytes and monocytes, 

all obtained using standard laboratory techniques). Single CpGs with a false discovery 

rate (FDR) adjusted p-value <0.05 for the high exposure dummy-variable were 

considered genome-wide significant.

Identification of differentially methylated regions (DMRs)
To identify differentially methylated regions (DMRs), comb-p in python was used.

(Pedersen et al. 2012) Comb-p identifies regions of enrichment by combining adjacent 

p-values into FDR adjusted regional p-values using auto-correlation and sliding 

windows. As input we used p-values of the high exposure dummy-variable with the 

following settings: seed=0.01 and distance=300. Each CpG within a DMR with a Šidák 

corrected p-value <0.05 was further investigated.(Sidak 1967) 

Validation of DMRs
DMRs identified in Lifelines were validated in the baseline assessment of the third 

Rotterdam Study cohort (RS-III-1, n=722).(Hofman et al. 2015) Blood DNA methylation 

levels were measured using Illumina 450K arrays and processed similar to LifeLines as 

described elsewhere.(Ligthart et al. 2016) All CpGs within the DMRs were validated in 

RS-III-1 and the statistical models (robust linear regression) were similar to LifeLines. 

Single CpGs and CpGs within the DMRs with a nominal validation p-value <0.05 and 

same direction of effect in both cohorts were considered significantly replicated. 

Association between CpGs within DMRs and gene expression
To assess whether the CpGs within the DMRs were associated with gene expression 

levels, we used data from four population-based cohorts within Biobank-based 

Integrative Omics Studies (BIOS), from the Biobanking and Biomolecular Resources 



Chapter 3.3

102

Research Infrastructure for The Netherlands (BBMRI-NL).(BBMRI-NL. 2017) In total, 

2,802 subjects were included in the analyses (independent samples of LifeLines 

(n=727), Rotterdam Study III-2 (n=589), Netherlands Twin Registry (n=900), and Leiden 

Longevity Study (n=586)).(Hofman et al. 2011; Tigchelaar et al. 2015; Westendorp et 

al. 2009; Willemsen et al. 2013) In each cohort, probesets (read counts from RNA 

sequencing) within 1Mb around the CpG were assessed and the linear regression was 

adjusted for sex, smoking, age and technical variances. Effect estimates of the cohorts 

were meta-analysed. CpGs with a meta-analysis p-value below the Bonferroni corrected 

threshold (p=0.05/number of probesets in 1MB window) were considered significant. 

Results

Population characteristics 
Complete data on all covariates were available for 903 never-smokers in the identification 

cohort LifeLines and 233 never-smokers in the validation cohort Rotterdam Study (Table 

1 and Table S1). 

We present the results of our analyses per exposure (i.e. gases/fumes, mineral 

dust and biological dust). For an overview of all results see Figure 1. The results of all 

analyses can be found in the supplementary Excel-file and the Manhattan plots are 

shown in Figure S1. 

Table 1. Characteristics of the never-smokers included in the LifeLines cohort study (discovery 
cohort) and the Rotterdam Study (validation cohort).

LifeLines Rotterdam Study

N with no missing data 903 233

Males, N (%) 508 (57) 100 (43)

Age (years), median (min-max) 46 (18-80) 57 (47-89)

Occupational exposure, N No/Low/High No/Low/High

 Gases/Fumes 637 / 150 / 116 177 / 51 / 5

 Mineral dust 673 / 105 / 125 210 / 20 / 3

 Biological dust 720 / 69 / 114 N/A

SD = Standard deviation 	 N/A = Not applicable
See table S1 for the characteristics of the LifeLines cohort separately per exposure level.
NB The LifeLines sample is a selected population, not a sample from the general population 
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Gases/Fumes

Genome-wide methylation analysis

In the genome-wide methylation analysis in never-smokers, two single CpGs were 

epigenome-wide significantly associated with gases/fumes exposure (FDR<0.05) 

(Table S2). These CpGs are annotated to Ribosomal Protein L37a (RPL37A) and Grid2 

Interacting Protein (GRID2IP). 

Identification of DMRs 

Thirteen DMRs were significantly associated with exposure to gases/fumes (Table S3). 

The three most significant DMRs are annotated to long intergenic non-protein coding 

RNA 2169 (LINC02169), Ribosomal Protein Lateral Stalk Subunit P1 (RPLP1) and leptin 

(LEP). The genome-wide significant CpG annotated to RPL37A was not located within 

an identified DMR. 

Validation of the DMRs

In the validation analysis, two DMRs contained a significantly replicated CpG and 

exposure to gases/fumes was associated with lower methylation levels at these CpGs in 

both cohorts (Table 2 and Table S4). These two DMRs are annotated to Vault RNA 2-1 

(VTRNA2-1, a.k.a. MIR886) and Guanine Nucleotide Binding Protein Alpha Stimulating 

Activity (GNAS) (Figure 2 A/B). 

Gene expression analysis

We found that CpGs within nine out of 14 DMRs were significantly associated with 

differential gene expression, the direction of effect was predominantly negative. Table 3 

presents the significant methylation-expression associations of CpGs within replicated 

DMRs. For the gene expression results of all DMRs identified with gases/fumes see Table 

S5. The replicated DMRs annotated to GNAS was associated with lower expression of 

NPEPL1. 

Mineral dust 

Genome-wide methylation analysis and identification of DMRs

No CpGs were genome-wide significantly associated with mineral dust exposure 

(FDR<0.05), but seven DMRs were (Tables S3). The three most significant hits are 

annotated to RPLP1, LINC02169 and Major Histocompatibility Complex Class I E 

(HLA-E), and the first two mentioned DMRs were also associated with exposure to 

gases/fumes. 
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Validation of the DMRs

The DMR annotated to Coiled-Coil Domain Containing 144 Family, N-Terminal Like 

(CCDC144NL) contained a significantly replicated CpG and the association between 

mineral dust exposure and methylation levels was negative in both cohorts (Tables 2 

and S4, and Figure 2C). 

Gene expression analysis

In total, CpGs within six out of seven DMRs were significantly associated with 

differential gene expression and the direction of effect was predominantly negative 

Figure 2: Regional association plots (R package comet) for the three replicated DMRs in never-
smokers. A) DMR annotated to VTRNA2-1, B) DMR annotated to GNAS, and C) DMR annotated 
to CCDC144NL. x-axis = megabase (Mb) position on the chromosome, y-axis = negative log10 of 
the p-values, dots = CpG-sites, and see inset legend for the correlation explanation between CpGs.
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(Table S6). The replicated DMR annotated to CCDC144NL was associated with lower 

expression of Abhydrolase Domain Containing 17A Pseudogene 6 (ABHD17AP6). 

Biological dust
No single CpGs or DMRs were genome-wide significantly associated with biological 

dust exposure in never-smokers (FDR<0.05). Therefore, no validation of results or 

methylation-expression analyses were performed. 

Discussion

This is the first genome-wide DNA-methylation study assessing the association between 

occupational exposures and DNA methylation. Since it is well known that smoking 

is associated with extensive changes in DNA methylation levels, we restricted our 

analyses to never-smokers.(Zeilinger et al. 2013) In these never-smokers, occupational 

exposure to gases/fumes and to mineral dust was associated with 14 and 7 differentially 

methylated regions  (DMRs), respectively. Three of these DMRs were associated with 

both gases/fumes and mineral dust (1 DMR in RPLP1 and 2 DMRs in LINC02169). We 

were able to replicate the result of two DMRs associated with gases/fumes and one 

DMR was associated with mineral dust in the Rotterdam Study. These three DMRs were 

annotated to VTRNA2-1, GNAS and CCDC144NL. CpGs within the DMRs annotated 

Table 3. Results of replicated DMRs in never-smokers which were associated with gene 
expression levels for genes located within 1MB of the CpG (n=2,802)

DMR CpG
Annotated
Gene Ensembl_ID Gene B SE

P
Adjusted

Gases/Fumes

GN13 cg04257105 GNAS ENSG00000254419 NPEPL1 -0.428 0.134 2.19*10-2

cg17414107 GNAS ENSG00000254419 NPEPL1 -0.388 0.125 2.81*10-2

cg19589727 GNAS ENSG00000254419 NPEPL1 -0.580 0.188 3.03*10-2

cg20528838 GNAS ENSG00000254419 NPEPL1 -0.472 0.156 3.67*10-2

Mineral dust

MN7 cg06809326 CCDC144NL ENSG00000226981 ABHD17AP6 -1.132 0.251 9.44*10-5

cg08288433 CCDC144NL ENSG00000226981 ABHD17AP6 -0.992 0.231 2.68*10-4

cg14560110 CCDC144NL ENSG00000226981 ABHD17AP6 -0.977 0.187 2.57*10-6

ENSG00000170298 LGALS9B 0.554 0.168 1.42*10-2

cg21980100 CCDC144NL ENSG00000226981 ABHD17AP6 -1.327 0.304 1.92*10-4

cg22570042 CCDC144NL ENSG00000226981 ABHD17AP6 -1.032 0.216 2.56*10-5

DMR = Differentially methylated region 	 CpG = DNA-methylation site 	B = beta	
SE = Standard Error 	 P adjusted = Bonferroni correct meta-analysis p-value based on 
genes with available data located within the 1MB window of the CpG.
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to GNAS and CCDC144NL were significantly associated with lower expression 

levels of NPEPL1 and ABHD17AP6, respectively. Moreover, 14 out of 21 DMRs were 

associated with gene expression levels and 11 DMRs were located within the transcript 

start sites (TSS) of a gene. Together, our data suggest that occupational exposures may 

induce differential DNA-methylation at specific genomic locations and this may be a 

mechanism through which occupational exposures affect health. 

Interestingly, the majority of identified DMRs were located within the TSS of a gene, 

including the three replicated DMRs, of which two were also associated with gene 

expression levels (GNAS and CCDC144NL). The general idea of the function of DNA 

methylation at these TSSs is that it blocks the initiation of transcription and thereby 

lowers gene expression.(Jones 2012) In the current study, we observed that occupational 

exposure is associated with lower DNA methylation levels which in turn is associated 

with higher gene expression levels for most DMRs associated with gene expression 

levels. This observation thus corroborates our knowledge of the function of DNA 

methylation at TSSs. Moreover, several of the DMRs associated with gene expression 

were not associated with the annotated gene. This is partly due to the fact that for 11 

of our identified DMRs no gene expression data was available for the annotated gene, 

including the replicated DMR annotated to VTRNA2-1. For others, CpGs within a DMR 

were nominally associated with expression levels of the annotated gene, but did not 

survive the multiple testing correction (e.g. the replicated DMR annotated GNAS).

Another intriguing observation is that several DMRs that we identified are annotated 

to or associated with the expression of genes with unknown function, RNA genes 

or pseudogenes, like CCDC144NL, ABHD17AP6, NPEPL1, RP11-373N24.2, and 

LINC02169. It is therefore challenging to understand the relation between these genes 

and occupational exposures. Long non-coding RNAs (lncRNAs) are known to play a 

role in gene expression regulation during development, cell differentiation, genomic 

imprinting, and sex chromosomal dosage compensation.(Fatica and Bozzoni 2014) 

The gene ZSCAN26 is a zinc finger (transcription factor) and may therefore also be 

involved in gene expression regulation.(Klug 2010) In addition, multiple microRNAs 

and lncRNAs were shown to be key regulators of gene expression in lung diseases such 

as asthma and COPD.(Booton and Lindsay 2014) These might even be biomarkers or 

therapeutic targets, but more research into the function of these genes is warranted. 

Overall, our data seem to suggest that occupational exposures affect regulation of gene 

expression by changing DNA methylation levels of particular genes that regulate the 

expression of other genes. 

Interestingly, the three DMRs annotated to RPLP1 and LINC02169 (2x) were identified 

in both the gases/fumes and mineral dust analyses. In addition, CpGs annotated to 

VTRNA2-1 were also associated with occupational exposure to pesticides.(van der 

Plaat et al. 2018) RPLP1 is a ribosomal protein regulating translation and VTRNA2-1 



Chapter 3.3

108

is indirectly also related to the innate immune response, since it was shown to inhibit 

Protein Kinase R (EIF2AK2).(Kunkeaw et al. 2013; Martinez-Azorin et al. 2008) This 

could indicate that different types of occupational exposures affect similar pathways, 

alternatively it could result from multiple occupational exposures in specific jobs. For 

example, construction workers can be exposed to mineral dust and gases/fumes at the 

same time and crop farmers distribute pesticides over their fields using fuelled machines 

(gases/fumes exposure). Notably, 8 subjects of our cohort were highly exposed to all 

three occupational exposures and the exposures are moderately to strongly correlated 

(Correlation between gases/fumes and mineral dust = 0.85, between gases/fumes and 

biological dust = 0.66, and between mineral dust and biological dust = 0.56, Table 

S7). Since we used broad categories of occupational exposures, it was not possible 

to investigate specific exposure molecules. Occupational exposure levels were also 

estimated based on current or last held job and duration of exposure was not taken into 

account. It is likely that some subjects classified as non-exposed have changed from an 

“exposed” to a “non-exposed” job, because they experienced adverse effects from the 

exposures. Therefore, we may have underestimated the effect of occupational exposures 

on DNA methylation. However, in our cohort on average 72% of the subjects currently 

exposed to either gases/fumes, mineral or biological dust had this job for more than 5 

years and thus had been exposed for a substantial time period in the same job. 

Another restriction of our study is the use of blood DNA-methylation levels. DNA 

methylation is cell and tissue specific, and the main route of occupational exposure 

is via inhalation or skin absorption. However, we have validated a number of CpGs 

associated with cigarette smoke exposure in lung tissue that were originally identified 

in whole blood.[submitted] Thus using whole blood could be an efficient way to 

identify differential DNA methylation upon exposures as an accessible proxy for 

changes in lung tissue. Furthermore, using a JEM does not allow to assess specific 

chemical compounds present in occupational exposures, nor the effect of lifetime 

exposure. Different types of jobs classified into the same exposure category might 

contain different chemical compounds as well. Therefore, our results reflect the effect 

of current or recent occupational exposure on DNA methylation. 

In conclusion, our data suggests that occupational exposures may induce differential 

methylation of genes that regulate gene expression and therefore occupational 

exposures may induce adverse health effects via this methylation. Several of our 

identified differentially methylated regions upon occupational exposure to gases/

fumes and mineral dust were associated with gene expression levels. Some regions 

were even associated with two types of occupational exposure. Given the millions 

of workers that are exposed daily to occupational exposures, further studies on this 

epigenetic mechanism and health outcomes are warranted. For example, since 40% 

of the occupational cause of death is due to COPD, especially in developing countries 
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without proper precautions, further studies on this epigenetic mechanism could aid in 

reducing the global burden of COPD.(WHO 2010)
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Abstract 

Background: Epigenetics may play an important role in pathogenesis of lung diseases. 

However, little is known about the epigenetic factors that influence impaired gas 

exchange at the lungs. 

Aim: To identify the epigenetic signatures of the diffusing capacity of the lung measured 

by carbon monoxide uptake.

Methods: Epigenome association study (EWAS) was performed on diffusing capacity, 

measured by carbon monoxide uptake (DLCO) and per alveolar volume (DLCO/VA) 

using the single-breath technique in 2,674 individuals from two population-based cohort 

studies, the Rotterdam Study (the discovery panel) and the Framingham Heart Study (the 

replication panel). We assessed the clinical relevance of our findings by investigating 

the identified sites in whole blood and lung tissue specific gene expression. Finally, we 

performed an exploratory epigenome-wide analysis, combining both cohorts.

Results: We identified and replicated two CpG sites (cg05575921 and cg05951221) 

that were significantly associated with DLCO/VA and one (cg05575921) suggestively 

associated with DLCO. Furthermore, we found a positive association between AHRR 

(cg05575921) hypomethylation and gene expression of EXOC3 in whole blood. We 

confirmed that the expression of EXOC3 is positively associated with DLCO/VA and 

DLCO in lung tissue.  Finally, several genome-wide associations were identified after 

meta-analysing the data of both cohorts. 

Conclusions: We report on epigenome-wide associations with diffusing capacity 

in the general population. Our results suggest EXOC3 to be an excellent candidate 

through which smoking induced hypomethylation of AHRR might affect pulmonary 

gas exchange.
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Introduction

Tests for diffusing capacity of the lung for carbon monoxide (DLCO and DLCO per 

alveolar volume (DLCO/VA)) provide a quantitative measure of gas exchange in the 

lung. In addition to its utility in the diagnosis and monitoring of lung diseases such 

as emphysema and pulmonary fibrosis, measure of gas exchange is an independent 

predictor of mortality in COPD patients (1). DLCO and DLCO/VA measurements are 

influenced by environmental factors (2). Exposure to environmental factors such as 

smoking, occupation related compounds and air pollution, decreases the level of gas 

exchange in the lungs. 

DLCO and DLCO/VA are also heritable traits, and genetic variation contributes to 

the variation of these lung function tests (Terzikhan et al). Although genetics play an 

important role, epigenetic mechanisms such as DNA methylation are important for 

regulation of gene expression but also essential to understand the interplay between 

genes, environment and disease (3). Like DLCO and DLCO/VA, DNA methylation 

is also influenced by smoking (4, 5); however, the question remains whether DNA 

methylation is associated with gas exchange independently of smoking.

 Little is known about the effects of DNA methylation on lung function (6-8) and 

epigenome wide association studies (EWAS) of pulmonary gas exchange are lacking. 

Therefore, we aimed to perform an EWAS to investigate which epigenetic variants are 

related to the phenotypic variation in DLCO and DLCO/VA. In addition, we examined 

the impact of the discovered epigenetic variants on gene expression. Finally, we 

combined the data of both cohorts in an exploratory epigenome-wide analysis. 

Methods 

Study populations
This EWAS study encompassed a discovery study  embedded within the Rotterdam 

Study and a replication study embedded within the Framingham Heart Study. The 

Rotterdam Study is an ongoing prospective population-based cohort study in Rotterdam, 

the Netherlands. The design has been previously described. Briefly, the Rotterdam 

Study includes four sub-cohorts. For this study, data from the third visit of the second 

sub-cohort (RSII-3) and the second visit of the third sub-cohort (RSIII-2) was used. The 

discovery panel consisted of 650 participants from a random subset of 747 individuals 

of European descent with methylation and diffusing capacity data available. 

Replication of the identified CpG sites was performed in  2,114 individuals form 

the Framingham Heart Study Offspring cohort from which methylation and diffusing 

capacity data was available. The design of the Framingham Heart Study has been 
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described extensively before (9). The replication analyses were focused on Offspring 

cohort participants of European descent who attended the eighth exam (2005-2008). 

We only included participants over 45 years of age, with methylation and with blood 

cell counts data available. 

DNA methylation
DNA was extracted from whole peripheral blood (stored in EDTA tubes) by standardised 

salting out methods. Genome-wide DNA methylation levels were measured using the 

Illumina Human Methylation 450K array (Illumina, San Diego, CA, USA). In summary, 

samples (500 ng of DNA per sample) were first treated with bisulfite using the Zymo 

EZ-96 DNA-methylation kit (Zymo Research, Irvine, CA, USA). Subsequently, samples 

were hybridised to the arrays according to the standardized protocols. The methylation 

percentage of a CpG site was presented as a β value ranging between 0 (no methylation) 

to 1 (full methylation). Data processing was performed in the Genetic Laboratory of 

Internal Medicine, Erasmus University Medical Centre, Rotterdam. Quality control 

was performed using Genome Studio (v2011.1, methylation module version 1.9.0; 

Illumina, USA). 

For each probe, individuals with methylation levels higher than three times the 

inter-quartile range (IQR) were excluded. Finally, we excluded cross reactive and 

polymorphic probes, or probes that have an underlying SNP at the CpG site, in addition 

to probes within 10 bp of the single base extension (minor allele frequency >1% in 

European ancestry (EUR) 1000 genomes project data) (10). In total, 363,387 CpGs were 

included. 

Diffusing capacity of the lung: DLCO and DLCO/VA
DLCO (mmol/min/kPA) and alveolar volume (VA) in liter were measured by the single 

breath technique in accordance with ERS / ATS guidelines (11). The DLCO per alveolar 

volume (DLCO/VA; mmol/min/kPA/liter) was calculated by dividing the DLCO by 

VA. Analyses were restricted to participants with two interpretable and reproducible 

measurements of DLCO and DLCO/VA. Two measurements were considered 

reproducible if the difference between the first and second DLCO measurement 

((highest-lowest value)/highest value) was ≤10% and the difference between the first 

and second DLCO/VA measurement was ≤15%.

Covariates
Covariates were selected based on known association with DNA methylation and 

diffusing capacity and included age, sex, smoking status, weight, height and batch 

effects; array number and position. 
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Functional analysis 
We used data from the BBMRI atlas (12) (see URLs) to identify methylation-gene 

expression associations; the so called expression quantitative trait methylation (eQTM). 

Gene Expression in lung tissue
Lung resection specimens were obtained from 92 patients, of which 78 from surgery for 

solitary pulmonary tumours (Ghent University Hospital, Ghent, Belgium) and 14 from 

explant lungs of end-stage COPD patients undergoing lung transplantation (University 

Hospital Gasthuisberg, Leuven, Belgium). Lung tissue at maximum distance from 

the pulmonary lesions and without signs of retro-obstructive pneumonia or tumour 

invasion, was collected by a pathologist. None of the patients operated for malignancy 

were treated with neo-adjuvant chemotherapy. Written informed consent was obtained 

from all subjects. This study was approved by the medical ethical committees of the 

Ghent University Hospital (2011/14) and the University Hospital Gasthuisberg Leuven 

(S51577).

RNA was extracted with the miRNeasy Mini kit (Qiagen) from total lung tissue 

blocks submersed in RNA-later. cDNA was obtained by the miScript II RT kit 

(Qiagen), following manufacturer’s instructions. Expression of target genes ADGRG6 

(GPR126) and reference genes Glyceraldehyde-3-phosphate dehydrogenase (GAPDH), 

Hypoxanthine phosphoribosyltransferase-1 (HPRT-1) and Succinate Dehydrogenase 

Complex Flavoprotein Subunit A (SDHA) were analyzed using Taqman Gene Expression 

Assays (Applied Biosystems, Forster City, CA, USA). Real-time PCR reactions were 

set up in duplicate using diluted cDNA using identical amplification conditions for 

each of the target and reference genes. A standard curve derived from serial dilutions 

of a mixture of all samples were included in each run. The amplification conditions 

consisted of: 10 minutes at 95°C and 60 cycles of 95°C for 10 seconds and 60°C 

for 15 seconds. Amplifications were performed using a LightCycler 96 detection 

system (Roche). Data were processed using the standard curve method. Expression 

of target genes was corrected by a normalization factor that was calculated based on 

the expression of three reference genes, using the geNorm applet according to the 

guidelines and theoretical framework previously described (13).

Statistical analysis 
Methylation probes were tested for association with DLCO or DLCO/VA using a linear 

regression model in the Rotterdam Study and linear mixed model in the Framingham 

Heart Study. Surrogate variable analysis was used to adjust for inflation in the effect 

estimates by batch effect in the Framingham Heart Study. The first model (Model 1) 

included age, sex, smoking, white blood cells, array number and position. In the second 

model (Model 2), we additionally adjusted for weight and height. False discovery rate 
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of 5% was used to correct for multiple testing (FDR < 0.05 was considered statistically 

significant). Inverse variance weighted meta-analysis was performed using METAL (14) 

(see URL). We test the association between mRNA expression of AHRR and EXOC3 

genes and gas exchange in a linear regression adjusting for all covariates used in Model 

2. For these analyses, outliers (mean ±3 SD) were excluded and mRNA levels were log 

transformed to make sure the normality assumption was fulfilled. A p-value lower than 

0.05 was considered statistically significant. 

Results

General characteristics
The discovery set consisted of 659 participants from the Rotterdam Study. Replication 

was performed in a set of 2,114 participants from the Framingham Heart Study. The 

general characteristics of the study populations are shown in Table 1. The mean age 

(SD) was 67.4 (5.9) in the Rotterdam Study and 65.6 (8.4) in the Framingham Heart 

Study. Mean levels of DLCO and DLOC/VA were similar in both study populations. 

Discovery and replication 

Epigenomewide association study (EWAS) of DLCO

No statistically significant associations were found between DNA methylation and 

DLCO in model 1 adjusted for age, sex, smoking status, white blood cell counts and 

Table 1 General characteristics of the discovery and validation study populations

  RS FHS

N total 659 2,114

Age (yrs), mean (SD) 67.4 (5.90) 65.6 (8.38)

Female, N (%) 369 (56%) 1159 (55%)

Current smokers, N (%) 70 (11%) 151 (7%)

Past smokers, N (%) 379 (58%) 1,186 (56%)

Weight (kg), mean (SD) 79.9 (13.94) 79.5 (17.83)

Height (cm), mean (SD) 169.8 (9.16) 167.3 (9.54)

DLCOc (mmol/min/kPA), mean (SD) 7.81 (1.64) 7.47 (2.13)

DLCOc/VA (mmol/min/kPA/VA), mean (SD) 1.52 (0.23) 1.42 (0.23)

DLCO: Diffusing capacity of the lung for carbon monoxide; DLCO/VA: Diffusing capacity of 
the lung for carbon monoxide by alveolar volume; FHS: The Framingham Heart Study; RS: The 
Rotterdam Study. 
Values are means (standard deviation (SD)) for continuous variables or counts (percentages %) for 
dichotomous variables.



119

EWAS of pulmonary diffusion

3

batch effects, nor in model 2 additionally adjusted for weight and height. However, 

cg05575921 (Gene: AHRR, chromosome: 5) was suggestively associated with DLCO 

in both models (FDRmodel1=0.07, FDRmodel2= 0.09).

EWAS of DLCO/VA 

In model 1, we identified one CpG site associated with DLCO/VA; cg05575921 

(Gene: AHRR, chromosome: 5, FDR: 0.017). In model 2, we identified two CpG sites 

associated with DLCO/VA; cg05575921 (Gene: AHRR, chromosome: 5, FDR: 0.047) 

and cg05951221 (Gene: chr2:233283397-233285959, chromosome: 2, FDR: 0.047). 

Finally, we replicated these  findings using data from the Framingham Heart Study. 

The statistically significant associations between DNA methylation and DLCO/VA are 

summarized in Table 2. 

Functional analysis

We used BBMRI-atlas to identify eQTMs using the identified DLCO/VA associated 

CpG sites (cg05575921 and cg05951221). Cg05575921 (AHRR gene region) 

was significantly associated with the expression of the EXOC3 gene (β= 0.15 

(SE=0.039), FDR= 3.90E-4). No eQTM was found for Cg05951221. 

Gene Expression in lung tissue 

Based on the results of the previous section, we were interested in the association 

between EXOC3 and DLCO or DLCO/VA independent of smoking. Because AHRR 

is strongly associated with smoking, we also investigated the association between 

AHRR and DLCO or DLCO/VA after adjustment for smoking. Therefore, mRNA was 

extracted from lung resection specimens of 92 patients who underwent surgery for lung 

transplantation or solitary pulmonary tumours, including 44 patients without COPD 

Table 2 Epigenome-wide associations between genome-wide DNA-methylation and DLCO/VA

Model CpG Chr Pos Gene Discovery cohort RS Replication cohort FHS

B SE FDR B SE FDR

M1 cg05575921 5 373378 AHRR 0.065 0.012 0.017 0.037 0.0055 8.72e-06

M2

cg05575921 5 373378 AHRR 0.064 0.012 0.047 0.040 0.0057 1.56e-06

cg05951221 2 233284402 - 0.049 0.0093 0.047 0.030 .0051 3.60e-04

B: effect estimate; Chr: Chromosome; DLCO/VA: Diffusing capacity of the lung for carbon 
monoxide by alveolar volume; FDR: false discovery rate; FHS: The Framingham Heart Study; M1: 
Adjusted for age, sex, white blood cell count and batch effect; M2: adjusted for age, sex, current 
smoking, former smoking, weight, height, white blood cell count and batch effect; Pos: position; 
RS: The Rotterdam Study; SE: Standard error. 
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and 48 patients with COPD; and mRNA expression of AHRR and EXOC3 in lung tissue 

was examined using quantitative RT-PCR. See Table 3 for the general characteristics of 

this study population. 

Figure 1 shows the expression levels of AHRR and EXOC3 genes by smoking and 

COPD status. mRNA levels of AHRR were significantly higher in current smokers 

compared to never or former smokers, while mRNA levels of EXOC3 were not 

significantly different between groups. 

Regression analysis revealed no significant association between mRNA expression 

of AHRR and DLCO or DLCO/VA after adjustment for age, sex and smoking status in 

Model 1, or after additional adjustment for weight and height in Model 2. 

Table 3 Characteristics of study individuals for lung mRNA analysis (by RT-PCR) (n=92)

Never smokers Smokers without 
COPD

COPD GOLD 
II

COPD GOLD 
III-IV

Number 18 26 34 14

Gender ratio (m/f) 6/12 § 19/7 § 31/3 § 8/6 §

Age (years) 65 (56-70) 63 (55-70) 66 (58-69) ‡ 56 (54-60)*† ‡

Current- / ex-smoker NA 16/10 22/12 0/14

Pack years of smoking NA 28 (15-45)* 45 (40-60)* ‡ 30 (25-30)*† ‡

Data are presented as median (IQR)
Mann-Whitney U test: * P < 0.05 versus never smokers; † P < 0.05 versus COPD GOLD II; ‡ P < 
0.05 versus smokers without COPD; Fisher’s exact test: § P < 0.001
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Figure 1 human lung tissue mRNA expression of the A) AHRR gene and B) EXOC3 gene stratified 
by smoking and COPD status.
AHRR: Aryl Hydrocarbon Receptor Repressor gene; COPD: Chronic obstructive pulmonary 
disease; ex: ex-smoker; EXOC3: Exocyst Complex Component 3 gene. GOLD: Global initiative 
for chronic obstructive lung disease; 
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On the other hand, mRNA expression of EXOC3 and DLCO or DLCO/VA showed 

no statistically significant association in Model 1; however, the association became 

significant after additional adjustment for weight and height in Model 2 (see results in 

supplementary Table S1). 

Meta-analysis 

We meta-analysed the results of the analyses from the Rotterdam Study and the 

Framingham Heart Study for both phenotypes (DLCO and DLCO/VA) and both models. 

The results are summarized in the corresponding EWAS Manhattan plots in Figures 3 

and 4, and in the supplementary tables (Tables S1-4). We identified 18 CpG sites which 

were associated with DLCO in Model 1 and 26 CpG sites in Model 2. For DLCO/VA, 

we identified 9 CpG sites in Model 1 and 11 CpG sites in Model 2. 

Figure 2 Manhattan plots showing  the results of EWAS meta-analysis (RS and FHS) of the 
association between genome-wide DNA methylation and DLCO . A) Model1: adjusted for age, 
sex, smoking status, white blood cell counts and batch effects. B) Model2: adjusted for weight 
and height in addition to Model1 . 
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Discussion

In this EWAS study, we investigated the epigenetic signature of DLCO and DLCO/

VA as a measure of gas exchange in the lung. We observed two CpG sites with 

epigenome-wide associations in the Rotterdam Study, and those were replicated in 

the Framingham Heart Study. Additional analysis revealed a potential pathway trough 

which methylation of AHRR might influence gas exchange. Finally, meta-analysis of 

the two studies revealed many more methylation signals that need to be confirmed in 

future studies. 

This is the first EWAS on diffusing capacity of carbon monoxide uptake in the lungs. 

Few studies investigated the effect of DNA methylation on lung function, and were 

restricted to spirometric measures (FEV1 and FVC). Bell and colleagues (6) investigated 

age-related phenotypes including FEV1 and FVC in 172 twin females. Authors reported 

one association at chromosome 11 in the WT1 gene region. Another study by Marioni 

et al. (7) performed an EWAS on FEV1 in 920 individuals and did not find epigenome-

wide associations. Qui el al. performed EWAS on FEV1, FVC and COPD and found 



 

Figure 3 Manhattan plots showing  the results of EWAS meta-analysis (RS and FHS) of the 
association between genome-wide DNA methylation and DLCO/VA. A) Model1: adjusted for 
age, sex, smoking status, white blood cell counts and batch effects. B) Model2: adjusted for 
weight and height in addition to Model1. 
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many associations, but the analyses were not adjusted for differences in white blood 

cell count. 

In this EWAS, we discovered and confirmed two epigenome-wide associations, one 

CpG site in the aryl hydrocarbon receptor repressor gene (AHRR) which encodes a 

repressor protein  of the aryl hydrocarbon receptor (AHR), and the second CpG site 

on chromosome 2 (2q37.1). These CpG sites  are  well described as being strongly 

associated with smoking behaviour (4, 5, 15). Cg05575921 is located in the AHRR 

gene region and is involved in the metabolism of smoking-released chemicals, where 

the AHRR gene supresses the function of the AHR gene –which is responsible for the 

regulation of smoking related substances- through a negative feedback loop (16). 

Although the interaction between the genetics and DNA methylation is complex, it is 

believed that AHRR hypomethylation inhibits the translation of the gene by preventing 

transcription factors from binding to the promotor regions (17, 18). We hypothesise 

that AHRR hypomethylation by smoking might intervene with the elimination of the 

smoking related substances from the body. 

In addition to the association with smoking, AHRR has been also recently associated 

with impaired lung function. Bojesen et al. (15) showed that hypomethylation of 

cg05575921 was associated with smoking related phenotypes such as COPD, COPD 

exacerbations and lung cancer. Similarly, Kodal et. al. (19) found that hypomethylation 

of cg05575921 was associated with low lung function, steeper lung function decline 

and respiratory symptoms. Whether these associations are independent of smoking 

effects or confounded by smoking and consequently are the results of the effect of 

smoking on DNA methylation, remains to be investigated. 

A recent study by Li and colleagues, proved the causal effect of smoking on 

DNA methylation. This information eliminates the possibility for smoking to be an 

intermediate in the association between DNA methylation of smoking related probes 

and lung function. Alternatively, smoking can be a confounding factor for which we 

can adjust in our models. However, residual confounding is still possible as assessment 

of smoking status is self-reported (20). Therefore the question remains, does residual 

confounding by smoking explain the whole effect in the association between smoking 

related probes and lung function? Or is there any significant effect of DNA methylation 

of those smoking related probes independent of smoking? Both scenarios lead to very 

interesting hypotheses and might have important clinical implications. In case smoking 

explains the entire association, the hypothesis might be, as proposed by Li et al. (16) 

and Kodal et al. (19), that the association between hypomethylation of smoking related 

probes and a decreased lung function might reflect the smoking induced damage to 

the lungs through methylation of the smoking related probes. In other words, DNA 

methylation might act as an intermediate in the effect of smoking on smoking related 

diseases. The second scenario would be, that smoking affects DNA methylation, but 
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the effect of the hypomethylation of the smoking related probes on lung function is 

(partly) independent from smoking. In that case, hypomethylation of the smoking 

related probes might provide clinically relevant information beyond the effect of 

smoking on lung function. Unfortunately, it is difficult to investigate these hypotheses 

in cross-sectional observational studies. An alternative approach might be to study 

the associations between smoking related probes and lung function in never smokers. 

However, finding any association in never smokers is still no prove that smoking related 

probes are independently associated with lung function, as passive smoking or the 

unmeasured effects of air pollution still might bias these associations. 

Regardless of the role of smoking in the association between hypomethylation of 

AHRR and a decreased pulmonary gas exchange, we propose in this study a pathway 

through which AHRR might affect lung function. We observed that the hypomethylation 

of the cg05575921 site in AHRR is associated with decreased expression of EXOC3 

gene in whole blood. Subsequently, we were able to link a decreased expression of 

EXOC3 in human lung tissue to a decreased gas exchange in the lungs. 

Exocyst complex component 3 (EXOC3), previously known as SEC6, is located on 

chromosome 5 upstream of AHRR gene and downstream of SLC9A3 gene. EXOC3 is 

part of the exocyst protein complex and the protein encoded by it, is involved in post 

Golgi trafficking and essential for biogenesis of epithelial cell surface polarity (21-23). 

Variation in EXOC3 is linked to variability of cystic fibrosis(24, 25). This makes EXOC3 

an interesting candidate to elucidate its role in membrane pathology and gas exchange. 

Strength and limitations

The strength of this study is the population-based setting with standardized data 

collection. Also, this study provides unique data, since we are not aware of other 

population-based studies with data on gas exchange. Finally, we provided additional 

results of gene expression analysis on lung tissue, which was performed in well-defined 

patient groups. However, this study also has some limitations. First, our discovery panel 

is relatively small, bigger sample sizes may help in the identification of more CpG 

sites that might give us more insight in pathology of gas exchange. Second, although 

we were able to replicate findings of the lead association, we cannot exclude the 

possibility of unmeasured confounding by smoking and air pollution. Third, this study 

was performed with DNA methylation data in whole blood, future studies should 

ideally consider performing tissue specific DNA methylation analyses. Finally, the 

current study analyses the data in a cross-sectional manner. As the epigenome changes 

over time, longitudinal data-analyses might be more informative about the epigenetic 

modifications over time, as it may play a crucial role in the aetiology of a decreased 

gas exchange. 
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In conclusion, impaired gas exchange is associated with smoking-related epigenetic 

changes. We propose a pathway through which AHRR hypomethylation might affect 

gas exchange.



Chapter 3.4

126

References 

	 1.	 Boutou AK, Shrikrishna D, Tanner RJ, Smith C, Kelly JL, Ward SP, et al. Lung function indices for 

predicting mortality in COPD. Eur Respir J. 2013;42(3):616-25.

	 2.	 Hegewald MJ. Diffusing capacity. Clin Rev Allergy Immunol. 2009;37(3):159-66.

	 3.	 Shah S, McRae AF, Marioni RE, Harris SE, Gibson J, Henders AK, et al. Genetic and 

environmental exposures constrain epigenetic drift over the human life course. Genome Res. 

2014;24(11):1725-33.

	 4.	 Shenker NS, Polidoro S, van Veldhoven K, Sacerdote C, Ricceri F, Birrell MA, et al. Epigenome-

wide association study in the European Prospective Investigation into Cancer and Nutrition 

(EPIC-Turin) identifies novel genetic loci associated with smoking. Hum Mol Genet. 

2013;22(5):843-51.

	 5.	 Zeilinger S, Kuhnel B, Klopp N, Baurecht H, Kleinschmidt A, Gieger C, et al. Tobacco smoking 

leads to extensive genome-wide changes in DNA methylation. PLoS One. 2013;8(5):e63812.

	 6.	 Bell JT, Tsai PC, Yang TP, Pidsley R, Nisbet J, Glass D, et al. Epigenome-wide scans identify 

differentially methylated regions for age and age-related phenotypes in a healthy ageing 

population. PLoS Genet. 2012;8(4):e1002629.

	 7.	 Marioni RE, Shah S, McRae AF, Ritchie SJ, Muniz-Terrera G, Harris SE, et al. The epigenetic 

clock is correlated with physical and cognitive fitness in the Lothian Birth Cohort 1936. Int J 

Epidemiol. 2015;44(4):1388-96.

	 8.	 Qiu W, Baccarelli A, Carey VJ, Boutaoui N, Bacherman H, Klanderman B, et al. Variable DNA 

methylation is associated with chronic obstructive pulmonary disease and lung function. Am J 

Respir Crit Care Med. 2012;185(4):373-81.

	 9.	 Kannel WB, Feinleib M, McNamara PM, Garrison RJ, Castelli WP. An investigation of coronary 

heart disease in families. The Framingham offspring study. Am J Epidemiol. 1979;110(3):281-90.

	 10.	 Chen YA, Lemire M, Choufani S, Butcher DT, Grafodatskaya D, Zanke BW, et al. Discovery of 

cross-reactive probes and polymorphic CpGs in the Illumina Infinium HumanMethylation450 

microarray. Epigenetics. 2013;8(2):203-9.

	 11.	 Macintyre N, Crapo RO, Viegi G, Johnson DC, van der Grinten CP, Brusasco V, et al. 

Standardisation of the single-breath determination of carbon monoxide uptake in the lung. Eur 

Respir J. 2005;26(4):720-35.

	 12.	 Bonder MJ, Luijk R, Zhernakova DV, Moed M, Deelen P, Vermaat M, et al. Disease variants 

alter transcription factor levels and methylation of their binding sites. Nature Genetics. 

2017;49(1):131-8.

	 13.	 Vandesompele J, De Preter K, Pattyn F, Poppe B, Van Roy N, De Paepe A, et al. Accurate 

normalization of real-time quantitative RT-PCR data by geometric averaging of multiple internal 

control genes. Genome Biol. 2002;3(7):RESEARCH0034.

	 14.	 Willer CJ, Li Y, Abecasis GR. METAL: fast and efficient meta-analysis of genomewide association 

scans. Bioinformatics. 2010;26(17):2190-1.

	 15.	 Bojesen SE, Timpson N, Relton C, Davey Smith G, Nordestgaard BG. AHRR (cg05575921) 

hypomethylation marks smoking behaviour, morbidity and mortality. Thorax. 2017;72(7):646-

53.

	 16.	 Li S, Wong EM, Bui M, Nguyen TL, Joo JE, Stone J, et al. Causal effect of smoking on DNA 

methylation in peripheral blood: a twin and family study. Clin Epigenetics. 2018;10:18.

	 17.	 Bird AP. CpG-rich islands and the function of DNA methylation. Nature. 1986;321(6067):209-

13.



127

EWAS of pulmonary diffusion

3

	 18.	 Machin M, Amaral AF, Wielscher M, Rezwan FI, Imboden M, Jarvelin MR, et al. Systematic 

review of lung function and COPD with peripheral blood DNA methylation in population based 

studies. BMC Pulm Med. 2017;17(1):54.

	 19.	 Kodal JB, Kobylecki CJ, Vedel-Krogh S, Nordestgaard BG, Bojesen SE. AHRR hypomethylation, 

lung function, lung function decline and respiratory symptoms. Eur Respir J. 2018;51(3).

	 20.	 Shipton D, Tappin DM, Vadiveloo T, Crossley JA, Aitken DA, Chalmers J. Reliability of self 

reported smoking status by pregnant women for estimating smoking prevalence: a retrospective, 

cross sectional study. BMJ. 2009;339:b4347.

	 21.	 Rodriguez-Boulan E, Macara IG. Organization and execution of the epithelial polarity 

programme. Nat Rev Mol Cell Biol. 2014;15(4):225-42.

	 22.	 Oztan A, Silvis M, Weisz OA, Bradbury NA, Hsu SC, Goldenring JR, et al. Exocyst requirement 

for endocytic traffic directed toward the apical and basolateral poles of polarized MDCK cells. 

Mol Biol Cell. 2007;18(10):3978-92.

	 23.	 Grindstaff KK, Yeaman C, Anandasabapathy N, Hsu SC, Rodriguez-Boulan E, Scheller RH, et al. 

Sec6/8 complex is recruited to cell-cell contacts and specifies transport vesicle delivery to the 

basal-lateral membrane in epithelial cells. Cell. 1998;93(5):731-40.

	 24.	 Corvol H, Blackman SM, Boelle PY, Gallins PJ, Pace RG, Stonebraker JR, et al. Genome-wide 

association meta-analysis identifies five modifier loci of lung disease severity in cystic fibrosis. 

Nat Commun. 2015;6.

	 25.	 Dorfman R. Modifier Gene Studies to Identify New Therapeutic Targets in Cystic Fibrosis. Curr 

Pharm Design. 2012;18(5):674-82.





3.5a genome-wide linkage 
study for chronic 

obstructive pulmonary 
disease in a Dutch genetic 

isolate identifi es novel rare 
candidate variants



Chapter 3.5

130

Abstract

Background: Chronic obstructive pulmonary disease (COPD) is a complex and heritable 

disease, associated with multiple genetic variants. Specific familial types of COPD 

may be explained by rare variants, which have not been widely studied. We aimed to 

discover rare genetic variants underlying COPD through a genome-wide linkage scan. 

Methods: Affected-only analysis was performed using the 6K Illumina Linkage IV Panel 

in 142 cases clustered in 27 families from a genetic isolate, the Erasmus Rucphen 

Family (ERF) study. Potential causal variants were identified by searching for shared 

rare variants in the exome-sequence data of the affected members of the families 

contributing most to the linkage peak. The identified rare variants were then tested for 

association with COPD in a large meta-analysis of several cohorts.

Results: Significant evidence for linkage was observed on chromosomes 15q14-15q25 

(log of odds (LOD) score=5.52), 11p15.4-11q14.1 (LOD=3.71) and 5q14.3-5q33.2 

(LOD=3.49). In the chromosome 15 peak, that harbors the known COPD locus for 

nicotinic receptors, and in the chromosome 5 peak we could not identify shared 

variants. In the chromosome 11 locus, we identified four rare (minor allele frequency 

(MAF) <0.02), predicted pathogenic, missense variants. These were shared among 

the affected family members. The identified variants localize to genes including 

neuroblast differentiation-associated protein (AHNAK), previously associated with 

blood biomarkers in COPD, phospholipase C Beta 3 (PLCB3), shown to increase airway 

hyper-responsiveness, solute carrier family 22-A11 (SLC22A11), involved in amino acid 

metabolism and ion transport, and metallothionein-like protein 5 (MTL5), involved in 

nicotinate and nicotinamide metabolism. Association of SLC22A11 and MTL5 variants 

were confirmed in the meta-analysis of 9,888 cases and 27,060 controls. 

Conclusion: We have identified novel rare variants in plausible genes related to COPD. 

Further studies utilizing large sample whole-genome sequencing should further confirm 

the associations at chromosome 11 and investigate the chromosome 15 and 5 linked 

regions.
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1.	 Introduction

Chronic obstructive pulmonary disease (COPD) is a common and complex disease, and 

one of the leading causes of death worldwide (Lozano R, Naghavi M, 2012). Previous 

studies provided heritability estimates for COPD of 20% to even 60% (Ingebrigtsen 

et al., 2010; Zhou et al., 2013). Both rare variants with a large impact and common 

variants with a modest impact on the risk to develop COPD have been identified. 

The SERPINA1 gene at chromosome 14q32.13, encoding Alpha-1-antitrypsin (AAT), 

was in fact the first gene identified to be associated with COPD (Bashir, A., Shah, 

N.N., Hazari, Y.M., Habib, M., Bashir, S., Hilal, N., Banday, M., Asrafuzzaman, S., and 

Fazili, 2016; Laurell CB and Laurell CB, 1963). Rare variants in SERPINA1 are known 

to contribute to COPD risk in AAT deficiency in homozygous and heterozygous carriers 

of the low-frequency Z allele (Foreman et al., 2017). In an exome study of severe, 

early-onset families, Qiao et al identified several genes with rare variants segregating in 

at least two pedigrees (Qiao et al., 2016). In extended families, genetic linkage studies 

have found evidence of linkage to chromosomes 2q, 6q, 8p, 12p and 19q, among 

others (Palmer et al., 2003; Silverman et al., 2002). However, many initially promising 

findings from linkage or exome sequencing in candidate-gene studies could not be 

replicated in subsequent analyses (Hersh et al., 2005).

Common variants in several genes have been identified in multiple genome-wide 

association studies (GWAS), to be associated with COPD or obstructive lung function 

impairment. Among consistently replicated loci in GWAS are genes on chromosome 4 

– Hedgehog-interacting protein (HHIP) and Family with sequence similarity 13 member 

A (FAM13A), chromosome 5 – 5-hydroxytryptamine receptor 4 (HTR4), chromosome 

15 - Nicotinic cholinergic receptors (CHRNA3/5) and Ion-responsive element binding 

protein 2 (IREB2) and chromosome 19 – Cytochrome P450 family gene (CYP2A6), 

member RAS oncogene family gene (RAB4B) and Egl-9 family hypoxic-inducible factor 

2 (EGLN2) (Hobbs et al., 2017; Wain et al., 2017). However, only few loci identified in 

GWAS could be functionally explained.

Despite the undeniable progress in understanding the genetic origins of COPD, a 

major part of its heritability remains unexplained. A complicating factor in studies on 

the genetics of COPD is that COPD is considered a complex genetic trait, i.e. multiple, 

possibly interacting, genetic and environmental factors are involved. Therefore, there 

is a need for fine mapping techniques that can identify functional, rare variants with 

large effects explaining specific types of COPD. Rare variant association studies can 

be carried out in relatively small sample sizes when using family-based settings (Auer 

and Lettre, 2015). In a genetically isolated population, alleles that are found at low or 

very-low (rare) frequencies in control samples may reach much higher proportions due 

to a limited number of founder individuals, genetic drift, minimal immigration and high 
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inbreeding (Pardo et al., 2005). Therefore, attempting to identify risk genes for COPD in 

populations that are relatively genetically and environmentally homogeneous could be 

beneficial (Van Diemen et al., 2010).

This study uses the Erasmus Rucphen Family (ERF) study, a Dutch genetically isolated 

population, to localize and identify rare genetic variants and subsequently shows the 

relevance of these variants in the general population by performing an association 

analysis in a large sample.

2.	Met hods

2.1.	 Study populations

2.1.1.	 Linkage study

The linkage study was performed in 142 related participants from the ERF study. ERF 

is a family-based cohort study, studied as part of the Genetic Research in Isolated 

Population (GRIP) program. It is based in a genetically isolated community from the 

south-west area of the Netherlands, set up to investigate genes underlying different 

quantitative traits and common diseases (Pardo et al., 2005). The participants of ERF are 

living descendants of 22 couples from the religious isolate in the 19th century, who had 

at least six children baptized in the community church.  The baseline data collection 

for over 3,000 people was conducted between June 2002 and February 2005. These 

individuals are related to each other through multiple lines of descent in a single large 

pedigree spanning 23 generations and connecting over 23,000 individuals. In 2015 a 

follow-up data collection for 1,500 participants was performed by reviewing general 

practitioner’s records, including letters from the specialists and spirometry reports and 

medication use. In total 192 probable COPD cases were identified in the follow-up. 

The COPD diagnosis was confirmed by respiratory specialists based on an obstructive 

lung function, i.e. the ratio of Forced Expiratory Volume in one second over the 

Forced Vital Capacity (FEV1/FVC) <0.7, with or without medication use (n=116). If the 

information on FVC was missing (n=14), the following criteria for COPD were used: 

FEV1 <80%, use of respiratory medication and a COPD diagnosis in the report of the 

respiratory specialist to the general practitioner. If no lung function measurement was 

available (n=15), COPD diagnosis was based on: medication use with CT-scan of the 

lungs indicating COPD and/or a history of frequent COPD exacerbations mentioned 

in the medical documents. Thus, the COPD diagnosis could be confirmed for145 

participants, of which 3 did not have genotyping data, resulting in the final sample size 

for the linkage study of 142 COPD cases. 
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2.1.2.	A ssociation Study

The association analysis was performed using data from the Rotterdam Study (RS; 1,588 

cases and 9,784 controls), the Lifelines study (LLS; 1,647 cases and 9,530 controls), the 

Vlagtwedde/Vlaardingen-study (VlaVla; 375 cases and 1,019 controls) and the data 

from the study of Hobbs et al. (Hobbs et al., 2016) (6,161 cases and 6,004 controls), in 

addition to the ERF study (117 cases and 1,091 controls).

RS is a prospective, population-based study (Ikram et al., 2017), focusing on the 

diseases in the participants aged 45 or older. The COPD diagnosis in the RS was defined 

as having pre-bronchodilator obstructive spirometry (FEV1/FVC<0.7), assessed either by 

spirometry in the research center or by reviewing medical histories of the participants. 

Spirometry was performed by trained paramedical personnel, according to the 

guidelines of the American Thoracic Society/European Respiratory Society (ATS/ERS). 

In absence of interpretable spirometry measures, all medical information of subjects 

regularly using respiratory medication was reviewed, including files from specialists 

and general practitioners, to confirm a diagnosis of COPD. Both ERF and RS have 

been approved by the Medical Ethics Committee of the Erasmus Medical Center. All 

participants provided written informed consent to participate in the study and to obtain 

information from their treating physicians.

LLS is a multi-disciplinary prospective population-based cohort of the Northern 

provinces of the Netherlands with a three generation design, focusing on the onset 

of common complex diseases (Scholtens et al., 2015). COPD was defined as having 

pre-bronchodilator FEV1/FVC<0.7, assessed by spirometry using a Welch Allyn Version 

1.6.0.489, PC-based SpiroPerfect with Ca Workstation software. All subjects provided 

written informed consent and the study was approved by the Medical Ethics Committee 

of the University Medical Center Groningen, Groningen, the Netherlands.

The Vlagtwedde/Vlaardingen study is a prospective, Dutch population-based cohort 

including individuals from Vlagtwedde (a rural area) and Vlaardingen (an urban area), 

aimed to gain insight into the risk factors for chronic airway diseases and lung function 

(Van Diemen et al., 2005). COPD was defined as having pre-bronchodilator FEV1/

FVC<0.7. Data of the last survey in 1989/1990 were used and spirometry data were 

collected by performing a slow inspiratory maneuver, using a water-sealed spirometer 

(Lode instruments, Groningen, the Netherlands). The Committee on Human Subjects in 

Research of the University of Groningen reviewed the study and affirmed the safety of 

the protocol and study design and all participants gave their written informed consent.

In the study by Hobbs at al. (Hobbs et al., 2016) COPD cases were defined as having 

FEV1/FVC≤0.7 and FEV1≤ 80% of the predicted value. It was multi-ethnic study with 

Asian, African, and European ancestry individuals. Institutional review board approval 

and written informed consent were obtained for all these cohorts. For more details 

please refer to their publication (Hobbs et al., 2016). 
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2.2.	 Genotyping

2.2.1.	 DNA isolation

For all participants, DNA was extracted from venous blood using the salting out method 

(S.A.Miller, 1988).

2.2.2.	 Linkage array

For the linkage analysis genotyping was performed using the 6K Illumina Linkage IV 

panel (Illumina, San Diego, CA, USA). Further, quality control (QC) was performed 

involving exclusion of the variants with call rate <98%, those diverging from Hardy-

Weinberg equilibrium (P<10-8) and X-chromosome variants and participants with 

an overall call rate <96%. Mendelian inconsistencies were designated as missing 

genotypes. The final dataset comprised 5,250 autosomal single nucleotide variants 

(SNVs) in 3,018 participants. 

2.2.3.	 Exome-sequencing and genotyping 

The sequencing and genotyping in the ERF study have been described elsewhere 

(Amin et al., 2017). In short, for 1,336 ERF participants whole exome sequencing was 

performed at a mean depth of 74x (Agilent, v4 capture). After QC, 543,954 SNVs in 1,327 

participants were retained. For 1,527 individuals whose exomes were not sequenced, 

the Illumina Infinium HumanExome BeadChip v1.1 was used for genotyping and variant 

calling was done using Genome Studio. After QC 70,000 polymorphic SNVs in 1,515 

participants were retrieved. Of these, the overlap with COPD status information, was 

available for 636 participants (59 cases and 577 controls) with exome-sequence and 

572 participants (58 cases and 514 controls) with exome-chip data. The cases overlap 

with the sample used in the linkage analysis. The ERF data is available in the EGA public 

repository (https://www.ebi.ac.uk/ega/home) with ID number: EGAS00001001134.

The Rotterdam Study was genotyped using Illumina 550K and Illumina 610K and 

660K arrays, and genotyping QC was done as described elsewhere (Iglesias et al., 

2017). Haplotype Reference Consortium imputation panel (HRC) (McCarthy et al., 

2015) was used for imputation. File preparation and imputation was done as described 

elsewhere (Iglesias et al., 2017). In the final dataset we included 11,372 participants of 

RS (cases and controls) with HRC imputed genotype data available. 

In LLS and VlaVla the genotyping was done using Illumina CytoSNP-12 arrays 

and QC was done as described elsewhere (De Jong et al., 2015). The Genome of the 

Netherlands (GoNL) panel was used for imputation of LLS and VlaVla and was done 

as described elsewhere (Scholtens et al., 2015). The final dataset included 11,177 

participants of LLS and 1,394 of VlaVla.
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In Hobbs et al. work all individuals were genotyped using the Illumina HumanExome 

arrays (v1.1 and v1.2; Illumina, San Diego, CA). For more information please refer to 

their publication (Hobbs et al., 2016).

2.3.	 Statistical analyses

2.3.1.	 Genome-wide linkage analysis

For the genome-wide linkage analysis, 142 related COPD cases from ERF were used. 

The cases were linked in a single large pedigree of 23 generations. However, due to the 

linkage software restraints, the cases were clustered into 27 smaller (≤24 bits) families 

using PEDCUT software (Liu et al., 2008). We used Haplopainter (Thiele and Nürnberg, 

2005) to illustrate all 27 pedigrees (Supplementary figure 1). We then performed 

affected-only parametric linkage analysis in MERLIN software (Abecasis et al., 2002) 

using incomplete penetrance and no phenocopies for both dominant (0, 0.5, 0.5) and 

recessive models (0, 0, 0.5) (Durner et al., 1999). The measure of the likelihood of 

linkage is the logarithm of the odds (LOD) score and we considered LOD≥3.3 to be 

statistically significant. Further we performed per-family analysis for significant regions 

to identify the families with COPD cases contributing the most to the LOD score. 

2.3.2.	 Identification of variants in the identified regions

Next, we used exome-sequence data in ERF to identify rare variants that may explain 

the identified linkage peaks. For this, among all variants in this region we selected 

only variants with predicted damaging effects on protein (missense and stop-coding) 

based on the FunctionGVS column of the SeattleSeq Annotation database (http://snp.

gs.washington.edu/SeattleSeqAnnotation138/) from the National Heart, Lung and 

Blood Institute (NHLBI) and with minor allele frequency (MAF) <0.05 in the general 

population (1000Genomes). As frequencies in a genetically isolated population may be 

inflated or deflated due to genetic drift (Pardo et al., 2005), we used the MAF from the 

general population for filtering. We selected variants shared among most (>50%) of the 

affected family members as candidate variants. 

A formal test of association was performed for the identified candidate variants 

in each study - ERF, in samples with exome-sequence (N=636) and in exome-chip 

(N=572) data, in three RS cohorts (RS-I, RS-II and RS-III), using the HRC imputed data 

(N=11,372), the LLS (N=11,177), the VlaVla cohort (N=1,394) and the Hobbs et al 

results (N=11,797). For this analysis, in ERF we used “seqMeta” package in R (Voorman 

et al., 2013) to perform single-variant analysis, adjusted for age, sex and smoking status 

(current/past/never smoking). Logistic regression analysis was used to associate the 

variants in the RS and the VlaVla cohort, using SPSS software (Norušis, 1992) and in 

LLS, using PLINK (Purcell et al., 2007), applying the same models as used in ERF. 
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Variants were excluded from the analysis if the minor allele count was less than five 

in either the case or the control category. Summary statistics for identified the variants 

were extracted from the results of Hobbs et al. (Hobbs et al., 2016). A fixed-effects 

meta-analysis was performed with the summary statistics from all studies using the 

“rmeta” package in R (Lumley, 2011). 

2.3.3.	 Functional look-up of the genes

We investigated the Ingenuity Knowledge Base for functional annotation and look 

up of the genes, harboring the identified variants (IPA, Qiagen bioinformatics) (Ipa, 

2015). Furthermore, we consulted the Gene network tool (Fehrmann et al., 2015), a 

bioinformatics database containing co-expression data, functional predictions from 

gene ontology, Biocarta and the Kyoto Encyclopedia of Genes and Genomes (KEGG) to 

investigate our findings. 

3.	 Results

The general characteristics of the study samples are presented in Table 1. All 27 families 

included in the linkage analyses in ERF are depicted in supplementary Figure S1. The 

affected relatives were mainly smokers: 81.7% of the cases included in the linkage 

analyses were current or ex-smokers. As shown in Table 2 and Figure 1, we identified 

significant evidence for linkage of COPD to chromosomes 15q14-15q25 (Heterogeneity 

LOD score - HLOD=5.52), 11p15.4-11q14.1 (HLOD=3.71) and 5q14.3-5q33.2 

(HLOD=3.49). 

Figure 1. LOD score plot for the regions at (A) chromosomes 5, (B) 11 and (C) 15. X-axis shows the 
chromosomal position in cM and the Y-axis shows the HLOD score. Red line represents HLOD 
scores for recessive and green line for dominant model. Dashed red line represents the level of 
significance (HLOD=3.3), while dashed black line represents the suggestive level (HLOD=2).
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We next searched for rare, deleterious and shared variants by most (>50%) of 

the affected family members in the three identified regions mentioned above. In the 

linked regions of chromosomes 5 and 15 we could not identify any variants that passed 

mentioned filtering criteria. For the linked region on chromosome 11, we identified 

two families that were contributing most (LOD>1) to the linkage score (Figure 2). 

Exome-sequence data were available for 8 of 17 COPD cases from these two families. 

We identified four missense variants including rs116243978 (AHNAK), rs35169799 

(PLCB3), rs141159367 (SLC22A11) and rs146043252 (MTL5), shared among five of 

the eight affected family members (Table 3). Each of these variants was predicted to 

be highly pathogenic (Combined Annotation Dependent Depletion score, CADD>15, 

PolyPhen>0.98) which suggests their relevance for the disease development. Of 

these four variants, one (rs141159367 in SLC22A11) showed a significant association 

(OR=1.87, P=0.002) with COPD in the meta-analysis (Table 4). The variant rs146043252 

in MTL5 showed a nominal association signal (OR=1.66, P=0.04).

Figure 2. The two sub-families contributing most to the linkage peak on chromosome 11. Squares 
represent males and circles females. Cases are denoted in black, known controls are denoted in 
grey and the family members for which we do not have COPD information are denoted in white. 
Family members with dot in the middle are not included in ERF study and for them only pedigree 
information was available. Deceased family members are crossed.  For cases with exome-
sequence data used in the sharing analysis information on 5-year age range (in years) is provided.
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4.	 Discussion

In this study, we found significant evidence for extensive linkage of COPD to the 

chromosomes 15q14-15q25 (40.1Mb), 11p15.4-11q14.1 (73.9Mb) and 5q14.3-5q33.2 

(64.1Mb). We were able to identify four rare and predicted pathogenic variants under 

the chromosome 11 peak, in plausible genes (AHNAK, PLCB3, SLC22A11 and MTL5), 

shared by at least five family members. One of these four variants, i.e. rs141159367 in 

SLC22A11, was significantly associated with COPD in 9,888 cases and 27,428 controls 

(P=0.002) while another variant (rs146043252 in MTL5) showed nominal association 

with COPD (P=0.04). 

The finding of our family-based linkage analysis aligns with that of large scale 

GWASs implicating the CHRNA3/5-CHRNB4 and IREB2 region on chromosome 15q25 

in COPD development. This region is also associated with lung cancer, peripheral 

arterial disease, nicotine addiction and smoking quantity (Thorgeirsson et al., 2008). 

The evidence in the literature on the role of smoking in the genetic risk of COPD thus 

far is controversial. On one hand, there is evidence to support that the variants in this 

region, although implicated in both lung disease and smoking behavior, are associated 

with COPD susceptibility, independently of cigarette smoke exposure (Hardin and 

Silverman, 2014). On the other hand, in a previous study we show that two variants, 

previously associated with COPD in the CHRNA3/5 locus, were associated with lung 

function measurements in ever-smokers, but not in never-smokers (van der Plaat et 

al., 2017), which is in line with the only longitudinal study on the relation between 

the nicotine receptor variant and annual lung function decline (Budulac et al., 2012). 

That study shows that carriers of the nicotinic receptors variants are significantly less 

able to quit smoking, leading to the lung function decline and, subsequently to COPD. 

Similarly, for the chromosome 5 linked region, we could not observe any shared rare 

variant. This region, known for its associations with pulmonary function and airflow 

obstruction (Hancock et al., 2010; Wilk et al., 2012) was recently associated with 

COPD by the largest GWAS to date (Hobbs et al., 2017). The HTR4 gene in 5q32 

encodes a serotonin receptor involved in depression and is strongly expressed in 

respiratory complex neurons (Manzke et al., 2003). 

However, the functional variants in these regions have still not been confirmed. In 

our families, we could not identify rare damaging variants shared between the cases in 

this region. This may be explained if rare intronic regulatory variants play a key role, 

which we could not investigate using the exome data. It is unlikely that these linkage 

peaks are attributed to the common variants which have small effects identified in 

GWASs, given the very strong evidence for linkage of this region to COPD. Future studies 

using whole-genome sequencing should investigate this region further, ideally in never 

smokers. This emphasizes the need for integration of available genomic information 
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into more focused, candidate-gene based efforts to disentangle the functional role of 

the chromosome 5 and 15 regions. 

In the identified region of chromosome 11 we were able to pinpoint four strong 

candidate genes for the association with COPD, i.e. SLC22A11, AHNAK, PLCB3, 

and MTL5. The most interesting finding is the rare variant in SLC22A11 (solute carrier 

family 22 member 11), which encodes an integral membrane protein and part of the 

family of organic anion transporters (OATs), known to mediate the absorption and 

elimination of endogenous and exogenous organic anions and as such, are involved in 

the pharmacokinetic, pharmacodynamic and safety profiles in a wide range of drugs 

(Bosquillon, 2010). SLC22A11 (OAT4) is mainly expressed in kidney and placenta. 

However, it is also shown to be expressed in lung tissue, fibroblasts and T-lymphocytes 

(P<5×10-7), among other tissues/cells reported in the Gene network (Fehrmann et al., 

2015). In addition, in vitro SLC22A11 mRNA was absent in normal human bronchial 

epithelial cells, but highly expressed in other bronchial cells models comprising 

transformed cells (Endter et al., 2009). SLC22A11 in particular is known to be a drug 

target for probenecid, a SLC22A11 inhibitor, used in the gout prevention and to increase 

antibiotic blood levels, yet its direct role in lung disease treatment is still unknown 

(Bosquillon, 2010). 

Our linkage analysis yielded different regions compared with those identified 

earlier. However, the fact that both SLC22A11 and MTL5 variants were associated 

with COPD in our meta-analysis confirms their role in COPD and makes them even 

more interesting candidates. MTL5 (metallothionein-like protein 5) encodes testis 

expressed metallothionein like proteins (TESMIN). They are highly conserved, low-

molecular-weight cysteine-rich proteins induced by and binding to heavy metal ions, 

and they do not have enzymatic activity. They play a central role in the regulation 

of cell growth and differentiation, and are involved in spermatogenesis, differentially 

regulating meiosis in male and female cells (Olesen et al., 2004). MTL5 was shown 

to be involved in nicotinate and nicotinamide metabolism and is also expressed in 

fibroblasts and lung tissue (P<7×10-29), based on the Gene network (Fehrmann et al., 

2015). Metallothioneins were additionally shown to protect cells against oxidative stress 

damage and participate in differentiation, proliferation and/or apoptosis of normal and 

lung cancer cells (Werynska et al., 2015). 

The main strength of our study is the genetically isolated family-based population, 

which can display increased frequencies of some variants found at very low proportions 

in panmictic populations. This allowed us to perform a genome-wide linkage scan 

and identify rare coding variants. However, even though we identified linkage of three 

regions to COPD, a limitation of our study is the low power to explain the peaks at 

chromosomes 5 and 15, possibly due to the use of exome data. As intronic regulatory 

variants may play a significant role, in the future, faster and cheaper whole-genome 
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sequencing will allow us to improve identification of rare variants and our understanding 

of their involvement in COPD. As our sample consists of high percentage of current or 

ex-smokers, it is possible that we are demonstrating genetic effects on smoking which 

further affects the development of COPD. Nevertheless, we were able to demonstrate 

a positive association, independent of smoking, of two variants in the association 

meta-analysis comprising 9,888 cases and 27,060 controls. Yet, studies with very large 

sample sizes utilizing mediation or mendelian randomization techniques are needed 

to disentangle these relationships and confirm our results in the general population. 

To conclude, using the powerful genome-wide linkage scan in a Dutch genetic 

isolate, we have confirmed the implication of the 15q25 region in COPD and identified 

regions at chromosomes 5 and 11. Within the region on chromosome 11 we identified 

four deleterious rare variants shared between most of the affected family members 

in AHNAK, PLCB3, SLC22A11 and MTL5. The variants in SLC22A11 and MTL5 were 

significantly associated with COPD in our meta-analysis. Further studies pooling large 

sample sizes could confirm the role of the identified rare variants at chromosome 11 

in the general population. Similarly, large studies utilizing whole-genome sequencing 

should further investigate the role of linked regions in chromosomes 5 and 15 in COPD. 
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Abstract

Background: The pulmonary artery to aorta ratio (PA:A)>1 is a proxy of pulmonary 

hypertension. It is unknown whether this measure carries prognostic information in the 

general population and in individuals with COPD.

Methods: Between 2003-2006, 2,197 participants from the population-based Rotterdam 

Study (mean±SD age 69.7±6.7 years, 51.3% women), underwent cardiac CT scan 

with PA:A quantification, defined as the ratio between the pulmonary artery and aorta 

diameters. COPD was diagnosed based on spirometry or clinical presentation and 

obstructive lung function measured by a treating physician. Cox regression was used to 

investigate the risk of mortality.

Results: We observed no association between 1-SD increase of PA:A and mortality in 

the general population. Larger PA:A was associated with an increased risk of mortality 

in individuals with COPD, particularly in moderate to severe COPD (HR=1.36, 

95%CI=1.03-1.79). We demonstrated that the risk of mortality in COPD was driven by 

severe COPD and that this risk increased with decreasing diffusing capacity.

Conclusion: Larger PA:A is not associated with mortality in an older general population, 

but is an independent determinant of mortality in moderate to severe COPD. Measuring 

PA:A in CT scans obtained for other indications may yield important prognostic 

information in individuals with COPD.

Key words: mortality, COPD, pulmonary hypertension, epidemiology, computed 

tomography, population-based 
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Introduction 

Chronic obstructive pulmonary disease (COPD) is a common cause of death worldwide. In 
Europe, approximately 18 per 100,000 individuals die due to COPD each year [1]. The high 
mortality-rate of COPD stresses the need for early identification of COPD patients at high risk of 
adverse outcomes, in order to guide and improve patient management.

One of the complications in the advanced stages of COPD, which is known to contribute 

to mortality, is pulmonary hypertension (PH). Currently, the gold standard for diagnosis 

of PH is an invasive pressure measurement in the pulmonary artery [2]. Alternatively, 

PH may be assessed using echocardiography. However, this method has proven to 

be often inconclusive in the advanced stages of COPD, particularly in those persons 

with emphysema or obesity, due to air and adipose tissue obscuring echocardiographic 

examination [3, 4].

An alternative, and more novel suggested approach to assess PH, is to measure the 

ratio between the diameter of the pulmonary artery and that of the aorta (PA:A) using 

computed tomography. Given its correlation with the mean pulmonary artery pressure, 

a PA:A larger than 1 is suggested to be a reliable indicator of PH, and may thus directly 

indicate a worse clinical outcome [5]. Indeed, in patients with COPD, PA:A ratios larger 

than 1 are related to an increased rate of severe exacerbations requiring hospitalization 

[6]. However, other than its relationship with exacerbations, the implications of larger 

PA:A remain unclear. In addition, large-scale population-based data on the utility of 

PA:A with regard to clinical end points in the general population and specifically in 

individuals with COPD are lacking. Such data may contribute to the development of 

targeted additional therapeutic or preventive strategies for exacerbations and mortality 

in COPD patients.

Therefore, in a population-based setting, we investigated the association between 

larger PA:A and mortality, with a specific focus on individuals with COPD.

Methods

Setting
The present study was embedded within the Rotterdam Study, an ongoing prospective 

population-based cohort study aimed at investigating the occurrence and risk 

factors of chronic diseases in the general population. The objective and methods of 

the Rotterdam Study have been published in great detail previously [7]. Briefly, the 

Rotterdam Study includes 3 cohorts encompassing 14,926 participants aged ≥ 45 years, 

living in Ommoord, a well-defined suburb of the city of Rotterdam, the Netherlands. 

Baseline data were collected between 1990 and 1993 (n = 7,983), between 2000 and 

2003 (n = 3,011), and between 2006 and 2008 (n = 3,932); thereafter, examinations 



Chapter 4.1

152

have been conducted every 4 to 5 years in all cohorts. Between 2003 and 2006, all 

participants that visited the research center were invited to undergo multi-detector 

computed tomography (MDCT)-study as part of a large project on vascular calcification 

(n = 2,524). The cardiac scan that was performed in this protocol was used for the 

assessment of PA:A. Therefore, this visit represents the baseline for the current analyses. 

Figure 1 shows the study flow of participants that were included in this study.

Follow-up for mortality
Information on mortality of study participants was obtained from the local municipality 

in Rotterdam, and additionally validated with data from medical records kept by the 

general practitioner’s, as described in detail previously [8]. Mortality data was complete 

until March 2015.

Assessment of PA:A
Non-contrast CT-scanning was performed with a 16-slice (n = 785) or 64-slice (n = 

1,739) MDCT scanner (Somatom Sensation 16/64, Siemens, Forchheim, Germany). An 

ECG-gated cardiac imaging protocol was used to visualize the heart and the proximal 

Figure 1 Flow chart of participants in the study.

COPD: chronic obstructive pulmonary disease, CT: computed tomography, n= number of individuals. 

n = 2,497 
CT scans included to measure the pulmonary artery 

(PA) and Aorta (A) diameters 
 

 

 

 
n = 2,197 (88%) 

CT measurements included in analysis 
 

 
 

n = 300 (12%) CT scans excluded: 
- Not interpretable  
- PA Bifurcation not visible  

n = 222 (10%) 
COPD at baseline 

 
 
 

n = 1,975 (90%) 
no COPD at baseline 

 
 
 

n = 27 (1%) excluded because of image artefact 

n = 2,524  
Underwent CT scanning 

Figure 1 Flow chart of participants in the study.
COPD: chronic obstructive pulmonary disease, CT: computed tomography, n= number of 
individuals. 
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part of the great vessels, including the pulmonary artery and the aorta. Detailed 

information on imaging parameters of this scan has been published previously [9]. Two 

reviewers measured the PA:A under the supervision of two radiologists. The diameters 

of the main pulmonary artery and of the ascending aorta were measured at the level 

of the bifurcation of the pulmonary artery on the same CT-image (Figure 2), according 

to the procedure as described by Wells et al. [6]. The reviewers were blinded to the 

clinical status of the participants. Additionally, no information on the status of the lungs 

could be obtained from the cardiac scans, given that the field-of-view was optimized for 

visualisation of the heart and the great vessels. The kappa values for the inter-observer 

and intra-observer agreement for the diameters of the pulmonary artery and the aorta 

(n=100) were 0.91 and 0.98, and 0.94 and 0.99, respectively.

COPD diagnosis
The diagnosis of COPD was based on an obstructive pre-bronchodilator spirometry 

(FEV1/FVC < 0.70) according to the Global initiative for Obstructive Lung Disease 

(GOLD) guidelines [10] Spirometry was performed according to the ATS/ERS guidelines 

by qualified medical personnel using a portable spirometer (SpiroPro; Erich Jaeger 

GmbH; Hoechberg, Germany). Spirometry results which did not meet ATS/ERS criteria 

for acceptability were classified as not interpretable.

In absence of an interpretable study-acquired spirometry, the medical records 

kept by the general practitioners, including outpatient clinic reports and discharge 

 

 

Figure 2 Measurement of the diameter of the pulmonary artery and aorta.  

This figure shows an example of the measurement of the diameter of the pulmonary artery (A: 

28.6mm) and of the ascending aorta (B: 39.1mm) at the level of bifurcation of the pulmonary artery on 

the same slice of a non-contrast CT examination.  

 

Figure 2 Measurement of the diameter of the pulmonary artery and aorta. 
This figure shows an example of the measurement of the diameter of the pulmonary artery (A: 
28.6mm) and of the ascending aorta (B: 39.1mm) at the level of bifurcation of the pulmonary 
artery on the same slice of a non-contrast CT examination. 
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letters from medical specialists, were reviewed for all patients who used medication 

for obstructive lung disease for at least six months (Anatomical Therapeutic Chemical 

Classification codes: R03) [11]. COPD cases were then defined as having an obstructive 

lung function measured by their treating physician and clinical events [11].

COPD severity groups were based on GOLD classifications, where FEV1/FVC<70 

and FEV1 > 80% predicted was defined as mild COPD, while moderate to severe COPD 

was defined as FEV1/FVC<70 and FEV1 < 80% predicted [10].

Covariables
Information on relevant covariables was obtained using interview, physical examinations, 

and blood sampling [7]. Smoking status was assessed by interview and persons were 

categorized as current smoker, former smoker or never smoker. Body mass index (BMI) 

was calculated by dividing body weight in kilograms by height in meters squared. 

Obesity was defined as a BMI ≥ 30 kg/m2. Diabetes mellitus was defined as a fasting 

glucose level of ≥ 7.0 mmol/L or ≥ 11.1 mmol/L if fasting samples were unavailable, or 

use of blood glucose-lowering medication [12]. Hypertension was defined as a systolic 

blood pressure ≥ 140 mmHg, a diastolic blood pressure ≥ 90 mmHg, or the use of 

blood pressure-lowering drugs. As a measure of left ventricular systolic function we 

used left ventricular fractional shortening at the endocardium in the parasternal long 

axis window (defined as left ventricular end-diastolic dimension minus left ventricular 

end-systolic dimension divided by the left ventricular end-diastolic dimension). For this, 

resting transthoracic echocardiograms were acquired by trained echo-cardiographers 

according to a standardized protocol. [13]. Clinical diagnosis of heart failure was 

based on active follow-up using the medical records of the participants [8]. Of note, 

the routinely collected echocardiography data in the Rotterdam Study was considered 

in the heart failure adjudication process. Pulmonary artery systolic pressure (PASP) 

was estimated from echocardiographic measurements using the recommendations by 

the ASE/EAE/CSE as the sum of the estimated right atrial pressure (based on inferior 

vena cava diameter and forced respiratory collapse) and the pressure gradient over the 

tricuspid valve. The pressure gradient was computed from the highest Doppler tricuspid 

regurgitation velocity gathered from several windows using the simplified Bernoulli 

equation (4v2 , where v is tricuspid regurgitation peak velocity in m/sec) [14]. PH was 

defined as having PASP > 40 mmHg. Finally, diffusing capacity of carbon monoxide 

per alveolar volume (DLCO/VA (mmol/min/kPa/L)) was measured by single breath 

technique and was corrected for haemoglobin values. PASP and DLCO were measured 

between 2009 and 2012.
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Statistical analysis 
We determined the association between PA:A (per 1-SD increase) and all-cause mortality 

in the general population, using Cox proportional-hazard models. For the Cox models 

we adjusted for covariates that were considered biologically relevant and also changed 

the point estimates of the univariate association with mortality by at least 10%. In the 

first model we adjusted for age and sex. In the second model we additionally adjusted 

for BMI, smoking, diabetes mellitus, left ventricular systolic function and COPD. In 

addition, we examined the relation between PA:A and mortality in the individuals with 

COPD using the same Cox proportional hazard models. Furthermore, analyses were 

also performed in mild and moderate to severe COPD. As a sensitivity analysis, we also 

analysed the data in moderate COPD and severe COPD separately. We explored non-

linearity by using fractional polynomials and constructing quartiles of PA:A (Q1 ≤ 0.64, 

Q2 = 0.65-0.70, Q3 = 0.71-0.77 and Q4 > 0.77). The cut-offs for the PA:A quartiles 

were based on the study data. Finally, for the association between PA:A and all-cause 

mortality in individuals with COPD, we conducted a sensitivity analysis additionally 

adjusting for COPD severity as measured by FEV1. We also tested the association 

between 1 SD increase in PA:A and PASP or PH in COPD and non-COPD, using 

univariate linear regression or logistic regression models. Finally, we analysed DLCO/

VA data by testing whether the mean DLCO/VA was statistically significantly different 

between COPD and non-COPD using an independent sample t-test.  Subsequently, 

we tested whether the risk of mortality per 1-SD increase of PA:A differs in individuals 

with and without COPD with different values of DLCO/VA. This was done by adding 

an interaction term to the second model. Missing data on covariables were imputed 

using the Expectation Maximization (EM) method. We used SPSS version 21 (IBM Corp, 

Armonk, NY, USA) for all analyses. 

Results

Figure 1 shows the study flow of the participants that were included in this study. 

The scanned population (n=2,524) was not different from the total RS population [15]. 

The baseline characteristics of the population with interpretable PA:A measurements 

(n=2,197) are presented in Table 1. The mean age was 69.7 (SD 6.7) years and 51.3% 

were women. The prevalence of COPD at the time of CT scanning was 10% (n=222). 

The 90th percentile of the PA:A in our population was 0.84. The maximum PA:A was 

1.27, and only 17 out of 2,197 persons had a ratio of 1 or higher. Additional information 

about the diameter of the pulmonary artery, the aorta and the PA:A by disease status in 

the general population is presented in Table 2. During 17,751 person-years of follow-up 

(median: 8.8 years), 423 (19.3%) persons died [mortality rate 23.8 per 1,000 person-
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years (95% confidence interval (CI) 21.6-26.2)]. The mortality rate in individuals with 

prevalent COPD was 51 per 1,000 person-years (95% CI 40.6-63.1). The main causes 

of death in the COPD group were cardiovascular events (41.8%), bronchial carcinoma 

(16.4%), other malignancies (13.4%) and pulmonary complications from COPD (6.0%). 

PA:A and the risk of all-cause mortality
We explored the association between PA:A and the risk of mortality by a linear model. 

The log relative hazard between PA:A ratio and mortality in individuals with or without 

COPD are plotted in Figure 3. P-value for non-linearity in those groups was 0.76 and 

0.10, respectively.

Table 1 Baseline characteristics of the study population 

Total population 
n = 2,197

No COPD 
n = 1,975

COPD 
n = 222

Age, years 69.7 (6.7) 69.5 (6.7) 71.2 (7.1)

Female 51.3% 52.3% 42.3%

Ever smoker 68.5% 67.1% 81.1%

Pack-years of smoking* 22.6 (21.5) 21.4 (21.1) 32.1 (21.6)

Body mass index, kg/m2 27.9 (4.0) 27.9 (4.0) 27.2 (3.7)

Hypertension 73.9% 73.4% 78.4%

Diabetes Mellitus 12.6% 11.8% 19.8%

Heart failure 3.1% 2.5% 6.5%

Left ventricular systolic function, % 40.0 (6.2) 40.2 (6.1) 38.1 (7.5)

DLCOc/VA, mmol/min/kPa/L† 1.5 (0.2) 1.5 (0.2) 1.3 (0.3)

PASP, mmHg† 26.0 (7.0) 25.7 (6.7) 29.2 (8.7)

FEV1, % predicted 103.3 (19.8) 106.1 (17.7) 79.8 (21.0)

Pulmonary artery, mm 26.0 (3.7) 25.9 (3.6) 26.7 (4.1)

Aorta, mm 36.9 (3.9) 36.9 (3.9) 37.5 (3.7)

PA:A 0.71 (0.10) 0.71 (0.10) 0.72 (0.11)

DLCOc/VA: diffusing capacity of carbon monoxide per alveolar volume, corrected for 
haemoglobin, FEV1: Forced expiratory volume in 1 second, PA:A: pulmonary artery to aorta ratio, 
PASP: Pulmonary artery systolic pressure.
Values are mean (standard deviation) for continuous variables or percentages for dichotomous 
variables.
Data represent original data without imputed values. In de total population missing values were 
present for smoking (2.2%), pack years of smoking (4.6%), body mass index (0.9%), hypertension 
(0.3%), diabetes mellitus (6.0%), heart failure (1.9%), left ventricular systolic function (3.4%), 
DLCOc/VA (40%), PASP (42%), FEV1, % pred (11.3%).
*Pack-years are presented for former and current smokers only.
† DLCOc/VA and PASP measures were performed between 2009 and 2012.
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Table 2 Mean values of A (aorta), PA (pulmonay artery) and PA:A, stratified by the presence of 
absence of risk factors (n = 2,197)

N Mean (SD)

A(mm) PA (mm) PA:A 

Gender 

Men 1,070 38.1 (3.9) 26.4 (3.8) 0.70 (0.1)

Women 1,127 35.8 (3.5) 25.6 (3.6) 0.72 (0.1)

Obesity 

Yes 562 37.6 (4.0) 27.3 (3.8) 0.73 (0.1)

No 1,635 36.7 (3.8) 25.6 (3.6) 0.70 (0.1)

Smoking 

Current 381 37.1 (4.0) 26.0 (3.9) 0.71 (0.1)

Former 1,124 37.2 (3.8) 26.1 (3.6) 0.71 (0.1)

Never 644 36.4 (3.9) 25.8 (3.7) 0.71 (0.1)

COPD 

Prevalent* 222 37.5 (3.7) 26.7 (4.1) 0.72 (0.1)

Mild 98 37.7 (3.8) 26.1 (4.2) 0.70 (0.1)

Moderate to severe 107 37.5 (3.6) 27.3 (4.1) 0.73 (0.1)

Absent 1,975 36.9 (3.9) 26.0 (3.6) 0.71 (0.1)

Hypertension 

Present 1,624 37.2 (3.9) 26.2 (3.7) 0.71 (0.1)

Absent 566 36.1 (3.7) 25.5 (3.6) 0.71 (0.1)

DM

Present 277 36.7 (3.9) 26.7 (3.7) 0.73 (0.1)

Absent 1,786 37.0 (3.9) 25.9 (3.7) 0.71 (0.1)

Heart failure

Present 69 38.1 (4.7) 28.9 (4.9) 0.77 (0.1)

Absent 2,128 36.9 (3.8) 25.9 (3.6) 0.71 (0.1)

COPD: chronic obstructive pulmonary disease; DM: diabetes mellitus; PA:A: pulmonary artery to 
aorta ratio; SD: standard deviation. 
Data are presented in mean (SD). 
* The total number of COPD cases in the sub-groups do not add up to the total number of all 
COPD n=222, since COPD diagnosis in 15 out of 222 was confirmed after reviewing medical 
charts and specialist letters, but severity could not be adjudicated.  
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A modest, but statistically non-significant association was found between PA:A with 

the risk of mortality in the general population (adjusted hazard ratio (HR) per 1-SD 

increase in PA:A: 1.08 (95%CI:0.98-1.18)) and in individuals without COPD (HR 1.04 

(95% CI 0.93-1.15)) (Table 3). In persons with prevalent COPD, a larger PA:A was 

statistically significantly associated with a higher risk of mortality (HR per 1-SD increase 

in PA:A: 1.21 (95% CI 1.01-1.46)). The risk of mortality was higher in individuals with 

moderate to severe COPD compared to individuals with mild COPD (HR per 1-SD 

 

Figure 3 Log relative hazard plotted against PA:A values 

Estimates for the log relative hazard in A: individuals without COPD, and B: individuals with COPD were derived 

using 3 restricted cubic splines, with a P for non-linearity for A = 0.10 and for B = 0.76. 

Figure 3 Log relative hazard plotted against PA:A values
Estimates for the log relative hazard in A: individuals without COPD, and B: individuals with 
COPD were derived using 3 restricted cubic splines, with a P for non-linearity for A = 0.10 and 
for  B = 0.76. 

Table 3 The association between PA:A and all-cause mortality.

Hazard Ratio per 1-SD increase in PA:A (95% CI)

Model1* Model2†

Total population‡ N=2,197 1.09 (1.00-1.20) 1.08 (0.98-1.18)

No COPD n=1,975 1.05 (0.95-1.17) 1.04 (0.93-1.15)

All COPD¶ n=222 1.17 (0.98-1.40) 1.21 (1.01-1.46)

Mild     n=98 1.08 (0.77-1.52) 1.09 (0.76-1.56)

Moderate-severe n=109 1.22 (0.94-1.58) 1.36 (1.03-1.79)

CI: Confidence interval; COPD: chronic obstructive pulmonary disease; PA:A: pulmonary artery 
to aorta ratio; SD: standard deviation.
*Model1: adjusted for age and sex.
†Model2: adjusted for age, sex, body mass index, smoking, diabetes mellitus and left ventricular 
systolic function.
‡ Additionally adjusted for COPD in Model2.
¶ The total number of COPD cases in the sub-groups do not add up to the total number of all 
COPD n=222, since COPD diagnosis in 15 out of 222 was confirmed after reviewing medical 
charts and specialist letters, but severity could not be adjudicated.
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increase in PA:A: 1.36 (95% CI 1.03-

1.79) versus (HR per 1-SD increase in 

PA:A: 1.09 (0.76-1.56), respectively) 

(Table 3). Sensitivity analysis showed 

that the association in individuals 

with moderate-to-severe COPD is 

mainly driven by individuals with 

severe COPD with a HR per 1-SD 

increase in PA:A: 3.01 (95% CI 1.26-

7.17). The association in prevalent 

COPD did not materially change 

after adjustment for COPD severity 

by FEV1 (L) (HR per 1-SD increase in 

PA:A: 1.22 (95% CI 1.02-1.48)).

Table 4 represents the results of 

the association of PA:A quartiles with 

the risk of mortality in all groups. We 

observed a statistically significant 

trend over the quartiles in persons 

with COPD (P-for-trend = 0.02), 

particularly in those with moderate to 

severe COPD (P-for-trend =0.03). The 

corresponding Kaplan-Meier curve in 

individuals with COPD is presented 

in Figure 4.

Individuals with moderate to 

severe COPD in the highest PA:A 

quartile, had an almost 3-fold 

increased risk of mortality (HR 2.78 

(95% CI 1.07-7.23)) compared to the 

persons in the lowest quartile of the 

PA:A.
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PA:A and Pulmonary Artery Systolic Pressure (PASP)
A statistically significant association was found between PA:A ratio and PASP, as 

estimated by echocardiography, both in non-COPD and COPD subjects. We observed 

that 1-SD increase of PA:A was associated with 0.61 (SE 0.23) mmHg increase in PASP 

in individuals without COPD (95% CI 0.16-1.06), and with 2.33 (SE 0.77) mmHg 

increase in PASP in individuals with COPD (95% CI 0.80-3.85).

PA:A and Pulmonary Hypertension
The association between PA:A and pulmonary hypertension (defined as PASP >40 

mmHg) were in line with that between PA:A and PASP. PA:A was significantly associated 

with pulmonary hypertension in both groups. The risk of PH in COPD per 1-SD increase 

in PA:A was OR: 2.59 (95% CI 1.07-6.32), whereas the risk of PH in non-COPD per 

1-SD increase of PA:A was OR: 1.86 (1.17-2.94).

PA:A and diffusing capacity of the lung
The mean diffusing capacity of the lung per alveolar volume (DLCO/VA) in COPD 

subjects was statistically significantly different from the mean DLCO/VA in non-COPD 

subjects (1.32 versus 1.49 mmol/min/kPa/L, P-value < 0.001).
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Figure 4 Kaplan-Meier survival curve of individuals with COPD (n=222) by quartiles of PA:A.
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We tested for interaction between PA:A and DLCO/VA in the Cox model to investigate 

whether the relationship between PA:A and mortality is different with different values 

of  DLCO/VA, separately for individuals with COPD and without. In individuals with 

COPD, we observed a statistically significant interaction between PA:A and DLCO/

VA (P-for-interaction= 0.01), while no interaction was observed in individuals without 

COPD (P-for-interaction= 0.14).

Discussion

In this large population-based study, we observed no association between PA:A and 

mortality in an older general population. However, persons with COPD with higher 

PA:A ratios were at increased risk of mortality, particularly those with moderate to 

severe COPD.

To our knowledge, this is the first population-based study to investigate the 

association between the PA:A and mortality in the general population and in individuals 

with COPD, specifically. Although several studies have been performed with PA:A as 

proxy of PH, the variation in the use of PA:A is considerable, and the results have been 

inconsistent. There have been several studies that used the PA:A as a binary variable 

with 0.9 or 1 as cut-off for normal (< 0.9 or 1) versus abnormal (> 0.9 or 1). For 

example, Ersoy and colleagues [2] found no association between PA:A >1 and the 

risk of mortality risk in a group of 106 patients admitted to the intensive care because 

of an acute COPD exacerbation. In contrast, another retrospective study conducted 

in 1,326 patients with suspected coronary artery disease undergoing CT angiography 

[16], demonstrated that PA:A >0.9 was associated with an increased risk of mortality. 

In addition Shin et al [17], demonstrated that PA:A >1 was significantly associated with 

an increased risk of mortality in very severe COPD patients undergoing evaluation for 

lung transplantation.

An important consideration with regard to these studies cut-offs, is that these 

results are based on findings in selected groups such as COPD patients with severe 

exacerbations requiring hospitalization [2], patients with suspected ischemic heath 

disease [16] or patients with very severe COPD undergoing evaluation for lung 

transplantation [17]. In contrast to these clinic-based populations, our cohort represents 

the general population, including smokers and non-smokers, with and without various 

comorbidities. Importantly, only 17 out of 2,197 persons in our cohort had a PA:A >1. 

Therefore, instead of dichotomizing the PA:A on a value of 1,  we  analysed PA:A as a 

continuous measure and explored potential linear associations with risk of mortality.

We observed that PA:A was not associated with mortality in the general population 

and in individuals without COPD. When analysing quartiles of PA:A, we found that 
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only persons with moderate to severe COPD who were in the highest quartile of PA:A 

were at statistically significantly increased risk of mortality, and that this association 

was driven by individuals with severe COPD. Pulmonary artery pressure and thereby 

PH is known to increase in advanced COPD due to combined effects of hypoxaemia 

and loss of capillaries in severe emphysema [18, 19]. In this study, we demonstrated 

that the magnitude of increase in pulmonary arterial systolic pressures (PASP) per 1 

SD increase in PA:A is much larger in persons with COPD compared to those without 

COPD. We also demonstrated that the risk of mortality per 1 SD increase of PA:A was 

most pronounced in subjects with reduced diffusing capacity of the lung, suggesting 

that the identified association in individuals with COPD may be driven by emphysema. 

Further longitudinal studies are necessary to address potential causality. 

Our finding suggests that the PA:A is an independent determinant of mortality in 

individuals with moderate to severe COPD. Especially, given that non-contrast CT scans 

of the chest are often performed in current clinical practice for various indications (e.g. 

screening for lung cancer in subjects at risk), our finding might help in identifying 

persons with COPD who are at increased risk of death and thereby provide guidance 

for more targeted therapeutic decision making.

The strength of our study is the population-based setting and the long follow-up 

period, the prospective, standardized data collection for COPD and mortality, and  the 

standardized, CT-based assessment of PA:A, with excellent inter- and intra-observer 

correlation coefficients.

Our study also has some limitations. First, in individuals with COPD, analyses 

of cause-specific mortality as endpoint were not performed due the limited number 

of cases per cause. Second, the observed risks of mortality may be underestimated 

due to healthy volunteer effect [20]. Third, although we have carefully considered the 

potential confounders of the association between PA:A and mortality, it is possible that 

part of the observed associations might be explained by residual confounding. Finally, 

the Rotterdam Study comprises a homogenous sample of white participants, which may 

limit the generalizability of our results to other ethnic groups. 

Conclusion 

Larger PA:A is an independent indicator for mortality in individuals with COPD, 

particularly in moderate to severe COPD. Measuring PA:A in scans, including those 

obtained for other indications, may yield important prognostic information usable to 

tailor patient management in clinical practice.
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Abstract 

Introduction: Patients with COPD commonly present with multimorbidity. We aimed to 

investigate the association between COPD and the development of peripheral arterial 

disease (PAD) in the general population, and how this might affect mortality among 

individuals with COPD.

Methods: We included 3,123 participants of the population-based Rotterdam Study 

without PAD at baseline (mean age 65yr; 57.4% females). The association between 

COPD at baseline and PAD (Ankle Brachial Index ≤ 0.9) during follow-up at the research 

center, was studied using logistic regression. Cox regression was used for mortality 

analysis. Interaction terms were used to investigate mortality risk modification by PAD.

Results: Presence of COPD was associated with incident PAD, (Odds Ratioadjusted 1.9 

(95% Confidence Interval 1.1-3.2)). Mortality rates per 100,000 PY were: 10.0 in 

individuals without COPD and PAD, 18.4 in those with only COPD, 16.1 in those with 

only PAD, and 30.1 in individuals with both COPD and PAD. No statistical interaction 

was found between PAD and COPD and risk of dying. 

Conclusion: Individuals with COPD have an almost doubled risk of developing PAD. 

Although PAD does not modify the association between COPD and mortality, people 

suffering from both diseases have substantially higher mortality rates.

Key words: PAD, COPD, epidemiology, population-based, effect modification
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Introduction 

Chronic Obstructive Pulmonary Disease (COPD) is the third major cause of death 

worldwide (1). Beyond the airflow limitation and respiratory impairment, COPD patients 

often suffer from multi-morbidities, of which most prominently vascular diseases (2) (3).

Atherosclerosis is known as a major cause of symptomatic vascular disease. One of 

the manifestations of atherosclerosis is peripheral arterial disease (PAD), which refers to 

the occlusion of the arteries in the lower limbs. PAD is often asymptomatic but can be 

present in advanced stages in the form of intermittent claudication, leg pain at rest and 

rarely non-healing wounds, ulcerations and gangrene (4).

Patients with PAD have comparable – but not identical -  risk factor profiles 

compared to patients with coronary heart disease, of which systemic inflammation, 

diabetes and smoking are most predominant in PAD (5-8). 

The prevalence of PAD in individuals with COPD shows a wide range of variation 

depending on the COPD severity in the study population. Its prevalence was found to 

be 8% in Asian COPD patients, 8.8% in the German COSYCONET study of COPD 

patients followed in secondary care and 36.8% in COPD patients hospitalized for a 

severe exacerbation (9, 10 , 11). 

A previous study by Pecci and colleagues (10) demonstrated that PAD was 

asymptomatic in a large proportion of COPD patients, and was associated with more 

severe lung disease than in  COPD subjects without PAD. However, longitudinal studies 

investigating the association between COPD and incident PAD are lacking. In addition, 

although PAD is known to have a significant impact on mortality, it is unknown whether 

the risk of mortality is higher in patients with both COPD and PAD. Therefore, the 

objectives of our study were to investigate the association between COPD and incident 

PAD in a longitudinal cohort, and to elucidate the effect of PAD on mortality in subjects 

with COPD in a community-dwelling population of middle-aged and older subjects.

Methods

Setting
The present study was embedded within the Rotterdam Study, an ongoing prospective 

population-based cohort which was enrolled to investigate the occurrence of, and risk 

factors for, chronic diseases in the general population. The aims and methods of the 

Rotterdam Study have been published in detail previously (12). In short, the Rotterdam 

Study started in 1990, where inhabitants of the Ommoord district in Rotterdam were 

invited every 3-4 years to the research centre for follow-up examination. Participants 

were additionally monitored continuously for morbidity and mortality through linkage 
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of general practitioners and municipality records to the study base. The present 

study was conducted using data from the first cohort of the Rotterdam Study (RS-I) 

and comprises of two parts; the first longitudinal analysis was performed in order to 

study the association between COPD (measured at baseline, between 1990-1993) and 

newly diagnosed PAD (measured between 1996-2000) (Figure 1). In short, there were 

6,450 individuals with a measurement of the ankle-brachial index (ABI) at baseline 

as described below of whom 336 had prevalent PAD, 1,881 died, and 1,110 did not 

have a second measurement of the ABI. The Rotterdam Study has been approved by 

the Medical Ethics Committee of the Erasmus MC and by the Dutch Ministry of Health, 

Welfare and Sport. All participants provided written informed consent to participate in 

the study and to have their information obtained from treating physicians.

COPD diagnosis
We validated whether participants had COPD by reviewing the medical charts, 

including outpatient clinic reports and hospital discharge letters of all participants 

who used medication for obstructive lung disease for at least six months (Anatomical 

Therapeutic Chemical Classification codes: R03) or who stated to have COPD in 

the questionnaire. COPD cases were defined as having a medical COPD diagnosis 

supported by clinical presentation and/or obstructive lung function (13). The index date 

was defined as the date of diagnosis of COPD as described in the medical charts or 

the date of a first prescription of COPD medication in patients with COPD, whichever 

came first. In this study COPD data was used at baseline for the first objective and at 

follow-up for the second objective.

Assessment of Peripheral Artery Disease (PAD)
The method of measuring the Ankle Brachial Index (ABI) has been described previously 

(14). In short, blood pressure in the arm was obtained by calculating the mean of two 

successive measurements with a random-zero sphygmomanometer at the right brachial 

artery while the participant was in a sitting position (14). In addition, in both the left 

and the right leg, the systolic blood pressure level of the posterior tibial artery was 

measured using a random-zero sphygmomanometer and an 8-MHz continuous-wave 

Doppler probe (Huntleigh 500 D, Huntleigh Technology) while the participant was in 

the supine position. The ABI was defined as the ratio of the systolic blood pressure at 

the ankle to the systolic blood pressure at the arm and was calculated for each leg. 

The presence of PAD was defined as an ABI of ≤ 0.90 in at least one leg (5). Patients 

with prevalent PAD at baseline were excluded and only newly diagnosed (incident) 

PAD during follow-up was considered as outcome. Severe PAD was defined as ABI 

< 0.6 (11). Besides the ABI measurements, we used the criteria of the World Health 
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Organization/Rose questionnaire which was incorporated in the home interview (15) to 

investigate intermittent claudication to capture symptomatic PAD.

Follow-up for mortality
To investigate whether PAD increases the risk of all-cause mortality in subjects with or 

without COPD,  3,123 individuals with 2 ABI measurements, were followed from the 

second PAD measurement on until mortality or the last visit to the study centre. 

Information on mortality of study participants was obtained from the municipality 

of Rotterdam, and additionally validated with data from medical records kept by 

the general practitioner’s, as described in detail previously (16). Mortality data was 

complete until August 2016. Cause specific mortality data was complete until January 

2014. 

 
Follow-up measurement RS-I-3

(1996-2000)
N= 3,123 with two consecutive measurements of ABI excluding 

prevalent PAD
 
 

 

 

 

Baseline measurement RS-I-1
(1990-1993)

N= 6,450 ABI measurement at baseline

 
End of follow-up for mortality

(2016)
Mortality rates per 100,000 PY
10.0 Non-COPD without PAD

16.1 PAD only
18.4 COPD only

30.0 COPD and PAD
 

No PAD: N= 2,676
COPD without PAD: n=198
Non-COPD without PAD: n= 2,478

 
Newly diagnosed PAD: N= 447
COPD with PAD:  n= 51
Non-COPD with PAD:  n= 396
 

 

16.5  years 

7  years 

Baseline measurement RS-I-1
(1990-1993)

N= 7,983 

N= 336 prevalent PAD
N=1,881 died 
N=1,110 with only one measurement of PAD 

N=1,533 without ABI measurements 

Figure 1: Flow chart to investigate the association between COPD and newly diagnosed PAD.
ABI: Ankle Brachial Index; COPD: Chronic obstructive pulmonary disease; N: total sample size; 
PAD: Peripheral arterial disease; RS-I-1: The first visit of the first wave of the Rotterdam Study. RS-
I-3: The third visit of the first wave of the Rotterdam Study. 
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Covariables
Relevant covariables at baseline of each analysis were obtained using interview, blood 

sampling, and physical examination (17). Smoking status was assessed by interview 

and categorized as never, former or current smoker, or as ever and never smoker. Body 

mass index (BMI) was calculated by dividing body weight in kilograms by height in 

meters squared. Hypertension was defined as a systolic blood pressure ≥ 140 mmHg, 

a diastolic blood pressure ≥ 90 mmHg, or the use of blood pressure-lowering drugs. 

Subjects were classified as statin users if they had received at least one prescription 

for statins at baseline. Information on statin use was obtained from interview and from 

pharmacies. Type 2 diabetes mellitus was defined according to recent WHO guidelines, 

as a fasting blood glucose ≥ 7.0 mmol/L, a non-fasting blood glucose ≥ 11.1 mmol/L 

(in absence of fasting samples), or the use of blood glucose lowering medication (16). 

Concentrations of HDL cholesterol and total cholesterol were measured from the blood 

samples using an automated enzymatic method (18). HDL to total cholesterol ratio was 

calculated by dividing HDL blood concentrations by total cholesterol concentrations. 

Ethnicity was based on genetic ancestry data, or interview data in absence of genetic 

information. High sensitivity C-reactive protein (hs-CRP) was measured using Rate Near 

Infrared Particle Immunoassay (Immage Immunochemistry System, Beckman Coulter, 

Fullerton, CA). 

Statistical analysis 
To study population characteristics the chi-square test and the independent sample 

t-test were used to test differences between individuals with or without COPD. We 

determined the association between baseline COPD and the development of PAD 

(assessed during follow-up visit), using logistic regression after exclusion of individuals 

with prevalent PAD at baseline. For the association between COPD and newly diagnosed 

PAD, we adjusted for covariables that were considered risk factors for atherosclerosis 

and cardiovascular disease. The following potential confounders where considered: 

age, sex, smoking, pack years of smoking, BMI, hypertension, hs-CRP, statin use, HDL 

to cholesterol ratio, ethnicity and diabetes. Missing data on covariables were imputed 

using the Expectation Maximization (EM) method. Effect modification was tested with 

interaction terms. Additional sensitivity analyses were performed by adjusting for hs-

CRP (as a marker for inflammation) and by excluding incident COPD or individuals 

with ABI > 1.4 (as a marker for arterial stiffening (14)) from the analysis. 

As secondary objective, we aimed to study the impact of PAD on the risk of mortality 

among individuals with COPD. For this analysis four groups were defined. 1) individuals 

without COPD nor PAD, 2) individuals with COPD only, 3) individuals with PAD only 

and 4) individuals with both COPD and PAD all assessed at the second PAD round. 

Mortality rates were obtained by dividing the number of deaths by the total number of 
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person years (PY) of subjects at risk and were presented per 100,000 PY. Confidence 

intervals (CI) around these rates were calculated using a Poisson distribution. Follow-up 

time for all subjects was defined as the time period between the start of the second 

analysis (where incident PAD was measured) and death or the last visit to the study 

centre. Sensitivity analysis was performed by censoring for incident COPD during 

follow-up. Median follow-up time was estimated using the reverse Kaplan-Meier 

method. Crude survival curves were obtained using the Kaplan-Meier survival method. 

The Cox proportional hazard model was used to calculate mortality hazard ratios and 

was adjusted for age, sex, pack years of smoking, hypertension, HDL to cholesterol 

ratio and diabetes mellitus. We used SPSS version 21 (IBM Corp, Armonk, NY, USA) 

and R software for all analyses.

Results

The characteristics of the population for follow-up (n=3,123) are presented in Table 

1. The mean age was 65.1 (SD 6.6) years and 57.2% were women. The prevalence of 

ever smokers was 65% in the total population, and 67.1% in individuals with incident 

PAD (Tables 1 and 2). Within individuals with PAD, almost all men (89.1%) and 48.3% 

of the women were ever smoker. In total, 1.8% (56/3,123) had severe PAD based on 

an ABI < 0.6. Only 21.4% (12/56) of the subjects with severe PAD indicated to have 

intermittent claudication on questionnaire.

COPD and the association with newly diagnosed PAD
During a median follow-up of 7.4 years, 447 (12.9%) patients developed incident PAD. 

A statistically significant association was found between COPD and newly diagnosed 

PAD during follow-up. The age- and sex adjusted odds ratio (OR) was 1.89 (95% CI 

1.13-3.17), and 1.87 (95% CI 1.10-3.18) after additional adjustment for pack years of 

smoking, hypertension, HDL to cholesterol ratio and diabetes mellitus (Table 2). This 

association remained significant upon additional adjustment for baseline hsCRP levels 

(ORadjusted 1.86 (95% CI 1.10-3.16), exclusion of individuals (n=186) who developed 

COPD during follow-up (ORadjusted1.93 (95% CI 1.13-3.29)) and upon exclusion of 

individuals with ABI >1.40 (n=495) (ORadjusted 1.95 (95% CI 1.13-3.36)). The association 

between COPD and incident PAD was stronger in males (ORadjusted 2.59; 95% CI 1.04-

5.16) than females (OR 1.22adjusted ; 95% CI: 0.53-2.87). However, test for interaction 

between COPD and sex was not significant (p for interaction=0.18). Stratified analysis 

by smoking revealed that the overall association between COPD and newly developed 

PAD was driven by the group of individuals who had ever smoked (P for interaction = 

0.41) (Table 2).
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Disease status and risk of all-cause mortality
We investigated the impact of PAD on mortality starting follow-up for all subjects from 

the time when the second PAD measurement was performed (n= 3,123). The general 

characteristics of the population which was followed-up for mortality are presented 

in Table 3. The prevalence of PAD in COPD was 20.5% (51/(198+51)) versus PAD 

in non-COPD 13.8% (396/(2,478+396)). We stratified the study population into the 

following four groups: 1) No COPD or PAD (N=2,478), 2) COPD only (N= 198) 3) PAD 

only (N= 396) and 4) comorbid COPD and PAD (N= 51). Median follow-up time for  

mortality was 16.5 years. At the end of follow-up, 1,805 individuals (58%) had died. 

The mortality rate in the group without COPD nor PAD was 10.0 per 100,000 PY (95% 

CI 9.47-10.62); subjects with COPD and subjects with PAD had comparable mortality 

rates: 18.4 (95% CI 15.49-21.58) and 16.1 (95% CI 14.17-18.16) per 100,000 PY, 

Table 1 Baseline characteristics of all subjects without PAD at baseline, stratified by COPD status.

Overall no COPD COPD p-value

N (%) 3,123 (100) 3,038 (97) 85 (3)

Age (mean (sd)) 65.14 (6.6) 65.12 (6.6) 65.69 (5.6) 0.43

Female, n (%) 1785 (57.2) 1745 (57.4) 40 (47.1) 0.07

BMI (mean (sd)) 26.27 (3.5) 26.28 (3.5) 26.17 (3.1) 0.78

Pack years (mean (sd)) 25.5 (21.3) 25.3 (21.2) 33.5 (24.1) < 0.01

Smoking status,n (%)   < 0.01

Never 1069 (35.4) 1054 (35.8) 15 (18.5) 

Former 1394 (46.1) 1348 (45.8) 46 (56.8) 

Current 560 (18.5) 540 (18.4) 20 (24.7) 

Ever smoking, n (%) 1954 (64.6) 1888 (64.2) 66 (81.5) < 0.01

Diabetes, n (%) 380 (12.6) 367 (12.5) 13 (15.9) 0.47

HDL/Chol ratio (mean (sd)) 0.21 (0.1) 0.21 (0.1) 0.22 (0.1) 0.13

Cholesterol lowering drugs, n 
(%)

72 (2.3) 70 (2.3) 2 (2.4) 0.98

Hypertension, n (%) 1481 (47.4) 1446 (47.6) 35 (41.2) 0.29

BP lowering drugs, n (%) 770 (24.7) 743 (24.5) 27 (31.8) 0.12

hs-CRP (mean (sd)) 2.44 (3.3) 2.42 (3.3) 3.02 (3.0) 0.11

Inhaled therapy (R03), n (%) 1.24 (4.0) 64 (2.1) 60 (70.6) < 0.01

BP: Blood pressure; BMI: Body Mass Index; COPD: Chronic Obstructive Pulmonary Disease; hs-
CRP: High sensitivity C-reactive protein, HDL/Chol ratio: High density lipoprotein to cholesterol 
ratio; PAD: Peripheral arterial disease; SD: standard deviation
P-values represents the difference between COPD groups. Data represent original data without 
imputed values. In de total population, missing values were present for smoking (3.2%), pack 
years of smoking (7.1%), body mass index (0.2%), and diabetes mellitus (3.5%).
*Pack years are presented for former and current smokers only
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respectively. In subjects with both COPD and PAD, the mortality rate was the highest: 

30.01 per 100,000 PY (95% CI 22.01-40.11). Figure 2 represents the Kaplan-Meier 

survival curves in the different groups. Age and sex adjusted mortality hazard ratios 

compared to individuals without COPD nor PAD were, 1.41 (95% CI 1.24-1.61), 1.50 

(95% CI 1.26-1.77) and 2.23 (95% CI 1.66-3.00) for subjects with PAD, COPD and 

subjects with both COPD with PAD, respectively. After additional adjustment for pack 

years of smoking, hypertension, HDL to cholesterol ratio and diabetes mellitus the 

mortality rates were 1.36 (95% CI 1.19-1.54), 1.52 (95% CI 1.28-1.80) and 2.30 (95% 

CI 1.71-2.09), for subjects with PAD, COPD and subjects with both COPD with PAD, 

respectively. We did not find effect modification by PAD on the multiplicative scale 

(p for interaction= 0.82). In addition, sensitivity analysis after censoring for incident 

COPD during follow-up did not materially change the results. 

Table 3 Characteristics of all subjects at the second PAD assessment: individuals without COPD 
nor PAD, subjects with COPD only, subjects with PAD only and subjects with both COPD and 
PAD at the second PAD assessment . This table describes baseline characteristics of individuals 
who were followed for mortality.

Overall No COPD or 
PAD

COPD only# PAD only COPD and 
PAD#

N 3123 2478 198 396 51

Age (mean (SD)) 71.73 (6.58) 71.13 (6.36) 72.79 (5.95) 74.58 (7.21) 74.84 (6.89)

Women (%) 1785 (57.20) 1435 (57.90) 87 (43.90) 246 (62.10) 17 (33.30)

BMI (mean (SD)) 26.87 (3.89) 26.94 (3.86) 26.91 (3.78) 26.55 (4.08) 25.83 (3.72)

Ever smoker, (%) 2,049 
(65.60)

1,580 (63.80) 163 (82.30) 261 (65.9) 45 (88.2)

Pack years (mean (SD)) 25.47 
(22.50)

23.99 (22.01) 34.13 
(26.62)

26.49 
(19.85)

39.78 (25.63)

Diabetes Mellitus (%) 816 (26.10) 608 (24.50) 63 (31.80) 130 (32.80) 15 (29.40)

HDL/Chol ratio (mean 
(SD))

0.24 (0.07) 0.25 (0.07) 0.25 (0.08) 0.23 (0.06) 0.25 (0.08)

Data represent imputed values
#The total number of individuals with COPD at follow-up as presented in this table (N=249, 
N=198 COPD only + N=51 COPD and PAD)) represent COPD at baseline (N=85, see Table 1) 
plus the individuals that acquired COPD during follow-up
*Pack years are presented for former and current smokers only
BMI: Body Mass Index; COPD: Chronic Obstructive Pulmonary Disease; HDL/Chol ratio: High 
density lipoprotein to cholesterol ratio; PAD: Peripheral arterial disease; SD: standard deviation. 



177

COPD and PAD development and effects on mortality

4

Discussion

To our knowledge, this is the first population based study that investigated longitudinally 

the association between COPD and incident PAD, and the influence of PAD on 

mortality rates in individuals with COPD. We observed that individuals with COPD 

have a higher risk of developing PAD, and that the risk of mortality was highest in 

people with both diseases. 

Smoking is a well-known risk factor for both COPD and PAD. However in our 

study, the association between COPD and PAD remained statistically significant upon 

adjustment for cumulative smoking history (i.e. pack years). Additionally, increased 

CRP levels are known to be an important risk factor for PAD, and CRP is also elevated 

in a subgroup of patients with COPD (19). However, adjusting for baseline hsCRP 

levels did not change the overall association substantially. Despite the potential for 

residual confounding or other unmeasured mediators of systemic inflammation, such 

as Tumor Necrosis Factor-α (TNF-α), Interleukin-1β (IL-1β) or matrix metalloproteinases, 

we hypothesize that COPD-related mechanisms beyond smoking and systemic 

inflammation might contribute to the onset of PAD.

COPD and PAD have a well-known impact on mortality, however, no study in the 

literature has investigated the impact of PAD on the association between COPD and 

all cause-mortality. We observed a higher risk of mortality in individuals when COPD 

and PAD co-occur, although formally there was no statistical interaction between both 

diseases on a multiplicative scale. The observed mortality rates in individuals with PAD 

or with COPD are in line with literature reports. The ERS white book (https://www.

erswhitebook.org) reported an age-standardised (to the European Standard Population) 

mortality rate for COPD of approximately 18 per 100,000 inhabitants per year. Also, 

    
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
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 
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Figure 2: Kaplan-Meier curves of mortality in different groups according to the presence or 
absence of COPD and Peripheral Arterial Disease (PAD).
COPD: Chronic obstructive pulmonary disease; PAD: Peripheral arterial disease
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unstandardized all-cause mortality in the subgroup of individuals with only COPD 

was 18.4 per 100,000 PY. In addition, in a group of patients with asymptomatic PAD, 

Diehm et. al. (20) reported a mortality rate ratio of 1.4 after adjustment for known 

cardiovascular risk factors. We observed a similar adjusted hazard ratio of 1.4 in our 

population, which highlights the robustness of our data. 

Our findings have important implications for disease management (21). As COPD 

is associated with PAD development and PAD is often asymptomatic, patients with 

COPD might benefit from routine ABI screening for the timely diagnosis of PAD. Apart 

from its cost-effectiveness, early targeted screening and treatment of asymptomatic 

PAD is likely to improve health by preventing future cardiovascular disease (22). 

The strengths of this study are the prospective longitudinal design, and the 

standardised data collection. However, our study has also some limitations. First, 

information on PAD was only gathered at the study centre (during study visits), implying 

that actual dates of PAD onset were missing which prevented us to conduct time to 

PAD development analysis. Second, since spirometry measurements were not routinely 

performed in the early rounds of the Rotterdam Study data, the COPD incident date 

was based on a clinical diagnosis of COPD only, and not all clinically diagnosed COPD 

subjects were still alive to be confirmed by spirometry at the research centre later on. 

Third, although we have evaluated all available known potential confounders of the 

association between COPD and PAD development, residual confounding might still 

explain part of this association. Finally, including patients with two ABI measurements 

at two subsequent visits might lead to a selection towards healthier individuals. 

Conclusion 
Subjects with COPD have a higher risk of developing PAD. People with both COPD 

and PAD have a substantially increased  risk of death. Consequently, early detection 

of PAD and preventive actions in people with COPD should receive more attention in 

clinical respiratory care.
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In this thesis the genetic and non-genetic determinants and clinical consequences of 

impaired lung function were studied. Especially, genetic epidemiological studies had 

a great share in this work. Here, comprehensive study designs were used including 

GWAS, EWAS, and Genome-wide linkage to investigate which genetic and epigenetic 

changes are significant contributors to disease onset and progression. For this, we 

integrated population genetics with experimental clinical research. In this chapter, 

the main findings, research challenges, clinical relevance and future directions are 

discussed.

Main findings and challenges

Epidemiology of COPD
Epidemiological research is crucial to gain insight into the occurrence of diseases, to 

support informed decision making and develop public health interventions and strategies 

to address risk factors (1). Alongside with other research disciplines, epidemiological 

research is essential and aims to answer questions like: how big is the problem? What 

is the risk of acquiring the disease in a certain amount of time? And which risk factors 

are important?

In chapter 2, we studied the epidemiology of COPD. COPD is the third leading 

cause of death worldwide and thereby a major public health problem (2). In de last 

decade, the number of COPD cases worldwide increased by 28% and this number 

is expected to grow in the future (3). We investigated the epidemiology of COPD in 

15,000 participants of the Rotterdam Study who were followed for up to 25 years. In the 

absence of a clinical diagnosis of asthma in the electronic medical records, COPD was 

diagnosed based on a pre-bronchodilator obstructive spirometry (FEV1/FVC < 0.70). In 

absence of an interpretable spirometry within the Rotterdam Study, cases were defined 

as having COPD diagnosed by a physician on the basis of clinical presentation and 

obstructive lung function measured by the general practitioner or respiratory physician. 

We reported on the prevalence and the incidence of the disease, and investigated 

differences by sex and smoking status. 

One of the challenges in epidemiological cohorts studies is, that researchers 

often deal with historical changes that they have to consider in the sake of a good 

interpretation of the study results. In the Rotterdam study for example, spirometry was 

introduced after 2001, meaning that for a subset of COPD cases the diagnosis was 

based on medical chart records only. Should we have presented the prevalence and 

incidence data of COPD in the total population only, then we would have missed an 

interesting piece of information that enriches our knowledge about the incidence of 

COPD in different settings. Subgroup analyses were required to highlight different study 
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results (Table 1). A higher incidence of COPD was found when diagnosis was based on 

spirometry (only) as compared to a clinically based diagnosis, which can be attributed 

to the inclusion of asymptomatic COPD subjects who  frequently still have mild airflow 

limitation.  Since mild COPD cases rarely seek medical attention, the incidence of 

COPD is frequently underestimated in clinical settings. 

Table 1: Prevalence and incidence data according to different classification methods in the total 
cohort and in the sub-groups (spirometry versus medical charts group)

Spirometry data Medical records data Combined data

N=7,153 N=7,466 N=14,619

COPD GOLD 

Prevalence 5.3% 4.2% 4.7%

Incidence 11.7/1,000PY 5.8/1,000PY 8.9/1,000PY

COPD LLN

Prevalence 3.4% 4.2% 3.8%

Incidence 5.2/1,000PY 5.8/1,000PY 5.5/1,000PY

COPD: Chronic obstructive pulmonary disease; GOLD: Global initiative for Obstructive Lung 
Disease; LLN: lower limit of normal; PY: person years

Another historical change is the introduction of “better” (i.e. more accurate) cut-off 

values of FEV1/FVC to define airflow limitation. In the same chapter, we presented the 

incidence figures of COPD according to either the fixed 0.70 ratio of FEV1/FVC (as 

recommended by the Global initiative for Obstructive Lung Disease [GOLD]) or the 

lower limit of normal (LLN; as recommended by the Global Lung function Initiative 

[GLI]) (Table 1) (4-7). The question remains whether we really have to replace the 

fixed ratio with the LLN. Several studies claim that using the fixed 0.70 FEV1/FVC 

ratio overestimates the diagnosis of COPD in older individuals due to the inclusion of 

asymptomatic subjects with mild COPD (GOLD I) (6, 8, 9), while others state that mild 

COPD might be a good marker for preclinical disease (6). Importantly, the new criteria 

does not consider subjects with mild COPD (GOLD I) as “true” COPD cases, even 

though we have shown in the Rotterdam Study that even subjects with mild airflow 

limitation (i.e. mild COPD) have an increased risk of cardiovascular mortality (10), all-

cause mortality (11) (Figure 1), and future severe exacerbations compared with control 

subjects with normal spirometry (12). 
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Figure 1 All-cause mortality in COPD in The Rotterdam Study, stratified by COPD severity

The global initiative for chronic obstructive lung diseases (GOLD) defined COPD as a 

preventable and treatable chronic respiratory disease (13, 14). Although research efforts 

broadened our understanding of the disease, we are still unable to unravel the exact 

pathophysiological mechanisms of this disease, nor we are able to define accurate 

biomarkers of COPD (15-21). Thereby, we are left with a progressive disease that forms 

a huge burden on the quality of life of millions of people worldwide (14). The only 

bright spot for patients with COPD are medications for symptoms relief that help them 

improve their quality of life (22). However, this change in COPD treatment forms a 

methodological challenge in epidemiological research of the ‘natural course’ of COPD, 

because the more treatment options are available, the more difficult it is to capture the 

differences in severity that arise, due to effect of treatment.

Finally, COPD is an age-related disease. Patients with COPD often present with 

multi-morbidity including cardiovascular and cerebrovascular disease (22). For this 

very reason, researchers encounter difficulties studying associations between COPD 

and other age related diseases, such as dementia, because the more advanced the 

disease stage is, the more researchers will deal with informative missingness in their 

data, leading to a possible bias in the generated results (23).

Genome-wide association studies (GWAS)
GWAS associations can typically tag multiple genetic variants in the same region that 

are highly correlated (or in other words, in linkage disequilibrium (LD)). Correlated 
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variants have an equal likelihood to be causally associated with the disease of interest, 

when assuming no independent effects. The idea behind LD relates to the non-random 

association between one or more loci on the genome (24). The LD between SNPs 

in the same chromosomal region is calculated based on information of the observed 

haplotype frequency of the two SNPs of interest and the frequency of each individual 

SNP (24-26). Although there are many ways proposed to calculate LD (27, 28), it is 

nowadays typically expressed as a measure of squared correlation (r2), or as the relative 

measure of disequilibrium compared to its maximum, as proposed by Lewontin , the 

D prime (D’) (26). However, many web based applications, that provide summaries 

and visualizations of GWAS results often base their LD calculations on r2 only. It is 

important to realize that r2 can only reach its maximum if the allele frequency of the 

two SNPs are similar and the two haplotype frequencies are bigger than zero (25, 29). 

While D’ can be large if any allele of the first locus is seen with one allele of the other, 

and thereby does not depend on allele frequencies as it is the case with r2. As we are 

now in the era of conducting GWA studies with better imputation of rare variants, it 

is desirable to realize that the use of r2 might lead to misleading results about the true 

extent of the LD, simply because of its properties. D’ might be more useful in case we 

are interested in LD measures using a less frequent variant. Nevertheless caution is 

warranted in the interpretation of D’ as well, since D’ can be inflated when the sample 

size is small or if  one of the two alleles is extremely rare (29, 30).

The statistical power to detect associations in GWAS depends on several factors 

such as sample size, effect size of the genetic variant(s), the heterogeneity of the 

phenotype of interest, measurement errors, the distribution of the causal variants in 

the studied population, their frequency and the correlation (LD) with the observed 

genotyped variants (31, 32). 

In chapter 3, we presented two GWA studies of lung function. In the first GWA 

study we investigated a multi-ethnic cohort with more than 90,000 individuals from 22 

studies, of whom 60,000 of European descent. Here, we calculated the heritability and 

genetic determinants of FEV1, FVC and FEV1/FVC, and identified over 50 novel loci, of 

which sixteen genes encode proteins with predicted or established drug targets (33). 

In the second GWA study, we calculated the heritability of and studied the genome-

wide associations with diffusing capacity of carbon monoxide in approximately 8,000 

individuals. Here, we found that the ADGRG6, locus was significantly associated with 

DLCO/VA and that the expression of this gene was decreased in patients with COPD 

and in subjects with decreased diffusing capacity (DLCO/VA) (34). 

Sample size

The two GWA studies show roughly similar heritability estimates but differ considerably 

in the number of identified loci (50 novel loci versus 1). This example is a very nice 
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illustration of how sample size (60,000 versus ~8,000 individuals) can increase the 

power to detect (novel) genome-wide significant associations. 

Sample size is one of the most important factors that influence the power to find 

an association in GWA studies. However, since we are dealing with age related traits 

of lung function, the question remains whether it is justified to add individuals from all 

age groups in order to increase sample size and thereby gain power, or to restrict the 

study population to specific age groups (e.g. older individuals) in order to decrease trait 

variability and thereby to increase the power. 

Heterogeneity

Phenotypic heterogeneity reduces the power to detect statistically significant 

associations and decreases the magnitude of the risk estimates that are ascribed to 

genetic variations (35). In the GWAS of diffusing capacity of carbon monoxide, we 

had a relatively small sample size to begin with, however we tried to gain more power 

by reducing the heterogeneity of the trait by using not only interpretable but also 

reproducible measurements in the analyses, so that only high quality lung function 

measurements were included (32, 35). 

Intuitively, the greatest power might be obtained when these two important factors 

(sample size and heterogeneity) are in balance. Manchia and colleagues suggested that 

accurate phenotype delineation is maybe even more critical for new genetic discoveries 

than increasing the sample size (35).

Genetic correlation

So far, GWAS had an important role in genetic discoveries beyond detecting trait-SNP 

associations (31). GWAS summary statistics can be used in Mendelian randomisation 

studies to test causal relationships, or to quantify the genomic architecture by assessing 

the LD structure. These can also be used to detect and quantify pleiotropy by means 

of polygenic risk scores or genetic correlation estimations. In chapters 3.1 and 3.2, 

we used summary statistics of the GWASs to test genetic correlations between lung 

function and other traits. An important challenge in genetic correlation studies is, that 

they are sample size dependent (36, 37). In other words, lack of statistically significant 

correlation does not mean lack of pleiotropy, but could be due to lack of power to detect 

pleiotropy. Another challenge in genetic correlations studies is, that genetic correlation 

estimates might be counter intuitive, for example in the case of a negative genetic 

correlation between two lung function measures; FEV1 and DLCO/VA (as measured 

using data from the Rotterdam Study: -0.35 (SE 0.13), p-value=0.009). Several reasons 

are possible to explain negative genetic correlations (Figure 2), these include: A) direct 

effect of the causal SNP on the trait, where the SNP has a positive effect on one trait 

and a negative effect on the other, B) a causal SNP that has a positive effect on the first 
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trait, which might be in LD with another causal SNP that has a negative effect on the 

second trait, C) a causal SNP that influences the traits via a mediator that has a positive 

effect on the first trait and a negative one on the second, and finally as an alternative for 

explanation C, D) a causal SNP that affects the first trait which in turn affects the second 

trait in an opposite manner. It is not straightforward to elucidate the exact reason of a 

negative genetic correlation based on the GWAS results only. Therefore, many methods 

are now used to detect genome-wide, regional or single-variant pleiotropy (37-39). 

These methods provide a quantitative assessment of pleiotropy, and have an important 

role in understanding shared genetic effects. 

Figure 2 Interpretation of a negative genetic correlation between traits with positive phenotypic 
correlation

Epigenome-wide association studies (EWAS) 
In chapters 3.3 and 3.4, we studied epigenetic associations of blood DNA methylation 

with occupational exposures and diffusing capacity, respectively. Analyses of the 

first study (chapter 3.3) were restricted to 903 never-smokers from LifeLines. The 

association between occupational exposure to gases/fumes, mineral or biological 

dust and blood DNA methylation was assessed. Several associations were identified 

and the results were validated in the Rotterdam Study. Finally, methylation-expression 

associations were assessed. In the second study (chapter 3.4), the association between 
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DLCO and DLCO/VA and blood DNA methylation was assessed, after adjustment for 

several covariates including smoking. Data from the Rotterdam Study was used for 

discovery and data from the Framingham Heart Study served as replication panel. Two 

methylation sites were identified and replicated and the role of smoking related genes 

on lung function was discussed. In both studies we hypothesised that DNA methylation 

might act as an intermediate between occupational exposures (chapter 3.3) or smoking 

(chapter 3.4) and lung function impairment. 

A considerable challenge in EWAS is, that EWAS associations can be causal as 

well as consequential, implicating major challenges in study design and interpretations 

of the findings (40, 41). GWAS and EWAS findings are hypothesis generating and 

need replication in independent population-based or clinic-based cohorts. Replicated 

findings are interesting candidates for further experimental research.

In the EWAS of diffusing capacity of carbon monoxide (DLCO), we hypothesised 

that the causal effect of smoking would affect methylation levels of the CpG site in 

the AHRR gene. The hypomethylation of the AHRR gene is associated with the low 

expression of another gene, EXOC3. We were able to associate the down regulation of 

mRNA expression of this gene with decreased diffusing capacity in human lung tissue 

(Figure 3). It is worthwhile to mention that although we were able to demonstrate clinical 

relevance by linking the methylation status to gene expression and consequently lung 

function decline, the proposed hypothesis is the result of conclusions based on multiple 

steps where each individual step in the triangle is prone to errors that might lead to 

biased results and conclusions. For example, residual confounding by smoking might 

lead to bias in any direction. Also, the biological samples to perform the experimental 

work on, are often derived from a smaller sample of selected clinical patients (e.g. 

undergoing thoracic surgery for lung tumours). Therefore caution must be warranted 

when dealing with such datasets and a well-designed analysis plan is encouraged to 

avoid bias as much as possible. 
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Figure 3 Possible pathway through which hypomethylation of cg05575921 (AHRR gene) affects 
diffusing capacity. 

Genome-wide linkage scan 
Although larger studies and more accurate data are needed to increase the power for 

discovery in GWAS, it is unclear whether the findings will help to explain the biggest 

proportion of the missing heritability. Therefore rare variant analyses, including genome-

wide linkage scans might be interesting, as they can be informative for discoveries 

beyond the ones revealed by GWAS so far (Table 2).

Table 2 Possible sources of genetic heritability that might explain the missing heritability 
problem (42, 43)

Sources of heritability Causes of missing heritability 

Common genetic variants -	 Lack of power in GWAS

Rare genetic variants -	 Lack of power in WES and WGS 
-	 Rare variants might explain only a small part of the heritability
-	 Underrepresentation of rare variants in SNP arrays

Epigenetic variants -	� Difficulty to control for epigenetic changes that contribute to 
variable gene expression

Interaction and epistasis -	 GWAS  assume additive effects without interaction
-	 Twin studies do take interaction and epistasis into account

Copy number variations, 
insertions, deletions, 
inversions

-	 These variants are largely under investigated 
-	 Large sample sizes are needed
-	� Often considered as unapproachable by the current genotyping 

and sequencing technologies.

GWAS: Genome-wide association study; WES: Whole exome sequencing; WGS: Whole genome 
sequencing
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COPD is a complex disease with genetics contributing to a substantial part of its 

variability. In chapter 3.5, a genome-wide linkage scan was performed to discover 

rare genetic variants underlying COPD in 142 cases clustered in 27 families from an 

isolated population in The Netherlands; The Erasmus Rucphen Family study (ERF) (44). 

Several linkage peaks were detected (Figure 4). Potential causal variants were selected 

for further association testing with COPD in ERF and the Rotterdam Study. The strengths 

of this study are that it provides the opportunity to investigators to point-out genetically 

interesting regions that are associated with COPD. However, a major limitation is often 

the lack of sequencing information in the affected family members, implicating that 

no further analysis could be performed (yet) with two of the three discovered linkage 

peaks.

Figure 4 heterogeneity logarithm of the odds (hLoD) score plot for the chromosomes 5, 11 
and 15. X-axis shows chromosome positions and y-axis shows hLoD score. Red line represents 
hLoD scores for recessive model and green line for dominant model. Dashed red line represents 
the level of signifi cance (hLoD=3).

Consequences of impaired lung function
In the fourth chapter of this thesis, we tried to understand the link between impaired 

lung function or COPD and other comorbidities, including pulmonary hypertension 

and peripheral arterial disease (PAD).

Pulmonary hypertension

Pulmonary Hypertension is a serious complication in patients with COPD. It evolves due 

to hypoxic vasoconstriction of the small pulmonary arteries, infl ammation, mechanical 

stress of hyperinfl ated lungs and loss of pulmonary capillary bed due to emphysema. 

Pulmonary hypertension may lead to structural changes in the pulmonary arteries and 

can eventually lead to right ventricular hypertrophy and heart failure (45-47).

Pulmonary artery to aorta (Pa:a) ratio, defi ned as the ratio between the diameters of 

the pulmonary artery and the aorta on transversal images of CT-scans of the thorax, has 

been shown to be a good surrogate marker of pulmonary hypertension in patients with 

COPD and a predictor for an increased risk of severe COPD exacerbations requiring 

hospitalisation (48). In 2,197 participants from the Rotterdam study, we assessed the 
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association between 1-SD increased of PA:A and mortality in the general population 

and in individuals with COPD (chapter 4.1). We demonstrated that higher PA:A ratio 

-as a proxy for pulmonary hypertension- has predictive value on mortality in individuals 

with COPD, especially in individuals with low diffusing capacity. Importantly, even 

though an increased PA:A ratio is not completely indicative of pulmonary hypertension 

(49, 50), the PA:A ratio might be a good proxy for the impact of pulmonary hypertension 

related mechanisms. Other mechanisms for an increased PA:A ratio include left heart 

disease, pulmonary inflammation, airway remodelling and vasoconstriction, loss of 

capillary beds in the pulmonary circulation and hyperinflation. In conclusion, this 

imaging-based marker - the pulmonary artery to aorta (PA:A) ratio - has possibly 

important clinical utility, as it might help in identifying those COPD patients who are at 

greater risk of severe exacerbations, hospitalisations and mortality, and thereby provide 

guidance for a more targeted therapeutic decision making (51). 

Peripheral artery disease

Patients with COPD present with multi-morbidity of which most prominently vascular 

disease e.g. atherosclerosis. Peripheral arterial disease (PAD) is one of the manifestations 

of atherosclerosis and appears to be often asymptomatic in individuals with COPD. 

In chapter 4.2, we aimed to investigate the association between COPD and future 

PAD (Ankle Brachial Index ≤ 0.9) longitudinally, and to elucidate the effect of PAD on 

mortality in individuals with COPD. Therefore , we included 3,123 participants from 

the Rotterdam study. We found that, individuals with COPD have a higher (almost 

doubled) risk of developing PAD. People suffering from both COPD and PAD had higher 

mortality rates compared to people without both diseases. Although the increased 

mortality could not be directly attributed to PAD as cause, the occurrence of PAD 

frequently heralds vascular disease in other vascular beds resulting in cardiovascular 

disease (e.g. ischemic heart disease) and cerebrovascular disease (e.g. stroke). 

Future directions 
In this section, I discuss my ideas about future research in the field of pulmonary and 

genetic epidemiology. 

Where do we stand now? 

Today, we are dealing with two opposite movements in science. On the one hand, the 

increasing interest of scientific journals to support the open data policies. On the other 

hand, the General Data Protection Regulation (GDPR), that came into force on the 

25th of May 2018, that forces attention and action for personal data protection (52-57). 

At first sight, open data policy and more data protection seem to oppose each other. 

There are several examples in the scientific field, where data sharing has been practiced 



195

General discussion

5

successfully under the umbrella of ethical and legal norms to the individual privacy. 

For example, the Global Alliance for Genomics and Health (GA4GH), established in 

2013, aims to catalyse genomic science by developing the right legal frameworks to 

assure responsible global sharing of clinical and genetic data (58-62). Such frameworks 

are needed, since they offer legal dimensions to research and data sharing between 

the involved institutes and governments, to protect responsible data sharing. Whether 

GDPR will prohibit data sharing within and between countries is yet to be discovered; 

several issues in GDPR are subject for own interpretation and need to be clarified first 

(54). The good news is that these uncertainties will definitely lead to global discussion 

about future data sharing in research. 

COPD research 
Despite the enormous effort that is done so far to understand the causes of COPD, 

comprehensive knowledge of the disease pathophysiology of COPD is still lacking 

and epidemiological research in older COPD individuals with more advanced disease 

is challenging. Early identification of individuals who will develop COPD, will not 

only help with preventing disease onset or progression, it would also solve important 

challenges which epidemiological COPD research faces, due to the effect of aging 

and disease severity. Therefore, future research must focus on understanding disease 

pathophysiology and finding a suitable biomarker for COPD. For this, results of large 

(epi)genome-wide association studies must also be considered, as these provide 

simultaneous information on important disease pathways that are involved in the onset 

and/or progression of this heterogeneous and complex disease. 

Genetic discoveries
In the last decade, many consortia of genetic association studies have been set up 

(63-65), in order to facilitate the possibility of meta-analysing genetic data across 

many population-based and clinic based cohorts. We witnessed an increase in genetic 

discoveries by increasing sample sizes of those studies (up to 3 million in the GIANT 

consortium with Height and BMI phenotypes). It is likely to assume that this trend of 

cohorts with increasing sample sizes will continue and that it will probably cumulatively 

explain a substantial amount of the missing heritability in lung function traits and 

respiratory diseases. Importantly, these large meta-analysis cannot be well performed 

without a well-designed analysis plan supported by guidelines for observational studies 

(66, 67), especially harmonization of the data across the cohorts is needed in order to 

obtain meaningful and unbiased results. 

Another approach to increase the chance of discovery, is to use either better 

imputation reference panels, such as the haplotype reference consortium (HRC) panel, 

or to use the more expensive deeper density coverage of variation in the genome using 
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whole exome sequencing (WES) or whole genome sequencing (WGS) techniques. In 

this thesis, we present two GWAS in which we used 1,000 genomes as imputation 

reference panel. Even though we are now in the era of using WGS data with better 

density of coverage of variation in the genome and larger MAF spectrum, the associated 

costs are still a hurdle. Therefore, it might be a reasonable next step to use the HRC 

imputation panel in future GWAS of lung function, given its availability, low costs and 

reasonable accurate imputations of variants with frequency of 0.1% and higher (68). 

While there is a long way ahead of us to find out what we do not yet know in lung 

function genetics (the so called missing heritability; and whether the discovered genetic 

variants are causal), there is also a huge need for translational research to elucidate 

how the – presumably causal - genetic variants contribute to the disease pathogenesis. 

Previous GWAS findings are excellent candidates for experimental studies to provide 

insight in the pathophysiology of disease, including knockout or knockdown animal 

models, experimental studies in human (lung) tissue or studies using relatively novel 

gene editing techniques, such as the CRISPR-cas9 technique (69). These studies are 

essential to understand the pathophysiology of the genetic findings and shows the path 

that we need to follow to link genetic discovery with clinical relevance, and most 

importantly the identification and validation of novel therapeutic targets (Figure 5) (70). 
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function genetics (the so called missing heritability; and whether the discovered genetic 

variants are causal), there is also a huge need for translational research to elucidate 

how the – presumably causal - genetic variants contribute to the disease pathogenesis. 

Previous GWAS findings are excellent candidates for experimental studies to provide 

insight in the pathophysiology of disease, including knockout or knockdown animal 

models, experimental studies in human (lung) tissue or studies using relatively novel 

gene editing techniques, such as the CRISPR-cas9 technique (69). These studies are 

essential to understand the pathophysiology of the genetic findings and shows the path 

that we need to follow to link genetic discovery with clinical relevance, and most 

importantly the identification and validation of novel therapeutic targets (Figure 5) (70). 

Figure 5 The journey from genetic discoveries based on genetic association studies to finding 
therapeutic targets and biomarkers for a particular trait or disease.

Figure 5 The journey from genetic discoveries based on genetic association studies to finding 
therapeutic targets and biomarkers for a particular trait or disease.
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Clinical observational studies 
Regarding the clinical epidemiological studies, our findings could have important 

implications for disease management in patients with COPD. Indeed, routine 

measurement of Pulmonary artery to aorta (PA:A) ratio on the chest CT scan (chapter 

3.1) and/or Ankle Brachial Index screening (chapter 3.2) might contribute to timely 

diagnosis of vascular disease and its consequences. 

Implementing PA:A ratio as a prognostic marker for mortality in patients with 

moderate-to-severe COPD might help with risk stratification and better disease 

management. There is a significant increase in using chest CT imaging in clinical 

practice, either in the context of screening for lung cancer in (heavy) smokers or for 

establishing a diagnosis of pulmonary embolism or ischemic heart disease. On these 

(screening or clinical) CT scans, also the PA:A ratio should be measured systematically 

since it provides prognostic information, especially in patients with COPD. Still, 

several questions remain unanswered. It is interesting to know whether PA:A ratio also 

applies for patients with mild COPD. Finally, repeated measurement of PA:A ratio in 

the population could be useful to understand trajectories of PA:A change and their 

accompanied effect on mortality in COPD. 

There is increasing evidence that COPD and peripheral artery disease (PAD) are 

associated, and our study suggests that COPD might contribute to the development of 

PAD. However, in a next step it would be interesting to investigate the bi-directionality 

of the association between COPD and PAD, and specifically to investigate the vascular 

hypothesis in the development of COPD and emphysema (71). It is indeed tempting to 

speculate that not only pulmonary and systemic inflammation, but also alterations in 

the lung circulation including pulmonary vessel remodelling and endothelial cell death 

are involved in the pathophysiology of COPD (72). 

Conclusion

In conclusion, in this thesis we presented our work on the epidemiology of impaired 

lung function and its consequences on morbidity and mortality. An integrated approach 

to the study of genetic and non-genetic determinants of impaired lung function is 

necessary in order to elucidate the pathophysiology of COPD and other respiratory 

diseases. 
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SUMMARY

Lung function tests and genetics are important to understand lung health and to 

investigate pathways that lead to an impaired lung function. The aim of this thesis was 

to study the epidemiology of impaired lung function including COPD, to unravel the 

genetic and non-genetic determinants, and finally to study the impact of impaired lung 

function on adverse health outcomes. 

In chapter 2, we studied the epidemiology of COPD and investigated its prevalence 

and incidence in the general population. Here, we found a higher incidence of COPD 

in men and smokers. 

Chapter 3 includes the genetic epidemiological studies, including heritability and 

genome-wide association studies in chapters 3.1 and 3.2, epigenome-wide association 

studies in chapters 3.3 and 3.4 and finally genome-wide linkage scan in chapter 3.5. In 

all these studies, interesting genes and pathways were discovered and where possible 

replicated, making these findings very interesting candidates for further experimental 

research.  

Chapter 4 includes the clinical epidemiological studies and highlights the consequences 

of an impaired lung function. In chapter 4.1 we were able to demonstrate that a higher 

pulmonary artery to aorta ratio increases the risk of mortality in individuals with COPD, 

especially in those with a low diffusing capacity. In chapter 4.2 we found an association 

between COPD and incident peripheral arterial disease (PAD). We also showed that 

individuals with both COPD and PAD had higher mortality rates compared to people 

without both disease, although the increased mortality rate could not be attributed to 

PAD as cause. 

In chapter 5, we discuss the most important findings, challenges and future directions. 
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Samenvatting

Longfunctietesten en genetica zijn belangrijk om de physiologie van de long te begrijpen 

en om “pathways” te onderzoeken die leiden tot een verminderde longfunctie. Het 

doel van dit proefschrift was om de epidemiologie van een gedaalde longfunctie, 

zoals bijvoorbeeld bij patiënten met COPD, te bestuderen, om de genetische en niet-

genetische determinanten te ontrafelen en om uiteindelijk de impact van een gestoorde 

longfunctie op slechtere gezondheidsuitkomsten te bestuderen.

In hoofdstuk 2 bestudeerden we de epidemiologie van COPD en onderzochten we de 

prevalentie en incidentie van COPD in de algemene populatie. Hier vonden we een 

hogere incidentie van COPD bij mannen en rokers.

Hoofdstuk 3 omvat de genetisch epidemiologische studies, waaronder de erfbaarheid 

en genoom-brede associatiestudies (hoofdstukken 3.1 en 3.2), epigenoom-brede 

associatiestudies (hoofdstukken 3.3 en 3.4) en tot slot genoomwijde linkage scan in 

hoofdstuk 3.5. In al deze studies werden interessante genen en “pathways” ontdekt 

en waar mogelijk gerepliceerd. Deze bevindingen worden gezien als zeer interessante 

kandidaten voor verder experimenteel onderzoek.

In hoofdstuk 4 onderzochten we, aan de hand van klinisch epidemiologisch onderzoek, 

de relatie tussen een gedaalde longfunctie en het risico op klinische eindpunten. In 

hoofdstuk 4.1 konden we aantonen dat een hogere “longslagader tot hoofdslagader 

ratio” het risico op mortaliteit bij patiënten met COPD verhoogt vooral bij individuen 

met een lage diffusiecapaciteit. In hoofdstuk 4.2 vonden we een verband tussen COPD 

en incident perifeer  arteriëel lijden   (PAD). We toonden ook aan dat personen met 

zowel COPD als PAD hogere sterftecijfers hadden in vergelijking met mensen zonder 

beide ziekten, hoewel dit verhoogd sterftecijfer niet aan PAD kon toegeschreven 

worden aan .

In hoofdstuk 5 bespreken we de belangrijkste bevindingen, uitdagingen en toekomst 

visies.
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