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Summary 

 

Background 

Like other branches of epidemiology and public health, environmental epidemiology faces 

the significant challenge of teasing out the health effects of a large number of interplaying 

risk factors characterized by small relative risks. The prospect of combining health and risk 

factor data across multiple cohorts and exposure databases is increasingly considered as a 

cost-effective way of providing new analytical opportunities for research in environmental 

epidemiology - opportunities that are often unavailable through the use of individual 

studies. Integrating data across studies has the potential to provide the statistical power 

required to obtain more robust estimates of health risks, to identify sub-populations of 

vulnerability, and to explore statistical interactions between exposures and other risk 

factors, thereby improving our understanding of the environmental determinants of health 

and disease. While integrating existing data can provide a number of advantages, it also 

requires considerable effort and presents important methodological and technical 

challenges. 

Aims and Objectives 

The general objective of this thesis work was to (1) outline tools and resources which 

facilitate collaborative large-scale epidemiological research projects, and (2) combine data 

from large observational cohorts and ambient air pollution exposure databases to explore 

associations of ambient air pollution exposure with respiratory health outcomes. 

Methods 

First, this work describes a number of methodological resources and software tools I have 

helped shape while working at Maelstrom Research, an interdisciplinary team of 

epidemiologists, statisticians, and computer scientists. I then show how these open-source 

and freely available tools can provide innovative solutions to facilitate collaborative 

epidemiological research by addressing issues of data documentation and discoverability, 

data harmonization, and data integration and co-analysis. 
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Secondly, using tools described in the first section, data from two of Europe’s largest 

observational cohorts - the LifeLines cohort study and UK Biobank – are harmonized and 

linked to ambient air pollution exposure databases to explore associations between ambient 

air pollution exposure and respiratory symptoms, in populations as a whole and in 

potentially vulnerable population subgroups. Using data from the UK Biobank, the 

associations of air pollution exposure with lung function and chronic obstructive 

pulmonary disease (COPD) are also investigated. Potential vulnerability factors of this 

relationships are explored. Finally, to evaluate the sensitivity of different air pollution 

exposure databases in estimating health effects, we compared associations of air pollution 

with lung function and COPD in UK Biobank using two different air pollution exposure 

databases. 

Results 

An open-source software application suite and a standardized metadata model for 

observational cohort studies are proposed to support documentation and dissemination of 

study metadata across collaborating institutions and to assist in the considerable task of 

harmonizing data across studies. Connecting the software via secure web services allows 

epidemiological consortia to implement a federated database infrastructure that supports 

seamless integration and co-analysis of study data while assuring the privacy of participants. 

Finally, these tools are deployed to meet the collaborative research needs of an international 

epidemiological research consortium to catalogue, harmonize and co-analyse individual-

level data collected by multiple longitudinal cohort studies and link them to databases of 

area-level environmental exposures. 

Putting these tools into application to conduct multicentre research projects in air pollution 

and respiratory health resulted in well-powered studies which showed clinically meaningful 

associations between particulate matter and nitrogen dioxide exposure and respiratory 

health. Positive associations between ambient air pollution exposure and respiratory 

symptoms as well as COPD prevalence were found. Results also showed significant 

negative associations between exposure to outdoor air pollutants and lung function. Strong 

statistical power allowed subgroup analyses, suggesting consistently stronger associations 

of air pollution exposure with respiratory symptoms, lung function and COPD among 

participants with lower incomes compared to those with higher incomes.  Lastly, comparing 

associations using different air pollution exposure databases resulted in marked changes in 
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exposure-response coefficients, suggesting that use of different exposure assessment 

methods can be an important source of heterogeneity in multicentre projects. 

Conclusion 

The tools and resources presented in this thesis provide the epidemiological research 

community with free and open-source solutions to enhance the use - particularly 

collaborative use - of epidemiological research data. The harmonization and co-analysis of 

large environmental exposure and health datasets can provide the statistical power required 

to overcome the limitations of previous studies in environmental epidemiology related to 

random exposure misclassification coupled with relatively small excess risks. Effectively 

combining datasets can lead to more robust estimates of the effects of environmental 

exposures on health, a better understanding of interactions between risk factors, and 

identification of high-risk population subgroups. In turn, these factors can considerably 

improve our comprehension of exposure-response relationships which help define the 

public health response to environmental health risks. 
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1 Introduction 

As part of our efforts to better understand the determinants of a range of chronic diseases 

and to identify appropriate public health prevention strategies, a large number of high-

quality epidemiological cohort studies have been established over the past quarter century. 

While much progress has been made, disentangling the interacting factors that modulate 

the risk and progression of most chronic diseases and drawing inferences from their 

typically small effect sizes have proven to be very challenging. As such, many have called 

for the expansion in size (i.e. number of participants) and scope (i.e. variety and detail of 

both health outcomes and potential risk factors) of health research datasets as a means of 

providing statistically robust estimates of small relative risks, exploring interactions, and 

identifying subgroups of vulnerability in epidemiology and public health research[1-4]. With 

limited research funding, investigators are therefore faced with the considerable challenge 

of balancing the dual aim of achieving very large sample sizes and obtaining a wide array of 

relatively precise health outcomes and exposures[5, 6]. Part of the solution to this dilemma 

lies in a paradigm shift in the manner in which data used for scientific inquiry is assembled 

and shared; moving from single cohort studies to collaborative endeavors integrating 

multiple sources of data across different populations[3, 6, 7]. Improving data 

documentation and discoverability[8], increasing compatibility of information[9-11], 

enabling timely data access[12, 13], and promoting efficient means to integrate and co-

analyze existing databases[14-19] constitute important measures for meeting this challenge. 

1.1 Multicentre studies in epidemiology 

In the biomedical research field, randomized controlled trials are the most common type 

of multicentre study. As the name suggests, multicentre clinical trials (MCCTs) are clinical 

trials that are conducted in more than one medical centre or clinic across different 

populations. The main advantages of MCCTs relative to single-centre clinical trials are that 

they strengthen the generalizability and external validity of research findings by enrolling 

study subjects with a greater diversity of socio-demographic characteristics; provide 

sufficient statistical power to detect small treatment effects due to larger sample sizes; and 

assemble a diverse group of investigators who can contribute their own expertise and 
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unique skills to the research protocol and study design[20]. For similar reasons, a growing 

number of consortia in observational epidemiology have been established[3]. 

Deciding what is the most efficient way of providing new funding for large prospective 

studies has been a matter of debate for the past decade[4, 5, 21-24]. While the establishment 

of large prospective cohorts capable of detecting small effects and interacting factors in the 

etiology of complex chronic diseases is appealing, this approach is in many cases 

prohibitively expensive. Focusing efforts on existing cohorts by enriching them with new 

data and pooling data across studies to increase sample sizes can yield results more quickly 

and at a considerably lower cost than establishing new ‘mega-cohorts’. Increasingly, 

international collaborations are working towards combining and co-analyzing data across 

existing cohort studies[3]. The popularity of multicentre epidemiological collaborations is 

illustrated by the exponential increase in publications lead by consortia-based 

epidemiological research initiatives since the early 1990s (Figure 1).  

 

Figure 1: Number of manuscripts matching "epidemiology" and "consortium" per year, PubMed search results 

Prominent multicentre initiatives in observational epidemiology include the Emerging Risk 

Factors Collaboration [25] (over 100 population-based studies and 1.1 million participants), 

the Pooling Project of Prospective Studies on Diet and Cancer[26] (28 studies and over 1 

million participants), the European Prospective Investigation into Cancer and Nutrition[27] 

(over 500,000 participants enrolled in 23 centres), and the National Cancer Institute Cohort 

Consortium[28] (58 cohorts and over 9 million participants). These collaborations have 
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managed to generate unprecedented sample sizes encompassing different populations to 

advance our understanding of the determinants of health and disease. Synthesising existing 

cohort and environmental exposure data has also been the focus of recent environmental 

epidemiology consortia such as the INTERPHONE Study [29], the Environmental Health 

Risks in European Birth Cohorts (ENRIECO) project[30], the European Study of Cohorts 

for Air Pollution Effects (ESCAPE)[31], the Human Early-Life Exposome (HELIX) 

project[32], the Environmental Influences on Child Health Outcomes (ECHO) research 

program[33], and the Effects of Low-Level Air Pollution: A Study in Europe (ELAPSE) 

project[34]. In parallel to the growth of consortia type research projects, national 

population-based cohorts of unprecedented sizes have also emerged in Europe and North 

America. For example, the UK Biobank in the United Kingdom[35], and the LifeLines 

cohort study in the Netherlands[36] have managed to recruit a half-million and 165,000 

participants respectively over the past 10 years. Recognizing the importance of facilitating 

research into the environmental determinants of health and disease, these large cohorts 

have collected residential address of participants, allowing linkages to area-level 

environmental exposure datasets[35, 37].  

With new environmental exposure measurement technologies and improved exposure 

assessment protocols being implemented, new datasets of small-scale spatial variations in 

environmental exposures over large areas are now available to environmental health 

researchers. For example, highly resolved satellite imagery[38, 39], innovative mapping 

approaches[40], and sophisticated modelling techniques[41, 42] are contributing to more 

accurate and precise characterisation of individuals’ ambient air pollution exposure. Beyond 

air pollution measurements, GPS, mobile technologies, the diminishing size 

and cost of sensors and applications of big data in environmental health[43] are generating 

ever larger datasets of environmental or urban form exposures available for research. There 

is great potential in combining existing cohort and exposure databases to help overcome 

some of the challenges of research in environmental epidemiology[7, 44].  
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1.2 Advantages of multicenter research in environmental 

epidemiology 

Like other branches of epidemiology and public health, environmental epidemiology aims 

to tease out the health effects of a large number of interplaying risk factors characterised 

by small relative risks. For example, when exploring the health risk of air pollution, 

researchers must consider multiple factors that complicate statistical analyses including: 

correlations between individual pollutants, the interplay between air pollution exposure and 

other exposures and risk factors, and the small relative risk of air pollution on health (often 

smaller than the relative risks observed for many confounding factors). Adding to the 

problem of correlated exposures and small effects is the potentially small variability of air 

pollution across individuals in a given population. All these considerations then lead to 

problems of insufficient statistical power to observe associations between exposures and 

outcomes[45]. Combining data across multiple cohorts and exposure databases provides 

new analytical opportunities to meet such challenges. Table 1 outlines some of the scientific 

rationales for multicentre research projects in environmental epidemiology.  

Table 1: Advantages of multicentre data integration and analysis 

i. Reducing uncertainty of small effects by substantially increasing statistical power 
ii. Obtaining the statistical power necessary to identify high-

risk population subgroups and explore interactions between risk factors 
iii. Increasing the “exposure gradient” (and by extension the exposure/outcome 

contrast) by combining different populations 
iv. Confirming the consistency of observed effects across different populations and 

different circumstances and thereby better assessing the robustness and 
generalizability of findings 

v. Getting a better understanding of temporal and regional differences in prevalence 
of exposures and disease 

vi. Overcoming some bias due to sampling error 
vii. Conducting cross-jurisdictional and natural experiment studies to inform 

environmental and public health policy   

 

While multicenter research provides a relatively rapid and cost-effective way of achieving 

the statistical power needed to support complex analyses exploring chronic disease etiology, 

it has many drawbacks. Such research initiatives face considerable challenges to harmonize, 
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integrate and co-analyse health outcomes, confounding factors and exposure metrics across 

databases.  

1.3 Gaps in multicentre research and environmental epidemiology 

Synthesizing existing data across studies and databases requires considerable effort and 

presents important methodological and technical challenges in terms of data accessibility, 

data compatibility, and the use of appropriate methods for data co-analysis. With an ever-

growing number of international study networks looking to pool data across studies, 

investigators are faced with many challenging questions: “Which study or exposure database has 

the variables I need for my project?”; “Is data accessible to external researchers and, if so, how do I access 

it?”; “Are there restrictions regarding individual-level data access?”; “What is the precise definition of a 

given variables and how was it assessed in this study?”; “How can I ensure that measures of interest are 

compatible across studies?”; “How can I co-analyse data while ensuring that privacy and confidentiality of 

study participants is respected?”.  

Uncertain findings are commonplace in environmental epidemiology. Small relative risks, 

low-level intercorrelated exposures, and difficulties in controlling for confounders can in 

part explain equivocal evidence observed in the literature[45]. These problems are 

compounded by the fact that various methods are used to estimate a given exposure, each 

of which has substantial scope for misclassification. In air pollution epidemiology, the many 

different approaches used to estimate ambient air pollutant concentrations are all prone to 

measurement error, leading to uncertainties in the effect sizes reported. Since measurement 

random misclassification is usually held to bias health effects towards the null, only studies 

of very large sample sizes have the statistical power to detect true associations of small 

excess risks[46]. Further, heterogeneity resulting from the use of different measurement 

devices and modelling techniques to estimate air pollution concentrations in different areas 

poses challenges to integrating data across populations.  

Combining health studies linked to standardised or comparable environmental exposure 

estimates is a powerful approach for overcoming the challenge of detecting the true positive 

effect of air pollution on health. In order to achieve this, there is a need to establish tools 

and resources facilitating the efficient re-use of data and ensuring the validity and 

sustainability of multicentre studies in the future.   



6 

2 Context, objectives and outline 

2.1 Context: Maelstrom Research and affiliated projects 

This thesis work was conducted in the context of a series of research projects led by or 

associated with Maelstrom Research (MR), an interdisciplinary team of epidemiologists, 

statisticians, and computer scientists hosted at the Research Institute of the McGill 

University Health Centre (RI-MUHC) in Montreal, Canada. The primary aim of MR is to 

find practical solutions to some of the challenges faced by epidemiological research 

collaborations. Specifically, MR develops methods and open-source software that facilitate 

rigorous data documentation, harmonization, integration and co-analysis. These resources 

help researchers implement comprehensive data frameworks that foster and enhance the 

use of existing data and conduct multicentre research collaborations. Having worked as a 

research assistant (2009-2013) and research associate (2013-present) with MR, I have played 

a pivotal role in designing, developing and implementing the different methods and tools 

generated by the group. 

The sections included in this thesis outline tools for multicentre collaborations in 

epidemiology and their application to conduct environmental health research that combines 

different health and exposure databases. BioSHaRE (Biobank Standardization and 

Harmonization for Research Excellence in the European Union)[47] and MINDMAP 

(another European Union-funded consortium)[48] are two MR-affiliated projects that have 

helped shape this PhD thesis by providing funding, access to data and ability to develop 

and test MR tools over the past 4 years. In both BioSHaRE and MINDMAP, I oversaw 

the implementation of web-based research infrastructures and coordinated the data 

harmonization (over 300 harmonized variables across 20 longitudinal cohort studies), 

integration and co-analysis processes. A brief description of each project is provided below. 

BioSHaRE was a European Union Seventh Framework Programme (FP7)-funded project 

whose primary aim was to harmonize and co-analyze data across observational cohorts in 

Europe. This initiative provided the initial investments for the development of the different 

components of MR methods and software presented in this thesis. BioSHaRE also made 

use of MR tools to catalogue 13 observational cohorts from eight different countries 

(totaling over 750,000 participants), harmonize data collected by these studies, and set up a 
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federated infrastructure allowing analysis of geographically-dispersed databases. Being the 

first epidemiological consortium to make use of MR methods and software, BioSHaRE 

acted as a pilot that helped optimize MR’s core software suite (Mica, Opal, and 

DataSHIELD)[15, 49]. The project also took advantage of the large sample size obtained 

through pooled analyses to perform a series of studies that leveraged new scientific 

knowledge on the influence of noise and air pollution exposure in cardiovascular, 

respiratory and mental health[50-53]. More recently, MR has partnered with MINDMAP, 

bringing together longitudinal studies in European and North American cities to explore 

the causal pathways and multi-level interactions between the urban environments and the 

social, behavioural, psychosocial, and biological determinants of mental health and 

cognitive function in aging populations.  

2.2 General objectives 

The general objectives of this thesis work were (1) to outline tools and resources which 

facilitate collaborative large-scale epidemiological research projects, and (2) to combine data 

from large observational cohorts and ambient air pollution exposure databases to explore 

associations of ambient air pollution exposure with respiratory health.  

2.3 Specific objectives and outline 

1. Describe tools and resources to facilitate collaborative large-scale 

epidemiological research projects 

Section 3 (articles 1, 2, and 3) outlines a suite of methodological and technological resources 

I helped design, develop and implement while working at Maelstrom Research over the 

past decade. This section of the thesis aims to highlight how these resources can provide 

innovative solutions to facilitate collaborative epidemiological research by addressing issues 

of (i) data documentation and discoverability, (ii) data harmonization, and (iii) data 

integration and co-analysis.  

The first paper of this thesis (Article 1) describes Opal and Mica, MR’s two main software 

applications, and how they can be used by epidemiological studies and research consortia 

for documenting and harmonizing study data. This article also outlines the potential for 

MR tools to facilitate co-analysis of data across multiple geographically-dispersed databases 
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using the DataSHIELD approach [14, 15]. The MR cataloguing toolkit is presented as a 

practical solution to support the creation of comprehensive metadata catalogues that 

facilitate discoverability of data collected by different epidemiological cohorts (Article 2). 

Article 3 describes how MR tools are being used to facilitate documentation, 

harmonization, and co-analysis of longitudinal cohorts and environmental exposure data 

within the MINDMAP research collaboration. This article highlights how MR tools can 

optimize the efficiency, validity and transparency of multicentre research in environmental 

epidemiology. 

2. Conduct multicentre and large-scale environmental epidemiology studies  

In Section 4, data from large observational cohorts and ambient air pollution exposure 

databases are combined to explore associations of air pollution and respiratory symptoms, 

lung function and chronic obstructive pulmonary disease (COPD) in populations as a 

whole and in potentially vulnerable population subgroups. The sensitivity of different air 

pollution exposure models in estimating respiratory health effect is also examined.  

First, MR’s Opal, Mica and DataSHIELD software were used to harmonize and co-analyse 

geographically-dispersed data from two of Europe’s largest observational cohorts: the 

LifeLines cohort study in the Netherlands and the UK Biobank Cohort Study in the United 

Kingdom. Particulate matter (PM) and nitrogen dioxide (NO2) estimates from the 

European Study of Cohorts for Air Pollution Effects (ESCAPE) project were linked to the 

residential locations of cohort participants to explore associations with the prevalence of 

respiratory symptoms amongst potentially vulnerable subpopulations (Article 4). Using data 

from the UK Biobank linked with ESCAPE air pollution exposures, cross-sectional 

analyses were also performed to examine the relationship of ambient PM and NO2 

concentrations with lung function and COPD (Article 5). Lastly, we investigated the impact 

of different exposure assessment methods on health effects, by comparing associations 

between lung function and COPD in the UK Biobank study using two different databases 

of air pollutant concentrations (Article 6). 
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3 Tools and resources for large-scale 

epidemiological projects 

3.1 Article 1: Opal and Mica: open-source software solutions for 

epidemiological data management, harmonization and 

dissemination 

 

 

 

This paper was published as: 

Doiron, D. †, Marcon, Y. †, Fortier, I., Burton, P., and Ferretti, V. (2017). Software 

application profile: Opal and Mica: open-source software solutions for 

epidemiological data management, harmonization and 

dissemination. International Journal of Epidemiology, 46(5): 1372-1378. 

†Contributed equally 
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3.2 Article 2: Fostering population-based cohort data discovery: The 

Maelstrom Research cataloguing toolkit 

 

 

 

This paper was published as: 

Bergeron, J., Doiron, D., Marcon, Y., Ferretti, V., and Fortier, I. (2018). Fostering 

population-based cohort data discovery: The Maelstrom Research 

cataloguing toolkit. PLoS One, 13(7): e0200926. 
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3.3 Article 3: MINDMAP: establishing an integrated database 

infrastructure for research in ageing, mental well-being, and the 

urban environment 

 

 

 

This paper was published as: 

Beenackers, M.A. †, Doiron, D. †, Fortier, I., Noordzij, J.M., Reinhard, E., Courtin, E., 

Bobak, M., Chaix, B., Costa, G., Dapp, U., Diez Roux, A.V., Huisman, M., 

Grundy, E. M., Krokstad, S., Martikainen, P., Raina, P., Avendano, M. and van 

Lenthe, F. J. (2018). MINDMAP: establishing an integrated database 

infrastructure for research in ageing, mental well-being, and the urban 

environment. BMC Public Health, 18(1): p.158. 

†Contributed equally 
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4 Combining environmental exposure and health 

datasets: Air pollution and respiratory health 

4.1 Article 4: Residential Air Pollution and Associations with Wheeze 

and Shortness of Breath in Adults: A Combined Analysis of 

Cross-Sectional Data from Two Large European Cohorts 

 

 

 

This paper was published as: 

Doiron, D., de Hoogh, K., Probst-Hensch, N., Mbatchou, S., Eeftens, M., Cai, Y., 

Schindler, C., Fortier, I., Hodgson, S., Gaye, A., Stolk, R. and Hansell. A. (2017). 

Residential Air Pollution and Associations with Wheeze and Shortness of 

Breath in Adults: A Combined Analysis of Cross-Sectional Data from 

Two Large European Cohorts. Environmental Health Perspectives, 125(9). 

  



44 

 

  



45 



46 



47 



48 



49 



50 



51 



52 



53 

 

  



54 

 

  



55 

4.2 Article 5: Air pollution, lung function and COPD: results from the 

large population-based UK Biobank study 

 

 

 

This paper was published as: 

Doiron, D., de Hoogh, K., Probst-Hensch, N., Cai, Y., de Matteis, S., Fortier, I., and 

Hansell, A. (2019). Air pollution, lung function and COPD: results from 

the large population-based UK Biobank study. European Respiratory 

Journal, 54(1), 1802140. 
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4.3 Article 6: Comparing lung function and COPD associations of air 

pollution using different modelled estimates 

 

 

 

This working paper should be cited as: 

 Doiron, D., de Hoogh, K., Vienneau, D., and Hansell, A (2018). Comparing lung 

function and COPD associations of air pollution using different modelled 

estimates. Version 1.0, November 2018. 
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5 Discussion 

The size and number of epidemiological cohort studies as well as the depth and breadth of 

their data collections are increasing rapidly. In parallel, vast amounts of environmental 

exposure data are being generated and increasingly used to facilitate environmental health 

research. A higher volume and variety of data can lead to better estimates of the effects of 

environmental exposures on health, an enhanced understanding of interactions between 

risk factors, and the possibility to identify high-risk population subgroups. In turn, these 

factors can considerably improve the public health response to environmental health risks 

and inform policy development. While the research potential of this vast amount of health 

and exposure data is considerable, fundamental issues need to be addressed to maximize 

their use and to accelerate improvements in health.  

This work shows how open-source and freely available tools and resources that I have 

helped develop and implement within the BioSHaRE and MINDMAP consortia can 

enhance the use - particularly collaborative use - of epidemiological research data. I show 

how these tools can be deployed to create an integrated database infrastructure addressing 

common dilemmas in collaborative epidemiological research, namely that of effectively 

documenting, harmonizing and co-analysing data across different studies and databases. 

Putting them into application to conduct multicentre research projects in air pollution and 

respiratory health resulted in well-powered studies which showed clinically meaningful 

associations between ambient air pollution exposure and respiratory symptoms, lung 

function and chronic obstructive pulmonary disease (COPD). Strong statistical power also 

allowed assessing the risk profiles of potentially sensitive populations. 

5.1 Tools and resources for large-scale epidemiological projects 

5.1.1 Summary of findings and comparison with other work 

My first objective was to describe tools and resources facilitating collaborative large-scale 

epidemiological research projects that I have helped shape while working at Maelstrom 

Research since 2009. Specifically, my goal was to show how these open-source software 
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and methodological resources provide eminently practical solutions to facilitate (i) data 

documentation and discoverability, (ii) data harmonization, and (iii) data integration and 

co-analysis in large scale epidemiological research projects. These results are presented in 

Section 3 (Articles 1, 2, and 3). 

Data documentation and discoverability 

To address data documentation and discoverability requirements, web-based software 

applications (Article 1), and a standardized metadata model for observational cohort studies 

(Article 2) were developed. First, I outlined Opal and Mica applications, two interoperable 

open-source software packages providing out-of-the-box solutions for epidemiological data 

management, harmonization and dissemination. Opal allows researchers to annotate study 

variables with descriptive metadata (e.g. labels, descriptions, units, category coding) and a 

standardized list of domains of information to create rich data dictionaries. This metadata 

can then be published on a publicly accessible and fully-searchable web portal using the 

Mica application. The Maelstrom Research cataloguing toolkit described in Article 2 is a 

metadata model used by the Opal and Mica applications to document observational cohorts 

and the data they collect in a structured manner. The model lays out specific metadata fields 

to document when cataloguing observational studies including: study design, participant 

selection criteria, timelines of data collection events, and datasets/variables collected at each 

data collection wave. It also includes the possibility to annotate variables with different 

classification schemes in order to enrich datasets and facilitate metadata browsing. When 

combined, the model and software applications support the implementation of rich web-

based study and variable catalogues with dynamic browsing functionalities to facilitate data 

discovery. 

There exists very few other purpose-built software to document epidemiological studies. 

Some examples of web-based applications built to support the storage, management and 

dissemination of biomedical data[54-57] can be found, but they are generally tailored to the 

needs of biospecimen collections, biobank entries or clinical data catalogues. Other 

software built to document and disseminate research data more generally (i.e. in different 

research fields) have also been developed[58-61]. Observational cohorts in epidemiology 

therefore often need to adapt existing software or develop in-house solutions to meet their 

specific needs. In addition to software applications, many one-off websites have been 



101 

deployed to facilitate the discoverability of epidemiological research data. These include 

(meta)data portals documenting national cohorts[62, 63], birth cohorts[30, 64, 65], studies 

in aging research[66-69], and biobanks[70, 71]. The scoping review of such catalogues 

presented in Article 2 shows that while a majority of portals contain information on study 

design (i.e. broad objective, data collection timeline, number of participants), few provide 

users with a detailed list of variables collected by studies or annotate variables with 

classification schemes to facilitate browsing[72]. Further, although such websites are useful 

on their own, they cannot be deployed across different studies, thereby limiting the capacity 

to easily browse metadata across compatible systems. Finally, while the Data 

Documentation Initiative (DDI)[73] is a widely recognized metadata standard that has been 

adopted by international academic and governmental organizations to document and 

manage different stages in the research data lifecycle in the social sciences, no standard 

metadata model has been developed for epidemiological research data. 

The Opal and Mica software and the Maelstrom Research cataloguing toolkit presented in 

Section 3 of this thesis help answer immediate needs of data documentation and 

dissemination by providing software tools and a metadata model that are specifically 

developed for observational cohort studies. Making the software and toolkit free and open-

source allows them to be adopted by a large number of users. So far, the tools presented in 

my thesis are already being used as data cataloguing and data discoverability solutions by 

19 international initiatives in epidemiology.  

Data harmonization 

Tools described in Articles 1 and 2 of this work assist in the considerable (and often 

underestimated) task of harmonizing data across studies. In the planning phase of a data 

harmonization project, the Maelstrom Research cataloguing toolkit and Mica application 

provide a means for data managers to document and publish information relative to their 

cohort in a structured and standardized manner. This then allows investigators to have an 

overview of appropriately designed studies that collect relevant information to answer 

specific research questions. This process facilitated data harmonization in the BioSHaRE 

and MIDNMAP consortia by providing a search and query interface allowing investigators 

to quickly and easily identify studies collecting data items of interest. The data 

harmonization work I coordinated within BioSHaRE and MINDMAP also put to use 
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Opal’s data harmonization functionalities. This software was used to define variables 

targeted for harmonization, develop and implement processing algorithms to derive 

common-format data using JavaScript and R programming languages, document decisions 

made during the data harmonization process, and conduct quality control checks on 

harmonized variables. Finally, in addition to disseminating study metadata to the research 

community, the Mica application also allows publishing information on data harmonization 

projects such as the harmonization potential of a set of variables and transformation 

algorithms used to derive common-format data. An example of this can be found on the 

Canadian Partnership for Tomorrow Project’s data portal at: 

https://portal.partnershipfortomorrow.ca/datasets. 

The data harmonization resources presented in my thesis were developed to support all 

steps of the Maelstrom Research guidelines for rigorous retrospective data harmonization[9], a generic 

(i.e. applicable to many multicentre contexts), but systematic step-by-step approach to 

harmonizing existing epidemiological data that I co-authored in 2016. To assemble these 

guidelines, a survey of 34 international initiatives having integrated individual participant 

data across epidemiological studies was conducted. Results demonstrated that 

harmonization and processing were mainly achieved with regular statistical software 

packages[9]. MOLGENIS/connect[19] is one of the few software available to facilitate data 

harmonization in multicentre research projects. This system maps data elements collected 

by different studies to variables targeted for harmonization using semantic search 

functionalities and semi-automatically generates the transformation algorithms required to 

derive common-format (i.e. harmonized) datasets. Harmonization via semi-automated 

systems such as this one can work well in controlled settings and for specific types of 

variables (e.g. health outcomes), but their generally poor performance in harmonizing more 

complex constructs and for studies with heterogeneous and/or low-quality metadata (i.e. 

variable labels and descriptions) highlights the need for human intervention in the data 

harmonization process[19]. Nonetheless, the integration of variable mapping functionalities 

using semantic search techniques would help expedite data harmonization using Opal and 

should be considered in the development of new software iterations. 

Data integration and co-analysis 
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Finally, I presented methodological and technological tools to allow integrating and co-

analysing data across different studies and databases, all the while considering ethical and 

legal constraints to individual-level data sharing. In Article 1, I demonstrated that by 

connecting Opal and Mica via secure web services, epidemiological consortia can 

implement a federated database infrastructure that supports seamless co-analysis of study 

data while ensuring participant privacy. Under this framework, individual-level data 

collected by studies in a network are securely stored in study-specific Opal instances but 

can be remotely queried using a Mica-powered web portal. Through this website, 

collaborating investigators have the ability to retrieve descriptive statistics (e.g. minimum, 

maximum, mean, standard deviation, counts), query data (e.g. subsets study data based on 

participant characteristics and/or health status), and produce contingency tables and 

correlation coefficients in real-time across multiple disparately located study databases. 

Opal’s integration with the DataSHIELD (Data aggregation through anonymous summary-

statistics from harmonized individual-level databases) statistical analysis approach[14, 15] 

supports more complex analyses of harmonized data involving statistical models (e.g. 

generalized linear models) or specialized disclosure controls (e.g. scatter plots). The 

DataSHIELD methodology delivers a means to perform ‘pooled’ data analyses without 

physically pooling individual-level data in a central location. To achieve this, authenticated 

investigators log in to a central analysis computer and send statistical analyses in the form 

of R commands to geographically dispersed Opal servers hosting harmonized data. These 

data computers then fit these commands to the individual-level data they host and return 

summary statistics used in estimating the mathematical parameters of the model (e.g. means 

or regression coefficients) back to the analysis computer. Whether using Mica-Opal or 

DataSHIELD-Opal connections for co-analysis, the privacy and confidentiality of sensitive 

information on study subjects are ensured since all potentially disclosive data remains 

behind the firewall of the study’s host institution, and only aggregate descriptive statistics 

are sent back to the Mica web portal or the DataSHIELD central analysis computer. Within 

the BioSHaRE project, I oversaw the deployment of this infrastructure across 13 cohort 

studies in 8 different countries, allowing federated analyses of harmonized data on over 

770,000 participants. In MINDMAP, I coordinated the establishment of a similar 

infrastructure to facilitate the integration and co-analysis of individual-level data collected 

by ten longitudinal studies from 11 countries in over 35 cities. 
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Other tools making use of distributed computing techniques similar to the ones described 

in my thesis have been recently developed to support co-analysing sensitive data in 

multicentre research settings. For example, much like the distributed database 

infrastructure I presented, the ViPAR (Virtual Pooling and Analysis of Research 

data) software platform relies on database federation to permit controlled analyses of 

geographically-dispersed harmonized datasets[74]. Similar to the approach outlined in 

Section 3, this is done without the need to permanently store data from all studies 

contributing to a multicentre project in one location. However, with ViPAR, data is 

extracted from each study’s local database and temporality pooled in the computer memory 

of a central server until analysis are completed, after which they are deleted. This solution 

is therefore not viable in instances where studies prohibit the transfer of data outside of 

host institutions, as was the case for the Lifelines cohort study used in Article 5 of my 

thesis.  

5.1.2 Strengths and limitations 

A major strength of the open source software suite and cataloguing toolkit outlined in 

Articles 1 and 2 is that their interoperability allows creating a database infrastructure 

facilitating many of the current needs of epidemiological research consortia. As such, these 

tools and resources allow documenting and disseminating structured and standardized 

metadata, enhancing data compatibility and interoperability across studies, and performing 

secure co-analyses in a multicentre research context. To our knowledge, no other 

comprehensive solution has been developed to address each of these needs. As presented 

in Article 3, this integrated infrastructure is being used in the context of the MINDMAP 

consortium, but has also been deployed in past research collaborations including the 

BioSHaRE[49], InterConnect[75] and BBMRI-LPC[13, 76] projects. 

Making tools and resources freely available to the research community promotes their use 

and encourages uptake. Since initial versions were released, over 25 international 

institutions, individual studies and study consortia have used Opal, Mica, and/or the 

Maelstrom Research cataloguing toolkit to support their research activities. These users 

have provided invaluable comments and suggestions on how resources described in this 

thesis can be improved to answer the needs of researchers and study managers alike. As a 

result of user feedback, new functionalities have been developed and many problems have 
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been fixed. However, providing software free to download also limits the amount of 

resources available to improve them. The strong demand for Maelstrom Research tools and 

considerable potential for their enhancement has highlighted the need for a sustainability 

plan, which potentially includes a cost-recovery structure to ensure their long-term 

maintenance. 

Opal and Mica are web-based tools designed to minimize the amount of custom coding 

needed to manage, harmonize and disseminate study data. As such, users are not required 

to have any specialized programming or database expertise to utilize them, with one 

exception; knowledge of the R statistical environment is a pre-requisite for cross-study 

statistical analyses. It has been challenging for research consortia that want to adopt these 

tools and resources when their researchers are not familiar with R programming.  However, 

R is becoming more popular in research due to its flexibility, free access and program 

libraries. In contrast to DataSHIELD, other co-analysis solution such as the ViPAR 

software platform are not only pre-configured for R but also for commercially available 

statistical software such as SAS, STATA[74]. 

The federated database platform described in Article 1 and which I helped implement in 

the MINDMAP consortium (Article 3) offers an innovative approach to data co-analysis 

while ensuring participant privacy. A web portal acts as a broker for analyses so that 

investigators never connect directly to servers hosting individual-level data. Cohort studies 

therefor retain full control over sensitive data. To further ensure privacy and confidentiality 

of study participant data, the infrastructure includes security features such as encrypted 

connections (using HTTPS), user authentication, and control over user access and 

permissions. Article 3 of my thesis also shows how remote connections to an Opal server 

allow multiple individuals from different institutions to contribute to the harmonization 

work of a consortium. This is a particularly interesting feature for multicentre projects given 

that consortia members typically have a wide range of expertise and can therefore focus 

harmonization efforts on the constructs they are most familiar with.  Secure web 

connections to data servers also allow investigators to remotely conduct analyses of 

harmonized data at their own convenience and in real time. Lastly, hosting harmonized data 

in an interconnected platform allows individual variables to be reused for multiple research 

questions by different investigators. 
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Much like many other elements of multicentre research collaborations, implementing these 

tools in a consortium setting requires considerable coordination between project partners. 

Deploying a distributed database infrastructure also requires financial and human resources. 

First, any multicentre collaboration making use of the tools described in Section 3 must 

purchase the required hardware and dedicate information technology resources to install, 

configure and maintain servers and software for the duration of a project. Once the 

infrastructure is in place,  considerable investments on the part of research staff are needed 

to harmonize data across participating studies[9]. Obtaining institutional approvals to install 

web-based software facilitating remote analysis of data can also be a challenging task. This 

is particularly true within academic health centres, where health databases are sometimes 

completely disconnected from the internet due to privacy and confidentiality concerns. 

While the Maelstrom Research cataloguing toolkit provides a comprehensive template 

outlining specific fields for documentation of epidemiological studies and the data they 

collect, improving its compatibility with other widely used metadata standards such as DDI 

would facilitate interoperability of metadata catalogues deployed internationally. The 

growing popularity of DDI metadata specifications to document health research data[63] 

emphasises this need. Finally, from the feedback received from information technology 

staff and researchers in different institutions participating in the BioSHaRE and 

MINDMAP projects, it would appear that more elaborate software documentation 

including FAQs, video tutorials, and additional examples of how different functionalities 

apply to multicentre projects are needed to simplify their use. Such material would also help 

to promote more widescale adoption of the solutions proposed in this thesis. 

5.2 Combining environmental exposure and health datasets: Air 

pollution and respiratory health 

5.2.1 Summary of findings and comparison with other work 

My second general objective was to conduct large scale and multicentre research projects 

to explore associations of air pollution and respiratory symptoms, lung function and 

chronic obstructive pulmonary disease (COPD) in populations as a whole and in potentially 

vulnerable subgroups. This was achieved in part by using the tools described in Section 3 

of my thesis. In addition, I aimed to explore the difference in lung function and COPD 
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associations with ambient air pollutants obtained from two different modelled air pollution 

exposure databases. The results of this work are presented in Section 4 (Articles 4, 5 and 

6).  

To investigate associations of air pollution exposure with respiratory symptoms (Article 4), 

residential addresses of participants in the LifeLines cohort study[77] and in the UK 

Biobank cohort[35] were linked to standardized estimates of  particulate matter with 

aerodynamic diameter <10 µm (PM10), fine particles with diameter <2.5 µm (PM2.5),  coarse 

particles with diameter between 2.5 µm and 10 µm (PMcoarse) and nitrogen dioxide (NO2) 

developed in the context of the European Study of Cohorts for Air Pollution Effects 

(ESCAPE)[78, 79]. The Opal software was then used to harmonize self-reported 

respiratory symptoms and covariates across the two cohorts. I used DataSHIELD for 

statistical analyses, thereby demonstrating its feasibility for securely co-analysing distributed 

databases holding individual-level data without the need to physically pool this data. 

Logistic regression models adjusting for study using fixed effects showed statistically 

significant cross-sectional associations between residential exposure to particulate matter 

and nitrogen dioxide and both wheezing and shortness of breath. Strongest associations 

were seen for associations between fine particulates and self-reported wheezing (odds ratio 

(OR)=1.16 [95% confidence interval (CI): 1.11, 1.21], per 5 µg/m3) and shortness of breath 

(OR=1.61 [95% CI: 1.45, 1.78] per 5 µg/m³). With a pooled sample size of 400,000 

participants I was able to show statistically significant associations of air pollution exposure 

with respiratory symptoms in population subgroups. Higher associations were reported 

among individuals from lower income households, those 65 years of age or older, and past 

and current smokers. Effect modification with household income was particularly 

important. For instance, the increase in odds of shortness of breath associated with a 5 

µg/m³ increment in PM2.5 exposure was more than twice as high among individuals from 

lower income households (adjusted OR 1.73; 95% CI 1.52, 1.97) compared to their higher 

income counterparts (adjusted OR 1.31; 95% CI 1.11, 1.55) and while no association was 

observed for wheeze in higher income individuals, a 30% (adjusted OR: 1.30; 95%CI: 1.22, 

1.38) increase of wheeze prevalence was found among lower income individuals. 

The few other studies that have specifically examined associations between ambient air 

pollution exposure and asthma symptoms such as wheeze and shortness of breath in adults 

reported imprecise estimates and equivocal evidence[80-83]. A 2012 review of evidence 
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suggested possible links between adult-onset asthma and long-term ambient air pollution 

exposure, but reported that inconclusive findings in the literature were in part due to 

underpowered studies[84]. Further, the review highlighted that no single study had 

sufficient statistical power to detect interactions or evaluate differences across potentially 

susceptible subgroups. A meta-analysis of six European cohorts (>23,000 participants) 

which made use the same air pollution exposure estimates that I employed in Article 4, 

reported positive but non-significant associations between adult asthma incidence and 

exposure to ambient pollution[85]. Inconclusive evidence has also been reported for 

chronic bronchitis symptoms and air pollution exposure. Again, using ESCAPE air 

pollution exposure estimates, a five cohort meta-analysis with 10,537 participants found no 

statistically significant associations between air pollution and the prevalence of cough and 

phlegm in European adult populations[86]. Although this study had a relatively large 

number of participants compared to previous studies, the authors concluded that a much 

larger sample would be needed to detect air pollution effects, particularly in susceptible 

population subgroups. Finally, using the same approach to co-analysing individual-level 

data with DataSHIELD as I employed in Article 4, a recent study I co-authored combined 

data for the UK Biobank, LifeLines and HUNT cohorts (>600,000 participants) to explore 

ambient air pollution associations with asthma prevalence[51]. Results for lifetime 

prevalence of asthma reported in this study were very similar to associations we observed 

for prevalent wheeze symptoms.  

Analyses exploring associations between air pollution exposure and lung function outlined 

in Article 5 showed statistically significant negative associations between all four pollutants 

investigated and both forced vital capacity (FVC) and forced expiratory volume in 1 second 

(FEV1). Exposure to PM2.5 and NO2 was also negatively associated with the FEV1/FVC 

ratio and positively associated with COPD prevalence. The magnitude of associations was 

of clinical significance for most relationships investigated. For instance, a 5 µg/m3 increase 

in PM2.5 exposure was associated with an 83.13 mL lower FEV1 (95% CI: -92.50, -73.75), a 

62.62 mL lower FVC (95% CI -73.91, -51.32), and a 9.68 lower FEV1/FVC ratio (95%CI: 

-10.81, -8.56). Logistic regression results also showed increased odds of COPD for PM2.5 

exposure (OR=1.52 [95%CI: 1.42 to 1.62], per 5 µg/m3). Larger adverse associations of air 

pollution with lung function were seen in males, individuals from lower income households 

and those whose occupation increases the risk of COPD. Subgroup results also showed 
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higher associations of air pollution with COPD for obese, lower income and non-asthmatic 

participants. As with respiratory symptom analyses reported in Article 4, household income 

especially influenced exposure-outcome relationships. Per 5 µg/m3 increase in PM2.5, 

individuals from lower income households had around twice as low FEV1 (-78.85 mL [-

93.56, -64.13]) and FVC (-95.83 mL [-112.86, -78.79]) compared to higher income 

participants (FEV1 = -39.12 mL [-52.30, -25.94]; FVC = -31.69 [-46.76, -16.62]). Likewise, 

the association between PM2.5 and COPD was over three times stronger amongst lower- 

(OR=1.85 [1.69, 2.04]) compared to higher-income individuals (OR=1.25 [1.14, 1.38]). 

Consistent evidence of effect modification by socio-economic status reported in this work 

has important policy implications. Since lower income individuals also typically experience 

higher ambient air pollution exposure[87], targeted measures to reduce air pollutants in low 

socio-economic areas could help address the public health impact of air pollution[88]. 

Based on the body of evidence at the time, a 2010 American Thoracic Society statement on 

novel risk factors of COPD reported a suggestive but not conclusive relationship between 

ambient air pollution and COPD[89]. Inconclusive evidence has also been reported in 

reviews[90, 91] and recent studies[92, 93]. Nonetheless, some cohorts have reported 

significant associations between long-term exposure to air pollution and declines in lung 

function and an increased risk of COPD in adult populations internationally, including in 

the UK[94], Switzerland[95], Germany[96, 97], the USA[98], and Taiwan[99]. Article 5 

replicated the cross-sectional analyses in the ESCAPE project on lung function[100] and 

COPD[101], the largest European studies on the subjects at the time, in the much larger 

UK Biobank cohort. A five-study ESCAPE meta-analysis on lung function (7,613 

participants) showed that higher long-term ambient NO2 and PM10 exposure were 

associated with lower FEV1 and FVC levels in adults[100]. A separate meta-analysis of four 

of these same cohorts (6,550 participants) found positive but non-significant associations 

between chronic exposure to ambient air pollution and COPD[101]. In both of these 

studies, no or weak evidence for effect modification was observed. The authors noted that 

larger sample sizes were needed to observe more conclusive, statistically significant 

associations. Using a single cohort with a 40-fold higher sample size than previous 

ESCAPE meta-analyses, similar covariate adjustment, and the same models to estimate air 

pollutant exposures[78, 79], we obtained much smaller confidence intervals, with more 

statistically significant results and stronger evidence of an adverse effect of air pollution on 
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respiratory health. This was also true when comparing our results to those reported for 

associations of ambient air pollution exposure with lung function and COPD using the 

LifeLines cohort (51,855 participants)[102]. 

In Article 6, these analyses were repeated using a second land use regression-based air 

pollution exposure dataset and results were compared. In addition to estimated pollutant 

concentrations developed within the ESCAPE project[78, 79], PM10 and NO2 exposures 

developed by Vienneau et al.[103] for Western Europe were used.  Statistical analyses were 

conducted on the same population, using the same respiratory outcomes and controlling 

for the same confounding factors; air pollution exposure metrics employed in linear and 

logistic regressions were the only difference across models. New PM10 and NO2 estimates 

also showed statistically significant negative associations with FEV1, FVC and increased 

odds of COPD. However, choice of exposure metrics systematically changed the strength 

of associations with respiratory outcomes, particularly for PM10 associations with FEV1 

(second model = -140.39 mL [-147.53, -133.24] vs. first model = -94.26 mL [-104.46, -

84.05], per 10 µg/m3) and FVC levels (second model = -192.92 mL [-201.52, -184.31] vs. 

first model = -122.75 mL [-135.04, -110.46], per 10 µg/m3).  

A recent study on the associations between PM2.5 and cardiovascular morbidity and 

mortality found considerable differences in effect sizes depending on the modelled air 

pollution estimates used[104]. Few other studies have explored how different air pollution 

exposure estimates might influence estimated exposure-response coefficients for 

associations with health outcomes. While a number of factors such as study design, follow-

up periods, and differences in population characteristics (e.g. age, socio-economic status, 

health status) are well-known sources of heterogeneity in cross-cohort analyses[105], these 

results underline the importance of exposure assessment methods as an additional source 

of heterogeneity that should be carefully considered in comparative studies or when 

conducting meta-analyses on the health risk of air pollution.   

5.2.2 Strengths and limitations 

The main strength of articles 4, 5 and 6 was the very large sample sizes that helped 

overcome the limitations of previous studies related to random exposure misclassification 

coupled with relatively small excess risk in individuals. This work has resulted in the largest 

studies to date on the relationship between ambient air pollution exposure and respiratory 
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symptoms (Article 4), and lung function/COPD (Article 5). The high statistical power of 

our analyses provided more precise effect estimates of air pollution respiratory health 

effects and allowed assessing risk profiles of potentially sensitive populations.  

Data harmonization has become an important component of multicentre research 

projects[9-11, 106]. Without it, pooled analyses are liable to inefficiency or error. As 

described in Article 4, respiratory symptoms variables as well as all covariates were 

harmonized using a structured approach[9]. This involved on the one hand, analysing 

participating studies’ questionnaires, standard operating procedures, and data dictionaries 

to determine the possibility for each study to generate compatible data and then applying 

processing algorithms to transform study data into common-format variables whenever 

harmonization was deemed possible. While this process ensured that compatible data was 

used in pooled analyses, harmonization has its limitations. Firstly, generating common-

format variables reflected the ‘lowest common denominator’ achievable across cohorts and 

hence lead to a loss of detail of respiratory outcomes and confounding factors for at least 

one of the two studies. For example, differences in educational systems in the UK and the 

Netherlands as well as different response options in cohort questionnaires for the ‘highest 

level of education’ variable required collapsing categories for both studies. In such cases, 

harmonization lead to cruder adjustments in regression models and increased the possibility 

of residual confounding. To explore the potential for residual confounding and assist in the 

interpretation of results, cohort-specific analyses should be undertaken using full 

adjustment (i.e. best available confounders in each study) in addition to pooled analyses of 

harmonized data in future multicentre projects, whenever possible.  

Statistical analyses described in Article 4 were conducted using the DataSHIELD approach, 

with harmonized data hosted on geographically-dispersed firewall protected servers. Since 

the LifeLines cohort data is typically accessed via a secure virtual environment (the 

LifeLines Workspace) and is not permitted to leave this environment, an Opal instance 

hosting harmonized data was installed at the University Medical Center Groningen, 

LifeLines’ host institution, and connected to a second Opal server hosting UK Biobank 

data. This demonstrated the potential to conduct remote statistical analyses of individual-

level data without physically pooling it. Without DataSHIELD, only study-level meta-

analysis would have been possible using LifeLines data. When compared to meta-analyzing 

aggregate data, the pooling of individual-level data generally yields similar, though more 
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robust results and improves the flexibility and power to detect differential effects across 

population subgroups[107, 108]. However, implementing the infrastructure required for 

DataSHIELD analyses has important logistical and technical limitations, as I have outlined 

in Section 5.1.2.  

The use of fixed effect models in Article 4 is another limitation as it might not have 

appropriately controlled for heterogeneity of air pollution exposure associations between 

cohorts. Sensitivity of results using random effects pooled analyses should have been 

conducted, given that fixed vs random effect models can lead to considerably different 

conclusions, as has been recently reported[109]. Finally, pooling data from two large 

national cohorts at the individual-level resulted in greater air pollution exposure differentials 

compared to within-cohort exposure contrasts used in traditional (i.e. study-level) meta-

analyses. Multi-pollutant models were also applied in order to investigate whether different 

air contaminants are independently related to respiratory symptoms, and to explore which 

markers of air pollution were most relevant for respiratory symptoms prevalence.  

Article 6 highlighted the importance of carefully considering the choice of exposure models 

in environmental epidemiology. The breadth of air pollution exposure assessment methods 

used and the ubiquity of measurement error in each approach contributes to different air 

pollution exposure-response estimates across studies. Given the difficulty of identifying a 

single model that best characterizes exposures for given population, studies should consider 

comparing associations across different exposure databases. This could help elucidate the 

range of uncertainty of air pollution health risks, help better define exposure-response 

relationships and in turn better inform economic valuations of, and public health policy 

responses to, air pollution risks.  

As with many other studies of air pollution effects, the use of residential location to estimate 

air pollution exposure and the lack of information on time-activity patterns of individuals 

lead to exposure misclassification, which typically biases results towards the null effect. 

Additional exposure measurement error could have resulted from applying the ESCAPE 

southeast England LUR models to the larger UK Biobank study area including areas outside 

the region for which models were developed. The exclusion of participants with co-

morbidities or having smoked or used an inhaler within an hour prior to spirometry test in 

lung function and COPD analyses (Article 5) might also have underestimated associations 

given the potential susceptibility of these individuals to air pollution. Finally, cross-sectional 
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associations of air pollution with respiratory symptoms, lung function and COPD, shown 

in Section 4 of this thesis, do not allow us to infer causality. Longitudinal analyses of studies 

with comparable sample sizes are needed to strengthen causal relationships between air 

pollution and respiratory disease, particularly among vulnerable subpopulations. 

Nonetheless, given the size of the impacts of air pollution shown and also the 

characterization of susceptibility factors, the findings reported in Section 4 should be of 

interest to public health practitioners and clinicians. 

5.3 Challenges and recommendations for multicentre projects in 

environmental epidemiology 

Drawing on my experience in the development, design and implementation of data 

harmonization and co-analysis tools, both in the work conducted in the context of this 

thesis as well as when overseeing different consortia-based research initiatives, I outline 

some common challenges and recommendations to specifically address the needs of 

multicentre research in epidemiology and environmental health. While these challenges and 

recommendations are not exhaustive, they represent key lessons learned from my 

involvement in multicentre projects that are particularly relevant for environmental 

epidemiology collaborations. They are illustrated by some examples from the work 

presented in this thesis. 

5.3.1 Improving data documentation and discoverability 

One of the major hurdles in multicenter epidemiological research is the difficulty to obtain 

detailed information on research data and the lack of metadata standards to properly 

describe it[110]. Before data can be used for multicentre projects, investigators need to 

know that it exists and that it is available to them. Further, a considerable amount of detail 

in study and variable-level documentation is required to determine whether data can be 

useful to answer a given research question. The seemingly simple task of locating pre-

existing cohort or environmental exposure data available to investigators and understanding 

it (e.g. variable definitions, measurement methods) is in fact one of the most basic 

challenges to multicentre research. Publicly-available information on health or 

environmental data is often either unavailable or very difficult to find. The data 
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documentation void currently makes secondary use of research data a difficult, costly, or 

simply impossible enterprise. As a result, many cohort databases and environmental 

exposure datasets remain underexploited. While not exhaustive, a regular series of articles 

on cohort profiles published by the International Journal of Epidemiology has helped 

investigators learn about study data available to them. As outlined in the discussion of this 

thesis, a few web-based catalogues are also facilitating discoverability of epidemiology and 

public health data. Notably, the Maelstrom Research cataloguing toolkit and Mica software 

described in my thesis are being put to use to develop the Maelstrom Catalogue, a dynamic 

compendium of international epidemiological studies providing the research community 

with a free, user-friendly, web-based solution for data discovery. To date, 186 studies from 

55 different countries are documented in the Catalogue, with over 100 studies that include 

fully annotated and searchable metadata on 800,000 variables. Lastly, solutions for 

discoverability of environmental data are also emerging. In Canada, this is being led by the 

recently established Canadian Urban Environmental Health Research Consortium 

(CANUE)[111], a national group building a common, harmonized data platform containing 

environmental exposure metrics indexed to each Canadian postal code. CANUE is 

increasingly being recognized as the leading source of Canadian environmental exposure 

data used for health research. 

5.3.2 Addressing data heterogeneity 

The variability in methods, instruments, and protocols to ascertain outcomes and risk 

factors and to generate estimates of individuals’ environmental exposures lead to 

considerable heterogeneity in research data. Results obtained from co-analysing 

heterogeneous data are susceptible to bias, which compromises the benefits accrued by 

larger sample sizes. Prospective (i.e. before data is collected/generated) standardization can 

support harmonization across emerging studies and promote compatibility of 

Recommendations:  

• Define controlled vocabularies and compatible data documentation 
standards for both health and environmental exposure datasets 

• Encourage the use of compatible metadata standards across studies and 
platforms to facilitate multi-platform browsing and eventual data 
integration 

• Foster the development of dynamic study and exposure metadata web 
portals and promote their use in the research community 
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environmental exposures. However, imposing identical procedures or standards is a 

difficult endeavour and is limited in its applicability. Most cohorts or consortia do not have 

the adequate resources to implement this approach. Further, the specific scientific interests 

of investigators will often guide the choice of specialized data collection devices and 

protocols (e.g. questionnaires, exposure assessment methods)[106]. Therefore, 

harmonization of pre-existing data to allow co-analysis is often a more realistic option. For 

cohort databases, researchers must first assess whether or not data items are similar enough 

to be combined, and, if so, apply data processing procedures (e.g. algorithms, calibration, 

imputation  models) to transform study-specific data under the same format[9]. The data 

harmonization work I coordinated within the BioSHaRE and MINDMAP projects and the 

tools I helped develop and deploy in epidemiological consortia presented in this thesis, are 

examples of initiatives that are addressing issues of data heterogeneity. These efforts have 

also enabled the epidemiological analyses presented in Section 4 of my thesis, in addition 

to other research conducted within the BioSHaRE consortium[50-52, 112]. As I have 

shown in Article 6, different exposure assessment methods can also contribute to cross-

study heterogeneity in multicentre environmental epidemiology projects. Although 

harmonization of environmental exposure models developed for different areas is a 

difficult task, new methods are being developed to estimate exposures over large areas at a 

fine spatial and temporal resolution, thereby providing multicentre studies with 

standardised metrics[41, 113]. 

 

 

Recommendations:  

• When possible, make use of similar good quality measurement devices, 
assessment items and modelling techniques to improve consistency of 
health and exposure variables 

• Explore the potential of making use of historical exposure data covering 
large areas (national, continental) to generate consistent exposures  

• Employ a rigorous approach to assessing the compatibility of data and 
document the harmonization process for transparency 

• Acknowledge that that in some instances, heterogeneity across health or 
exposure databases may be too significant to allow pooled or combined 
analyses. 
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5.3.3 Facilitating data access 

Efficient data access is a precondition to successful multicentre collaborations in 

epidemiology. As has been reported by recent research consortia initiatives, access 

mechanisms and governance structures of epidemiological cohorts are often incompatible 

with this requirement[13, 114]. Given that each cohort in a multicentre project has local 

procedures governing data access, researchers looking to synthesize data across studies 

must simultaneously navigate and comply with numerous heterogenous requirements. This 

represents a considerable burden on investigators and tends to impede the research 

process[13]. The delay in receiving data once an access application is submitted to a cohort 

also constitutes a major barrier to efficient data sharing and co-analysis. For a typical cohort, 

access applications need to be reviewed and approved by ethics and/or access committees, 

a Material Transfer Agreement (MTA) needs to be executed by all parties involved in the 

research project, and data needs to be extracted, prepared and sent to the researcher. In my 

original thesis proposal, I had proposed including analyses of air pollution exposures linked 

to Canadian cohorts. However, due to considerable delays in linking exposures and 

accessing merged datasets, these analyses were omitted from the thesis. If we recognize that 

in most cases, bona fide investigators doing research in the public interest should be entitled 

to accessing cohort data[114], streamlining data access processes should be a priority in 

facilitating multicentre research.  

 

5.3.4 Enhancing health and environmental data integration 

Health and environmental exposure databases are often siloed in different academic 

departments or institutions. Combining them for environmental health research can be a 

considerable challenge. Because of privacy and confidentiality provisions, researchers are 

Recommendations:  

• Harmonise data access application processes, forms and requirements to 
simplify cross-cohort research  

• In consortia settings, establish fast-track data access approvals within 
participating cohorts (i.e. “pre-clearance” for researchers associated with the 
consortium) 

• Establish pre-defined time frames for accessing data once an application has 
been submitted 
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often unable to link area-level environmental data to individual-level health data themselves. 

Merging exposure data to that of cohort participants must be conducted in secure 

environments by study data managers. Identifying appropriate exposure databases, sending 

them to data managers for linkage and obtaining a merged database can be an onerous and 

lengthy process. To address this, data platforms are being developed to expedite the linkage 

of health and exposure data and provide ready-to-use datasets to the research community 

in Europe and North America[115, 116]. This accelerates the research process by 

centralizing analysis-ready datasets and generally increases the use of health and population 

databases for environmental health research. The work presented in my thesis was achieved 

thanks to the development of standardised European air pollution metrics within the 

ESCAPE project and subsequent efforts to geo-code and link these exposures to the 

residential locations of individuals recruited to the UK Biobank, LifeLines and other 

BioSHaRE-participating cohorts. As a result of this work, researchers requesting data from 

BioSHaRE cohorts may now also access pre-linked area-level environmental exposure data. 

In Canada, similar efforts to streamline linkage of area-level environmental variables and 

provide access to pre-linked health and exposure data are being led by CANUE[111]. 

 

5.3.5 Implementing innovative data analysis solutions 

The increase in popularity of multicentre projects has highlighted ethico-legal constraints 

on the sharing of individual-level study data. Because data collected by cohort studies often 

contains sensitive information, it is subject to privacy regulations which can prohibit the 

physical pooling of data across a consortium. In light of such restrictions, many research 

collaborations chose to combine aggregate data or results of statistical analysis (e.g. means, 

effect estimates) through study-level meta-analysis rather than pool individual-level data in 

Recommendations:  

• Collate existing and emerging datasets of area-level environmental exposures 
in a central, publicly-accessible web portal 

• Automate the indexing of spatial datasets to commonly used linkage fields (e.g. 
postal code) 

• Develop systems and procedures to facilitate the integration of exposures with 
existing cohorts and administrative health databases 

• Make available pre-linked health and exposure data via health data custodians’ 
regular data access processes 
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a central database. Although combining non-disclosive summary statistics is an efficient 

way to synthesize evidence while respecting ethical and legal provisions related to 

individual-level data sharing, the analytical flexibility of this approach is limited. For 

example, each additional data analysis beyond those initially planned in a collaborative 

project requires participating studies to individually generate and send new effect estimates 

to the meta-analysis coordinator. As a result, this causes significant delays. To allow the 

physical pooling of data, secure data enclaves can be established. Under this framework, 

study data is hosted on the servers of a trusted third-party and researchers must visit the 

data enclaves in person, or log in via secure web connections,  to analyze data. Alternatively, 

many of the issues surrounding access to and sharing of sensitive individual-level data in 

collaborative research settings could be avoided through the use of web-based technologies.  

“Virtual pooling”[74] or federated analyses[15, 49] allow investigators to safely and 

remotely conduct statistical analyses of harmonized data hosted on the secure 

geographically-dispersed servers of individual studies. Using distributed computing, 

researchers do not have direct access to the datasets, which remain on firewall-protected 

servers of the study’s host institutions. This then guarantees the security of the underlying 

participant data. Although such solutions are promising in order to facilitate and expedite 

multicentre research, strategies are needed to further develop existing tools and promote 

their uptake.  

5.3.6 Providing adequate resources  

Conducting a successful multicentre research project requires considerable resources. 

Competent staff is needed to properly document data, extract relevant variables used to 

answer research questions, harmonize them across studies, and establish an infrastructure 

to facilitate co-analysis of common-format data. Many cohorts or consortia do not have 

the funds to adequately fulfil these requirements. Further, the process of merging 

Recommendations:  

• Leverage “buy-in” of major stakeholders (e.g., study investigators, data users, 
and funders) for web-based data analysis solutions 

• Clearly outline measures put in place to ensure privacy and security of study 
data 

• Provide comprehensive documentation describing the deployment and use 
of web-based tools 
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environmental exposure data to the health data held by a single cohort is a challenging 

endeavour, let alone linking multiple exposure datasets across many different cohorts. In a 

survey of major international multicentre research projects, Fortier et al. found that many 

of the challenges to data harmonization and co-analysis identified by respondents were 

related to the lack of time and resources[9]. While major funding bodies in Europe and 

North America are promoting data sharing and secondary use of data as a means to support 

innovation and scientific discovery[117-119], funding for research projects involving new 

data collection is often more readily available than it is for long-term research infrastructure 

maintenance or reuse of existing data. Nonetheless, grants enabling multicentre initiatives 

such as the BioSHaRE and MINDMAP projects presented in this thesis illustrate that 

funding strategies are evolving. Funding for secondary analyses of existing datasets is also 

emerging as a result of the need to maximize the scientific returns on the sizable 

investments in large cohorts such as the UK Biobank and LifeLines.  

  

Recommendations:  

• Offer grant opportunities focussing on secondary usage of existing data and 
multicentre collaborations 

• Establish funding mechanism to ensure long-term maintenance of data 
repositories and improve data dissemination  

• Instill good data documentation practices, promote data compatibility and 
enable existing cohorts to enrich their databases with environmental data via 
small grants 
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6 Conclusion 

Research community stakeholders are increasingly seeking ways to get more out of existing 

epidemiological datasets and leveraging research potential via data sharing and multicentre 

projects[120-122]. A new approach to the research enterprise embodied by the concept of 

“open science”[123] is promoting information sharing and collaboration powered by the 

internet and new information technologies. Some stakeholders, such as research funding 

agencies in Europe[117] and North America[118, 119] are urging the research community 

to make this shift happen as a means to scientific innovation and discovery. In recognition 

of the need to improve infrastructure that can maximize the use of research data, 

stakeholders from academia, funding agencies, industry and scholarly publishers have 

recently set out the FAIR Data Principles[124], which are a vital element for progress in 

open science. FAIR established specific guidelines to ensure that research data are Findable, 

Accessible, Interoperable, and Reusable in the current digital ecosystem. The tools and 

resources presented in this thesis support this new paradigm by providing the 

epidemiological research community with free and open-source solutions to meet their 

collaborative research needs. The work presented herein also outlines the scientific 

potential of integrating and co-analysing the vast amounts of health and environmental 

exposure data available for research, and highlights fundamental issues that need to be 

addressed to maximize their use and accelerate improvements in health. 

As we have shown, harmonization and co-analysis of large cohort and environmental 

exposure databases can provide the statistical power required to overcome the limitations 

of previous studies in environmental epidemiology associated with random exposure 

misclassification coupled with relatively small excess risks. Effectively combining datasets 

can lead to more robust estimates of the effects of environmental exposures on health, 

provide a better understanding of interactions between risk factors, and identify high-

risk population subgroups. In turn, these factors can considerably improve our 

comprehension of exposure-response relationships which help define the public health 

response to environmental health risks. 
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