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Abstract 

Environmental exposures are increasingly investigated as possible drivers of health behaviours and disease outcomes. 
So-called exposome studies that aim to identify and better understand the effects of exposures on behaviours and 
disease risk across the life course require high-quality environmental exposure data. The Netherlands has a great 
variety of environmental data available, including high spatial and often temporal resolution information on urban 
infrastructure, physico-chemical exposures, presence and availability of community services, and others. Until recently, 
these environmental data were scattered and measured at varying spatial scales, impeding linkage to individual-level 
(cohort) data as they were not operationalised as personal exposures, that is, the exposure to a certain environmental 
characteristic specific for a person. Within the Geoscience and hEalth Cohort COnsortium (GECCO) and with support 
of the Global Geo Health Data Center (GGHDC), a platform has been set up in The Netherlands where environmental 
variables are centralised, operationalised as personal exposures, and used to enrich 23 cohort studies and provided to 
researchers upon request. We here present and detail a series of personal exposure data sets that are available within 
GECCO to date, covering personal exposures of all residents of The Netherlands (currently about 17 M) over the full 
land surface of the country, and discuss challenges and opportunities for its use now and in the near future.
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Background
The exposome encompasses the life course exposures 
from lifestyle behaviours and from the environment 
[1]. The three broad exposome categories (i.e. ‘internal’, 
‘specific external’ and ‘general external’) receive grow-
ing attention in epidemiological research with respect 
to its relationship with a variety of chronic diseases [2–
4]. Environmental characteristics such as noise and air 

pollution, urban heat islands, walkability of neighbour-
hoods, living in an ‘obesogenic’ built environment may all 
influence disease risk directly, or indirectly via unhealthy 
dietary behaviours and physical inactivity. Given that 
many of the environmental factors are potentially modifi-
able, this provides a huge potential for prevention. Mul-
tidisciplinary and longitudinal research combining high 
quality individual-level data with environmental-level 
exposure data is urgently needed to identify and better 
understand their complex relations with each other and 
how they drive disease risk across the life course [5].

In The Netherlands, high quality and longitudinal data 
at the individual level as well as the environmental level 
exist. Various cohorts across The Netherlands contain 
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longitudinal individual-level data on lifestyle behaviours 
and disease outcomes. The Netherlands also has a great 
variety of environmental data available, including high 
spatial and often temporal resolution information on 
urban infrastructure, physico-chemical exposures, pres-
ence and availability of community services, climate, and 
others. Until recently, these environmental data were 
scattered and available at varying spatial scales. Moreo-
ver, they were not operationalised as ‘personal expo-
sures’ linkable to individual-level health data. Personal 
exposure encompasses the exposure to a certain envi-
ronmental characteristic specific for a person. At popu-
lation level it is not feasible to measure actual exposures 
‘on the body’ by using sensors or other instruments. 
Rather, personal exposures can be estimated by averag-
ing (or summing up, or otherwise aggregate) environ-
mental attributes in a spatial and temporal context of an 
individual, mostly modelled over a specific distance zone 
(‘buffers’ or administrative neighbourhoods, or other 
geographic unit). Hereby it is assumed that people are 
more exposed to environmental attributes within a cer-
tain environment (e.g., home and/or work), depending on 
their socio-demographic characteristics and the exposure 
of interest. For instance, for older people, walkability of 
their neighbourhood would be assessed over an area rel-
atively close to the home address as they generally have 
limited mobility, while noise pollution may be more rel-
evant even at local address level and especially overnight.

Within the Geoscience and hEalth Cohort COnsortium 
(GECCO) and with support of the Global Geo Health 
Data Center (GGHDC), a platform has been provided 
for researchers to gain streamlined access to a wide range 
of personal exposure data. For this purpose, in a step-
wise approach, environmental data are processed into 
personal environmental exposures, and environmen-
tal indices are developed such as walkability and driv-
ability. These environmental exposures are available for 
researchers to use, and in the near future these data will 
be linked to the 631,000+ participants of 23 renowned 
and on-going large-scale Dutch cohorts that are cur-
rently affiliated to GECCO. This enables researchers from 
multiple disciplines to address a wide variety of research 
questions on environmental determinants of lifestyle 
behaviours and chronic disease risk.

GECCO started small, and has over the last years 
grown from enriching few cohorts with a good number 
of environmental exposures [6] to a solid infrastructure 
that contains 100+ environmental exposures at high 
resolution across various domains. While information 
on the individual-level cohort data are described else-
where [7], we here present and detail a series of personal 
exposure data sets that are available within GECCO, 
covering exposures of all residents of The Netherlands 

(currently > 17 M) over the full land surface of The Neth-
erlands, an area of about 33,680 km2. We also reflect on 
the challenges and opportunities for its expansion and 
use now and in the near future.

Data collection, handling and quality control
Prioritisation of data collection
Prior to the geodata collection and acquisition a litera-
ture scan was carried out in combination with a survey 
within the wider GECCO consortium. This was done to 
prioritize what environmental data to collect and pro-
cess, so that foreseen users are better catered and a large 
variety of exposome studies could be carried out using 
the data. The literature scan included the assessment of 
key reviews on environmental determinants of chronic 
disease risk (e.g., [8–12]). The survey was themati-
cally organised around 6 different spatial environment 
categories:

1. Physical activity environment
2. Transport/mobility environment
3. Environmental pollution
4. Food and retail environment
5. Socio-economic environment
6. Safety, aesthetics, air temperature.

For each of these six categories, respondents could 
indicate their interest for a number of pre-specified geo 
datasets (yes/no) or specific spatial indices (5–15 per cat-
egory, 57 in total), and an open field was added to indi-
cate other specific interests and suggestions. A total of 
73 respondents from over 10 different GECCO-affiliated 
organisations completed the survey. The survey results 
showed that virtually each listed dataset was of interest 
to at least a few respondents, and approximately a third 
of the proposed datasets generated the interest of the 
majority of the consortium. Data sets with high level of 
detail generally gained more interest, e.g. the availability 
of alcohol and tobacco in the food retail environment, 
while at the same time there was also ample interest for 
aggregated data (factors combined in a single construct, 
such as walkability) in larger spatial units. Together these 
results implied the desire for a large variety of personal 
exposure data in terms of thematic and spatial detail and 
temporal ranges.

Next to the literature scan and the survey, the prioriti-
sation of our data collection was informed by the follow-
ing factors (see also Fig. 1):

• Data quality and trustworthiness of data source (e.g. 
is it a known data source with metadata on purpose, 
quality and other relevant characteristics)
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• Minimum spatial resolution (e.g. neighbourhood 
level for administrative data and 500-m resolution 
for raster data)

• Temporal resolution (e.g. for highly dynamic data 
such as average temperatures much higher resolu-
tions—often daily or monthly—are necessary than 
for semi-static data such as road infrastructure, for 
which 5-yearly updates are sufficient)

• Thematic resolution (e.g. can built-up area in a 
land use dataset be divided in specific classes such 
as residential area, office area, industrial area, 
retail area, social-cultural services, etc.)

• Costs and use restrictions (e.g. cost of a dataset 
can be too high in relation to available budget and 
the relevance of the dataset; the use of the data is 
only allowed by the data-owner for the research 
project the data was acquired for).

In general, these criteria were pragmatically applied 
and meant we gave priority to affordable or free data-
sets of higher quality, with a high spatial, temporal and 
thematic resolution for data themes that were of suffi-
cient interest for our targeted user community.

Spatial data sources
Professional open geospatial data of The Netherlands 
with minimal quality standards accompanied with a 
metadata description can be found via the national clear-
ing house [13] and/or the national public geodata plat-
form PDOK [14] together with a map and download 
service for location data in tabulated form or data in geo-
graphic information systems (GIS) formats. Examples of 
such datasets concern altitude data, topographical key 
registrations, cadastral maps, protected areas, national 
cycling and walking routes, aerial photography and so on.

Special clearing houses also exist for more thematic 
spatial datasets such as the National Data Warehouse 
for Traffic Information (NDW) [15], open government 
data [16], open education data [17] or the Environmental 
Health Atlas [18]. Examples of data that were found this 
way are essential geodata sources such as topographical 
data by the Dutch cadastre, neighbourhood characteris-
tics and land use data by the Statistics Netherlands (CBS) 
and health or noise data via the National Institute for 
Health and Environment (RIVM).

While these sources account for a large share of the 
available geodata, still a considerable share of geodata, 

Fig. 1 Decision tree with the different criteria used and decisions taken during the selection of geodata and the production of environmental 
variables for GECCO
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both open geospatial and commercial geodata, is avail-
able only via specific spatial data sections of professional 
organisations themselves, such as certain scientific data 
produced by universities, research institutions and geo-
data companies. Examples are air pollution datasets on 
address level produced by the European Study of Cohorts 
for Air Pollution Effects (ESCAPE) [19], poverty maps on 
postcode 4 level produced by The Netherlands Institute 
for Social Research (SCP), sport accommodation address 
locations by the Mulier institute, or (commercial) retail 
address locations by Locatus [20].

Another category of (semi)professional data can be 
found in the form of voluntary collected geodata, such 
as road data and points of interest in the OpenStreetMap 
project. Sometimes recent data of a certain theme can 
be found via the national clearing house, but older his-
torical data only via the data providers themselves or via 
specialised research data archives such as Data Archiving 
and Networked Services (DANS). On top of this, national 
branches of commercial geo software companies such as 
ESRI offer free geodata services in the form of pre-pro-
cessed national datasets in GIS ready formats for exam-
ple for the key registries on topography, buildings and 
addresses [21].

Besides the data on a national scale, large quantities 
of geodata are available on regional to local scales for 
which e.g. provinces and municipalities can be excel-
lent sources. Subnational datasets are collected by the 
GECCO project on specific request.

Finally, relevant geodatasets exist that were not (yet) 
published online, except by mentioning in a report or 
research paper. To acquire these types of datasets, spe-
cific requests to the data owners were made.

Processing steps from geodata to personal exposure 
variables
Selected datasets downloaded from FTP-sites and data 
repositories concerned spatial data in different kind of 
file formats and were transformed into standard GIS 
vector and raster formats and where necessary pro-
jected or re-projected to the Dutch coordinate system 
(Rijksdriehoekstelsel).

To produce a basic set of spatial variables the geodata-
sets were processed further using common spatial opera-
tions, such as spatial selections/extractions (e.g. from 
European to national extent), spatial aggregations to sum-
marize data (e.g. point/line vector data or high resolution 
raster data) to administrative units, joining of attribute 
data to administrative units (e.g. data national statistics 
office to neighbourhoods or PC4 areas), merge or dis-
solve operations, buffering, reclassifications of thematic 
data, as well as data enrichment using auxiliary data. An 
example of the latter operation was the preparation of a 

land use mix variable where we ‘enriched’ the national 
land use data by disaggregating the land use class ‘com-
mercial areas’ to two separate classes ‘industrial/manu-
facturing area’ and ‘office space’ by using detailed polygon 
data on the utilization of buildings in the national key 
register on addresses and buildings (BAG). More specific 
spatial variables with different personal exposure areas 
were constructed using spatial functions such as neigh-
bourhood analysis, kernel density, zonal statistics and by 
making specific combinations of variables.

The next procedural step was to convert the environ-
mental data to personal exposures, which is the expo-
sure of individuals in their so-called spatial context or 
exposure area. This step involves the statistical aggrega-
tion (e.g. count, average) of environmental variables over 
areas surrounding each of the residential locations in The 
Netherlands. In a number of cases there was no need to 
aggregate values over a spatial context, for example when 
the exposure was mostly relevant for the location of resi-
dence itself, such as exposure to noise during the night. 
In those cases, the value of the environmental attribute 
at the location of the front door or at the centre of the 
building was directly assigned to that residential location.

More often, however, epidemiologists are interested in 
a statistical summary of data within the exposure zone 
around an address location. This can be the adminis-
trative neighbourhood or 4/6 digit postal code areas in 
which the address is located or one or more (usually) 
circular shaped exposure radii of any distance usually 
between 100 and 2000 m. In that case the radius distance 
can depend on the expected activity space for e.g. walk-
ing, cycling or driving of a certain target group. Alter-
natively, the exposure area can have different forms, 
including irregular forms, e.g. on the basis of calculated 
travel distances over the roads (e.g. the area reached 
within 5  min walking distance) or the exposure area is 
not centred around an address location but around a cer-
tain destination e.g. to determine which addresses fall 
inside the service area of a certain school or health ser-
vice. Furthermore, in some cases we have weighted also 
the distance to individual features within an exposure 
zone by applying kernel density analysis. Kernel density 
analyses take distance to—for example food retailers—
into account as well as density, by assigning more weight 
to more nearby features than to features further away 
according to a certain distance function and, this way, 
produce a continuous density surface. For example, the 
standard kernel density function in the ArcGIS software 
uses the ‘quartic kernel function’ described in Silverman 
[22], and works by fitting a smoothly curved surface over 
each feature point within the exposure zone, with a sur-
face value diminishing from the central point to a value 
of zero at the search radius distance. The kernel density at 
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each output raster cell is subsequently calculated by add-
ing all the values of kernel surfaces where they overlay the 
raster cell centre. Figure 4 gives an example in which this 
kernel density function was used to produce distance-
based kernel densities of supermarket access within a 
1000-m radius. A relatively simple example of personal 
exposure assessment from environmental data in a raster 
format at high resolution (25 m) is shown in Fig. 2. The 
left panel shows a particular processing cell containing 
a residential location and a circular exposure area over 
which the environmental attribute is aggregated. On the 
right, it is shown how this calculation is done for each 
processing cell by moving the exposure area, here shown 
as a square box. Point, vector, as well as raster data can be 
input for such an analysis and the result can be linked to 
cohort data on address level or cohort data on lower scale 
levels.

The final step was to produce personal exposures for 
different exposure areas in table format suitable to link 
to individual-level (cohort) health data on either address, 
6-digit postal code (PC6), 4-digit postal code (PC4), 
neighbourhood or in some cases district or municipality 
levels.

For all collected geodata that were processed into a final 
GECCO product, a metadata-sheet was created contain-
ing all the relevant characteristics of the data, guided by 
general principles and standard metadata requirements 
serving discovery, evaluation and use of spatial data (see 
Annexes S1-S3  for examples). ArcGIS (version 10.6 or 
higher) from ESRI with the Spatial Analyst extension was 

used for most of the spatial operations in combination 
with QGIS (version 3.0 or higher) for some specific oper-
ations. Several parts of the variable production process 
were automated using Python scripts with the Python 
site package ‘ArcPy’ for utilizing spatial functions avail-
able in ArcGIS.

Despite the use of high-end computers with high pro-
cessing speed and large working memory, very large 
repetitive database operations could not be executed in 
acceptable processing times. For producing multiple 
exposure variables on the address level by extracting and 
joining geographic data to over 9 million address coordi-
nates, we therefore used process scripts written for exe-
cution in a specific spatially aware software called Geo 
Data and Model Software (GeoDMS). The GeoDMS is a 
calculating engine that was specifically designed to pro-
cess, calculate and visualize large (geographic) datasets. 
All datasets are stored on secured university network 
servers, which are rigorously protected and regularly 
being backed-up.

Figure 3 provides an overview of the different steps and 
products in the process from original source data to envi-
ronmental exposure variable.

Figures 4 and 5 below provide map examples of respec-
tively a kernel density based environmental exposure 
variable and a compound index variable based on six sub 
variables.

Geographic issues and quality aspects
During the various transformation processes known 
geographic issues were encountered that needed to be 
addressed. A common issue is for example the Modifi-
able Areal Unit Problem (MAUP). The MAUP leads to 
one of the well-known challenges in spatial epidemio-
logical research and other population health studies [23, 
24] and occurs when e.g. point-based measures of spatial 
phenomena are aggregated into administrative units in 
which summary values (e.g., totals, rates, proportions, 
densities) are influenced by both the shape and scale of 
the aggregation unit. Fully resolving this issue is currently Fig. 2 Concept of moving window/neighbourhood analysis in GIS. 

For explanation refer to main text

Fig. 3 Overview of different steps and products in the process from original data to environmental exposure variable
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Fig. 4 Map example showing the kernel density (in average number of supermarkets per  km2) of supermarket access within a 1000-m radius for 
the Netherlands (left) and the Amsterdam region (right) in 2008, where dark red indicates higher access

Fig. 5 Map example showing the walkability scores (range 0–100) for a 500-m exposure area of The Netherlands (left) and the Amsterdam region 
(right) in 2015, where green indicates higher walkability
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not feasible, but to address and reduce this specific prob-
lem, we calculated point density kernels prior to aggre-
gating data to neighbourhoods. Doing this accomplished 
that distance weighted environment information around 
each data-point was gathered and summed up in a regu-
lar spaced raster and subsequently averaged over the cor-
responding neighbourhoods. In effect this meant that 
also cross-border environment information was incor-
porated into the data aggregations of each neighbour-
hood. This procedure to reduce the MAUP is, however, 
only necessary when it cannot be avoided to aggregate 
data to administrative units such as neighborhoods, e.g. 
when health cohort data is only available on a certain 
administrative scale level. More sophisticated methods 
have been developed to deal with MAUP and related 
geographic issues, such as Bayesian hierarchical models 
and Geographically Weighted Regression with a focus 
on local spatial regression rather than global regression 
[25], but in general we recommend to avoid any aggre-
gation of available geographic data to administrative 
units and work only with uniform exposure units, such 
as the circular exposure radii that are often used in the 
studies related to GECCO. Furthermore, as suggested by 
Fecht et al. [26] we recommend to look for a spatial unit 
of analysis that reflects as much as possible the expected 
geographical scale of interaction between the spatial 
determinants and the health outcomes. In case data 
aggregation to administrative units cannot be avoided we 
recommend to carry out the proposed method for reduc-
ing MAUP effects and additional sensitivity analysis with 
different spatial scales for the assessment of remaining 
MAUP effects on the results. Another known geographic 
issue is the Uncertain Geographic Context Problem, 
relating to the chosen area and time of exposures—which 
might not accurately represent the actual area, time and/
or duration that exert contextual influences on the health 
behaviours or health outcome under study [27, 28]. Ide-
ally, addressing this issue would mean that more appro-
priate contextual units would have to be de-lineated. 
That means that these units have to be based on peo-
ple’s actual or potential (often multiple) activity spaces 
[28], and determining these, e.g. with GPS based activity 
survey data. Unfortunately, this is an unattainable objec-
tive for most studies. In any case, the decision on what 
specific area of exposure and time of exposure to use 
will be specific to the research population and question 
under study, as well as the available survey- or cohort 
data that will be linked. Within GECCO, most exposures 
are therefore calculated for different points in time and 
a range of area types and sizes, as detailed further down. 
In addition, as recommended, we and others encourage 
researchers to develop an adequate theoretical model for 
taking spatial and temporal contextual uncertainties into 

account, to do sensitivity analyses with other area sizes, 
and choose exposures that are measured with the nar-
rowest possible time gap [28–30].

To make a proper evaluation possible of the fitness 
for purpose of the produced environmental variables, 
we provided relevant metadata on the primary (origi-
nal) data sources, as well as metadata on the details and 
applied processes towards the secondary (derived) geo-
data and environmental variables. The majority of the 
original data comes from formal national bodies such as 
the Dutch statistics office (CBS), Dutch environmental 
assessment agency (PBL) or the Dutch cadastre and are 
usually subject to internal quality control procedures and 
provided and catalogued with detailed metadata based 
on international standards such as ISO (e.g. the Dutch 
metadata profile ISO 19115 for geographical data and/
or the European metadata standard INSPIRE for spatial 
data).

However, more specific geodatasets such as the national 
dataset sport accommodations (Mulier sport-research 
institute), the public transport stops dataset (Gronin-
gen University/NDOV), or the Locatus retail data, do 
not always contain standardized metadata descriptions. 
Therefore, besides providing available metadata as much 
as possible on both primary data and secondary data, we 
carried out random verification-checks of areas that are 
familiar to us, before delivering requested environmental 
variables to researchers. For the Locatus retail-data we 
carried out a separate verification study [31].

List of environmental exposures
Although the final products of the GECCO project are 
environmental variables in table format, the produced 
intermediate geo datasets have an essential role in the 
project. Any desired variable that is spatially different 
from the standard set of produced variables (e.g. updated 
neighbourhood borders, larger exposure radius) needs to 
be reproduced on the basis of a pre-existing geodata set.

In depicting our list of environmental exposures here, 
we chose to distinguish 6 categories of exposures and 
classify geodatasets and derived environmental variables 
with their different exposure zones according to these 
environments (see Table  1). Some of the datasets and/
or derived environmental variables could be allocated 
to other health environments as well, e.g. neighbour-
hood data contains a clear administrative-demographic 
component as well as a socio-economic component that 
could also be classified to the social-cultural component.

For each environmental variable and/or geodataset 
listed in Table 1, a more detailed metadata description is 
available via http://www.gecco .nl/expos ure-data-1. Three 
examples can be found in Annexes S1–S3 Additional 

http://www.gecco.nl/exposure-data-1
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file 1: Annex S1, Additional file 2: Annex S2, Additional 
file 3: Annex S3.

Utility and discussion
Interdisciplinary research and collaboration can provide 
substantial benefits to scientists, practitioners and policy 
makers and it is predicted that the future of research is 
increasingly interdisciplinary [33]. GECCO is a solid 
infrastructure that facilitates such interdisciplinary 
research. It uses a systematically and integrated method 
to centralize rigorous and validated scientific informa-
tion about environmental conditions and exposures. 
GECCO facilitates the linkage of these data to deep-
phenotyped individual-level cohort data enabling iden-
tification of spatial or temporal relationships between 
the exposures and (adverse) health conditions. Besides 
being an infrastructure, GECCO also supports essentially 
needed interdisciplinary collaboration as Health Scien-
tists, Epidemiologists (clinical and environmental), Data 
scientists, Geographers, health cohorts, and GGHDC are 
involved. Without such collaboration it would be impos-
sible to manage the complexity that arises with integrat-
ing data from different disciplines.

Intended use
Usage of GECCO data is, in principle, free of charge for 
non-commercial users. A simple GECCO Data Access 
and Publication Policy has been set up. There are roughly 
two ways through which the data can be accessed: (1) 
Centrally, accessible via the GECCO steering group via 
the website http://www.gecco .nl, or (2) De-centrally, 
when environmental data linked to individual-level 
GECCO cohort data is required. As cohorts are enriched 
with environmental exposures locally (i.e. at the prem-
ises where the individual cohort data are stored), usage 
should be approved by the GECCO steering group, and 
can be obtained via the respective cohort(s), where addi-
tional cohort-specific data sharing regulations need to be 
complied with. The 23 cohorts that are currently affili-
ated with GECCO have solid procedures set up for data 
sharing and use, and must ensure that informed consent 
procedures allow for that, as specified in the European 
General Data Protection Regulation (GDPR). The GDPR 
may provide further challenges with data logistics around 
analyses. Analyses across cohorts can be done in a num-
ber of ways: (1) Pooling cohorts and harmonising vari-
ables centrally (if cohorts allow, which is usually not the 
case); (2) Doing the analyses locally (i.e. without the data 
leaving the premises of the owners) and meta-analysing 
results; (3) Accessing data via a so-called trusted third 
party (TTP); (4) using privacy sensitive data obfuscation 
[34]; or (5) Federated node analyses. The GECCO consor-
tium has gained experience in handling and combining 

multiple data sets and cross-cohort analyses have been 
done successfully within GECCO [6, 35, 36].

Challenges and options for improvements
The innovation provided by the GECCO database is 
its extensive coverage (whole population of The Neth-
erlands) and availability of an integrated, large set of 
personal exposures, ranging from the socio-economic 
environment to the physical environment. We continu-
ously strive to further improve the database regarding the 
range of exposures included and the quality of the expo-
sure data. We conduct methodological studies to explore 
what operationalisations may best reflect real-world 
exposure e.g. to the food environment [37], and what 
spatial area to consider [29]. These innovations and the 
long-term sustainability are guaranteed by ongoing coop-
eration with partners in the Dutch Global Geo Health 
Data Center, the Exposome-NL project, the Upstream 
Team, and the European SURREAL project, among oth-
ers. We will jointly innovate the methodologies presented 
here and use exposure data sets in various epidemiologi-
cal studies.

Envisioned innovations of the data provided by the 
GECCO database include improvements of the personal 
exposure calculation and the temporal range of expo-
sures provided. Promising for the improvement of the 
quality of exposure data is the wider availability of even 
more detailed maps of environmental factors as well as 
more advanced exposure assessment methods. The ongo-
ing increase in the volume and spatio-temporal detail 
of environmental sensor data will lead to more detailed 
maps of environmental factors in The Netherlands, but 
also worldwide. Earth observation data collected from 
space will contribute to hyper resolution mapping in 
space and time of environmental variables such as air 
temperature [38], air pollution [39], and green space [40]. 
Near sensing data collected close to the land surface, 
provide a wealth of information thus far not used in the 
GECCO data base. Future improvements could include 
the assessment of the attractiveness of the living envi-
ronment (e.g. green space) from street view imagery [41, 
42], and the use of dense networks of low cost (mobile) 
sensors for air pollution mapping in space and time. A 
more novel and yet to be harnessed data source for envi-
ronmental epidemiology is the data continuously gath-
ered by modern cars that are both connected to internet 
and equipped with sensors to map the environment—for 
safety interventions such as emergency stops, and func-
tions such as autonomous driving. By using advanced 
spatio-temporal machine learning algorithms, the remote 
and near sensing innovations will lead to environmen-
tal attribute data at a higher spatial resolution, as well as 
data representing temporal changes, for instance diurnal 

http://www.gecco.nl
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or seasonal patterns of air temperature [38] or air pollu-
tion [43]. This improved resolution and coverage of envi-
ronmental data will contribute to the development of 
more sophisticated environmental exposure assessment 
methods. One innovation is to replace spatial buffers to 
represent activity spaces of persons by methods that give 
a more detailed representation of the activity of persons 
in space and time, by activity-based or agent-based mod-
elling [44]. Another requirement to improve exposure 
assessment is to make exposure assessment specific for 
the actual space–time activity patterns of persons, for 
instance using GPS wearables. Alternatively, exposure 
assessment parameters between different groups of per-
sons can be based on their typical daily movement pat-
tern, for instance homemakers, students, or commuters 
(e.g., [45]).

Furthermore, qualitative individual-level data could be 
integrated with the objectively measured GIS data. Geo-
graphic information systems are considered to be a tool 
for the storage and analysis of quantitative data, but there 
are examples of their use in qualitative or mixed-method 
research [46, 47]. This would add contextual information 
on factors that potentially co-determine health outcomes.

An additional path of innovation is to expand the data 
set with more temporal data. Personal environmental 
exposure can be considered as integration of exposures 
over an interval of time. The interval of time that is rel-
evant may depend on the health outcome considered. 
For instance, the influence of air pollution or food out-
let exposures on many cardio vascular disease outcomes 
is considered to be a long-term process, and one would 
require exposure values calculated over time spans of 
several years or even from conception onwards. Other 
health outcomes are more instantaneous, for instance the 
occurrence of hay fever due to pollen in the air in which 
case personal exposures are required integrated over a 
few hours to days. To deal with these situations, temporal 
databases of environmental factors are required, some-
thing which has only partly been addressed in our cur-
rent database.

While GECCO is part of international projects and 
networks such as the Initiative on Spatial Lifecourse Epi-
demiology (ISLE) [48, 49], a relevant step for the (near) 
future would be a better alignment of measures and 
methods with similar infrastructures elsewhere in the 
world. For instance, the Canadian Urban Environmental 
Health Research Consortium (CANUE) has similarities 
as it was established to facilitate the linkage of extensive 
geospatial exposure data to existing Canadian cohorts 
and administrative health data holdings [50]. The poten-
tial Exposome studies across countries or even conti-
nents require standardisation and harmonisation, and 
stresses the need for continuance or solid embedding of 

such infrastructures in sustainable programs that are less 
dependent on temporary funding.

GECCO has not been set up to address a specific 
research question but is rather an infrastructure to 
address a myriad of questions, also beyond the types of 
examples that are provided in this manuscript. The rele-
vance of—and the forms of approaches to address—such 
questions are likely to evolve over time. The relatively 
novel area of environmental epidemiology and exposome 
research is developing rapidly and will need to cope with 
changes of exposures, whether they are gradual [51] or 
very swift e.g. due to covid-19, where actual exposures 
changed [52], but also spatial patterns of people within 
contexts of exposures.

Conclusions
The systematic approach of the GECCO infrastructure 
to centralise environmental data and develop personal 
exposure variables at high resolution across various 
domains has resulted in a large, accessible and utilisable 
source for exposome research. Particularly harnessing the 
increasing availability of—and accessibility to—remote 
and near sensing data as well as alignment with other 
similar infrastructures globally are identified as key next 
steps for further improvement.
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