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Background

This chapter introduces the context and the driving motivation of this thesis.
The first section of this chapter introduces the general context in which this
work stands, by presenting current challenges of increasing urban population,
the need to create more livable and green environments, and to reduce health
expenditures. In section 1.2 the characteristics of green spaces are then
presented to provide an overview of the intricacy of the issue. The following
section (section 1.3) tackles the question of socio-economic inequalities
associated to green space provision.  The complexity of measuring and
assessing health is then discussed in section 1.4, including an overview on the
use of medication data and on the limitations of spatial analysis in health
studies. Section 1.5 provides an overview of existing data on landuse, and the
data limitations for Belgium. The last section (section 1.6) contextualises the
works carried out in this thesis first within the Belgian healthcare system, and
second within two research projects. The final section outlines the research
question and the structure of this thesis.
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1.1 General context

The burden of health expenses worldwide is significant, and keeps increasing.
In 2016 costs for health amounted to almost 10% of the global Gross
Domestic Product (GDP), circa 7.5 trillion $ (Xu et al., 2018), making the
health sector one of the leading sectors of the global economy. Figures for
Belgium, a high-income European country, are consistent: in 2016 the
healthcare expenditure accounted for 10% of the GDP (OECD/European
Observatory on Health System and Policies, 2019). In Belgium healthcare
expenses have witnessed almost a 12% increase between 2011 and 2016
(Eurostat, 2019). Governments are therefore seeking for ways to decrease
expenditures and alleviate the healthcare load. Investments and attentions
are directed to improving living environments as a way to ameliorate the
quality of life of the citizens. It is an attempt to tackle the problem
"upstream', in a preventive way, in order to decrease the costs of treatment
(WHO - Regional Office for Europe, 2016).

Many studies have shown that a favorable living environment has the
potential to mitigate some health problems. It is the case for some
non-communicable diseases (NCD), such as cardiovascular diseases, diabetes
type 2, or chronic respiratory diseases. Green spaces, in particular, have been
at the center of the interest as possible mitigators. As a matter of facts, links
between green spaces and health have been recognized through history, but it
was only in the 21°% century that the methods and outcomes have become
more rigorous (WHO - Regional Office for Europe, 2016). In spite of the
number of studies carried out on the subject, the associations between nature
and health have proved to be characterised by numerous challenges in
assessment (Hartig et al., 2014). Urban green spaces, especially, are raising
most of the attention. According to the United Nations, today over half of
the world population resides in cities, and the number is prospected to
increase to almost 70% by 2050 (UN/DESA/Population Division, 2019).
Population health, well-being and sustainability of the living environment are
clearly a key concern. Green spaces, in this context, are considered to play a
fundamental role to improve both urban sustainability perspective as well as
human health. The presence of green spaces in cities can improve general
environmental conditions by, for example, mitigating the Urban Heat Island
(UHI) effect (Bowler et al., 2010), filtering noise and air pollution, and
improving the water inflow (Nowak et al., 2006; Paoletti et al., 2011), which
in its turn, improves citizens’ mental and physical health.
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1.2 Green: the good, the bad and the ugly

A more livable environment affects human well-being and can improve people’s
life. In particular, studies have shown that green spaces (GS) play a relevant
role for human well-being. In 1984 Ulrich published a study demonstrating
the beneficial effects of view of green spaces for hospitalised patients recovering
from surgery. Since then, the link between green spaces and numerous aspects
of well-being have been widely investigated. Several research studies have
explored further relations between the surrounding (natural) environment and
both physical and mental health. Green spaces have been shown to have direct
and indirect salutogenic effects.

Presence of urban GS provides increased opportunities to do physical
activity (Foster et al., 2009; Astell-Burt et al., 2014a), which in turn reduces
risks of obesity (Ellaway et al., 2005; Dadvand et al., 2015), and offers a
profitable environment for attention restoration (Kaplan, 1995; Berman et al.,
2008). Gamble and Howard (2016) show that the positive effects of green
spaces can be noticed even by just viewing pictures of nature. Green spaces
are also associated with increased opportunity for social cohesion (Kemperman
and Timmermans, 2014; Jennings and Bamkole, 2019), thus improving the
mood and mitigating chronic stress, depression or anxiety (Maas et al., 2009;
de Vries et al., 2016; Nutsford et al., 2016). Takano et al. (2002) have reported
improved longevity of senior citizens associated to walkable green spaces in
mega-cities. While there is a general consensus on the importance of green
spaces for improving health conditions, results are not always significant (Di
Nardo et al., 2010; Huynh et al., 2013; Saw et al., 2015). This suggests that
other factors may intervene and play a role on health status.

A growing urbanisation entails a higher vulnerability to environmental as
well as social risk factors in relation to human health: an increased exposure to
traffic and therefore air and noise pollution, can negatively affect human well-
being and physical health (Gruebner et al., 2017; Thurston et al., 2017). Air
pollution exposure has several potential negative outcomes on health, among
which increasing risk factor for cardiovascular morbidity and mortality (Peters
et al., 2000), lung cancer (Raaschou-Nielsen et al., 2013), type 2 diabetes
(Yang et al., 2018), respiratory conditions (Dominici et al., 2006), as well as
premature birth (Mendola et al., 2019). Green spaces, in this case, can have
positive indirect effects by mitigating environmental externalities, through
the provision of ecosystem services (Coutts and Hahn, 2015). The green space
cooling effect has proved to reduce the UHI effect, thus providing comfort to
the inhabitants (Bowler et al., 2010; Buyadi et al., 2015). Also, green spaces
help removing air pollution, providing for a cleaner air and indirectly ensuring
a better living and healthier environment for the citizens (Nowak et al., 2006).
Some studies have also shown that species richness in green spaces can improve
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human well-being (Aerts et al., 2018). Natural environments can further have
a positive impact on health, by acting on some trivial stimuli, and through
cultural pathways (Clark et al., 2014). McKinney (2008) has shown that green
spaces in urban areas can include a variety of biodiversity and species diversity
that can be compared to natural areas.

The past decades have witnessed increased investments and development
of green roofs and green walls in urban areas. Such greening approach not
only maximise the space available in dense urban areas, but have also direct
and indirect economic, environmental and health benefits. Green roofs help
rainwater drainage, and can provide space for amenities, as well as reducing the
UHI effect, improving roofs’ durability and retaining air pollution (Feitosa and
Wilkinson, 2018; Kohler et al., 2002). Green walls as well have a cooling effect,
by insulating the building, reducing energy costs for indoor temperatures, act
in carbon sequestration, as well as providing visual benefits on the exterior
(Feitosa and Wilkinson, 2018; Li and Yeung, 2014). Currently Germany is
the country who has most invested in green roofs, where more than 10% of
residential buildings have green roofs (Kohler et al., 2002), but several European
countries are planning in that direction.

While some research has focused on beneficial effects of natural
environments on health, some studies have instead investigated the potential
adverse effects of such spaces. Green spaces have also been looked at in terms
of sense of safety (Troy et al., 2012; Gatersleben and Andrews, 2013), and it
has been shown that those areas may increase the sense of insecurity or the
crime rate. Poorly maintained green areas (uncut grass, presence of litter, or
graffitis) may deter their use (Gobster, 2002). A higher vegetation density
may increase the concentration of allergens in the air and therefore the
prevalence of allergic symptoms (Carifianos and Casares-Porcel, 2011). While
green spaces can support biodiversity (Lepczyk et al., 2017), they can also
be a favorable habitat for the proliferation and existence of some disease
vectors such as ticks and rats, and thus spreading infectious diseases (Lohmus
and Balbus, 2015). Fear and feeling of insecurity are also associated to park
settings. Big or open parks lacking light and surveillance can be easy
locations for crime perpetuation (Michael et al., 2001; Bogar and Beyer,
2015). In rural areas, where green is wider and more frequent, people are
more exposed to pesticides and herbicides used for agriculture and farming
(WHO - Regional Office for Europe, 2016; Mamane et al., 2015) or to
endotoxins, that could trigger respiratory disorders in adults (de Rooij et al.,
2017). Some studies have shown that exposure to a diverse microbial
environment from an early age can act as protective factor against asthma,
for example (Miiller-Rompa et al., 2018)

Since green spaces are shown to have effects, positive or negative, on
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well-being, it is hence important to have a good understanding of how green
is measured and defined, in order to have a better understanding of the
geographical effect. The use of data on green spaces in the literature includes
both subjective assessment of the areas, through self-reported quality or
safety of the environment, or by providing information on the use for
example, and objective measures such as quantity and typology of
vegetation, or size of the green areas, for example.

The availability, access and usage of landuse data has (tremendously)
increased in the past decade(s). Landuse data is getting more and more easily
and freely available online. More satellite images, more software to visualise
and interpret the data are available and accessible to a large share of the
population. This also means that a wider variety of ways to capture and
define vegetation is available, potentially harming comparability of different
studies, if the study methods are not properly defined (see section 1.5, for
further discussion).

1.3 Just environment

Socio-economic characteristics have long been associated to health status.
Several studies have shown links between socio-economic deprivation and
poorer health. Rocha et al. (2017) have found lower physical health-related
quality of life for people living in more deprived neighborhoods in one
municipality in Portugal. Results are consistent with several other studies
carried out in different geographical areas and for targeted population groups.
A study conducted on elderly population in Britain demonstrates how poor
personal and neighborhood socio-economic characteristics are associated with
general lower quality of life (poor self-care, social interactions and home
management) (Breeze et al., 2005). In Belgium, a study conducted by
Bossuyt et al. (2004) showed consistent results with existing international
literature on the links between socio-economic deprivation and poorer health.
In a meta-analysis of the literature Lorant et al. (2003) found evidence of
socio-economic inequalities for depressive disorders.

As presented in the previous section, mental and physical health can both
benefit from green spaces. Green spaces can play a positive role on health for
different groups of the population (children, adults and elderly) through
different pathways. Nonetheless, literature has also shown that green space
provision and effects are often associated to individual socio-economic factors
(Dadvand et al., 2012b; Maas et al., 2009; Hoffimann et al., 2017). Several
measures and actions are currently being taken by citizens and governments
in order to create a more livable and sustainable urban environment for
everybody. In Europe, for example, the European Commission has deployed
numerous funding opportunities for green investments (European
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Commission, 2020). While, as previously mentioned, green urban areas can
mitigate the impacts of climate change, foster physical activity and mental
and physical restoration, urban greening can also have negative consequences
on citizens if not properly managed. Green spaces can have in fact indirect
repercussions on different aspects of life. Although such repercussions are not
directly imputable to green, these can have tremendous consequences on
citizens’ life and well-being, and on further urban development. Investments
in green space development is often followed by increased property prices and
hence foster a gentrification process (Morancho, 2003; Jim and Chen, 2010).
Negative effects of green spaces are rather to be found in public policies not
properly tackling gentrification or overlooking the potential of existing green
spaces. Rupprecht and Byrne (2018), for example, study the effects of the
creation of 'informal green spaces" on environmental gentrification and
housing price in Australia and Japan. They find that such green areas can
improve access to green spaces, community cohesion and participation while
reducing costs for policies and avoiding gentrification processes. Nonetheless,
results on the effects of increased green availability does not always have the
expected outcomes. Droomers et al. (2015), for example, have analysed
whether an increase in green space availability in deprived neighborhoods had
a positive health effect, showing no short-term health benefits in the studied
area. It is also important to keep in mind the residential self-selection bias,
that is the tendency of people to choose the residential location based on
personal needs and preferences (Boone-Heinonen et al., 2011). Allen and
Balfour (2012) concludes that it is less likely for people from deprived
neighborhoods to live in green areas, while it is the opposite for better off
people living in wealthier and greener neighborhood, who in turn experience
better health. van Lenthe et al. (2005) demonstrate that environmental
characteristics of the neighborhood not only affect the level of physical
activity but also contribute to social inequalities. Several studies have shown
a disproportionate distribution of such spaces in urban environment,
benefiting the more well-off part of the population. Therefore, the presence
and distribution of green spaces is nowadays seen as an environmental justice
issue (Wolch et al., 2014). Maantay (2002) looks at several studies measuring
exposure to environmental hazards and linking race and socio-economic
deprivation to poorer environmental quality.

1.4 Health in space: a multifaceted problem

The World Health Organisation defined health as "a state of complete physical,
mental and social well-being and not merely the absence of disease or infirmity"
(World Health Organization, 1948).

Health is a relevant, complex and delicate subject to tackle. While
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governments make efforts to improve the well-being of the population, there
are many mechanisms, more or less easy to identify, that come into play and
that can alter it. Three main factors determine health and well-being:
socio-economic  environment, physical  environment and  personal
characteristics and behaviour (World Health Organization, 2020). Most of
health determinants are not or cannot be under direct control of the
individual, that is why dealing with "health" can be considered a complex
matter. Moreover, health is a very sensitive topic, and data is subject to
strict rules and its use is limited by the legislation in order to protect the
privacy of the citizens (European Parliament and Council, 2016). Therefore,
oftentimes information on health is made available only after a cleaning,
aggregation or anonymising process. Data gathering in health can be done
through several research methods, depending on the research question.
Research methods in health studies include qualitative, quantitative,
analytical and descriptive approaches (Bowling, 2002). For simplicity, the
terms "subjective" and "objective" will be used here to identify two common
types of data to be found in the literature. The first are obtained through
surveys and interviews, prior agreement of the respondent. In spite of the
authorisation on the collection of the data, the use of such information can
also be limited. Health data collected using these methods commonly cover a
selected part of the population (a sample), and sometimes require a long time
or several people for gathering and compiling the information. Objective
measures of health, instead, rely on information gathered from healthcare
specialist, hospitals, or insurance companies, for examples. With the
evolution of technology, collection and storage of such data has improved, and
it allows to have a wide span of information for the whole population.
Nonetheless, such information is usually more difficult to obtain and its use
and publication is also conditioned to some regulations. Obtaining data at a
fine geographical scale and for a large study area enables researchers to
investigate spatial trends and variations.

In the literature exploring the relationships between the environment and
health, mostly subjective data has been used. Carter and Horwitz (2014) and
de Vries et al. (2013) for example analyse the associations between health and
greenness by using data on self-reported general health. Self-reported walking
and physical activities have also been used to assess the effects of green spaces
on increased physical activity and mortality (Coutts et al., 2013; Lachowycz
and Jones, 2014). de Vries et al. (2016), in an analysis on prevalence of
mental health disorders and local green space availability, rely on
self-reported information collected through interviews. Song et al. (2019) use
Korean National Survey data to show significant protective effect of different
indicators of green spaces on depressive disorders. Self-reported mood has
been accounted for in order to estimate the restorative effects of green areas
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(van den Berg et al., 2014). Tischer et al. (2017) use parent-reported wheezing
to study the association of respiratory disorders and surrounding greenness
and grayness. Questionnaires and interviews data have the advantage to
enable researchers to conduct the investigations at the individual level, at a
fine scale, and therefore go into detail concerning the potential factors
affecting health. Using such data allows to capture some characteristics of the
individual and of its surrounding environment, useful to best investigate the
complex relationship between environment and health. Nonetheless, this type
of data has the limit of being representative only of a sample of the
population involved in the interviewing process and the results of the analyses
cannot be generalised. Moreover it is possible to fall into self-reporting biases,
and comparability with other studies on the same topic can be undermined
due to differences in variables’ cut-offs (Manea et al., 2012).

The use of objectively-measured data permit to conduct analysis on a
larger scale, as well as enables comparability. Generally, as previously
mentioned, this type of data is protected and therefore is less commonly used.
Objective data such as hospital admissions are principally used to investigate
the associations between cardiovascular diseases or mortality and green areas
(Pereira et al., 2012; Wilker et al., 2014). Crouse et al. (2017) rely on
Canadian census data to analyse effects of greenness on cause-specific
mortalities. Mortality data has also been recently used by Orioli et al. (2019)
to investigate the effect of residential greenness on cause-specific mortality in
Rome. Focusing on longitudinal studies, Rojas-Rueda et al. (2019) have found
consistent inverse associations between greenness and all-cause mortality.
Hospitalisation records have also been recently used by Alcock et al. (2017) to
investigate associations between hospital admissions and green spaces and
pollution in urban areas in England. Grazuleviciene et al. (2015) and Laurent
et al. (2013) refer to medical records to look into associations between
greenness and birth outcomes. Objective data such as medication
prescriptions have also been adopted, although the use of this type of data is
quite recent. The use of prescription data is further discussed in the following
section (section 1.4.1).

Analysis on the associations between health and green environments is
generally limited to a restricted area, and studies looking at the spatial
distribution of a specific morbidity or mortality cause are very rare in the
literature. This type of analysis can provide new perspectives and can
contribute to inform public health and policy. Section 1.4.2 will have a closer
look at spatial issues linked to health analyses.

All the studies presented until here have used measures of the surrounding

environment to analyse possible associations with health. FEnvironmental
exposure has often been assessed around the home address or within the
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census tract of residence. Chaix et al. (2012) emphasises how non-residential
exposure is key to the individual and is important to be accounted for to
better assess environmental exposure. Daily commute to work, work and
leisure environments, are part of individuals’ daily life and can play a role in
determining a person’s well-being. Recent literature has investigated different
and multiple exposures in the analysis of associations between health and the
environment (Almanza et al., 2012; Honold et al., 2014; Burgoine et al., 2015)
in order to overcome limitations of single-exposure or residential exposure
assessments. The use of GPS tracking and accelerometers has enabled
researchers to collect data for multiple locations and therefore account for
more factors in environment-health analysis (Chaix et al., 2012; Perchoux,
2016; Tamura et al., 2019). Collection of this type of data is only possible with
specific material (GPS trackers, tablets, etc). As it is the case for subjective
data, the acquisition of such data is restricted by privacy regulations.

Figure 1.1 summarises what has been presented in the previous sections,
about how green and health are linked and how they are individually addressed
in the literature. The scheme sums up the two approaches used in the literature
in order to assess green on the one side, and health on the other side. Both green
and health can be appraised through objective and/or subjective methods.
Some examples of the methods used for the assessment are added to the scheme,
but more methods exist (represented by the "..." box). In the center, the
pathways linking green and health, as presented in the previous sections, are
reported (opportunity for physical activity, physical and mental restoration,
weather and pollution mitigation, and biodiversity).

1.4.1 Medication data

As previously mentioned, the study of association between environment and
health using objective health data is less frequent than the use of subjective
data. This choice can be due to difficulty to obtain the information, to
lengthy process of data cleaning, or to anonymisation procedure that reduces
the final available information, for example. This is especially the case for the
use of data on prescribed medication. A few studies using such variable exists
but the analyses of its association with environmental factors is still limited.
Prevalence of medication prescription has been recently used by Aerts et al.
(2020) to analyse associations between cardiovascular disease and residential
green spaces in Belgium at a fine administrative scale. Results point to
stronger prediction of medication sales due to socio-economic status rather
than to greenness. Also Gidlow et al. (2016) have recently used medication
prescription data. In their study in England, they look at the associations
between cardiovascular and depression medication prescriptions and green
spaces. In their study as well, they did not find an association between higher
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Figure 1.1. Approaches to green and health in the literature and pathways linking the two
elements.

density of green areas and lower prescription or costs. Using the same type of
prescription data, Taylor et al. (2015) reported associations between street
tree-density and anti-depressants’ prescription in London. Also Helbich et al.
(2018b), found some associations with green space availability and decrease in
medication prescription rates for antidepressants in one municipality in the
Netherlands. They also define a threshold at which green spaces have the
most beneficial effects on mental health. As for associations of green spaces
with other types of health data, prescription data also presents inconsistent
findings. It should be kept in mind that prescription data is only partially
representative of the population health. In fact, as stated by Helbich et al.
(2018b), such data only represent the part of the population who seek help.
Moreover, prescription does mnot imply purchase nor consumption.
Self-reported information on medication consumption has been recently used
in the literature. Both Triguero-Mas et al. (2015) and Gascon et al. (2018)
analyse associations between surrounding greenness and mental health using
data on self-reported intake of tranquilizers or sedatives, antidepressants, or
sleeping medication, along with data on perceived depression and/or anxiety.
They report benefits or protective effects of some measures of greenness
(surrounding green spaces) and self-reported consumption of medication,
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although results are not always statistically significant. Some caution should
also be used when handling prescription data, as the same group of
medication can be used to treat symptoms linked to different disorders. For
example the R03 group (for respiratory disorders) is used to treat asthma if
prescribed in the young group of population and Chronic Obstructive
Pulmonary Disease (COPD) if prescribed to population aged 40 or older.
Also the problem of co-morbidity exists: the concomitant appearance of two
illnesses of disorders in the same person as, for example, is the shared risk
factors of COPD and some cardiovascular diseases.

1.4.2 Spatial issues associated with health analyses

Spatial analysis not only aims at revealing spatial structures and organisations
of some phenomena, but also at understanding the underlying processes that
lead to those structures.

The most famous, pioneering and ground-breaking study using spatial
analysis with health data is the study from John Snow ("the Broad Street
pump" and the cholera epidemics). The English physician managed to detect
the location of the cholera outbreak that hit hard the City of London in 1854.
By drawing a grid to keep track of cholera victims, he was able to identify the
source of the epidemics: the Broad Street pump, and demonstrate the
geographical clustering of the cases around the pump itself. Since then
epidemiology, namely the study of how often disease occur in a population
and why (Porta, 2014), has developed further and numerous have been the
studies looking at the relation between space and health.

While spatial analysis has extensively been used to explore and explain
spatial variations in many disciplines (ecology, economy, and planning for
example), it has not been the case for health studies, where this type of
approach is still constrained. Analysis of spatial variations of health is only
possible and significant when data is provided at a fine scale for a large study
area. By using spatially aggregated data we may incur into the Modifiable
Area Unit Problem and into ecological fallacy. The Modifiable Area Unit
Problem (MAUP) is a well-known geographical problem, first formally defined
by Openshaw (2009) in 1979. MAUP refers to the spatial boundaries, that are
artificially created to delimit the space. We can think of administrative units,
census tracts, national boundaries, that is to say all geographical partitions
that can be subject to change but that have a practical use (Fotheringham and
Wong, 1991). Considering four observations fixed in space, the change in the
delineation of the boundaries has an effect on the spatial unit to which it is
assigned. Statistical data is often collected and analysed at the level of these
artificially defined units. The change in the shape of such spatial units, and
the choice of the partition can therefore have consequences on the final results.

Another common problem when working with aggregated data is the so-
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called "ecological fallacy" (Piantadosi et al., 1988). The ecological fallacy
is a methodological issue that appears when performing ecological analysis,
meaning when using data describing groups of individuals. The risk here is to
infer individuals’ behaviours or causality from information describing the group
that they are part of. Ecological data are often used when data at the individual
level is not available due to gathering data problem, privacy limitations or large
scale studies. It is therefore not possible to infer that associations found at the
group-level persist at the individual-level.

1.5 Green spaces and where to find them

The way green space is defined in some studies is partly due to the way green
space itself is initially constructed and represented in landuse data. Landuse
is used for multiple purposes: vegetation assessment, landuse and landscape
planning, or to monitor landuse changes over the years, for example. Depending
on the intention, different data can be used. Landuse data can vary depending
according to the way they have been collected, their spatial extent and the
resolution. Landuse information can be retrieved from the satellite images,
the most known being SPOT and LANDSAT (Satellite Imaging Corporation,
2020), or can be developed by institutional agencies, as is the case for the Urban
Atlas (European Union, 2011), or else it can be created by the community,
as for Open Street Map (Open Street Map Community, 2020). With new
technologies and scientific possibilities, accessing and using landuse data has
become quite simple. Online it is possible to find numerous landuse data
sources, and several online and offline mapping tools exist to conveniently
analyse them. The proliferation of such data and tools, has made working
and anlysing landuse data potentially accessible to anyone (Maantay, 2002).
Landuse data is available at different spatial resolutions and at different scales
(local, national or continent). Also, depending on the purpose of the database,
the specification and number of classes, and therefore of discrimination of
landuse types, can vary.

In this thesis four different landuse data sources have been used and
compared: Corine Land Cover (European-level land cover data), Urban Atlas
(municipality level, for over 300 European Urban Areas), Normalised
Difference Vegetation Index (NDVI, landuse data derived from satellite
images by the author), and a self-developed data source, for one Belgian
municipality, partially based on OpenStreetMap data, and existing cadastral
data.

Because of the political and administrative structure of Belgium, obtaining
consistent and homogeneous landuse data has revealed some limitations. The
three Regions (Brussels Capital Region, Flanders and Wallonia) have
independent authorities for specific matters, among which the environmental
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data collection and management. Since each Region has its own rules for
landuse data collection and codification, combining the three datasets proves
to be an arduous project. While the Regions benefit each of data with a good
level of resolution and detail of information, this could not be extended to the
level of the whole country. For this reason, in the analyses at the national
level, the European Corine Land Cover data has been used, while more
detailed data sources have been chosen for studies at the local level.

1.6 Context of this thesis and health data

Healthcare in Belgium

As previously mentioned, the cost for healthcare in Belgium accounts for 10%
of the Gross Domestic Product. Healthcare expenses have witnessed a 12%
increase in 5 years (between 2011 and 2016), according to the European
statistical office of the European Union (Eurostat, 2019). Public healthcare in
Belgium is subsidised by both social security and a healthcare insurance paid
by the citizens. Seven health insurances, called mutuelle in French or
ziekenfonds in Dutch, exist in Belgium and citizens can choose freely to which
insurance they want to subscribe. The part of unsubsidised care is covered by
the citizens (Federal Public Service, 2018). In general the funds cover up to
75% of hospital, medical visits costs; around 20% of prescribed medication
costs; and maternity and basic dental expenses. All people registered to a
health insurance in Belgium (around 98% of the population) is entitled to the
same subsidies, whether they are working, unemployed, retired or students.
In 2018 Belgium ranked 5** for in the Euro Health Consumer Index (EHCI),
a relative measure of healthcare performance based on over forty indicators
(Bjornberg and Phang, 2018).

Research projects

This thesis was developed in the context of two research projects funded by
the Belgian Science Policy Office (BELSPO). The first project
(GRESP-HEALTH, BR/143/A3) had the objective of assessing the impact of
the natural environment (green and blue spaces) on specific morbidity and
mortality causes in Belgium. While the initial aim of the project was to
analyse both green and blue spaces, it has become clear that the two
environmental features entailed a degree of complexity to properly define and
measure them. Furthermore, the data available on blue spaces for Belgium is
limited and not sufficient to completely grasp the effects of such landuse on
health. Therefore for the purpose of this thesis the focus has been on
exploring and understanding green spaces only. The Belgian Intermutualistic
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Agency (IMA-AIM) provided aggregated data on medication reimbursed to
citizens residing in Belgium enrolled in the National Health System (circa
98% of the population). The second project (NAMED, BR/175/A3) has the
aim of understanding the associations between urban nature and mental
health distribution. Individual data on health was obtained from the National
Health Interview Survey (HIS) (Lauwers et al., 2020).

Two types of health data were available and have been used in this thesis.
First, data collected through a national Health Interview Survey (HIS) by
Sciensano, a public health institution in Belgium. The HIS is administered to
individuals and households, with the aim of "assessing the health status of the
population and identifying the main health problems as well as the
determinants and behaviours that could influence them' The survey includes
a sample of 10,000 people (3500 in the Flemish and Walloon Regions, and
3,000 in the BCR), from selected municipalities (Sciensano, 2019). Population
is selected through a stratified sampling process. Since information contained
in the survey is sensitive, its use is bound to a strict anonymising process, as
illustrated in figure 1.2. As the scheme shows, the first step of extracting the
relevant participants’ information from the HIS and the creation of an
alternative ID number for each participant is performed by Sciensano, who
then sends these data to Statistics Belgium (StatBel) who is in charge of
converting the data to be sent to the collaborating universities (UCLouvain
and UHasselt) for further treatment (step 2). The conversion consists of the
appointment of a new ID number, and the removal of all the identification
details (national register number, home address, and the answers to the
survey). Home addresses are converted to z and y coordinates, that are then
provided to UCLouvain and UHasselt together with a new identification
number. The Universities can therefore use the z and y coordinates to
develop environmental indicators about the residential surroundings (step 3).
ID, z and y coordinates are then sent back to StatBel for a second round of
anonymising: ID numbers are changed back to match the ones provided by
Sciensano and the x and y coordinates are removed. Sciensano, in step 5, gets
the final set of data including the environmental indicators and the ID
numbers to be matched with the HIS answers. They can therefore use this
final database to run the analysis on the associations of some mental
disorders and the surrounding environment.

The second set of health data used in this thesis is the one for medication
reimbursed to Belgian citizens. For over a decade, the Belgian health security
agency (IMA-AIM) has been systematically collecting data on medication
reimbursement. The objective here is to analyse the medication
reimbursement from a geographical perspective. The systematic collection of
data from IMA-AIM enables us to have a (partial) view on Belgians’ public
health system. While over 98% of the Belgian residents are registered in the
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Step 1 (sciensano)

a. Extraction of data from the Health Interview
Survey (2008-2013)

b. Assignement of alternative identification
number (id) to each HIS participant

l HIS identification number+alternative id

Step 2 (statbel)

a. Removal of information on address of HIS
participants and date of move
b. Removal of the national registry number

Geographical coordinates+
year of interview

Step 3 (ucLouvain)

a. Creation of environmental indicators around
each coordinate point

l Environmental indicators

Step 4 (statbel)

a. Coupling of the environmental indicators
with the alternative id created in Step 1
b. Removal of geographical coordinates

l Environmental indicators+alternative id

Step 5 (sciensano)

a. Coupling of the environmental indicators
with responses to the HIS

Figure 1.2. Anonymisation process for the Health Interview Survey (HIS) responses

health system, the data represents the "sick” population only partially. Of the
population accusing any ill-symptom, only a part goes to a medical doctor to
get a diagnosis. Of those who go to the medical doctor and get a prescription
for drugs, only a part buys the medication prescribed, and of that part, not
everybody asks for reimbursement for the medication. Therefore what
IMA-AIM data is representative of the part of the population who asks for
reimbursement. No information is available, nor can be provided, on the
actual consumption of the prescribed drug. While information is lost in the
path from patient to consumption, it is possible to notice how this data is as
close as it is possible to get to how the individual benefits of the health
system. For time reasons, within the GRESP-HEALTH project, and for this
thesis, only aggregated data have been made available. Individual data can be
requested to IMA-AIM following the authorisation of the privacy committee.
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1.7 Outline of the thesis

The associations between green spaces and health have broadly been explored
in the literature in the past decades. This thesis aims at taking one step back
and investigate "green" and "health" more in depth, understanding how they
are defined, assessed and used. Special attention is given to the complexity of
the definition and interpretation of the two elements under examination.
Green spaces and health are both the sum of a number of factors that come
into play and that are hard to untangle.

It is clear that the relationship between human health and its surrounding
(built or natural) environment is a key question of research, policy makers
and planners. It mainly raises questions about the definition of the concept of
green spaces and health, and of the processes that link the two together, also
controlling for exogenous factors. The second chapter of this thesis explores,
through a systematic review of the literature, the definitions of green spaces
and how they are objectively measured and used across disciplines. Drawing
from the conclusions of the first chapter, chapter 3 compares four landuse data
sources on their objective similarities and differences in the representation of
landuse classes such as green and built areas. The following chapter analyses,
using two sources and types of health data (medication reimbursement and
perceived health), whether the health outcomes are affected by the choice of the
landuse data source, responding to the concerns of the sensitivity of the results
when using different sources of data. The question of spatial variations of health
are then tackled at the level of Belgium by means of medication reimbursement
data. Chapter 5 explores the spatial patters of medication reimbursements for
four groups of medications in Belgium. The following chapter then focuses on
the prescription for asthma medications to pre-schoolers at the scale of three
administrative levels. The last chapter (Chapter 7) summarises the findings
and the contribution of this thesis. Limitations and implications for policy and
further studies conclude this thesis.

Figure 1.3 provides a schematic overview of this thesis.
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On the measures of "'green': an
interdisciplinary systematic
review of objective methods

QOver the past forty years, there has been a growing interest on the role of
green spaces in urban and non-urban areas. This chapter aims at exploring
and understanding trends and specificity in measuring and assessing greem
across disciplines by means of a systematic review. Following the PRISMA
method, eighty-siz relevant papers are retained for the analysis. Among the
selected papers are included studies carried out in over thirty countries and five
main disciplines. Overall, ten recurrent methods of objectively measuring green
spaces are observed: proximity, accessibility, size, fragmentation, use, spatial
pattern, shape, quality, view, and fractality. The selected papers also reveal a
clear preference and interest for urban areas. A clustering analysis shows a
clear tendency in the use of some measures for specific issues and contexts.
We here reveal that there is no agreement across disciplines and authors on
the definition, delineation, characterization of green. This discordance leads to
questioning many causation effects discussed in the literature.

Chapter based on a research conducted in collaboration with Dr. L. Casas and Prof. I.
Thomas.



2. ON THE MEASURES OF "GREEN': AN INTERDISCIPLINARY SYSTEMATIC
REVIEW OF OBJECTIVE METHODS

2.1 Introduction

The past decades have witnessed a growing interest for environmental issues.
Ecologists, economists, geographers, epidemiologists, and environmental
scientists have shown (renewed) curiosity for the environment. The interest
and debates have mainly been directed towards the role of green spaces. They
attempted to assess its value, both economic and ecological, to identify its
benefits for human and ecosystem health, or to criticize its distribution, in
and outside urban environments. Notwithstanding the larger interest and
concern on the role and importance of green environment, it is still difficult to
find a consistent and common definition of what a green space is. Existing
literature on "green spaces", uses the term for both natural and artificial
green, both urban and rural, both accessible and not.

Over the years and across continents the studies tackling the topic have
been numerous. Descriptions vary across studies, including or excluding
certain features of green, even showing sometimes gaps among the different
definitions. Gascon et al. (2015) in their systematic review of the literature on
the benefits on mental health of green and blue spaces conclude that in the
articles analysed there was a lack of homogeneity in the assessment methods.
Also Taylor and Hochuli (2017) have reported a lack of consensus in the use
of the terminology 'green space", or "greenspace', in the literature and
recommend to systematically provide a definition of the term to simplify the
interpretation and progress in the research.

2.1.1 On the definitions of green

While some differences in the definition of "green" depend on the type of
vegetation that is being considered, in other cases the definition revolves around
some physical characteristics of the space itself. For the first case, for example,
some studies include in the definition of "green" riversides and wasteplaces
(Van Herzele and Wiedemann, 2003), overgrown gardens (Venn and Niemeli,
2004; Gupta et al., 2012), or else forests, agricultural land and wetlands (Xu
et al., 2011), among others. Some authors also include those areas where
vegetation has taken over dismissed buildings or areas awaiting redevelopment
or construction (Nicol and Blake, 2000). Nonetheless, these areas are only
temporarily vegetated (RoBler, 2008) and therefore cannot be considered as
"green', or providing benefits, in the long term.

Concerning the physical characteristics that are used to define "green
spaces', various definitions exist. For some, as for Maruani and Amit-Cohen
(2007), "green" is included in the larger category of "open space', meaning all
these areas that cannot be considered "built environment', and green areas
are differentiated depending on the level of human intervention. Together
with urbanisation, other features of green spaces are used to characterise
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them. Among others, it is possible to find distinctions based on quantity of
green (Gupta et al., 2012), on its size (Talen, 2010), on the location and
services available. Some examples of differentiation of green spaces can be
based on whether it is municipal, neighborhood, regional or theme park
(Frumkin, 2001; Wendel et al., 2011; Lee and Hong, 2013; Ibes, 2015).

Some studies instead consider that urban green spaces are all publicly owned
and publicly accessible open spaces having a high degree of vegetation cover,
introducing the question of "accessibility" to green (Schipperijn et al., 2010).
While Schipperijn et al. (2010) consider in the same group both the "planned"
and the more "natural" green, Baycan-Levent and Nijkamp (2009) further
differentiate between 'natural" and "urban" green, the former being described
as forests and agricultural land, and the latter being urban green as parks,
gardens and water places. From an ecological perspective, the elements defining
green spaces instead focus on the structural complexity of the vegetation, the
connectedness of the natural areas, the number of trees or the depth of the leaf
litter (McKinney, 2008; Philpott et al., 2014). The different characterisations
of green spaces go beyond the physical and measurable features of the landuse
to consider, including the perception of safety, the usability, the quality, the
target population. A variety of measures are therefore used to take into account
the possible characteristics defining green spaces.

2.1.2 On measuring green

To a variety of definitions of green spaces, corresponds a (logical) variety in
the methods used to measure it. Methods to identify and work on green
spaces vary and include objective, subjective, and mixed methods. The latter
combine objective and subjective methods (Carter and Horwitz, 2014), to
capture different aspects of "green" (Leslie et al., 2010). Objective methods
measure the characteristics of the green space independently from how green is
experienced (e.g. quantification of size, proximity, criminality rates...). This
method makes use of green space data sources such as NDVI or of Geographic
Information System. Subjective methods provide information on the perceived
characteristics of green (e.g. feeling of safety, cleanliness or usability) and
are based on questionnaires or in-depth interviews administered to (potential)
users. This review is based on objective measures of green only. So far,
a number of objective methods has been used to assess green spaces. A
simple equation of size/person has been broadly used in the past to identify a
comfortable green area per person (Haq, 2011). Nowadays, debates on whether
this type of measure still fits modern planning and needs are numerous. To
its advantage there is the applicability and comparability in very different
environments.

Other methods used to characterize green spaces are not of such
straightforward applicability. Proximity and accessibility, for example, are
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two very different concepts that are often confused and used as synonyms.
Both consider distance to be the main factor influencing the use of green (Van
Herzele and Wiedemann, 2003; Schipperijn et al., 2010). While the first is
often defined by the FEuclidean distance, the second rather looks at
network/road distance between two points. This assumes that green areas
can be accessed always and from every point, simplifying the issue (Van
Herzele and Wiedemann, 2003). At the same time proximity, for example, has
different meanings throughout disciplines. In ecological studies, it is a
measure of distance between green spaces. In disciplines where humans are
the focus, proximity is the distance between, for example, residence and green
spaces. Also on the distance to the closest green area there is no agreement or
rule. For some (Boone et al., 2009; Van Herzele and de Vries, 2012) a distance
of 400 meters, equal to a five-minute-walk, is considered to be the point after
which the frequency of use starts to decline. Instead, other studies revealed
that people are willing to walk up to 1.15 kilometers to access, see, or
experience a good quality green area (Natural England, 2010). The use of
green areas is not only determined by measures such as proximity and
accessibility but also by their number or their connectedness.

In addition to proximity and accessibility, disciplines such as ecology make
use of measures (landscape metrics) that take into account aspects such as
fragmentation or spatial pattern of the green areas, considering ecological
change for the flora and the fauna. Both measures are typically used in
landscape ecology and look into the relation between patches of green: while
the first measures on the number and surface of the patches, the second
focuses on how they are distributed in the landscape. Aware of the variety
and complexity of existing definitions and measures of green spaces, we here
look into creating a useful document of synthesis of the literature drawing
from multiple discipline and therefore, possibly, different measures of green.
We consider papers coming from different fields and having different study
purposes of green measurements in order to obtain an interdisciplinary review
of the existing measures of green spaces and their trends of use to make
informed decisions. We further perform a network analysis based on the
journals and the authors of the papers used in this study, with the objective
to explore whether there is collaboration between authors on the topic.

This chapter is structured as follows: section 2.2 presents the methodology
used for the systematic review, with the description of the selection process and
the statistical analysis; section 2.3 presents the results of the work, followed by
a discussion on the findings and a conclusion.
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2.2 Methodology

2.2.1 Data collection

The bibliographic search was carried through two databases: Pubmed
(medicine-focused) and Scopus (interdisciplinary scientific database). The
selected keywords were: '((measure OR assess® OR indic* OR metric) AND
green. AND (space OR area) AND (surface OR shape OR fractal* OR
fragment* OR proxzimity OR access* OR ndvi) AND environment)'. The
choice of the keywords was derived from the literature. The aim was to keep
the search as interdisciplinary as possible and account for diversity in
terminology across disciplines. The inclusion of selected quantitative measure
of green spaces aimed at steering the results, and not limiting them. The
selected words were based on existing and known literature quantitatively
assessing green spaces. The authors aimed at finding additional methods used
in combination with the ones used as keywords.

The search was conducted on title, abstract and keywords. Results of the
research were limited to scientific articles published in international journals,
in English, using at least one of the following objective measures of green:
proximity, shape, size, fragmentation, view, spatial pattern, access, use,
quality or fractality. Articles using only subjective measures of green (i.e.
questionnaires or in-depth interviews) were excluded. Results included papers
published until October 2015.

Figure 2.1 summarises the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) results, a four-step process guiding to
the selection of relevant articles (Moher et al., 2009). The first step of the
selection process was the "identification", which included the 1159 papers
found through the keyword search. Results of the search were screened
according to title and abstract pertinence to the research (step 2). The
selection of papers on title and abstract was conducted independently by two
researchers following the inclusion and exclusion criteria previously described.
In case of disagreements, the results of the selection were compared and
discussed. The aforementioned databases were combined excluding
duplicates. Eligibility (step 3) was determined by a full-text assessment of the
articles. Articles were deemed eligible if they presented at least one of the
objective measures of green presented previously in this section (i.e.
proximity, accessibility, etc.). A total of eighty-six papers (full list in
Appendix A.1) responded to the whole selection criteria.

2.2.2 Characterisation of the selected articles

To answer the research question, all of the 86 selected articles have been
further screened to extract some relevant information. These included
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Figure 2.1. Selection of the 86 studied papers: PRISMA flow diagram

identification criteria (bibliographic database, authors, year and journal of
publication, title), study focus variables (discipline, study population, purpose
of the study), study area variables (country, region, location, urbanisation
level), green identification and data source (green database, resolution of the
data, measurement period, type of green, unit of measurement of green
database) and measurement variables (including the family measures and
specific method used to measure green). We end up with a characterisation of
the eighty-six selected papers according to forty-two variables. The full list of
the variables extracted and their description is available in Appendix A.2.

2.2.3 Statistical analysis

To assess the similarities between the selected scientific articles we used the
variables described in the previous section (2.2.2). All the identification
variables as well as the variable concerning the discipline of the were excluded
for this part of the analysis. Such choice enables to obtain a clustering solely
based on the characteristics of the study itself. In order to compute the
distance between papers, all the categorical variables were transformed into
dummy variables. Hamming distance (i.e. the number of changes needed for
papers to be equal) was computed for each pair of articles on the set of
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variables chosen.  Then, papers were clustered through a hierarchical
clustering using Ward’s criterion. This method allows for a grouping of the
data minimising the losses related to the clustering. Ward’s criterion groups
the data in an iterative process starting from one-observation-clusters, and
then combining each one with the closest observation. The number of clusters
is automatically generated and not pre-set, allowing for a natural clustering.
The advantage of such hierarchical methods lies in the output: a dendrogram
represents the (nested) partitioning of the data, showing the distance and
number of clusters of the data. To determine the ideal number of clusters for
the data, we have compared the results of three methods: the Cubic
Clustering Criterion (CCC), the pseudo F test and the elbow method. The
first method suggested two clusters, the second five, while the third method
suggests the clustering of the data into fifteen groups. To further investigate
the collaboration of authors and permeability of the different measures of
green, a network analysis has been performed. The network has been created
using Cortext Manager (https://www.cortext.net/) through the 'data
analysis" and "network mapping" tools. The analysis has been based on the
list of journals names of the 86 papers used in this study, as well as the full
list of authors for each article.

2.3 Results

2.3.1 Methods for measuring green

In the process of the characterisation of the selected articles (see section
2.2.2), ten families of measures of green spaces have been identified:
proximity, shape, size, fragmentation, view, spatial pattern, access, use,
quality and fractality. Most of these families include one or more specific
methods used to further characterise green, except for size, spatial pattern,
fragmentation and view. Proximity, for example, can be assessed using five
methods: buffers (e.g. Becker et al. (2012); Dadvand et al. (2014a); McMorris
et al. (2015)), Euclidean distance (e.g. Coombes et al. (2010); Michael et al.
(2014); Grazuleviciene et al. (2015)), grid (Grigsby-Toussaint et al., 2011),
nearest neighbour (Liu and Shen, 2014), block or self-rated distance (e.g.
Wilker et al. (2014); Pietild et al. (2015)). Methods to measure accessibility
include road network (minimum distance) (Macintyre et al., 2008; Potestio
et al., 2009; Dai, 2011), walking distance (La Rosa et al., 2014; Houston, 2014;
Saw et al., 2015), street connectivity and slope (Chaix et al., 2014), presence
of barriers (Rupprecht and Byrne, 2014), time-cost distance (Kong et al.,
2007), inverse distance weighting (Burgoine et al., 2015). Shape is assessed
using area-weighted mean shape (e.g. Rafiee et al. (2009); Becker et al.
(2012); Weber et al. (2014)) or landscape shape index (e.g. Coskun Hepcan
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(2013); Olad Ghaffari and Monavari (2013). Assessing the use often recurs to
frequency of use of the green area (Nielsen and Hansen, 2007), the time spent
(Reklaitiene et al., 2014), the location of the activity (Broberg et al., 2013),
or the potential use (Koppen et al., 2014). Quality of green spaces is
assessed through inspections (Hillsdon et al., 2006), remote sensing images
(Taylor et al., 2011), residential preferences (Hill et al., 2009) or surface of the
area (Kruize et al., 2007). Fractality, a measure of self-similarity pattern of
a series of elements, is measured using Bovill’s box-counting method (Liang
et al., 2012), area-mean-patch fractal dimension (Liang et al., 2012), or
perimeter-area fractal dimension (Coskun Hepcan, 2013).

The mosaic plot in figure 2.2 summarises the frequency of use of each of
the ten families of measures (width of the column), as well as their relative
use in combination with other measures (height of the box). We see a
prevalence of use of measures such as proximity and accessibility, and size.
These correspond to the most widely recognised measures related to green,
followed by fragmentation and spatial pattern, commonly used in ecological
studies. Looking at the first column, for example, we can see that proximity,
accessibility, size and use are often used together. At the same time, if we
look at the last column, we can see that fractality, although rarely present, is
more commonly used in combination with other ecological measures such as
(in order of frequency) size, shape, spatial pattern and fragmentation. An
objective assessment of the quality of the green environment, as well as the
view and the fractality of the area, are measures not often called upon.

The ten measures described in this section will be used throughout the
chapter for further analyses.

2.3.2 Descriptive analyses

While no constraint on the year of publication was set in the search phase, the
papers included in this review were published from the year 2000 up to 2015,
with a peak of publications in 2014, with 29 articles. A total of 31 articles were
present in both search databases (Scopus and Pubmed), 45 only in Scopus, and
10 only in Pubmed. The majority of the 86 papers were epidemiological studies
(N=43), followed by urban and environmental geography studies (N=21), and
ecology (N=11). The subjects/objects studied in the selected articles were
humans (children, adolescents, adults, elderly, N=97), landuse types (forests,
parks, general vegetation, N=62), and animals (bees, arthropods, N=6).

Table 2.1 provides an overview of the measures of green spaces used
according to the study subject. A clear preference can be observed for the use
of proximity and accessibility in studies involving humans, while the studies
focusing on the landuse tend to use measures such as fragmentation, spatial
pattern and size of the green areas. Nevertheless, size is frequently used with
both human populations and landuse as study objects.
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Table 2.1. Number of papers per family of measures of green by studied population (highest
values in bold)

Human Landuse Animals

Proximity 43 7 1
Accessibility 28 4 0
Size 10 14 1
Fragmentation 0 14 2
Use 8 1 0
Spatial pattern 1 11 1
Shape 1 6 1
Quality 3 2 0
View 3 0 0
Fractality 0 3 0

2.3.3 Study areas

Based on the level of urbanisation, we can categorise the papers in three
main groups: highly urban (urban and suburban), mixed areas (combining
urban, suburban and rural), and highly rural areas (focusing on suburban
and rural only). Across all the selected studies, urban and suburban areas
appear to have obtained the most interest, with forty studies on both urban
and suburban areas and twenty-six on urban areas only. The trend to study
urban areas is consistent across all continents (see table 2.2). Rural areas
have only been considered in three of the selected papers (Bajwa and Vories,
2007; Becker et al., 2012; Duguy et al., 2012). Also considering the methods
used to assess green spaces, as it is possibe to see from table 2.3, all measures
are primarily used within highly urbanised areas. Measures belonging to the
landscape metrics (fragmentation, spatial pattern, shape) are often associated
to urban environments due to the concern on the ecological changes brought
by an increasing urbanisation, and thus the destruction of natural habitats.

Table 2.2. Number of articles per level of urbanisation across continents (highest values in bold)

Highly urbanised Mixed areas Highly rural

Americas 19* 2 2
Europe 23 11 1
Africa 0 1 0
Asia 14 6 0
Oceania 7 0 0

*Includes one study conducted in both USA and China
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Table 2.3. Distribution of the 86 articles by measures of green and level of urbanisation of the
studied area (highest values in bold)

Highly urbanised Mixed areas Highly rural

Proximity 41 8 2
Accessibility 27 4 1
Size 20 4 1
Fragmentation 10 5 1
Use 5 3 1
Spatial pattern 9 3 1
Shape 6 1 1
Quality 4 1 0
View 3 1 0
Fractality 2 1 0

Moreover, a trend between the purpose of the study and the location of the
study area is noticeable. Studies conducted in Asia have a higher interest in
landuse pattern and changes (e.g. Rafiee et al. (2009); Byomkesh et al. (2012);
Rahman et al. (2011); Maimaitiyiming et al. (2014); Chi et al. (2015) ...), and
in ecological issues in general, while American and European analyses focus
more on epidemiological issues.

2.3.4 Data sources used for measuring green

A classification of the data sources used in the articles is performed. Three
categories of data sources are identified: undefined, partially defined,
defined/delimited. Within the "undefined" group there are data sources
such as aerial photographs, orthophotos, or Google Earth images. Here the
identification of "green" is the result of the interpretation of the images by the
author. In the second group, the "partially defined" sources, are included
satellite data such as NDVI (Normalised Difference Vegetation Index),
Landsat, Quickbird, Tkonos, Aster and Spot images. In this case green areas
are defined starting from information of percentage of greenery measured by
satellites. This data is not always accurate due to mis-measurements of the
satellites due to the presence of clouds or the light of the image (elements
might have the same green percentage values despite not being vegetation),
and of the pixels size leading to not very accurate information due to low
image resolution. The last group that has been identified, the
"defined /delimited" group, includes those data sources where green is
pre-defined, by local authorities or institutions for example. Here, green
spaces are then usually represented as patches or parcels. Typical examples
are local, regional and national landuse maps, which might be based on
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remote sensing images. These data present landuse as defined by an external
authority, following precise criteria and definitions.

Among the included studies, NDVI data and local landuse maps are the
most often used reference data sources (24% and 21%, respectively). Various
Landsat images, aerial photographs and orthophotos have been used for
measuring green spaces, followed by Google Earth, Corine Land Cover or
Urban Atlas even if in smaller share. Each data source only captures some
aspects of green areas: either the density of vegetation or the physical limits
of green spaces or their classification according to their characteristics and
facilities. To provide for the partiality of information yielded by each
database, some of the selected articles use up to five different green data
sources, in order to have as much information and coverage of the area of
interest as possible (Attwell, 2000; Byomkesh et al., 2012; Coskun Hepcan,
2013; Chi et al., 2015).

2.3.5 Buffers

In figure 2.2 we see that proximity is the most frequently found family of
measures of green spaces. Within this family, buffers are the most recurrent
measure used. The number of buffers and their sizes vary according to the
purpose of the study: researches measuring proximity to green spaces for
children or elderly adopt more frequent and smaller buffers than studies with an
ecological focus. Buffers around home or school are often drawn to evaluate a
more or less satisfactory proximity to green spaces for doing physical activities
(Coombes et al., 2010; Hanibuchi et al., 2011; Chaix et al., 2014; Janssen and
Rosu, 2015).

Buffers are also used when looking at the association of green spaces with
allergies or asthma (Fuertes et al., 2014; Dadvand et al., 2014a), or else to
measure its impact on mental health (Annerstedt et al., 2012; Amoly et al.,
2015; Huynh et al., 2013; Markevych et al., 2014a; Saw et al., 2015; Triguero-
Mas et al., 2015). The definition of acceptable distance to green varies according
to the studied population: children and elderly do not have the same mobility
and perception of distances as adults. Table 2.4 shows, for each buffer radius,
how often it has been used. When more than one buffer was used in the same
study, we have noted whether it was used as 1%, 274, 34 or 4th buffer. It
is possible to see that small buffers, associated to accepted walking distances,
are preferred to large ones (>1000 meters), which are generally used in ecology
studies.

2.3.6 Clustering analysis

From the results presented previously on the use of data sources and measures,
a clustering technique (see section "Statistical analysis") was applied to check
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Table 2.4. Number of studies for buffer radia according to buffer relative use in the study (1,
2nd 3rd 4th)  Highest values in bold

15t buffer 29 buffer 39 buffer 4% buffer

<50m 7 0 0 0
100-250m 10 ) 2 0
300-500m 24 10 3 1
600-1000m 5 6 7 2
1200-2000m 2 1 5 3
3000-5000m 2 2 0 1
>10000m 0 1 0 0

whether there are resemblances within the 86 selected papers. Results of the
clustering are reported in form of a dendrogram in figure 2.3. Each article
is identified by a number (from 1 to 86). The list of the articles with the
corresponding number can be found in appendix A.l1. Variables 1-7 were
excluded from this analysis. From the dendrogram it is possible to identify
two main clusters of articles. Cluster 1, rectangle on the left side, includes 19
papers mainly from ecology and geography. Cluster 2 instead, includes papers
mainly dealing with the effects of green on health (epidemiology). Cluster 1
is not divided into sub-clusters and primarily consists of papers available on
Scopus, especially based on Asian urban and suburban areas with a focus on
landuse patterns and changes. The preferred data sources of the articles part of
this cluster are Landsat and aerial photographs (56%) and Google Earth (43%).
The families of measures found in this cluster are mainly used to analyse the
fragmentation, spatial pattern, size and fractality of green areas. Cluster
2 is generally characterised by epidemiological studies, with a focus on the
effects of the environment on human health using proximity (through buffers),
accessibility, view, use and quality. These studies are mainly conducted in
Europe.

On a lower height of the dendrogram it can be observed that Cluster 2
is further subdivided into four sub-clusters, called hereafter (2a), (2b), (2¢),
and (2d). Here, the study area and the methods of measurement of green are
determinant in discriminating the selected papers and clustering them.

2a groups epidemiological papers available on Scopus, typically using local
landuse maps and focusing on urban and suburban areas. Research topics
include BMI and physical activity investigation, as well as informing policies.
Frequently measuring proximity, but not using buffers.

2b also groups mainly epidemiological papers but often available both on
Pubmed and Scopus. The study subjects are adults and elderly, in European
urban and suburban areas and the interest is mainly on physical activity, and
mental health. In this case as well there is a recurrent use of local landuse
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maps to measure accessibility, view, use, quality and proximity of green
areas. Proximity is measured through buffers in this case.

2c clusters epidemiological studies with particular interest in physical
activity and cardiovascular diseases on children and adults. These studies
make use of NDVI. The resolution of the data is often very precise (<50m
resolution). Proximity through buffers is again the preferred measure.

2d gathers epidemiological studies conducted mostly in European urban
and suburban areas. The focus of these studies is on birth outcomes, mental
health and access to green areas. Proximity again is one of the preferred family
of measures. These articles also look into accessibility, size, use and quality of
green areas.

The clustering analysis shows that, despite the multitude and diversity of
assessment methods, data sources, and study locations, there is a pattern in
their use. Each of them is actually embedded in a clear context and often
combined in the same way to other elements, leaving little space to variations.
The clusters we identify support the assumption that some families of measures
are typically and strongly associated to specific disciplines.

2.3.7 Collaboration network

In order to further investigate to what extent the topic is cross-disciplinary
and whether there is collaboration between authors tackling the issue, we
perform a network analysis. Collaboration of authors is here proxied by
co-authorship. We use here information on the journals of publication and the
full list of authors who have dealt with the topic of measuring green spaces.
The 86 articles used in this systematic review have been published in 40
different journals, from different disciplines. By using the full list of authors
we look where they publish and how the journals are close in terms of
publications. CorTexT Manager has been used to create and visualise the
co-citation network. The variables used for the clustering are "Full list of
authors" and "Journal". We can identify nine large clusters of authors that
are connected (figure 2.4). In the figure, journals are identified by a triangle
and each author by a circle. Author who have published together, based on
the 86 studies used for the systematic review, are connected by a straight line.
The first and largest cluster that can be identified is composed of
epidemiology journals as: "BMC' Public Health", "Health and Place", "Journal
of FEpidemiology and Community Health", and "American Journal of
Preventive Medicine". This cluster is the one that is the most connected to
the other clusters. First, it is linked to the group composed by "International
Journal of Behavioral Nutrition and Physical Activity", "Journal of Urban
Health: Bulletin of the New York Academy of Medicine" and "Science of the
Total Environment" by one author. This cluster does not share any author
with other clusters. Several authors from the first cluster have published on
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the same topic in "Environment International’. This last journal is part of an
environment and health oriented cluster, together with "Environmental Health
Perspectives”, "International Journal of Hygiene and Environmental Health',
and "Scandinavian Journal of Public Health". These two clusters are in turn
linked to publications in the multidisciplinary journal "Plos One" and
"Environmental Research’. Two authors from this last cluster have also
published in more geography-oriented journals as "Agricultural and Forest
Meteorology". This journal is in the same cluster as "GIScience and Remote
Sensing". These two journals are connected by one link to the cluster of
landscape and planning journals: "Urban Forestry and Urban Greening’,
"Journal of the Housing and the Built Environment’, and "Landscape and
Urban Planning'. One author from this cluster is the link to the last
connected cluster composed of "Landscape and Ecological Engineering” and
"Regional Environmental Change’.

2.4 Discussion

Theories and studies on the relation between green spaces and human health
or ecosystem services have been present in the literature for almost forty years,
and the role of the environment is still a topical issue. But it is only recently
that new technologies and availability of landuse data have made the topic
more accessible. Scientific literature as well as political interests have brought
to the attention the necessary and relevant ecological and health role of green
areas, especially in an increasingly urban environment. Our study explores the
scientific literature on green spaces, with a focus on the data, measures and
contexts used to describe such landuse. The result is a review of objective
methods of "green" measurements applied in different fields of the scientific
literature. We do not filter according to specific purpose of measurement but
rather take all relevant studies irrespective of the discipline.

The selection criteria that we use to reach our objective results in a
collection of literature published between 2000 and 2015 only, as studies
conducted before that did not respond to the selection requirements.
Therefore our analysis, although broad, does not cover the entirety of the
literature available on the topic. The presence of thirty-one papers available
in both Scopus and PubMed is representative of how interdisciplinary the
topic is. Within the 86 selected papers there is a large variety of measures of
green spaces that we group a priori into ten families: proximity, accessibility,
size, fragmentation, use, spatial pattern, shape, quality, view and fractality.
This categorisation enables us to see a trend in the use of some families of
measures within some disciplines (e.g.  proximity and accessibility for
epidemiology; shape, fragmentation and spatial pattern for ecology studies).
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Nonetheless, the variety of measures included in most methods are many
and the comparability of studies, although with the same purpose, is complex.
It is therefore difficult to find homogeneity across studies. = Moreover,
definitions of the measures are often not provided in the studies leading
sometimes to a mismatch between the purpose of the study and measure
used. For example, Triguero-Mas et al. (2015) uses a measure generally meant
for assessing proximity to measure the accessibility to green areas. Examples
as such show that there is still no agreement on the definitions and measures
used and maybe a lack of attention on the specific implications of each
measure.

We notice how some measures are more frequently used than others.
Proximity or accessibility are the most used methods of measurement across
studies and disciplines, and in particular epidemiology and geography
(Arentze et al., 2009; Houston, 2014; Wendel et al., 2011; Nutsford et al.,
2013). Other measures such as view, quality or use, are rarely used, probably
because of the limited number of existing examples in the literature or the
difficulty of an objective assessment of the measure (Hill et al., 2009; Kruize
et al., 2007). We can also assume that the focus on "proximity measures"
might be due to an interest from institutions and policy makers into the topic
aiming at the further creation of "nearby"' green areas and infrastructures in
cities. This might have also shifted the interest from the possible benefits of
green at a distance, its view, to the benefits of the experience of green for city
development and spatial planning purposes (Attwell, 2000; Hill et al., 2009).

We see how the choice of the measures is also determined by the study
population. Studies on human beings make great use of proximity and
accessibility (Coombes et al., 2010; Dadvand et al., 2014a), and studies on the
landuse look into the surface and the fragmentation of the study areas
(Coskun Hepcan, 2013); moreover a general preference for the use of buffers
can be explained by the facility of drawing and computing them with
Geographical Information Systems (GIS) and therefore are accessible to a
wide public. On a larger scale, we can easily recognise a relation between the
discipline and the family of measures used. Heterogeneity of results is also
determined by the use of different and multiple landuse data sources making
comparability among studies even more complex. To conduct measurements
of green, we notice the use of a variety of landuse data sources, which differ in
the information provided (e.g. different classes of landuse), the resolution of
the data, or the purpose of the database. While some of them allow for
potential comparability across countries as they are 'standardised" (e.g.
Vegetation indices, Landsat, ...) (Kang and Choi, 2014; Michael et al., 2014),
comparability of others is very limited as data are created by local
institutions following local criteria or needs (Potestio et al., 2009; Lovasi
et al., 2011; Amoly et al., 2015). Also, the adoption of multiple data sources
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within the same study across the years, supports the idea that no dataset is a
complete or self-standing source of information (Huynh et al., 2013; Nutsford
et al., 2013). The difference in the content of the landuse data sources leads
to the use of different measures or to different results using the same measure.

Generally, despite the differences in the source data, we notice a particular
interest for measuring green in urbanised areas rather than in rural ones. In
fact, out of the 86 selected articles only three have tackled the issue of measuring
green in rural areas (Bajwa and Vories, 2007; Becker et al., 2012; Duguy et al.,
2012). An interest that could be explained by an increasing shift of world
population to urban and suburban areas, but also meaning a knowledge gap
on the characteristics of green in rural areas. We also remark a different
study interest according to the location of the case study. Papers based in
Asia consider mainly ecology issues and the impact of landuse changes and
patterns (Byomkesh et al., 2012; Rahman et al., 2011; Liu and Shen, 2014;
Maimaitiyiming et al., 2014). Studies in the Americas and Europe instead
show a greater interest on the relation between green and human health,
although the specific interest still differs in the two continents. While in
the Americas the main focus is on the Body Mass Index (BMI) and physical
activity (Li et al., 2008; Grigsby-Toussaint et al., 2011; Burgoine et al., 2015),
in European studies there is also a focus on mental health and birth outcomes
(Annerstedt et al., 2012; Grazuleviciene et al., 2015; Markevych et al., 2014a).
The geographical difference of interests may be determined by specific local
issues, as for obesity and physical activities in North America, or the change
in landuses with increasing sprawl and pollution assessment in Asian cities.

This review shows the strong dependency of measure used to the context
and discipline in which it is inscribed, presenting a variety of cases, proving to
be a fundamental element for discriminating between disciplines and study
purpose. Overall, we notice that very little attention is given to measuring
green when dealing with its landuse changes and pattern in relation to animal
survival and habitat. Our clustering analysis has revealed that there is a
"natural' grouping of articles measuring green. Study areas, landuse data
source, family of measures and methods used, are determinant elements to
identify the discipline of pertinence for the majority of the studies.

The choice of using specific keywords related to objective measures of green
spaces can be seen as a limitation to this review. While possibly steering
the results of the bibliographic search towards articles containing the selected
terms, the choice has enabled the authors to identify a number of methods to
use and interpret the different measures.

This chapter also reveals that objective measures of green spaces have been
used in several disciplines. In this study ten macro-areas of research have
been identified, ranging from epidemiology, psychology, ecology, geography or
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planning, for example. When looking at the journals of the published articles
and the full list of authors, it is possible to notice that while some authors
have published research with objective measures of green only in one journal,
there is a part that appears to be linked to more than one journal. These
authors are the linking nodes to different clusters of journals (and in some
cases also different disciplines). While not having included the "discipline"
within the variables used for the clustering, this can be detected quite clearly
in the network, meaning that authors collaborate with researchers that are
close to them in terms of discipline. Although the number of authors who are
linked to more than one journal is still small, it is still a sign that a dialogue
between disciplines is possible and that measuring green is an interdisciplinary
issue.

Systematic reviews on green spaces till now have mainly been devoted to
the relation of the environment to human health (Van den Berg et al., 2015;
Gascon et al., 2015; Lambert et al., 2017). This work instead included studies
coming from other disciplines with a focus on the measures used, regardless of
the purpose of the study and provides a good overview of the state of the art
concerning the measurement of green spaces within different fields. Our
selection of studies includes only articles published in the last fifteen years,
showing what are the current issues and perspectives on green measurements
suggesting paths for further research, as for more extensive research in rural
areas. Also, a recent and increased interest in perception of the surrounding
environment and on its quality, might call for a study on the subjective
measures used to assess green.

Eventually, a general definition of green space cannot be derived from the
studies as it is very context-dependent, as well as suggestions on best measures
or data sources to be used for specific studies cannot be provided, as these are
determined by specific characteristics of the data availability, location, purpose
of the study and population characteristics. The heterogeneity of the measures
makes the comparability of studies complex if not impossible.

2.5 Conclusion

Measures of green appear to be a matter of difficult labeling within a structured
process as the choice is determined by a series of factors/variables such as
the data availability or type of study, as well as preferences of the author(s).
Here we have offered a comprehensive overview of the existing measures and
the context in which they are used. We show that choices on the measures
to use are often linked to specific factors, such as study area or discipline of
the author(s), with not much transfer of existing methods. We expect to see
advances in the topic, with future studies further testing the use of new ways of
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2.5. Conclusion

quantitatively measuring green, and borrowing from other disciplines. The big
variety of definitions and interpretation of green spaces as well of the measures
used for the same study purpose lead to questioning the reliability of results
linked to green measurements in a context in which the use of a "right" measure
is arbitrary.
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Landuse data sources choice: are
they interchangeable? The case of

Namur (BE)

This chapter builds on the conclusions derived from the systematic review
presented in the previous chapter. Technological advances have lead to an
increase of available data in many fields. This is also the case for spatial and
satellite data. In the scientific literature it is possible to find a constellation of
landuse data sources used. Here we test the equivalence of four landuse data
sources: Corine Land Cover, Urban Atlas, NDVI-based and a self-developed
dataset. Similarities and differences between four landuse sources on the same
study area are highlighted using both descriptive statistics and more in depth
analysis of the overlap and spatial structure of the data. A selected number of
measures, including surface and fragmentation, are computed over the four
databases to measure the difference and the variation in the results. Results
show a significant variation, not only on total surface for some landuses, but
also in fragmentation and spatial pattern of the landuse patches, mainly due
to the level of aggregation of the data. This chapter looks at the characteristics
of the four data sources, highlighting similarities and substantial differences.
Outcomes provide a reflection on limits and advantages of the data sources
allowing for a more informed choice and more accurate results.



3. LANDUSE DATA SOURCES CHOICE: ARE THEY INTERCHANGEABLE? THE
CASE OF NAMUR (BE)

3.1 Introduction

Interest for environmental issues in urban areas has increased in the past
decades. It has become a hot topic in several disciplines, starting from ecology
and geography, but also getting the attention of economists, epidemiologists,
and sociologists, among others. Numerous are the studies and debates on the
role of urban green spaces in particular: whether about their value, economic
or ecological, or about its benefits, for human or ecosystem health, or about
its presence/absence, within or outside urban areas. From the analysis of
the existing literature quantitatively measuring green spaces performed in the
previous chapter (chapter 2), it appears that the majority of the studies are
conducted within urban areas.

Green urban areas are increasingly seen as an asset in cities: they are
considered fundamental to preserve ecosystem health and biodiversity (Fortel
et al., 2014), as well as being generally considered beneficial for human health
(Nielsen and Hansen, 2007; Nutsford et al., 2013; Van den Berg et al., 2015).
Environmental data is frequently used to question the relation between urban
environment and health in different populations. Many elements have been
considered to impact health either positively or negatively: view, proximity,
accessibility, safety, or availability, for example. Nonetheless, it should not be
forgotten that green spaces in cities can also have negative externalities, since
presence, and proximity, to green spaces impacts housing prices (Morancho,
2003; Kong et al., 2007), sometimes enhancing socio-economic disparities
(Dai, 2011; Dadvand et al., 2014a). Nonetheless a common definition of green
space among and within disciplines, as seen in the previous chapter, is still
nonexistent (Taylor and Hochuli, 2017).

The lack of a common lexical definition translates in a great variety of
accepted and used representations of green spaces on maps and landuse data
sources. Nowadays, databases representing landuses are increasing in number
and improving in quality. They are developed at local as well as at national
scales by a number of different institutions, or directly by the individuals. Raw
data is in fact more and more easily and freely accessible now, making it possible
for the end user, with a basic knowledge of the process, to extract useful data
for its research purposes. Markevych et al. (2017) highlight the variability
of spatial patterns and frequency of vegetation pixels across three vegetation
indexes (NDVI, SAVI or GRVI), and raise the question of the sensitivity of the
associations between health and different vegetation indices.

As shown in the previous chapter (chapter 2) most of the literature
objectively measuring green spaces belongs to epidemiological research.
Within these studies, numerous are the criteria and data sources used to look
at green spaces, even with researches having the same study-purpose. For
example, out of 8 studies investigating BMI and proximity to green, by means
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of walking-distance buffer (1 in Australia, 3 in the USA, 3 in Europe, and 1 in
Canada) (Li et al., 2008; Potestio et al., 2009; Wall et al., 2012; Charreire
et al., 2012; Astell-Burt et al., 2014b; Dadvand et al., 2014a; Halonen et al.,
2014; Michael et al., 2014), none of them uses the same source of data for
measuring green spaces (among others: National Land Survey of Finland,
Landsat TM images, TAU-idf, US National Land Cover Database, etc.).
Although, in general, studies have proven the beneficial effects of the
environment on general and perceived health (Van den Berg et al., 2015), the
comparison of studies and results is difficult as for the use of different data
sources of landuse, different scales of study, or different definitions of green
spaces. In order to compare findings and make results and policy-making
effective and significant, a comparable and consistent approach is needed
(McDonnell and Hahs, 2009). Le Texier et al. (2018), Rupprecht and Byrne
(2014), and Taylor et al. (2011) have explored the effects of using different
landuse data sources on green spaces availability, characteristics and quality.

The previous chapter (chapter 2 has highlighted the number of objective
measures of green spaces used in the scientific literature. Of the ten measure
presented earlier, four were wused in this study to compare the
similarities/divergences of the four landuse data sources. The choice of the
measures to reproduce here has been based on the characteristics and the
quality of the data. Measuring "accessibility", based on road network required
information on roads, which was not available for all the data sources. To
assess the "quality" of green, information on the services provided in each
green space, for each landuse source would have deemed necessary. This also
applies for measuring "view": information on height or type of vegetation is
needed to estimate visible greenness. No measure of "fractality” has not been
used in this study, as it provides information on the overall urban structure,
rather than on the specificity of the green spaces.

Does the use of different landuse data sources really have an impact on
measurements and results? Our objective is to explore and measure the
difference in landuse representation through four landuse data sources to
understand whether the choice of different data can lead to obtaining similar
and/or comparable results. We here consider three typologies of green spaces
(agriculture and pasture lands, forest, and urban green spaces), as well as
other landuse types existing in the municipality in order to account for their
relation. In the following sections we motivate and describe the chosen data
sources, the methodology used, and the results obtained from the analysis.
Flaws and advantages of the different data sources are then presented and
discussed.
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3.2 Data

3.2.1 The four data sources

Based on the literature, we identify the most commonly used landuse data
sources for measuring green spaces across disciplines. Among them, we identify
three that are freely available in Europe, and more specifically in Belgium:
Corine Land Cover, Urban Atlas, and NDVI. To those three we add a self-
developed dataset aiming at providing a more accurate representation of the
landuses in the selected study area. The main features of the four data sources
are summarised in table 3.1.

Table 3.1. Comparison of the main features of the four data sources

CLC UA NDVI Self-dev
Free online data v v v b
Satellite image Landsat Earth Landsat Landsat &
& SPOT  observation Copernicus
Treatment needed X X v v
Predefined class. v v X b
Raster format v v v X
Vector format N v X v
Regular Updates v v v X
Resolution 25ha/100m 0.25ha 30x30m ca. 10m

The Corine Land Cover (CLC) is a European landuse database
developed by the European Environment Agency (EEA) (European
Environmental Agency, 2007) in 1985. It was created with the purpose of
working on different environmental issues across countries using a
homogeneous database divided in 42 classes (see appendix A.3 for the full
list). The majority of the classes are associated to natural features (as
opposed to artificial ones). The data is regularly updated. The data resolution
is not very detailed, as the Minimum Mapping Unit (MMU) is of 25 hectares
for aerial phenomena and 100 meters for linear phenomena. Therefore, only
areas and segments having the minimum area and length mentioned above
are detected, smaller elements are assigned to the closest "prevailing" landuse.
This leads to a low precision of the shape and size of landuses, or even a total
absence of some landuse patches, if smaller than the target MMU. The data
we used for the comparison is the Corine Land Cover of 2012.

The Urban Atlas (UA) (European Union, 2011) is also produced by the
EEA. It was created for urban areas to enable comparability in Europe: it
includes 305 Large Urban Areas of more than 100,000 inhabitants. The landuse
information is classified in 20 classes (full list in appendix A.3): the classes are
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for the majority linked to urban and artificial features. The level of resolution
of the data is of 0.25 hectares for the urban fabric (Class 1), and of 1 hectare for
the other classes. In spite of the fact that the focus is on the built environment,
the vegetated areas are detected and properly classified. Unfortunately, this
type of data is only available for urban areas, excluding peri-urban and rural
areas that could also benefit of this definition of landuses.

The Normalised Difference Vegetation Index, better known as NDVI,
is an index of vegetation density. This information is derived from remote
sensing images, such as the Landsat images, and can be computed for the whole
world. NDVT is also used to detect not only the presence of vegetation but also
its state of health. The index can be computed by any user applying the
formula [(NIR — Red)/(NIR + Red)] using the red (Red) and near infrared
(NIR) bands of the preferred satellite images. The result is a continuous value,
ranging between -1 and 1, that defines the vegetation level for each pixel of
the image. Positive values are associated with vegetated areas, while negative
values are associated with water bodies, values around 0 are usually associated
with built areas but also rocky, and sandy areas (Weier and Herring, 2000).
In general, the cut-offs can be identified at 0-0.2 for soil, 0.21-0.03 for shrubs
and grassland, 0.31-0.6 moderate vegetation, and the values > 0.6 represent
dense vegetation canopy. These thresholds are indicative, and can and should
be adapted according to the image quality (snow, clouds, season). Because of
the possible adaptation of the thresholds to the study area conditions at the
time the images were taken, the thresholds can vary between different studies.
Although Landsat images have a good resolution, 30x30 meters, the use of
pixels instead of polygons decreases the level of detail of the final dataset. In
our case, the data for the NDVI has been derived using two Landsat 8 images
(February 2017 and July 2017), and the images have been corrected for sun
reflectance. While NDVT is usually treated in the literature as a continuous
variable, here it has been classified to enable comparability with the other
landuse data sources selected for this study. For this study, cut-offs for defining
the six landuse classes, were initially based on the thresholds presented earlier,
and then adjusted manually using visual assessment of the area to improve the
accuracy. The NDVI for the city of Namur was comprised between -0.6 and
0.49. The thresholds defined for the six classes were then defined as follows:
(-0.6; -0.3) for water bodies, (-0.29; -0.015) for built-up areas, (-0.014; 0.07) for
roads and infrastructures, (0.07; 0.12) for green urban areas, (0.13; 0.25) for
agricultural areas, and (0.26-0.49) for forests.

The self-developed database (hereafter 'self-dev") was created by the
author. The aim is to provide an accurate representation of landuses and
features in the study area, to overcome at least some of the limitations of
the other data sources. It was developed to answer to some of the critics
raised over the previously presented data sources. To do so, Landsat images
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and Google Street View have been used in order to draw polygons of the city
features (houses, parks, industrial areas, parking etc.). Information on the
built up elements has been retrieved from the Belgian Cadastral Administration
(Administration du Cadastre de 'Enregistrement et des Domaines, 2005), road
network data was derived from Open Street Map (OSM) (Open Street Map
Community, 2020). A specificity of the self-dev landuse dataset, over being
developed at a very fine resolution, is the detection of private green spaces, for
example. Cadastral data and Open street Maps data on roads have been used
to identify built-up areas (residential, industrial and commercial) as well as to
define the roads within the municipality. This data has been taken as such, as
it is already available at the finest level required for the analysis. Cadastral
information has then been split into three typologies of buildings: residential,
industrial and commercial, based on surface and Google Street View images.
All other features have been classified following a visual identification, based
on the scheme in figure 3.1: first identifying whether the element was artificial
or natural, and then whether it was a linear feature or an areal one. These
two steps helped narrowing down the classification options. The full list of
the initial classes created is available in the appendix in the section A.3. The
final classification of the polygons into six classes has been an iterative process,
aiming at obtaining a comparable group of classes for the four databases studied
here. Polygons have been assigned to the following six classes: built up, road
and rail network, green urban areas (including private green areas), forest,
agriculture and pasture, and water bodies.

To make the comparability possible, the four data sources have been
homogenized in a raster format. The transformation of Corine Land Cover,
Urban Atlas, and the self-developed map from vector to raster, with a 30x30
meters grid, enables for a cell-to-cell comparison of the maps.

3.2.2 The study area

The municipality of Namur, of approximately 175 km? and with a population
of circa 110,000 inhabitants, is located in the Walloon Region, and is situated
63 kilometers south of the capital city Brussels (see figure A.1 in appendix).
We choose this city as study area for its characteristics: it includes urban,
suburban and rural features, as well as a diversity of landcovers. The rivers
Sambre and Meuse cross and meet within the city. Moreover, several landuse
data sources are available for the study area, which enables us to perform our
comparison study. The relatively small size of the municipality enabled for a
manual digitisation of the area, as well as providing a variety of landuse types
interesting for the purpose of this study. Figure 3.2 shows the study area of
Namur as it is represented in the four selected data sources, after having been
reclassified into six classes.
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Figure 3.2. Representation of Namur by means of the four selected data sources using the same classification (6 classes: Built-up, Other, Public

Green, Forest, Agriculture, and Water bodies)

I suit-up
[ other
[ Public Green
[ Forests
[ Agricuture
I Water bodies

Kilometers.
o 25 5

>z

AUV Urban Atlas

I suitup
[ other
[ Public Green
[ Forests
[ Agricutture
I Water bodies

Kilometers.
0 25 5

>z

An_v Self-developed map

(9]
[Tl



3.3. Methods

3.3 Methods

The first step in the comparison is a visual assessment of the differences of
the four data sources. This approach is a quick method to detect the main
similarities and differences between maps. Although it does not provide a
quantifiable and reproducible output, compared to other methods, it enables
the user to account for different elements of the image at the same time (Visser
and De Nijs, 2006). This approach is complemented by descriptive statistics
and a cell-to-cell comparison. The first informs on the part of landuse allocated
to each category, on the average distance to the nearest patch, on the spatial
distribution of the patches; the second enables for a cell-to-cell comparison of
the maps.

3.4 Results

Differences in landuse share and map representation can already be detected
with a simple visual assessment (figure 3.2): the frequency and the extent of
the different landuses in the four maps already depicts a different structure
and image of the same municipality. A statistical analysis further shows the
differences and similarities among the maps.

Table 3.2 summarizes the proportion of land occupied by each landuse and
the corresponding number of patches. A patch here is defined as a homogeneous
area that differs from its surrounding. Analyses on the four maps indicate that
over half of the municipality of Namur is covered in vegetation (CLC 62%,
UA 67%, NDVI 79%, Self-developed 79%). Built up and residential areas
are subject to bigger variations: while Corine Land Cover presents a high
percentage of built environment (32.2%), the Self-developed map gives a very
different representation of the municipality, with only 3.4% of the total surface
occupied by buildings. NDVI reveals that half of the surface of the municipality
is covered by forests (50.4%), while the other data sources show a presence of
forests close to one fourth of the total surface of the municipality. In contrast,
water bodies appear to be consistently detected and defined across the four
data sources (min 1%, max 1.4%). The total area dedicated to infrastructures
(other landuses), and to urban green (both public and private green areas), is
larger in the self-developed map.

The number of patches for each class of landuse show a consistent trend,
emphasizing the level of aggregation of the data. In fact, the lower the
number of patches and higher the total class surface, the higher is the level of
aggregation of the landuse. As expected from a first visual assessment of
figure 3.2, Corine Land Cover has the least number of patches overall (139).
Urban Atlas and the Self-developed map have 4399 and 7571 patches
respectively, while the NDVI map represents a more scattered landuse
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distribution (with over 16,000 patches). The higher is the number of patches,
the higher is the level of fragmentation of the different landuses.

Table 3.2. Percentage of each landuse and number of patches for each of the four data sources

CLC UA NDVI Self-dev
Built up 32.2 (26) 25.1 (417) 14.3 (1370) 3.4 (2916)
Roads and 45 (14) 6.3 (3497) 5.2 (4058)  15.9 (3324)
infrastructure
Urban green 0.7 (6) 2.4 (141) 8.7 (5255) 17.9 (713)
Forest 20.9 (38) 24.5 (141)  50.4 (1089)  27.05 (464)
Agriculture 40.3 (54) 40.2 (189) 20.35 (4706)  34.5 (147)
Water 14 (1) 1.4 (14) 1 (50) 1.2 (7)

Each value represents the part of the total landuse occupied by each class (in %). The value
within brackets indicates the total number of patches for each class (absolute number).

The level of aggregation of the patches and their compactness has been
further assessed through a measure of like-adjacencies. The Patch
Like-Adjacencies (PLADJ) is based on the equality of neighboring cells,
meaning that it summarises the adjacencies of cell of the same class to each
other. If a cell of class "1" is surrounded by cells of class "1", then its PLADJ
value is high. If instead the cell of class "1" is surrounded by cells of different
classes, then its like-adjacency value will tend to 0. This indicator is affected
by the shape of the patch: a patch with a circular or squared shape will have
a higher number of like-adjacencies than an elongated patch. This indicator,
in some way, is also representative of the compactness of the patches. The
PLADJ values range between 0 and 100, as they represent the ratio of the
number of cells of the same class over the total number of neighboring cells,
multiplied by 100. Table 3.3 summarises the results of like-adjacencies for the
six landuses for each landuse data source. The results of this analysis
reinforce the expectations derived from the visual appraisal and also the
outcomes of the previous analysis. The high values of like-adjacencies for the
CLC dataset confirm the high level of compactness and aggregation of all the
classes. Conversely, NDVI has lower values of like-adjacencies, confirming a
more scattered representation of the landscape. Across the four landuse data
sources, forests and water bodies are the two landuses that always have high
values of PLADJ (>84.9% and >73.9%, respectively), appearing as a
compact landuse area. The other landuses are less similar among each other,
with very large differences in percentage. Results of the built-up are in line
with the results of the total percentage of landuse, suggesting an aggregation
and approximation effect of landuse data sources such as CLC and UA.

The Euclidean Nearest Neighbor (ENN) is a measure of the concentration,
or dispersion, of the patches. Measured in meters, the ENN provides
information on the average minimum distance between patches of the same
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Table 3.3. Percentage of like-adjacencies of pixels of the same class for the four landuse data
sources

CLC UA NDVI Self-dev

Built-up 94.3 81 71.6 23.1
Roads and 93.1 44.6 28.6 58.9
infrastructure

Urban green 88.7 729 33 70.3
Forest 94.9 90.9 84.9 88.8
Agriculture 94.7  90.2 49.4 90.6
Water 86.3 77.6 73.9 80.7

class. The interpretation is intuitive: the smaller the distance, the closer and
more compact the patches are; the higher the average distance between
patches, the more dispersed the patches of the same class are. As expected,
the few patches within Corine Land Cover are generally further away from
each other compared to the patches of the other data sources.

Table 3.4. Average distance (in meters) to the closest patch of the same type for each landuse
class, and standard deviation

CLC UA NDVI Self-dev

Built up 409.1 (341.3) 121.4 (121.8) 103 (69.3) 85.6 (54.1)
Roads and 507 (575.8) 87.4 (37.3) 85.4 (41.2) 81.2 (36.6)
infrastructure

Urban green 2703 (2514.6) 279.1 (313.2) 77 (31.3) 83.5 (81.8)
Forest 298.7 (266.2) 1435 (145.6) 78.4 (29.6)  111.1 (93.6)
Agriculture 196.6 (175.3) 115.9 (111.7)  69.7 (22.7)  135.5 (134.9)
Water NA 399.1 (726.7) 417 (867.9) 968.8 (1224.1)

We further perform a cell-to-cell comparison in order to further investigate
similarities and differences between the maps. The self-developed dataset is
used as reference for pairwise comparison. The choice of the reference map
is based on data accuracy. In a pairwise comparison of maps, the use of
kappa statistics enables us to quantify the similarity between two maps. The
value of Kappa (hereafter k) accounts for pixel location (xLoc) and histogram
distribution (kHisto) similarities (k = xLoc * kHisto). kLoc is sensitive to
differences in location of pixels for each landuse class, while kHisto measures
the frequency of pixels for each class. Both kLoc and xkHisto are based on
the agreement between two maps, corrected for the fraction of agreement that
would be expected by a random distribution of the pixels (Visser and De Nijs,
2006). In general, x results can be interpreted as follows: values between 0
and 0.2 can be seen as none to slight agreement, 0.21 to 0.4 can be considered
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to be a "fair" agreement, if the values are between 0.41 and 0.6 the agreement
is moderate, between 0.61 and 0.8 the agreement is substantial, and values
of k ranging between 0.81 and 1 are a sign of an almost perfect agreement
(McHugh, 2012). Clearly the interpretation of the agreement has to be based
on the purpose of the study. A medical trial with a non-agreement percentage of
circa 40% (k = 0.63, for example), might not be cannot be considered as having
a "substantial" agreement. For the purpose of this study, the interpretation of
the thresholds described earlier can conveniently be used. Table 3.5 shows
the variations of the agreements between the maps. NDVI presents the lowest
values of k, meaning that NDVTI is the data source having the lowest agreement
value with the Self-developed map (0.15 = none to slight agreement), while
the Urban Atlas is the one with the highest agreement (0.55 = moderate
agreement). In particular, the similarity of the two maps is noticeable when
looking at the congruence of pixels location. The xLoc for the Urban Atlas has
a very high value (0.85), meaning an almost perfect agreement.

Table 3.5. Results of the & statistics for a pairwise comparison of the maps

CLC UA NDVI
K 0.35 0.55 0.15
xLoc 0.63 0.85 0.28
kHisto 0.56 0.64 0.55

As previously mentioned, the literature often uses measures such as
proximity or accessibility to assess the association between human (proxied
by their residential location) and the green environment. Here we use a
commonly adopted measure of proximity: we create a 300 meter buffer
around the built-up centroid, as a proxy for the place of residence. We
compute the percentage of residential patches having a green area within the
buffer. Our results show little proximity to green using the Corine Land
Cover data source: only 1 built-up area out of 20 is considered to be at
"walking distance' to a green area (within a 300 meters buffer). The Urban
Atlas, made of smaller and more fragmented patches, has 58% (1036/1785) of
its residential areas in proximity to a green area. NDVI and the
self-developed map have over 99% (2040/2040 and 47,559/47,642,
respectively) of their patches in close proximity to a green space.

Lastly, figure 3.3 represents the pixels that are assigned to the same landuse
across the four maps. A pixel in a darker shade of grey is a pixel that always
belongs to the same landuse class in all the maps, meaning that the landuse
converge in all the maps. On the contrary a light shade of grey is given to those
pixels which are associated to different landuses. Agricultural and forested
areas are the landuses most consistently located in the four data sources,
represented by the most compact and dark set of points. The built-up area,
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in the centre of the municipality, north of the point where the Sambre and the
Meuse river meet, is also characterised by a high convergence of identification
throughout the four data sources.
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Figure 3.3. Convergence of pixels from the four data sources. Pixels of the same class, located
in the same position have higher values (and are represented in darker shades of grey)

3.5 Discussion

This study explores similarities and divergences of four landuse data sources,
in order to understand whether datasets can be interchangeable for measuring
green. This study has been motivated by the variety of the number of sources
of landuse data used in the literature for spatial analysis in different fields of
research, and in particular when studying green spaces, as seen in chapter 2.
No formal rule or set of recommendations exists for the choice of the most
suitable data according to the study purpose and study area. The lack of a
set of recommendations hinders the comparability and generalisation as well
as have repercussions on the accuracy of the results. For example, analyzing
residential proximity to some green spaces using data sources developed with
requirements (scale, aggregation, landuse definitions) means that the elements
considered differ, and this may undermine the solidity of the results (Markevych
et al., 2017).

In this study, we select four data sources developed by different providers
to compare the landuse representation and definition over the same study area.
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Conversely to what has been done in the other studies comparing different
data sources, we here include man-made landuses such as buildings and urban
infrastructures (Rupprecht and Byrne, 2014; Taylor et al., 2011; Le Texier et al.,
2018). We choose three commonly used data sources, and we developed the
fourth in order to use data at finer scale (including private gardens). Namur,
the selected study area, has been chosen for the different levels of urbanisation
it includes (urban, peri-urban and rural), as well as different typologies of
green spaces (urban, forest and agricultural areas). We use several measures
to compare the data.

Descriptive statistics of the share of each landuse in the data sources and
a visual appraisal show us that differences are important. Landuses that are
characterized by large patches, such as agricultural areas, are overall
consistently represented in the four data sources. Landuses with smaller
patches are instead subject to higher variations in representation, as they are
generally joined to the closest and larger landuse patches. The urban
development of the municipality of Namur is characterised by a dense city
center, with blocks of houses with a private garden or an internal open space,
and by a more sprawled peri-urban area with semi-detached and detached
houses, with private gardens or agricultural areas. Small green spaces and
private gardens are generally missing in landuse datasets due to resolution
size. In fact, small green spaces and private gardens, due to their size they are
generally associated to the closest and more prevalent landuse type. In urban
areas, this phenomenon is common when looking at built-up: private or small
public green spaces are usually surrounded by buildings (larger in size and
more dense).

Corine Land Cover is a large-scale landuse data source that conveniently
represents land cover in Europe. At a fine scale, it presents highly aggregated
information. The lack of precision and detail leads to an approximate
representation of urban environments (level of accuracy is higher in rural
areas where patches are generally larger). The low level of resolution, or the
high level of aggregation, in the representation can be observed when
comparing the share and the number of green patches with the other landuse
data sources. Due to its high level of aggregation, it provides an image of a
very compact and non-fragmented municipality. When looking at a measure
of proximity to green areas from the residential location, it appears clearly
that Corine Land Cover is not a fit data source for such type of analysis, as it
overestimates built up areas and underestimates green urban areas. Overall,
when looking at the different measures considered in this study, CLC appears
to be the most dissimilar data source compared to the other three analysed
here. Such difference in the quality of the information provided by the data
source is justified by the purpose for which it has been developed, namely the
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representation of the European land cover. The inclusion criteria of the
landuse elements is mainly based on the size: small urban and non-urban
features are not detected and are therefore aggregated to the larger
neighboring landuse.

The Urban Atlas is a landuse data source specifically developed to capture
the diverse features existing in urban areas. The accuracy of identification
and representation of the elements is higher than in Corine Land Cover, and
this is particularly true for built-up areas and infrastructures. The main and
bigger public green areas are present in the data source, while smaller green
patches, such as the small public green areas, road-side green patches or private
green are not represented. The Urban Atlas offers a convenient source of data
to account for the role of big green spaces (urban and rural) in relation to
the built-up features. In terms of landuse detection, the Urban Atlas is the
most accurate in correctly allocating the pixels in the right location (kLoc)
compared to the self-developed dataset. Results are less similar to the ones
obtained with the self-developed map when looking at residential proximity to
green spaces. This dataset has been developed with the purpose of enabling
comparability of studies carried out in urban areas, and therefore the level of
detail for urban features is higher than for the CLC, for example. This data
source bases its inclusion of the different urban features on the definitions and
delineations given by the authorities (e.g. green spaces are the ones listed by
the public authorities).

Normalized Difference Vegetation Index information are derived from
satellite images. Season and weather conditions affect the image
characteristics and quality, and can therefore result in variations in the overall
vegetation index. The lack of a fixed threshold to define the different landuses
leads to an "arbitrary" choice of the author, based on the characteristics of
the specific NDVI image. Fuzzy thresholds for landuse classification can
undermine comparability and replicability of studies. The low confidence in
the correct landuse classification, as well as the use of images from different
days, makes the NDVI data source difficult to compare, even on the same
study area. This data source is characterised by a low shape compactness of
the patches, and generally a low distance between patches of the same class.
This is due to the range of values possible to determine the landuses, based
on the vegetation index. While the previously discussed data sources are
based on institutionalised definition of some urban features, NDVI instead is
only based on the color of the satellite image. This means that it is possible
to capture more elements, especially if we think about vegetation: small,
scattered patches of green spaces can be identified using NDVI. It should be
noted, nonetheless, that this data source has proved to be the closest to the
self-developed map (that was used as reference dataset) when measuring
residential proximity to green spaces. This can be explained by the purpose of
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the data source itself: NDVI is aimed at detecting vegetation and has
therefore a higher quality and resolution for vegetated areas.

The self-developed dataset combines data at a fine scale from existing
datasets, such as road maps, cadastral data, and completes it with other unique
characteristics of the municipality. In particular, private green areas and small
vegetated patches have been detected and added to the dataset. This dataset is
characterised by a low level of aggregation of the different landuses and patches
as well as a higher fragmentation, represented by low values of distance between
the patches. While the comparability can be assured by the creation of a code-
book, the manual digitalization of the municipality features results in a time
consuming method of data acquisition. The presence of both public and private
green enables a more accurate estimate of green spaces. It is a convenient data
source to take into consideration when looking at green spaces and health in
epidemiological, or psychology research at fine scales where there is a focus on
green availability in the individual’s surroundings.

Our results are in line with other studies showing differences in the detection
and definition of green spaces in different landuse data sources (Le Texier et al.,
2018; Rupprecht and Byrne, 2014).

3.6 Conclusion

The use of different data sources, for the same study purpose, makes the
comparability of studies and results complicated and can undermine the
research and possibly a correct decision making process. The choice of
conducting our study on the municipality of Namur enabled us to work on a
mixed environment: urban, peri-urban, and rural. Thus, different urban
typologies and morphologies, as well as a diversity of green spaces have been
considered. We have demonstrated here, through different measures, that
differences among data sources are significant. The purpose and development
method of the different landuse data sources leads to a different
representation of the same study area and highlights different elements of the
environment, shifting the focus from more urban or vegetation characteristics.
If the tendency of using different types of data sources for the same
purposes is maintained, it will contribute to a scattered and hard-to-compare
literature. A clear justification of the chosen data and of the methodology
(i.e.  NDVI threshold values) should be presented. This will simplify,
encourage and hopefully foster comparison and takeaways among studies and
across disciplines. Attention to the type of data used should be paid not only
for the generalisation of empirical studies, but also to be able to provide an
accurate image of the environment and better inform policy makers and
planners. To have relevant and comparable results, as well as to better inform
policy makers, a clear justification and description of the data is necessary.
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On the impact of the environment
on mental health: outcomes using
four landuse data sources in
Namur

This chapter builds on the conclusion and questions presented in the
previous chapters. The variety of definitions of green spaces and the number
of potential landuse data sources available makes comparability of studies a
difficult task. As shown in chapter 3, the most commonly used landuse data
sources provide quite different representations of the same area. Results may
be influenced by different definitions and landuse data sources. Here, the
associations between two mental health indicators and green spaces are tested
over the four landuse data sources presented in the previous chapter. The aim
1s to investigate whether the results differ through the datasets, and how large
is the gap. This chapter explores to what extent environmental factors are
associated with mental health. Despite the sign of the association being
consistent through the four landuse data sources, the significance is not always
the same. This study reveals a consistent and significant association between
mental health and socio-economic factors rather than environmental ones.

The study presented in this chapter has been carried out in collaboration with Ingrid Pelgrims
(Sciensano)



4. ON THE IMPACT OF THE ENVIRONMENT ON MENTAL HEALTH: OUTCOMES
USING FOUR LANDUSE DATA SOURCES IN NAMUR

4.1 Introduction

The raising interest on the potential effects of the environment on human
physical and mental health has led to an increase in the scientific literature
investigating the subject. In the last decades, the relationship between green
space and human health has been widely investigated. Several studies have
shown that closeness to green spaces plays a positive effect on physical and
mental health (Maas et al., 2009; de Vries et al., 2003; Nielsen and Hansen,
2007; Grahn and Stigsdotter, 2003).

Depression is a common and serious mental health problem. It is
characterised by a loss of interest, a persistent sadness, and/or a feeling of
guilt, limiting the ability to carry out daily activities. @ The population
suffering from depressive disorders has been increasing worldwide in the past
decades (over 18% increase between 2005 and 2015) (World Health
Organization, 2017b). In Belgium, the burden of depression and anxiety
disorders was estimated to around 500,000 cases each (that is around 5% of
the population) in 2015 (World Health Organization, 2017a). Depression and
anxiety are considered to be stress-related mental disorders, making the
contact with nature in these cases, relevant for health.

Several studies have looked into the salutogenic effects of natural spaces
on mental distress around the world (Gascon et al., 2018; Melis et al., 2015;
de Vries et al., 2016; Helbich et al., 2018a; Sarkar et al., 2018). Green and
Benzeval (2013) and Muntaner et al. (2004) point to higher odds of suffering
from depression or anxiety according to the socio-economic position. As seen
already in chapter 2, the majority of the studies dealing with the relation
between health and the environment, are conducted in urban areas (Pereira
et al., 2012; McMorris et al., 2015; Wall et al., 2012; Potestio et al., 2009;
Villeneuve et al., 2012). This also concerns studies related to mental health, as
seen earlier in this thesis (Maas et al., 2009; Amoly et al., 2015; Nutsford et al.,
2013; Saw et al., 2015). Furthermore, indicators of green and health vary in the
literature, leading to difficulties in comparing methods and outcomes (Gascon
et al., 2018). As for data on the vegetation, authors mainly use the data and
the tools that are at their disposal without any critical appraisal. For landuse
data, for example, it is common to find studies using the Normalized Difference
Vegetation Index (NDVI), as seen in chapter 2. Since the thresholds of the
vegetation classes are manually defined by the authors, the comparability and
reproducibility is still limited (Cheng et al., 2008). As discussed earlier in this
thesis, measures of green, and the landuse data choice, vary across different
studies. The previous chapter highlights similarities and differences among
four selected landuse data sources. The same ones are employed here to test
the variance in the results when observing the relationship between different
aspects of the environment and specific indicators of mental health.
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The objective is here simply to understand to what extent the choice of
the landuse data has an effect on the associations measured between the
environmental indicators and the outcomes of a health research study. Some
relevant demographic and socio-economic indicators are used as control
variables. We want to test whether the strength and significance level of the
association between the environmental indicator and the mental health
outcomes varies depending on the landuse data set used. Based on the results
of the comparison of data sources carried out in the previous chapter, the
hypothesis is that significance and strength of the associations will be
different for the four data sources.

4.2 Methodology and data

4.2.1 Study area and environmental indicators

The four landuse data sources employed in this study are Corine Land Cover,
Urban Atlas, NDVI and a Self-developped map. The description of the main
features and characteristics of the four landuse maps as well as the discussion on
their similarities and differences can be found in chapter 3. The description of
the study area, the municipality of Namur, can be found in section 3.2.2 in the
previous chapter. This Belgian medium-sized municipality has been chosen as it
embeds urban, suburban and rural features, and thus includes different types of
green spaces. Figure 3.2 in chapter 3, illustrates the study area as represented
by the four different landuse data sources. The environmental characteristics
have been developed by computing the percentage of each landuse in each
statistical section. Concerning the analysis at the individual level, z and y
coordinates of the participants’ home address have been used to construct
indicators of the surrounding environment. The share of each landuse around
each home address is computed for the four data sources within two circular
buffers: 500 meters and 1000 meters. The choice of the buffer sizes is derived
from the existing literature addressing the relationship between environment
and mental health at different levels of urbanicity (Maas et al., 2009; van den
Berg et al., 2010; Markevych et al., 2014b; Dadvand et al., 2014a). A 500
meters buffer is usually associated to a 10 minutes walking area for children and
elderly people, or for people with limited mobility (Markevych et al., 2014b),
while 1000 meters buffer considers greenness in proximity to residential place
but not immediately around the individual, and is generally associated to a
desirable walking distance to services in urban environments (Chaix et al.,
2014). For this study only the share of public and private green (hereafter noted
"green"), forests, and agricultural and pasture land (hereafter noted "agri") are
considered, as defined on the previous chapter.
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4.2.2 Health indicators

Two mental health indicators, anxiety and depression, are assessed both at the
statistical sector level and at the individual level. In a first stage, data on
medication reimbursement for depression and anxiety is used at the level of
the statistical sections (see table A.l in the Appendix for the list of Belgian
administrative units). Then, the same associations are tested at the individual
level (within a buffer distance from the place of residence).

Data on medication reimbursement has been provided by the Belgian
Intermutualistic Agency (IMA-AIM). IMA-AIM is a Belgian agency that
centralises information on reimbursed medication to Belgian residents (98% of
the population) who are enrolled in the Health Security System. Here, the
prevalence of medication reimbursed for depression and anxiety, proxied by
Psycholeptics and Psychoanaleptics, is used. These correspond to the
Anatomical Therapeutic Chemicals (ATC) code N05 and N06 (WHO
Collaborating Centre for Drug Statistics Methodology, 2018). The prevalence
(in %) is calculated by dividing the number of cases® of reimbursed medication
in 2014, by the population registered in the Health System, and then
multiplied by 100. The population included here encompasses all age groups:
age-standardised yearly prevalence of medication reimbursement has been
used here. For privacy reasons, the "health" data adopted here, is aggregated
at the administrative level. If the number of cases of medication reimbursed
in one year, in one administrative unit, is less than 5, then the information for
the spatial unit is considered as missing. For this study, only 3 out of 65
administrative units had missing information in the municipality of Namur.

The second set of data, is obtained from the Health Interview Survey (HIS)
carried out in Belgium in 2008 and 2013. The HIS is a nationwide representative
epidemiological survey aiming at informing on the mental and physical status
of the general population in Belgium. Respondents are selected based on a
multistage stratified cluster sample. Individual and household characteristics
are assessed using questionnaires and face-to-face interviews. Questions pertain
to the topics of general health status, reduced mobility, use of healthcare
services, mental health and use of drugs or alcohol. For this study, answers
pertaining to the issue of depression and anxiety are considered. The indicator
was developed using the answer to questions SL0O2 ("Have you ever seriously
thought of ending your life?") and SLO3 ("Did you have such thoughts in the
past 12 months?") (Sciensano, 2019), based on the answers to a validated
questionnaire SCL 90 R. To safeguard the privacy of the respondents, the
data has been handled in 5 steps and with the collaboration of three institutes
(Sciensano, Statbel, and UCLouvain), as described in chapter 1, section 1.6. A

Ircase" is defined as the number of citizens who have benefited at least once of medication

reimbursement for depression and anxiety in 2014
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total of 150 interviews were retained for the municipality of Namur.
Table 4.1 reports the main characteristics of the two datasets used in this
chapter.

Table 4.1. Characteristics of the two health datasets used for this study

Prevalence CNS Perceived DA
Provider IMA-AIM Sciensano
Type of data % Yes/No
Observations 62 adm. units 150 respondents
Aggregation Statistical section  Buffer around individual
level at 500m & 1000m
(residence)

4.2.3 Demographic and socio-economic indicators

As seen in chapter 1 some socio-economic factors can play a role in the
association between green spaces and health (Allen and Balfour, 2012; van
Lenthe et al., 2005). In particular, a study conducted in Belgium showed
worse perceived health and poorer health for people with a low level of
education (Bossuyt et al., 2004). Here information on some relevant
demographic and socio-economic characteristics have been included. Data
was derived from the latest Belgian Census for the analyses at the level of the
statistical sections, and from the HIS survey for the analyses at the individual
level. For the first part of the analysis, data on population density, highest
level of education (percentage of population with 'Primary education",
"Secondary education"), and employment status (percentage of "Inactive
population") have been used. Socio-economic data is only available at the
level of the statistical sectors (finest administrative unit), and therefore has
been aggregated to the statistical section level for the purpose of the study.
For the second part of the study, two relevant socio-economic indicators have
been acquired from the Health Interview Survey: gender and education level
has been collected for each individual. Education level has been classified in
three categories: "No diploma or lower education" including people who do
not have a diploma or a primary education only, "Higher secondary" including
people with a high school diploma, and "University degree" including people
who obtained a university degree.

4.2.4 Statistical analysis

Linear regressions are used to compare at the association of prevalence of
medication reimbursement, in the municipality of Namur, at the level of the
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statistical sections for the four data sources. Adjusted logistic regression models
were performed to assess the association between the environmental and socio-
economic variables and likelihood to present depressive and anxiety disorders at
the individual level. The use of ordinary logistic regression with a low number of
observations and/or high number of "0" or missing values can entail extremely
high Odd-Ratios and Confidence Intervals. In such cases a Penalised Logistic
Regression (PLR) can limit the overestimation of the OR and the CI (Devika
et al., 2016). Socio-economic variables such as employment, age and income,
have been omitted due to collinearity. The use of logistic regressions and PLR
have both been tested and the results obtained were comparable. Ordinary
logistic regression has then been chosen for this study.

We also compute Receiver Operating Characteristics (ROC) curves. The
ROC curve is a popular tool for the evaluation of the diagnostic tests, but it
can also be used to demonstrate associations between a continuous variable
for a binary outcome. Based on HIS mental health data, the ROC curves
enable to determine the prediction capability of the model. ROC curves plot
the True Positive Rate (TPR) on the y axis ("Sensitivity TPR"), against the
False Positive Rate (FPR) of the model on the z axis ("1-Specificity FPR"). If
True Positives and False Positives are correctly identified by the model, that
is the ideal case, the value of the Area Under the Curve is the maximum (1).
The lower the AUC value, the lower is the discrimination capacity of the
model between positives and negatives. A model with an AUC of 0.5 is
generally considered to have no discrimination capacity.

4.3 Results

First, we present the results of the analysis on the medication reimbursements,
then the results of the analysis on the likelihood to present depressive and
anxiety disorders. Descriptive statistics of the data are available in tables 4.2,
and 4.3.

Table 4.2. Descriptive statistics of medication reimbursement for the Central Nervous System
(CNS) and socio-economic variables employed for the analyses at the level of the statistical
sections

Units Mean Std Min Max Median P95

dev
CNS % 24.30 7.3 0 51.83 24.07 34.36
Pop density Inh/km? 1272.1 1575.9 68.4 6953.6 623.5 4943.03
Inactive pop % 55.4 5.3 42.11 78 54.7 63.02
Primary edu % 0.7 3.1 0.13 16.2 0.6 12.41
Secondary edu % 19.8 2.5 12.1 26.15 20.1 23.66
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Table 4.3. Characteristics of the HIS samples for depressive and for anxiety disorders (number
of cases)

Depressive disorder Observations

Yes No
18 132 150
Gender
Male 8 59 67 (44.6%)
Female 10 73 83 (55.3%)
Diploma
No diploma or lower education 3 9 37 (24.6%)
Higher secondary education 6 20 26 (17.3%)
University degree 6 81 87 (58%)
Anxiety disorder Observations
Yes No
14 135 149
Gender
Male 4 60 64 (42.9%)
Female 10 75 85 (57.1%)
Diploma
No diploma or lower education 2 10 36 (24.1%)
Higher secondary education 6 20 26 (17.5%)
University degree 6 81 87 (58.4%)

4.3.1 Medication reimbursement at the statistical section
level

Pearson correlation coefficients have been computed between depression and
anxiety (CNS) medication reimbursements and landuse classes referring to
green spaces, for each of the four landuse data sources (see chapter 3).
Results, presented in table 4.4, show that correlations between the medication
reimbursements and the three selected types of green spaces are almost never
strongly significant, with the exception of urban green in CLC that appears
to be negatively correlated to prescription. The sign of the correlation is not
always consistent. The sign remains the same (negative) only for forest areas;
for urban green and agricultural areas the sign changes. Pearson correlations
between environmental, demographic and socio-economic factor have also
been computed (table 4.5).  Population density is, predictably, always
negatively correlated with forest and agricultural areas, but strongly
positively correlated with public green areas from the Urban Atlas. Forest
and agricultural areas are generally negatively correlated to the share of
inactive population and of people with only a primary education. The share
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of people with a higher education appear not be significantly correlated to
any green space. Signs of the correlations are mostly consistent, except for
the public green spaces defined by the Urban Atlas. It appears that urban
green spaces are positively correlated to population density, and with the
share of inactive people. With the exception of the Urban Atlas, public green
spaces are generally not significantly correlated with the selected demographic
and socio-economic variables.

Table A.2, in Appendix, presents the results of the Pearson correlations
computed between the medication reimbursements for disorders linked to the
Central Nervous System (CNS), and the selected demographic and
socio-economic variables. Results show strong positive correlations with the
part of inactive population (students, retired people, unemployed).

Linear regressions were performed for each landuse data source
independently (Corine Land Cover, Urban Atlas, NDVI, and the
self-developed map), using the age-standardised reimbursed medication
(CNS) for depression and anxiety as dependent variable. Results are
presented in table 4.6. The results of the four regressions highlight some
consistencies. The percentage of inactive population appears to be always
positive and significant in the four models, and the population with a
secondary education degree, although the latter is slightly less significant. A
higher share of unemployed population, corresponds to an increase in
reimbursements for medications targeted at the Central Nervous System. In
none of the four models the environment appears to have a significant
association with the reimbursement of medications for the Central Nervous
System. All models explain over the 31% of the variability. This means that
two thirds of the spatial variation depends on factors not included here.
Information on noise and air pollution, not available for this study, might
help further improve the model. Such similarity in R? for the four data
sources, using the same explanatory variables, suggests that for the
municipality of Namur, medication reimbursement is only partially explained
by the green environment. Consistency of results clearly point to the need of
including correlated environmental exposures and socio-economic variables.

Table 4.4. Pearson correlation coefficients between medication reimbursement for CNS, and
green landuse classes for the four datasets in the municipality of Namur

CLC UA NDVI SD
Green -0.38** 0.19 0.16 0.09
Forest -0.23e¢ -0.31* -0.22¢ -0.27*

Agri 0.02 0.05  -0.02  0.04
P-value : 0 <’*** <0.001 <’** <0.01 <’*’ <0.05 <’¢’ <0.1
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Table 4.5. Pearson correlation coefficients between the selected socio-economic variables and
the three typologies of green for each landuse database, at the level of the statistical sections

CLC UA
Green Forest Agri Green Forest Agri
Pop density 0.08 -0.46%** 0. 55%F* 0.64%**  -0.5%Fk  _0.61%**
Inactive pop -0.05 -0.1 -0.37%* 0.39%* -0.11  -0.42%**
Primary edu -0.15 -0.18 -0.37%* 0.5%** -0.3* -0.37%*
Secondary edu | -0.04 0.04 0.52 -0.44%* 0.14 0.48%*
NDVI GE
Green Forest Agri Green Forest Agri
Pop density -0.04  -0.79%*x 5k 0.16  -0.46%**  _0.57***
Inactive pop -0.10 -0.29* -0.3% 0.1 -0.04 -0.471%*
Primary edu -0.04  -0.51%FF  _0.46%** -0.077 -0.19 -0.37*
Secondary edu | 0.18e 0.52 0.58 0.19 0.05 0.48e

P-value : 0 <*** <0.001 <’** <0.01 <’*’ <0.05 <’e’ <0.1

Table 4.6. Linear regression coefficients by landuse data source, between medication
reimbursement for CNS and environmental and socio-economic variables at the level of the
statistical sections in Namur

CLC UA NDVI SD

Intercept -25.20 -42.36e  -32.41 -41.30e
Green -0.87* 0.15 0.19 0.11
Forests -0.044 -0.03 -0.007 0.003
Agri 0.05 0.13e 0.19 0.15%
Pop density (log) -0.31 0.25 -0.55 0.47
Inactive pop 0.71%%  0.85%*  0.69*  0.72**
Primary edu 0.47 0.36 0.72e 0.78e
Secondary edu 0.42 0.59 0.56 0.53
Adj. R? 0.39 0.38 0.31 0.40

P-value : 0 <’*** <0.001 <™** <0.01 <’* <0.05 <’¢’ <0.1

4.3.2 Depressive and anxiety symptoms at the individual
level

Logistic regressions have also been performed using individual data on the
likelihood of presenting depressive and anxiety disorders, as dependent variable.
Data has been derived from the HIS database, and included 150 complete
observations within the municipality of Namur. A series of logistic regression
models have been performed for each mental health outcome and Corine Land
Cover, Urban Atlas, NDVI and the self-developed datasets. The analysis has
been carried out for the two buffer sizes defined earlier (500 meters and 1000
meters). Results are reported in tables 4.7, 4.8, 4.9 and 4.10. The Akaike
Information Criterion (AIC) is reported for each association.
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Table 4.7. Associations between depressive disorder and four landuse sources (Corine Land
Cover, Urban Atlas, NDVI and Self-developed data). Associations computed at 500m buffer

CLC UA NDVI Self-dev

Adj. OR (95% CI) Adj. OR (95% CI) Adj. OR (95% CI) Adj. OR (95% CI)
Green 0.74 (0.24, 2.34) 0.99 (0.9, 1.08) 1.04 (0.95, 1.14) 1.01 (0.98, 1.05)
Forest 0.93 (0.84, 1.02) 0.95 (0.89, 1.02) 0.99 (0.96, 1.03) 0.99 (0.94, 1.03)
Agri 1.03 (1.01, 1.06) 1.03 (1, 1.06) 1.06 (0.97, 1.16) 1.03 (1, 1.06)
Diploma (vs. University degree)
No diploma or lower edu 3.03 (0.86, 10.69) 3.4 (0.92, 12.56) 3.07 (0.87, 10.8) 3.51 (0.99, 12.52)
Higher secondary 4.73 (1.25, 17.81) 4.9 (1.31, 18.4) 4.34 (1.14, 16.54) 5.2 (1.42, 19.08)
Gender (F vs. M) 1.27 (0.43, 3.74) 1.2 (0.42, 3.48) 1.1 (0.39, 3.1) 1.22 (0.43, 3.48)
Log-likelihood -46.65 -48.79 -49.40 -50.13
AIC 107.31 111.59 116.80 114.26

Table 4.8. Associations between depressive disorder and four landuse sources (Corine Land
Cover, Urban Atlas, NDVI and Self-developed data). Associations computed at 1000m buffer

CLC UA NDVI Self-dev

Adj. OR (95% CI) Adj. OR (95% CI) Adj. OR (95% CI) Adj. OR (95% CI)
Green 0.94 (0.72, 1.24) 0.87 (0.68, 1.12) 1.4 (0.97, 2.03) 1.02 (0.97, 1.08)
Forest 0.92 (0.83, 1.01) 0.95 (0.89, 1.02) 1.02 (0.96, 1.07) 0.98 (0.93, 1.04)
Agri 1.04 (1.01, 1.07) 1.01 (0.96, 1.05) 0.96 (0.77, 1.2) 1.03 (0.99, 1.06)
Diploma (vs. University degree)
No diploma or lower edu 3.22 (0.9, 11.5) 3.99 (1.08, 14.74) 2.5 (0.7, 8.89) 3.27 (0.93, 11.52)
Higher secondary 5.89 (1.56, 22.24)  5.92 (1.56, 22.42) 3.54 (0.97, 12.94) 5.27 (1.43, 19.51)
Gender (F vs. M) 1.24 (0.43, 3.59) 1.22 (0.43, 3.47) 1.17 (0.41, 3.35) 1.15 (0.41, 3.22)
Log-likelihood -47.27 -49.67 -48.33 -50.78
AIC 108.54 113.34 110.67 115.55

Table 4.9. Associations between anxiety disorder and four landuse sources (Corine Land Cover,
Urban Atlas, NDVI and Self-developed data). Associations computed at 500m buffer

CLC UA NDVI Self-dev
Adj. OR (95% CI) Adj. OR (95% CI) Adj. OR (95% CI) Adj. OR (95% CI)

Green 1.02 (0.9, 1.17) 0.96 (0.87, 1.06) 0.9 (0.77, 1.06) 0.99 (0.95, 1.03)
Forest 0.98 (0.92, 1.04) 0.99 (0.94, 1.04) 0.98 (0.94, 1.02) 1.01 (0.96, 1.05)
Agri 1.01 (0.97, 1.03) 0.99 (0.96, 1.02) 1.08 (0.97, 1.2) 0.99 (0.96, 1.03)
Diploma (vs. University degree)

No diploma or lower edu 2.03 (0.51, 8.09) 2.4 (0.57, 10.03) 2.42 (0.58, 10.15) 1.98 (0.49, 8.11)
Higher secondary 4.21 (1.07, 16.56) 4.61 (1.15, 18.38) 5.46 (1.34, 22.28) 3.76 (0.96, 14.8)
Gender (F vs. M) 1.43 (0.44, 4.6) 1.41 (0.44, 4.53) 1.58 (0.48, 5.17) 1.44 (0.45, 4.64)
Log-likelihood -43.96 -43.78 -43.01 -44.13
AIC 101.93 101.57 100.02 102.26
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Table 4.10. Associations between anxiety disorder and four landuse sources (Corine Land Cover,
Urban Atlas, NDVI and Self-developed data). Associations computed at 1000m buffer

CLC UA NDVI Self-dev
Adj. OR (95% CI) Adj. OR (95% CI) Adj. OR (95% CI) Adj. OR (95% CI)

Green 1.05 (0.86, 1.27) 0.91 (0.71, 1.17) 1.49 (0.93, 2.39) 0.98 (0.93, 1.04)
Forest 0.99 (0.93, 1.05) 1.01 (0.94, 1.06) 1.04 (0.98, 1.09) 1.01 (0.95, 1.07)
Agri 1.005 (0.97, 1.04) 0.97 (0.92, 1.03) 0.8 (0.59, 1.07) 0.99 (0.95, 1.03)
Diploma (vs. University degree)

No diploma or lower edu 1.97 (0.48, 7.98) 2.37 (0.53, 9.6) 1.75 (0.43, 7.1) 1.9 (0.47, 7.71)
Higher secondary 4.11 (1.07, 15.85) 6.93 (1.07, 17.19) 2.97 (0.7,5 11.83) 3.64 (0.92, 14.34)
Gender (F vs. M) 1.45 (0.45, 4.64) 1.44 (0.45, 4.64) 1.37 (0.42, 4.48) 1.41 (0.44, 4.51)
Log-likelihood -44.01 -43.6 -42.61 -43.91
AIC 102.02 101.19 99.21 101.83

Results of the logistic regression models show almost no significant
associations between green areas and depressive and anxiety disorders.
Agricultural areas, and therefore more rural and green settings, are the only
green space associated to the two mental health disorders analysed here.
Results of this association are significant, in particular when looking at
depressive disorders, compared to anxiety disorders. Outcomes are stronger
for smaller buffer distances (within 500 meters from the place of residence) in
the case of depressive disorders: agricultural land is associated with mental
health for Corine Land Cover only. Odds-ratios show that the presence of
agricultural areas around the place of residence increases the likelihood of
presenting depressive disorders increases by a factor of 1.03 (OR= 1.03;
95%CI: 1.01, 1.06). Other types of green spaces instead do not seem to be
associated to the likelihood of presenting depressive or anxiety disorders.
Looking at larger distances from the place of residence (1000 meters buffer),
outcomes are consistent: the presence of agricultural areas increases the risk
of depressive disorders for CLC only (OR= 1.04; 95%CI: 1.01, 1.07). The
possession of a higher secondary degree increases the likelihood of suffering
from depressive disorders at the two buffer distances (at the exception of
NDVI). Not being in possession of a diploma or having a lower education,
compared to having a university degree, is associated to an increased
likelihood of presenting depressive disorders when using the Urban Atlas data
source (OR= 3.99; 95%CI: 1.08, 14.74). Concerning the likelihood of
presenting anxiety disorders, no association with the environmental factors
appears to be significant. At a closer distance from the residence (500
meters), as for the depressive disorder previously described, a higher
education level ("Diploma, University degree"), is associated with an
increased risk of presenting anxiety disorders for all data sources except for
the Self-developed one. The association still holds at a 1000 meters buffer for
just Corine Land Cover (OR= 4.11; 95%CI: 1.07, 15.85) and Urban Atlas
(OR= 6.93; 95%CI: 1.07, 17.19). The risk for people with a higher secondary
education is four-to-six times higher than for people with a university degree.
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USING FOUR LANDUSE DATA SOURCES IN NAMUR

Figure 4.1 shows the results of the Receiver Operating Characteristics
analysis and the curve paths. Results of the ROC curves for both health
outcomes (medication reimbursement and self-perceived depression and
anxiety) are displayed for two buffer sizes (500 meters, 1000 meters). The
horizontal axes, "1-Specificity FPR", represent the False Positivity Rate
Values of the Area Under the Curve (AUC), are computed for each ROC
curve are included in each figure. ROC curves and AUC valued for each
landuse dataset are compared. As it is possible to see from figure 4.1, the
curves for each dataset often overlap, and the AUC results are close. The
highest variability can be found in the curves for anxiety disorder at 1000m
buffer distance. The trajectory of the curves appears to be consistent at the
two different buffer distances.

All areas under the ROC curves are significantly greater than 0.5 (min
0.66, max 0.79), meaning that each model gives results that are better than
guesswork. Although Corine Land Cover appears to always have the highest
AUC values, the values are not significantly different from the other landuse
data sources. There is no consistency on which set of data predicts best
depressive or anxiety disorders, as the ranking order changes in the four ROC
models. Nonetheless the trajectory of the four curves, as well as the AUC
values for both buffer sizes are close, meaning that the difference in prediction
is small. These results are in line with the odd-ratios outcomes, where the
associations between depressive and anxiety disorders and environmental and
socio-economic variables seemed to be consistent in sign and significance across
the four landuse data sources.

4.4 Discussion

We test here sensitivity of associations between environment and health using
four landuse data sources. We use linear and logistic regressions to look at
similarities in the associations between green spaces and two indicators of
mental health (depression and anxiety). The study is conducted within the
municipality of Namur, Belgium, at two different spatial levels: statistical
sections for medication reimbursement for the entire population, and buffer
rings around the individual place of residence for a sample of surveyed people.
Results of the analyses show divergent outcomes and therefore lead to
unstable conclusions. Demographic and socio-economic factors have been
used as control variables for the two analyses.

First, we compare the association of some environmental, demographic
and socio-economic variables with medication reimbursement prevalence for
the Central Nervous System at the level of the statistical sections in the
municipality of Namur.
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Figure 4.1. Receiver Operating Characteristics (ROC) curves for depression and anxiety
disorders, for four landuse data sources. The Area Under the Curve (AUC) value of each data
source is included between brackets.
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When looking at the prevalence of medication reimbursement for

depressive and anxiety disorders (CNS), we see a weak association with the
environmental variables used. Inverse association between percentage of
urban green and medication reimbursement can only be found when using the
Corine Land Cover data source, suggesting to a higher prevalence of
reimbursements with a decrease of green areas. The same typology of green
from the other data sources is not associated with medication reimbursement
and present an inverse sign compared to CLC. From the regression analysis,
agricultural areas appear to be positively associated, although weakly, to
medication reimbursement for the Urban Atlas and the self-developed
database. The association with medication reimbursement is instead positive
and significant for the share of people who are not in employment across all
landuse data sources. A lower socio-economic condition is positively
associated to a higher prevalence of medication reimbursement. This is in line
with what Green and Benzeval (2013), Muntaner et al. (2004) show: a
positive association between depressive disorders and socio-economic position.
These findings are also in line with the results of the meta-analysis carried
out by Lorant et al. (2003) on socio-economic inequalities in depression: lower
socio-economic strata are generally disfavored.
Secondly, we use data on perceived mental health obtained from the Health
Interview Survey. Data collected from the survey is at the individual level.
The results obtained, again show differences in associations among the four
data sources. Agricultural areas, as identified through the Corine Land Cover
data source, appears to increase the likelihood of presenting depressive
disorders, at both 500 meters and 1000 meters from the place of residence.
Associations with environmental factors are instead not significant for the
other data sources. Our results show an opposite effect of green spaces on
depression and anxiety compared to the ones presented in the existing
literature. Sarkar et al. (2018) and Gascon et al. (2018), for example, show a
potential protective effect of green spaces for depressive and anxiety disorders.
Both studies use buffer rings around the place of residence. Here we show
that at the scale of the municipality of Namur, the association between green
spaces and the investigated health disorder, is not always significant.
Socio-economic factors, such as education and employment, are consistently
associated with depressive and anxiety disorders.

We here use two sets of data on depressive disorders to investigate
whether the choice of one landuse data source over the other leads to different
results when looking at the associations between environment and health.
Our results show that sign and strength of the associations across the
different landuse data sources differ. Two green space types (green urban
areas and agricultural areas), as defined by Corine Land Cover, have
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appeared in both ecological studies to be associated with depressive and
anxiety disorders. The presence of agricultural areas in the surrounding
neighborhood appears to be weakly and positively associated to medication
reimbursement when using two out of four data sources (Urban Atlas and the
Self-developed dataset). NDVI, the most commonly used data source in
studies investigating associations between green environment and health,
surprisingly does not hold any significant associations with the health
measures used here. Results hint toward individual and social factors
affecting depressive and anxiety disorders, while green environment does not
play a direct role on the association. ROC curves’ trajectories and AUC
values appear to be generally consistent for the different landuses. No landuse
data source appears to better predict cases of depression and/or anxiety.

The contrasting results obtained using two health indicators point clearly
to a diverging way of assessing and looking at depression and anxiety. The
use of data on medication prescription and perceived mental health require
handling with care, as the perception of health seem not to be consistent with
medication purchase for the same symptoms when looking at the associations
with the environment. The author is aware that due to the different
ecological design the two studies cannot be compared. The aim here is to
warn on the difference of message that the two studies convey, especially in
the perspective of providing recommendations to decision makers. A
limitation of this study lies in the type of health data available: the different
spatial extent of the datasets does not allow for a comparison of the
outcomes. Here we have employed both population aggregated data at the
administrative level (statistical sections), and a sample of data at the
individual level. One risk when using aggregated data is to fall into ecological
fallacy and MAUP issues. On the other hand, non-localised individual data
do mnot allow for more spatial-oriented analysis, such as spatial
autocorrelation, for example, and not enabling for a more in-depth
investigation of the spatial factors that may come into play.

Based on the results of the data source comparison presented in the previous
chapter (chapter 3), strong inconsistencies in the outcomes of associations were
expected. This study shows that strength and effect of the associations between
environmental factors and health vary across the data sources, although the
results were expected to be less consistent across data sources. Care should be
used when interpreting the results, as associations between green spaces and
health are not clear and consistent across data sources.
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4.5 Conclusion

This chapter compares the association between environmental factors and
mental health across four different landuse data sources, and two different
epidemiological designs. The results obtained confirm the hypothesis that the
choice of the landuse data source leads to different strengths in the
associations between green environment and health, also answering the
concerns raised by Markevych et al. (2017). We show that differences are
detected in the results of the analysis when using different landuse data
sources for the same health indicator. Nonetheless differences are stronger
and striking when looking at two indicators of the same mental health
disorder. The differences in the construction of the indicators, as well as on
their spatial extents, enables us to explore the discrepancies in the measures
of green spaces through different landuse data sources. Our findings point
towards a more important association between socio-economic factors and
health, rather than environmental characteristics.

We show that the choice of the landuse data source, at the scale of the
municipality, are not interchangeable. In particular, the differences in
outcomes are stronger when using highly spatially aggregated landuse data at
a small scale of analysis. We also demonstrate that the choice of the mental
health indicators, and thus the ecological design, lead to partially different
associations. Further research should analyse more in-depth gaps in findings
using different landuse data sources with more accurate and detailed health
data and including further control variables. When studying the role and
impact of green spaces on health it is fundamental to have a complete
understanding of the data that is being handled. It is necessary to be careful
when interpreting the results, which may be telling/unveiling just a part of
the whole story.
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Spatial variations of medication
reimbursements in Belgium:
environmental, socio-economic or
healthcare determinants?

This chapter uses medication reimbursement data to analyze associations
between health status and environmental and socio-economic factors in
Belgium.  Five groups of medications, corresponding to health disorders
potentially related to environmental conditions, are analyzed. The prevalences
of medication reimbursements are positively correlated to each other.
Reimbursements are instead negatively correlated to air pollution and distance
to green spaces, as opposed to what has been found in previous studies.
Principal component analysis and hierarchical clustering reinforce these
results.  The spatial variations of medication reimbursements have been
analysed here at the scale of the municipalities, for the whole country.
Regional differences appear clearly, although the determinants are hard to
quantify (education of medical doctors, pharmaceutical commercial activities,
for example). This chapter raises the question on what medication
reimbursement data really represents. It warns on using care when working
and interpreting such datasets.

This chapter is based on research carried out with Dr. Lidia Casas, Prof. Benoit Nemery and
Prof. Isabelle Thomas, submitted to the Journal "Cybergeo" with the title "On the geography of
medication reimbursements in Belgium: environmental, social or healthcare determinants?"



5. SPATIAL VARIATIONS OF MEDICATION REIMBURSEMENTS IN BELGIUM:
ENVIRONMENTAL, SOCIO-ECONOMIC OR HEALTHCARE DETERMINANTS?

5.1 Introduction

Living environment and health issues have long and often been associated,
positively or negatively. Among others, salutogenic effects of proximity and
contact with green spaces have been reported on physical and mental health
(Gascon et al., 2015; Nielsen and Hansen, 2007; Sacker and Cable, 2005;
Ulrich, 1984). In addition, negative externalities of some environmental
determinants have been demonstrated: the adverse effects of ambient air
pollution on respiratory and cardiovascular problems have been studied for
decades (Dominici et al., 2006). It has been shown that high levels of air
pollutants such as PM;y or NO; are associated with increased respiratory and
cardiovascular problems and medication intake (Casas et al., 2016;
Sofianopoulou et al., 2014). Recent studies show additional adverse effects of
air pollution on the brain, birth outcomes (e.g. low birth weight) or metabolic
disorders like diabetes mellitus (Landrigan et al., 2017; Thurston et al., 2017).
Positive and negative externalities of the environment are observed in both
urban (traffic-related air pollution) and rural areas (pesticides).

The relationship between environment and human health has most often
been investigated at the local level (Cheng et al., 2011) and most often within
urban areas: in particular when tackling issues of increasing urban population,
for targeted policies and investments on green infrastructures (Adli et al., 2017;
Conway et al., 2010; Coutts and Hahn, 2015). City dwellers are generally
considered as living in less healthy environments, but enjoying the proximity
of a large variety of facilities. Non-urban areas, although experiencing low built-
up densities are generally considered as healthier environments, but they also
may suffer from some types of pollution due to agricultural practices (Paulot
and Jacob, 2014), including intensive animal breeding or the use of pesticides, as
well as poorer access to healthcare services. Studies analyzing spatial variations
at country level (Henau et al., 2015), are generally lacking. Presence and
proximity to green areas has been often associated to better/improved health
status. In the last decade numerous studies have looked at the relationship
between surrounding green spaces and specific morbidities or well-being (Maas
et al., 2009; Mukherjee et al., 2017; Pietila et al., 2015; Van Herzele and de Vries,
2012).

In the literature, health status is generally proxied by different types of
data such as individual (survey) perceived health (Maas et al., 2006;
Triguero-Mas et al., 2015), hospital records (Dadvand et al., 2012a; Pereira
et al., 2012), more recently by medication prescriptions (Halasa et al., 2002;
Naughton et al., 2006; Bianchi et al., 2009), or derived from time-series and
cohort studies, in the case of mortality (Samet and Krewski, 2007). Although
medication prescriptions have been used in the literature for a variety of
specific medications, mapping their spatial variations is novel (Cheng et al.,
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2011). We here refer to Wangia and Shireman (2013) for a meta-analysis on
the application of GIS tools for analyzing spatial variations of medication
prescriptions. The vast majority of studies has investigated the spatial
variations of health by looking at individual morbidity or mortality causes,
rather than looking at their covariation in space (Trabelsi et al., 2019;
Waldhoer et al., 2008). Looking at medication prescription data some studies
have analysed differences in medication prescription and practice behaviour
due to training and education of the physicians (Ekedahl et al., 1995;
Figueiras et al., 2000).

This study aims at mapping the spatial patterns of medication
reimbursement prevalence for five different medication groups at the level of
the municipalities in Belgium. The association between medication
reimbursement prevalence and environmental or socio-economic indicators are
further analyzed. A geographical interpretation of the link between
medication reimbursements and environmental and socio-economic factors is
proposed here.

5.2 Data and methods

5.2.1 Medication purchases

Health insurance is compulsory in Belgium and thus nearly all residents in
the country are enrolled in the Health Security System (98%). In this System,
big part of healthcare expenditure, including most medication prescribed by
physicians, is reimbursed by one of the seven Belgian health insurance funds.
The Intermutualistic Agency (IMA-AIM) is an umbrella organization that
centralizes all information on healthcare reimbursements collected by all
Belgian health insurance funds. Information on reimbursed medication is
coded using the ATC (Anatomical Therapeutic Chemical) code (World
Health Organization and Norwegian Institute of Public Health, 2013). After
medication prescription by a medical doctor and the purchase of that
medication at a Belgian pharmacy (including hospital pharmacies), the ATC
codes are registered in the health insurance system. It should be noted that a
small part (2%) of the population living in Belgium is not covered by the
social security system and, therefore, not included in this study. These
correspond to undocumented immigrants, people with complex social
problems (like homeless), or employees of international bodies (EU, NATO,
etc.). The database does not include non-reimbursable medications. It is
worth pointing out that the purchase of a medication does not necessarily
imply its consumption.

In this study, medication reimbursement information is provided at the
municipality level for all 589 municipalities in Belgium for each individual
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who was reimbursed after purchasing a specific medication at least once in a
calendar year. Information on its actual use, frequency of use, or about
comorbidities, meaning, in this case, the presence of the same individual in
more than one medication groups, cannot be deducted from the data. Also,
this data does not provide information on the frequency of purchase of the
medication in one year. An average prevalence over 3 years (2012-2013-2014)
is here considered to minimize the effect of small numbers (statistical and
privacy issues). Prevalence is here defined as the number of cases divided by
the total population registered in the Belgian health security system within
the municipality. Age-standardised yearly prevalence is expressed by 100
inhabitants (Age-Standardised Medication reimbursement Prevalence, noted
here as ASMP), and is computed separately for men and women. Details on
the methodology used to create the ASMP can be found in Costa et al.
(2019).

We here limit our investigation to five medication groups corresponding
to health disorders potentially related to environmental conditions, according
to the scientific literature. Table 5.1 presents the target system, the ATC
codes, the name of the codes and the abbreviations used in this paper for each
medication group. The first group (RS) includes medications for respiratory
obstructive diseases such as asthma or Chronic Obstructive Pulmonary Disease
(COPD), the second (CVS) includes medications used to reduce blood pressure
and to treat other cardiovascular problems like ischemic diseases; the third
(LIP) includes medications prescribed to reduce hyperlipidemia, the fourth
(IS) includes local and systemic medication for treating allergy symptoms (topic
and systemic), and the fifth (CNS) includes drugs acting on the central nervous
system mainly indicated to treat symptoms of anxiety and depression.

5.2.2 Study area

Belgium is a small but densely populated Western European country (374
inh/km?). It is divided into three administrative regions: Flanders in the
North (tight urban network, high level of urbanization), Wallonia in the
South (greener, less densely populated, looser city network) and the Brussels
Capital Region (BCR) in the center. The BCR corresponds to the city center
of Brussels, while the urban agglomeration sprawls into both Flanders, in the
Province of Vlaams-Brabant, and Wallonia, in the Province of Brabant
Wallon. Vlaams-Brabant and Brabant Wallon were once part of the same
province (former Brabant), but now they are separated and belong to
Flanders and Wallonia respectively, and are administratively, politically and
linguistically different. Belgium is further divided into provinces (10 provinces
+ BCR) illustrated in figure A.1 (in the Appendix), and 589 municipalities.
The municipality of Herstappe was removed from the analyses because of its
small size (88 inhabitants in 2018) (StatBel, 2018).
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Table 5.1. Groups of medications used in this study

Target system ATC code Name
RS Respiratory system RO3 Drugs for obstructive
airway diseases
CVS Cardiovascular system BO1A Antithrombotic agents
Co1 Cardiac therapy
Co2 Antihypertensives
C03 Diuretics
co7 Betablocking agents
Co8 Calcium channel blockers
C09 Agents acting on
renin-angiotensin system
LIP Lipids C10 Lipid modifying agents
IS Immune system (allergy) DO04A Antipruritics ®
R0O6 Antihistamines
for systemic use P
CNS  Central nervous system NO05 Psycholeptics
NO06 Psychoanaleptics

2incl. antihistamines, anesthetics, etc. (Dermatologicals) P(Respiratory)

The three Regions have separate political administrations, different
language (Dutch in Flanders, French in Wallonia, German in the
German-speaking community in Wallonia, and both Dutch and French in the
BCR) and different universities delivering medical degrees.  Healthcare
policies and reimbursement criteria are defined at the national level.

5.2.3 Environmental and socio-economic variables

We gathered information on several relevant environmental (ENV) and socio-
economic (SE) characteristics at the level of the municipalities. Both data on
air pollution and green spaces were available environmental indicators.

Data on air pollution was provided by the Belgian Interregional
Environment Agency (Irceline, 2018), including data on the average values of
Particulate Matter 2.5 (PMsyj5), Particulate Matter 10 (PMjp), Nitrogen
Dioxide (NOg), and Black Carbon (BC) in 2015 are used, as measured by
over 100 fixed monitoring stations in Belgium. The data is then further
modelled using 4x4km cells. Such monitoring stations are more dense in
urban areas than in rural areas. The use of such large cells smooths the
effects of the extremes values, and has therefore to be interpreted with
caution. Variables on green spaces were obtained from the Corine Land Cover
dataset (European landuse dataset) developed by the European Environment
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Agency (European Environmental Agency, 2007), more details about this
data source can be found in chapter 3, in section 3.2.1. Here we used the
percentage of green spaces (hereafter "Total GS") in each municipality, and
the average distance to the nearest green space (hereafter "Ave Near GS').
For the purposes of this study, four typologies of green spaces were summed:
urban green, forests, pastures and agricultural land, and semi-natural areas.

Socio-economic variables were limited to a set often used in epidemiology
and health geography. We include here variables associated to socio-economic
deprivation. We used the share of unemployed persons in the 18-64 year-old
population (noted "Unemployed”), the share of individuals aged 25-34 with
primary educatio<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>