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Abstract
Air quality is of paramount importance to human health and well-being, and it is part of one of
the sustainable development goals (Goal number 3: Good health and well-being). According to
the European Environmental Agency (EEA), among all others, the commercial, institutional,
and household sectors showed the lowest reduction in pollutant emissions between 2000 and
2016. Due to climate awareness, there is an increasing trend of biomass use as a residential
source of heating. Moreover, the increasing costs of fossil fuels and the economic deterioration
in many countries in Europe are considered important factors for increasing the dependence on
solid fuels by households.
However, several health hazards are triggered due to exposure in emissions originating from
wood smoke. The World Health Organisation (WHO) estimates that more than 50.000 deaths
in Europe are caused by household air pollution. The number of premature deaths in the
Netherlands in 2015 has been estimated to amount to 9.800, due to exposure to elevated P.M2.5
concentrations. Nevertheless, it is yet unclear to which degree these mortality cases are
associated with the effects of residential wood burning.
The aim of this thesis is to estimate the P.M2.5 air pollution that is attributable to residential
wood-combustion in the Netherlands. An accurate prediction of P.M2.5 concentrations will
facilitate national authorities to undertake actions in order to mitigate the ambient air pollution,
thereby protecting the human health and the environment. The first research question that this
thesis attempts to deal with is: Which are the health effects that are caused by wood burning?
The second research question relates to: Can statistical analysis identify the contribution of
residential wood burning to the concentration of air pollution in the atmosphere in the
Netherlands? Lastly, how can the health effects from residential wood burning in the
Netherlands be quantified?
The main health impairments that result from a long-term exposure to P.M2.5 air pollution from
dwellings are lung cancer, respiratory and cardiovascular diseases. Statistical analysis, based
on a multiple linear regression model designed to identify the contribution of residential wood
burning to ambient P.M2.5 air pollution, indicated that P.M2.5 concentrations on weekends in
winter are higher than in other seasons. Specifically, P.M2.5 air concentrations on weekends in
winter (September to February) reach almost 1 μg/m3 due to wood combustion from
households. The spatial interpolation performed in geographic information system (GIS)
showed that there is an association between the highest levels of P.M2.5 air pollution due to
wood combustion and woodland areas in the Netherlands. Quantification of premature
mortality, based on health risk assessment analysis, showed that the total deaths in the
Netherlands account to 2.263, as a consequence of residential wood burning. The health related
morbidities considered for the assessment performed in this thesis included lung cancer,
respiratory and cardiovascular diseases.
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1. Introduction
Clean air is considered an essential element of human health and well-being. Air quality is
closely related to the Sustainable Development Goals (SDGs) adopted by all United Nations
(UN) member states in 2015 in New York (Nam, U. V. 2015). Specifically, SDG-3, which is
referred to good health and well-being, focuses on substantially decreasing the number of deaths
and diseases caused by air pollution by 2030 (Health - United Nations Sustainable Development
2015). Air pollution is considered second to climate change biggest environmental problem
(Air quality in Europe – EEA 2018 Report). At the European level, the European Union (EU)
has formulated legislation, e.g. Ambient Air Quality Directives (Ibid), for improving the quality
of air by controlling emissions of harmful substances released into the atmosphere.
The main sectors that contribute to emissions of air pollutants in Europe are (i) transport, (ii)
commercial, institutional, and households, (iii) energy production and distribution, (iv)
industry, and (v) agriculture and waste (Air quality in Europe – EEA 2018 Report). The sector
that this thesis focuses on is the emissions that originate from households and especially, from
residential wood combustion in the Netherlands. The commercial and residential combustion
sectors have been considered in many cities in Europe as the second largest contributors to
overages of particulate matter (PM) and Nitrogen Dioxide (NO2) (Viana, M., et al., 2015). The
European Environment Agency (EEA) has reported that the commercial, institutional, and
household sectors, compared to the rest, have shown the lowest reduction in emissions from
2000 to 2016 (Air quality in Europe-EEA 2018 Report). Interestingly, the residential
combustion accounts to the majority of PM2.5 emissions, contributing up to 44% of the total
PM2.5 emissions in the EU (Denier Van Der Gon, H. A. C., 2015). The greenhouse gas (GHG)
emissions from the residential combustion sector were 20% in 2012 in the Netherlands (Ibid).
Over the last decades and primarily due to climate awareness, there is an increasing use of
biomass as a residential source of heating. Specifically, it is considered a renewable source of
energy and the EU promotes its use, striving to achieve the goal of a minimum 20% share of its
gross energy consumption from renewable sources in 2020 (EC, 2009). Biomass, as a form of
solid fuel, contributes to about 10-15% of the global energy demand (Viana, M., et al., 2015).
In developed countries, biomass contributes between 9 and 14% to the energy supply, whereas
in developing countries biomass has a higher percentage (Ibid). In the Netherlands, the amount
of renewable energy sources in 2016 in the total primary energy supply (TPES) was 5.1%, or
158 petajoules (PJ). In 2016, biomass amounted to three-quarters of the TPES of renewable
energy sources, sharing a 75.1% (IEA Bioenergy, 2018) (Figure 1). In the Netherlands, one of
the main sources of bioenergy is the solid biomass, contributing to 51 PJ, of which the
residential sector consumed 19 PJ of solid biomass in 2016 (Ibid). Biofuels is the main source
of renewable energies, featuring an increase of 36% since 2006. Solid biofuels constitutes the
main body of all biofuels and are still highly in use for the heating of residential boilers (Ibid)
(Figure 2).
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Figure 1: Total primary energy supply of Renewable Energy Sources in the Netherlands in 2016
(Source: World Energy Balances © OECD/IEA 2018)

Figure 2: Development of total primary energy supply from bioenergy in the Netherlands (1990 – 2016)
(Source: World Energy Balances © OECD/IEA 2018)

Environmental concerns are not the only reasons that households adapt to the use of woodburning stoves. According to studies conducted in Norway and Denmark (Lillemo, S. C. et al.,
2013, Petersen, L. K. 2008, Nyrud, A. Q. et. al., 2008), the economic benefit in using wood for
domestic heating on households is also a strong factor. Moreover, the sense of homeliness and
cosiness that wood-stoves or fireplaces provide motivates people to use this kind of appliance
as well. It can also be considered a recreational activity, when users, as part of their daily
routine, do the logging or taking care of the equipment. Furthermore, autonomy in household
heating seems to play a key role in choosing such kind of wood-stove. Besides, the decoration
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is also a factor that influences users to install a wood-stove, as it can provide the sense of good
home in addition to increasing the overall value of the house (Lillemo, S. C. et. al, 2013).
Subjective norms influence people to use bioenergy for heating purposes as well. It is socially
acceptable and it has an important impact on people attitudes (Nyrud, A. Q., et al., 2008).
Nevertheless, emissions from residential wood burning are an important source of many
chemical substances that are considered toxic, contributing to the ambient air pollution and
impairing human health (Viana, M., et al., 2015). Fireplaces, wood, and pellet stoves are the
basic appliances that households use for heating. Each heating appliance emits chemical
substances, which in turn are harmful to the human health due to their toxicity. Chemical
substances that this thesis is concerned about are particulate matter (PM), polycyclic aromatic
hydrocarbons (PAHs), and black carbon (BC). Further, the following health related morbidities
caused by residential wood combustion are discussed in this thesis and include: lung cancer
(LG), respiratory symptoms such as chronic obstructive pulmonary disease (COPD) and acute
respiratory infection (ARI), and cardiovascular diseases (CVDs).

Heating Appliances
Fireplaces
Solid fuel open fireplaces are the simplest combustion devices and usually used as a
complementary form of heating, or for aesthetic reasons. Fireplaces though have significant
amount of emissions of PM, as well as PAHs and BC, released into the ambience. The mean
emission of PM2.5 is 820 grams per GigaJoule (g/GJ) (EMEP/EEA 2016), whereas mean
emissions of benzo[a]pyrene are 121 micrograms per GigaJoule (μg/GJ) (Ibid). Finally, the
mean emissions of BC (based on total particles) are 7% of PM2.5 (Alves, C., et al., 2011).
Wood Stoves
Wood stoves are enclosed appliances that produce heat transmitted to the surroundings by either
radiation or convection. There are two main types of solid fuel stoves, up-draught and downdraught (EMEP/EEA 2016). According to EEA, down-draught wood stoves have higher
emissions in comparison to up-draught. Wood stoves are also divided into two main subgroups
depending on how heat is transmitted, radiating and convection stoves. Mean emissions of
PM2.5, benzo[a]pyrene, and BC from radiating and convection stoves are 740g/GJ, 121mg/GJ,
and 10% of PM2.5, respectively (Alves, C., et al., 2011).
Pellet Stoves
Pellet stoves are advanced wood stoves using an automatic feed for pelletized fuels, such as
wood pellets. It is speculated that they emit fewer emissions because they are able to reach high
combustion efficiencies, by providing the proper air/fuel mixture ratio in the combustion
chamber at all times (EMEP/EEA 2016). Mean emissions of PM2.5, benzo[a]pyrene, and BC
9

from pellet stoves are 60 g/GJ (Denier Van Der Gon, H. A. C., et al., 2015), 10 mg/GJ (Boman,
C., et al., 2011), and 15% of PM2.5, respectively (Schmidl, C., et al., 2011).
Chemical Substances
Wood consists principally of cellulose and lignin polymers, which during the combustion
process break up and produce a variety of smaller molecules. Due to biomass combustion,
generated chemicals are released in the biomass smoke (Naeher, L. P., et al., 2007). Groundlevel ozone (O3), Nitrogen dioxide (NO2), Sulphur dioxide (SO2), and PM are well known
chemical substances that have broadly been studied and considered to negatively impact the
human health. Especially, PM with a diameter of 2.5 micrometres (μm), or less, is a primary
public health concern (WHO, 2019).
Particulate matters
PM can be defined as carbon, smoke, soot, stack solid, and fly ash. The PM from residential
wood combustion is dominated by submicron (<1μm) particles with a mass diameter between
0.1 and 0.6μm (Boman, B. C., et al., 2003). In general, there are many terms describing airborne
particles and their deposition in the respiratory tract. PM with aerodynamic diameters (≥ 2.5
μm) are referred to as ‘respirable’ and are capable to penetrate the alveolar or gas-exchange
region of the lungs. PM with diameter ≥ 10 μm are mentioned as ‘thoracic’ and are able to
agglutinate in the tracheobronchial region. Finally, a fraction of particles is ultrafine or
mentioned as nanoparticles with diameters ≤0.1 μm (IARC, Volume 95).
According to EEA, emitted PM can be classified into three categories of fuel combustion
products. The first category is shaped via gaseous phase combustion or pyrolysis that results
from incomplete combustion of fuels. Soot and organic carbon particles, as well as secondary
organic carbon due to the presence of hydrogen and oxygenated species, are formed during
combustion. Other compounds that are formed due to pyrolysis or incomplete combustion are
carbon monoxide, mineral compounds, volatile organic compounds, sulphuric and nitric
compounds, as well as heavy hydrocarbons (EMEP/EEA 2016). The second and third category,
it is likely to contain ash particles that are produced from mineral matter in the fuel. They
contain heavy metals, salts, oxides, as well as black and elemental carbon (Ibid).
WHO has set an annual average concentration of 10 μg/m3 as the long-term guideline value for
PM2.5. WHO argues that it is difficult to suggest a threshold value below which no adverse
health effects can be anticipated. However, according to studies, cities that are faced with longterm exposures to PM2.5 concentrations higher than 10μg/m3 increase the risk for negative
consequences in human health (WHO, 2005). Hence, an annual mean concentration of 10μg/m3
may be considered the least harmful. The EU has nonetheless reported an annual average
concentration of 25μg/m3 for PM2.5 (Air quality in Europe – EEA 2018 Report).
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Polycyclic Aromatic Hydrocarbons (PAHs)
Emissions from residential wood combustion are also rich in PAHs and especially
Benzo[a]pyrene (BaP). Emissions of PAHs are results of incomplete conversion of fuels, or
because of low temperature in the combustion process which in turn increases their emissions
(EMEP/EEA 2016). PAHs are present in the gas and particle phase, with the latter having higher
cancer potency (Tian, L. 2005). In gas-phase biomass, smoke contains also some components,
such as benzene, 1,3-butadiene and formaldehyde, which may be potentials for carcinogenesis.
The most commonly reported PAHs are: acenaphthylene, anthracene, benzo[a]anthracene,
benzo[b]fluoranthene, benzo[a]pyrene, benzo[ghi]perylene, benzo[k]fluoranthene, chrysene,
dibenz[ah]anthracene, fluoranthene, fluorene, indeno[1,2,3-cd] pyrene, naphthalene,
phenanthrene, and pyrene (IARC, Volume 95).
Black Carbon (BC)
Black carbon is also formed due to incomplete combustion of organic compounds with the lack
of oxygen, oxidizing the organic species to carbon dioxide and water (EMEP/EEA 2016).
Atmospheric aerosols contain many organic compounds, which in turn form BC. BC is
synthesized by unique physical properties that can absorb a high amount of solar radiation and
thereby, making it an important climate force and contributor to global warming (Bond, T. C.,
et al., 2013). BC emissions are assumed to be reduced proportionally to PM2.5 ones, as there is
not a specific technique to measure them. Thus, emission control techniques that limit emissions
of PM2.5 will also reduce emissions of BC (EMEP/EEA 2016).
Health Effects
Several health effects derive from emissions that originate from wood combustion. WHO
estimates that more than 50.000 deaths in Europe are caused by household air pollution, which
is attributed to the total 500.000 deaths due to ambient air pollution in Europe. Specifically, the
number of premature deaths in the Netherlands due to PM2.5 are 9.800 in 2015 (Air quality in
Europe – EEA 2018 Report). The total number of premature deaths globally due to ambient air
pollution is 7 million each year, as stated by WHO (WHO, 2019). The international Agency for
Research on Cancer (IARC) has announced PM as carcinogenic, including emissions that are
generated from household combustion use of solid fuels (Loomis, D. et al., 2013). Studies have
shown that exposure to particles from biomass combustion is related to not only respiratory but
also cardiovascular diseases (CVDs) (Chafe, Z. et al., 2015). Particles in wood smoke harm the
human health by impairing cells and causing oxidative stress, lung damage, and direct cellular
toxicity (Ibid). PAHs are likely to cause many of these effects too (Ibid). Further, BC is likely
to carry a broad variety of chemicals to the lungs, the body's defense cells, and perhaps the
circulatory system (Ibid). According to Chafe, Z. et al., (2015), Central Europe is the region
with the highest average of P.M2.5 that are released from residential heating in the atmosphere,
having the second highest proportion of premature deaths and disability-adjusted life years
(DALYs) per year (Table 1).
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Table 1: Residential heating contribution to outdoor P.M2.5 and burden of disease (selected regions)

1990 and 2010 (Source: Chafe, Z. et al., 2015)

Trend
According to the European Biomass Association (AEBIOM), the residential sector had the
highest amount, in absolute numbers, of consumption of bioheat in Europe from 2005 to 2015
(Calderón, C., et al., 2017) (Figure 3). AEBIOM predicts that the trend of biomass for heat in
the residential sector will continue to linearly increase until 2020 (Ibid) (Figure 4). EEA also
forecasts that the trade in wood pellets in the EU will increase until 2030, reaching 11.6Mtoe
by 2030, when in 2014 the predicted amount was 2.2Mtoe (Ibid). According to the Dutch
national energy scenario, the consumption of bioenergy will be doubled by 2025 and it is
expected to increase even more by 2035 (IEA Bioenergy 2018) (Figure 5).

Figure 3: Evolution of bioheat (2000-2015) in EU-28 (Ktoe). (Source: European Bioenergy Outlook).
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Figure 4: Evolution of biomass for heat in the residential sector between 2000 and 2015 in EU-28 (ktoe), and
projections until 2020. (Source: European Bioenergy Outlook).

Figure 5: Past and expected future development of renewable energy in the Netherlands until 2035.
(Source: Nationale Energieverkenningen, PBL, 2017)

According to Chafe, Z. et al., (2015), the contribution of primary PM2.5 emissions from biomass
combustion coming from households heating is expected to increase in the future, even though
there is decreasing in absolute terms. Economic deterioration, increasing costs of fossil fuels
and considerations in renewable sources of energy are strong reasons for increasing the
dependence on solid fuels (Ibid). In addition, BC emissions that are produced from residential
combustion are also expected to increase in the coming years (Figure 6).
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Figure 6: Black carbon emissions from the common major sources in the EU-28 (1990-2030)
(Source: Chafe, Z. et al., 2015)

Purpose of the Study
The aim of the study is to estimate the air pollution that is attributable to residential woodcombustion in the Netherlands. An accurate estimation of P.M2.5 concentrations in the
atmosphere can further facilitate the national model of the Netherlands to identify the sources
of air pollution. Moreover, it will help national authorities to undertake actions in order to
mitigate the ambient air pollution and thereby, protect the human health and the environment.
The scope of this thesis will take into consideration the Netherlands at its entirety.

Research Questions
RQ1. Which are the health effects that are caused by residential wood burning?
RQ2. Can statistical analysis identify the contribution of residential wood burning to the
concentration of air pollution in the atmosphere in the Netherlands?
RQ3. How can the health effects from residential wood burning in the Netherlands be
quantified?

2. Methodology
2.1 Case study description
The Netherlands was selected as study area for this thesis. In 2017, the last reference year that
the EU published air quality data, the annual average concentration of P.M2.5 was 11,32μg/m3
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(European Environment Agency, 2019) with a threshold value at 25μg/m3 and the highest limit
at 10μg/m3 set by WHO. However, the contribution of the residential wood-combustion to the
total P.M2.5 concentrations is not yet clear.
2.1.1 The Netherlands
The geographical position of the Netherlands in Western Europe is flanked by Belgium and
Germany with north latitude between 53°33'22'' and 50°45'4'' and east longitude between
3°21'30" and 7°13'42" (Figure 7). The total area of the Netherlands is 41,543 square kilometres
(km2). Land covers 33,880 km2 and water 7,645 km2 of the country. In 2019, the population of
the Netherlands was 17.282.163 based on Central Bureau of Statictics, (CBS). The population
growth per 1.000 of total population is 5.9 (Ibid). The Netherlands is sub-divided into twelve
provinces: Drenthe, Flevoland, Friesland, Gelderland, Groningen, Limburg, Noord-Brabant,
Noord-Holland, Overijssel, Utrecht, Zeeland, and Zuid-Holland. The provinces are further
divided into 390 municipalities.

Figure 7: The study area (created in GIS).

2.2 RQ1: Which are the health effects that are caused by residential wood burning?
Emissions from residential wood burning are an important source of many chemical substances
that are considered toxic, contributing to the ambient air pollution and damaging human health
(Viana, M., et al., 2015). The impact of residential wood combustion on air quality is immense
and the exposure of people to emissions from wood smoke is related to severe health effects,
increasing the attention over the last years. According to the literature, the exposure to wood
15

smoke is higher in developing countries (Smith, K. R. 2014). However, there is evidence that
the population in developed countries is also exposed to high PM concentration, as well as other
chemical substances. For instance, in March 2014, a severe air pollution was recorded with high
PM concentration in Europe (Viana, M., et al., 2015). A study in Denmark showed that
household wood burning was responsible for 47% of national P.M2.5 emissions in 2002 (Naeher,
L. P., et al., 2007). In Australia, in 2000, emissions produced by household wood burning
accounted for 85% of the annual P.M10 emissions (Jordan & Seen 2005).
Short-term as well as long-term exposure to emissions from combustion of wood is considered
as harmful to health as exposure to particles from the combustion of fossil fuels (Chafe, Z. et
al., 2015). According to WHO, air pollution is second to tobacco smoking leading cause of
deaths from non-communicable diseases (NCDs) (WHO, 2019). The main NCDs related to air
pollution are lung cancer and respiratory symptoms; in particular acute lower respiratory
infection (ALRI) and chronic obstructive pulmonary disease (COPD), (Ibid). Epidemiological
studies have shown that CVDs, e.g. ischaemic heart disease, are also a common concern
associated with the exposure to wood smoke (Chafe, Z. et al., 2015). Nowadays, there is a
growing body of literature addressing many adverse health effects caused by residential wood
combustion. This thesis therefore focuses on the aforementioned diseases, which are partly
associated with the exposure to chemical components and more specifically, to P.M with
diameter less or equal to 2.5μg/m3.
A literature review of epidemiological and toxicological studies was used to support our
analysis. Studies in developed countries, such as the United States of America (USA), Canada,
the Central and Eastern Europe, and the United Kingdom (UK), indicate that there is an
association between exposure to ambient P.M2.5 air pollution coming from households and
impaired quality of human health.
Epidemiological studies (Sarigiannis, D. Α., et al., 2015; Pope & Dockery 2006) have shown
that PM can agglutinate in the human respiratory tract (HRT). In particular, particulate matter
depending on the aerodynamic diameter can be found in the upper respiratory system, in the
tracheobronchial region of the HRT, and in the pulmonary/alveolar region causing lung cancer
(Sarigiannis, D. Α., et al., 2015).
Except for lung cancer, emissions from residential wood burning may also cause additional
health ailments that are related to the respiratory tract. Studies have shown that exposure to
wood smoke causes respiratory symptoms, such as COPD and ALRI, for instance, which are
further described in details below (Chafe, Z. et al., 2015).
Chronic obstructive pulmonary disease (COPD)
COPD is a leading cause of mortality and morbidity all over the world (Soriano, J. B., et al.,
2017). According to the definition that is given for COPD, the pulmonary disease is
characterized by airflow limitation that is not fully reversible. The airflow limitation is usually
16

progressive and associated with an abnormal inflammatory response of the lungs to noxious
particles or gases (Rabe, K. F., et al., 2007). Airway diseases such as obstructive bronchiolitis
and parenchymal destruction, such as emphysema, influence or exacerbate the chronic
limitation characteristic of COPD (Ibid). Chronic and progressive dyspnoea, cough, and sputum
production are well-known symptoms of COPD (Ibid). Smoking has been characterized as the
most prevalent factor for the disease. However, other risk factors such as wood smoke are
considered prominent for the development of COPD, since they have also been observed to
non-smokers (Gan, W. Q., et al., 2013).
Acute lower track infection (ALRI)
Outdoor and indoor air pollution coming from the use of solid fuels are important factors for
resulting in acute respiratory infection (ARI). ARI is an important cause of death in elderly
people, although it is considered to having a large impact on young children too (Desai, M. A.,
et al., 2004). Specifically, ARI is the most common cause of illness in children. Three to five
millions of deaths annually are attributable to ARI in children younger than five years of age,
of which 75% are from pneumonia (Smith, K. R., et al., 2000). ARI is divided into two basic
subcases: upper respiratory tract infections (URI) and lower respiratory tract infections (ALRI)
(Ibid). The WHO mentions the following symptoms that are related to URI: cough with or
without fever, blocked or runny nose, sore throat, and ear discharge. ALRI include severe ARI,
involving infection of the lungs, with pneumonia to be the most severe symptom. ALRI includes
also the symptoms that are observed in URI with the addition of rapid breathing, and/or chest
in drawing, and/or stridor (Ibid). Air pollutants decrease the specific and non-specific defence
mechanisms and as a result, pollutants could increase the occurrence of ARI in the respiratory
tract (Fishman, A. P., et al., 1998).
Lastly, particulate matters with aerodynamic diameter ≤ 2.5 have the ability to cross the alveolar
membrane and enter the circulation, wherein they can interact directly with the vascular
endothelium and cardiac cells (McCracken, J. P., et al., 2012), causing many CVDs.
2.3 RQ2: Can statistical analysis identify the contribution of residential wood burning to
the concentration of air pollution in the atmosphere in the Netherlands?
Estimating the impact of wood burning on the P.M2.5 concentrations in the ambient air pollution,
a machine learning (ML) model was designed. Specifically, multiple linear regression was
chosen to perform the statistical analysis. The aim of designing an advanced ML model was the
possibility to forecast the daily P.M2.5 concentrations that originate from houses in the
Netherlands. Prior to investigating the contribution of residential areas to P.M2.5 air pollution at
different time frames during the week and on the weekends, it was necessary to design the
model. For this purpose, an initial step was to identify key independent variables which together
with a dependent variable (P.M2.5 concentration) would comprise the model. The dependent
variable as well as the explanatory variables were processed and created firstly in ArcGIS and
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then imported in Microsoft excel for running and performing the model for the statistical
analysis.
2.3.1 Visualization in Space and Input Data: ArcGIS
The Netherlands was imported as shapefile to ArcGIS. Shapefiles with the entire country,
provinces and municipalities administration boundaries were retrieved from DIVA-GIS
(http://diva-gis.org/). Data with the concentration of P.M2.5 in the Netherlands was provided.
The dataset included 25 stations across the country, measuring P.M2.5 air pollution from
01/08/2014 to 01/05/2018 (d/m/y), every day, and the time step was the 24-hour clock. Stations
were imported from excel to ArcGIS based on their latitude and longitude and along with the
shapefile of administration boundaries of the Netherlands were visualized in ArcGIS (Figure
8).

Figure 8: Provinces of the Netherlands and PM2.5 Stations (created in GIS)

Measurement stations are sub-divided into three main categories: street stations, city
background stations, and background stations. The website Luchtmeetnet, initiative of the
Ministry of Infrastructure and the Environment, the National Institute of Public Health and the
Environment (RIVM), and other public organisations display the measured air quality on
several measuring stations in the Netherlands and provide the following definitions for each
category. Air quality of street stations is mainly determined by road traffic emissions. In city
background stations, many people live close to these locations but there are no busy roads,
ports, or industrial areas in the proximity. Finally, in background stations, a few people live at
this location and there are no busy roads, ports, or industrial areas close by
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(https://www.luchtmeetnet.nl/). The data that were provided for this thesis contain eight
background stations, eight city background stations, and nine street stations.
2.3.2 Land Use Classification
The visualization of stations in space was done in order to be able to identify the sources that
contribute to P.M2.5 air pollution. For instance, the contribution of residential areas or industrial
activities to P.M2.5 pollutants. The area that each sector spans around the measurement stations
was included later in the statistical analysis for identifying the contribution of residential wood
burning to the concentration of P.M2.5 air pollution.
For the identification of the area that each class covers around the measurement stations, the
Corine Land Cover (CLC) 2018 was used. There are various land cover classifications, however
Corine was selected as it is used in many studies that take into consideration land use cover for
modelling air pollution (Janssen, S., et al., 2008, Beelen, R., et al., 2013). Moreover, Corine
dataset is easily available and accessible.
Therefore, the CLC was downloaded from Copernicus Land Monitoring Service
(https://www.copernicus.eu/en/services/land) in a form of raster dataset, having 100m spatial
resolution, and imported in GIS. Using the tool extract by mask, the imported CLC raster was
clipped into the study area. The Corine classification provides three levels of classification.
Level 1 is consisted of five main classes, level 2 of 15 classes, and the third level contains even
more specific information about the land use cover and is consisted of 44 classes (Table 2). In
this thesis, it was important to distinguish and separate the residential areas from the rest of
artificial surfaces. Artificial surfaces are categorized in four main classes: (i) urban fabric, (ii)
industrial, commercial, and transport units, (iii) mine, dump, and construction sites, and (iv)
artificial, non-agricultural vegetated areas. In category urban fabric, there are two classes:
continuous urban fabric and discontinuous urban fabric. According to the definitions of CLC,
continuous urban fabric represents urban structures and transport networks which dominate the
surface areas. More than 80% of the land surface is covered by public service and
commercial/industrial buildings, transport network, residential buildings, parking lots, concrete
or asphalt surfaces (Kosztra, B., et al., 2017). Discontinuous urban fabric represents permanent
residential built-up areas, residential suburbs and individual houses, areas of multi flat or multistorey houses forming built-up areas, and other similar types of houses having as well gardens
or lawns (Ibid). Considering that in the Netherlands apartment buildings in cities do not have
fireplaces inside houses, as compared to other cities in Europe, it was decided to split
continuous urban fabric class from the discontinuous counterpart. Moreover, discontinuous
urban fabric class covers better the domain of residential areas, which use fireplaces, including
not only individual houses but also residential suburbs and multi flat houses that use fireplaces
as well.
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Table 2: Level of classification from CLC
CLC_CODE LABEL1
111
112
121
122
123
124
131
132
133
141
142
211
212
213
221
222
223
231
241
242
243
244
311
312
313
321
322
323
324
331
332
333
334
335
411
412
421
422
423
511
512
521
522
523
999
990
995

Artificial surfaces
Artificial surfaces
Artificial surfaces
Artificial surfaces
Artificial surfaces
Artificial surfaces
Artificial surfaces
Artificial surfaces
Artificial surfaces
Artificial surfaces
Artificial surfaces
Agricultural areas
Agricultural areas
Agricultural areas
Agricultural areas
Agricultural areas
Agricultural areas
Agricultural areas
Agricultural areas
Agricultural areas
Agricultural areas
Agricultural areas
Forest and semi natural areas
Forest and semi natural areas
Forest and semi natural areas
Forest and semi natural areas
Forest and semi natural areas
Forest and semi natural areas
Forest and semi natural areas
Forest and semi natural areas
Forest and semi natural areas
Forest and semi natural areas
Forest and semi natural areas
Forest and semi natural areas
Wetlands
Wetlands
Wetlands
Wetlands
Wetlands
Water bodies
Water bodies
Water bodies
Water bodies
Water bodies
NODATA
UNCLASSIFIED
UNCLASSIFIED

LABEL2

LABEL3

Urban fabric
Urban fabric
Industrial, commercial and transport units
Industrial, commercial and transport units
Industrial, commercial and transport units
Industrial, commercial and transport units
Mine, dump and construction sites
Mine, dump and construction sites
Mine, dump and construction sites
Artificial, non-agricultural vegetated areas
Artificial, non-agricultural vegetated areas
Arable land
Arable land
Arable land
Permanent crops
Permanent crops
Permanent crops
Pastures
Heterogeneous agricultural areas
Heterogeneous agricultural areas
Heterogeneous agricultural areas
Heterogeneous agricultural areas
Forests
Forests
Forests
Scrub and/or herbaceous vegetation associations
Scrub and/or herbaceous vegetation associations
Scrub and/or herbaceous vegetation associations
Scrub and/or herbaceous vegetation associations
Open spaces with little or no vegetation
Open spaces with little or no vegetation
Open spaces with little or no vegetation
Open spaces with little or no vegetation
Open spaces with little or no vegetation
Inland wetlands
Inland wetlands
Maritime wetlands
Maritime wetlands
Maritime wetlands
Inland waters
Inland waters
Marine waters
Marine waters
Marine waters
NODATA
UNCLASSIFIED LAND SURFACE
UNCLASSIFIED WATER BODIES

Continuous urban fabric
Discontinuous urban fabric
Industrial or commercial units
Road and rail networks and associated land
Port areas
Airports
Mineral extraction sites
Dump sites
Construction sites
Green urban areas
Sport and leisure facilities
Non-irrigated arable land
Permanently irrigated land
Rice fields
Vineyards
Fruit trees and berry plantations
Olive groves
Pastures
Annual crops associated with permanent crops
Complex cultivation patterns
Land principally occupied by agriculture, with significant areas of natural vegetation
Agro-forestry areas
Broad-leaved forest
Coniferous forest
Mixed forest
Natural grasslands
Moors and heathland
Sclerophyllous vegetation
Transitional woodland-shrub
Beaches, dunes, sands
Bare rocks
Sparsely vegetated areas
Burnt areas
Glaciers and perpetual snow
Inland marshes
Peat bogs
Salt marshes
Salines
Intertidal flats
Water courses
Water bodies
Coastal lagoons
Estuaries
Sea and ocean
NODATA
UNCLASSIFIED LAND SURFACE
UNCLASSIFIED WATER BODIES

Further, a reclassification was done in GIS in order to merge the classes into fewer for the
purpose of this thesis. The reclassify tool was used for merging the 44 classes of label 3
classification to 6 classes, separating only, as it is mentioned above, the discontinuous urban
fabric, representing the residential areas in the country. Consequently, the classes are residential
areas, other artificial areas, agriculture areas, forests and semi nature areas, wetlands and water
bodies, representing the surface of the country (Figure 9). Finally, the reclassified layer of the
study area was converted from raster to vector dataset, using the tool Raster to Polygon, in order
to have each land use class to polygon instead of pixels. The reason for vectorization (transform
raster to vector) the dataset was to use the area that each land class occupies around the
measurement stations in the statistical model as an independent variable. It is also worth
mentioning that many polygons of the same class were allocated around the measurement
stations. Thus, polygons that belonged to the same class were summed in order to have the total
area of each class that occupied around the stations.
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Figure 9: Land use classes (created in GIS)

For the calculation and identification of the classes that were allocated around each station, the
creation of buffer zones around the monitors was decided. The creation of buffer zones was one
more reason for performing vectorization. Thus, five buffer zones were created with radii 1000,
2000, 3000, 4000, and 5000 meters. The creation of buffer zones with mentioned radii was
decided following examples from relevant studies (Moore, D. K., et al., 2007 Mao, L., Qiu, et
al., 2012). The buffer zone of 4000 meters considered more appropriate based on the statistical
analysis performed, exhibiting lower standard deviation as compared to the other radii.
Therefore, with the use of the identity tool, a new dataset was created, including land use (LU)
type of each class within the 4000 meters radius (Figure 10). The unit of the area of each LU
type that was included in the model was in square meters (m2).
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Figure 10: Example of land use classes within the buffer zone including monitoring stations (created in GIS)

2.3.3 Additional variables created in ArcGIS
Roads and Traffic intensity
Except for the LU types that were included in the statistical model, it was decided that more
independent variables were necessary to be involved, in order to improve the predicted value
of the model. For this reason, a dataset of roads in the Netherlands was downloaded in shapefile
form from Geofabrik (http://www.geofabrik.de/). The roads dataset was imported in ArcGIS
and highways, primary, and secondary roads were chosen from the dataset. The inclusion of the
aforementioned road types ensured that within each buffer zone there would be the area (in
length) that roads cover inside the buffer zones. Using the intersect tool, a new dataset was
created, having not only the LU types inside the buffer zones but also highways, primary, and
secondary roads. The unit area that roads cover was the total length of all roads expressed in
meters (m).
Furthermore, it was decided that the traffic intensity had to be one more independent variable
for the model. Initially, the traffic intensity per road was downloaded from CBS Open data
Statline (https://opendata.cbs.nl/). Data from traffic intensity per road contain information
mainly from highways and motorways. There were buffer zones/stations that included these
types of roads in their area. From ArcGIS, the respective table from the layer which contained
the roads was downloaded and imported on an excel sheet. The reason was to match the
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reference codes of highways and the other type from the Geofabric dataset with the reference
codes of traffic intensity per highway downloaded from CBS. Hence, it was ensured that each
type of road would have the correct traffic intensity.
In the statistical model, the traffic intensity of each road was included. In some cases, more than
one highways was within the buffer zones. In such cases, the average of traffic intensity of all
roads was calculated. The measurement unit was the number of automobiles that passed from
the highways per hour. However, some highways were not intersected with the buffer zone and
as a consequence, no data about traffic intensity were available. To deal with the issue, adding
the traffic intensity per region, which was also downloaded from CBS, was chosen to fill the
gap.
The reference period for both datasets from CBS (traffic intensity per road and region) was until
the year of 2017. As it is stated above, the total dataset for the concentration of P.M2.5 was until
2018. In order to also have data for 2018, a hypothesis of traffic intensity per road and per
region was performed for 2018 as well. At first, the traffic intensity difference was calculated
from 2014 to 2015, 2015 to 2016, and 2016 to 2017. Then for each year, the increase or decrease
in traffic intensity per road and region was calculated and expressed in percentage. For example,
the traffic difference from 2014 to 2015 was divided with the traffic intensity of the year 2014.
Thereinafter, the average difference of all years was calculated and subsequently multiplied
with the traffic intensity of the year 2017. The result was added to the traffic intensity of 2017
and by following this approach, the traffic intensity of 2018 was calculated. The unit was
passenger cars per hour (PCPH) (Table 3). The independent variable of traffic intensity, which
was included in the model, contained the average traffic intensity per region from 2014 to 2018
for the areas that roads did not intersect with the buffer zone. The average of traffic intensity
per road was included in the model for the same years for areas that only one highway
intersected. Lastly, the average of all roads was also included in the model, in cases where more
roads appeared within the buffer zone for the same years. The calculation was performed in
excel.
Table 3: Calculation of traffic intensity per region for 2018 (PCPH)

Traffic density per region
Limburg
South Holland
Utrecht
Gelderland
Overijssel
Friesland

2014 2015 2016 2017 2014 to 2015 Percent 2015 to 2016 Percent2 2016 to 2017 Percent3 Average Percentage Calculated Traffic 2017 to 2018
1,986 2,065 2,074 2,155
79 4%
9
0%
81
4%
3%
60
2,215
2,825 2,898 2,940 2,998
73 3%
42
1%
58
2%
2%
60
3,058
4,107 4,229 4,287 4,367
122 3%
58
1%
80
2%
2%
90
4,457
2,499 2,572 2,546 2,480
73 3%
-26
-1%
-66
-3%
0%
-6
2,474
1,468 1,513 1,464 1,484
45 3%
-49
-3%
20
1%
0%
6
1,490
1,201 1,226 1,165 1,132
25 2%
-61
-5%
-33
-3%
-2%
-22
1,110

Distance to Forest
The distance of each monitoring station to forest was selected to be one more independent
variable in the model. There was the assumption that if a station/location is close to a forest
area, households are likely to use woods for heating purposes. For calculating the distance, the
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select tool from ArcGIS was initially used, in order to keep from the reclassified layer with land
use types only the polygons that were referred to forest class. Having a new layer with forests
and the monitoring stations, the near tool was used for calculating the distance of each monitor
to the closest polygon/forest. The value was distance in meters.
Houses with Chimney
One more independent variable that was considered an important feature for the model was the
inclusion of houses with chimney. Initially, it was attempted to calculate or approximate houses
with chimney inside the buffer zone via google earth. However, it was rather difficult to count
and observe houses with a chimney on google earth, as the spatial resolution was not as high to
as possible in order to detect them. Moreover, it was time consuming to count houses within a
4000 m radius.
For the aforementioned reasons, another approach was followed. For the CBS, a dataset with
the total number of houses per municipalities was downloaded from 2014 to 2018. Next, in GIS
a new layer was created having the classes that were mentioned in chapter 2.3.2 but per
municipalities. This time, the shapefile with municipalities’ administration boundaries was used
instead of the country as a whole. A new layer was created, having the area that each land use
type covers per municipality and not only per the radius of 4000 m. Moreover, according to
Hulskotte, J. H. J., et al., (1999), the percentage of houses with a chimney in the Netherlands is
estimated to be 25%.
Having thus the sum of residential area cover per municipality, the number of houses of the
municipality, the area of houses within the 4000 m buffer zone, and the estimated percentage
of houses that use chimney in the Netherlands, the following calculations could be performed.
At first, the density of houses was calculated, by dividing the total number of houses from 2014
to 2018 per municipality with the total area of houses in the municipality.
𝐷=

𝑁
𝐴

where N is the number of houses in the municipality and A is the total area of houses in the
municipality.
Then, by multiplying the density of houses in the municipality with the area of houses within
the radius, the number of houses within the 4000 m radius could be obtained.
𝑁𝑟𝑎𝑑𝑖𝑢𝑠 = 𝐷 ∗ 𝐴𝑟𝑎𝑑𝑖𝑢𝑠
where D is the density of houses in the municipality and A is the area of houses within the
radius.
At the end, the estimated percentage (25%) of houses with chimneys in the country was
multiplied by the number of houses within the radius.
24

𝑁𝑐ℎ𝑖𝑚𝑛𝑒𝑦 = 0.25 ∗ 𝑁𝑟𝑎𝑑𝑖𝑢𝑠
The calculation was performed only for areas/municipalities that monitoring stations are
located. The unit of residential areas that cover the municipalities was in square meters (m2).
By applying this method, it was possible to compute the houses with chimneys inside each
buffer zone and also include the houses with chimneys as an independent variable in the model
(Appendix A).
Data Projection
The shapefiles of all datasets were converted from coordinate reference system (CRS)
Amersfoort / RD New to planar (XY) coordinate system. Therefore, the union system used for
assessing all data sets was the Projected Coordinate System: WGS_1984_UTM_Zone_32N
with Projection: Transverse Mercator with Linear Unit: meter. This conversion was done as
UTM since it is considered more accurate for calculations within a country level, instead of
using CRS Amersfoort / RD New.
2.3.4 Analysis in Time
Finishing with the spatial analysis and creating the independent variables in ArcGIS, the next
step was to perform temporal analysis. For the identification of contribution of residential wood
burning to the concentration of air pollution, a multiple linear regression model was designed.
The aim was to investigate if there is a linear relationship between the dependent variable and
the independent variables. The relationship is determined by the coefficient of determination
(r2), which is a predictor expressing how much of the variation in outcome can be explained by
the variation in the independent variables. Nevertheless, the model which was herein considered
is multiple regression and therefore, the adjusted R square is more important than the R square
(Cheusheva, S. 2019). Moreover, an important factor was also to estimate the regression
coefficients (b) of the explanatory variables and mainly the β coefficient of residential areas.
By calculating the coefficient of residential areas, it was possible to estimate P.M2.5 air pollution
that is directly attributable to residential wood-combustion in the Netherlands. The formula for
multiple linear regression is:
𝑦 = 𝐵0 + 𝐵1 ∗ (𝑋1 ) + 𝐵2 ∗ (𝑋2 ) + 𝐵3 ∗ (𝑋3 ) … 𝐵𝑖 ∗ (𝑋𝑖 )
where y is the dependent variable, B0 is the y-intercept (constant), Bi is the coefficient for each
independent variable, and Xi is the explanatory variables.
Running the model and having the model’s output, the regression coefficient of residential areas
was considered for the multiplication with the independent variable (residential areas). The
equation was:
𝑦 = 𝐵1 ∗ 𝑋1
where y is the dependent variable, B1 is the coefficient of residential areas, and X1 is the
explanatory variable (residential areas).
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Therefore, independent variables were residential, artificial, agriculture, forest, wetland and
water body areas, the sum of length-area covered by roads, average traffic intensity per region
and the average traffic intensity of all roads, distance to forest, and houses with chimneys. The
dependent variable was P.M2.5 concentrations from monitoring stations.
Separation of dataset in different periods
Temporal analysis of P.M2.5 concentrations was done at different time frames. Specifically, the
aim was to investigate the P.M2.5 air pollution that originates from houses at different seasons,
days, and hours. It was assumed that from September to February, and especially on weekends
between 18:00 and 24:00 or from 21:00 to 24:00, the P.M2.5 air pollution from houses would be
higher as compared to other months and days. Based on this assumption, the model was
performed having the following datasets:


A dataset, having the average of P.M2.5 concentrations from September to February
(winter period), including all days and hours.



A second dataset, having the average of P.M2.5 concentrations in winter period with the
difference that only Friday, Saturday, and Sunday from 18:00 to 24:00 were included.



A dataset, containing all months and years with the exception that the days which were
included were Friday, Saturday, and Sunday between 18:00 and 24:00, and another
dataset referring to the same time period but from 21:00 to 24:00.



Finally, a dataset encompassing one specific day, Thursday was selected, for all seasons
from 18:00 until 24:00 and from 21:00 until 24:00.

The separation of the datasets described above was made in order to estimate households’
contribution to ambient air pollution at different seasons and times. Moreover, the separation
should address the aforementioned assumption that households use more often the woodstoves
over the winter period and on the weekends from approximately 18:00 to 24:00.
Further, as mentioned in chapter 2.3.1, monitors are spread out in different locations across the
country and for this reason, it was decided to execute the models by separating the stations. The
goal was to investigate the influence of different stations, as their positions are likely to affect
the output and the subsequent prediction of P.M2.5 caused by residential areas. Hence, the
models were executed including street stations and city background stations only, as well city
background stations and background stations only.
At last, the average of the actual P.M2.5 concentrations per season were included in the model
as a response variable. For instance, for the winter dataset that included only the weekends,
1.861 observations were used, whereas for the winter dataset including all days and hours,
17.403 observations were utilized. For all years’ dataset from 18:00 to 24:00 and from 21:00 to
24:00, 4.913 and 1.942 observations were used, respectively. Finally, the Thursdays’ datasets
from 18:00 to 24:00 and from 21:00 to 24:00 included 1.635 and 819 observations, respectively.
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P.M2.5 observed data that were involved in the models as a response variable are provided on
the appendix (Appendix B).
Parameters to Validate the Model
One of the key parameters was to capture the correlation between P.M2.5 concentrations and the
other parameters of our dataset. Moreover, to validate predicted values, the Root Mean Square
Error (RMSE) was performed. RMSE estimates residuals (prediction errors), informing how
concentrated the data is around the line of best fit.
(𝑃𝑖 − 𝑂𝑖 )2
𝑛
𝑖=1
𝑛

𝑅𝑀𝑆𝐸 = √∑

where Σ is the summation of all values, Pi is the predicted values, Oi is the observed values,
and N the number of observations. Lower RMSE values indicate a better fit.
Furthermore, an important assumption of regression analysis is that all explanatory variables
are statistically independent (Liang, K. Y., & Zeger, S. L. 1993). Based on this assumption, all
explanatory variables were tested in order to examine if there is multicollinearity. Based on the
literature, the cutoff of multicollinearity between independent variables is 0.5 (Vatcheva, K. P.,
et al., 2016), but often it is also suggested to set the threshold at 0.8 (Berry, W. D., et al., 1985).
Correlation between independent variables was performed in excel, using the correlation option
from the data analysis tools.
One more key assumption for multiple linear regression analysis is that the errors between
observed and predicted values should be normally distributed. Normality refers to whether
residuals are equally distributed or they are used to cluster at some values and spread apart
(Bischoff, W., et al., 2005). To examine the aforementioned assumption, residuals can be
plotted in a form of histogram or a normal probability plot Onyiah, L. C. (2008). Herein, it was
chosen to test the normal distribution of models’ residuals by a histogram.
Another parameter for interpreting the output of the model was the significant F value. It
provides information around the result’s reliability. If the F value is less than 0.05 (5%), the
model can be considered reliable. If it is greater than 0.05, it is recommended to choose another
independent variable/s or model (Ibid).
Finally, the p-value was one more parameter to test the performance of regression coefficients.
It indicates when a coefficient is likely to be reliable. The significance level is below 0.05
(Camm, J. D. 2017).
The model was designed and performed in Microsoft excel by activating the analysis ToolPak.
The activated feature adds data analysis tools on the Data tab and regression is one option,
among others, to perform statistical analysis.
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Dealing with missing values
An important aspect that had to be taken into account was to deal with missing values of the
initial dataset provided. Some stations did not have values for some hours and consequently,
some cells were blank. Thus, a decision about how to deal with missing values had to be made,
in order to continue the process and the statistical analysis. It was decided to include the missing
values and not to remove blank cells/hours. For filling the cells with values of P.M2.5
concentrations, it was decided to perform an interpolation and thereby, fill in the cells. The
interpolation was made by using the NumXL time series software for Microsoft excel. Values
from above and below the blank cells were interpolated and subsequently filled with the
estimated values. In this way, it was possible to have a complete dataset and continue with the
statistical analysis.

2.3.5 Visualization of P.M2.5 concentrations from houses: ArcGIS – Kriging
To finish with the statistical analysis and obtain the P.M2.5 air pollution concentrations from the
households in the Netherlands, an interpolation technique in ArcGIS was applied in order to
forecast them. Interpolation predicts values from cells in a raster from a partial amount of
sample’s data points. It is used mainly to forecast areas with unknown values. It is based on
Tobler’s first law of geography “everything is related to everything else, but near things are
more related than distant things” (Miller, H. J. 2004). Therefore, it was possible to predict
P.M2.5 air pollution for areas that did not have monitoring stations, based on values from the
sample points (stations). For data interpolation, it was decided to use Kriging’s technique
instead of other interpolation methods, such as Inverse Distance Weighted or Spline for
instance. The reason is that Kriging includes statistical relationship among the measured points
(autocorrelation) and it is considered an advanced geostatistical procedure, giving higher
accuracy to the forecasted values than other techniques. Consequently, a series of P.M2.5 surface
maps were generated in ArcGIS for each period.

2.4 RQ3 How can the health effects from residential wood burning in the Netherlands be
quantified?
2.4.1 Datasets for Analysis
Having estimated the concentration of air pollution from residential wood combustion, it was
attempted to quantify mortality rates due to P.M2.5 exposures. As it has already been mentioned,
the diseases that this thesis has taken into consideration are: lung cancer, respiratory symptoms,
and cardiovascular diseases.
Initially, deaths for each category were downloaded from CBS. In the CBS, there were many
categories in terms of cardiovascular and respiratory diseases. For cardiovascular diseases, the
following classes were chosen: ischemic heart diseases and cerebrovascular diseases. For
respiratory symptoms, the subsequent cases were selected: total chronic lower respiratory
diseases, pneumonia, and other diseases related to the respiratory system. The period for the
mortality data considered was from 2014 to 2018 (Table 5). Further, the population per province
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was also downloaded from CBS. For the impact analysis, the average of deaths of all years per
case category was used.
Table 5: Deaths from diseases in the Netherlands from 2014 to 2018

Deaths from diseases of the circulatory system
Ischaemic heart diseases
Cerebrovascular diseases
Total Diseases

2014

2015

2016

2017

2018

8,874 9,003 8,640 8,337 8,434
9,336 9,635 9,507 9,199 9,198
18,210 18,638 18,147 17,536 17,632

Deaths from diseases of the respiratory system
Total chronic lower respiratory diseases
Other diseases of the respiratory system
Pneumonia
Total Diseases

Deaths from lung cancers (Neoplasms)
Mal. neoplasm of bronchus and lung (Lung Cancer)

2014

2015

2016

2017

2018

5,868 7,076 6,696 7,016 7,079
1,620 1,865 1,815 1,919 2,037
2,899 3,369 3,130 3,540 3,715
10,387 12,310 11,641 12,475 12,831
2014

2015

2016

2017

2018

10,351 10,426 10,687 10,390 10,357

2.4.1 Methodology for Risk Assessment
A human health risk assessment was applied, based on Hein, L., et al (2019) and Ostro, B.,
(2004). Primarily, the relative risk (RR) and the attributable fraction (AF) of premature
mortality for the aforementioned diseases due to long-term exposure to P.M2.5 were calculated.
According to Tenny, S., & Hoffman, M. R. (2019), the relative risk is defined as the ratio of the
probability of an event occurring in the exposed group versus the possibility of the event
occurring in the non-exposed group. Based on the definition from WHO, AF is the
“proportional reduction in population disease or mortality that would occur if exposure to a risk
factor were reduced to an alternative ideal exposure scenario”. The formula for RR is the
following:
𝑋+1 𝑏
𝑅𝑅 = [
]
𝑋𝑜 + 1
where, X refers to the average PM2.5 (μg/m3) inhaled per period of observation, Xo is the lowest
P.M2.5 (μg/m3) inhaled per period (as the lowest effect) and β is the excess mortality per unit
increase in P.M2.5 with suggested β coefficients 0.1551 for CVDs, 0.23218 for LC, and
0.00259375 for respiratory symptoms (Hein, L., et al 2019).

The equation for estimating AF is:
𝐴𝐹𝑑 = 𝑅𝑅𝑑 (𝑋) − 𝑅𝑅𝑑 (𝑋𝑜)
where, RRd is the relative risk of disease (Ibid).
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Next, the baseline mortality risk for three types of health case categories was calculated by
dividing the mortality average per disease with the total population of the country. The baseline
mortality risk for CVDs, LC, and RS was 0.003, 0.001, and 0.001, respectively. Furthermore,
the total number of mortality cases due to long-term exposure to P.M2.5 air pollution was
calculated using the equation:
𝐸 = 𝐴𝐹 ∗ 𝐵 ∗ 𝑃
where, AF (attributable fraction), B is the baseline mortality risk, and P is the population.
For calculating the portion of P.M2.5 inhaled by residents, which is used to calculate the RR, the
following calculation was made. The population per province was summarized. Then, the
population density per province was calculated (including only provinces with monitors) by
dividing the population per province with the total population of all provinces. Further, having
the P.M2.5 concentrations caused by households for each station, the average P.M2.5 was
calculated from monitors which belonged to the province (for instance the Groningen province
has two stations: Europaweg and Nijensteinheerd) during the period of observation. The next
step was to multiply the average P.M2.5 concentrations for each province with the density of
each province. Hence, the P.M2.5 inhaled per year per province could be estimated for all years
(2014-2018). In the end, the P.M2.5 inhaled for all years was computed, averaging all the
estimated P.M2.5 inhaled per year and per province. The average P.M2.5 inhaled was used as X
in the equation for estimating RR for case category and the lowest observed value of P.M2.5
inhaled was used as Xo.
Finally yet importantly, it was decided to predict P.M2.5 air pollution per year and
station/province, because on a later stage, except for the total premature mortality of the
country, the mortality per province based on 2018 population was also calculated. Moreover,
the P.M2.5 concentration varies in the Netherlands and therefore, the inhaled air pollution from
residents per province and health impacts caused by the pollution would diverge as well. For
this reason, it is assumed that the effect is likely to be higher in some places compared to other
regions.

3. Results
3.1 RQ 1: Literature review of health effects that are caused by residential wood burning
3.1.1 Lung Cancer
A study conducted in six Central and Eastern European countries and in the United Kingdom
examined the contribution of combustion smoke from cooking and heating at home to the
development of lung cancer. Study subjects included 2.861 cases and 3.118 controls in Czech
Republic, Hungary, Poland, Romania, Russia, Slovakia, and the United Kingdom (Lissowska,
J., et al., 2005). The results of Lissowska, J., et al., (2005) showed that the odds ratios (OR) of
lung cancer were significantly increased for those who used solid fuel both for cooking and
heating, reaching 1.24 compared with those who never used and had OR 1.00. The risk for lung
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cancer was higher for those who utilized solid fuel for cooking than for heating. For those who
used solid fuels for cooking only, the OR was higher (1.37) than those using solid fuels only
for heating (1.08). Moreover, when the time period of using solid fuel for cooking or heating
increased, the OR of lung cancer increased as well. In this study, the lifetime in years was
expressed in percentage subdivided in three categories >0-25, >25-50 and >50. The ORs of
lifetime for cooking >0-25 was 1.10, for >25-50 was 1.18, and for >50 was 1.52. On the other
hand, the ORs of lifetime for heating >0-25 was 1.08, for >25-50 was 1.13, and for >50 was
1.35. Regarding individuals who used only wood for cooking, the ORs of lung cancer was 1.23,
whereas for heating it was 1.31. Finally, users of solid fuels for cooking throughout their entire
lives had OR 1.80, in comparison to those who had switched to modern fuels, having OR 1.16
(Ibid).
3.1.2 Respiratory Symptoms
Results for COPD
Gan et al., (2013) conducted a study in British Columbia, Canada, investigating the association
of long-term exposure to elevated traffic-related air pollution and wood smoke pollution with
the risk of COPD hospitalization and mortality. In terms of the exposure to wood smoke
pollution, the study concluded that subjects who lived in higher wood smoke areas were 15%
more prone to be hospitalized than those who lived in lower wood smoke areas (Ibid).
Nevertheless, there was no association between exposure to wood smoke on COPD and
mortality (Ibid).
A study in Spain from Orozco-Levi, M., et al., (2006) examined the association between wood
smoke exposure and the development of COPD in females requiring hospitalization. Females
included in the study were more than 50 years old and smokers, as well as non-smokers. Mean
exposure time was 16 years. Results showed that exposure to wood smoke increased the risk of
COPD by ORs 1.8.
Results for ALRI
A study by Robin, L. F., et al., (1996) in Navajo, USA, examined the correlation of ALRI and
exposure to domestic smoke. The study involved children between 1 and 24 months of age that
were hospitalized after being diagnosed with ALRI. The results indicated that the risk of
hospitalization with an ALRI was 5-fold higher for children living in houses that cooked with
wood, as compared to children living in houses that cooked with gas or electricity. In addition,
houses that used only wood as an energy source for cooking and heating had much higher
concentration of respirable particles, with average 85.6 μg/m3, compared to houses that used
gas or electricity alone, with average 22.2 μg/m3. Children living in houses with concentration
of respirable particles ≥65 μg/m3 the OR was increased 7-fold, in comparison with children
who lived in houses with a respirable particle concentration less than 65 μg/m3.
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Another study in the Navajo area conducted by Morris, K., et al., (1990) examined the
probability of ALRI due to wood-burning stoves. Subjects were again children 24 months old,
or younger, and they had been diagnosed with pneumonia and bronchiolitis. According to the
results, the odds ratio for respiratory illness exposure was 4.23 for houses using wood burning
stoves.
3.1.3 Cardiovascular Diseases
Unosson, J., et al., (2013) found that 3 hours exposure to wood smoke can provoke changes in
central arterial stiffness and heart rate variability, using fourteen subjects. The study showed
that after the exposure to wood smoke augmentation index, augmentation pressure and pulse
wave velocity, which are parameters measuring arterial stiffness, were all higher. Moreover,
the exposure to wood smoke appears to have similar acute and transient effects on central
arterial stiffness, as pollution coming from diesel exhaust.
Further studies (Pandey, M. R. 2012, Emiroglu, Y., et al., 2010) showed that exposure to wood
smoke influences the development of cor pulmonale and right heart dysfunction. Brain (B-type)
natriuretic peptide (BNP) is a hormone released primarily from the ventricular myocytes in
response to myocardial stretch (McCracken, J. P., et al., 2012). Plasma BNP levels have been
shown to correlate with left ventricular end-diastolic pressure.
Emiroglu et al., (2010) examined the effect of exposure to household air pollution on the right
ventricle function and the association between right ventricle function and BNP levels. The
study involved two groups of women. The first group involved women with average 66±9 years
who underwent 167±107 h/year exposure to firewood and dried cow dung smoke, and the
second group was composed of 31 females with average 64±11 years that were not exposed in
high concentrations of household air pollution. Both groups were non-smokers. BNP levels
were higher in group 1 than group 2 (44±2 picograms per milliliter (pg/ml) vs 28±19 pg/ml).
Inflammation, oxidative stress, and coagulation factors are mechanisms that could increase the
risk of coronary events and atherosclerosis. Barregard, L. et al., (2006) examined healthy
individuals, investigating whether short-term exposure to wood smoke affects markers for CVD
risk factors. The study examines healthy humans who were exposed to wood smoke at 240 to
280 μg/m3 during 24 h sessions one week apart. Subjects showed a significant increase to Serum
amyloid A (SAA) after 3 and 20h exposure to wood smoke. According to McCracken, J. P., et
al, (2012), this acute-phase protein is a predictor of cardiovascular risk. It is associated with
inflammation and thought to play a role in atherosclerosis. The study also showed increased
urinary excretion of 8-iso-prostaglandin F2-alpha, a major isoprostane and a marker of free
radical-mediated lipid peroxidation.
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3.2 RQ 2: Can statistical analysis identify the contribution of residential wood burning to
the concentration of air pollution in the atmosphere in the Netherlands?
In the subsequent sections, the results of the statistical analysis are presented. Outcomes are
based on the multiple linear regression model that was designed to identify the contribution of
residential wood combustion to the total P.M2.5 concentrations in the Netherlands. First, by
estimating the regression coefficients (β) of all explanatory variables that were involved in the
model, we managed to predict P.M2.5 concentrations in the Netherlands using the following
formula:
𝑦 = 𝐵0 + 𝐵1 ∗ (𝑋1 ) + 𝐵2 ∗ (𝑋2 ) + 𝐵3 ∗ (𝑋3 ) … 𝐵𝑖 ∗ (𝑋𝑖 )
Then, the regression coefficient (β) of residential areas was multiplied by the independent
variable (residential areas) for predicting P.M2.5 air pollution caused by households due to wood
burning. The equation was:
𝑦 = 𝐵1 ∗ 𝑋1
3.2.1 Correlation between independent variables
The correlation between independent variables was examined in order to identify if there is
multicollinearity among the explanatory variables (Table 6). It can be pointed out that some of
the explanatory variables are highly correlated, based on the cut-off 0.5 and 0.8 values. For
instance, the area of roads with houses with chimney are highly correlated, having 0.87
correlation. Moreover, residential and artificial areas are also correlated, having 0.77
correlation. In addition, it can be observed that residential areas with area of roads as well as
artificial areas with area of roads are also strongly correlated. Finally, it appears a strong
correlation between artificial areas and houses with chimney, with 0.76 correlation.
Table 6: Correlation matrix between independent variables

Explanatory Variables Residential Areas Artificial Areas Agriculture Forest Wetlands Water Bodies Distance to Forest Area of Roads Traffic Intensity Houses with Chimney
Residential
1
Artificial Areas
0.77
1
Agriculture
-0.60
-0.61
1
Forest
-0.14
-0.31
-0.21
1
Wetlands
-0.19
-0.24
0.26 -0.17
1
Water Bodies
0.00
0.25
-0.05 -0.40
0.06
1
Distance to Forest
0.27
0.38
0.08 -0.43 -0.13
0.23
1
Area of Roads
0.76
0.87
-0.66 -0.18 -0.20
0.12
0.33
1
Traffic Intensity
0.17
0.39
-0.21 -0.08 -0.32
0.40
0.25
0.46
1
Houses with Chimney
0.62
0.76
-0.65 -0.25 -0.20
0.08
0.30
0.87
0.41
1

3.2.2 Winter Dataset (All Stations)
Results from winter periods’ datasets were coupled in order to allow for the comparison of
model’s outputs. The winter-weekends dataset (Friday-Saturday-Sunday) from 18:00 to 24:00
gives better results, as compared to the dataset that included all days and hours during winter
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time (Table 7). Multiple R, R Square, Adjusted R Square, as well as Significance F, and
Correlation (between Observed and Predicted values) indicate a stronger prediction. Especially,
the significance F value is low, showing that the performance of the model is high. Besides, the
adjusted R square of winter on weekend dataset is higher than the winter dataset. However, the
RMSE value is lower in winter than on weekends at the same period, indicating least error.
Table 7: Parameters of Validation Winter Datasets

Parameters of Validation
Multiple R
R Square
Adjusted R Square
Significance F
RMSE

Winter Winter on Weekends
0.70
0.83
0.49
0.69
0.13
0.46
0.29
0.03
0.87
1.04

Moreover, the estimated regression coefficients and p-values for both datasets are provided for
each independent variable (Table 8).
Table 8: Regression Coefficients and P-Values of Independent Variables

Explanatory Variables
Coefficients in Winter Coefficients in Winter (on weekend)
Intercept
1.21E+01
1.12E+01
Residential
6.73E-14
7.34E-14
Artificial
-1.36E-13
-1.79E-13
Agriculture
-2.16E-14
-1.10E-14
Forest
-2.13E-14
4.72E-14
Wetlands
-7.78E-14
-1.21E-13
Water Bodies
-9.87E-14
-1.77E-13
Distance to Forest
-8.11E-05
-1.62E-04
Area of Roads
1.60E-05
3.90E-05
Traffic intensity
3.74E-01
4.37E-01
Houses with Chimney
-8.78E-06
-1.32E-05
P-Values Independent Variables Winter
Winter on Weekends
Residential
0.14
0.17
Artificial
0.28
0.23
Agriculture
0.53
0.78
Forest
0.74
0.54
Wetlands
0.54
0.43
Water Bodies
0.38
0.19
Distance to Forest
0.56
0.33
Area of Roads
0.38
0.08
Traffic intensity
0.31
0.32
Houses with Chimney
0.44
0.33

P-value of area of roads, in weekends’ dataset, indicates that it is approaching the threshold
level of 5%. Except for the regression coefficient of the area of roads, the p-values of the other
explanatory variables, as well as the regression coefficients, indicate that they are not
statistically significant.
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Normal Distribution of Residuals in Winter and in Winter on Weekend Datasets
Histograms are provided in order to evaluate whether residuals are normally distributed (Figure
11 & 12). It can be observed that residuals in winter dataset are not normally distributed. More
specifically, there are more positive residuals indicating that the distribution is heavy tailed. In
winter on weekend dataset, residuals are not normally distributed either as they are skewed.
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Figure 11: Normality in Winter Dataset
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Figure 12: Normality in Winter on Weekend Dataset

Predicted values of P.M2.5 air pollution caused by residential areas (Winter
Dataset).
By estimating the coefficient from residential areas, the P.M2.5 concentrations from dwellings
were calculated. The values of P.M2.5 concentrations due to wood combustion of winter datasets
are given below for each station (Table 9). Utrecht Griftpark’s station has the highest P.M2.5 air
pollution, reaching 1.830 μg/m3 and 1.996 μg/m3 in winter and winter on weekend dataset,
respectively, followed by the station of Rotterdam-Schiedamsevest. The least predicted P.M2.5
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concentrations value was indicated by the station of Vredepeel-Vredeweg, reaching 0.021 and
0.023 μg/m3 for winter and winter-weekend, respectively.
Table 9: Predicted P.M2.5 concentrations caused by residential areas (Winter Dataset)

Stations
P.M2.5 (Winter) P.M2.5 (Winter-Weekend)
Vredepeel-Vredeweg
0.021
0.023
Heerlen-Looierstraat
1.314
1.433
Heerlen-Jamboreepad
1.238
1.350
Biest Houtakker-Biestsestraat
0.265
0.289
Breda-Tilburgseweg
1.187
1.294
Breda-Bastenakenstraat
1.560
1.701
Veldhoven-Europalaan
0.178
0.194
Den Haag-Rebecquestraat
0.237
0.259
Rotterdam-Schiedamsevest
1.799
1.962
Vlaardingen-Floreslaan
0.748
0.815
De Zilk-Vogelaarsdreef
0.076
0.083
Rotterdam-Bentinckplein
1.664
1.815
Wieringerwerf-Medemblikkerweg
0.058
0.064
Hilversum-J. Gerardtsweg
1.172
1.278
Utrecht-de Jongweg
1.754
1.913
Breukelen-Snelweg
0.219
0.238
Utrecht-Griftpark
1.830
1.996
Cabauw-Wielsekade
0.327
0.357
Wekerom-Riemterdijk
0.088
0.096
Nijmegen-Graafseweg
1.454
1.585
Nijmegen-Ruyterstraat
1.481
1.616
Enschede-Winkelhorst
0.150
0.163
Kollumerwaard-Hooge Zuidwal
0.040
0.044
Groningen-Europaweg
1.793
1.955
Groningen-Nijensteinheerd
0.821
0.895

3.2.3 All Years Dataset (All Stations)
Results from all years’ datasets were also coupled for comparison. A dataset having P.M 2.5
concentrations, including all months and years but only Friday, Saturday, and Sunday from
21:00 to 24:00, and another dataset, referring to the same period but from 18:00 to 24:00, were
created and compared (Table 10).
Table 10: Parameters of Validation All Years Dataset

Parameters of Validation
Multiple R
R Square
Adjusted R Square
Significance F
RMSE

All Years 21:00-24:00 All Years 18:00-24:00
0.85
0.81
0.72
0.66
0.51
0.41
0.02
0.04
0.73
0.77
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According to the outputs, the dataset from 21:00 to 24:00 shows a more valid prediction as
compared to the dataset from 18:00 to 24:00. The significant F value gives once more a desired
output, indicating high performance of the model. Nonetheless, the adjusted R square in both
datasets is not very high.
Moreover, the p-value of area of roads from the 21:00 to 24:00 dataset can be characterised
statistically significant, whereas water bodies’ p-value is approaching the desired level.
Nevertheless, p-values from the rest of explanatory variables from both datasets cannot be
considered significant. The regression coefficients show that there is no relationship between
dependent and independent variables, except for area of roads (Table 11).
Table 11: Regression Coefficients and P-Values of Independent Variables

Explanatory Variables
Coefficients All Years 21:00-24:00 Coefficients All Years 18:00-24:00
Intercept
1.04E+01
1.04E+01
Residential
3.94E-14
4.21E-14
Artificial
-1.22E-13
-1.17E-13
Agriculture
-6.40E-16
-1.38E-14
Forest
7.91E-16
4.98E-15
Wetlands
-1.14E-13
-3.06E-14
Water Bodies
-1.78E-13
-1.59E-13
Distance to Forest
-1.42E-04
-1.23E-04
Area of Roads
3.14E-05
2.71E-05
Traffic intensity
4.14E-01
3.93E-01
Houses with Chimney
-7.43E-06
-7.94E-06
P-Values Independent Variables All Years 21:00-24:00
All Years 18:00-24:00
Residential
0.29
0.28
Artificial
0.25
0.29
Agriculture
0.98
0.64
Forest
0.99
0.93
Wetlands
0.29
0.78
Water Bodies
0.07
0.12
Distance to Forest
0.23
0.32
Area of Roads
0.05
0.10
Traffic intensity
0.18
0.23
Houses with Chimney
0.43
0.43

Normal Distribution of Residuals in All Years Datasets
Histograms in all years’ datasets examining if residuals are normally distributed are given on
the figures below (Figure 13 & 14). From the histograms, it can be noticed that residuals of
both datasets are not normally distributed because they are skewed to the right.
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Figure 13: Normality in All Years dataset from 18:00 to 24:00
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Figure 14: Normality in All Years dataset from 21:00 to 24:00

Predicted values of P.M2.5 air pollution caused by residential areas (All Years
Datasets)
Predicted values of P.M2.5 concentrations resulting from households in all years are also
provided (Table 12). The stations of Utrecht-Griftpark and Rotterdam-Schiedamsevest are
shown the highest predicted value of P.M2.5 household air pollution than the other stations.
Moreover, Vredepeel-Vredeweg’s station indicates once more the lowest predicted P.M2.5
value.
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Table 12: Predicted P.M2.5 concentrations caused by residential areas (All Years Dataset)

Stations
P.M2.5 All Years (9-12) P.M2.5 All Years (6-12)
Vredepeel-Vredeweg
0.012
0.013
Heerlen-Looierstraat
0.770
0.823
Heerlen-Jamboreepad
0.725
0.775
Biest Houtakker-Biestsestraat
0.155
0.166
Breda-Tilburgseweg
0.695
0.743
Breda-Bastenakenstraat
0.914
0.977
Veldhoven-Europalaan
0.104
0.112
Den Haag-Rebecquestraat
0.139
0.149
Rotterdam-Schiedamsevest
1.054
1.127
Vlaardingen-Floreslaan
0.438
0.468
De Zilk-Vogelaarsdreef
0.045
0.048
Rotterdam-Bentinckplein
0.975
1.042
Wieringerwerf-Medemblikkerweg
0.034
0.037
Hilversum-J. Gerardtsweg
0.687
0.734
Utrecht-de Jongweg
1.028
1.099
Breukelen-Snelweg
0.128
0.137
Utrecht-Griftpark
1.072
1.146
Cabauw-Wielsekade
0.192
0.205
Wekerom-Riemterdijk
0.051
0.055
Nijmegen-Graafseweg
0.852
0.910
Nijmegen-Ruyterstraat
0.868
0.928
Enschede-Winkelhorst
0.088
0.094
Kollumerwaard-Hooge Zuidwal
0.024
0.025
Groningen-Europaweg
1.051
1.123
Groningen-Nijensteinheerd
0.481
0.514

3.2.4 Thursday Dataset (All Stations)
Outputs from Thursdays’ dataset are paired for evaluation as the previous datasets (Table 13).
Overall, there is not a significant difference between the current and previous datasets. All
indicate similar results. P–values and regression coefficients of the independent variables are
not considered statistically significant (Table 14).
Table 13: Parameters of Validation Thursday Dataset

Parameters of Validation
Multiple R
R Square
Adjusted R Square
Significance F
RMSE

Thursday 21:00-24:00 Thursday 18:00-24:00
0.77
0.76
0.59
0.58
0.29
0.28
0.12
0.12
0.84
0.79
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Table 14: Regression Coefficients and P-Values of Independent Variables

Explanatory Variables
Coefficients Thursday 21:00-24:00 Coefficients Thursday 18:00-24:00
Intercept
1.13E+01
1.09E+01
Residential
5.95E-14
5.92E-14
Artificial
-1.23E-13
-1.47E-13
Agriculture
-1.06E-14
-1.95E-14
Forest
-1.50E-14
-1.70E-14
Wetlands
-8.10E-14
-4.13E-14
Water Bodies
-1.70E-13
-1.49E-13
Distance to Forest
-1.66E-04
-1.24E-04
Area of Roads
2.24E-05
2.15E-05
Traffic intensity
3.05E-01
3.41E-01
Houses with Chimney
-9.80E-06
-9.71E-06
P-Values Independent Variables Thursday 21:00-24:00
Thursday 18:00-24:00
Residential
0.17
0.15
Artificial
0.31
0.20
Agriculture
0.74
0.53
Forest
0.81
0.77
Wetlands
0.51
0.72
Water Bodies
0.13
0.15
Distance to Forest
0.22
0.33
Area of Roads
0.21
0.20
Traffic intensity
0.39
0.31
Houses with Chimney
0.37
0.35

Normal Distribution of Residuals on Thursday Dataset
Histograms of the residuals on Thursday datasets are given below (Figure 15 & 16). Residuals
of both datasets point out that they do not follow a normal distribution, as there are many
extreme negative and positive residuals and thus, the distribution is heavy tailed.
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Figure 15: Normality on Thursday dataset from 18:00 to 24:00
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Figure 16: Normality on Thursday dataset from 21:00 to 24:00

Predicted values of P.M2.5 air pollution caused by residential areas (Thursday
Dataset)
Predicted P.M2.5 household air pollution on Thursdays’ datasets has shown below similar to the
previous datasets results (Table 15). The stations of Utrecht-Griftpark and RotterdamSchiedamsevest have shown the highest P.M2.5 household air pollution than the other stations,
whereas the station of Vredepeel-Vredeweg exhibits the lowest predicted value.
Table 15: Predicted P.M2.5 concentrations caused by residential areas (All Years Dataset)
Stations
P.M2.5 Thursday (9-12) P.M2.5 Thursday (6-12)
Vredepeel-Vredeweg
0.019
0.018
Heerlen-Looierstraat
1.162
1.155
Heerlen-Jamboreepad
1.094
1.088
Biest Houtakker-Biestsestraat
0.234
0.233
Breda-Tilburgseweg
1.049
1.043
Breda-Bastenakenstraat
1.379
1.372
Veldhoven-Europalaan
0.157
0.157
Den Haag-Rebecquestraat
0.210
0.209
Rotterdam-Schiedamsevest
1.591
1.582
Vlaardingen-Floreslaan
0.661
0.657
De Zilk-Vogelaarsdreef
0.067
0.067
Rotterdam-Bentinckplein
1.471
1.463
Wieringerwerf-Medemblikkerweg
0.052
0.051
Hilversum-J. Gerardtsweg
1.036
1.030
Utrecht-de Jongweg
1.551
1.543
Breukelen-Snelweg
0.193
0.192
Utrecht-Griftpark
1.618
1.609
Cabauw-Wielsekade
0.289
0.288
Wekerom-Riemterdijk
0.078
0.077
Nijmegen-Graafseweg
1.285
1.278
Nijmegen-Ruyterstraat
1.310
1.303
Enschede-Winkelhorst
0.133
0.132
Kollumerwaard-Hooge Zuidwal
0.036
0.035
Groningen-Europaweg
1.585
1.577
Groningen-Nijensteinheerd
0.726
0.722

41

3.2.5 P.M2.5 Concentration from all datasets and stations
Predicted P.M2.5 concentrations from residential areas for all datasets and for each station are
provided below. The predicted values for each season and station were averaged and a bar chart
was created, in order to visualise the results and identify the contribution of each season to
P.M2.5 concentrations (Figure 17). P.M2.5 pollution on weekend in winter (orange colour) shows
the highest value compared to the other datasets, reaching almost 1μg/m3, whereas the lowest
value is in all years’ dataset from 21:00 to 24:00, having 0.503 μg/m3. The output confirms the
initial hypothesis that the concentration from residential areas at a given time period (winter on
weekend) is higher than the rest of the seasons, days, and hours.
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Figure 17: The potential P.M2.5 contributions in different seasons

3.2.6 Winter Datasets (Street and City Background Stations)
Output results were also paired by following the same methodology. At first, the parameters of
validation are provided, followed by the coefficients (Table 16).
Table 16: Parameters of validation Winter Dataset (Street and City Background Stations)

Parameters of Validation
Multiple R
R Square
Adjusted R Square
Significance F
RMSE

Winter

Winter on Weekends
0.94
0.96
0.88
0.92
0.64
0.75
0.08
0.12
0.38
0.21
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Results show high correlation between observed values and predicted values. Moreover, the
adjusted R square value is quite high and thereby, shows that there is a small discrepancy
between observed and predicted values. In addition, the most p-values and regression
coefficients of the explanatory variables can be considered statistically significant, except for
forest and residential areas (Table 17).
Table 17: Regression Coefficients and P-Values of Independent Variables (Street and City Background Stations)

Explanatory Variables
Coefficients in Winter Coefficients in Winter (on weekend)
Intercept
1.24E+01
1.14E+01
Residential
1.77E-14
-4.41E-14
Artificial
-2.24E-13
-1.36E-13
Agriculture
7.46E-14
1.49E-13
Forest
-3.60E-14
1.21E-13
Wetlands
2.16E-12
3.70E-12
Water Bodies
-3.99E-13
-5.79E-13
Distance to Forest
1.29E-03
1.75E-03
Area of Roads
-3.81E-05
-3.94E-05
Traffic intensity
1.45E+00
1.53E+00
Houses with Chimney
-1.40E-05
-1.76E-05
P-Values Independent Variables Winter
Winter on Weekends
Residential
0.66
0.35
Artificial
0.08
0.29
Agriculture
0.19
0.05
Forest
0.56
0.13
Wetlands
0.08
0.02
Water Bodies
0.01
0.00
Distance to Forest
0.01
0.01
Area of Roads
0.08
0.11
Traffic intensity
0.01
0.02
Houses with Chimney
0.12
0.10

3.2.7 All Years Dataset (Street and City Background Stations)
The validation results of all years’ datasets and regression coefficients are given on the tables
below (Tables 18 and 19). Outputs show strong correlation between observed and forecasted
values, and the goodness of fit (adjusted R square) is high as well. It is worth mentioning that
the significance F value is very low, indicating high efficiency of the model performed with the
current variables. In addition, p-values can be characterized statistically significant.
Table 18: Parameters of validation all years’ datasets (Street and City Background Stations)

Parameters of Validation
Multiple R
R Square
Adjusted R Square
Significance F
RMSE

All Years 21:00-24:00 All Years 18:00-24:00
0.98
0.96
0.96
0.92
0.88
0.75
0.01
0.04
0.21
0.30
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Table 19: Regression Coefficients and P-Values of Independent Variables (Street and City Background Stations)

Explanatory Variables
Coefficients All Years 21:00-24:00 Coefficients All Years 18:00-24:00
Intercept
1.10E+01
1.02E+01
Residential
-9.64E-16
-1.34E-14
Artificial
-1.91E-13
-1.50E-13
Agriculture
5.99E-14
8.56E-14
Forest
-2.46E-14
1.85E-14
Wetlands
1.19E-12
1.82E-12
Water Bodies
-4.41E-13
-4.52E-13
Distance to Forest
9.19E-04
1.13E-03
Area of Roads
-8.21E-06
-2.10E-05
Traffic intensity
1.26E+00
1.33E+00
Houses with Chimney
-1.45E-05
-1.30E-05
P-Values Independent Variables All Years 21:00-24:00
All Years 18:00-24:00
Residential
0.97
0.68
Artificial
0.02
0.12
Agriculture
0.08
0.08
Forest
0.48
0.70
Wetlands
0.08
0.07
Water Bodies
0.00
0.00
Distance to Forest
0.00
0.01
Area of Roads
0.44
0.20
Traffic intensity
0.00
0.01
Houses with Chimney
0.02
0.08

3.2.8 Thursday Datasets (Street and City Background Stations)
Thursday’s output is given on the tables below (Tables 20 and 21). Parameters of validation
illustrate even higher efficacy of the model as goodness of fit is higher than all years’ dataset
and winter dataset. Additionally, there is a strong correlation between observed and predicted
values, and the significance F value is low demonstrating high model’s performance.
Table 20: Parameters of validation Thursday datasets (Street and City Background Stations)

Parameters of Validation
Multiple R
R Square
Adjusted R Square
Significance F
RMSE

Thursday 21:00-24:00 Thursday 18:00-24:00
0.97
0.99
0.94
0.97
0.82
0.91
0.02
0.003
0.27
0.18
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Table 21: Regression Coefficients and P-Values of Independent Variables (Street and City Background Stations)

Explanatory Variables
Coefficients Thursday 21:00-24:00 Coefficients Thursday 18:00-24:00
Intercept
1.24E+01
1.19E+01
Residential
4.79E-14
4.56E-14
Artificial
-2.68E-13
-2.91E-13
Agriculture
2.76E-14
2.11E-14
Forest
-9.61E-14
-9.15E-14
Wetlands
3.55E-13
5.13E-13
Water Bodies
-3.91E-13
-3.84E-13
Distance to Forest
7.00E-04
7.86E-04
Area of Roads
-1.51E-05
-1.62E-05
Traffic intensity
1.40E+00
1.41E+00
Houses with Chimney
-1.93E-05
-1.86E-05
P-Values Independent Variables Thursday 21:00-24:00
Thursday 18:00-24:00
Residential
0.1317
0.0510
Artificial
0.0122
0.0016
Agriculture
0.4651
0.4078
Forest
0.0635
0.0199
Wetlands
0.6297
0.3190
Water Bodies
0.0031
0.0005
Distance to Forest
0.0274
0.0036
Area of Roads
0.2762
0.1095
Traffic intensity
0.0031
0.0005
Houses with Chimney
0.0150
0.0033

3.2.9 Winter Dataset (City background and background stations)
The output of winter datasets is given on the tables further below (Tables 22 and 23), including
city background and background stations in the model by following the same methodology.
The goodness of fit in winter on weekends is higher than in winter dataset and the significance
F value approaches the threshold, which is quite high. P-values of area of roads are statistically
significant on the weekend dataset.
Table 22: Parameters of validation Winter Dataset (City Background and Background Stations)

Parameters of Validation
Multiple R
R Square
Adjusted R Square
Significance F
RMSE

Winter Winter on Weekends
0.86
0.93
0.74
0.86
0.23
0.57
0.36
0.12
0.63
0.72
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Table 23: Regression Coefficients and P-Values of Independent Variables (City Background and Background
Stations)

Explanatory Variables
Coefficients in Winter Coefficients in Winter (on weekend)
Intercept
1.23E+01
1.22E+01
Residential
5.87E-14
5.18E-14
Artificial
-1.85E-13
-2.86E-13
Agriculture
-1.65E-14
-1.62E-14
Forest
-3.39E-14
-5.79E-14
Wetlands
-7.16E-14
-1.46E-13
Water Bodies
-2.58E-13
-4.40E-13
Distance to Forest
-1.96E-04
-3.54E-04
Area of Roads
3.29E-05
6.60E-05
Traffic intensity
3.70E-01
5.41E-01
Houses with Chimney
-1.62E-05
-2.78E-05
P-Values Independent Variables Winter
Winter on Weekends
Residential
0.35
0.46
Artificial
0.30
0.18
Agriculture
0.71
0.75
Forest
0.77
0.66
Wetlands
0.61
0.37
Water Bodies
0.18
0.07
Distance to Forest
0.30
0.12
Area of Roads
0.20
0.05
Traffic intensity
0.38
0.27
Houses with Chimney
0.31
0.15

3.2.10 All Years Dataset (City background and background stations)
The validation parameters, p-values, and regression coefficients for all years’ dataset are given
on the tables further below (Tables 24 and 25). The overall performance of the model is not
high in all years’ dataset, as the adjusted R square value is very low. In addition, the significance
F value is high, indicating a low performance. Moreover, the RMSE value is also very high,
which means that the values are not clustered close to the predicted line. Hence, there is not any
relationship observed between the dependent variable and independent variables. The
regression coefficients are mainly negative, except for the same independent variables with
winter’s dataset.
Table 24: Parameters of validation All Years Dataset (City Background and Background Stations)

Parameters of Validation
Multiple R
R Square
Adjusted R Square
Significance F
RMSE

All Years 21:00-24:00 All Years 18:00-24:00
0.88
0.84
0.77
0.70
0.32
0.11
0.29
0.45
0.70
0.78
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Table 25: Regression Coefficients and P-Values of Independent Variables (City Background and Background
Stations)

Explanatory Variables
Coefficients All Years 21:00-24:00 Coefficients All Years 18:00-24:00
Intercept
1.05E+01
1.10E+01
Residential
3.28E-14
3.09E-14
Artificial
-1.17E-13
-1.44E-13
Agriculture
-3.17E-15
-2.32E-14
Forest
-4.91E-15
-4.92E-14
Wetlands
-9.57E-14
-2.99E-14
Water Bodies
-2.88E-13
-2.98E-13
Distance to Forest
-1.96E-04
-2.06E-04
Area of Roads
4.05E-05
4.11E-05
Traffic intensity
4.15E-01
4.52E-01
Houses with Chimney
-1.38E-05
-1.79E-05
P-Values Independent Variables All Years 21:00-24:00
All Years 18:00-24:00
Residential
0.63
0.68
Artificial
0.55
0.51
Agriculture
0.95
0.68
Forest
0.97
0.73
Wetlands
0.55
0.86
Water Bodies
0.18
0.21
Distance to Forest
0.35
0.37
Area of Roads
0.16
0.20
Traffic intensity
0.38
0.39
Houses with Chimney
0.43
0.37

3.2.11 Thursday Datasets (City background and background stations)
Finally, parameters and coefficients for the Thursday dataset are given on the tables below
(Tables 26 and 27). The overall model’s performance is the lowest observed as compared to
the previous ones. The adjusted R square value is negative, indicating that the outcome cannot
be explained by the included independent variables. Moreover, the RMSE and significance F
values are very high in both datasets, which is not as desired.
Table 26: Parameters of validation Thursday Dataset (City Background and Background Stations)

Parameters of Validation
Multiple R
R Square
Adjusted R Square
Significance F
RMSE

Thursday 21:00-24:00 Thursday 18:00-24:00
0.81
0.80
0.65
0.65
-0.04
-0.06
0.56
0.58
0.86
0.79
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Table 27: Regression Coefficients and P-Values of Independent Variables (City Background and Background
Stations)

Explanatory Variables
Coefficients Thursday 21:00-24:00 Coefficients Thursday 18:00-24:00
Intercept
1.14E+01
1.09E+01
Residential
5.72E-14
5.37E-14
Artificial
-8.89E-14
-1.36E-13
Agriculture
-1.50E-14
-2.27E-14
Forest
-1.16E-15
-4.67E-15
Wetlands
-3.23E-14
-9.50E-16
Water Bodies
-3.04E-13
-2.66E-13
Distance to Forest
-1.63E-04
-1.37E-04
Area of Roads
2.74E-05
2.93E-05
Traffic intensity
2.69E-01
3.25E-01
Houses with Chimney
-1.41E-05
-1.46E-05
P-Values Independent Variables Thursday 21:00-24:00
Thursday 18:00-24:00
Residential
0.50
0.49
Artificial
0.70
0.54
Agriculture
0.81
0.69
Forest
0.99
0.97
Wetlands
0.86
1.00
Water Bodies
0.23
0.26
Distance to Forest
0.51
0.55
Area of Roads
0.41
0.34
Traffic intensity
0.63
0.54
Houses with Chimney
0.50
0.46

3.2.12 Visualisation results in GIS
Having the output of the predicted P.M2.5 concentrations from households, obtained values
could then be imported and visualised in ArcGIS, by performing spatial interpolation and using
the kriging method. In specific, the ordinary kriging method was selected over the other kriging
methods, in order to execute the model more accurately. By using this method, it was possible
to capture the spatial variability of P.M2.5 air pollution that results from houses in the
Netherlands (Figures 18-23). Observed surfaces in all years and on Thursday are almost
identical, since the values do not vary a lot, and thereby small differences among the layers
cannot be seen clearly. When executing the kriging algorithm, the parameters remained the
same for every interpolated layer. For instance, the minimum (15 points) and maximum (25
points) number of points, which contain the predicted P.M2.5 concentration values, were the
same for all datasets, in order for the algorithm to search and perform the interpolation.
The maps show that in winter on weekends from 21:00 to 24:00 the air pollution is higher than
in the other seasons, reaching 1.262 μg/m3. Following on, the winter dataset shows the second
highest amount of air pollution. The dataset with P.M2.5 concentrations in all years from 21:00
to 24:00 exhibits the lowest observed air pollution. Furthermore, the southeast region of Noord
Brabant province and the north-west area of Limburg province, as well as a small area in the
west-north part of Noord Holland, are the most polluted parts in the Netherlands (in black
color). The central region of the country, which includes mainly the Utrecht and Gelderland
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provinces, along with the southern district in Limburg have the second highest allocation of
P.M2.5 air pollution (in blue color). Finally, Groningen province has the least amount of P.M2.5
concentration compared to the other provinces in the country.

Figure 18: Predicted P.M2.5 air pollution from wood smoke in the Netherlands in winter on weekends.

Figure 19: Predicted P.M2.5 air pollution from wood smoke in the Netherlands in winter
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Figure 20: Predicted P.M2.5 air pollution from wood smoke in the Netherlands in all years from 18:00 to 24:00

Figure 21: Predicted P.M2.5 air pollution from wood smoke in the Netherlands in all years from 21:00 to 24:00
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Figure 22: Predicted P.M2.5 air pollution from wood smoke in the Netherlands on Thursday from 18:00 to 24:00

Figure 23: Predicted P.M2.5 air pollution from wood smoke in the Netherlands on Thursday from 21:00 to 24:00
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Results of P.M2.5 concentrations from residential areas show a relation with woodland areas in
the Netherlands (Figure 24). It can be observed that places where the concentration from
dwellings is higher are close and/or inside woodland areas in the country, indicating to some
extent compliance.

Figure 24: P.M2.5 air pollution from wood smoke on weekends in winter and woodland areas in the Netherlands.

3.3 RQ 3: How can health effects from residential wood burning in the Netherlands be
quantified?
3.3.1 Quantification of Health Effects
The highest value of P.M2.5 concentration inhaled by residents was 0.056 (μg/m3), as derived
by the calculations. The lowest predicted value was 0.0004 (μg/m3). The baseline mortality risk
for CVDs, RS, and LG was 0.001, based on the 2018 population index for the Netherlands and
the average of deaths from 2014 to 2018 per case category. Based on the analysis performed,
the CVDs show the highest number of deaths, followed by the respiratory symptoms, while LC
exhibits the lowest amount (Table 28).
Table 28: The potential death toll due to the exposure to PM2.5 emissions from residential areas (2014-2018)

Health Case Categories
Number of Deaths Percentage
Mortality of CVDs
1,010
0.01%
Mortality of Respiratory Symptoms
668
0.004%
Mortality of Lung Cancer
585
0.003%
Total
2,263
0.01%
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The analysis per province illustrates that the highest calculated P.M2.5 inhaled due to air
pollution from dwellings was 0.135 μg/m3 in the Zuid-Holland region. The second highest
observed value was in Noord-Brabant province, reaching 0.085 μg/m3, whereas the lowest
noticed was in Friesland area, reaching 0.001 μg/m3. Accordingly, the analysis indicated that
the highest amount of premature deaths was in Zuid-Holland and the lowest in Friesland region
(Table 29).
Table 29: The potential death toll due to exposure to P.M2.5 emissions from households per province and per
disease, during a 4-year period (2014-2018)

Provinces
Mortality of CVDs Mortality of Respiratory Symptoms Mortality of Lung Cancer
Limburg
48
32
28
Noord-Brabant
227
149
131
Zuid-Holland
525
344
304
Noord-Holland
218
143
126
Utrecht
76
50
44
Gelderland
189
124
110
Overijssel
8
5
5
Friesland
0
0
0
Groningen
19
13
11

4. Discussion
Epidemiological and experimental studies report increasing evidence for an association
between wood smoke exposure and health effects, and especially elevated risks for developing
lung cancer, respiratory symptoms, and cardiovascular diseases. Based on Lissowska, J., et al.,
2005, residents who used solid fuels for cooking and heating show a higher potential to develop
lung cancer than people who do not. Moreover, the ORs for individuals who used only wood
for domestic purposes are even higher than the ORs for those who use solid fuel. Studies that
took place in USA indicate that the risk for the development of respiratory diseases is higher
for households that utilize wood for heating and cooking. Interestingly, the studies examined
the severe health effects of wood smoke to children, indicating that the risk of hospitalization
with ALRI for children living in houses that cooked with wood was 5-fold higher, as compared
to children who lived in houses that use gas or electricity for cooking (Robin, L. F., et al., 1996).
Furthermore, researchers that have examined the relationship between wood smoke and CVDs
found that parameters measuring arterial stiffness are exacerbated when individuals are exposed
to wood smoke (Unosson, J., et al., 2013). According to the aforementioned evidences, it can
be stated that pollution resulting from wood combustion is a significant source of adverse health
effects to human beings. In addition, results reported herein are in line with previous studies
that investigated adverse health effects caused by residential air pollution in developed
countries. A study (Browning et al., 1990) conducted in Seattle (USA), compared 600 homes
located in high wood smoke areas with 600 homes in a low wood smoke region in Seattle.
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Findings showed that young children are particularly sensitive to adverse effects of wood
smoke. Moreover, another study in Seattle (Schwartz et al., 1993) indicated an association
between admission to the emergency for asthma and P.M10 levels. Additionally, a study from
Naeher, L. P., et al., 2007 showed that the exposure to wood smoke is associated with adverse
health impacts, such as respiratory symptoms, cardiovascular diseases, and lung cancer.
In relation to the statistical analysis performed herein, results, including all monitoring stations,
showed that P.M2.5 concentrations in winter, and especially on weekends in winter, are higher
than the other seasons, reaching almost 1μg/m3. Outputs are in line with estimations of similar
studies (Denier van der Gon, H. A. C., et al., 2014, Wentz, E. A., et al., 2002), which also
predicted that the air pollution during winter times is higher. Datasets on weekends in winter
and in all years from 21:00 to 24:00 demonstrated higher performance than the other datasets.
In particular, adjusted R2 values (0.46 and 0.51 on weekend and all years from 21:00 to 24:00,
respectively) are approaching the determination of coefficient as predicted by Mao, L., et al.,
(2012). However, based on the results it can be stated that there is no evidence of linear relation
between the dependent variable and independent variables. Moreover, multicollinearity showed
that some independent variables were highly correlated and residuals were not normally
distributed.
The decision to include distance to forest from monitoring sites was in agreement with a study
conducted by Tian, Y. Q., et al., (2004). However, the regression coefficient of the independent
variable “distance to forest” was found negative by the model executed in this thesis, showing
opposite results from the ones anticipated. Likewise, the β coefficient from artificial areas was
also negative. However, the land use cover variables that were studied herein were also found
to be in accordance with previously reported ones (Moore, D. K., et al., 2007, Mao, L., et al.,
2012).
Furthermore, the decision to split the continuous and discontinuous urban fabrics from the
corine land cover dataset, keeping only the discontinuous to represent residential areas, was
also in line with findings in a research carried out by Denier van der Gon, H. A. C., et al.,
(2014). Besides, it is likely that there is a correlation between the level of P.M2.5 air pollution
and the accessibility of residents to wood in woodland areas, as shown by the map produced in
GIS (Figure 24). The aforementioned assumption is also confirmed by Denier van der Gon, H.
A. C., et al., (2014).
The approach that houses with chimney were computed differs from the methodology of other
studies (Plejdrup, M. S., et al., 2016, Tian, Y. Q., et al., 2004), which used census data instead.
The methodology is likely to be efficient and accurate to some extent, however there is still a
degree of uncertainty. Nevertheless, it solved an important factor that was included in the
overall analysis. Models involving only street and city background monitoring sites
demonstrated high performance. Outputs from parameters of validation were found to be
improved as compared to models that included all stations. In addition, most of the p-values
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were statistically significant in comparison to all stations. Nonetheless, there is an uncertainty
about how representative those stations are, in order to estimate air pollution for the entire
country.
Spatial – temporal analysis of P.M2.5 concentrations is also an important factor for performing
a human health risk assessment. According to the analysis performed, the total number of
premature mortality of non-communicable diseases caused by wood combustion was 2.263.
Based on WHO, the total amount of deaths of non-communicable diseases attributable to the
environment in 2012 were 14.655 (WHO, Deaths attributable to the environment). However,
WHO is involving among other indicators not only air pollution, but also soil and water
pollution (Ibid). In addition, the EEA estimated that the number of premature deaths in the
Netherlands due to PM2.5 was 9.800 in 2015 (Air quality in Europe – EEA 2018 Report). The
amount of deaths that result from exposure to wood smoke, as estimated by the risk assessment
analysis, is likely to constitute part of the total number of deaths from P.M2.5 as estimated by
EEA. The risk assessment analysis performed was shown to share similarities with other studies
(Hein, L., et al 2019, Crippa, P., et al., 2016), with the main difference being the computation
and inclusion to the relative risk equation of the P.M2.5 inhaled, instead of the average value per
period.
Improvements are likely to be achieved by addressing the following limitations. A more
comprehensive literature review, involving also BC and PAHs emitted by residential areas and
their impact on human health, may provide more insights. Especially, BC is considered a
contributor to global warming as well (Bond, T. C., et al., 2013). Moreover, techniques that
limit emissions of P.M2.5 will also reduce emissions of BC proportionally (EMEP/EEA 2016).
Concerning the statistical analysis, climate data, and especially temperature, are likely to
improve the performance of a model, or provide insights, particularly when the different
seasons are taken into consideration and the concentration of pollutants in winter is confirmed
to be higher than in the other seasons. Based on Tian, Y. Q., et al., (2004), climate conditions
were an important factor contributing to the analysis they performed. Furthermore, the
methodology that Denier van der Gon, H. A. C., et al., (2014) followed, by including the wood
consumption by residents, is likely to be a more accurate approach, instead of the distance to
forest considered herein. The aforementioned study made use of intersected population data
with land cover of woodlands data, instead of distance to forest, by including the wood
consumption as well. Hence, it was possible to some extent calculate the consumption of fuel
wood by the residents.
Other researches (Tian, Y. Q., et al., 2004, Mao, L., et al., 2012) also performed a stepwise
regression, considering a valuable method for identifying important independent variables to
improve the performance of the model. Furthermore, distinct buffer zones around roads with
different radii (Moore, D. K., et al., 2007, Mao, L., et al., 2012), testing and evaluating their
performance, are likely to provide more accurate results. In the statistical analysis conducted
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herein, roads were included to the initial buffer zone (4000 meters) that was created and it is
likely to influence the predicted P.M2.5 concentrations, either overestimated or underestimated.
In case of involving roads in the buffer zone, the distance of monitors to the roads could be a
more appropriate independent variable.
Furthermore, industrial and other manufacturing areas could be separated by the other artificial
areas. The reason is that the β coefficient was always negative, providing high uncertainty in
relation to the outputs of the model. Artificial areas, e.g. education buildings or pitches, cannot
be considered as sources of air pollution. Besides, many values were missing from the initially
provided dataset. Despite the interpolation applied to have a complete dataset, the final value
may have been affected, providing uncertainty about the accurately dependent variable.
Moreover, the year span was from 2014 to 2018. It is likely that a dataset e.g. reported P.M2.5
concentrations from the state of the Netherlands by EEA to have a wider reference period, in
order to more appropriately allow for modelling air pollution. Lastly, another machine learning
technique, such as random forest, is possible to forecast with higher accuracy the air pollution
sources.
There were also certain limitations with regard to the health impact risk assessment. The
methodology that was used to estimate premature mortality is widely applied (Crippa, P., et al.,
2016, Hein, L et al., 2019, Ostro, 2004). However, the β coefficients that were herein considered
are based on a previous study, which takes into account different parameters to estimate the
suggested regression coefficients. Hence, the results may be altered when the coefficients are
not in line with the parameters of the model (Burnett, R. T., 2014, Hein, L., 2019). Additionally,
there are more advanced approaches, such as the Integrated Exposure Response (Burnett, R. T.,
2014) and Global Exposure Mortality models (Burnett, R.T., et al., 2018), to estimate premature
deaths. Nevertheless, those approaches are more time demanding in performing the
computations.
Further, a sensitivity analysis could not be applied, as it is not clear yet which is the threshold
of P.M2.5 concentrations caused by wood combustion. Finally, the values of P.M2.5 that were
imported to the impact analysis were derived from the statistical analysis performed in research
question 2. Hence, the impact analysis inherits limitations and uncertainties as mentioned
above.

5 Conclusion
According to the risk assessment analysis, the total amount of deaths attributed to the exposure
of P.M2.5 pollutants resulting from households due to wood burning was 2.263. The highest
values of P.M2.5 concentrations caused by wood combustion were predicted on weekend in
winter, followed by the winter dataset.
It is likely that there is an association between the highest levels of air pollution from dwellings
and woodland areas, as demonstrated by the P.M2.5 surface maps produced in GIS. Wood smoke
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can severely affect the human health, by the development of lung cancer, respiratory symptoms,
and cardiovascular diseases. Moreover, young children are particularly sensitive to adverse
effects when exposed to wood smoke.
A risk assessment methodology was necessary, in order to quantify adverse health effects due
to long-term exposures to air pollution. The multiple linear regression designed for the purpose
of the statistical analysis and forecasting P.M2.5 concentrations that originate from households
has proven its high quality, despite a few limitations. In addition, a series of P.M2.5 surface maps
could be generated with GIS, adding a valuable insight to the overall analysis. The corine land
cover dataset, provided by Copernicus Land Monitoring Service, made available land use
classes, among others, to be used as independent variables for estimating P.M2.5 air pollution.
The review that was conducted, in order to investigate health effects caused by wood
combustion in residential areas, indicated that lung cancer, respiratory symptoms, and
cardiovascular diseases are the main health impacts caused by long-term exposures to ambient
air pollution. Even if exposure to wood smoke is more severe in the developing countries,
evidence exists that the population in developed countries are exposed too to high particulate
matters. Based on a Dutch national energy scenario, the consumption of bioenergy will be
increased by 2035. In addition, biomass use for heating in the residential sector and wood pellet
trade in the EU will also be increased in the coming years. However, the number of premature
deaths in the Netherlands because of P.M2.5 air pollution is 9.800 in 2015. This number is
attributed to the 50.000 deaths in Europe resulted by household air pollution and estimated by
WHO.
Except for particulate matters, black carbon and polycyclic aromatic hydrocarbons emitted from
the residential wood combustion are also considered carcinogenic and can damage human
health. The heating appliances that are used from households for heating and cooking purposes
are mainly fireplaces, wood stoves, and pellet stoves. However, heating devices are not only
used for the aforementioned reasons. Studies have shown that economic benefits and
recreational activities are also factors for individuals to use this kind of heating equipment. Due
to climate awareness, economic deterioration, and increasing costs of fossil fuels, the use of
solid fuels as residential source of heating is expected to increase in the years to come.
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