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resumo

Exposicdo humana, poluicdo atmosférica, areas urbanas, trafego rodoviario,
GPS, GIS, padrdes de atividade-tempo.

Atualmente, a poluicdo atmosférica constitui uma das principais causas
ambientais de mortalidade. Cerca de 30% da populacdo europeia residente em
areas urbanas encontra-se exposta a niveis de poluicdo atmosférica
superiores aos valores- limite de qualidade do ar legislados para protecéo da
salide humana, representando o trafego rodoviario uma das principais fontes
de poluicdo urbana. Além dos poluentes tradicionais avaliados em areas
urbanas, os poluentes classificados como perigosos para a saude (Hazard Air
Pollutants - HAPs) tém particular relevancia devido aos seus conhecidos
efeitos toxicos e cancerigenos. Neste sentido, a avaliacdo da exposi¢ao torna-
se primordial para a determinacdo da relacdo entre a poluicdo atmosférica
urbana e efeitos na saude.

O presente estudo tem como principal objetivo o desenvolvimento e
implementacao de uma metodologia para avaliagao da exposicdo individual a
poluicao atmosférica urbana relacionada com o trafego rodoviario. De modo a
atingir este objetivo, foram identificados os pardmetros relevantes para a
quantificacdo de exposicdo e analisados os atuais e futuros potenciais
impactos na saude associados com a exposi¢cdo a poluicdo urbana. Neste
ambito, o modelo ExXPOSITION (EXPOSure model to trafflc-relaTed alr
pOllutioN) foi desenvolvido baseado numa abordagem inovadora que envolve
a analise da trajetéria dos individuos recolhidas por telemoveis com tecnologia
GPS e processadas através da abordagem de data mining e analise geo-
espacial. O modelo ExPOSITION considera também uma abordagem
probabilistica para caracterizar a variabilidade dos parametros microambientais
e a sua contribuicdo para exposi¢do individual. Adicionalmente, de forma a
atingir os objetivos do estudo foi desenvolvido um novo modulo de célculo de
emissOes de HAPs provenientes do transporte rodoviario.

Neste estudo, um sistema de modelacdo, incluindo os modelos de transporte-
emissOes-dispersdo-exposi¢do, foi aplicado na area urbana de Leiria para
quantificacdo de exposicdo individual a PM2.5 e benzeno. Os resultados de
modelacdo foram validados com base em medicfes obtidas por monitorizacao
pessoal e monitorizacdo bioldgica verificando-se uma boa concordancia entre
os resultados do modelo e dados de medicBes. A metodologia desenvolvida e
implementada no &ambito deste trabalho permite analisar e estimar a
magnitude, frequéncia e inter e intra-variabilidade dos niveis de exposicao
individual, bem como a contribuicdo de diferentes microambientes,
considerando claramente a sequéncia de eventos de exposicdo e relacdo
fonte-recetor, que é fundamental para avaliagdo dos efeitos na salde e
estudos epidemiologicos. O presente trabalho contribui para uma melhor
compreensdo da exposicao individual em areas urbanas, proporcionando
novas perspetivas sobre a exposicdo individual, essenciais na selecao de
estratégias de reducdo da exposicdo a poluicdo atmosférica urbana, e
consequentes efeitos na saude.
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Currently, air pollution represents one of the main environmental causes of
mortality. About 30% of European citizens in urban areas are exposed to air
pollution levels that exceed the air quality limits set by the legislation for the
protection of human health, with road transport being the most significant
pollution source. In addition to the traditional air pollutants evaluated in urban
areas, the hazardous air pollutants (HAPs) has been the subject of particular
concern because of their known toxic and carcinogenic effects. In this sense, the
evaluation of exposure becomes essential in determining the relationship
between urban air pollution and health effects.

The main objective of the current study is the development and implementation
of a consistent approach for the quantification of individual exposure to traffic-
related air pollutants. For this purpose, relevant parameters of exposure
quantification were identified and the current and future potential impacts on
human health associated with exposure to urban air pollution were analysed. In
this context, the ExPOSITION model (EXPOSure model to traffic-relaTed alr)
was developed by using a novel approach based on the trajectory analysis of
the individuals collected by mobile phones with GPS and processed using the
data mining approach and geo-spatial analysis within GIS. Also, the
ExPOSITION model considers a probabilistic approach to characterize the
variability of microenvironmental parameters and its contribution to personal
exposure. Additionally, in order to achieve the objectives of the current study, a
new module to quantify emissions of traffic-related HAPs was developed.

In this study, a modelling system, including transport-emissions-dispersion-
exposure models was applied to the Leiria urban area for quantification of
individual exposure to PM2.5 and benzene. The modelling results were validated
based on measurements obtained by personal monitoring and biological
monitoring evidencing a good agreement between the model results and
measurement data. The methodology developed and implemented in this work
allows to estimate and analyse the magnitude, frequency and the inter and intra-
variability of personal exposure levels, as well as the contribution of different
microenvironments, clearly addressing the sequence of exposure events and
source-receptor relationship, which is essential for health impact assessment
and epidemiological studies. This research work contributes to a better
understanding of individual exposure in urban areas, providing new perspectives
on individual exposure, essential in the selection of strategies to reduce
exposure to urban air pollution and related health effects.
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CHAPTER 1: GENERAL INTRODUCTION

1. GENERAL INTRODUCTION

“The quality of the exposure data is still regarded as the
Achilles’ heel of air quality epidemiology — an improved
understanding of personal exposure to air pollution is

required.”

Frank Kelly
Air Quality and Emissions conference,
Telford, 2013

Urban air pollution has emerged as one of the major and complex health problems
and environmental concerns in Europe, with direct consequences for the health and well-
being of European citizens. Considerable progress has been made in the past twenty years
in improving urban air quality, but issues remain. Although, emissions of many air pollutants
have decreased resulting for some pollutants in improved air quality, the European
Environment Agency evaluated that about 30% of Europe's urban population is still
exposed to air pollution concentrations exceeding the European Union (EU) air-quality
limits set to protect human health (EEA, 2012a). By 2050, according to the Organisation for
Economic Co-operation and Development (OECD), air pollution is anticipated to become
the biggest environmental cause of mortality worldwide, overtaking the lack of clean water
and poor sanitation (OECD, 2012). In this context, the World Health Organization
considered urban air pollution as one of the most important global health priorities (WHO,
2011).

Road transport is likely to be the largest source of air pollutants that have a
substantial impact on health (HEI, 2010). In addition to the traditional major air pollutants,
such as carbon dioxide (CO,), carbon monoxide (CO), nitrogen oxides (NOx) and non-

methane volatile organic compounds (NMVOC), road transport is still one of the major
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sources of substances known as hazardous air pollutants (HAPs) especially in urban areas,
contributing about 68% of HAPs total emissions (Tam and Neumann, 2004; HEI, 2010).

Given the need for understanding the impact of air pollutants on human health,
outdoor air pollution measurements are performed. For this purpose, centrally located air
quality monitoring stations are usually used to characterize air quality and considered as an
indicator of human exposure to traffic-related air pollutant in urban areas, as needed for
health impact assessment and for the design of air pollution control policies. However,
individual exposure assessment based on fixed-site air measurements is unavoidably
affected by assumptions implicit in the application of this approach. The challenge,
however, is that exposure levels depend not only on environmental conditions, such as air
pollution but also on the behaviour of an individual, making a personal exposure to urban
air pollution a unique situation, occurring both in indoor and outdoor environments and thus

is not straightforward to quantify.

Understanding of the complex chain of events, from traffic activities to emissions,
ambient air quality, exposure and health effects would help decision-makers to focus their
efforts and enable a more forceful reduction of adverse effects. Thus, the implementation of
improved and comprehensive approaches to address exposure at the spatial and temporal
scale imposed by the individual is required and has been identified as a priority area in the
exposure research (Briggs, 2008; Nuckols et al., 2010; de Nazelle et al., 2011).

1.1.Human exposure in urban areas: origin and conc  epts

Urban areas with their complex pollution problems are identified as the main target
of the current research. Human exposure to air pollution in urban areas and subsequent
health effects results from a dynamic process and multifaceted iterations between the
individual and urban air. In the following sections, crucial questions such as “What are the
main sources of air pollution and current air pollution levels in urban areas?”; “How human
exposure to air pollution may be defined?” and “Why personal exposure assessment is
needed?” will be addressed. Also, important exposure-related concepts and key elements

required to understand the human exposure science are described.
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1.1.1. What are the main sources and current air po  llution levels in urban
areas?

Rapid urbanization and industrialization, increase in the road traffic and energy
consumption, have contributed towards the increase in ambient air pollution concentrations
and consequent deterioration of ambient air quality. Urban environment, where currently
around 75% of the European population lives and this is projected to increase to about 80%
by 2020 (EEA, 2010), is particularly affected. Air pollution levels are still rising on many
fronts. However, air pollution is enacted on all geographical and temporal scales, ranging
from strictly “here and now” problems related to human health, over regional phenomena
with a time horizon of decades, to global phenomena, which over the next centuries can
change the conditions for human being and environment over the entire globe. Although
most environmental and health issues are not exclusive to urban areas, some are
exacerbated within them, because of the specific urban complexity of interrelations
between environmental, social and economic demands (RCEP, 2007; DEFRA, 2008).
People in urban areas use more energy for cooking, air conditioning, home heating,
transportation, vehicle refuelling etc., and industry uses energy for production (Godish,
2004). Consequently, these activities of high energy consumption emit a large amount of

air pollutants into the atmosphere, bringing serious air quality issues.

Emissions from road transport are especially important and deserve distinctive
attention in urban areas. Road transport represents a major source of deterioration of the
urban air quality throughout the world (Hoek et al., 2002; EEA, 2012a). Twofold differences
in the concentrations of several traffic-related air pollutants in locations with high and low
traffic activity have been reported (Martuzevicius et al., 2008). Several findings also
suggest that the demand of transportation will exceed improvements related with emission
reduction technologies (Delucchi, 2000). Since 1990, some traffic—related air pollutants
emissions, such as nitrogen oxides (NOXx), carbon monoxide (CO), or non-methane volatile
organic compounds (NMVOC) have decreased (EEA, 2010) in European Union, mainly due
to the introduction of new technologies (i.e. three way catalytic converters on passenger
cars) and stricter regulation of emissions from heavy duty vehicles (Regulation 595/2009).
Diesel particulate filter technology was also introduced to mitigate PM emissions. Emission
trends compiled for the period 2000—2008 indicate that particulate matter with an equivalent
aerodynamic diameter of less than 10 ym (PM10) emissions decreased by 8%, while
particulate matter with an equivalent aerodynamic diameter of less than 2.5 ym (PM2.5)
was reduced by 13% (EEA, 2010). But in spite of these reductions in air pollutant
emissions, the demand for road transport has been growing much faster than anticipated.
In Europe, between 1995 and 2010, passenger transport demand by car increased by
nearly 21.5%. The car dominates passenger transport mode share accounting for 84% in

terms of passenger-km (excluding powered two wheels), followed by bus (9%) and rail
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(7%). Also, road transport dominates freight transport mode share with 77% (EEA, 2012a).
Road transport remains the most important source of NMVOCs, PM2.5 and PM10
emissions (Figure 1.1) (EEA, 2010; EEA, 2012a). The trends in emissions of PM2.5 have
been tempered by the increased market penetration of diesel vehicles since 1990, as also
reflected in the final energy consumption by fuel indicator and by the growth in car
registrations by fuel type in the EEA (EEA, 2012b).
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Figure 1.1. The contribution of the road transport sector to emissions of PM10 and PM2.5 in 2010 EEA-32
(EEA, 2010).
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Among the extended number of air pollutants emitted by the road transport in urban
areas, hazardous air pollutants (HAPs), referred also as air toxics, have been targeted for
special attention due to their link with mortality and morbidity at levels usually experienced
by individuals in urban areas and the need for action to minimize these risks (Monn, 2001,
USEPA, 2007; HEI, 2007; Anderson, 2009; HEI, 2010). Given the toxic and carcinogenic
proprieties of such pollutants, a list of 188 HAPs associated with anthropogenic sources
was defined in Clean Air Act by the US Environmental Protection Agency (USEPA, 2004a),
identifying the benzene, 1,3-butadiene, formaldehyde, acetaldehyde, acrolein, naphthalene
and diesel particulate matter (PM) as the major HAPs emitted by mobile sources (USEPA,
2007). Emissions of HAPs are mainly related with incomplete combustion (e.g. benzene)
and by-products formed during incomplete combustion (e.g. formaldehyde, acetaldehyde,
and 1,3-butadiene), but evaporative processes of fuel components are also important. For
benzene, defined as one of the most important health-based European Union priority HAPs

(Bruinen de Bruin et al., 2008), the highest outdoor exposures are also likely to occur in
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during the refuelling at fuel stations and near gasoline fuel stations within urban areas
(Wallace, 1996; HEI, 2010).

Currently, the evidence that the human exposure to current and future traffic-related
air pollutants within urban areas exerts significant health effects is well established (Pope
and Dockery, 2006; Samet and Krewski, 2007; Anderson, 2009; Russell and Brunekreef,
2009; USEPA, 2009a; Brook et al.,, 2010) and have been widely recognized by both
national governments and multilateral development organizations as a threat to urban
populations. Thus, climate change may exacerbate existing environmental and health
problems. Changes in the temperature, humidity, wind, and precipitation that may follow
future climate can deeply impact air quality because of induced changes in the transport,
dispersion, and transformation of air pollutants at multiple scales (Bernard et al., 2001;
NRC, 2001; Carvalho et al., 2010). The potential impact of climate change on traffic-related
air pollution, namely PM, is of a major concern since future changes in their concentrations
are likely the most important component of changes in mortalities attributable to air

pollution in future scenarios (West et al., 2007).

The European Union has introduced and implemented air quality directives to
regulate ambient air quality by setting air pollutant standards and limit values in order to
avoid, prevent or reduce harmful effects on human health and the environment as a whole
(Directive 2008/50/EC). These directives imply that member states undertake
measurements at outdoor locations by fixed-site air quality monitoring networks in order to
assess compliance with agreed standard target and limit values that are set with respect to

whether short-term or long-term exposure.

Even though the regulatory efforts, such air quality measurements indicates that the
Member States of the European Union still have difficulty complying with the legislated
limits of traffic related pollutants (EEA, 2012a). In the period 2001-2010, 18 — 41% of the
Europe's urban population was potentially exposed to ambient concentrations of PM10
above the EU daily limit value set for the protection of human health (i.e. a daily average
concentration of 50 pg.m™ cannot be exceeded more than 35 days per year). Moreover, in
2010 the PM10 daily limit value was exceeded at 33% of the traffic stations and 29% of
urban background stations within the EU (Figure 1.2). These figures have increased for
traffic locations compared to 2009 (EEA, 2012b). For PM2.5, its annual target value (25
ng.m) was exceeded at 6% of traffic sites and 14% of urban background sites. In the case
of benzene, except at four stations, measured concentrations in Europe are well below the
limit value (annual average concentration of 5 pg.m™). However, it should be mentioned
that benzene starts to be measured recently at a relatively small number of stations in

Europe. Therefore, information on their spatial and temporal variation is limited.
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Figure 1.2. Percentage frequency distribution of stations in the EU Member States versus the various
concentration classes of PM10 and PM2.5 in 2010 (EEA, 2012c).

Overall, road transport has become the dominant source to outdoor air pollution in
urban areas and besides the current EU air quality policy framework, many citizens still live
in urban areas where air quality limits set for the protection of human health are exceeded,
causing premature death and widespread aggravation to health. In order to protect public
health it is necessary to reduce the levels of these exposures and to do so adequately a
deeper understanding of source-receptor relationship and interaction between exposure
and health effects is needed. Characterizing the magnitude of those exposures and
quantifying the average exposure burden imposed by living near traffic are among the

problems that need to be addressed.

1.1.2. How human exposure to urban air pollution is defined?

A review of the literature in the diverse fields of exposure assessment,
environmental policy and management, risk assessment, environmental health, toxicology,
and epidemiology reveals inconsistent definitions of “exposure”, depending on the needs

and objectives of the different research areas. Thus, several researchers discuss exposure
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as a quantitative measure of the environmental pollutant like “the concentrations of
pollutant in the ambient air, soil, food and water” (IPCS, 1994; Landers and Yu, 1995;
Moriarty, 1999), or is mentioned as a qualitative measure of the severity of the
environmental pollution. Moreover, in epidemiology, according to the book “Principles of
Exposure Measurement in Epidemiology”, exposure is defined as “any of a subject's
attributes or any agent with which he or she may come in contact that may be relevant to
his or her health”, suggesting that a behaviour, such as smoking, is an exposure
(Armstrong et al.,, 1992; White et al., 2008). Other references define exposure as a
“potential cause of disease” (Monson, 1980; Kriebel et al., 2007), or “the opportunity of a
susceptible host to acquire an infection by either a direct or indirect mode of transmission”
(Lisella, 1994). Besides the diversity of exposure definitions in the scientific literature, some
references use the term “exposure” without defining it at all (IPCS, 1994). On the other
hand, for human studies, the concentration at the boundary of contact is the most relevant
quantity. However, the boundary of contact is not clearly defined, thus contributing to the
misunderstanding as to exposure exact meaning (Moschandreas and Saksena, 2002).
Also, the word exposure has different meanings in different contexts. The Monitoring
Ambient Air Quality for Health Impact Assessment guidelines (WHO, 1999) distinguishes
personal exposure and populational exposure, defining thus personal exposure as true
integrated concentrations experienced by individuals and states that populational exposure
summarizes the exposure of everyone in the population. Under these guidelines, ambient

air quality levels can be used as surrogates of personal exposure.

Despite the discrepancies in the use and definitions of exposure-related terms in
the diverse fields of exposure assessment, there is a predominant definition of exposure
involving the contact between a physical, chemical or biological agent and the organism
target (e.g. human) (Duan et al., 1989; Lioy, 1991; Duan and Ott, 1992; Georgopoulos and
Lioy, 1994; Nieuwenhuijsen, 2003; USEPA, 2005; Frumkin, 2005). Under this approach, for
human exposure to occur it is necessary a contact between the agent and the external
boundary of the human body, such as the airways, the skin and the mouth. As to human
exposure to air pollution discussed in this study, the breathing zone is considered the most
important point of contact, and inhalation is considered the most important pathway of
exposure (WHO, 2000; Moschandreas and Saksena, 2002; Klepeis, 2006).

Several references, however, recognized that it was important to address the time
interval over which contact occurs in an exposure event for a quantitative definition of
exposure (NRC, 1991; USEPA, 1992; Georgopolous and Lioy, 1994; Zartarian et al., 1997;
Zartarian et al., 2004), i.e. exposure duration. Under this context, in 1999, the International
Programme on Chemical Safety (IPCS) of the World Health Organization (WHO) initiated a

Harmonization Project with an Exposure Assessment Planning Workgroup to confront the
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issues hindering harmonization in the area of exposure assessment (Callahan et al., 2001,
Hammerstrom et al., 2002; WHO, 2004). In 2004, the IPCS glossary was adopted as the
official glossary of the International Society of Exposure Analysis (ISEA) (Zartarian et al.,
2004) defining thus exposure as the “concentration or amount of a particular agent that
reaches a target organism, system, or (sub)population in a specific frequency for a defined
duration” (WHO, 2004; Van Leeuwen et al., 2007; IPCS, 2009). Recently, the increasing
evidence that each individual is subject to his own individual exposure due to his daily
activity patterns (Elliott et al., 2000; Monn, 2001; Sexton et al., 2007; Hinwood et al., 2007)
highlights that human exposure to air pollution is not a static phenomenon, also making a
clear distinction between population exposure and personal exposure. In attempt to focus
at individual level, Branis (2010) defines personal exposure to air pollution as the
measurement of a pollutant of concern performed by a monitor (or sampler) worn by a

person while the sample is taken from a point near the breathing zone of the person.

To characterize human exposure to air pollution, three aspects are also recognized
as important: magnitude — “What is the pollutant concentration?”; frequency — “How often?”;
and duration of contact — “For how long?”. The magnitude of exposure is a critical
characteristic in determining adverse effects. Similarly, both the frequency and the duration
of exposures can have an important impact. Exposure can be continuous, intermittent,
cyclic or random depending upon the source of the air pollutant and individual activities that
lead to contact with the pollutant. Also, in order to evaluate the real impacts of urban air
pollution in the human health it is important to distinguish between short- and long-term
exposures because of the differences in their health effects. Thus, the long-term (i.e. years
or lifetime) is related to extended time periods of exposure leading to chronic health effects,
whereas in the short-term (i.e. minutes to days), high exposure may show acute effect on

human beings unless extremely high concentrations are reached.

Exposure is characterized as a function of concentration and time and can be
represented by several time exposure metrics. Depending on the time of exposure,
instantaneous, time-integrated and time-average exposure could be distinguished (USEPA,
1992; Ott, 1995; Monn, 2001). The instantaneous exposure is the exposure at an instant in
time and it is expressed in the same unit as the concentration (e.g. pg.m™), while the time-
integrated exposure is the integral of instantaneous exposures over the duration of

exposure (units: ppmh or pg.m>h) (Equation 1.1). (Lioy, 1990; Zhang and Lioy, 2002).

t
E; :ICi (X, y,z,t)dt (1.1)

141
where E; is the time-integrated exposure experienced by the individual i, C; (X,y,z,t)is the
concentration occurring at a particular point occupied by the individual i at time t and spatial

coordinate (x,y,z) corresponding t; and t, to the starting and ending times of the exposure
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event, respectively. This type of exposure can be estimated by measurements (e.g. via

personal air monitors) that usually provide incremental data on exposure (NRC, 1991;
USEPA, 1992).

Other possible formulations of exposure that depend on the time of exposure
include time-averaged exposure and peak exposure (units: ppm or pg.m>) (Armstrong et
al., 1992; Ott, 1995; Zhang and Lioy, 2002). Time-averaged exposure is determined by
dividing the time-integrated exposure by the duration of the exposure (t;— t,) (Equation 1.2).
This can be a useful formulation for many environmental applications (e.g. daily average
exposure) and is relevant for long-term exposure and chronic health effects. The peak

exposure is usually relevant for short-term exposure and acute toxic effects (Duan et al.,
1990; Nieuwenhuijsen, 2003).

1
t,-t

E =

fCi (x,y,zt)dt (1.2)

4

A hypothetical exposure time profile or the exposure time-series. i.e. a plot of
concentration as a function of time is presented in Figure 1.3 illustrating several time
exposure metrics that may be derived from this profile. The time period to consider in the

exposure time profile should be defined under the scope of the exposure analysis (e.g. a
biologically relevant time period).

Time-averaged Instantaneocus
EXposUre exXposure

Peak exposure |

Concentration

Time-integrated
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»

Figure 1.3. Hypothetical exposure time profile and exposure metrics (Duan et al., 1990; Monn, 2001).

In a pragmatic and static approach, the exposure is simply deduced by the air
pollutant concentration in ambient (outdoor) air (Sexton and Ryan, 1988; Monn, 2001,
Zhang and Lioy, 2002; Ozkaynak et al., 2008). However, it is important to mention that
there is a clear distinction between the air pollution concentration and exposure
concentration. High air pollution concentrations do not necessarily result in high exposures.

The concentration of a specific air pollutant is a quantitative expression of the presence of a
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pollutant in ambient air at a particular place and time (i.e. ug.m™ or ppm) and is subject to
high variability in space and over time depending on variations of emission sources,
meteorology, land use and terrain lead (Zanetti, 2003; Wilson and Zawar-Reza, 2006).
Exposure concentration, in turn, requires the simultaneous occurrence of two events: an air
pollutant concentration at a particular place and time, and the presence of a person at that
place and time (Duan, 1992; Ott, 1995; Zartarian et al., 1997; Zartarian et al., 2004), and is
characterized by the spatial and temporal dynamics of air pollution concentrations and
time-activity patterns of individuals (Gulliver and Briggs, 2005; Georgopoulos et al., 2009;
Son et al., 2010; HEI, 2010; Dons et al., 2011) as discussed in section 1.1.3.

External exposure should also be differentiated from internal exposure. Once the
pollutant has crossed a physical boundary (e.g. skin, alveolar epithelial cells) of an
individual, the concept of internal exposure is used (WHO, 2000; Ott et al., 2007). Internal
exposure is often obtained from biomarkers (Section 1.2.1) as a way of validating

cumulative human exposure.

In this context, individual exposure to air pollution is considered in this study as the
real concentration of air pollutant breathed in by the individual at a particular time and
place, and it does not only arise from the pollutant concentration in the environment
through the individual is exposed but is also determined by the amount of time spent in that

environment.

1.1.3. What are the needs and the key elements of  personal exposure
assessment?

Given the well established evidence of causal relationship between human health
effects and exposure to air pollution in urban areas (Pope and Dockery, 2006; Samet and
Krewski, 2007; Anderson, 2009; Russell and Brunekreef, 2009; USEPA, 2009a; Brook et
al., 2010) it is necessary to determine the amounts of air pollutants to which general
individuals are actually exposed to assess the impact of air pollution on human health.
Thus, human exposure assessment emerged in context of scientific research as an

important analysis tool to prevent public health from the harmful effects of air pollution.

Human exposure assessment is an important tool to describe and determine,
gualitatively and quantitatively, the pollutants” contact with the human body (WHO, 2006),
and is a critical parameter of epidemiology and health impact assessment (HIA).
Epidemiology relies on the inference of associations between exposure and response
variables. Typically, the quantitative estimates of exposure-response in epidemiological

studies reflect the late-stage end points of morbidity, mortality and tissue pathology
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(Kauppinen, 1996; Bocchetta and Carbone, 2004; Maier et al., 2004). Exposure
assessment is one of the four major components in the HIA process (Figure 1.4), and also
often one of the most demanding. HIA provides the probability, magnitude and uncertainty

of health effects associated with exposure.

Hazard identification

What health problems are caused by
the pollutant?

$ 9
Exposure assessment Concentration-Response
Assessment
How much of the pollutant do people
inhale during a specific time period? What are the health problems at
diferent exposures?

Health Impact
Characterization

What is the impact on human health
in the exposed population?

Figure 1.4. Elements of health impact assessment process (USEPA, 2012).

In this prespective, characterizing and estimating the magnitude of potential
exposures is an essential component for evaluating the potential health effects posed by a
particular pollutant (Moschandreas and Saksena, 2002). The potential effects on human
health can be quantified based on the number of cases attributable to air pollution that may
be prevented by reducing current levels of air pollution (Kinzli et al., 2000), as presented in
Figure 1.5. An estimate of attributable deaths (AD) is obtained from the average number of
deaths, the exposure-response function and the regression coefficient f provided by
epidemiological studies that characterise the ratio for a unit increase in pollutant
concentration, and the difference between the daily average concentration (x) and a

reference value under given scenario (Xg).
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Figure 1.5. Methodology to derive number of cases attributable to air pollution (Kiinzli et al., 2000).

The science of human exposure assessment has become substantially more
complex over the past decades as the demand for relevant and accurate human exposure
information has increased in all the scientific fields related to public health protection. Over
the past 20 years, numerous methods for assessing human exposure levels to air pollution
have been used by several studies focusing on the links between air pollution and health,
with the ultimate goal of estimating exposure at individual level within an entire study
population (Lebret et al., 2000; Kousa et al., 2002; Arteta et al., 2006). However, the main
criticism of these studies relates to the quality of the air pollution exposure, leading to
inaccuracies and underestimation of the health impacts (Weis et al., 2005; Szpiro et al.,
2008; Nuckols et al., 2010; Peng and Bell, 2010).

In this context, taking into account the source-to-outcome framework developed by
the National Research Council (NRC, 1998), the processes that are important for exposure
science start with a pollutant entering the environment and end with health effect
characterization. This framework includes two steps focused on the place (pollutant source
emission and pollutant dispersion and transformation), while the third step focuses primarily
on human being (human exposure and adverse health effects). Despite exposure
assessment has made the most significant improvement in quality over the past 20-year
history of the HIA, admittedly, there are several key elements that should be considered for
personal exposure assessment to capture the spatial and temporal variability of personal
exposure to air pollutants in urban areas (Briggs, 2008; Nuckols et al., 2010; de Nazelle et

al., 2011), as described below.

4 Spatial and temporal variability of road transport- related air pollution

Transport emissions are non-homogeneously distributed in space and in time and,
therefore contribute to the intra-urban variation in the concentrations of air pollutants.

Several specific features of the traffic can be identified as influencing the amount of

12
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emissions attributable to road transport and affecting consequently urban air quality
(Gwilliam, 2003; WHO, 2005a; EEA, 2012b). They include significant number of vehicles
circulating in urban areas, the age of the vehicle fleet and the technology used, the physical
characteristics and chemical compositions of fuels and driving conditions. Thus, transport
activity represents one of the main input data to estimate road transport emissions. This
detailed information can be provided by automatic measurements systems or from
transport modelling (André et al., 1999; Boulter et al., 2007). Usually, since it is not possible
to obtain enough measurements for the entire study area with the resolution required,
transportation models represent a consistent approach to characterize transport activity
within urban areas, providing detailed information on traffic flow for each road segment.
Also, it is possible to distinguish between different vehicles categories, such as private
passenger cars, public transport, goods transport etc., while automatic measurement
systems usually provide only the total number of vehicles. Another important characteristic
for the transport sector directly related with atmospheric pollution is the average age of
vehicles. Older vehicles are associated with higher emissions of air pollutants than newer
vehicles, because performance deteriorates as a function of age and older vehicles are
more unlikely to use emission reduction technology. In addition, the congested urban traffic

conditions and large number of short trips can result in higher emissions per kilometre.

Currently, several methodologies to quantify the pollutant amount emitted by the
vehicles to the atmosphere are available. They range from calculations at microscopic
scale (i.e. for a single vehicle, or for a street) to macroscopic calculation (i.e. regional,
national and global levels) (Joumard, 1999; Agostini et al., 2005; Gkatzoflias et al., 2007,
Smit et al.,, 2007). However, the modelling tools not always cover HAPs or provide
emissions with low temporal and spatial resolution that is not sufficient for urban scale
studies. To be applied for the urban areas, the currently existing methodologies of the
emission quantification have to be adapted taking into account availability of the input data
and final use of the emission estimation results. Thus, due to importance of such
requirements in this research, a new version of the available Transport emission Model for
Line Sources (TREM) has been developed for HAPs providing detailed information

concerning traffic emissions for each road segment in urban areas (Tchepel et al., 2012).

After the releasing of air pollutants into urban environment by emission sources,
they can be transported and transformed through a number of physical and chemical
processes at a range of spatial and temporal scales (Figure 1.6). At scales ranging from a
simple building and street canyons to the entire city, microscale mechanical and thermally
driven turbulence dominates local dispersion processes. However, these processes
operate within a hierarchy of larger scales which provide the background state of the

atmosphere that modulates air quality within urban areas (Wilson and Zawar-Reza, 2006;
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Solomon et al.,, 2008; Turner and Allen, 2008). In focusing on air quality in the urban
atmosphere, the emission source activity and weather or topological conditions will
significantly affect the spatial and temporal variation of the ambient concentrations in the
urban environment, influencing thus the personal exposure to air pollution depending on

when and where people spend their time.
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Figure 1.6. Temporal and spatial scales affecting atmospheric dispersion in the urban environment
(Salmond and Mckendry, 2009).

In urban areas, the transport and dilution of air pollutants are affected by
meteorological conditions and physical structures of the city. The presence of high
buildings on either side of the road creates a “street canyon”, which reduces the dispersion
of the emitted pollutants from traffic sources and can lead to significantly higher
concentrations locally. There is also evidence to suggest that air pollution concentrations
fall virtually to background levels behind a row of uninterrupted buildings (Bloemen et al.,
1993). Various monitoring studies have suggested that in cities, strong variability of traffic-
related air pollution may occur over small distances (<100 m) (Monn et al., 1997; Roorda-
Knape et al., 1998; Nikolova et al., 2011), so that the pollution data from a single fixed-

monitoring site can only be considered representative of a rather small surrounding area.

In this concern, to analyse the high spatial and temporal variability of road

transport-related air pollution within the urban environment where inhabitants are living
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close to the pollution sources, it is required to characterize the transport activity in order to
quantify the corresponding emissions and air pollutants levels. For this purpose, a system
based on the transportation modelling linked with the emissions and dispersion modelling is
considered as one of the most suitable approaches to provide detailed information

concerning traffic flow for each road segment and related pollution (Borrego et al., 2006).

4 Contribution of indoor concentrations

Urban air is an umbrella concept, combining outdoor and indoor air. Additionally to
significant temporal and spatial variability of outdoor concentrations, scientific evidence has
shown that indoor environment plays a significant role in personal exposure to air pollution,
where urban populations spend large fractions of their time throughout life (Koistinen et al.,
2001; Baklanov et al., 2007; Georgopoulos et al., 2009; Zou et al., 2009a). Thus, indoor
spaces represent important microenvironments when addressing health effects from air

pollution.

Indeed, human exposure should not be associated exclusively with outdoor air.
Several studies on exposure noted that using only the outdoor component of exposure is
not sufficient as several potentially confounding variables are omitted from the exposure
assessment process (Lioy, 1990; Monn et al., 1997; Boudet et al., 2000). In this sense, the
contribution of indoor air to personal exposure has been increasingly recognized as being
of importance (Wallace, 1996; Jantunen and Jaakkola, 1997; Samet and Spengler, 2003;
Adgate et al., 2004a, 2004b; Phillips et al., 2005; Mitchel et al., 2007; Colbeck and Nasir,
2010). Also, it is known that most people in European urban areas spend 80-90% of their
time indoors during the average day, 1-7% in vehicle, and only 2—7% outdoors (Colls,
2002; Brunekreef et al., 2005; Koutrakis et al., 2005). Despite the research community
recognize its importance, policy makers have focused their attention on outdoor air quality
and non-occupational air pollution regulations have typically been applied focusing on
outdoor rather than indoor air. For this purpose, observations from stationary outdoor
monitoring sites are usually considered, which means that air pollutants from indoor

sources have been ignored.

Nevertheless, several findings indicate that indoor concentrations are typically
higher than the respective ambient levels (Figure 1.7). Also, in case of benzene have been
consistently demonstrated that its concentrations tend to be higher in the colder than the
warmer seasons (Edwards and Jantunen, 2001; Schneider et al., 2001; Amagai et al.,
2002). For formaldehyde, indoor exposures are also the dominant contributor to personal
exposures through inhalation, corresponding to about 98%, and indoor concentrations may

be high enough to cause adverse health effects (EC, 2005). In addition, Wilson and Suh
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(1997) conducted a meta-analysis of data from multiple sites and concluded that
concentrations of fine particles originating from indoor sources are weakly related with

ambient levels over time.
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Figure 1.7. Range of mean and maximum concentrations (pg.m'3) of a) benzene and b) formaldehyde, at

various indoor and outdoor locations (HEI, 2007).

Under this framework, individual exposure to air pollution depends greatly on indoor
concentrations, which in turn vary widely between indoor spaces as a function of location
and time. The extent of these variations depends on a set of factors including their indoor
emissions, mixing with infiltrated outdoor air, ventilation conditions and occupant behaviour.
Also, the diffusion of outdoor air into buildings contributes to a mixture of indoor and
outdoor pollutants and resulting indoor exposure levels according to several factors (e.g. air
conditioning and the indoor—outdoor temperature gradient) (Lai et al., 2004; Branis, 2010).
Traffic-related air pollutants generated from outdoor sources, such as PM2.5 both
effectively penetrate and persist in many indoor environments. Indoor environments also
present a variety of emission sources which are independent of the outdoor environment,
such as cooking, environmental tobacco smoke, burning of natural gas or wood, building
materials (e.g. polyurethane foams), furnishings and certain consumer products (e.g.

adhesives).

Actually, when comparing with road transport emissions, the contributions of indoor
sources are generally small but with sharp presence during the time-activity patterns of
individuals, modifying individual's exposure substantially (Rodes et al., 1991; Freeman and
Saenz de Tejada, 2002; Ferro et al., 2004; WHO, 2005a; Franklin, 2007). Roorda-Knape et
al. (1998) reported an average concentration of 91.6 pg.m™ for PM10 in 11 schools located
near highways. The authors pointed out, however, that indoor concentrations of PM10 were

largely controlled by indoor activities of the occupants rather than by traffic. Thus,
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measurements performed at 4 schools in Viseu within the framework of Portuguese
national project SaudAr demonstrated that indoor levels of PM at schools were higher than
outdoors during the working days and low indoor levels observed during weekends
suggested that higher PM concentration are related to human activities (Valente, 2010). In
case of formaldehyde, Pegas et al. (2011) reported that indoor concentrations in three
schools in Lisbon were markedly higher than those observed outdoors. Higher levels in
classrooms than outdoors suggest that indoor sources are more important contributors to
the indoor levels than outdoor sources, such as infiltration of vehicle exhaust. Nevertheless,
it is important to note that sampling indoor air is not enough to understand personal
exposure and has been demonstrated that personal exposure does not correlate well with

measurements of indoor concentrations (Monn, 2001).

4 Importance of time-activity patterns

The understanding of human behaviour during daily life is a topic of interest within
several social sciences. Human behaviour and use of time is referred to as the time-activity
pattern of an individual, and are strongly linked to various personal characteristics including
age, gender, education, income and employment status (Pas, 1984). During the course of
their daily activities, air pollution levels, changing dramatically in space and time, influence
an individual's exposures. Thus, time-activity patterns play a significant role, if not the most

significant role, in characterizing personal exposure (McKone et al., 2008).

Urban areas, where currently lives around 75% of the European population, are a
complex systems with individuals characterized by different behavioural patterns (Galea
and Vlahov, 2005; Batty, 2009; Portugali et al., 2012). For decades, urban spatial structure
measured by the degree of spatial distribution of population and employment, has been
studied to describe the structure and organization of cities, and their function and role in
people’s life (Horton and Reynolds, 1971; Anas et al., 1998; Florida et al., 2008). Cities
supply individuals with resources as well as constraints. The urban environment
accommodates services, employment opportunities and other facilities where individuals

may conduct desired activities, affecting significantly their mobility.

One of the earliest spatially integrated perspectives for the analysis of time-activity
patterns and movement in space and time is time geography. Time geography rests on the
notion that the locations and movements of individuals can be followed and visualized as
continuous paths in spatial and temporal dimensions (Figure 1.8). A time geographical
approach allows for the examination of place as the spatial, temporal and contextual
terrains that influence individual health status (Thrift, 1977; Parkes and Thrift, 1980; Miller,
2001; Miller, 2007).
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Figure 1.8 . Time-activity patterns of an individual (Miller, 2007).

In the context of human exposure, an understanding of human mobility patterns is
crucial as they strongly influence the assessment accuracy of actual human exposure to air
pollution (Harrison et al., 2002; Nuckols et al., 2004; WHO, 2005b; Nethery et al., 2008;
Beckx et al.,, 2009; Dons et al.,, 2011). Analysing time-activity patterns for personal
exposure assessment may indicate the distribution of time among activities and the factors
that influence the degree of media contamination in the activities, and reflect the duration of
contact during the activities (Zou et al., 2009b). Also, there is an inter and intra-variability of
individual's activities, which has implications for the use of time-activity data in exposure
assessment. A review of studies on time—activity patterns used in epidemiologic studies is
given by Ackermann-Liebrich et al. (1995). The information needed in such studies include
location of the activity, the period of time when the activity took place (e.g. time of day,

phase in life), and the duration of the activity.

International and national studies focusing on human exposure to air pollution, such
as TEAM studies (Wallace, 1991), the National Human Exposure Assessment Survey
(NHEXAS) (Freeman et al., 1999), the National Human Activity Pattern Survey (NHAPS)
(Klepeis et al., 2001), the Population Exposure to Air Pollutants in Europe (PEOPLE)
project (Ballesta et al., 2006), the Health and The Air We Breathe (SaudAr) project
(Borrego et al., 2008; Valente et al., 2008) or the Air Quality Exposure and Human Health in
Industrialized Urban Areas (INSPIRAR) project (PTDC/AAC-AMB/103895/2008, ongoing
project) were relying on diary-based instruments (e.g. time-activity diary (TAD),
guestionnaires, etc.) to categorize the environments where exposure occurred and sources
of air pollutants, and to derive information on the temporal sequencing of human activities
during the study period. However, such time-activity information does not account for the
movement of individual and mostly lacks the exact “activity-space” where a specific activity

is executed by the individual (Harvey and Pentland, 1999; Rainham et al., 2010; Lawless et
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al., 2012), and the sequence of exposure events is not considered. Thus, problems in
quantifying personal exposure still remain. By using approximations for exposure, health
effects can be wrongly assigned, or the strength of a relationship will not be sufficiently
emphasized (Jerrett et al., 2005b; Piechocki-Minguy et al., 2006; Dons et al., 2011; Physick
etal., 2011; Setton et al., 2011).

Also, home addresses are generally used as the surrogate for the personal
exposure, when in fact a high percentage of an individual's exposure can accrue from
relatively short periods of time spent in high-polluted indoor environments (Harrison et al.,
2002; Nethery et al.,, 2008; HEI, 2010; Dons et al., 2011). This suggests that spatial
variations and fluctuations over time imply that even two individuals living in the same
residence are subject to their own individual exposure due to their time-activity patterns
(Elliott et al., 2000; Monn, 2001; Sexton et al., 2007; Hinwood et al., 2007). In addition,
several findings indicate that the time spent at workplace greatly contribute to within-area
exposure variability (Setton et al., 2008) and may also substantially increase exposure,
compared with the data at fixed monitoring sites (Baklanov et al., 2007). Thus, to overcome
some of the difficulties inherent to the collection of time-activity information, new
technologies, such as global positioning system (GPS), and related activity-measuring
devices, such as accelerometers, offer possibilities for reducing such errors in the exposure

assignment of individuals in health studies (Section 1.2.2).

ummary 1.1.: Currently, many citizens in urban areas are exposed to air

pollution levels that exceed the air quality limits set by the legislation for

the protection of human health, with road transport being the most
significant pollution source. Among the extended pollutants emitted by road transport,
hazardous air pollutants require special attention due to their link with cancer and other
serious adverse effects on human health. Thus, personal exposure estimation is crucial to
determine the relationship between the air pollution and health effects, and is the most
accurate indicator of what individual actually breathe, arising not only from the pollutant
concentration in the environment but also depends on the amount of time spent by the
individual in that environment. The poor correlations often observed between individual
exposures and fixed-site ambient air concentrations suggest that a set of factors other than
ambient air may contribute to personal exposures. The spatial and temporal variability of air
pollutants in combination with indoor exposures and time-activity patterns are key elements
to a proper assessment of personal exposure to air pollution in urban areas and

subsequent health effects. The large variability imposed by all these key factors causes

19



CHAPTER 1: GENERAL INTRODUCTION

individual exposure to be a highly dynamic process rather than a static phenomenon, and
consequently, an individual's personal air pollution scenario can be very unique, thus
emphasising the importance and need for personal exposure assessment. Thus, it is clear
that analysing individual exposure in urban areas offers several challenges where both
individuals and air pollution levels demonstrate a large degree of variability over space and
time. Despite time—activity studies have illuminated relatively consistent patterns of activity
between different populations, these studies have not enough investigated the crucial

question of “where” individuals are the rest of the time.

1.2.Personal exposure assessment: methods and adva  nced
technologies

During the last decades, several exposure assessment approaches have emerged
on the exposure research field. However, given the emergence of new technologies to
understand the relationship between the environment and individuals, the need to move
beyond a static perspective in exposure assessment to include a dynamic approach is
evident. Thus, quantifying the contribution of human exposure with observed health

symptoms presents further challenges in urban areas.

1.2.1. How personal exposure to air pollution can b e quantified?

On a traditional approach, the evaluation of human exposure to air pollution can be
carried out under a (i) direct approach or (ii) indirect approach. On a direct approach,
exposure levels are measured at the individual, based on personal monitoring or using
biological markers (Grandjean, 1995; Lioy, 1995) while under an indirect approach,
exposure levels are usually estimated or modelled based on ambient measurements,
exposure modelling and surveys (Monn, 2001). In addition, a review of the literature also
reveals other frameworks classification such as (i) point-of-contact measurement or
personal monitoring in which exposure can be measured at the point of contact (the
external boundary of the body) while it is taking place, (ii) reconstruction of internal
exposure, which exposure in turn can be reconstructed through internal indicators
(biomarkers, body burden, excretion levels, etc.) after the exposure has taken place and
also (iii) exposure scenario evaluation in which the exposure is estimated considering
hypothetical but plausible scenarios to analyse the concentration and contact time,
including the application of models (USEPA, 1992; Callahan and Bryan, 1994; Lioy, 1995).
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Nevertheless, under a traditional framework, major air pollution exposure
assessment are based on a static perspective assuming a static place/ location for the
individual and emphasize population exposure assessment rather than individual exposure
assessment. However, individual exposure to air pollution in urban areas results from
dynamic process and multifaceted iterations between the human being and urban air.
Analysing and refining the understanding of the relationships between people, place, and
human activities have been identified as important priorities in several research fields,
particularly for research on health and environment (Miller, 2007; Matthews, 2011). For
example, on the perspective of human-environment geography two different groups of
research methods exist: place-based approaches and people-based approaches (Miller,
2007). Place-based approaches reflect human-environment interaction at certain locations
without considering human beings’ activities thoroughly. By contrast, people-based
approaches focuses on human beings’ activities at a given time and place considering

individual's daily activities and their interaction with environment in detail (Miller, 2007).

Currently, new conceptualization of exposure assessment and context that takes
the spatial and temporal configuration of exposure has emerged strongly supported by the
recent development of geo-spatial technologies (Kwan, 2009; Fang and Lu, 2012; Steinle
et al.,, 2013) and moving thus from a static assessment to dynamic personal exposure
assessment. Consequently, beyond the direct approach or indirect approach, personal
exposure assessment can also be characterized by two new main groups of methods:
dynamic personal exposure approach and static personal exposure approach. Dynamic
personal exposure approach includes the direct methods described above and also spatio-
temporally explicit exposure modelling. The static personal exposure approach is related
with indirect methods. Both approaches present different exposure estimates, diverging

also in relation to precision, costs, viability, and others factor, as following discussed.

4 Static personal exposure approach

Under a static personal exposure approach, the human activities are considered as
a static phenomenon. This approach examines personal exposure to air pollution by
subdividing a study area into homogeneous objects (Benenson and Torrens, 2004), based
usually on census units or other predefined city boundaries and ambient air quality values
obtained by measurement or modelling are considered as surrogate to exposure
concentration for each sub-region at a specific time (Zou et al., 2009a). This approach
includes fixed-site measurements, surveys, and modelling methods where time-activity

patterns of individuals are not directly addressed.
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Exposure to air pollution has been traditionally assessed based on ambient air
quality measurements provided by fixed-site air quality monitoring networks and based on
aggregated demographic data (Rodes et al., 1991; Charpin et al., 1999; Nerriere et al.,
2005; Kaur et al., 2007; Sarnat et al., 2009). Thus, in these studies, the same pollution
concentration is assigned to people living in defined areas (e.g. city, urban agglomeration).
Ambient monitoring networks have been established all over Europe by national
institutions. They are equipped with monitors providing continuous data with sufficient time
resolution. Monitoring ambient air quality is essential to understanding how the quality of air
is changing over time and, in some cases over space, and is an essential tool in managing
the environmental impact from air pollution to health and ecosystems (as presented in
Section 1.1.1).

Nevertheless, since ambient air monitoring data from a single or few points are
unlikely to adequately capture the greater spatial heterogeneity of air pollutants directly
emitted from traffic (Kinney et al., 2000; Zhu et al., 2002; Wilson et al., 2005; Zhou and
Levy, 2007; Baxter et al., 2013), the issue of considering fixed-monitoring air quality data to
human exposure has been analysed (Brauer et al., 2003; Gulliver and Briggs, 2011,
Merbitz et al., 2012). Several studies have already examined the correlation between
personal exposure and concentrations measured at fixed monitoring stations (Boudet et al.,
2001; Gulliver and Briggs, 2005; Baxter et al., 2013). Epidemiological studies within a city
consistently find positive associations between outdoor concentrations and health effects
due to the high correlation between mean population exposures and outdoor
concentrations over time (Janssen et al., 1999; Yip et al., 2004). However, correlations
between individuals’ personal exposures and their residential outdoor concentration are
often weaker, and this may explain the weak associations found in some epidemiological
studies (Koutrakis et al., 2005; Sarnat et al., 2006; Van Roosbroeck et al., 2008). Also,
results showed that the sampling at the fixed monitoring site may under- or over-estimate
air pollutant levels in a “hot spot” area, suggesting detailed characterization of spatial
distribution of air pollutants for conducting accurate assessment for peak personal
exposure (Wu et al., 2005; Ferreira, 2007; Zhu et al., 2008; HEI, 2010). Further, health
effects seem to be underestimated when using citywide concentration levels in situations
with a high variability in pollution concentrations (Jerrett et al., 2005a; Miller et al., 2007). In
this context, fixed-site measurements should be used carefully for personal exposure
guantification since they cannot provide good estimates of individual exposure (Brauer et
al., 2003; Singh and Sioutas, 2004; Ozkaynak et al., 2008; Dons et al., 2011; Merbitz et al.,
2012; Baxter et al., 2013).

Another example of static approach for estimating exposure is based spatial

surrogates. Spatial surrogates are considered to allocate geographically distributed data to
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higher resolution geographic areas based on some form of activity or socio-economic/
demographic data (Boulton et al., 2002). This approach is often combined to modelling
methods as discussed in Section 1.3. For instance, to assess the exposure to traffic-related
air pollution the proximity to traffic or some additional indicator such as composition or
volume of traffic is used (Venn et al., 2005; Ryan et al., 2007a). In addition, questionnaires
can be used to assess the perception of traffic near the home, representing a surrogate for
the traffic intensity and therefore pollution levels in air (Monn, 2001). Questionnaires can
also be used to provide information on the existence of exposure sources and to categorize
exposure, for example in personal exposure to environmental tobacco smoke (Franklin et
al., 1999). The advantage of surrogate data are that they require no actual data on
pollution, emissions or meteorology and can therefore be very cheap to collect. However,
also these factors constitute the main disadvantage of this method that can be inaccurate,

unless well validated.

Overall, the main problem of studies that assess personal exposure on static
perspective is that is now widely acknowledge the significant variation of air pollution within
urban areas, with the intra-urban variation often greater than inter-urban variation (Jerrett et
al.,, 2005a; Wilson et al., 2006). Thus, the hypothesis on homogeneous air pollution
concentration region considered by place-based methods is problematic. Also, the spatial
and temporal resolutions are coarse, considering daily, monthly, and even quarterly
intervals as time spans (Samet et al., 2000). Air quality modelling, in turn, is a useful tool to
overcome this issue, since it provides air quality information and its spatial and temporal
variability on a given study area as discussed in Section 1.3.1. Finally, it can be very
inaccurate to assume that different individuals in the same region have the identical air

pollution exposure level.

4 Dynamic personal exposure approach

A dynamic personal exposure approach assesses human exposure to air pollution
at the individual level and takes into account individual activities in space and time. Thus, it
considers both individual time-activity patterns and air pollution concentration variability.
This approach could estimate personal exposure based on direct methods, such as
personal monitoring and biological monitoring, and also spatio-temporally explicit exposure

modelling (discussed in detail in Section 1.3.2).

Several exposure analysts believe that personal monitoring is the most reliable and
accurate way of estimating the air an individual is actually exposed to (Flachsbart, 2007).
Personal monitoring approach assesses an individuals' exposure based on measuring the

concentration of a pollutant ideally within a person's breathing zone for a defined time. A
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variety of active (i.e. pumped instruments) and passive devices (e.g. diffusion tubes) have
been used to monitor personal exposure to air pollution as closely as possible to the
breathing zone providing the most accurate information about the actual exposure
variability (Elliott et al., 2000). Personal exposure monitors collect real-time and time
integrated measurements of acute and chronic exposure, respectively. These devices can
be either integrating or fast response instruments. Integrating (also called pre-
concentration) monitoring techniques collect gaseous pollutants or particles on an
appropriate adsorbent bed or filter, respectively, which can be analysed or weighted later in
a laboratory. Fast response monitoring may rely on optical or electrochemical techniques to
record pollutant concentrations at very high temporal resolution (e.g. one second).
Integrating monitoring has been commonly used in personal exposure studies, while fast
response instruments are now becoming more popular (Monn, 2001; Branis, 2010; Dons et
al., 2013).

Personal monitors should be portable, flexible, robust and user friendly, as well as
lightweight and battery operated (or passive) (Nieuwenhuijsen, 2000; Monn, 2001; Branis,
2010). Suitable personal monitors must also fulfil several requirements, such as detection
limits, interferences, time resolution, easy operation and cost (ACGIH, 1995; WHO, 2000).
Passive air samplers are probably the most convenient tool for conducting large-scale
personal exposure assessments (Zabiegata et al., 2010; Krél et al., 2012). This is due to
the fact that passive samplers do not require a power supply, which in turn means that
electrical devices (e.g. pumps), are small, inexpensive and easy to use. However, there is
strong dependence of passive sampler performance on meteorological conditions (WHO,
2000; Kral et al.,, 2012), the ability to only record time-integrated concentrations and
absorbing capacity is limited (Branis, 2010). For an accurate personal exposure
assessment by active samplers, the sampling rate, breakthrough volume and detection limit

are important parameters which need to be considered (WHO, 2000).

The personal monitoring is gaining popularity, mainly given the recent technological
advances that have reduced the size/weight of personal air samplers while improving
accuracy and efficiency. The strength of personal sampling is its provision of real exposure
values for the individuals followed. The drawback of this approach, however, is the high
cost of implementation. Also, the temporal resolution is limited since this approach provides
only exposure data for the individual at the time of sampling, thus limiting the usefulness of
its value in estimating long-term exposure. In addition, poor compliance with personal
sampler wearing protocols can create positive or negative biases in the reported exposure
concentrations, depending on proximity of the participant or the personal sampler to the
pollutant source when the monitor was not worn as instructed. This may lead to significant

exposure uncertainty related to health inputs in risk assessments (Lawless et al., 2012).

24



CHAPTER 1: GENERAL INTRODUCTION

Personal monitoring data serves also as input to and for the validation of exposure models
(Hertel et al., 2001; Gulliver and Briggs, 2005; Gerharz et al., 2009; HEI, 2010; Dons et al.,
2011).

Also focusing at the individual level, biological monitoring is an emerging tool in the
field of personal exposure assessment. It is important to highlight that biological monitoring
has been used by epidemiological studies applied to a select group of individuals, i.e.
cohorts, who have one or several common characteristics (e.g. gender, age, non-smokers,
etc.) to assess internal exposure and health outcomes of individuals during follow-up study,
or during their lifetime. Biomonitoring is a direct method for estimating human exposure to
air pollutants which accumulate in certain parts of the body, or generate a range of
biochemical and physiological responses. Biological monitoring has been increasingly
viewed as a desirable alternative to characterize personal exposures not only because it
accounts for all possible exposure routes but also because it covers unexpected or
accidental exposures and reflects inter-individual differences in uptake or genetic
susceptibility (Lin et al., 2002). Biological monitoring refers to measurements of
concentrations of biological markers (biomarkers) in human fluids and/or tissues (such as
blood, urine, breast milk or hair) to detect exposure. Biological monitoring is a valid tool to
provide a direct estimate of internal exposure to a chemical in the individual, which in turn
reflects an interaction between an environmental agent and a biological system (Clewell et
al., 2008). Collection of biomarkers can be either invasive (e.g. blood sampling) or non-

invasive (e.g. urine sampling).

Several studies utilizing biomarkers to assess personal exposure to traffic-related
air pollution have been conducted until now (Buckley et al., 1995; DeCaprio, 1997; Scherer
et al., 1999; Scherer et al., 2000; Sgrensen et al., 2003; Fanou et al., 2006; Hu et al., 2006;
Adetona et al., 2013; Baxter et al., 2013). However, the use of biomarkers is most
extensive in occupational studies because the exposure-response relationship between
pollutants concentrations (e.g. benzene) in such exposures and biomarkers are of
importance (Jacob et al., 2007). Biomarkers have been presenting a potential value as
proxy measures of disease outcome, and as means of distinguishing individuals who may
be unusually susceptible to the effects of a pollutant (Ryan et al., 2007b). Also, several
studies have used biomarker analysis to calibrate and to validate the reliability of other

exposure estimates (Hertel et al., 2001; Paustenbach and Galbraith, 2006).

Biological monitoring can be used as direct measurements of important individual
internal exposure events and to estimate biological effect if a relationship has been
established between the biological measurement and the individual health outcome. Thus,
biomonitoring presents several strengths for personal exposure assessment to air pollution

and can improve the accuracy of exposure assessment. The main advantage of
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biomonitoring is that only the contaminants that enter the human body are measured.
Furthermore, it helps to estimate aggregate exposure, as all exposure pathways are
included (inhalation, dermal contact and ingestion), which reflects the comprehensive effect
of multiple chemical mixtures, absorbed by all exposure routes, not just air (Monn, 2001).
This is, on the other hand, also a limitation as it is not easy to differentiate the component
ratios between exposure sources, pathways (e.g. dietary) and chemicals (Ryan et al.,
2007b; Clewell et al., 2008). Another constraint is that biomonitoring data may depend on
the moment in time when the sample is collected. Depending on the kinetics of the
measured compound in the sampled tissue, the measurement may reflect recent exposure,

average exposure over a prolonged period of time, or neither (Clewell et al., 2008).

Exposure modelling had arising as an alternative method of dynamic personal
exposure assessment able to address the magnitude of air pollutant concentration really
breathed in by the individual, allowing to analyse the contribution of different air pollutants,
exposure sources and pathways in exposure assessment process (Jerrett et al., 2005a;
McKone et al., 2008; Setton et al., 2011; Steinle et al., 2013). Exposure models can be
used to investigate large populations, future exposures, as well as reconstruct historical
exposure by utilizing existing data from different types and sources, as discussed in detail
in Section 1.3. Moreover, exposure models are particularly useful when combined with
other exposure assessment method, such as biomonitoring, thus making possible to link

exposure concentrations with internal exposure.

1.2.2. Which supplementary tools are available for personal exposure
assessment?

Research on human behaviour or activities is a crucial component of modern and
future exposure science (Lioy, 2010). The crucial questions are “Where individuals really
are during their daily activities?”; “Are concentration peaks of air pollution co-located in time
and space with the time period that individuals spend outdoors?”; “How much time an
individual are exposed in hot-spots?”. These and other related questions could be
answered by the recent development and availability of enhanced resources such as
geographic information system (GIS) and global positioning system (GPS), opening thus

new insights in the field of personal exposure assessment to air pollution in urban areas.

4 Geographical Information Systems (GIS)

Geographical Information Systems (GIS) is a useful tool to study the interactions

between humans and the environment by providing the required spatial information and
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analysis. A GIS is an integrated collection of computer software and data used to view and
manage information connected with specific locations, analyse spatial relationships, and
model spatial processes (Wade and Somer, 2006). All spatial data can be geocoded, i.e.
described by x and y coordinates in a geographical coordinate system. In a GIS, different
data in databases with geocoded observations can be analysed and visualized. Maps are

essential parts in a GIS and can be used as both input and output data.

Air pollution exposure assessment relies heavily on spatial context with the purpose
of untangling the associations between air pollution and the individual across space—time.
Geographic Information Systems, and associated statistical techniques, along with the
availability of spatially referenced health and environmental data, have created unique
opportunities to investigate spatial associations between air pollution exposures and health
outcomes at multiple spatial scales and resolutions (Collins, 1998; Melnick, 2002). Under
the context of exposure research field, GIS allows environmental and epidemiologic data to
be stored, analysed, and displayed spatially and temporally, improving data integration and
consistency by providing means of capturing and linking spatial data within a single
geographical structure. The majority of epidemiological and environmental data has a
spatial (location) component, to which GIS adds a powerful graphical and analytic
dimension by bringing together the fundamental epidemiological triad of person, time, and
the often-neglected place (PHAC, 2008). Also, GIS can be used in combination with
dispersion models to simulate the ways in which pollutants propagate in environment, and

the exposure as result (Briggs, 2000; Meliker and Sloan, 2011).

Equally, GIS permits spatial linking of different types of data, providing a framework
for combining pollution and population data, as required for exposure assessment (Nuckols
et al., 2004; Weis et al., 2005; Briggs, 2008; Maantay, 2011; Meliker and Sloan, 2011). GIS
allows to create distinct environmental, population and health data layers that can be linked
spatially and temporally. Thus, GIS provides the potential to make exposure models more
explicitly spatial, and several systems have been developed for modelling exposures in
stationary indoor environments (Clench-Aas et al.,, 1999; Zhan et al., 2006). However,
despite its greater applicability, until now, GIS has been used for personal exposure
assessment under a place-based perspective, estimating exposure based on geographic
proximity between the static location of the individual to pollutant and sources. In such
studies, GIS is often used to locate the study population by geocoding addresses
(assigning mapping coordinates) (e.g. residence, workplace) and to establish the exposure
surrogate on the basis proximity analysis of contaminant source (Jarup, 2004; Weis et al.,
2005; Zhan et al., 2006; Hochadel et al., 2006). Several limitations have been identified,
including the high aggregation of spatial data, the scale dependence of exposure

estimates, the lack of consideration of spatial and temporal variation and the lack of
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accounting for individual time-activity patterns (Nuckols et al., 2004; Maantay, 2011;
Nuvolone et al., 2011).

Recently, GIS have created unique opportunities to derive personal exposure
estimates at individual level by offering powerful tools to present spatial information to the
level of the individual, conducting predictive modelling, and by integrating information about
individuals’ time-activity patterns with environmental data. GIS provides access to
additional information from a wide variety of sources, such as global positioning systems
(GPS) to obtain almost the exact individuals location at a given time, as discussed below.
Some researchers have used GIS with GPS to define time-activity patterns that could
feasibly be linked with environmental data for personal exposure assessment (Phillips et
al., 2001; Elgethun et al., 2003; Nuckols et al., 2004). Using GIS to spatially integrate
individual's time-activity patterns with environmental data can be helpful in assessing inter
and intra-individual variability of exposure to air pollutant in urban areas, reducing
uncertainties in exposure estimates, and thus improving the results of epidemiological

studies and of risk assessment analyses.

4 Global Positioning Technology (GPS)

One of the problems of the exposure assessment approaches is the uncertainty
related to the human mobility during the exposure assessment period. To overcome this
issue, the use of Global Positioning System (GPS) for human tracking presents an
enormous opportunity for improving our understanding of how time-activity patterns can
influence individual exposure and subsequent health effects. GPS is a freely accessible
and promising technology by monitoring individual’s real-time geographic positions. This
technology uses differences in timing data of radio signals that are transmitted from a
constellation of satellites to determine an individual's location. As technology progresses, a

GPS receiver/data logger can integrated into watch, wear or mobile phone (USEPA, 2003).

Predictability in human dynamics by studying the mobility patterns of individuals
using GPS equipped mobile phones became an emerging field (Gonzalez et al., 2008;
Song et al., 2010). GPS-equipped mobile phones can record the latitude-longitude position
of individuals at each moment, offering many advantages over traditional time-location
analysis, such as high temporal resolution, and minimum reporting burden for participants
(Rainham et al., 2010; Chaix et al., 2013). This information can be logged passively or sent
in real-time using cell phone networks to a remote server for further analysis, and allows

researchers to map an individual's space-time path through multiple contexts.

Collection of time-location information using GPS technology provides continuous

tracking of the individuals with high data resolution in time and in space. The GPS
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technology guarantees that there will be an increasing availability of large amounts of data
affecting to individual trajectories, at increasing localization precision. However, it has be
emphasized that a GPS is not a standalone toot to determine time-activity locations, such a
commuting, indoor or outdoor locations, since it can only give information on the path that a
moving individual follows through space as a function of time, i.e. GPS trajectory (Wu et al.,
2010; Rainham et al., 2010; Zheng and Zhou, 2011). Significant uncertainties associated
with the processing and classifying of GPS trajectories is one of challenging issue for the

exposure studies (Wu et al., 2010).

Recently, GPS technology has been used successfully in personal exposure
assessment to collect individuals’ time-location information (Amorim et al., 2012; Valente et
al., 2012). Several personal exposure studies have used a well-designed integration of
GPS devices with portable pollutant monitors to determine potential exposure at the
individual level (Greaves et al., 2008; Boogaard et al., 2009; Lioy, 2010; Dons et al., 2011,
Zwack et al., 2011; Broich et al., 2012; Cole-Hunter et al., 2012; Miranda et al., 2012). The
development of portable personal exposure monitoring devices is a fast evolving field and
incorporates everyday devices, such as smartphones. An example is the portable, real-time
exposure monitoring system which was developed and described by Negi et al. (2011).
This device communicates wirelessly with a smart phone which serves as user interface as
well as for processing monitoring data, adding GPS information and to display

concentration profiles (Negi et al., 2011).

Overall, combined with GIS, GPS technology are expanding their applications as
supplementary tools for personal exposure assessment emerging as model input for
personal exposure studies based on individual movement patterns or routes, as detailed
discussed in Section 1.3.2. Despite some limitations of GPS technology, findings show that
personal exposure profiles towards changing environmental influences, which differ from
other individuals as well as the population average, can be derived by using a GPS
approach, and suggest that GPS can be seen as the way forward (Dons et al., 2011;
Richardson et al., 2013).

ummary 1.2.: Personal exposure estimation is a crucial component to
quantify exposure-related health effects. A new context of exposure
assessment recognizing importance of the actual spatial and temporal
scales on quantifying personal exposure to air pollution is emerging. Currently, personal

exposure assessment methods can be aggregated in two main groups: dynamic personal
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exposure approach and static personal exposure approach. On a static approach, time-
activity patterns of individuals are not directly addressed, while dynamic approach takes
into account individual activities in space and time and, therefore explicitly addresses
spatio-temporal variations in esposure. The availability of supplementary tools for personal
exposure assessment such as geographic information system (GIS) and global positioning
system (GPS) enhances the characterization of variable air pollution levels and individual's
time-activity patterns, as required by personal exposure assessment. Combining GPS with
GIS offers the opportunity to take a step forward in the quantification of personal exposure

to air pollution in urban areas.

1.3.Modelling: a priority area for personal exposu  re research

Modelling is a very important tool in exposure and health impact assessment
research since it is a flexible and cost-efficient indirect method for assessing human
exposure. An exposure model is “a logical or empirical construct which allows estimation of
individual or population exposure parameters from available input data” (WHO, 2000).
Technological advancements in computing processing power, availability of human
activity/environmental data have allowed the development and application of
comprehensive exposure modelling system to provide both spatially and temporally
resolved exposures. Human exposure modelling is presented thus as promising tool to
address the high temporal and spatial variability in the personal exposure imposed by the
urban environment and has become a fundamental and required approach of exposure
analysis as it provides an efficient and economical means for assessing exposure of
individuals over a variety of spatial and temporal scales for past, current, future, or

hypothetical conditions.

Personal exposure modelling allows quantifying how much atmospheric air is
contaminated in different locations of the study area, and simulating how different
individuals interact with those air pollution levels to derive personal estimates of its
exposure during the study (USEPA, 2004b). Exposure modelling is typically used to
supplement personal or biological monitoring data or when such measurements are not
available/appropriate for the exposure assessment situation. Thus, exposure models are
essential for comprehensive exposure assessment because we will never be able to
monitor or measure every exposure everywhere. Additionally, they also play an essential

role in establishing guidelines for acceptable levels of indoor and outdoor air pollution,
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which rely on the estimation of health risk associated with air pollutants for different

possible scenarios.

The crucial purpose of personal exposure modelling is to reflect “real-world” human
exposure to air pollutants over time and consequently assess the health outcomes of air
pollution exposure (Nethery et al., 2008). Thus, the need for personal exposure models
increases proportionally with the growing knowledge of the importance of the spatial and
temporal scales imposed for a variety of indoor and outdoor environments and time-activity
patterns for personal exposure assessment. Generally, to address these challenges,
exposure models incorporate one or more of the three fundamental variables that govern
human exposure: (i) pollutant source identification and emission rate, (ii) outdoor and/or
indoor pollutant concentrations, and currently (iii) human activity, as presented in Figure
1.9.

Emissions
Modelling
A 2
* Meteorological data
« Terrain profile and/or
Air pollutant buildings
emissionstime-series .« Background air
pollutant
concentrations

Air Quality Modelling
il

* Indoor/outdoor

Outdoor pollutant infiltration
concentrations « Indoor emission
sources
Microenvironmental concentrations Time-activity patterns

Human Exposure Modelling

Figure 1.9. Link between the principal components of an exposure model.

1.3.1. Air Quality Modelling: How it may contribute to personal exposure
assessment?

Air quality modelling allows establishing the relationships between current
emissions and current air quality at particular locations. Air quality models serve multiple

purposes in exploring the relationships between air pollutants and exposure-related health
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effects. One important application is extending observations spatially to reduce exposure
errors and uncertainties that arise from the limited spatial coverage of current routine
monitoring networks. Further, air quality models play a key role in identifying the most
efficient and cost-effective strategies for reducing source emissions and protecting human

health and welfare, thus serving as an important management tool (USEPA, 2009a).

Air quality models describing the dispersion and transport of air pollutants in the
atmosphere can be distinguished on many grounds: on the spatial scale (local, urban,
mesoscale, regional, global); on the temporal scale (episodic models, (statistical) long-term
models); on the treatment of various processes (chemistry, wet and dry deposition); and on
the complexity of the approach used for the physical process description. Depending on the
modelling objectives, it is important to select an appropriate model from among the
considerable diversity of the available tools taking into account the simplifications and

assumptions considered by the model (Borrego et al., 2001).

In general term, air quality models can be divided into (i) process oriented models
and (ii) statistical models (EEA, 1996; Daly and Zannetti, 2007; Solomon et al., 2012).
Process oriented models are based on the description of physical/chemical processes:
starting with emissions, atmospheric advection and dispersion, chemical transformation
and deposition are calculated. This type of models is able to give a description of cause-
effect relations. Statistical models are valuable tools in diagnose of air quality by means of
interpolation and extrapolation of measuring data (e.g. the concentrations measured
show a statistically significant dependence on the volume of traffic). Each of these
modelling approaches has been used to characterize air quality concentrations for personal

exposure modelling to air pollution.

A statistical model may be applied to time-series obtained from measurements for
the purpose of establishing a relationship among dependent and independent variables. It
is both a strength and a weakness of statistical models that they do not require nor imply
any causal relationships between the model variables. Statistical models require both input
and output variables to be known in the model development system. However, this type of
models should be used with caution. They may be considered valid only within the range of
the data from which they were derived. That is, the interpolation between data values is
acceptable, but extrapolation to a set of conditions outside the range of data may vyield
invalid results. Interpolation models and land use regression models are examples of a

statistical modelling.

Interpolation models utilize measurements at multiple locations throughout the
study area and estimate pollutant concentrations for unmeasured locations (Briggs, 2000).

Estimations are derived from spatial trends within the measured data. There are many
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spatial interpolation methods including the local neighbourhood approaches (e.g. inverse
distance weighting), the geostatistical approaches (e.g. kriging), and the variational
approaches (e.g. thin plate spline) (Coulibaly and Becker, 2007). Several studies have
predicted estimates of personal exposure using spatial interpolation of air quality data
(Finkelstein et al., 2003; Kiunzli et al., 2005; Jerrett et al. 2005b; Cohen et al.,2009; Son et
al., 2010), but there is not yet consensus on which methods are most appropriate.
Moreover, the quality of estimated concentrations is related to the degree of monitor
coverage and spatial heterogeneity of the pollutant within the study area (Wong et al.,
2004; Son et al., 2010).

Land-use regression (LUR) is an empirical modelling approach being used to
address the limited spatial coverage found in routine air quality monitoring networks. This
approach uses auxiliary data on a city’s physical characteristics to estimate pollutant levels
in relation to local activities (Crouse et al., 2009). These models spatially link ambient
pollutant concentration measurements throughout the study area with other associated
variables such as distance to pollutant source, topography, building types, population
density, socio-economic status, land use, traffic volume within GIS (Brauer et al., 2007;
Ryan and LeMasters, 2007; Hoek et al.,, 2008a). Recent applications have incorporated
physically based factors such as meteorology and topography in an attempt to improve
estimates (Arain et al., 2007; Ryan et al. 2008). LUR models treat the pollutant of interest
as the dependent variable and proximate land-use, traffic, and physical environmental
variables as independent predictors. As a result, they predict pollution concentrations at a
given site based on surrounding land use and traffic characteristics (Jerrett et al., 2005a;
HEI, 2010). Applications have demonstrated a good agreement between measured and
modelled benzene and organic compounds, although NO, is more challenging (Crouse et
al., 2009). However, there are several limitations to this type of models. Namely, even
though LUR models offer improved spatial resolution, they still may not capture a small
enough spatial scale for individual exposure assessment (Brauer et al., 2007; Hoek et al.,
2008Db).

Process oriented models include the traditional air dispersion models, and use the
best available emission estimates and local meteorological data to predict pollutant
concentrations at various locations. Over statistical models, air dispersion models have the
main advantage to incorporate both spatial and temporal variation of pollutant
concentrations and can be used to assess time periods from hourly averages to annual
periods. Air dispersion models are one of the most common types of models used for air
quality management and have been established as the primary method for assessing
human exposure in urban areas (Kousa et al., 2002; Jerrett et al., 2005a; Zou et al.,

2009a). Air dispersion models estimate pollutant concentration profiles over space and time
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by applying mathematical equations based on physical processes to site specific input

data.

Air dispersion models can generally be categorised by their type (e.g. Gaussian,
Lagrangian, Eulerian) and scales of application (Denby et al., 2011). Gaussian model is
one of the mostly used air quality model based on the process oriented approach. They
assume that the concentrations from a continuously emitting source are proportional to the
emission rate, inversely proportional to the wind speed, and that the time averaged
pollutant concentrations horizontally and vertically are well described by Gaussian
distributions (Boubel et al.,1994; Nieuwenhuijsen, 2003). In its simplest form, the Gaussian
plume model assumes that there are no chemical or removal processes taking place and
that pollutant material reaching the ground or the top of the mixing layer as the plume
grows is reflected back towards the plume centreline. Gaussian models are more suitable
for calculating annual mean concentrations in an urban region than for calculating of hourly
mean concentrations. The ADMS-URBAN (European model) (McHugh et al. 1997) and

AERMOD model (recommended by the USEPA) are examples of Gaussian models.

The Eulerian and Lagrangian approaches are more physically realistic, but
numerically complicated and computationally expensive (Figure 1.10) (Seinfeld and Pandis,
2006). Eulerian and Lagrangian models can provide realistic simulations of the atmospheric
transport and mixing of air pollutants at several scales (Borrego et al., 2006). In an Eulerian
model, chemical species are transported in a fixed frame of reference, usually the surface
of earth (Figure 1.10). This enables easy representation of the pollutant production and
transformation processes. The space domain (geographical area or air volume) is divided
into "small" squares (two-dimensional) or volumes (three-dimensional), i.e. grid cells. Most
Eulerian models use a grid system to describe atmospheric dynamics (advection and
diffusion), emission sources and chemical production, and generate four-dimensional
(space and time) trace species concentrations fields for each of the species modelled
(Seinfeld and Pandis, 2006). These models use numerical terms to solve the atmospheric
diffusion equation (i.e. the equation for conservation of mass of the pollutant) (Seinfeld and
Pandis, 2006). The numerical solution of the transport term in the Eulerian framework
becomes more difficult and often requires substantial computational resources to be
accurate enough compared to the Lagrangian approach. The main advantage of the
Eulerian models is the well-defined three dimensional formulations which are needed for
the more complex regional scale air pollution problems. Long range transport simulations
are mostly done using Eulerian models. Example of Eulerian models are the TAPM (Hurley,
2008), CAMXx (Ferreira et al., 2012) and CHIMERE model (Monteiro et al., 2007).

In Lagrangian models, also called Lagrangian Particles or Random Walk model, the

motion of air masses or particles following the flow is studied (Figure 1.10). In these

34



CHAPTER 1: GENERAL INTRODUCTION

models, the concentration is computed by counting “fictions particles” (computer-particles)
in a user defined volume (e.g. the cell of a regular grid). Each “particle” represents a
particular mass of one or several pollutants emitted from a given source. Hence, transport
caused by both the average wind and the turbulent terms due to wind fluctuations is taken
into account. Time-dependent trajectories of particles are computed by stochastic
differential equations (Langevin equations), which aim at describing turbulence properties
(Degrazia, 2005).

The computation time in Lagrangian models is directly linked to the number of
particles within the model domain, which in turn is determined by the number of particles
released, the size of the model domain and the wind speed. This type of models should
provide a better description of the dispersion and transport of pollutants than the simpler
Gaussian models, particularly in complex terrain (Degrazia, 2005; Daly and Zannetti, 2007).
Also, to determine pollutant concentrations in street canyons or urban blocks, high
resolution flow models that can resolve buildings need to be applied (e.g. computational
fluid dynamics (CFD) models) (Borrego et al., 2003; 2004; Martins et al., 2009). This type of
models is particularly useful for simulating short-term releases from sources with highly
variable emission rates in complex dispersion scenarios (Degrazia, 2005). Moreover, these
models begin to be used for regulatory purposes in some European countries such as the
Official reference model of the German Regulation on Air Quality Control, the AUSTAL2000
model (Janicke and Janicke, 2002; Janicke, 2004). Also in this study, AUSTAL2000 was
selected to simulate the air pollution dispersion. Despite the high computational
requirements for this model, its applicability to simulate the air pollution dispersion in areas
with complex topography, its high flexibility in modelling the physical processes involved, as
well the fast processing of the input data (e.g. buildings and emission sources
characterization), were decisive for the choice of this model in pursuit of the objectives set
in this research.

Overall, air dispersion models offer improved spatial and temporal resolution to
estimate air pollutant concentrations in locations without dense monitoring networks
(Clench-Aas et al., 1999; HEI, 2010). From a comparative evaluation of the performances
of four methods for exposure assessment of air pollution, Zou (2010) shows that air
dispersion models provide the most reliable exposure impact simulation results, and its
accurate performance was attributed to data input requirement. Therefore, air dispersion
modelling presents a promising tool to personal exposure assessment by characterizing the
air pollution levels required to quantify exposure at the individual level and by helping to
identify high exposure scenarios (i.e. high exposure sites, meteorological conditions that

lead to high pollutant concentrations), as well as to provide high-resolution analysis of

35



CHAPTER 1: GENERAL INTRODUCTION

patterns in health outcomes and environmental factors (Hruba et al., 2001; Lipfert et al.,
2006; 2008).

{a)

th)

Figure 1.10. a) In the Lagrangian system the observer follows movement of air parcel, and b) in the
Eulerian system, the observer studies atmospheric motion at a fixed reference point (Seinfeld and Pandis,
2006).

1.3.2. Personal Exposure Modelling: From a place to individual-based
approach

Over the past 20 years, several exposure modelling methods have been developed
with the aim of estimating exposure at the individual level. The major purpose of these
models is to characterize air quality concentrations to be used as surrogate of personal
exposure to air pollution and assumes that subjects within a demographic area (e.g. census
units) are equally exposed to air pollution. Thus, over the past decade, air quality models
have been integrated with GIS in attempt to reflect individual exposure by combining air
pollutants concentration data with residence location (e.g. Bartonova et al., 1999;
Gauderman et al., 2007; Hoek et al.,, 2008a). Nevertheless, the knowledge of where
individuals spend time is essential for the assessment of human exposure to air pollution
and research on human behaviour or activities is a crucial component of modern and future
exposure science (Lioy, 2010). Thus, individual-based personal exposure modelling,
although data and computer intensive, is considered the closest to a “best” estimate of

personal exposure to air pollution (Jerrett et al., 2005b; Ozkaynak et al., 2008; HEI, 2010).

To mitigate the problem of a place-based exposure approach, the concept of
microenvironment was developed (Georgopoulos and Lioy, 1994; Valente, 2010). An
individual's daily activities are related to a series of microenvironments, such as home,

workplace, in vehicle during travelling route, and recreation place. Microenvironments are
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defined as a location where the concentration of an air pollutant is considered to be
spatially homogenous during the time that individuals are exposed (Kaur et al., 2007,
Edwards et al., 2001; 2005). Despite the fact that time-activity location analyses are very
complicated, microenvironment approach use microenvironments, typically indoor
residences, indoor workplaces, other indoor locations, outdoor near residences, other
outdoor locations, and in vehicles, as a proxy of time-activity patterns (Srivastava, 2005;
Zou et al.,, 2009b). Under the microenvironment assumption, individual’s air pollution
exposure is calculated using a similar approach as represented by Equation 1.1 but
considering the discrete product of “representative” concentrations for the individual or
activity being examined in that microenvironment times the duration of the time spent there
(Hertel et al., 2001; Weisel, 2002):

E, = Z Ci L (1.3)

where E; (units: ppmh or pg.mh) is the personal exposure for person i over the specified
period of time, c¢; is the air pollution concentration (units: ppm or Hg.m?) in each
microenvironment j, t; is the time spent (units: h) by person i in each microenvironment j,

and mis the number of different microenvironments.

Several individual-based personal exposure models based on a microenvironment
approach, including AirPex (Freijer et al., 1998), SHEDS-PM (Burke et al. 2001), HAPEM
(Ozkaynak et al., 2008), APEX (USEPA, 2009b), are available. These models are designed
to simulate the distribution of personal exposure in several microenvironments (e.g.
outdoors, traffic environments, indoor-residential, public buildings, workplaces, and
schools) (Burke et al., 2001), by combining the time spent at visited microenvironments and
the estimated pollutant concentrations (e.g. PM10, VOCs, etc.) at every microenvironment.
Usually, microenvironmental concentrations are estimated as a combination of infiltrated
outdoor air and indoor source emissions based on mass balance or empirical
indoor/outdoor relationships. Additionally, the time spent at visited microenvironments and
activities of individuals used by these approaches is obtained based on time—activity
databases (e.g. Consolidated Human Activity Database (CHAD); National Human Activity
Pattern Survey (NHAPS)) (Burke et al., 2001; Kruize et al., 2003; Klepeis, 2006; Ozkaynak
et al., 2008). However, by using this time-activity location data, individual air pollution
exposure context can be assumed as a series of independent microenvironment exposures
(Ballesta et al., 2008).

Also, Zidek et al. (2005) presents a stochastic approach for estimating personal

exposure, the pCNEM model, based on time—activity databases (i.e. NHAPS). In this
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model, microenvironmental concentrations are estimated using a mass-balance indoor
model and the closest measurement station as proxy for the outdoor concentration. The
individual's location is addressed by distinguishing between home and workplace and
identifying the districts that are associated to the nearest pollution monitor. This model
enables the estimation of personal exposure for randomly picked individuals by running the
stochastic model several times on similar diaries of the same population subgroup.
However, individuals who belong to same population subgroup may have different time-
activity patterns and, consequently different air pollution exposure levels (Kwan, 2009).
Also, the aim of their model is to give probabilistic estimates for certain population
subgroups instead of modelling time and space variant exposure dynamics of a specific

individual person.

The advent of GIS provides the potential to make these models more explicitly
spatial. As a first attempt to model individual exposure on a very detailed spatio-temporal
resolution, the spatio-temporal exposure model system (STEMS) (Gulliver and Briggs,
2005; 2011), was developed. The STEMS model is a GIS-based system that simulates the
exposure of an individual or subpopulation to traffic-related pollution as people travel
through a dynamic pollutant field. STEMS incorporates an air dispersion model
(ADMSUrban), an empirical background pollutant model (BACKGAMON), traffic model
(SATURN) (a model for vehicle flows), and a time-activity model (TOTEM). Time—activity
patterns are simulated for individuals over an appropriate period (e.g. week, day, or part
day), based on results from time—activity surveys. Exposures are then estimated for each
location by cross-reference to the pollution map for that time period. Although the modelling
approach had great promise, the current version of this model only focuses on journey-time
exposure to PM10 (i.e. during on foot or in a vehicle), and 24-h exposure profiles are not
provided. Also, indoor sources are not considered for personal exposure assessment,
estimating indoor concentrations (i.e. in vehicles) by using outdoor concentrations and

weighting factors.

Recently, there has been an increasing focus on using GPS technology to collect
the individual trajectory information to be used in combination with air pollution levels to
estimate personal air pollution exposure levels in urban areas. A traffic air pollution
exposure modelling system named AirGIS was developed by National Environmental
Research Institute in Denmark (Jensen, 2006). AirGIS system included two modules. One
to simulate urban air pollution levels using Danish Operational Street Pollution Model
(OSPM), road network, traffic information, and a Geographic Information System (GIS).
The second module estimates personal exposure at address level (including about 200,000
addresses in Denmark) and with one hour of time resolution. Also, apart from modelling

exposure at address level, the system includes a model system for the estimation of
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exposure under transport along a route provided by individual carried cell phones with built-
in GPS receivers, which send location information by short message service (SMSs) to
AirGIS tracking centre at twenty seconds intervals. Despite of AirGIS project is promising to
collect individual-based real-time positioning, this system can only be applicable in
Denmark and for smaller field studies (Hertel et al., 2008). The personal exposure in
stationary microenvironments is estimated under a place-based approach, considering the
location address and only for home and workplace. Also, SMSs with individual trajectory
data are only sent when the subject is moving out of a defined area and has associated
costs as positions. Also, only vehicles with GPS technology can be considered for

exposure analysis.

Gerharz et al. (2009; 2013) developed an initial framework for spatio-temporal
individual exposure modelling, taking GPS data and information from TADs and
guestionnaires, indoor, and outdoor concentration into account. For the outdoor distribution,
a dispersion model was used and extended by actual ambient fixed site measurements.
Indoor concentrations were modelled using a simple mass balance model with the
estimated outdoor concentration fraction infiltrated and indoor activities estimated from
guestionnaires. Information on time-activity patterns was provided from a combination of
GPS data and self-administered TADs. The entries of the diaries are classified into visited
activities relevant for the exposure model, distinguish home, working environment, other
indoor, transportation, and outdoor. This information is posterior used to identified indoor

environments in GPS processed data.

Daily average exposure values estimated by Gerharz et al. (2009) evidence a
strong influence of individual behaviour. However, there are limitations to the general
applicability of this methodology due to simplifications and assumptions adopted such as
the qualification of indoor activities for which the TAD was used and where the GPS sensor
cannot receive a signal. This model is strongly dependent on TADs and questionaries’
information to derive individual activity profile, providing exposure estimates only if the
individual resides in a microenvironment which is specified in the model (Gerharz et al.,
2013). Also, although GPS trajectories are analysed and processed (Wu et al., 2010), the
microenvironments are identified based on information provided by TADs, which has
several weaknesses (Section 1.1.3.) and only indoor and in-vehicle microenvironments are

identified, ignoring exposure during walking periods.
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ummary 1.3.: To assess and manage health effects associated with

current and emerging complex air quality issues, personal exposure

modelling has become a priority and required approach of exposure
analysis, as it provides an efficient means for assessing personal exposure at the spatial
and temporal scale imposed for a variety of “microenvironments” during individual’s time-
activity patterns. In this context, air dispersion modelling play a key contribution to personal
exposure assessment in order to characterize the air pollution levels required to quantify
exposure at the individual level. Several personal exposure models have been developed,
presenting crucial strengths over other personal exposure methods. Clearly, personal
exposure modelling has progressed significantly over the past decades, from crude
qualitative estimates to today’s refined integrated methods vyielding more accurate
quantitative exposure estimates at the individual level. Instead of a place-based personal
exposure approach, individual-based exposure models consider time-activity patterns of
the individual to obtain more realistic spatio-temporal individual exposure estimates. Recent
information technologies, namely GPS, facilitate the collection of individual’s spatio-
temporal trajectory, and when combined with air pollution levels can effectively derive
individual-level personal exposures. However, until now several efforts on characterizing
the spatial and temporal distributions of air pollution have been expended, but much work
remains in understanding the role of individual mobility in conditioning exposures in urban
areas. Also, very little has been done toward validating of such models at the level of the
individual. The validation of models with independent data sets is useful to check whether
the proposed models serve as surrogates for individual exposure and to know the extent of
the exposure estimation error, which should be accounted for in health impact assessment.
Under this framework, accurately quantifying human exposure to air pollution in urban
areas still remains a challenging task. Consequently, the development of personal
exposure models that provide a better understanding of exposure by establishing source-
receptor relationship and by explicitly preserving the sequence of exposure events at the
individual exposure level in the urban environment is a priority area for future exposure

research.

1.4.Research Objectives and Thesis structure

The prime objective of this research work is the development of a consistent approach
for the quantification of individual exposure to traffic-related hazardous air pollutants in

urban areas within distinct microenvironments by using a novel methodology for trajectory
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analysis of the individuals in order to support health impact assessment and decision-

making in public health management.

To achieve the defined objective, the following tasks were accomplished:

= An overview of the currently available methodologies for the quantification of
personal exposure to air pollution. At this stage, the research was focused on
different personal exposure methods and supplementary tools available. The
dynamic exposure approach was evaluated in comparison with static exposure

methods;

= |dentification of the relevant parameters of exposure quantification at urban scale,
such as spatial and temporal resolution of the data. The final use of the results,

including health impact assessment requirements, was considered for this purpose;

= A comprehensive analysis and identification of the current and future potential
impacts on human health associated with exposure to air pollution. This analysis
was based on an atmospheric and health impact assessment modelling
contributing to a better understanding of the number of deaths that are attributable

to the exposure to current air pollution levels and under future climate in Portugal;

= Development and implementation of a new module into the Transport Emission
Model for Line Sources (TREM) to quantify emissions of traffic-related hazardous
air pollutants (HAPs), providing detailed information on HAPs emissions with higher

resolution within urban areas;

= Development of a new personal exposure modelling tool based on trajectory
analysis of individuals and air pollution modelling with high spatial-temporal
resolution to provide the magnitude, frequency and the intra and inter-variability of
individuals’ exposure levels that is essential for health impact assessment. The
development and implementation of trajectory data mining and geo-spatial analysis
algorithm within Geographic information system was performed at this stage of the
research, in order to process the trajectories obtained with Global Positioning

System and collected by mobile-phones;

= Characterization of the variability of the microenvironmental parameters based on a
probabilistic approach providing an additional knowledge on the variation
associated with microenvironmental concentrations and its contribution to the

individual exposure estimates;
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= Application of the exposure model to the study area. Based on the data provided by
the transportation — emission — air dispersion modelling and the daily trajectories of
the individuals, statistics on individual’s air pollution exposure were estimated for

each individual;

= Validation of the developed exposure modelling tool by using personal and
biological exposure measurements collected during the daily activities of individuals
in a measurements campaign. The exposure modelling tool presents as a useful
tool to be used in combination with personal monitoring and biomonitoring, enabling

to analyse and understand the exposure measurements obtained.

This study is presented in seven distinct chapters, based on published and

submitted manuscripts.

A comprehensive analysis of the current impacts on human health associated with
exposure to urban air pollution is performed in Chapter 2. Thus, a health impact
assessment is conducted in Chapter 2 in order to quantify the potential health benefits by
meeting the air quality limit values (2008/50/CE) for short-term PM10 exposure in an urban
area. Additionally, in order to identify the relevant parameters of exposure quantification at
urban scale, the role of the population mobility and inhomogeneity of spatial pollution
pattern is analysed and considered in health impact assessment. The air pollution spatial
variation and high population mobility observed within urban areas are identified as
important factors for the short-term health risk analysis. Therefore, an improved
methodology to process the population data taking into account daily average population
mobility and to process air quality time series to obtain representative background pollution
values are presented in Chapter 2. The main outcomes of this chapter highlight the
importance to study the human mobility and inhomogeneity of spatial pollution pattern to
improve estimations of human exposure to air pollution in urban areas, thus providing

relevant information for the research performed in the next chapters.

The identification of the future potential health risk under climate-induced changes
in air pollution levels within urban areas are analysed and discussed in Chapter 3. This
analysis was based on an atmospheric and health impact assessment modelling conducted
to understand the potential impacts of climate-induced changes in PM10 concentrations
and how future changes in PM10 concentrations contribute to mortality attributable to urban
air pollution in future scenarios. Worldwide, several studies have already discussed the
relationship between the climate change and health effects. However, studies focusing on

the health impacts of air quality in Portugal are very few. Thus, this chapter intends to
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contribute to a better understanding on the number of deaths that are attributable to the
exposure of air pollution levels under future climate in Portugal, emphasizing the

importance of indirect effects of climate change on human health.

A fundamental question addressed in Chapter 4 is to what extent urban air pollution
is affected by road traffic sources. In this concern, the characterization of the transport
activity and the quantification of corresponding emissions in urban areas where inhabitants
are leaving close to the pollution sources combined with air quality modelling allows
establishing the relationships between current emissions and current air quality at particular
locations, which is crucial for human exposure analysis to traffic-related air pollution in
urban areas. In this scope, and given the known toxic and carcinogenic effects of HAPs
on human health, Chapter 4 is focused on the development of a modelling approach to
quantify emissions of traffic-related hazardous air pollutants in urban areas considering
complex road network and detailed data on transport activity. A new version of the
Transport Emission Model for line sources has been developed for hazardous pollutants
(TREM-HAP). Also, this new version of the model was extended to integrate a probabilistic
approach for the uncertainty quantification using Monte-Carlo technique. Thus, a probable
distribution of the emissions of benzene, 1,3-butadiene, formaldehyde, acetaldehyde,
acrolein, naphthalene and also particulate matter (PM2.5) for different types of roads
considering vehicle technology mix, driving conditions and traffic volume fluctuations is
presented in Chapter 4. In addition, the important contribution of cold start emissions to the

total daily values of HAPs is investigated.

Once recognized the spatial and temporal scales required by the exposure events,
a new exposure modelling tool, the GPS based Exposure Model to Traffic-related Air
Pollution model (ExPOSITION) are developed and discussed in Chapter 5 in order to
quantify the short and long-term exposure to traffic-related air pollutants at the temporal
and spatial scale imposed by the individual. Hence, the Chapter 5 presents the
development and application of a new modelling tool for quantification of human exposure
to traffic-related air pollutants within distinct microenvironments by using a novel approach
based on trajectory analysis of individuals and air pollution modelling with high spatial-
temporal resolution. For this purpose, information on pollutant concentrations at different
microenvironments and detailed time-location data collected for each individual by mobile
phones with Global Positioning System technology are processed using trajectory data
mining and geo-spatial analysis within Geographical Information System to obtain time-
activity patterns. The detailed emission data provided by the TREM-HAP emission model
are considered as important inputs to AUSTAL2000 dispersion model to provide
information on variability of outdoor air pollutant concentrations. Additionally to outdoor,

pollutant concentrations in distinct indoor microenvironments are characterised using a
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probabilistic approach to estimate the variability of the microenvironmental parameters in

the predicted individual exposure.

To evaluate the feasibility of the developed exposure model, Chapter 6 includes the
application and validation of the new exposure modelling approach for benzene, which is
defined as one of the most important health-based European Union priority substances,
against personal exposure measurements and biological monitoring data collected during
the daily activities of individuals in a measurements campaign. In addition to road transport
emissions, vehicle refuelling emissions were also considered in the current research in
order to guarantee completeness of the benzene emission estimations. The modelling
cascade, including transportation-emission-dispersion-exposure models are applied to a

selected urban area in Portugal.

Finally, in Chapter 7 a brief summary of the main results is presented. Additionally,

the general conclusions are explored and possible future developments discussed.

1.5. References

Ackermann-Liebrich U., Viegi G., Nolan C. (Eds.) (1995) Time-activity Patterns in
Exposure Assessment. EUR 15892 EN: Brussels

Adetona O., Li Z., Sjodin A., Romanoff L.C., Aguilar-Villalobos M., Needham L.L., Hall D.B.,
Cassidy B.E., Naeher L. P. (2013) Biomonitoring of polycyclic aromatic hydrocarbon
exposure in pregnant women in Trujillo, Peru—Comparison of different fuel types
used for cooking. Environment international. 53, 1-8.

Adgate J.L., Church T.R., Ryan A.D., Ramachandran G., Fredrickson A.L., Stock T.H.,
Morandi M.T., Sexton K. (2004a) Outdoor, indoor, and personal exposure to VOCs in
children. Environmental Health Perspectives. 112, 1386—1392.

Adgate J.L., Eberly L.E., Stroebel C., Pellizzari E.D., Sexton K. (2004b) Personal, indoor,
and outdoor VOC exposures in a probability sample of children. Journal of Exposure
Analysis and Environmental Epidemiology. 14, S4-S13.

Agostini A., Lelli M., Negrenti E., Parenti A. (2005) An advanced software tool for vehicular
emissions disaggregate estimation. In: Air Pollution Xlll. A. Brebbia (eds) Wessex
Institute of Technology, UK

Amagai T., Ohura T., Sugiyama T., Fusaya M., Matsushita H. (2002) Gas
chromatographic/mass spectrometric determination of benzene and its alkyl
derivatives in indoor and outdoor air in Fuji, Japan. Journal of AOAC International.
85, 203-211.

44



CHAPTER 1: GENERAL INTRODUCTION

Amorim J.H., Valente J., Cascédo P., Rodrigues V., Borrego C. (2012) Modelling the link
between urban morphology, pedestrian dynamics and individual exposure to air
pollution. In: 3D Issues in Urban and Environmental Systems. R. Billen, M. Caglioni,
O. Marina, G. Rabino, R. San José (Eds.). Societa Editrice Esculapio, Italy. 103-110
p. ISBN: 978-88-7488-546-6.

Anas A., Arnott R. Small K. A. (1998) Urban Spatial Structure. Journal of Economic
Literature. 36, 1426-1464.

Anderson H.R. (2009) Air pollution and mortality: a history. Atmospheric Environment.
43,142-152.

André M., Hammarstrém U., Reynaud I. (1999) Driving statistics for the assessment of air
pollutant emissions from road transport. INRETS report, LTE9906, Bron, France, 191
p.

Arain M.A, Blair R., Finkelstein N., Brook J.R., Sahsuvaroglu T., Beckerman B., Zhang L.,
Jerrett M. (2007). The use of wind fields in a land use regression model to predict air
pollution concentrations for health exposure studies. Atmospheric Environment. 41,
3453-3464.

Armstrong B.K., White E., Saracci R. (1992) Principles of Exposure Measurement in
Epidemiology. Oxford University Press, New York, NY, 11.

Arteta J., Cautenet S., Taghavi M., Audiffren N. (2006) Atmospheric Environment. 40,
7983-8001.

ACGIH (American Conference of Governmental Industrial Hygienists) (1995) Air sampling
instruments for evaluation of atmospheric contaminants, 8th ed. Cincinnati, Ohio.

Baklanov A., Hanninen O., Slordal L.H., Kukkonen J., Bjergene N., Fay B., Finardi S., Hoe
S.C., Jantunen M., Karppinen A., Rasmussen A., Skouloudis A., Sokhi R.S.,
Sorensen J.H., Odegaard V. (2007) Integrated systems for forecasting urban
meteorology, air pollution and population exposure. Atmospheric Chemistry and
Physics. 7, 855-874.

Ballesta P.P., Field R.A., Fernandez-Patier R., Galan-Madruga D., Connolly R., Caracena
A.B., De Saegera E. (2008) An approach for the evaluation of exposure patterns of
urban populations to air pollution. Atmospheric Environment. 42, 5350-5364.

Ballesta P.P., Field R.A., Connolly R., Cao N., Caracena A.B., De Saeger E. (2006)
Population exposure to benzene: one day cross-sections in six European cities.
Atmospheric Environment. 40, 3355-3366.

Bartonova A., Clench-Aas J., Gram F., Gronskei K.E., Guerreiro C., Larssen S., Tgnnesen
D.A., Walker S.E. (1999) Air pollution exposure monitoring and estimation. Part V.
Traffic exposure in adults. Journal of Environmental Monitoring.1, 337—340.

Batty M. (2009) Cities as Complex Systems: Scaling, Interactions, Networks, Dynamics and

Urban Morphologies. Springer, Berlin, DE.

45



CHAPTER 1: GENERAL INTRODUCTION

Baxter L.K., Burke J., Lunden M., Turpin B. J., Rich D.Q., Thevenet-Morrison K., Hodas N.,
Ozkaynak H. (2013) Influence of human activity patterns, particle composition, and
residential air exchange rates on modeled distributions of PM2.5 exposure compared
with central-site monitoring data. Journal of Exposure Science and Environmental
Epidemiology. 23, 241-247.

Beckx C, Int Panis L, Arentze T, Janssens D, Torfs, R., Broekx S, Wets G (2009) A
dynamic activity-based population modelling approach to evaluate exposure to air
pollution: methods and application to a Dutch urban area. Environmental Impact
Assessment Review. 29, 179-185.

Benenson |. Torrens P.M. (2004) Geosimulation: automatabased modeling of urban
phenomena. Chichester: JohnWiley & Sons.

Bernard S.M., Samet J.M., Grambsch A., Ebi K.L., Romieu I. (2001)The potential impacts
of climate variability and change on air pollution-related health effects in the United
States. Environmental Health Perspectives.109, 199-209.

Bloemen H.J.T., Balvers T.T.M., van Scheindelen H.J., Lebret E., Oosterlee A., Drijver M.
(1993) The Benzene Research in South of Kennemerland, The Netherlands. (Het
benzeen onderzoek Zuidkennemerland). National Institute of Public Health and the
Environment (RIVM) and Municipal Health Service Haarlem (GGD), Bilthoven.

Bocchetta M., Carbone M. (2004) Epidemiology and molecular pathology at crossroads to
establish causation: molecular mechanisms of malignant transformation. Oncogene.
23, 6484—6491.

Boogaard H, Borgman F, Kamminga J, Hoek G. (2009) Exposure to ultrafine and fine
particles and noise during cycling and driving in 11 Dutch cities. Atmospheric
Environment. 43, 4234-4242.

Borrego C., Neuparth N., Carvalho A.C., Carvalho A., Miranda A.l., Costa A.M., Monteiro
A., Martins H., Correia I., Ferreira J., Amorim J.H., Martins J., Pinto J.R., Santos J.,
Silva J.V., Valente J., Simfes L., Lopes M., Tchepel O., Cascéo P., Lopes da Mata
P., Martins P., Santos P., Tavares R., Nunes T., Martins V. (2008) A Saude e o0 Ar
que Respiramos - Um Caso de Estudo em Portugal. Textos de Educacgédo. Lisboa.
Fundacédo Calouste Gulbenkian.

Borrego C., Tchepel O., Costa A. M., Martins H., Ferreira J., Miranda A.l. (2006)
Atmospheric Environment. 40, 7205-7214.

Borrego C., Tchepel O., Salmim L., Amorim J.H., Costa A.M., Janko J. (2004) Integrated
modelling of road traffic emissions: application to Lisbon air quality management.
Cybernetics and Systems: An International Journal. 35, 535-548.

Borrego C., Tchepel O., Costa A.M., Amorim J.H., Miranda A.l. (2003) Emission and
dispersion modelling of Lisbon air quality at local scale. Atmospheric Environment.
37, 5197-5205.

46



CHAPTER 1: GENERAL INTRODUCTION

Borrego C., Tchepel O., Carvalho A.C. (2001) Model Quality Assurance. EUROTRAC-2
Symposium 2000. 27-31 March , Garmisch-Partenkirchen, Germany.

Boubel R.W., Fox D.L.,Turner D.B., Stern A.C. (1994) Fundamentals of air pollution.
Academic Press, New York

Boudet C., Zmirou D., Vestry V. (2001) Can one use ambient air concentration data to
estimate personal and population exposure to particles? An approach within the
European EXPOLIS study. The Science of the Total Environment. 267, 141-150.

Boudet C, Zmirou D, Poizeau D. (2000) Fraction of PM personal 2.5 exposure attributable
to urban traffic: a modeling approach. Inhalation Toxicology. 12, 41 —53.

Boulter P., McCrae I., Joumard R., André M., Keller M., Sturm P. (2007) ARTEMIS:
Assessment and Reliability of Transport Emission Models and Inventory Systems.
Final Report UPR/IE/044/07. Commission Européenne. 337 p.

Boulton J.W., Siriunas K.A., Lepage M., Schill S. (2002) Developing spatial surrogates for
modelling applications, emission inventory preparation for modelling. Rowan Williams
Davies and Irwin Inc., Canada.

Branis M. (2010) Personal exposure measurements. In: Human exposure to pollutants via
dermal absorption and inhalation. Lazaridis M, Colbeck | (Eds). Springer, p. 97-141.

Brauer M., Ainslie B., Buzzelli M., Henderson S., Larson T., Marshall J., Nethery E., Steyn
D., Su J. (2007) Models of exposure for use in epidemiological studies of air pollution
health impacts. In: Air pollution modeling and its application XIX. C. Borrego, A.l.
Miranda (Eds). Springer.

Brauer M., Hoek G., van Vliet P., Meliefste K., Fischer P., Gehring U., Brunekreef B. (2003)
Estimating long-term average particulate air pollution concentrations: application of
traffic indicators and geographic information systems. Epidemiology. 14, 228-239.

Briggs D.J. (2008) A framework for integrated environmental health impact assessment of
systemic risks. Environmental Health. 7, 61-78.

Briggs D.J. (2000) Exposure assessment. In: Spatial epidemiology: methods and
applications. Elliott, P., Wakefield, J. C., Best, N. G. and Briggs, D. J., (Eds.). New
York, USA: Oxford University Press, pp. 335-359.

Broich A.V., Gerharz L.E., Klemm O. (2012) Personal monitoring of exposure to particulate
matter with a high temporal resolution. Environmental Science and Pollution
Research. 19, 2959-2972.

Brook R.D., Rajagopalan S., Pope C.A., Brook J.R., Bhatnagar A., Diez-Roux A.V., Holguin
F., Hong Y., Luepker R.V., Mittleman M.A., Peters A., Siscovick D., Smith S.C. Jr.,
Whitsel L., Kaufman J.D. (2010) Particulate matter air pollution and cardiovascular
disease: an update to the scientific statement from the American Heart Association.
Circulation. 121, 2331-2378.

47



CHAPTER 1: GENERAL INTRODUCTION

Bruinen de Bruin Y., Koistinen K., Kephalopoulos S., Geiss O., Tirendi S., Kotzias D.
(2008) Characterisation of urban inhalation exposures to benzene, formaldehyde
and acetaldehyde in the European Union: comparison of measured and modelled
exposure data. Environmental Science and Pollution Research International. 15,417-
430.

Brunekreef B., Janssen N.A.H., de Hartog J.J., Oldenwening M., Meliefste K., Hoek G.,
Lanki T., Timonen K.L., Vallius M., Pekkanen J., Van Grieken R. (2005) Personal,
Indoor, and Outdoor Exposures to PM2.5 and Its Components for Groups of
Cardiovascular Patients in Amsterdam and Helsinki. Research Report 127. Health
Effects Institute, Boston, MA.

Buckley T.J., Waldman J.M., Dhara R., Greenberg A., Ouyang Z., Lioy P.J. (1995) An
assessment of a urinary biomarker for total human environmental exposure to
benzo[a]pyrene. International Archives of Occupational and Environmental Health.
67, 257-266.

Burke J.M., Zufall M.J., Ozkaynak H. (2001) A population exposure model for particulate
matter: case study results for PM2.5 in Philadelphia, PA. Journal of Exposure
Analysis and Environmental Epidemiology. 11, 470-489.

Callahan, M.A., Jayewardene, R., Norman, C., Zartarian, V., Dinovi, M., Graham, J.,
Hammerstrom, K., Olin, S., and Sonich-Mullin, C. (2001) International Programme on
Chemical Safety (IPCS) Project on the Harmonization of Risk Assessment
Approaches: Exposure Assessment Terminology, Paper No. 273. 11™ Annual
Meeting of the International Society of Exposure Analysis. November 6, Charleston,
SC.

Callahan M.A., Bryan E.F. (1994) Exposure assessment. In: Handbook of carcinogen
testing. Milman H.A., Weisburger E.K. (Eds). Park Ridge, New Jersey, Noyes
Publications, pp 651-671.

Carvalho A., Monteiro A., Solman S., Miranda A.l., Borrego C. (2010) Climate-driven
changes in air quality over Europe by the end of the 21% century, with special
reference to Portugal. Environmental Science and Policy. 13, 445-458.

Charpin D., Pascal L., Birnbaum J., Armengaud A., Sambuc R., Lenteaume A., Vervioet D.
(1999) Gaseous air pollution and atopy. Clinical and Experimental Allergy. 29, 1474-
1480.

Chaix B., Méline J., Duncan S., Merrien C., Karusisi N., Perchoux C., Lewin A., Labadi K.,
Kestens Y. (2013) GPS tracking in neighborhood and health studies: A step forward
for environmental exposure assessment, a step backward for causal inference?.
Health & Place. 21, 46-51.

48



CHAPTER 1: GENERAL INTRODUCTION

Clench-Aas J., Bartonova A., Bghler T., Grgnskei K.E., Sivertsen B., Larssen S. (1999) Air
pollution monitoring and estimating. Part 1. Integrated air quality monitoring system.
Journal of Environmental Monitoring. 1, 313-319.

Clewell H.J., Tan Y.M., Campbell J.L., Andersen M. E. (2008). Quantitative interpretation
of human biomonitoring data. Toxicology and Applied Pharmacology. 231, 122-133.

Cohen M.A., Adar S.D., Allen R.W., Avol E., Curl C.L., Gould T., Hardie D., Ho A., Kinney
P., Larson T.V., Sampson P., Sheppard L., Stukovsky K.D., Swan S.S., Liu L.-J.S.,
Kaufman J.D. (2009) Approach to estimating participant pollutant exposures in the
Multi-Ethnic Study of Atherosclerosis and air pollution (MESA air). Environmental
Science and Technology. 43, 4687-4693.

Colbeck 1., Nasir Z.A. (2010) Indoor air pollution. In: Human exposure to pollutants via
dermal absorption and inhalation, 17. Lazaridis M., Colbeck I. (Eds). Springer. p. 41—
72.

Cole-Hunter T., Morawska L., Stewart I., Jayaratne R., Solomon C. (2012) Inhaled particle
counts on bicycle commute routes of low and high proximity to motorised traffic.
Atmospheric Environment. 61,197-203.

Colls J. (2002) Air Pollution: Second edition. Spon Press, London, United Kingdom.

Collins S. (1998) Modelling spatial variations in air quality using GIS. In: GIS and Health.
Gatrell T., Loytonen M. (Eds.). Taylor & Francis, Philadelphia, PA, pp. 81-95.

Coulibaly M., Becker S. (2007) Spatial interpolation of annual precipitation in South Africa -
Comparison and evaluation of methods. Water International. 32, 494- 502.

Crouse D.L., Goldberg M.S., Ross N.A. (2009) A prediction-based approach to modelling
temporal and spatial variability of traffic-related air pollution in Montreal, Canada.
Atmospheric Environment. 43, 5075-5084.

Daly A., Zannetti P. (2007) Air Pollution Modeling — An Overview. In: Ambient Air Pollution.
P. Zannetti, D. Al-Ajmi, S. Al-Rashied (Eds). The EnviroComp Institute, Fremont, CA,
pp.15-28.

DeCaprio A.P. (1997) Biomarkers: coming of age for environmental health and risk
assessment. Environmental Science and Technology. 31, 1837-1848.

DEFRA (2008) The Royal Commission on Environmental Pollution's report on the Urban

Environment - Government Response. (www.rcep.org.uk/reports/26-

urban/documents/ government-response-rcep.pdf) Accessed 15 May 2013.

Degrazia G.A. (2005) Lagrangian Particle Models. In: Air Quality Modeling: Theories,
Methodologies, Computational Techniques and Available Databases and Software.
P. Zannetti (Eds).EnviroComp.

Delucchi M.A. (2000) Environmental externalities of motor-vehicle use in the US. Journal of

Transport Economics and Policy. 34, 135-168.

49



CHAPTER 1: GENERAL INTRODUCTION

Denby B.R., Douros I., Lia F. (2011) Modelling of Nitrogen Dioxide (NO,) for air quality
assessment and planning relevant to the European Air Quality Directive. FAIRMODE
WGL1, v. 3.3.

Directive 2008/50/EC. (2008). Directive of the European Parliament and of the Council on
Ambient Air Quality and Cleaner Air for Europe. Official Journal of the European
Union.

Dons E., Int Panis L., Van Poppel M., Theunis J., Willems H., Torfs R., Wets G. (2011)
Impact of time-activity patterns on personal exposure to black carbon. Atmospheric
Environment. 45, 3594-3602.

Dons E., Temmerman P., Van Poppel M., Bellemans T., Wets G., Int Panis L. (2013) Street
characteristics and traffic factors determining road users' exposure to black carbon.
Science of the Total Environment. 447, 72-79.

Duan N., Ott W. (1992) An Individual Decision Model for Environmental Exposure
Reduction. Journal of Exposure Analysis and Environmental Epidemiology. 2, 155—
174.

Duan N., Dobbs A., Ott W. (1990) Comprehensive Definitions of Exposure and Dose to
Environmental Pollution, SIMS Technical Report No. 159, Department of Statistics,
Stanford University, Stanford, CA.

Duan N., Dobbs A., Ott W. (1989) Comprehensive Definitions of Exposure and Dose to
Environmental Pollution. In: Proceedings of the EPA/A&WMA Specialty Conference
on Total Exposure Assessment Methodology. November 1989, Las Vegas, NV.

EC (European Commission) (2005) Human exposure characterisation of chemical
substances, quantification of exposure routes. Ispra, Physical and Chemical
Exposure Unit, Joint Research Centre.

Edwards D.R., Schweizer C., Jantunen M., Lai K.H., Bayer- Oglesby L., Katsouyanni K.,
Nieuwenhuijsen M., Saarela K., Sram R. Kinzli N. (2005) Atmospheric Environment.
39, 2299-2307.

Edwards R.D., Jantunen M.J. (2001) Benzene exposure in Helsinki, Finland. Atmospheric
Environment. 35, 1411-1420.

Edwards R.D., Jurvelin J., Koistinen K., Saarela K. Jantunen M. (2001) Atmospheric
Environment. 35, 4829-4841.

EEA (European Environment Agency) (2012a) The contribution of transport to air quality.
TERM 2012: transport indicators tracking progress towards environmental targets in
Europe. EEA Report No 10/2012, Copenhagen.

EEA (European Environment Agency) (2012b) Monitoring CO2 emissions from new
passenger cars in the EU: summary of data  for 2011.
(http://www.eea.europa.eu/data-and-maps/data/co2-cars-emission) Accessed 30
May 2013.

50



CHAPTER 1: GENERAL INTRODUCTION

EEA (European Environment Agency) (2012c) Air quality in Europe — 2012. EEA Report
No 4/2012. (http://www.eea.europa.eu/publications/airquality-in-europe-2012)
Accessed 27 March 2013.

EEA (Environmental European Agency). (2010). European Union Emission Inventory

Report 1990-2008 under the UNECE Convention on Long-range Transboundary Air
Pollution (LRTAP). EEA Technical Report No. 7/2010. Office for Official Publications
of the European Union. ISBN 978-92-9213-102-9, Luxemburg

EEA (European Environment Agency) (1996) Ambient Air Quality, Pollutant Dispersion and
Transport Models. European Topic Centre on Air Quality.

Elgethun K., Fenske R.A., Yost M.G., Palcisko G.J. (2003) Time-location analysis for
exposure assessment studies of children using a novel global positioning system
instrument. Environmental Health Perspectives. 111,115-215.

Elliott P., Wakefield J.C., Best N.G., Briggs D.J. (2000) Spatial Epidemiology: Methods and
Applications. Oxford University Press.

Fang T.B., Lu Y. (2012) Personal real-time air pollution exposure assessment methods
promoted by information technological advances. Annals of GIS. 18, 279-88.

Fanou A.L., Mobio A.T., Creppy E.E., Fayomic B., Fustonid S., Mgllere P., Kyrtopoulosf, S.,
Georgiades P., Loft S., Sanni A., Skovg H., @vrebgh S., Autrupi H. (2006) Survey of
air pollution in Contonou, Benin — air monitoring and biomarkers. Science of the Total
Environment. 358, 85-96.

Ferreira J., Rodriguez A., Monteiro A., Miranda A.l., Dios M., Souto J.A., Yarwood G.,
Nopmongcol U., Borrego C. (2012) Air quality simulations for North America - MM5-
CAMx modelling performance for main gaseous pollutants. Atmospheric
Environment. 53, 212-224.

Ferreira J. (2007) Relacdo Qualidade do Ar e Exposicdo Humana a Poluentes
Atmosféricos. PhD Thesis. Environment Departament, University of Aveiro

Ferro A.R., Kopperud R.J., Hildemann L.M. (2004) Source strengths for indoor human
activities that resuspend particulate matter. Environmental Science and Technology.
38,1759-64.

Finkelstein M.M., Jerrett M., DeLuca P., Finkelstein N., Verma D.K., Chapman K., Sears,
M.R. (2003). Relation between income, air pollution and mortality: a cohort study.
Canadian Medical Association Journal. 169, 397-402.

Flachsbart P.G. (2007) Exposure to carbon monoxide. In: Exposure analysis. Ott W.R.,
Steinemann A.C., Wallace L.A. (Eds). Boca Raton: Taylor & Francis, p. 113—46.
Florida R., Gulden T. Mellander C. (2008) The rise of the mega-region. Cambridge Journal

of Regions, Economy and Society. 1, 459-476.

Franklin P.J. (2007) Indoor air quality and respiratory health of children. Paediatric

Respiratory Reviews. 8, 281-6.

51



CHAPTER 1: GENERAL INTRODUCTION

Franklin P.J., Taplin R. Stick S.M. (1999) A community study of exhaled nitric oxide in
healthy children. American Journal of Respiratory and Critical Care and Medicine.
159, 69-73.

Freeman N.C.G., Saenz de Tejada S. (2002) Methods for collecting time/activity pattern
information related to exposure to combustion products. Chemosphere. 49, 979-92.

Freeman N.C.G, Lioy P.J., Pellizzari E.D.O., Zelon H., Thomas K., Clayton A,
Quackenboss J. (1999) Responses to the Region 5 NHEXAS time/activity diary.
Journal of Exposure Analysis and Environmental Epidemiology. 9, 414-26.

Freijer, J. ., Bloemen, H. J., De Loos, S., Marra, M., Rombout, P. J. A., Steentjes, G. M., &
Van Veen, M. P. (1998). Modelling exposure of the Dutch population to air pollution.
Journal of hazardous materials, 61(1), 107-114.

Frumkin H. (2005) Environmental Health: From Global to Local. Vol. 11. Wiley. Jossey-
Bass, San Francisco

Galea S. Vlahov D. (2005) Urban health: Evidence, challenges, and directions. Annual
Review of Public Health. 26, 341-365.

Gauderman W.J., Vora H., McConnell R., Berhane K., Gilliland F., Thomas D., Lurmann F.,
Avol E., Kunzli N., Jerrett M., Peters J. (2007) Effect of exposure to traffic on lung
development from 10 to 18 years of age: A cohort study. Lancet. 369, 571-577.

Georgopoulos P., Isukapalli S., Burke J., Napelenok S., Palma T., Langstaff J., Majeed M.,
He S., Byun D., Cohen M., Vautard R. (2009) Air quality modelling needs for
exposure assessment from the source-to-outcome perspective. Environmental
Manager. 26-35.

Georgopolous P.G., Lioy, P.J. (1994) Conceptual and Theoretical Aspects of Human
Exposure and Dose Assessment. Journal of Exposure Analysis and Environmental
Epidemiology. 4, 253-285.

Gerharz L.E., Klemm O., Broich A.V., Pebesma E. (2013). Spatio-temporal modelling of
individual exposure to air pollution and its uncertainty. Atmospheric Environment. 64,
56-65.

Gerharz L.E., Kriger A., Klemm O. (2009) Applying indoor and outdoor modeling
technigues to estimate individual exposure to PM2.5 from personal GPS profiles and
diaries: a pilot study. Science of the Total Environment. 407, 5184-5193

Gkatzoflias D., Kouridis C., Ntziachristos L, Samaras, Z. (2007) Passenger Cars, Light-
Duty Trucks, Heavy-Duty Vehicles Including Buses and Motor Cycles. European
Topic Centre on Air and Climate Change.

Godish T. (2004). Air Quality (4th ed.), Lewis Publishers, ISBN 978-15-6670-586-8,
London, United Kingdom.

Gonzalez M.C., Hidalgo C.A., Barabasi A.L. (2008) Understanding human mobility patterns.
Nature. 453, 779-782.

52



CHAPTER 1: GENERAL INTRODUCTION

Grandjean P., 1995. Biomarkers in epidemiology. Clinical Chemistry. 41, 1800-1803.

Greaves S., Issarayangyun T., Liu Q. (2008) Exploring variability in pedestrian exposure to
fine particulates (PM2.5) along a busy road. Atmospheric Environment. 42,1665—
1676.

Gulliver, J., Briggs, D. (2011). STEMS-AIir: A simple GIS-based air pollution dispersion
model for city-wide exposure assessment. Science of the Total Environment. 409,
2419-2429.

Gulliver J., Briggs D.J. (2005). Time-space modeling of journey-time exposure to traffic-
related air pollution using GIS. Environmental Research. 97, 10-25.

Gwilliam K. (2003) Urban transport in developing countries. Transport Reviews. 23, 197 —
216.

Hammerstrom K., Sonich-Mullin C., Olin S., Callahan M., Dinovi M., Graham J.,
Jayewardene R., Norman C., Zartarian V. (2002) Glossary of Key Exposure
Assessment Terms, Harmonization of Approaches to the Assessment of Risk from
Exposure to Chemicals. International Programme on Chemical Safety Harmonization
Project, Exposure Assessment Planning Workgroup.

Harrison R.M., Thornton C.A., Lawrence R.G., Mark D., Kinnersley R.P., Ayres J.G. (2002)
Personal exposure monitoring of particulate matter, nitrogen dioxide, and carbon
monoxide, including susceptible groups. Occupational and Environmental Medicine.
59, 671-679.

Harvey A.S., Pentland W. E. (1999). Time use research. In: Time use research in the social
sciences. W.E. Pentland, A.S. Harvey, P. Lawton, M. McColl (Eds.), New York:
Kluwer Academic/Plenum Publishers, pp. 3-18).

HEI (Health Effects Institute) (2010) Traffic-Related Air Pollution: A Critical Review of the
Literature on Emissions, Exposure, and Health Effects. HEI Special Report 17.
Health Effects Institute, Boston, MA.

HEI (Health Effects Institute) (2007). Mobile-Source Air Toxics: A Critical Review of the
Literature on Exposure and Health Effects. HEI Special Report 16, Health Effects
Institute. Air Toxics Review Panel.

Hertel O., De Leeuw F., Raaschou-Nielsen O., Jensen S., Gee D., Herbarth O., Pryor S.,
Palmgren F., Olsen E. (2001) Human exposure to outdoor air pollution — IUPAC
Technical Report. Pure Applied Chemistry. 73, 933-958.

Hertel O., Jensen S.S., Hvidberg M., Ketzel M., Berkowicz R., Palmgren F., Wahlin P.,
Glasius M., Loft S., Vinzents P., Raaschou-Nielsen O., Sgrensen M., Bak H. (2008)
Assessing the Impact of Traffic Air Pollution on Human Exposures and Linking
Exposures to Health. In: Road Pricing the Economy and the Environment. Springer,
Berlin Heidelberg, pp. 277-299.

53



CHAPTER 1: GENERAL INTRODUCTION

Hinwood A.L., Rodriguez C., Runnion T., Farrar D., Murray F., Horton A., Galbally, I. (2007)
Risk factors for increased BTEX exposure in four Australian cities. Chemosphere. 66,
533-541.

Hochadel M., Heinrich J., Gehring U., Morgenstern V., Kuhlbusch T. (2006) Predicting long-
term average concentrations of traffic-related air pollutants using GIS-based
information. Atmospheric Environment. 40, 542-553.

Hoek G., Beelen R., de Hoogh K., Vienneau D., Gulliver J., Fischer P., Briggs D. (2008a) A
review of land-use regression models to assess spatial variation of outdoor air
pollution. Atmospheric Environment. 42, 7561-7578.

Hoek G., Kos G., Harrison R., de Hartogd J., Meliefste K., ten Brinkt H., Katsouyanni K.,
Karakatsani A., Lianou M., Kotronarou A., Kavouras |., Pekkanen J., Vallius M.,
Kulmala M., Puustinen A., Thomas S., Meddings C., Ayres J., Wijnen J.V., Hameri K.
(2008b) Indoor—outdoor relationships of particle number and mass in four European
cities. Atmospheric Environment. 42, 156—-169.

Hoek G., Brunekreef B., Goldbohm S., Fischer P., van den Brandt P.A. (2002) Association
between mortality and indicators of traffic-related air pollution in the Netherlands: a
cohort study. The Lancet. 360, 1203-1209.

Horton F.E., Reynolds D.R. (1971) Effects of Urban Spatial Structure on Individual
Behavior. Economic Geography. 47, 36-48.

Hruba F., Fabianova E., Koppova K., and Vandenberg J.J. (2001) Childhood respiratory
symptoms, hospital admissions, and long-term exposure to airborne particulate
matter. Journal of Exposure Analysis and Environmental Epidemiology. 11, 33—40.

Hu Y., Zhou Z., Xue X., Li A., Fu J., Cohen B., Melikian A.A., Desai M., Tang M.S., Huang
X., Roy N., Sun J., Nan P., Qu Q. (2006) Sensitive biomarker of polycyclic aromatic
hydrocarbons (PAHSs): Urinary 1-hydroxyprene glucuronide in relation to smoking and
low ambient levels of exposure. Biomarkers. 11, 306—318.

Hurley P.J. (2008) TAPM V4 User Manual. Internal Report N° 5. CSIRO Marine and
Atmospheric Research.

IPCS (International Programme on Chemical Safety) (2009) Principles for Modelling Dose-
Response for the Risk Assessment of Chemicals. Environmental Health Criteria 239,
World Health Organization. Geneva, Switzerland

IPCS (International Programme on Chemical Safety) (1994) Guidelines on Studies in
Environmental Epidemiology. Environmental Health Criteria 27, World Health
Organization. Geneva, Switzerland.

IARC (International Agency for Research on Cancer) (2012) Diesel Engine Exhaust
Carcinogenic. Press release, 213. International Agency for Research on Cancer,

Lyon, France.

54



CHAPTER 1: GENERAL INTRODUCTION

Jacob P., Wilson M., Benowitz N.L. (2007) Determination of phenolic metabolites of
polycyclic aromatic hydrocarbons in human urine as their pentafluorobenzyl ether
derivatives using liquid chromatography-tandem mass spectrometry. Journal of
Analytical Chemistry. 79, 587-598.

Janicke I. (2004) AUSTAL2000. Programbeschreibung zu Verision 2.1. Stand 2004-12-23.
Ingenieurblro Janicke.

Janicke L., Janicke U. (2002) A modelling system for licensing industrial facilities.
UFOPLAN 200 43 256, German Federal Environmental Agency UBA (German).
Jantunen M., Jaakkola J.J.K. (1997) Assessment of exposure to indoor air pollutants. World

Health Organization, Regional Office for Europe.

Janssen N., Hoek G., Harssema H., Brunekreef B. (1999) Personal exposure to fine
particles in children correlates closely with ambient fine particles. Archives of
Environmental Health. 54, 95-101.

Jarup L. (2004). Health and environment information systems for exposure and disease
mapping, and risk assessment. Environmental Health Perspectives. 112, 995-997.

Jensen S.S. (2006) A GIS-GPS modeling system for personal exposure to traffic air
pollution. Epidemiology. 17, S38-S38.

Jerrett M., Arain M.A., Kanaroglou P., Beckerman B., Crouse D., Gilbert N.L., Brook J.R.,
Finkelstein N., Finkelstein M.M. (2007) Modeling the intraurban variability of ambient
traffic pollution in Toronto, Canada. Journal of Toxicology and Environmental Health -
Part A. 70, 200-212.

Jerrett M., Arain A., Kanaroglou P., Beckerman B., Potoglou D., Sahsuvaroglu T., Morrison
J., Giovis C. (2005a). A review and evaluation of intraurban air pollution exposure
models. Journal of Exposure Analysis and Environmental Epidemiology. 15, 185—
204.

Jerrett M., Burnett R.T., Ma R., Pope C.A., Krewski D., Newbold K.B., Thurston G., Shi Y.,
Finkelstein N., Calle E.E., Thun M.J. (2005b) Spatial analysis of air pollution and
mortality in Los Angeles. Epidemiology. 16, 727-736.

Joumard R. (1999) Methods of estimation of atmospheric emissions from transport:
European scientist network and scientific state-of-the art. INRETS report, n° LTE
9901. Bron, France, 158 p.

Kauppinen T. (1996). Exposure assessment—a challenge for occupational epidemiology.
Scandinavian Journal of work, environment and health. 401-403.

Kaur S., Nieuwenhuijsen M.J., Colvile R.N. (2007) Fine particulate matter and carbon
monoxide exposure concentrations in urban street transport microenvironments.
Atmospheric Environment. 41, 4781-4810.

55



CHAPTER 1: GENERAL INTRODUCTION

Kinney P.L., Aggarwal M., Northridge M.E., Janssen N., Shepard P. (2000) Airborne
concentrations of PM2.5 and diesel exhaust particles on Harlem Sidewalks: A
community-based pilot study. Environmental Health Perspectives. 108, 213-218.

Klepeis N.E. (2006) Modelling Human exposure to air pollution. In: Exposure analysis. Ott
W.R., Steinemann A.C., Wallace L.A. (Eds). Boca Raton: Taylor & Francis.

Klepeis N.E., Nelson W.C., Ott W.R., Robinson J.P., Tsang A.M., Switzer P, Behar J.V.,
Hern S.C. (2001) The National Human Activity Pattern Survey (NHAPS): a resource
for assessing exposure to environmental pollutants. Journal of Exposure Analysis
and Environmental Epidemiology. 11, 231-252.

Koistinen K.J., Hanninen O.O., Rotko T., Edwards R.D., Moschandreas D., Jantunen M.J.,
(2001) Behavioral And Environmental Determinants Of Personal Exposures To
PM2.5 in EXPOLIS Helsinki, Finland. Atmospheric Environment. 35, 2473-2481.

Kousa A., Kukkonen J., Karppinen A., Aarnio P., Koskentalo T. (2002) A model for
evaluating the population exposure to ambient air pollution in an urban area.
Atmospheric Environment. 36, 2109-2119.

Koutrakis P., Suh H.H., Sarnat J.A., Brown KW., Coull B.A., Schwartz J. (2005)
Characterization of Particulate and Gas Exposures of Sensitive Subpopulations
Living in Baltimore and Boston. Research Report 131. Health Effects Institute,
Boston, MA.

Krdl S., Zabiegata B., Namiesnik J. (2012) Measurement of benzene concentration in urban
air using passive sampling. Analytical and bioanalytical chemistry. 403, 1067-1082.

Kriebel D., Checkoway H., Pearce N. (2007) Exposure and dose modelling in occupational
epidemiology. Occupational and environmental medicine. 64, 492-498.

Kruize H, Hanninen O, Breugelmans O, Lebret E, Jantunen M (2003) Description and
demonstration of the EXPOLIS simulation model: Two examples of modeling
population exposure to particulate matter. Journal of Exposure Analysis and
Environmental Epidemiology. 13, 87-99.

Kinzli N., Jerrett M., Mack W.J., Beckerman B., LaBree L., Gillland F., Thomas D., Peters,
J., Hodis H.N. (2005) Ambient air pollution and atherosclerosis in Los Angeles.
Environmental Health Perspectives. 113, 201-206.

Kinzli N., Kaiser R., Medina S., Studnicka M., Chanel O., Filliger P., Herry M., Horak Jr F.,
Puybonnieux-Texier V., Quénel P., Schneider J., Seethaler R., Vergnaud J-C.,
Sommer H. (2000). Public-health impact of outdoor and traffic-related air pollution: a
European assessment. The Lancet. 356, 795-801.

Kwan M.P. (2009) From place-based to people-based exposure measures. Social Science
and Medicine. 69, 1311-1313.

Lai H.K., Kendall M., Lindup I., Alm S., Haenninen O., Jantunen M., Mathys P., Colvile R.,

Ashmore M.R., Cullinan P., Nieuwenhuijsen M.J. (2004) Personal exposures and

56



CHAPTER 1: GENERAL INTRODUCTION

microenvironment concentrations of PM2.5, NO, and CO in Oxford, UK. Atmospheric
Environment. 38, 6399-6410.

Landers W.G., Yu M. (1995) Introduction to Environmental Toxicology: Impacts of
Chemicals upon Ecological Systems. CRC Press, Inc, Boca Raton, FL.

Lawless P., Thornburg J., Rodes C., Vette A., Williams R. (2012) Personal exposure
monitoring protocol compliance: quantitative measurement. Journal of Exposure
Science and Environmental Epidemiology. 22, 274-280.

Lebret E., Briggs D., Van Reeuwijk H., Fischer P., Smallbone K., Harssema H., Krize B.,
Gorynskif P., Elliott G. (2000) Atmospheric Environment. 34, 177-185.

Lin S., Munsie J.P.,, Hwang S.A., Fitzgerald E., Cayo M.R. (2002) Childhood asthma
hospitalization and residential exposure to state route traffic. Environmental
Research. 88, 73-81.

Lioy P.J. (2010) Exposure science: a view of the past and milestones for the future.
Environmental Health Perspectives. 118, 1081-1090.

Lioy, P.J. (1995) Measurement methods for human exposure analysis. Environmental
Health Perspectives. 103, 35-44.

Lioy, P.J. (1991) Human Exposure Assessment: A Graduate Level Course. Journal of
Exposure Analysis and Environmental Epidemiology. 1, 271-281.

Lioy P.J. (1990) Assessing Total Human Exposure to Contaminants. Environmental
Science and Technology. 24, 938—-945.

Lipfert F.W., Wyzga R.E. (2008) On exposure and response relationships for health effects
associated with exposure to vehicular traffic. Journal of Exposure Analysis and
Environmental Epidemiology. 18, 588—-599.

Lipfert F. W., Wyzga R.E., Baty J.D., Miller, J.P. (2006) Traffic density as a surrogate
measure of environmental exposures in studies of air pollution health effects: Long-
term mortality in a cohort of US veterans. Atmospheric Environment. 40, 154-169.

Lisella F.S. (1994) The VNR Dictionary of Environmental Health and Safety. Van Nostrand
Reinhold, New York, NY.

Maantay J.A. (2011). Geospatial analysis of environmental health. Springer Science+
Business Media.

Maier A., Savage R.E., Haber L.T. (2004) Assessing biomarker use in risk assessment - a
survey of practitioners. Journal of Toxicology and Environmental Health. 67, 687—
695.

Martins A., Cerqueira M., Ferreira F., Borrego C., Amorim J.H. (2009) Lisbon air quality:
evaluating traffic hot-spots.International Journal of Environment and Pollution. 39,
306-320.

Martuzevicius M., Grinshpun S.A., Lee T., Hu S., Biswas O., Reponen T. LeMasters G.
(2008) Traffic-Related PM2.5 Aerosol in Residential Houses Located Near Major

57



CHAPTER 1: GENERAL INTRODUCTION

Highways: Indoor versus Outdoor Concentrations. Atmospheric Environment. 42,
6575-6585.

Matthews S.A. (2011) Spatial polygamy and the heterogeneity of place: Studying people
and place via egocentric methods. In: Communities, Neighborhoods, and Health:
Expanding the Boundaries of Place. L.M. Burton, S.P. Kemp, M. Leung, S.A.
Matthews, D.T. Takeuchi (Eds.). New York: Springer, pp. 35-55.

McHugh C.A., Carruthers D.J. Edmunds H.A. (1997) ADMS-Urban: an air quality
management system for traffic, domestic and industrial pollution. International
Journal of Environmental Pollution. 8, 437—-440.

McKone T.E., Ryan P.B., Ozkaynak H. (2008) Exposure information in environmental
health research: current opportunities and future directions for particulate matter,
ozone, and toxic air pollutants. Journal of Exposure Analysis and Environmental
Epidemiology. 19, 30—-44.

Meliker J.R., Sloan C.D. (2011). Spatio-temporal epidemiology: principles and
opportunities. Spatial and Spatio-temporal Epidemiology. 2, 1-9.

Melnick A. (2002) Introduction to Geographic Information Systems in Public Health. Aspen
Publishers, Maryland.

Merbitz H., Fritz S., Schneider C. (2012) Mobile measurements and regression modeling of
the spatial particulate matter variability in an urban area. Science of the Total
Environment. 438, 389-403.

Miller K.A., Siscovick D.S., Sheppard L., Shepherd K., Sullivan J.H., Anderson G.L.,
Kaufman J.D. (2007) Long term exposure to air pollution and incidence of
cardiovascular events in women. New England Journal of Medicine. 356, 447—-458.

Miller H. (2007) Place-based versus people-based geographic information science.
Geography Compass. 1, 503-35.

Miller H. (2001) Modelling accessibility using space-time prism concepts within geographic
information systems. International Journal of Geographic Information Systems. 5,
287-303.

Mitchell C.S., Zhang J.J., Sigsgaard T., Jantunen M., Lioy P.J., Samson R., Karol M.H.
(2007) Current state of the science: health effects and indoor environmental quality.
Environmental Health Perspectives. 115, 958.

Miranda A.l., Amorim J.H., Martins V., Cascao P., valente J., Ottmar R., Ribeiro L.M.,
Viegas D.X., Borrego C. (2012) Modelling the exposure of firefighters to smoke
based on measured data. In: WIT Transactions on Ecology and the Environment
158. C.A. Brebbia, G. Perona (Eds.). WIT Press. Southampton, UK. 258 pp. ISBN:
978-1-84564-584-7.

Moschandreas D.J., Saksena S. (2002) Modeling exposure to particulate matter.
Chemosphere. 49, 1137-1150.

58



CHAPTER 1: GENERAL INTRODUCTION

Monn C. (2001) Exposure assessment of air pollutants: a review on spatial heterogeneity
and indoor/outdoor/personal exposure to suspended particulate matter, nitrogen
dioxide and ozone. Atmospheric environment. 35, 1-32.

Monn C.H., Carabias V., Junker M., Waeber R., Karrer M., Wanner H.U. (1997) Small-
scale spatial variability of particulate matter <10um (PM10) and nitrogen dioxide.
Atmospheric environment. 31, 2243-2247.

Monson R.R. (1980) Occupational Epidemiology. CRC Press, Boca Raton, FL

Monteiro A., Miranda A.l., Borrego C., Vautard R., Ferreira J., Perez A.T. (2007) Long-term
assessment of particulate matter using CHIMERE model. Atmospheric Environment.
41, 7726-7738.

Moriarty F. (1999) Ecotoxicology, the Study of Pollutants in Ecosystem, 3rd edn. New York:
Academic Press.

de Nazelle A., Nieuwenhuijsen M.J., Anto J.M., Brauer M., Briggs D., BraunFahrlander C.,
Cavill N., Cooper A.R., Desqueyroux H., Fruin S., Hoek G., Panis L.l., Janssen N.,
Jerrett M., Joffe M., Andersen Z.J., van Kempen E., Kingham S., Kubesch N.,
Leyden K.M., Marshall J.D., Matamala J., Mellios G., Mendez M., Nassif H., Ogilvie
D., Peiro R., Perez K., Rabl A., Ragettli M. (2011) Improving health through policies
that promote active travel: a review of evidence to support integrated health impact
assessment. Environment International. 37, 766-777

Negi l., Tsow F., Tanwar K., Zhang L., Iglesias R.A, Chen C., Rai A., Forzani E.S., Tao, N.
(2011) Novel monitor paradigm for real-time exposure assessment. Journal of
Exposure Science and Environmental Epidemiology. 21, 419-426.

Nerriere E., Zmirou-Navier D., Blanchard O., Momas I., Ladner J., le Moullec Y., Personnaz
M.-B., Lameloise P., Delmas V., Target A., Desqueyroux H. (2005) Can we use fixed
ambient air monitors to estimate population long-term exposure to air pollutants? The
case of spatial variability in the Genotox ER study. Environmental Research. 97, 32-
42.

Nethery E., Leckie S.E., Teschke K., Brauer M. (2008) From measures to models: an
evaluation of air pollution exposure assessment for epidemiological studies of
pregnant women. Occupational and Environmental Medicine. 65, 579-586.

Nieuwenhuijsen M.J. (2003) Exposure assessment in occupational and environmental
epidemiology. Oxford University Press. Oxford, UK.

Nieuwenhuijsen M.J. (2000) Personal exposure monitoring in environmental epidemiology.
In: Spatial epidemiology: Methods and applications. Elliott P., Wakefield J.C., Best
N.G., Briggs D.J. (Eds). Oxford University Press, pp. 360-374.

Nikolova 1., Janssen S., Vrancken K., Vos P., Mishra V., Berghmans P. (2011) Size
Resolved Ultrafine Particles Emission Model - A Continuous Size Distribution
Approach. Science of the Total Environment. 409, 3492—-3499.

59



CHAPTER 1: GENERAL INTRODUCTION

NRC (National Research Council) (2001) Global Air Quality. National Academy Press,
Washington, DC, USA.

NRC (National Research Council) (1998) Research Priorities for Airborne Particulate
Matter: I. Immediate Priorities and a Long-Range Research Portfolio. The National
Academies Press, Washington, DC

NRC (National Research Council) (1991) Human Exposure Assessment for Airborne
Pollutants: Advances and Opportunities Committee on Advances in Assessing
Human Exposure to Airborne Pollutants, National Research Council. ISBN:, 344
pages.

Nuckols J., Smith A., Beale L., Kingham S., Fletcher T., Lee K., Pack D. (2010) Integrating
Environmental Sciences and Epidemiology in Education, Research, and Training of
Public Health Practitioners. Panel discussion at the 2010 Joint Conference of
International Society of Exposure Science & International Society for Environmental
Epidemiology. 28™ August - 1% September 2010, Seoul, Korea.

Nuckols J.R., Ward M.H., Jarup L. (2004) Using geographic information systems for
exposure assessment in environmental epidemiology studies. Environmental Health
Perspectives. 112, 1007-1015.

Nuvolone D., Della Maggiore R., Maio S., Fresco R., Baldacci S., Carrozzi L., Pistelli F.,
Viegi, G. (2011) Geographical information system and environmental epidemiology: a
cross-sectional spatial analysis of the effects of traffic-related air pollution on
population respiratory health. Environmental Health. 10, 12.

OECD (Organization for Economic Co-operation and Development) (2012) Environmental
Outlook to 2050: The Consequences of Inaction. ISBN 978-92-64-122161.

Ott W., Stenemann A., Wallace L. (2007) Exposure Analysis. CRC Press, Taylor & Francis,
Boca Raton, FL.

Ott W.R. (1995) Human Exposure Assessment: The Birth of a New Science. Journal of
Exposure Analysis and Environmental Epidemiology. 5, 449-472.

Ozkaynak H., Palma T., Touma J. S., Thurman J. (2008). Modeling population exposures
to outdoor sources of hazardous air pollutants. Journal of Exposure Science and
Environmental Epidemiology. 18, 45-58.

Parkes D., Thrift N.J. (1980) Times, spaces and places: A chronogeographic perspective.
New York: John Wiley & Sons.

Pas E.Il. (1984) The effect of selected sociodemographic characteristics on daily travel-
activity behavior. Environment and Planning A. 16, 571-581.

Paustenbach D., Galbraith D. (2006) Biomonitoring: Is body burden relevant to public
health?. Regulatory Toxicology and Pharmacology. 44, 249-261.

Pegas P., Alves C.A., Evtyugina M., Nunes T., Cerqueira M., Franchi M., Pio C., Almeida

S.M., Cabo Verde S., Freitas M.C. (2011) Seasonal evaluation of outdoor/indoor air

60



CHAPTER 1: GENERAL INTRODUCTION

quality in primary schools in Lisbon. Journal of Environmental Monitoring. 13, 657-
667.

Peng R.D., Bell M.L. (2010) Spatial misalignment in time series studies of air pollution and
health data. Biostatistics. 11, 720—740.

Piechocki-Minguy A., Plaisance H., Schadkowski C., Sagnier I., Saison J.Y., Galloo J.C.,
Guillermo R. (2006) A case study of personal exposure to nitrogen dioxide using a
new high sensitive diffusive sampler. Science of the Total Environment. 366, 55-64.

PHAC (Public Health Agency of Canada). (2008) GIS for Public Health Practice. Retrieved
March 19, 2008.

Phillips M.L., Esmen N.A., Hall T.A., Lynch R. (2005) Determinants of exposure to volatile
organic compounds in four Oklahoma cities. Journal of Exposure Analysis and
Environmental Epidemiology. 15, 35—-46.

Phillips M.L., Hall T.A., Nurtan A.E., Lynch R., Johnson D.L. (2001) Use of positioning
systems technology to track subject's location during environmental exposure
sampling. Journal of Exposure Analysis and Environmental Epidemiology. 11, 207—
215.

Physick W., Powell J., Cope M., Boast K., Lee S. (2011) Measurements of personal
exposure to NO, and modelling using ambient concentrations and activity data.
Atmospheric Environment. 45, 2095-2102.

Pope C.A., Dockery D.W. (2006) Health effects of fine particulate air pollution: lines that
connect. Journal of the Air and Waste Management Association. 56, 709—742.

Portugali J., Meyer H., Stolk E., Tan E. (2012) Complexity Theories of Cities Have Come of
Age: An Overview With Implications to Urban Planning and Design. Springer,
Heidelberg.

Rainham D., McDowell 1., Krewski D., Sawada M. (2010) Conceptualizing the healthscape:
Contributions of time geography, location technologies and spatial ecology to place
and health research. Social Science and Medicine. 70, 668-676.

RCEP (Royal Commission on Environmental Pollution) (2007) Twenty sixth report: The
Urban Environment. HMSO, London.

Regulation 595/2009. (2009). Regulation of the European Parliament and the Council on
Type-Approval of Motor Vehicles and Engines with Respect to Emissions from Heavy
Duty Vehicles (Euro VI) and on Access to Vehicle Repair and Maintenance
Information and Amending Regulation. Official Journal of the European Communities,
L 188, pp. 1-13.

Richardson D.B., Volkow N.D., Kwan M.P., Kaplan R.M., Goodchild M.F., Croyle, R.T.
(2013) Spatial Turn in Health Research. Science. 339, 1390-1392.

61



CHAPTER 1: GENERAL INTRODUCTION

Rodes C.E., Kamens R.M., Wiener R.W. (1991) The significance and characteristics of the
personal activity cloud on exposure assessment measurements for indoor
contaminants. Indoor Air. 1, 123-45.

Roorda-Knape M.C, Janssen N.A.H., de Hartog J.J., van Vliet P.H.N., Harssema H.,
Brunekreef B. (1998) Air pollution from traffic in city districts near major motorways.
Atmospheric Environment. 32, 1921-1930.

Russell A.G., Brunekreef B. (2009) A focus on particulate matter and health. Environment
Science and Technology. 43, 4620-4625.

Ryan P.H; LeMasters G.K. (2007) A review of land-use regression models for
characterizing intraurban air pollution exposure. Inhalation Toxicology. 19, 127-33.

Ryan P.H., LeMasters G.K., Biswas P., Levin L., Hu S., Lindsey M., Bernstein D.l., Lockey
J., Villareal M., Hershey G.K.K., Grinshpun S.A. (2007a) A comparison of proximity
and land use regression traffic exposure models and wheezing in infants.
Environmental Health Perspectives. 115, 278-284.

Ryan P.B., Burke T.A., Hubal E.A., Cura J.J., McKone T.E. (2007b) Using biomarkers to
inform cumulative risk assessment. Environmental health perspectives. 115, 833-
840.

Ryan P.H., LeMasters G.K., Levin L., Burkle J., Biswas P., Hu S., Grinshpun S., Reponen,
T. (2008) A land-use regression model for estimating microenvironmental diesel
exposure given multiple addresses from birth through childhood. Science of the Total
Environment. 404, 139-147.

Salmond J., McKendry I. (2009) Influences of meteorology on air pollution concentrations
and processes in urban areas. Issues in Environmental Sciences and technology. 28,
23-41

Samet J., Krewski D. (2007) Health effects associated with exposure to ambient air
pollution. Journal of Toxicology and Environmental Health - Part A. 70, 227-242.

Samet J.M., Spengler J.D. (2003) Indoor environments and health: Moving into the 21%
century. American Journal of Public Health. 93, 1489-1493.

Samet J. M., Dominici F., Curriero F.C., Coursac |., Zeger S.L. (2000) Fine particulate air
pollution and mortality in 20 US Cities, 1987-1994. New England Journal of Medicine.
343, 1742-1749.

Samoli E., Peng R., Ramsay T., Pipikou M., Touloumi G., Dominici F., Burnett R., Cohen
A., Krewski D., Samet J., Katsouyanni K. (2008) Acute effects of ambient particulate
matter on mortality in Europe and North America: Results from the APHENA study.
Environmental Health Perspectives. 116, 1480-1486.

Sarnat S.E., Klein M., Sarnat J.A., Flanders W.D., Waller L.A., Mulholland J.A., Russell

A.G., Tolbert P.E. (2009) An examination of exposure measurement error from air

62



CHAPTER 1: GENERAL INTRODUCTION

pollutant spatial variability in time-series studies. Journal of Exposure Science and
Environmental Epidemiology. 20, 135 - 146.

Sarnat S.E., Coull B.A., Schwartz J., Gold D.R., Suh H.H. (2006) Factors affecting the
association between ambient concentrations and personal exposures to particles and
gases. Environmental Health Perspectives. 114, 649—654.

Scherer G., Frank S., Riedel K., Meger-Kossien |, Renner T. (2000) Biomonitoring of
exposure to polycyclic aromatic hydrocarbons of nonoccupationally exposed
persons. Cancer Epidemiology, Biomarkers & Prevention. 9, 373—-380.

Scherer G., Meger-Kossien |., Riedel K., Renner T., Meger M. (1999) Assessment of the
exposure of children to environmental tobacco smoke (ETS) by different methods.
Human and Experimental Toxicology. 18, 297-301.

Schneider P., Gebefiigi 1., Richter K., Wdlke G., Schnelle J., Wichmann H., Heinrich J.
(2001) Indoor and outdoor BTX levels in German cities. Science of the total
environment. 267, 41-51.

Seinfeld J.H., Pandis S.N. (2006) Atmospheric Chemistry and Physics: From Air Pollution
to Climate Change. 2nd. Hoboken: John Wiley & Sons. ISBN 978-0-471072019-8.

Setton E., Marshall J.D., Brauer M., Lundquist K.R., Hystad P., Keller P., CloutierFisher D.
(2011) The impact of daily mobility on exposure to traffic-related air pollution and
health effect estimates. Journal of Exposure Science and Environmental
Epidemiology. 21, 42 - 48.

Setton E., Keller C.P., Cloutier-Fisher D., Hystad P.W. (2008) Spatial variations in
estimated chronic exposure to traffic-related air pollution in working populations: a
simulation. International Journal of Health Geographics. 7, 39.

Sexton K., Mongin S.J., Adgate J.L., Pratt G.C., Ramachandran G., Stock T.H., Morandi
M.T. (2007) Estimating volatile organic compound concentrations in selected
microenvironments using time—activity and personal exposure data. Journal of
Toxicology and Environmental Health - Part A. 70, 465-476.

Sexton K., Ryan P.B. (1988) Assessment of Human Exposure to Air Pollution: Methods,
Measurements and Models. In: A. Y. Watson, R. R. Bates, D. Kennedy (Eds.). Air
Pollution, the Automobile and Public Health. National Academic Press, Washington,
DC,pp. 207-238.

Singh M., Sioutas C. (2004) Assessment of exposure to airborne particles. In: Morawska L.,
Salthammer T. (Eds). Indoor environment. Airborne particle and settled dust.
Weinheim, Wiley- VCH, pp. 359-385.

Smit R., Smokers R.; Rabé E. (2007) A new modelling approach for road traffic emissions:
VERSIT+. Transportation Research Part D: Transport and Environment. 12, 414—
422.

63



CHAPTER 1: GENERAL INTRODUCTION

Solomon P.A., Costantini M., Grahame T.J., Gerlofs-Nijland M.E., Cassee F.R., Russell
A.G., Costa D.L. (2012) Air pollution and health: bridging the gap from sources to
health outcomes: conference summary. Air Quality, Atmosphere and Health. 5, 9-62.

Solomon P.A., Hopke P.K., Froines J., Scheffe R. (2008) Key scientific findings and policy-
and health-relevant insights from the U.S. Environmental Protection Agency’s
Particulate Matter Supersites Program and related studies: an integration and
synthesis of results. Journal of the Air and Waste Management Association. 58, S3—
S92.

Son J.Y., Bell M.L., Lee J.T. (2010) Individual exposure to air pollution and lung function in
Korea Spatial analysis using multiple exposure approaches. Environmental
Research. 110, 739-749.

Song C., Qu Z., Blumm N., Barabasi A.L. (2010) Limits of predictability in human mobility.
Science. 327, 1018-1021.

Sgrensen M., Autrup H., Hertel O., Wallin H., Knudsen L.E., Loft S. (2003) Personal
exposure to PM2.5 and biomarkers of DNA damage. Cancer Epidemiology
Biomarkers and Prevention. 12, 191-196.

Srivastava A. (2005) Variability in VOC concentrations in an urban area of Delhi.
Environmental Monitoring and Assessment. 107, 363-73.

Steinle S., Reis S., Sabel C.E. (2013) Quantifying human exposure to air pollution—Moving
from static monitoring to spatio-temporally resolved personal exposure assessment.
Science of the Total Environment. 443, 184-193.

Szpiro A.A., Sampson P.D., Sheppard L., Lumley T., Adar S.D., Kaufman J. (2008)
Predicting intra-urban variation in air pollution concentrations with complex spatio-
temporal interactions.Working paper 337, UW Biostatistics Working Paper Series.

Tam B.N., Neumann C.M. (2004) A human health assessment of hazardous air pollutants
in Portland, OR. Journal of Environmental Management. 73, 131-145.

Tchepel O., Dias D., Ferreira J., Tavares R., Miranda A.l., Borrego C. (2012) Emission
modelling of hazardous air pollutants from road transport at urban scale. Transport.
27, 299-306.

Thrift N. (1977) An Introduction to Time Geography. In: Geo Abstracts Ltd., Norwich.

Turner J.R., Allen D.T. (2008) Transport of atmospheric fine particulate matter: part 2—
findings from recent field programs on the intraurban variability in fine particulate
matter. Journal of the Air and Waste Management Association. 58,196-215

USEPA (US Environmental Protection Agency) (2012) Framework for Human Health Risk
Assessment to Inform Decision Making (External Review Draft). EPA-HQ-ORD-2012-
0579-0003.

64



CHAPTER 1: GENERAL INTRODUCTION

USEPA (US Environmental Protection Agency) (2009a) Integrated science assessment for
particulate matter (EPA/ 600/R-08/139F). U.S. Environmental Protection Agency,
Office of Research and Development, Research Triangle Park, NC.

USEPA (US Environmental Protection Agency) (2009b) Human exposure modeling air
pollutants exposure model. (http:// www.epa.gov/ttn/fera/human_apex.html)
Accessed 28th April 2013.

USEPA (US Environmental Protection Agency) (2007) Control of Hazardous Air Pollutants

From Mobile Sources: Final Rule to Reduce Mobile Source Air Toxics. Office of
Transportation and Air Quality. Washington, DC.

USEPA (US Environmental Protection Agency). (2005) Guidelines for Carcinogen Risk
Assessment (EPA/630/P-03/001B). U.S. Environmental Protection Agency, Office of
Research and Development, Research Triangle Park, NC.

USEPA (US Environmental Protection Agency) (2004a) List of Hazardous Air Pollutants.
U.S. Environmental Protection Agency. Washington, DC.

USEPA (US Environmental Protection Agency) (2004b) Air Toxics Risk Assessment (EPA-
453-K-04-001). Technical Resource Manual, Volume 1, U.S. Environmental
Protection Agency Office of Air Quality Planning and Standards Research Triangle
Park, NC.

USEPA (US Environmental Protection Agency) (2003) Global positioning systems.
Technical implementation guidance. BiblioGov.

USEPA (US Environmental Protection Agency) (1992) Guidelines for exposure assessment
(EPA/600/Z-92/001). Environmental Protection Agency; Risk Assessment Forum.
Washington, DC.

Valente J., Amorim JH., Cascdo P., Rodrigues V., Borrego C. (2012) Children exposure to
PM levels in a typical school morning In: Usage, Usability, and Utility of 3D City
Models. T. Leduc, G. Moreau and R. Billen. (Eds). Edp Sciences, France,: 03009p.1-
03009p.7. ISBN: 978-2-7598-0798-7.

Valente J. (2010) Modelacdo da qualidade do ar e da salde humana: da mesoescala a
dose. PhD Thesis, Environment Departament, University of Aveiro.

Valente J., Monteiro A., Lopes M., Martins P., Miranda A., Neuparth N., Borrego C. (2008)
Asthmatic Children Exposure and Inhaled Dose of PM, O3 and NOx. Epidemiology.
19, 6, S298-S298.

Van Leeuwen C.J., Vermeire T.G., Vermeire T. (2007) Risk assessment of chemicals: an
introduction. Springer Verlag.

Van Roosbroeck S., Hoek G., Meliefste K., Janssen N.A.H., Brunekreef B. (2008) Validity
of residential traffic intensity as an estimate of long-term personal exposure to traffic-
related air pollution among adults. Environmental Science and Technology. 42,
1337-44.

65



CHAPTER 1: GENERAL INTRODUCTION

Venn A., Yemaneberhan H., Lewis S., Parry E., Britton J. (2005) Proximity of the home to
roads and the risk of wheeze in an Ethiopian population. Occupational and
Environmental Medicine. 62, 376-380.

Wade T., Somer S. (2006) A to Z GIS: An lllustrated Dictionary of Geographic Information
Systems. Redlands, CA: Estri Press.

Wallace L., Nelson W., Ziegenfus R., Pellizzari E., Michael L., Whitmore R., Zelon H.,
Hartwell T., Perritt R., Westerdahl D. (1991) The Los Angeles TEAM study: personal
exposures, indoor-outdoor air concentrations, and breath concentrations of 25
volatile organic compounds. Journal of Exposure Analysis and Environmental
Epidemiology. 1, 157-192.

Wallace L.A., (1996) Environmental exposure to benzene: An update. Environmental
Health Perspectives. 104, 1129-1136.

Weis B.K., Balshaw D., Barr J.R., Brown D., Ellisman M., Lioy P., Omenn G., Potter J.D.,
Smith M.T., Sohn L., Suk W.A., Sumner S., Swenberg J., Walt D.R., Watkins S.,
Thompson C., Wilson S.H. (2005). Personalized exposure assessment: promising
approaches for human environmental health research. Environmental health
perspectives, 113(7), 840.

Weisel C.P. (2002) Assessing exposure to air toxics relative to asthma. Environmental
Health Perspectives. 110, 527-37.

West J.J., Szopa S., Hauglustaine D.A. (2007) Human mortality effects of future
concentrations of tropospheric ozone. Comptes Rendus Geoscience. 339, 775—-783.

Wheeler A.J., Smith-Doiron M., Xu X., Gilbert N.L., Brook J.R. (2008) Intra-urban variability
of air pollution in Windsor, Ontario—Measurement and modelling for human
exposure assessment. Environment Research. 106, 7-16.

White E., Armstrong B.K., Saracci R., Armstrong B.K. (2008) Principles of exposure
measurement in epidemiology: collecting, evaluating, and improving measures of
disease risk factors. Oxford University Press, New York.

Wilson J.G., Zawar-Reza P. (2006) Intraurban-scale dispersion modelling of particulate
matter concentrations: applications for exposure estimates in cohort studies.
Atmospheric Environment. 40, 1053-1063.

Wilson J., Kingham S., Pearce J., Sturman A. (2005) A review of intraurban variations in
particulate air pollution: Implications for epidemiological research. Atmospheric
Environment. 34, 6444-6462.

Wilson W.E., Suh H.H. (1997) Fine particles and coarse particles: concentration
relationships relevant to epidemiologic studies. Journal of the Air and Waste
Management Association. 47, 1238-1249.

66



CHAPTER 1: GENERAL INTRODUCTION

Wong D.W., Yuan L., Perlin S.A. (2004) Comparison of spatial interpolation methods for the
estimation of air quality data. Journal of Exposure Analysis and Environmental
Epidemiology. 14, 404-415.

WHO (World Health Organization) (2011) Air quality and health. Fact sheet N313.
Updated September 2011 (http://www.who.int/mediacentre/factsheets/fs313/en/).
Acessed 22 February 2013

WHO (World Health Organization) (2010) WHO guidelines for indoor air quality: selected

pollutants. WHO, Geneva, Switzerland.

WHO (World Health Organization) (2006) Air Quality Guidelines for Particulate Matter,
Ozone, Nitrogen Dioxide and Sulfur Dioxide - Global Update 2005. Summary of Risk
Assessment. Geneva, Switzerland.

WHO (World Health Organization). (2005a) Health effects of transport-related air pollution.
In: Krzyzanowski M., Kuna- Dibbert B., Schneider J. (Eds.). Regional Office for
Europe of the World Health Organization, Copenhagen.

WHO (World Health Organization). (2005b). Principles of characterizing and applying
human exposure models. IPCS harmonization project document, no. 3. Geneva.
WHO (World Health Organization). (2004). Occupational carcinogens: assessing the
environmental burden of disease at national and local levels. Environmental Burden

of Disease Series, No. 6. Geneva.

WHO (World Health Organisation). (2000) Air quality guidelines for Europe, 2nd ed.
European Series N0.91. WHO Regional Publication. Copenhagen.

WHO, (World Health Organisation). (1999). Monitoring ambient air quality for health impact
assessment. WHO Regional Publication. Copenhagen.

Wu J., Lurmann F., Winer A, Lu R., Turco R., Funk, T. (2005) Development of an individual
exposure model for application to the Southern California Children’s Health Study.
Atmospheric Environment. 39, 259 - 273.

Wu J., Jiang C., Liu Z., Houston D., Jaimes G., McConnell R. (2010) Performances of
Different Global Positioning System Devices for Time-Location Tracking in Air
Pollution Epidemiological Studies. Journal of Environmental Health Insights. 4, 93-
108.

Yip F.Y., Keeler G.J., Dvonch J.T., Robins T.G., Parker E.A., Israel B.A., Brakefield-
Caldwell W. (2004) Personal exposures to particulate matter among children with
asthma in Detroit, Michigan. Atmospheric Environment. 38, 5227-5236.

Zabiegata B., Kot-Wasik A., Urbanowicz M., Namiesnik J. (2010) Passive sampling as a
tool for obtaining reliable analytical information in environmental quality monitoring.
Analytical and Bioanalytical Chemistry. 396, 273—296.

Zanetti P. (2003) Air Quality Modeling — Theories, Methodologies, Computational

Techniques, and Available Databases and Software. USA.

67



CHAPTER 1: GENERAL INTRODUCTION

Zartarian V.G., Bahadori T., McKone T.E. (2004) Feature Article: The Adoption of an
Official ISEA Glossary. Journal of Exposure Analysis and Environmental
Epidemiology. 15, 1-5.

Zartarian V.G., Ott W.R., Duan N. (1997) A Quantitative Definition of Exposure and Related
Concepts. Journal of Exposure Analysis and Environmental Epidemiology. 7, 411—
437.

Zhan F.B., Brender J.D., DeLima |., Suarez L., Langlois P.H. (2006) Match rate and
positional accuracy of two geocoding methods for epidemiological research. Annals
of Epidemiology. 16, 842-849.

Zhang J.J., Lioy P.J. (2002) Human exposure assessment in air pollution systems.
Scientific World Journal. 23, 497-513.

Zheng Y., Zhou X. (2011) Computing with spatial trajectories. Springer-Verlag New York
Inc.

Zhou Y., Levy J.I. (2007) Factors influencing the spatial extent of mobile source air pollution
impacts: a meta-analysis. BMC Public Health. 7, 89.

Zhu X., Fan Z.T., Wu X., Meng Q., Wang S. W., Tang X., Lioy P. (2008). Spatial variation of
volatile organic compounds in a “Hot Spot” for air pollution. Atmospheric
Environment. 42, 7329-7338.

Zhu Y.F., Hinds W.C., Kim S., Sioutas C. (2002) Concentration and size distribution of
ultrafine particles near a major highway. Journal of the Air and Waste Management
Association. 52, 1032-1042.

Zidek J., Shaddick G.,White R., Meloche J., Chatfield C. (2005) Using a probabilistic model
(PCNEM) to estimate personal exposure to air pollution. Environmetrics. 16, 481—
493.

Zou B., Wilson J.G., Zhan F.B., Zeng Y. (2009a) Air pollution exposure assessment
methods utilized in epidemiological studies. Journal of Environmental Monitoring. 11,
475-490.

Zou B., Wilson J.G., Zhan F.B., Zeng Y. (2009b). Spatially differentiated and source-
specific population exposure to ambient urban air pollution. Atmospheric
Environment. 43, 3981-3988.

Zou B. (2010) How should environmental exposure risk be assessed? A comparison of four
methods for exposure assessment of air pollutions. Environmental monitoring and
assessment. 166, 159-167.

Zwack L.M., Paciorek C.J., Spengler J.D., Levy J.I. (2011) Characterizing local traffic
contributions to particulate air pollution in street canyons using mobile monitoring

techniques. Atmospheric Environment. 45, 2507-2514.

68



CHAPTER TWO






CHAPTER 2: QUANTIFICATION OF HEALTH BENFITS RELATED WITH REDUCTION OF
ATMOSPHERIC PM10 LEVELS: IMPLEMENTATION OF A POPULATION
MOBILITY APPROACH

2. QUANTIFICATION OF HEALTH

BENEFITS RELATED WITH
REDUCTION OF ATMOSPHERIC

PM10 LEVELS: IMPLEMENTATION OF
A POPULATION MOBILITY APPROACH

Published

Tchepel O., Dias D. (2011) Quantification of health benefits related with reduction of
atmospheric PM10 levels: implementation of population mobility approach. International

Journal of Environmental Health Research. 21, 189-200.

Abstract

This study is focused on the assessment of potential health benefits by meeting the air quality
limit values (2008/50/CE) for short-term PM10 exposure. For this purpose, the methodology of
the WHO for Health Impact Assessment and APHEIS guidelines for data collection were applied
to Porto Metropolitan Area, Portugal. Additionally, an improved methodology using population
mobility data is proposed in this work to analyse number of persons exposed. In order to obtain
representative background concentrations, an innovative approach to process air quality time
series was implemented. The results provide the number of attributable cases prevented
annually by reducing PM10 concentration. An intercomparison of two approaches to process
input data for the health risk analysis provides information on sensitivity of the applied
methodology. The findings highlight the importance of taking into account spatial variability of
the air pollution levels and population mobility in the health impact assessment.

Keywords: air pollution; health impact assessment; mortality; particulate matter; population
mobility, background concentrations.
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2.1.Introduction

Over the last few decades, human exposure to particulate air pollution has been
identified as a risk factor for human mortality and morbidity, as well as broad range of
negative health outcomes at levels usually experienced by urban populations due to short
and long-term exposure to particulate matter was established (Kinzli et al., 2000; Anderson
et al. 2004; 2005; Pope and Dockery, 2006; Samoli et al., 2008). The recently adopted
European directive (2008/50/CE) revised the limit values for PM10 previously defined by
Framework Directive (1999/30/EC) and set up new quantitative standards for PM2.5.
Nevertheless, PM thresholds levels to which exposure does not lead to adverse effects on
human health have not yet been identified and given that there is a substantial inter-
individual variability in exposure and in the response, it is unlikely that any standard or
guideline value will lead to a complete protection for every individual against all possible
adverse health effects of particulate matter (WHO, 2006).

A few recent studies have reported a strong epidemiologic evidence of a causal link
between particulate air pollution and mortality (Boldo et al., 2006; Jusot et al., 2006;
Dockery, 2009), thus providing quantitative estimates of the health effects related to air
pollution. The Air Pollution and Health: A European Information System (APHEIS) project
showed that 1150 premature deaths could be prevented annually considering a cumulative
short-term exposure if daily average PM10 concentrations in the 23 European cities will be
reduced to 50 pg.m™>. The long-term impact would be even higher, totalling 21 828 of
premature deaths prevented per year if annual mean PM10 concentration will be reduced
to 20 pg.m> (APHEIS, 2005). However, no Portuguese cities were included in the
European study and only little information concerning the impact of environmental factors
on human health has been published for Portugal (Alves and Ferraz, 2005; Nogueira et al.,
2005; Casimiro et al., 2006; Trigo et al., 2009; Alves et al., 2010).

To estimate the health impact of atmospheric pollution on population, the prior
knowledge of different variables, such as exposure concentrations time series, number of
people exposed, current mortality rates for each health indicator and quantitative estimates
for the association between the exposure and health effects are required. Additionally, it is
important to determine the relationship between the exposure concentration, which vary
substantially with geographical location, and the exposure duration which is related with
human activities. Therefore, population mobility is one of the factors that may affect
significantly the exposure and should be considered in risk assessment (Boudet et al.,
2001; Jerrett et al., 2005a; 2005b; 2005c; Krewski et al., 2005).
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The present study provides a quantitative assessment of potential health benefits

related with the reduction of short-term exposure to inhalable particles (PM10) in Porto
Metropolitan Area (Portuguese: Area Metropolitana do Porto, or AMP). For this purpose,
WHO methodology for quantitative assessment of the health impact related with air
pollution was applied to the study area. The input information was processed in accordance
with Apheis guidelines for data collection (Medina et al., 2001). Additionally, an alternative
approach to process the population data taking into account daily average population
mobility and an innovative approach to process air quality time series to obtain
representative background pollution values have been proposed in this work in order to

improve estimations of population exposure.

2.2.Methodology

The Porto Metropolitan Area was selected in this study for the heath impact
assessment. It is the second largest population agglomeration in Portugal and is
characterised by frequent occasions of daily PM10 levels exceeding the limits as defined by
Directive 2008/50/CE. Because of the data availability, the study period is focused on 2004.
At this period, AMP was constituted by the nine municipalities with a total area of 814.5 km?
(Figure 2.1). The resident population of AMP in 2004 was about 1,272,176 thus comprising

about 10% of the national population.

2.2.1. Quantification of attributable cases prevent  ed

A methodology to quantify health effects is conducted in terms of number of cases
attributable to air pollution that may be prevented by reducing current levels of PM10
(Kanzli et al., 2000; APHEIS, 2005). An estimate of attributable deaths (AD) is obtained
from the average number of deaths (y), the regression coefficient f provided by
epidemiological studies that characterise the ratio for a unit increase in pollutant
concentration, and the difference between the daily average concentration (X) and a

reference value under given scenario (X):
AD =y xB(x-x") 2.1)

The EIS-PA model, developed by French Surveillance System on Air Pollution and

Health as a support tool for automated and standardized health risk assessment (INVS,
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2000), is used in this study to calculate the number of premature deaths prevented annually
due to the reduction of PM to the selected “target” concentration. The results of EIS-PA
model application provide estimates of the health outcomes related with short-term (1-2
days) and cumulative short-term (40 days) exposure. The input data on air quality,
population and mortality rates used for the modelling are described in the following

sections.

POVOA DE VARZIM

9
*
VILA DO CONDE

Legend:

Air monitoring  Type of monitoring Completeness
stations stations data

1 Antas Urban traffic 90%
2 Boavista Urban traffic 91%
3 Ermesinde Urban background 89%
4 Espinho Urban traffic 85%
5 Lega do Balio Suburban background ~ 89%
6 Matosinhos Urban traffic 94%
7 Sr2 da Hora Urban traffic 93%
8 Vermoim Urban traffic 76%
9 Vila do Conde Suburban traffic 85%

10 Vila Nova da Telha Suburban background — 96%

ki
16

Figure 2.1. Study area and geographic location of the particulate matter monitoring stations in AMP, in

2004.

2.2.2. Air quality data

Exposure concentration is one of the key information required for the health impact
assessment. In accordance with WHO guidelines on the Assessment and Use of
Epidemiological Evidence for Environmental Health Risk Assessment (WHO, 2000; 2001),
background pollution levels obtained from air quality time series should be considered to
characterise the exposure concentrations. However, only three air quality monitoring points
located in the study area are classified as background stations (Figure 2.1). The
information obtained from these stations is not sufficient to characterise spatial variation of
the background PM10 levels within the domain due to inhomogeneous pollution distribution
pattern. Additionally, monitoring points classified as “traffic stations” could be considered

for this purpose but these data should be used with caution. Traffic stations are directly
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influenced by the vehicle emissions in vicinity to monitoring points and provide important
information on peak concentrations but their representativeness to characterise

background pollution levels could be limited.

An innovative approach to obtain background pollution levels using filtering of air
quality time series have been implemented in this work. It is assumed that influence of local
emission sources and local dispersion conditions is presented in the time series as short-
term fluctuations because temporal and spatial scales of air pollution are interrelated
(Tchepel and Borrego, 2010; Tchepel et al., 2010). Therefore, decomposition of the air
quality measurements on baseline and short-term components allows to remove local scale
noise from the data and to improve spatial representativeness of the measurements. For
this purpose, the Kolmogorov-Zurbenko (KZ) iterative filter has been used (Rao et al.,
1997). The KZ(m,Kk) filter of the original time series x is computed as a moving average of m

points applied k times (number of iterations) and is expressed as:

1 (m=yr2
Vi = — Z X(t+s) (2-2)

M s=_(m-1)/2
The application of the KZ filter allows to decompose the original time series C(t) on

baseline (C®) (deterministic) and short-term (C° components in time t (Rao et al., 1997):

C(t) =CB(t) +C3(t) (2.3)

The output of the filtering process corresponds to the baseline component and the
short-term component, which is defined as a difference between the original and the filtered
data. The baseline component can be considered as the background concentration and the

short-term represent the contribution of local emissions and dispersion conditions.

In the previous studies of air pollution time series performed in the frequency
domain (Tchepel and Borrego, 2010; Tchepel et al., 2010), strong cross-correlation
between urban traffic and background stations was established for PM10 fluctuations with
the periodicities of about 12 h. These fluctuations are influenced by both, traffic flows and
meteorological conditions. All variations of the concentrations with the period less than 12 h
are influenced by local conditions and should be removed to obtain representative
background concentrations. Therefore, the KZ filter was optimised to remove all the
fluctuations with the periods less than 12 h from the original air quality measurements
assuming the filter parameters m=3 and k=3 (KZ33). The filtering approach has been
applied to hourly data measured at different type of stations including urban traffic, urban
background and suburban background influence. An example of the data obtained after the

filtering is presented in Figure 2.2. The filter residuals defined as a difference between the
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original measurements and the data baseline is presented in Figure 2.3 and represent local
short-term noise.
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Figure 2.2. An example of PM10 concentrations before (narrow line) and after the filtering (gross line) for

randomly selected hours measured in 2004 (1 year = 8784 hours) at Boavista urban traffic station.
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Figure 2.3. Difference between the original measurements and the filtered data (filter residual) for PM10

concentrations at Boavista urban traffic station.

The values filtered from the measurements are normally distributed with mean
value of zero. The basic statistical parameters for the time series before and after the
filtering are presented in Table 2.1. After the removing of local noise from the air quality
time series, daily average concentrations were calculated. These data were considered in
the health risk analysis together with the population mobility data to describe spatial
variability of air pollution and exposed population. Alternatively, the original measurements
from the background stations only (no traffic stations, without filtering) and population data
on number of residents (no daily mobility) have been used. The differences between the

two approaches in terms of final health benefits were investigated.
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Table 2.1. Statistical parameters for annual time series considering original and filtered hourly PM10

concentrations.

Air Quality Standard

Monitoring Station Mean deviation Mavimum
Antas
Original 37.5 29.1 226.0
After filter 37.5 26.2 192.4
Boavista
Original 47.5 46.0 641.0
After filter 47.5 38.6 378.2
Ermesinde
Original 34.1 314 217.0
After filter 34.1 28.4 181.4
Espinho
Original 45.1 43.8 373.0
After filter 45.1 384 308.7
Leca do Balio
Original 34.2 32.7 221.4
After filter 34.2 28.7 194.7
Matosinhos
Original 41.3 32.3 249.0
After filter 41.3 27.8 216.7
Sr2 da Hora
Original 36.8 31.0 246.0
After filter 36.8 26.9 215.1
Vila do Conde
Original 47.3 44.2 502.0
After filter 47.3 36.5 322.6
Vila Nova da Telha
Original 35.0 28.1 240.0
After filter 35.0 24.5 193.7

2.2.3. Population mobility

Population mobility is particularly important in the studies of environmental factors
that affect population health, as the level of exposure may vary substantially with
geographic location (WHO, 2004). The population mobility data may provide important
information on spatial and temporal distributions of inhabitants required for the exposure
quantification. In this study, the data obtained from National Statistics Institute (INE, 2003)
concerning daily average Origin-Destinations trips for AMP were used. One of the relevant
characteristics of the study area is centralisation of working places in Porto city and an
expansion of suburban zones around Porto. In all the residents of the AMP, about 28% are
travelling outside the residence place, showing Porto as the main destination. Only 5% of

the population are working or studying outside of AMP.

For each municipality, the mobility data together with the number of residents were

used to characterise temporal and spatial variations of the exposed population (Table 2.2).
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The income and outcome flows consider daily trips of the inhabitants to working or study
place thus providing population distribution pattern during the daytime working hours. No
distinction between working days and weekend was considered due to absence of the
information. The statistical data on resident population are allocated for night-time hours.
Therefore, the time of exposure and the population flows are considered to estimate daily
average population exposed to inhalable particles. These population data, obtained for
each municipality, are used in quantification of the number of attributable cases together

with the air pollution data from a closer monitoring point.

Table 2.2. Population data considered in the health impact assessment, expressed as number of

inhabitants.
Resident Daytime Average
Municipality population Incg;ne Out(cg)me population population
(R) (D=R+I-0) (1/2[R+D])
Espinho 31,703 2,459 3,168 30,994 31,349
Gondomar 169,239 6,015 41,073 134,180 151,710
Maia 130,254 23,964 28,403 125,816 128,035
Matosinhos 168,451 24,275 32,682 160,045 164,248
Porto 238,954 114,577 17,721 335,811 287,382
Pévoa de Varzim 65,452 3,818 6,064 63,206 64,329
Valongo 91,274 5,691 20,032 76,933 84,104
Vila do Conde 75,981 6,862 9,515 73,328 74,654
Vila Nova de Gaia 300,868 13,619 42,624 271,864 286,366

2.2.4. Health indicators, concentration-response fu  nctions (CR) and air
pollution reduction scenario

Health effects of air pollution exposure are mainly related with cardiovascular and
respiratory diseases (Pope et al., 1999; Dockery, 2001; Analitis et al., 2006). Therefore, the
health indicators considered in this study include cardiovascular and respiratory mortality

expressed as daily mortality rates in number of deaths.100 000 inhabitants™ (Table 2.3).

Table 2.3. Mortality rate (number of deaths.100 000 inhabitants'l) and annual mortality (number of deaths)

in AMP.

Health indicator Mortality rate Annual mortality
(number of deaths.100 000 inhabitants ™) (number of deaths)
Cardiovascular mortality 268.35 3166.08
Respiratory mortality 77.85 938.50

The risk of developing a disease due to exposure to agents with different levels of

intensity and duration can be assessed using a statistical model for an exposure-effect
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relationship (Corvalan et al., 1999). Due to the absence of the information on exposure-
effect relationship derived specifically for the study area, the values from epidemiological
studies recommended by European study (APHEIS, 2005) were adapted as presented in
Table 2.4. However, an overestimate of the Relative Risk (RR) could be expected as
identified by Samoli et al. (2008). To provide a better understanding of the short-term
effects of atmospheric particles on human health, two types of concentration-response
functions are distinguished: (i) Effects associated with exposure to very short term (1-2
days), and (ii) the health effects due to cumulative exposure of up to 40 days (Zanobetti et
al., 2002; 2003).

The health impact assessment is implemented in this study for the air pollution
reduction scenario considering the legislation limit values of daily average 50 pg.m™
recently revised by the Directive 2008/50/CE and proposed in the latest review of “Air
Quality Guidelines” from WHO (2006) as the reduction “target” level.

Table 2.4. Relative Risk (RR) for cardiovascular mortality and respiratory mortality associated with short-
term exposure to PM10 (APHEIS, 2005). Values presented in parenthesis correspond to the 95%
confidence interval (Cl). Mortality rate (number of deaths.100 000 inhabitants'l) and annual mortality
(number of deaths) in AMP.

Relative risk
For 10 pg.m * increase
Health indicator

Very short-term Cumulative short-term
(1 -2 days) (40 days)
. . 1.009 1.01969
All ages, cardiovascular mortality (1.005 — 1.013) (1.0139 — 1.0255)
. . 1.013 1.04206
All ages, respiratory mortality (1.005 — 1.021) (1.0109 — 1.0742)

2.3.Results and Discussion

The results obtained for short-term exposure, expressed as a number of
attributable cases, are presented and discussed in this topic. Table 2.5 presents the
number of annually avoided deaths due to the reduction of short-term PM10 exposure. The
short-term assessment is developed for 1-2 and 40 days exposure considering

cardiovascular mortality and respiratory mortality.

The results from two alternative approaches (without and with spatial variation) are
compared. In the first case, average pollution concentration was calculated from the

background stations and the exposed population is quantified as a total for the study area.
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In the second approach, spatial variation of air pollution levels was characterised using
filtered air quality time series from the 10 stations distributed within the domain and these
data are used in combination with the population Origin-Destination mobility considering

closest monitoring point for each municipality as described previously.

Table 2.5. Potential benefits in terms of number of “preventable” early deaths associated with reduction of
daily mean values of PM10 to the limit value of 50 pg.m'3, in AMP. Values presented in parenthesis
correspond to the 95% confidence interval.

Potential reduction in mortality

Potential reduction in mortality considering population mobility

Air Pollutant (no spatial varlzuons in the input and spatial variations of PM10
Indicator Health indicator ata) concentrations
Mortality rate Annual Mortality rate Annual
(deaths.100 000 mortality (deaths.100 000 mortality
inhabitants ™) (deaths) inhabitants ™) (deaths)
Risk Assessment
to Short-Term
Exposure:
oML Carr?]'gr‘égﬁg/“'ar 0.94 11.9 1.46 18.63
(0.51 - 1.36) (6.59 — 17.3) (0.78 — 2.03) (9.94 — 25.83)
very short-term
(1-2 days) ansoprg‘lfglw 0.41 5.16 0.62 7.95
(0.16 — 0.66) (1.97- 8.42) (0.23-1.0) (2.98 — 12.83)
PM10 Card'or‘T’afftC”'ar 2.11 26.79 3.20 40.70
cumulative mortality (1.48 — 2.75) (18.8 — 34.9) (2.24-4.18)  (28.49 — 53.17)
short-term ResDI
(40 days) fnsopr'TZittory 1.41 17.97 2.12 27.03
y (0.35 - 2.60) (4.48 — 33.0) (0.53 — 3.95) (6.69 — 50.13)

As could be seen from Table 2.5, the results obtained from the two approaches are
considerably different. The potential benefit estimated by the approach with the population
mobility data is 50 — 56% higher than estimations provided by the traditional approach,
revealing larger differences for very short-term exposure. This fact is related with
population daily trips to the Porto city area characterised by higher pollution levels then

suburbs and, therefore, resulting in higher exposure level estimated by the methodology.

As it was mentioned before, the effects of air pollution on human health depend not
only on the pollutant concentration, but also on the duration of exposure of the individuals.
In this context, spatial variation of the PM10 concentration and mobility of the individuals
are of extreme importance. Moreover, the distinct results obtained with and without
population mobility are important to analyse a sensitivity of the risk assessment
methodology to the input data.

Since the methodology applied in this study for the risk assessment is based on the
Apheis guidelines, a comparison of the obtained results with average European values
provided by APHEIS study (2005) have been performed (Figure 2.4).
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Figure 2.4. Comparison of AMP results with average European values from APHEIS study in terms of

potential reductions in the number of “premature” deaths (number of deaths.100 000 inhabitants'l).

The health benefits obtained in the current study for AMP are higher than the
average European values for both indicators. The largest difference is found for potential
reduction of respiratory mortality attributed to the very short-term (1-2 days) exposure
achieving three times higher benefits in AMP than the average value reported for Apheis

cities.

2.4.Conclusions

In this study, a quantitative assessment of potential benefits to human health
related with the reduction of short-term PM10 exposure in the Porto Metropolitan Area
(AMP) has been performed. High population mobility observed within the study area and
the inhomogeneity of spatial pollution pattern are identified as important factors for the
short-term health risk analysis. Therefore, an improved methodology to process population
statistics taking into account daily average population mobility and filtering of air quality
time series to improve representativeness of measurements are implemented. The
methodology improves the characterisation of spatial and temporal variability in the
population distribution and air pollution pattern and, consequently, the population exposure
assessment. The health benefits obtained for AMP considering population mobility in the

input data are 50 — 56% higher than those provided by the traditional approach and
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correspond to the potential annual reduction of 3.2 (95% CI 2.24 — 4.18) deaths.100 000
inhabitants™ due to cardiovascular diseases and 2.12 (95% CI 0.53 — 3.95) deaths.100 000
inhabitants™ due to respiratory diseases, considering cumulative short-term (40 days)

exposure to PM10.

The number of annually avoided premature deaths estimated for the study area is
three times higher for some health indicators than the average values reported for the
European cities. However, the results are strongly influenced by the input data on
population mobility and air pollution spatial variation considered in the analysis thus

showing the sensitivity of the short-term risk assessment methodology to these parameters.
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Abstract

In this work the potential impacts of climate-induced changes in air pollution levels and its
impacts on population health was investigated. The IPCC scenario (SRES A2) was used to
analyse the effects of climate on future PM10 concentrations over Portugal and their impact on
short-term population exposure and mortality. The air quality modelling system has been
applied with high spatial resolution looking on climate changes at regional scale. To quantify
health impacts related with air pollution changes the WHO methodology for health impact
assessment was implemented. The results point to 8% increase of premature mortality
attributed to future PM10 levels in Portugal. The pollution episodes with daily average PM10
concentration above the current legislated value (50 pg.m™) would be responsible for 81% of
attributable cases. The absolute nhumber of deaths attributable to PM10 under future climate
emphasizes the importance of indirect effects of climate change on human health.

Keywords: air quality modelling, particulate matter, climate change, health impact assessment,
mortality, Portugal.
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3.1.Introduction

Climate change affects human health by a combination of direct and indirect
processes. Thus, the abrupt change of temperatures leading to heat waves or cold spells
has become widespread, causing fatal illnesses, such as heat stress or hypothermia, as
well as increasing death rates from heart and respiratory diseases. According to the World
Health Organization (WHO), the statistics on mortality and hospital admissions show that
death rates increase during extremely hot days, particularly among very old and very young
people living in cities. In Portugal, during the European heat wave of 2003, a total of 2,399
excessive deaths were estimated which implied an increase of 58% over the expected
deaths (Trigo et al., 2009).

The indirect effects of climate change on human health are related, among others,
to the changes in air pollution levels under future climate. Thus, changes in the
temperature, humidity, wind, and precipitation that may accompany future climate can
deeply impact air quality because of induced changes in the transport, dispersion, and
transformation of air pollutants at multiple scales (Bernard et al., 2001; NRC, 2001).
According to Sheffield et al. (2011), climate change could cause an increase in regional
summer ozone-related asthma emergency department visits for children aged 0-17 years
of 7.3% across the New York metropolitan region by the 2020s. When population growth is
included, the projections of morbidity related to ozone were even larger. The authors also
highlighted that the use of regional climate and atmospheric chemistry models makes
possible the projection of local climate change health effects for specific age groups and

specific disease outcomes.

The potential impact of climate change on particulate matter (PM) is of major
concern because their concentrations are most likely to increase under a changing climate
(Ayres et al., 2008; Kinney, 2008; Jacob and Winner, 2009) and because future changes in
particulate matter concentrations are likely the most important component of changes in
mortalities attributable to air pollution in future scenarios (West et al., 2007). Over the last
few decades, human exposure to particulate air pollution has been associated with human
mortality and morbidity, as well as a broad range of negative health outcomes at levels
usually experienced by populations due to short- and long-term exposure to particulate
matter (Kdnzli et al., 2000; Anderson et al., 2004; 2005; Pope and Dockery, 2006; Samoli
et al., 2008; Katsouyanni et al., 2009). The European directive (2008/50/CE) revised the
limit values for PM10 (particulate matter with an aerodynamic diameter less than or
equivalent to 10 ym) previously defined by the Framework Directive (1999/30/EC) and set
up new quantitative standards for PM2.5 (particulate matter with an aerodynamic diameter
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less than or equivalent to 2.5 ym). Nevertheless, PM threshold levels to which exposure
does not lead to adverse effects on human health have not yet been identified and given
that there is a substantial inter-individual variability in exposure and in the response, it is
unlikely that any standard or guideline value will lead to a complete protection for every

individual against all possible adverse health effects of particulate matter (WHO, 2006).

For Portugal, studies show frequent exceedances of EU directive targets for air
quality (EEA, 2009). WHO has recently identified that Portugal is one of the 80 countries
that exceed the reference values for particulate matter (WHO, 2011). In addition, particulate
emissions decreased in most European countries between 1990 and 2008 except for
Portugal, Bulgaria, Romania, Malta, Finland, Denmark, Latvia, and Spain, where increases
were recorded (EEA, 2010). However, studies focusing on the health impacts of air quality
in Portugal are very few. Several studies concerning the impact of meteorological factors
on human health and the first attempt to relate air pollution levels and morbidity for Portugal
have been published (Alves and Ferraz, 2005; Nogueira et al., 2005; Casimiro et al., 2006;
Trigo et al., 2009; Alves et al., 2010). The authors (Casimiro et al., 2006) highlight that
under future climate the meteorological conditions will be more favourable for high ozone
levels (low wind speed and high temperature) that could lead to impacts on human health.
Recently, a number of studies on quantitative impact assessment of air pollution on
mortality in Portuguese cities have emerged (Tchepel and Dias, 2011; Garrett and
Casimiro, 2011) providing information on the association of current pollution levels with

adverse health effects.

The main aim of the current study is to quantify the potential impact of short-term
exposure to PM10 on population health under future climate. For this purpose, climate
change scenario simulated with high temporal and spatial resolution is combined with
health impact assessment (HIA). Air pollution modelling for the future scenario is performed
assuming no changes in the PM10 precursor emissions in comparison with the reference
situation thus allowing quantification of the climate change effect independently from the
other factors that affect the pollution levels. The present study provides quantitative
information on forecast of the health impact attributable to air pollution under a changing

climate relevant for climate change mitigation and health policies.

3.2.Methodology

The potential impact on climate-induced human health effects caused by changes

in PM10 concentrations over the continental Portugal is investigated using combined

92



CHAPTER 3: PARTICULATE MATTER AND HEALTH RISK UNDER CHANGING CLIMATE:

ASSESSMENT FOR PORTUGAL

atmospheric and impact assessment modelling. The study is implemented in two main
steps: (i) numerical simulation of PM10 concentrations over Portugal under the IPCC SRES
A2 scenario and (ii) estimation of the number of deaths attributable to the changes in PM10

levels in the atmosphere under climate change.

To quantify the health impact related with air pollution changes, the WHO
methodology (WHO, 2001) was adapted and applied to the study area using the input
information schematically presented in Figure 3.1.

Figure 3.1. Schematic representation of the input information required by the health impact assessment

performed in this study.

3.2.1. Air Quality Modelling under Climate Change

The air quality modelling was performed for a reference and a future climate
scenarios first at the European scale and then over Portugal (Carvalho et al., 2010). For
this purpose, global climate simulations provided by the HadAM3P model were used to
drive the air quality modelling system as represented in Figure 3.2. The climate conditions
for 1961-1990 are considered to characterize the reference situation, and predictions for
2071-2100 are used for the future climate in accordance with the IPCC SRES A2 scenario
(Nakicenovicey et al., 2000). This scenario is considered to be the highest emission
scenario and the carbon dioxide (CO,) concentrations reaching 850 ppm by 2100. In this

sense, we are assessing the worst scenario with regard to air quality changes.
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global climate simulation (HadAM3P model)
1961-1990 and 2071-2100 SRES A2 scenario

regional meteorological simulation (MM5 model)
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Figure 3.2. Schematic representation of the air quality numerical simulation.

The air quality modelling system is based on the chemistry transport model
CHIMERE (Schmidt et al., 2001; Bessagnet et al.,, 2004) forced by the mesoscale
meteorological model MM5 (Grell et al., 1994). The MM5/ CHIMERE modelling system has
been widely applied and validated in several air quality studies over Portugal (Monteiro et
al., 2005; 2007; Borrego et al., 2008) showing performance skills within the range found in
several model evaluation studies using different air quality models (Vautard et al., 2007;
Stern et al., 2008). TheMM5/CHIMERE modelling system has already been used in several
studies that investigated the impacts of climate change on air pollutants levels over Europe
(Szopa et al., 2006) and specifically over Portugal (Carvalho et al., 2010). TheMM5
mesoscale model is a nonhydrostatic, vertical sigma coordinate model designed to simulate
mesoscale atmospheric circulations. The selected MM5 physical options were based on the
already performed validation and sensitivity studies over Portugal (Carvalho et al., 2006)
and over the lberian Peninsula (Fernandez et al., 2007). A detailed description of the
selected simulation characteristics is presented in Carvalho et al. (2010). The MM5 model
generates the several meteorological fields required by the CHIMERE model, such as wind,
temperature, water vapour mixing ratio, cloud liquid water content, 2m temperature, surface

heat and moisture fluxes, and precipitation.

CHIMERE is a tri-dimensional chemistry-transport model, based on the integration
of the continuity equation for the concentrations of several chemical species in each cell of
a given grid. It was developed for simulating gas-phase chemistry (Schmidt et al., 2001),
aerosol formation, transport, and deposition (Bessagnet et al., 2004; Vautard et al., 2005)
at regional and urban scales. CHIMERE simulates the concentration of 44 gaseous species
and 6 aerosol chemical compounds. In addition to the meteorological input, the CHIMERE
model needs boundary and initial conditions, anthropogenic emission data, and the land

use and topography characterization. The modelling system was firstly applied at the
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European scale (with 50 x 50 km? resolution) and then over Portugal using the same
physics and a simple one-way nesting technique, with 10 x 10 km? horizontal resolution.
The European domain covers an area from 14W to 25 E and 35N to 58N. Over Portugal,
the simulation domain goes from 9.5W to 6W and 37N to 42.5N (Carvalho et al., 2006).
The vertical resolution of CHIMERE model consists of eight vertical layers of various
thicknesses extending from ground to 500 hPa. Lateral and top boundaries for the large-
scale run were obtained from the LMDz-INCA (gas species) (Hauglustaine et al., 2005) and
GOCART (aerosols) (Chin et al., 2003) global chemistry-transport models, both monthly
mean values. The same boundaries conditions were used for both scenarios, since the
objective is to only change the meteorological driver forcing. For the Portugal domain,

boundary conditions are provided by the large-scale European simulation.

The CHIMERE model requires hourly spatially resolved emissions for the main
anthropogenic gas and aerosol species. For the simulation over Europe, the anthropogenic
emissions for nitrogen oxides (NOx), carbon monoxide (CO), sulphur dioxide (SO,),
nonmethane volatile organic components (NMVOC) and ammonia (NH3) gas-phase
species, and for PM2.5 and PM10 are provided by EMEP (Co-operative Programme for
Monitoring and Evaluation of the Longrange Transmission of Air Pollutants in Europe)
(Vestreng, 2003) with a spatial resolution of 50 km. The national inventory INERPA was

used over the Portugal domain (Monteiro et al., 2007).

Reference and the IPCC SRES-A2 climate scenario over Europe and over Portugal
were simulated by dynamical downscaling using the outputs of HadAM3P (Jones et al.,
2005), as initial and boundary conditions to the MM5 model. The MM5 model requires initial
and time-evolving boundary conditions for wind components, temperature, geopotential
height, relative humidity, surface pressure, and also the specification of SSTs. Carvalho et
al. (2010) discuss the global model HadAM3P and the MM5 ability to simulate the present
climate. TheHadAM3P was selected to drive the MM5model because a previous work
(Anagnostopoulou et al., 2008) has already concluded that the HadAM3P accurately
reproduces the large-scale patterns, namely, the 500 hPa fields. The 500 hPa height
reflects a broad range of meteorological influences on air quality. The authors concluded
that the HadAMS3P is able to capture the mean patterns of the circulation weather types.
The obtained results give confidence to use the HadAM3P outputs as initial and boundary

conditions for regional simulations.

To evaluate the influence of climate change on air quality, the anthropogenic
emissions were kept constant (to the year 2003) in the simulations for the future climate
and were not scaled in accordance with the IPCC SRES A2 scenario. This idealized

regional model simulation provides insight into the contribution of possible future climate
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changes on the 3D distribution of particulate matter concentrations. The MM5/CHIMERE
simulations were conducted from May 1st to October 30th for the reference year (1990)
and for the future scenario year (2100). Both simulations had the same chemical boundary
conditions. Following this methodology, it is possible to analyse the changes caused by
climate change only. In Carvalho et al. (2010), a detailed analysis of the MM5/CHIMERE

modelling system application under climate change has been presented and validated.

3.2.2. Population Analysis

Population size, composition, and health status were analysed for the study area as
important elements required for the health impact assessment. According to National
Institute of Statistics, the resident population in Portugal in 2001 was 9,869,343 inhabitants
(INE, 2002). Lisbon and Porto are emphasized as the most densely populated

agglomerations representing about 38% of total national population (Figure 3.3).
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Figure 3.3. Distribution of demographic data by district in 2001.

The distribution of population by age groups is presented in Figure 3.4 stressing

different proportion between active and older population for each district.

The health indicator considered in this study includes all causes mortality (except
external causes) (ICD-10 codes A00-R99) expressed as daily mortality rates in the number
of deaths per 100 000 inhabitants. Figure 3.5 presents the distribution of annual mortality
rate by district based on DGS (DGS, 2003).
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As could be seen, there is not a homogeneous distribution of mortality rate by the
districts in Portugal. In general, the highest mortality rate by all internal causes is observed
for the regions with higher proportion of older population as presented previously in Figure
3.4. Although, the Lisbon district indicates greater mortality rate than Porto with main

difference in the mortality rate for age group 25 — 64 years (Figure 3.6).
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Figure 3.6. Annual mortality rate by all internal causes in Lisbon and Porto districts by age groups.

3.2.3. Health Impact Assessment

A methodology to quantify health effects is conducted in terms of number of cases
attributable to air pollution that may be prevented by reducing current levels of PM10
(WHO, 2001; APHEIS, 2005). An estimate of attributable deaths (AD) is obtained from the
average number of deaths (y), the regression coefficient g provided by epidemiology-based
exposure-response functions, and the difference between the daily average concentration

(X) and a reference value under a given scenario (X ):

AD = yx B(x-x") (3.1)

The EIS-PA model, developed by French Surveillance System on Air Pollution and
Health as a support tool for automated and standardized health risk assessment (INVS,
2000), is used in this study to calculate the number of premature deaths prevented annually
due to the reduction of PM to the selected “target” concentration. The results of EIS-PA
model application provide estimates of the health outcomes related to short-term (1-2

days) exposure.
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The exposure-response function, expressed as Relative Risk (RR) per 10.ug-m >,

from epidemiological studies recommended by the European study (APHEIS, 2005) was

adopted, considering the Relative Risk (RR) of 1.006 (95% CI (1.004 — 1.008)) for all-cause

mortality (except external causes) to assess the effects on human health associated with
the very short-term PM10 exposure (1-2 days) (WHO, 2004).

The time series of PM10 concentrations for future climate scenario together with
demographic data and specific health indicators were considered in accordance with the
Apheis guidelines (APHEIS, 2005) and used as input in the EIS-PA model (INVS, 2000).
The health impact assessment is implemented for two air pollution scenarios: (i) a
simulation for current climate (year 1990) and projected 2100 PM10 levels under the IPCC
SRES A2 scenario; (ii) for the air pollution reduction scenario considering the legislation
limit values of daily average 50.ug-m™ recently revised by the Directive 2008/50/CE and
proposed in the latest review of “Air Quality Guidelines” from WHO (WHO, 2006) as the

reduction “target” level.

3.3.Results and Discussion

In this section, the estimated PM10 levels and health impact for both climate
scenarios are analysed. The results obtained for short-term exposure (1-2 days),
expressed as a number of attributable cases by all internal causes mortality, are presented
and discussed. The increased number of attributable cases between the future and current
pollution levels and the potential number of attributable cases prevented annually by
reducing future PM10 concentrations to the legislation limit value (50 pg-m™) are also

investigated.

3.3.1. Particulate Matter Levels under the IPCC SRE S A2 Scenario

The simulated temperature increases under future climate almost reach 8.5°C over
mid and southern Europe during the warm period of May - October (Carvalho et al., 2010).
These projections are in accordance to Rowell (2005) who predicted that in winter the
largest warming occurs over eastern Europe, up to 7°C, and in summer temperatures rise
by 6 — 9°C south of about 50°N.

In Figure 3.7, an example of the projected climatic changes over Portugal is

presented for July showing the largest temperature increases over the north western part of
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Portugal reaching almost 10°C. Relative humidity (RH) will decrease significantly all over
Portugal. The changes in the meteorological fields (temperature, RH, wind, boundary layer)

will influence the pollutants dispersion and transformation in the atmosphere.
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Figure 3.7. a) Temperature (°C) and b) Relative humidity (%) differences between future and reference

climates simulated with the MM5 model across Portugal for July.

Wind speed, mixing height, and relative humidity are the meteorological variables
believed to mostly influence PM concentrations. Stagnant conditions are thought to
correlate with high PM concentrations, as they allow particulates to accumulate near the
earth’s surface. Although high wind speeds can increase ventilation, they are normally
correlated with high PM concentrations because they allow the resuspension of particles
from the ground, as well as long-range transport of particulates between regions. High PM
concentrations are normally associated with dry conditions due to increased potential to
resuspension of dust, soil, and other particles. Figure 3.8 presents the average PM10
levels over Portugal over the simulation period for both climates based on hourly data
provided by the air quality model.

For the overall simulation period, the maximum averaged PM10 levels increase
from 60 pug.m™ to 72 ug.m™>. In addition, over Porto and Lisbon regions, the area affected

by higher concentrations also increases in future climate (Figure 3.8).
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Figure 3.8. Average concentration of PM10 (ug.m'3) for the simulated period (from May to October) for: a)
current; b) future climate scenario.

Additionally to the changes in the average pollution levels, the frequency
distribution of the PM10 concentrations is also very important for the human health studies.
In Figure 3.9, an example for the most affected regions of Porto and Lisbon is presented
providing information on the frequency of pollution episodes under the two climate

scenarios.

The frequency distribution of the PM10 concentrations for both climatic scenarios
emphasizes that Lisbon and Porto districts present an elevated number of days with high
PM10 levels in comparison with the legislation limit value for the daily average PM10
concentration of 50 pg.m~> that cannot be exceeded more than 35 times per year.
Moreover, the climate-driven effect on PM10 levels will be more noticeable in Porto district

leading to significant increase in the number of days with high daily average concentration.
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Figure 3.9. Frequency distribution of the PM10 concentrations for both climatic scenarios over the regions

of: a) Porto; b) Lisbon.

3.3.2. Prognosis of Health Impact: Future versus Cu  rrent Pollution Levels

The health impact assessment based on the estimated changes in PM10 between
the future and reference climate shows some locations with no significant increment in the
number of attributable cases to short-term PM10 exposure while other locations show
important increase in PM10-induced premature mortality (Figure 3.10). Since the number of
estimated attributable cases depends on both air quality and the number of the inhabitants
exposed, air quality changes in the densely populated areas of the country have a greater
effect than air quality changes in less densely populated areas, in general. Modelling
results suggest that worsened PM10 levels will coincide spatially with many of the most

densely populated areas of the country (Figure 3.8).
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Figure 3.10. Spatial distribution of the increased number of attributable cases estimated by grid cell

(10x10 km2) related to short-term PM10 exposure for future climate.

As could be seen from Figure 3.10, the highest increase of the number of
attributable cases under a future climate scenario would be expected in the Northern
coastal region and Lishon metropolitan area achieving a maximum augment of 11 cases by
grid cell. The results presented in Table 3.1 highlight that the changes on the PM10
concentrations lead to a significant increase in the number of deaths in the future for most
districts, especially those with the larger urban areas. Additionally, the Lisbon district is
characterised by larger population size and the current mortality rate is higher, and the
Porto district is the most affected (about 31% of total national deaths), reaching two times
higher values than expected for the Lisbon district due to different prognosis of future
pollution levels for these areas.

On the other hand, South of Portugal presents the lowest changes in the average
mortality rate (Faro district: 0.9 (95% Cl 0.6 — 1.2)) since the PM10 concentrations
projected for 2100 will not increase significantly in comparison with the current pollution

levels. At national level, about 203 (95% CI 137 — 271) more premature deaths per year are
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projected for 2100 in comparison to the current scenario due to indirect effect of climate

change.

Table 3.1. Increase of mortality attributable to PM10 pollution levels under the climate scenario in

comparison with the reference situation. Values presented in parenthesis correspond to the 95%

confidence interval (Cl).

Mortality rate

Annual mortality

District average and 95% CI average and 95% CI
(deaths.100 000 inhabitants ™) (deaths)
Aveiro 2.6 (1.7-3.5) 13 (9 - 18)
Beja 1.7(1.1-2.2) 3(2-3)
Braga 1.9(1.3-2.6) 19 (12 - 25)
Braganca 2.0(1.3-2.6) 3(2-4)
Castelo Branco 1.7(11-2.2) 3(2-4)
Coimbra 25(1.7-3.4) 11 (7 - 15)
Evora 1.4(0.9-1.9) 3(2-3)
Faro 0.9(0.6-1.2) 3(2-4)
Guarda 1.8(1.2-2.5) 4(3-5)
Leiria 1.6 (1.1-2.2) 8 (6-11)
Lisbon 1.3(0.8-1.7) 26 (17 — 35)
Portalegre 1.8(1.2-2.4) 2(2-3)
Porto 3.7(25-5.0) 62 (41 - 83)
Santarém 1.8(1.2-2.3) 8 (5-11)
Setubal 19(1.2-25) 13 (9-18)
Viana do Castelo 2.4(1.6-3.2) 8 (5-11)
Vila Real 1.9 (1.3-2.6) 6(4-7)
Viseu 2.0(1.3-2.6) 8 (5-11)
National 21(1.4-238) 203 (135 - 271)

3.3.3. Prognosis of Health Impact: Future Pollution

versus Legislation

Additionally to the impact assessment based on prognosis of future pollution, the

benefit for human health related with potential reduction of PM10 to the legislation limit
value (daily average concentration of 50 ug.m~3) was analysed. The number of prevented
cases for all internal causes mortality attributed to the short-term (1-2 days) exposure is
quantified considering that no exceedances to the limit value will occur. The results for

each district are presented in Figure 3.11.

Porto district will be the greatest benefited in case of the legislated value fulfilment
that is possible to achieve with implementation of additional policy measures such as
emission reductions. Therefore, if no air quality exceedances will occur, about 50
premature deaths related to PM10 exposure may be avoided annually, which corresponds

to four times higher values than prevented cases estimated for the Lisbon district. As
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expected, this fact is related with highest increase in air pollution levels predicted for Porto

in future climate.
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Figure 3.11. Prevented cases considering the fulfilment of the legislated value

(deaths.100000 inhabitants™).

A more detailed analysis of the results obtained for the Porto area in terms of the

number of attributable cases associated with different levels of exposure to PM10 is

presented in Figure 3.12. Although in Porto district average PM10 concentrations above

120 ug.m~2 will occur in 13% of days, they are responsible for 50% of deaths attributable to

air pollution (Figure 3.12). Thus emphasizing the greatest impact associated with “high

pollution” days, despite their low frequency.
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Figure 3.12. Distribution of the number of attributable cases (%) by PM10 concentration classes in Porto.

3.4.Conclusions

In this study, a quantitative assessment of the impact of climate change on human
health related with short-term exposure to PM10 has been performed using combined
atmospheric and impact assessment modelling. The modelling results obtained for the
continental region of Portugal revealed that climate change alone will deeply impact the
PM10 levels in the atmosphere. All the Portuguese districts will be negatively affected but
negative effects on human health are more pronounced in major urban areas. The short-
term variations in the PM10 concentration under future climate will potentially lead to an
increase of 203 premature deaths per year in Portugal. The Porto district is the most
affected in terms of occurrence of number of days with higher concentrations, consequently
leading to the most significant increase in premature deaths that correspond to

approximately 8% increase of its current mortality rate by all internal causes.

The pollution episodes with daily average PM10 concentration above the current
legislated value (50 pg.m™3) would be responsible for 81% of attributable cases. Although
“high pollution” days have low frequency, they show the greatest impact and highlight the
significant contribution of pollution peaks to acute exposure. Thus, the reduction of “high
pollution” days with daily average concentration above 120 pg.m~ projected to the Porto

district will avoid about 50% of premature deaths attributable to air pollution.
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Although the hypothetical situation of what would happen if the predicted future
climate conditions will occur in 2100 and assuming that PM10 precursor emissions and
population maintain constant, the information provided in this study suggests that climate-
driven changes on air pollutants and human health could be substantial. Therefore,
additional efforts should be made to improve on this type of modelling approach in order to

support local and wider-scale climate change mitigation and adaptation policies.
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Abstract

This study is focused on the development of a modelling approach to quantify emissions of
traffic-related hazardous air pollutants in urban areas considering complex road network and
detailed data on transport activity.

In this work a new version of the Transport Emission Model for line sources has been
developed for hazardous pollutants (TREM-HAP). Emission factors for benzene, 1,3-butadiene,
formaldehyde, acetaldehyde, acrolein, naphthalene and also particulate matter (PM2.5) were
implemented and the model was extended to integrate a probabilistic approach for the
uncertainty quantification using Monte-Carlo technique. The methodology has been applied to
estimate road traffic emissions in Porto Urban Area, Portugal. Hourly traffic counts provided by
an automatic counting system were used to characterise the spatial and temporal variability of
the number of vehicles, vehicle categories and average speed at different road segments. The
data for two summer and two winter months were processed to obtain probability density
functions of the input parameters required for the uncertainty analysis. For quantification of cold
start excess emissions, Origin-Destination matrix for daily trips was used as additional input
information. Daily emissions of hazardous air pollutants from road traffic were analysed for the
study area. The uncertainty of the emission estimates related to the transport activity factors
range from as small as -2 to +1.7% for acrolein and acetaldehyde on highways, to as large as
-33 to +70% for 1,3-butadiene considering urban street driving. An important contribution of cold
start emissions to the total daily values was estimated thus achieving 45% in case of benzene.
The uncertainty in transport activity data on resulting urban emission inventory highlights the
most important parameter and reveals different sensitivity of the emission quantification to the
input data. The methodology presented in this work allows the development of emission
inventories for hazardous air pollutants with high spatial and temporal resolution in complex
urban areas required for air quality modelling and exposure studies and could be used as a
decision support tool.
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4 .1.Introduction

During the last decades, road traffic has become one of the most important sources

of air pollution.

Among the extended number of chemicals emitted by the vehicles, hazardous air
pollutants (HAPs) require special attention due to their link with cancer and other serious
adverse effects on human health. A list of 188 HAPs, referred also as air toxics, was
defined in Clean Air Act by the US Environmental Protection Agency (USEPA, 2004) that
contains pollutants associated with anthropogenic sources. Also, air toxics emitted by
mobile sources, known as MSAT (mobile source air toxics) are identified, including:
benzene, 1,3-butadiene, formaldehyde, acetaldehyde, acrolein, naphthalene and diesel
particulate matter (PM) (USEPA, 2007). Emissions of MSAT are mainly related with
incomplete combustion (e.g. benzene) and by-products formed during incomplete
combustion (e.g. formaldehyde, acetaldehyde, and 1,3-butadiene), but evaporative
processes of fuel components are also important. Besides, numerous measures to reduce
air toxic emissions, including limits on gasoline volatility, limits on diesel sulphur,
improvements in vehicle technology and performance, road transport is still one of the
major sources of HAPs especially in urban areas. Some studies indicate that mobile
sources can contribute about 68% of total HAPs emissions (Tam and Neumann, 2004).
Therefore, further studies to improve quantification of air toxic emissions induced by
transport in urban areas where inhabitants are living close to the pollution sources are

required to better cause-effect chain analysis.

Several methodologies to quantify road traffic emissions are currently available
(e.g. Zallinger et al., 2005; Smit et al., 2007; Gkatzoflias et al., 2007). However, the
modelling tools not always cover HAPs or provide emissions with low temporal and spatial
resolution that is not sufficient for urban scale studies. An intercomparison of the currently

available models could be found at Barlow and Boulter (2009).

Urban emission inventories with higher temporal and spatial resolution are needed
for a number of applications, such as urban air pollution modelling, population exposure
modelling, definition of sustainable urban development policy, etc. The most commonly
used technique to quantify the emissions is based upon the principle that the average
emission factor for a certain pollutant and a given type of vehicles vary according to the
average speed during a trip (Boulter et al., 2007a). For urban applications, hourly

emissions for each road link are usually required. For this purpose, hourly traffic flows
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attributed to detailed road network that should be specified. Uncertainty of these data, as

well as uncertainty associated with resulting emissions, is an important issue.

Quantitative methods for dealing with uncertainty in emission estimates involve the
characterization of uncertainty in emission factors and/or activity data, and propagation of
uncertainty to a total emission inventory. Although numerous probabilistic techniques have
been applied for this purpose, the well-known Monte Carlo approach has multiple
advantages and is the most often used for this purpose (e.g. Frey and Zheng, 2002a,
2002b; Abdel-Aziz and Frey, 2003). The IPCC and EPA have developed guidelines
recommending the use of Monte Carlo methods as a part of a tiered approach for
emissions uncertainty estimates addressing the quantification of uncertainty in emission
and activity factors (USEPA, 1997; IPCC, 2000). Monte Carlo simulation methods are used
to estimate uncertainty in inventories, such as for criteria pollutants, HAPs, and greenhouse

gases (e.g. Winiwarter and Rypdal, 2001).

The present work intends to develop a modelling approach for quantification of
traffic-related hazardous air pollutant emissions with high spatial and temporal resolution
for the studies in urban areas. For this purpose, emission factors of HAPs have been
implemented into the Transport Emission Model for Line Sources (TREM). Also, this new
version of the model was extended to integrate a probabilistic approach for the uncertainty
gquantification using Monte-Carlo technique. An application example of the developed
methodology to the Porto Urban Area (Portugal) for the year 2008 is presented.

4.2.Methodology

4.2.1. TREM Emissions Model

The Transport Emission Model for Line Sources was firstly developed on the basis
of COST319/MEET approach and focused on carbon monoxide, nitrogen oxides, volatile
organic compounds including methane, carbon dioxide, sulphur dioxide and particulate
matter with aerodynamic diameter less than or equal to 10 um (PM10) (Tchepel, 2003;
Borrego et al., 2000; 2003; 2004). The prime objective of TREM is the estimation of road
traffic emissions with high temporal and spatial resolution to be used in air quality
modelling. Although the average-speed approach for the emission factors implemented in
the model follows the European guidelines (EMEP/EEA, 2010) the way how transport
activity data are considered for the emission inventorying is conceptually different. Roads

are considered as line sources and emissions induced by vehicles are estimated
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individually for each road segment considering detailed information on traffic flow provided

by automatic counting system or from a transportation model. To process these data,

TREM is directly linked to Geographical Information Systems (ArcGIS) and to the
transportation model VISUM (Borrego et al., 2004).

A new version of TREM developed in this work use updated emission factors from
ARTEMIS methodology (André and Joumard, 2005; Boulter et al., 2007b). Following the
definition of air toxics relevant for mobile sources, this new version TREM-HAP (Transport
Emission Model for Hazardous Air Pollutants) is prepared to calculate the emissions of
benzene, 1,3-butadiene, formaldehyde, acetaldehyde, acrolein, naphthalene and also
particulate matter with aerodynamic diameter less than or equal to 2.5 um (PM2.5). The

calculation algorithm is schematically represented in Figure 4.1.

Artemis emission Calculations Inputs for each road
factors segment
VOC -~

Evoc, cha =

é f(speed, PM2.5 Nu rr_1ber of

& technology) irly vehidles

% Mass fraction of air Fleet Monte

2 toxics in NMVOC NMVOC composition Carlo
03400 Average

- e=f (speed, speed

8 technology, T, MSAT =

Figure 4.1. Calculation algorithm for hazardous air pollutants implemented in TREM—HAP model.

Firstly, exhaust hot emissions of total VOC, Methane (CH,;) and PM2.5 are
estimated as a function of average speed for each class of vehicles. Both total emissions
under thermally stabilised engine and additional cold-start emissions are considered due to
the importance of cold-engine driving within urban areas. At next, methane hot emissions
are subtracted from VOC and nonmethane VOC (NMVOC) emissions are separated into
different compounds, including hazardous pollutants, using %-fractions as proposed by
EMEP/ EEA (2010) guidelines. MSAT cold start emissions are estimated as a function of
average speed and ambient temperature. In this case, passenger cars only are considered
due to the methodology limitations. An example of hot exhaust emission factors calculated
for benzene and formaldehyde for different type of vehicles as a function of average speed

is presented in Figure 4.2 for Euro 2 technology.
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Figure 4.2. An example of emission factors for a) benzene and b) formaldehyde considered by the
emission model for Euro 2 vehicles (PC_gasoline — passenger gasoline cars; PC_diesel — passenger

diesel cars with engine capacity < 2 Itr; HDV_diesel — heavy duty diesel vehicles < =7.51).

4.2.2. Hot Emissions

The hot emission of the pollutant p (E; (9)) for each road segment is estimated by

the model as following:

E,=> (e, (v)IN, )L (4.1)

where ey(v) is the emission factor (g.km™) for pollutant p and vehicle class i defined as a
function of average speed v (km.h™); N; is the number of vehicles of class i and L is the

road segment length (km).

The emission factors depend on average speed, fuel type, engine capacity and
emission reduction technology. However, these data are not available for each counting
point and statistical information is usually used to characterise vehicle fleet composition. In

this context, uncertainty estimation of the resulting emissions became an important issue.

4.2.3. Cold-Start Emissions

Cold-start emissions are emitted by vehicles under cold engine and are estimated
as an excess to the stabilised hot emission levels. The cold-start excess emission is
defined as a difference between the total amount of the pollutant emitted between the start
time (t = 0) and time t.qq and the amount of pollutant which would be emitted by the vehicle
at its normal running temperature during the same time period. Travel distance, average
speed and ambient temperature are considered to quantify cold-start emissions for different

vehicle technologies. At urban scale, travel distance is often less than the distance
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necessary to warm up the engine. Therefore, cold emissions are playing a very important

role and their contribution to the total emissions could not be neglected.

In this work, the methodology developed by ARTEMIS (André and Joumard, 2005)
was adapted in order to be compatible with the model conception. For this purpose, original
emission factors represented as absolute emissions (g) per cold cycle were transformed to

average cold emission factors (g.km™) within cold distance.

Cold emission factors are calculated as following:
ecold = W20°C,20km/h [ f(T'V)[h(é)[g(t) (42)

where e,q iS the excess emission with a cold engine for a trip (g); V is the average speed
during cold engine regime (km.h™); T is the ambient temperature (°C); h(d) is the distance
correction factor = distance travelled (d) / cold distance (dcoiq) (dimensionless); Wagec, 20km/iS
the excess emissions at reference conditions for T = 20°C and V = 20 km.h™ (g); f(T,V) is
the correction factor for speed (V) and temperature (T) effects; g(t) is the correction factor

for the parking time t.

The ARTEMIS methodology to calculate cold distance was used in order to
determine the distance necessary to warm up the engine and to stabilise emissions. A
schematic representation of the effect of trip length on the emissions for different classes of
passenger cars is presented in Figure 4.3. As could be seen in the Figure 4.3, the
emissions will stabilize within the first 5-10 km after the start that is considered as a “cold

distance”.

The ARTEMIS methodology used to calculate cold-start emissions is available for
passenger cars only, because of insufficient data for other categories, and for typical urban
driving, which imply that only urban roads were considered (see Section 4.3.2). The input
parameters considered in the determination of cold-start emission factor are presented in
Table 4.1 considering different passenger car emission classes and fuel type. Calculation
of the cold-start emission factor is dependent to the ambient temperature and average
speed. The calculation algorithm for acetaldehyde, acrolein and formaldehyde is not
sensitive to the ambient temperature. In addition, it should be noted that 1,3-butadiene
emissions are totally attributed to gasoline vehicles, while PM2.5 is mainly related with

diesel engines.
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Figure 4.3. Schematic representation of the effect of trip length on the cold start excess emissions from

passenger cars in winter season.

In case of naphthalene, the methodology applied is different and is not presented in

Table 4.1 since the hot and cold emissions are calculated simultaneously and cannot be

distinguished.

Table 4.1. Parameters considered for cold-start and hot emission factor quantification.

Passenger cars

Pre Euro 1 Euro 1 Euro 2 Euro 3 Euro 4
Pollutant ) [} [} ) )
£ © £ © £ © £ © £ ©
2 8 2 3 2 3 2 3 2 3
© S © S © S © S © S
(2] (o] (o] (2] (2]
PM2.5 — T - T - T - T — T
Acetaldehyde \% const. \% const. \% \% \Y \Y \% \Y
Acrolein — const. - const. const. const. const. const. const. const.
Benzene V,T const. const. const. V,T V,T V,T \% T \%
1,3-Butadiene Y, - const. - \% - V., T - T -
Formaldehyde \% const. \% const. \% \% \Y \Y \% \%

Notes : T: Ambient temperature (°C); V: Average speed (km.h™); const.: constant value; — : methodology not available

4.2.4. Monte Carlo Approach

The Monte Carlo (MC) approach is used to analyse uncertainty propagation, where

the goal is to determine how variations in input data affect the emission estimations. For
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this purpose, a probability distribution is specified for each model input based upon
statistical analysis of data. At next, random values are generated for each input parameter
taking into account their probability distribution and assuming that the generated values
represent real world events. Multiple runs of the emission model based on stochastic inputs
provide multiple outputs that can be treated statistically as if they were an experimentally or
empirically observed set of data, instead of obtaining a single number for model outputs as

in a deterministic simulation (Frey and Bammi, 2002).

In the present work, the emissions model has been adapted to use multiple set of
randomly generated values for each of the input parameters that characterise the transport
activity. Thus, random samples of the number of vehicles, average speed and fleet
composition are generated from the respective Probabilistic Density Functions (PDF) and
one random value for each input is entered into the model to arrive at one estimate of the
model output. This process is repeated over more than 600 iterations to arrive at multiple
estimates of the model. These estimates are sample values of the PDF of the model output

that reflects the uncertainty in the model inputs.

4.3. Application

4.3.1. Study area

The Porto Urban Area was selected in this study to quantify road traffic emissions
of hazardous air pollutants. It is the second largest city in Portugal with a total area of
approximately 41 km?. The resident population of this urban area in 2008 is about 216 000
inhabitants (2% of the national population). One of the relevant characteristics of the study
area is the centralisation of working places in Porto city centre and an expansion of the
agglomeration around the city showing the importance of the population home/work daily

trips and consequent air pollution problems in the Region (Tchepel and Borrego, 2010).

To study atmospheric emissions induced by transport, the road network was
subdivided into 3 types: urban streets, interurban roads and highways with the total length
of 78.3 km, 29.8 km and 22.3 km respectively (Figure 4.4a). As a total, 84 points distributed
within the domain were considered to characterize traffic volume fluctuations. For this
purpose, traffic data collected by automatic measurements during winter (January and
February) and summer (July and August) periods of 2008 were attributed to the road links

using road classification and the proximity criteria.
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Figure 4.4. a) Administrative limits of the Porto Urban Area and road network considered in the study (type
1 — urban streets, type 2 — interurban roads, type 3 — highways); b) sectors limits considered in the O/D

matrix.

Additionally, population mobility data concerning Origin/Destination trips for traffic
peak hours (Oliveira et al., 2007) was considered for the study area and subdivided in 9
sectors (Figure 4.4b, Table 4.2). These statistical data provide important information for

quantification of cold start emissions as described in Section 4.3.2.

Table 4.2. Origin/Destiny Matrix for each sector (hnumber of displacements in individual transport) for the
morning traffic peak period (7h30 — 9h30) (Oliveira et al., 2007).

. Ext. Ext.
OD Matrix A B C D E F G H | South North Total

A 269 461 430 1,070 565 445 500 523 265 447 1,819 6,794

B 315 84 357 398 200 108 98 275 168 163 504 2,670

C 569 436 304 587 344 299 379 622 265 248 587 4,640

D 879 335 676 869 609 653 758 902 198 419 1,498 7,796

E 603 136 391 526 329 532 730 201 103 106 512 4,259

F 500 159 198 431 302 215 779 281 a7 170 499 3,581

G 1,344 300 353 774 859 1,255 406 1,298 135 663 2,527 9,914

H 855 445 795 1,053 639 672 652 582 325 456 1,603 8,077

I 371 396 383 416 208 204 138 265 100 81 319 2,881

Ext. South 1,686 998 810 1,542 1,093 1,427 906 735 382 8 14,400 23,987
Ext. North 7,168 2,198 3,280 3,737 2,166 4,127 4,493 4,549 1,208 11,455 11,021 55,402
Total 14,559 5,948 7,977 11,403 7,314 9,937 9,839 10,323 3,196 14,216 35,289 130,001

4.3.2. Input Data

In order to characterize the uncertainty in input parameters, a set of random inputs

characterizing the fleet composition, traffic flow and vehicles speed are generated for each
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road. The PDF for vehicle classes is determined using the statistical information on vehicle
registers and average number of kilometres travelled. For the traffic volume, data from the
counting points attributed to each link were used, describing both temporal and spatial
variations (Figure 4.5). Due to absence of vehicles speed measurements, this variable is
estimated for each road segment considering the type of the road and taking into account
the speed traffic behaviour adapted from Joumard et al. (2007): urban (30+9.4 km.h™),
interurban (70+17.6 km.h™) and highways (110+8.8 km.h™). A combination of random
values generated by the Monte Carlo approach is used to create 625 independent inputs

for each road segment to be used by TREM-HAP for the emission estimations.

To estimate excess cold start emissions, a number of vehicles with cold engine
have to be considered for each urban road segment. However, it is not possible to obtain
this information directly from the automatic traffic counts that is why additional information
is required. For this purpose, the ARTEMIS methodology (André and Joumard, 2005) to
calculate cold distance was used in order to determine the distance necessary to warm up
the engine and to achieve a constant emission level (Figure 4.3). The statistical information
on Origin—Destination (O-D) mobility (Oliveira et al., 2007) was considered to determine
the daily number of cold starts and the distance between the origin and destination points.
Stop duration of 7 hours between the morning and evening peak hours was assumed to
calculate the correction factor for cold start emissions. Based on this information, the
number of vehicle x km performed with a cold engine and a proportion of cold/hot driving

was calculated for each urban zone and attributed to the road network.
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Figure 4.5. An example of temporal variation of the passenger car flows obtained from the automatic

counting data at a fixed point.
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4 .4.Results and Discussion

The probabilistic emission inventory for the mobile source hazardous air pollutants
was developed based on probabilistic activity factors. It should be stressed that uncertainty
of the emission factors was not considered in the current simulations due to absence of the
information. Therefore, the overall uncertainty of the emissions is related to the uncertainty
in activity data only. The analysis of results examines the influence of the seasonal
variations (summer and winter periods), the contribution of hot/cold start to the total daily
emissions, the differences of road types and the spatial distribution of the total emissions

over the study domain.

The absolute values for total daily emissions estimated for the Porto Urban Area
are presented in Figure 4.6. Several statistical parameters, including average emissions, 5"
and 95" percentile and extreme values were analysed for the selected hazardous
pollutants. Also, seasonal difference between summer and winter are examined. It is
apparent that PM2.5 and benzene have the largest absolute uncertainty in the daily
emissions. For all the pollutants, except benzene, the absolute values for total daily
emissions are larger in summer. Benzene has a different seasonal behaviour because of

the important contribution of cold start emissions as observed in Figure 4.7.
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Figure 4.6. Statistical parameters for total daily emissions in the Porto Urban Area considering winter and

summer periods.
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The 90% probability range of the emission estimates are given in Table 4.3
considering different types of roads. For all the pollutants, urban streets are characterised
by higher uncertainty in the emissions achieving the largest range for 1,3-butadiene (-33%
to +70%), while estimations for highways are more robust. Benzene emissions from urban
roads are less uncertain than other hydrocarbons, except naphthalene, due to the
important proportion of cold start emissions with lower sensitivity to the input data. The very
low uncertainties obtained for naphthalene are explained by the different methodology
applied for this pollutant. The hot and cold emissions are calculated simultaneously and
cannot be distinguished. Also, the methodology to calculate naphthalene emissions is not

sensitive to ambient temperature and speed.

Table 4.3. Results of the uncertainties in the emission rates (hot+cold) for the different types of roads.

90% probability range of the emission estimates (%)  *

Pollutant
Urban streets Interurban roads Highways

Q] () Q] () Q] )
PM -28.1 44.7 -11.6 30.9 -15.7 8.8
Acetaldehyde -24.7 50.7 -16.3 28.1 -2.0 1.7
Acrolein -26.6 53.2 -14.9 25.3 -2.0 1.7
Benzene -22.6 43.4 -23.7 40.2 -5.3 6.1
1,3-Butadiene -33.2 70.4 -21.3 36.5 -3.0 3.5
Formaldehyde -36.8 65.7 -16.7 28.6 -2.1 2.0
Naphtalene -0.7 0.6 -0.7 0.6 -0.8 0.7

*(5) =(5th percentile-Mean)/Mean) x 100; (+) :(95th percentile-mean)/Mean) x 100

The contribution of cold emissions to the total emissions estimated in the study

area at typical summer and winter days is presented in Figure 4.7.
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Figure 4.7. Contribution of the cold start emission (average values, percentage) to the total emissions

within the modelling domain.

The results show that the contribution of cold start emissions to the total values
calculated for the urban area can achieve 45% in case of benzene, while for other
hazardous pollutants this contribution is below of 10% with the only exception of 1,3-
butadiene. In general, excess cold start emissions from diesel vehicles are less significant
compared with those from gasoline vehicles. As expected, the cold emissions are higher in
winter than in summer season due to the direct influence of ambient temperature. However,
in the case of acetaldehyde, acrolein and formaldehyde this difference is related to traffic
fluctuations only because the calculation algorithm for these pollutants is not sensitive to
the ambient temperature. It should be noted that 1,3-butadiene emissions are totally

attributed to gasoline vehicles, while PM2.5 is mainly related to diesel engines.

Additionally, the spatial distribution of the daily emissions (hot + cold) was analysed
for the study area. Examples for benzene and PM2.5 are presented in Figure 4.8. A
different spatial pattern is observed for these two pollutants. Within the Porto Urban Area
the highest emission rates of PM2.5 are estimated for highways due to intense traffic during

the day.
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Figure 4.8. Spatial distribution of benzene and PM2.5 daily emissions (average) in the modelling domain.

Oppositely, benzene emissions are more pronounced at urban streets where the
contribution of cold start emissions is very important. For both pollutants, high emissions
are obtained in two urban roads which are important thoroughfares connecting the urban

centre with peripheral interurban and highway roads.

4.5.Conclusions

The TREM-HAP model has been developed to estimate the emissions of

hazardous air pollutants related to the traffic activity in urban areas. The current work

129



CHAPTER 4: EMISSION MODELLING OF HAZARDOUS AIR POLLUTANTS FROM ROAD

TRANSPORT AT URBAN SCALE
provides a description of the methodology and an application example to characterise a
probable distribution of the emissions for different types of roads considering vehicle

technology mix, driving conditions and traffic volume fluctuations.

The total daily emissions of air toxics are presented for the entire study area
considering their seasonal variations. Different trend is identified for benzene showing 17%
higher emissions at winter time due to important contribution of cold starts while other toxic
pollutants are mainly affected by changes in the traffic volume that results in higher

emissions during the summer period.

Highly uncertain emission data are obtained for the urban roads with the largest
range for 1,3-butadiene (—33% to +70%). Oppositely, emissions calculated for highways
are generally characterised by a very small uncertainty (less than £5%) except for PM2.5
(—16% to +9%).

The study shows that cold-start emissions can contribute up to 45% to the total
daily emissions, highlighting the importance of accounting for cold start emissions in a

traffic-related emissions inventory development.

Globally, the results demonstrated that the range of the uncertainty produced in the
model application depends on uncertainties in the model inputs but sensitivity of the

modelling approach is different for the considered air toxics.

The modelling tool developed and applied in the present work provides spatial
distribution of the air toxic emissions for urban areas with complex road network. This
information is essential to be used as an input to air pollution models and further population
exposure studies. Finally, quantification of the uncertainty range for the emissions opens a
possibility to implement air pollution modelling for the study area using probabilistic

approach.
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Abstract

The main objective of this work was the development of a new modelling tool for quantification
of human exposure to traffic-related air pollution within distinct microenvironments by using a
novel approach for trajectory analysis of the individuals. For this purpose, mobile phones with
Global Positioning System technology have been used to collect daily trajectories of the
individuals with higher temporal resolution and an algorithm based on trajectory data mining
analysis was implemented within a Geographical Information System to obtain time-activity
patterns. These data were combined with pollutants concentration fields provided by air
pollution dispersion model. Additionally to outdoor, pollutant concentrations in distinct indoor
microenvironments are characterised using a probabilistic approach. An example of the
application for PM2.5 is presented and discussed. The results obtained for daily average
individual exposure correspond to mean value of 10.6 pg.m™ and 6.0 — 16.4 yg.m™ in terms of
5" — 95" percentiles. Analysis of the results shows that using of the point air quality
measurements for exposure assessment will not explain the individual variability. The
methodology developed and implemented in this work provides time-sequence of the exposure
events thus making possible association of the exposure with the individual activities and
delivers main statistics on individual's air pollution exposure.

Keywords: exposure assessment, air pollution, traffic-related, GPS, GIS, trajectory data
mining.
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5.1.Introduction

Exposure to air pollution is estimated to cause 1.3 million deaths worldwide per
year in urban areas and emissions from road traffic account for a significant share of this
burden (WHO, 2011). In the last years, there has been an increase of scientific studies
confirming that short and long-term exposure to traffic-related air pollutants leads to
adverse health effects, including asthma, non-asthma respiratory symptoms, impaired lung
function, cardiovascular mortality and morbidity (Brunekreef and Holgate, 2002; HEI, 2010).
Therefore, an accurate assessment of human exposure is crucial for a correct
determination of the association between the traffic-related air pollutants and the negative
health outcomes (Hertel et al., 2008).

The assessment of exposure emerged as an important area of scientific research.
Exposure estimates to atmospheric pollutants can address individuals (personal exposure)
or large population groups (population exposure), and can be based on direct (exposure
monitoring) or indirect methods (exposure modelling) (Zou et al., 2009). In practice,
monitoring of personal exposure is limited to studies with a small number of individuals due
to the high costs associated with the measurements. In the same sense, air quality time
series provided by a monitoring network are frequently used as a good individual exposure
indicator. Nevertheless, this estimate has been found to correlate poorly with personal
exposures (Pellizzari et al., 1999; Oglesby et al., 2000; Koistinen et al., 2001; Kousa et al.,
2002).

Several studies reveal that personal exposures tend to be greater in magnitude and
more variable in location and time than the corresponding outdoor concentrations
(Hatzopoulou and Miller, 2010). Individual exposure is then particularly sensitive to high
spatial and temporal variations in outdoor concentrations and the "microenvironmental”
variations imposed by a variety of indoor and outdoor locations (occupational, residential,
etc.) (Georgopoulos et al., 2009). In this sense, outdoor concentration should not be used
as an exposure indicator since it does not capture spatial heterogeneity in exposure to air
pollution, time spent indoors and population mobility (Koistinen et al., 2001) thus leading to
inaccuracies and underestimation of the effects of air pollution (Thomas et al.,1993; Szpiro
et al., 2008;Peng and Bell, 2010). In addition, the presence of individuals in direct vicinity to
the emission sources may results in higher exposure concentrations then pollution levels
registered at monitoring stations (Baklanov et al., 2007). Therefore, combining air quality
concentrations with time-activity patterns is crucial in assessing actual personal exposure
to air pollution (Son et al., 2010).

In this perspective, exposure modelling technique arises as an alternative approach
able to address the spatial and temporal variability of individual exposure concentrations

and is recommended for exposure assessment (Schwela et al., 2002). Exposure modelling
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allows to determine exposures for individuals, defined population subgroups or entire
populations, taking into account either real or hypothetical scenarios (Klepeis, 2006) and
are typically used to supplement the monitoring data where direct measurement are not
available. As results, exposure modelling can predict future exposures, as well as
reconstruct historical exposure and the contribution of different chemicals can be clearly
distinguished in exposure assessment (WHO, 2005b; Zou et al., 2009).

Exposure models constitute important tools providing quantitative evaluation of
human exposure to environmental pollution, and its development has been identified as a
priority area for future research (Brunekreef and Holgate, 2002; Brauer et al., 2002).
Nowadays, a number of exposure models are available to support quantitative exposure
analyses and assessments to air pollutants and, according to their characteristics and
modelling procedures, they could be categorized as proximity models, interpolation models,
land use regression models, dispersion models, integrated emission-meteorological
models, and hybrid models (Jerret et al., 2005).

Air pollution exposure models can be developed to calculate short-term exposures
(i.,e. 1 hour or shorter in duration) or long-term exposures. Most of currently available
exposure models have been designed to estimate human exposure to several regulated air
pollutants (Johnson et al., 1999; Burke et al., 2001; Kruize et al., 2003), however a couple
of models is also able to account for human exposure to hazardous air pollutants
(Macintosh et al., 1995; Ozkaynak et al., 2008). They have been designed to quantify
individual exposures as well as population exposures at the census level.

For exposure estimates outdoor pollution levels may be considered in combination
with microenvironmental concentrations obtained from mass balance or empirical
indoor/outdoor relationships (Georgopoulos et al., 2009). Additionally, population should be
characterized by demographics and their time-activity patterns based on participant's diary
or time-—activity measurement databases (Burke et al.,, 2001; Kruize et al., 2003;
Georgopoulos, 2005; Klepeis, 2006; USEPA, 2006a; USEPA, 2006b; Ozkaynak et al.,
2008; HEI, 2010). Extensive datasets on activity patterns and microenvironmental
parameters are available for microenvironmental modelling (Freijer et al., 1998, McCurdy et
al., 2000, Klepeis et al., 2001) providing additional information for probabilistic modelling
and allowing an additional knowledge on the variability and uncertainty associated with
exposure estimates (Zou et al., 2009). It is important to highlight that variability represents
true heterogeneity, diversity, inter-individual differences, temporal changes, etc. in an input
parameter while uncertainty reflects a lack of knowledge of the true value (Frey, 1992;
Hertwich et al., 2000; WHO, 2000). Parameter variability and uncertainty represent the
sources of uncertainty that have received most attention in human exposure modelling
(Fryer et al., 2006). In addition, recent advances have also occurred in the development of

GIS-based exposure models, which attempt to reproduce the spatial and temporal
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dynamics of air pollution and population mobility (Gulliver and Briggs, 2005; Zhan et al.,
2006; Wheeler et al., 2008).

However, information on the actual “activity space” of individuals required for high
resolution exposure modelling is rarely available, and home addresses are generally used
as the surrogate for the personal exposure, when in fact a high percentage of an
individual's exposure can accrue from relatively short periods of time spent in high-polluted
microenvironments (HEI, 2010). In this perspective, the time-sequence of exposure events
is not preserved in exposure assessment, and the information to evaluate possible
correlations in exposures to different pollutants due to activities that are related in time is
not conserved. The source-receptor relationship, especially for “hot-spots” peak exposure
is still insufficiently addressed and the contribution of traffic- related air pollution to the total
exposure is not clear (Wang et al., 2009; HEI, 2010). In addition, the development of
innovative models that reduce uncertainties in exposure characterization is required (Lioy,
2010). Furthermore, the relationship between the exposure concentration, which vary
substantially with geographical location, and the exposure duration, which is related with
human activities, is still insufficiently addressed. Recent findings highlights that the
population mobility is one of the factors that may affect significantly the exposure (Nethery
et al., 2008; Beckx et al., 2009; Dons et al., 2011; Tchepel and Dias, 2011).

In this sense, the knowledge of where individuals spend time is essential for
assessment of human exposure to air pollution and research on human behaviour or
activities is a crucial component of modern and future exposure science (Lioy, 2010). To
address this issue, the availability of enhanced resources such as geographic information
system (GIS), global positioning system (GPS) and data mining techniques, could be used
to analyse the human behaviours and activities required for exposure assessment, opening
new perspectives to quantify human exposure to traffic-related air pollution.

One of the problems of the exposure assessment approaches is the uncertainty
related with human mobility during the exposure assessment period. Predictability in
human dynamics by studying the mobility patterns of individuals using mobile phones
became an emerging field (Song et al., 2010) and GPS technology presents as a promising
tool by monitoring real-time geographic positions. GPS-equipped mobile phones can record
the latitude-longitude position of individuals at each moment, offering many advantages
over traditional time-location analysis, such as high temporal resolution, and minimum
reporting burden for participants (Rainham et al., 2010).

The GPS technology guarantees that there will be an increasing availability of large
amounts of data affecting to individual trajectories, at increasing localization precision.
However, there is a challenge to extract, the spatio-temporal patterns from these
trajectories that convey useful knowledge (Zheng and Zhou, 2011). Thus, the data mining

appears as a validated technique to automatically identify time-activity location in major

139



CHAPTER 5: MODELLING OF HUMAN EXPOSURE TO AIR POLLUTION IN THE URBAN

ENVIRONMENT: A GPS BASED APPROACH
microenvironments, such as commuting, indoor, and outdoor locations (Wu et al., 2010).
Data mining is used to search through large amount of raw data in order to find useful data.
The goal of this technique is to identify relevant and important patterns that were previously
unknown (Larose, 2006; Witten and Frank, 2005).

The present work intends to develop a new modelling tool for quantification of
human exposure to traffic-related air pollutants by using a novel approach based on
trajectory analysis of individuals and air pollution modelling with high spatial-temporal
resolution. For this purpose, information on pollutant concentrations at different
microenvironments and detailed time-location data collected for each individual by mobile
phones with GPS are processed using trajectory data mining and geo-spatial analysis
within GIS. Also, the model integrates a probabilistic approach to estimate the variability of
the microenvironmental parameters in the predicted individual exposure. The development
of a GPS based EXPOSure model to traffic-relaTed alr pOllutioN (ExXPOSITION) is

presented and described.

5.2. Methodology - Human exposure modelling

The EXPOSITION model is developed to assess average short (e.g. daily) and
long-term (e.g. annual) inhalation exposures of the individuals to traffic-related air pollutants
over urban spatial scale with high spatial-temporal resolution. For this purpose, air pollution
concentrations are estimated for different microenvironments (described in Section 5.2.1)
and combined with detailed time-activity patterns obtained from data collected by mobile
phones with GPS technology (described in Section 5.2.2 and Section 5.2.3). The
ExXPOSITION modelling system developed and applied in this study is schematically

presented in Figure 5.1 and described in the following sections.
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Exposure
guantification

Figure 5.1. Conceptual framework of the ExPOSITION modelling system.

The time-activity patterns are determined by the model based on a novel approach
developed for collection and analysis of data registered by mobile phones with GPS
technology and thus providing the daily trajectories of individuals required for the exposure
assessment. A GPS mobile phone combined with a GPS tracking software is used to
determine the precise location of a person and to record the position at regular time
intervals. Time-location information is obtained from geographic coordinates, speed and
time recorded and stored by the GPS tracking system that characterise the movements of
individuals in time and space during their daily activities. To process the GPS data an
algorithm based on trajectory data mining has been developed and an algorithm for

classification of microenvironments has been implemented within GIS.

Personal exposure is characterised by ExXPOSITION model in terms of time-
weighted average exposure concentration calculated from air pollutant concentration fields
and time spent by individuals in different microenvironments (Equation 5.1). It is important
to highlight the distinction between air pollution “concentration” provided by dispersion
models, and “exposure concentration” defined as amount of chemicals that comes into
contact with the human body and take into account not only pollutant concentration fields
but also the location of an individual and duration of the exposure. Thus, individual

exposure is calculated by ExXPOSITION as following:
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t

_ 1 3
E = jc(x,y, z,t), dt (5.1)

2 1y

where Ei (ng.m®) is the average exposure concentration for person i, C(x,y,z,t) (ug.m?) is
the air pollutant concentration occurring at a particular point where the person i is located
during the time t and spatial coordinate (x,y,2 and t; and t; (h) are the starting and ending

times of the exposure event.

Exposure estimates are provided in pg.m® and can be determined for each
individual as hourly, daily or annual average and resulting data can be exported for further

analysis (e.g. epidemiological analysis and health impact assessment).

5.2.1. Microenvironmental concentrations

Specific microenvironments are distinguished in the exposure model including
residence, other indoors, outdoors, and in-vehicle (Table 5.1). Two different approaches
are considered to characterise pollution levels in these microenvironments. Thus, outdoor
concentrations are estimated using atmospheric dispersion modelling and different
modelling tools may be used to provide this external information for ExXPOSITION as will be
discussed in section 5.3. For indoors and in-vehicle microenvironments a probabilistic
approach was implemented as an integrated part of EXPOSITION algorithm. In this case it
is assumed that within a microenvironment the pollutants are homogeneously distributed
and microenvironmental concentration C(x,y,z,t) (ug.m™>) considered in Equation 5.1 is
calculated using a linear regression equation based on the outdoor/indoor infiltration factor

a; (dimensionless) and additional contribution of indoor pollution sources expressed as f;

(ug.m*):

C(X, y’Z!t):ﬂj +aj XC(X’ ylz’t)ambient (5'2)

where C(X,Y,z,Bmbient (Hg.mM™>) is the outdoor concentration that occurring in the immediate

vicinity to the microenvironment j at time t and spatial coordinate (x,y,2.

Microenvironmental concentrations are estimated based on a probabilistic
approach considered by the model that attempts to capture the variability in
microenvironment parameters. In this sense, to calculate microenvironmental
concentrations for each individual the ExPOSITION model randomly assigns the

parameters  and a to each indoor location from empirical distributions taking into account
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the average and standard deviation obtained from literature review for each type of

microenvironments (Table 5.1).

Table 5.1. Parameters used to determine PM2.5 concentrations in different microenvironments.

B a
Microenvironment Data source
average standard average standard
9 deviation 9 deviation
. Hoek et al.,
Residence 5.75 3.91 0.41 0.06 2008
Vehicle (no smoking) 33.00 7.20 0.26 0.14
Office (no smoking) 3.60 1.30 0.18 0.06
Burke et al.,
School 6.80 1.40 0.60 0.09 2001
Public access 9.00 3.60 0.74 0.18
Restaurant/Bar 9.80 0.50 1.00 0.05

A single value is selected from the probabilistic distribution of each
microenvironmental parameter a and . These values are then used in the model to
produce a single estimate of microenvironmental concentration. This process is repeated
many times, with new values for each stochastic input parameter and probability

distribution of exposure in the microenvironments is obtained.

5.2.2. Trajectory data mining

Trajectories of the individuals are required as one of the main inputs to the
exposure modelling. Collection of time-location information using GPS technology provides
continuous tracking of the individuals with high data resolution in time and in space.
However, significant uncertainties associated with the processing and classifying of raw
GPS data is one of challenging issue for the exposure studies (USEPA, 1992; Wu et al.,
2010). To overcome some of the limitations, automatic processing of GPS raw data using

the trajectory data mining is implemented in EXPOSITION model.

In order to identify important patterns, several levels of GPS data processing are
required (Figure 5.2). First, it is necessary to “clean” the GPS raw data to eliminate invalid
entries. At next, the places where the individual was stopped for a certain time period are
distinguished from moving activities, like driving a vehicle. And finally, it is necessary to
discover which of these points belong to the same activity/place. For this purpose the data
clustering process is implemented to distinguish significant places based on the analysis of

spatial and temporal information of GPS points (Figure 5.2).
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Preliminary processing: First Level Analysis: Second Level Analysis: ime-activi
GPS Tracking ve g v v Time-activity

Data cleaning Stay Point detection Clustering patterns

Figure 5.2. Schematic representation of the trajectory data mining analysis.

Thus, “significant places” are considered as those locations that play significant role
in the activities of a person, carrying a particular semantic meaning such as the living and
working places, the restaurant and shopping mall, etc., ignoring the transition between
these places. Additionally, a “movement activity” is a composition of movements with a
frequent regularity of location change over time which can be aggregated by the purpose of
the trip of an individual.

A preliminary processing of GPS data is implemented as a first step to “clean” the
data and converts it into a standard format in preparation for the clustering approach. For
this purpose an error-checking algorithm was developed to remove invalid points. This
algorithm considers a measurement as valid, if the GPS receiver is able to see at least four
satellites and if the horizontal dilution of precision (HDOP) value is below 6 (Figure 5.3).
Otherwise the measurement is considered invalid. Also, the algorithm evaluates incorrect

entries of the travel speed.

GPS datasets provide information on the locations in coordinate form (e.g. latitude
and longitude) but contains no semantic meaning (Zhou et al., 2007a) like the address or
characteristics of location, i.e. type of microenvironments. Therefore, it is necessary to
extract and distinguish in the GPS data the locations where the individual stopped for a
certain time period and these locations are designated as “stay points”. A stay point
represents a geographic location in which the individual stays for a certain time period and

in addition to a raw GPS point carries a particular semantic meaning.

The algorithm to extract stay points from GPS data is iterative and it is based on
searching for locations where the user has spent a longer time period (Li et al., 2008). As
presented in Figure 5.3, the extraction of a stay point S from a user's GPS trajectory
P ={p1, p2, -.. , Pk}, depends on two scale parameters: a distance threshold (Dyyren) and a
time threshold (Twen). Thus, a single stay point S can be characterized by a group of

consecutive GPS points p; containing latitude (p;.Lat), longitude (p;.Long) and time (p;.T):

S ={pi}, where m <i <n,
Distance(pm,p;) < Diren and
|pn-T - pm-TI 2 Tthreh
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.06 (nSat6 < 4)

GPS raw data

Latitude, Longitude, Time, Speed, N2 Satellites, HDOP
P1: Latl,Longl, T1, Spl, nSatl, Hdopl
P2: Lat2,Long2, T2, Sp2, nSat2, Hdop2 )

Pk: Latk,Longk, Tk, Spk, nSatk, Hdopk

L P> [
P .
p4 (Hdop4 >6 ) Stay Point S

Figure 5.3. GPS raw data, GPS “clean” trajectory and stay points detection.

A pre-processing of the GPS data and detection of the stay points is important to
extract some important locations. However, the repetition of the same locations is not
considered and each time that a location is discovered it is assumed as a new location. To
overcome this problem a second level analysis to group up different stay points with the

same semantic meaning is implemented using cluster analysis.

Clustering is a data mining technique focused on detecting hidden groups, or
clusters, among a set of objects (Bock, 1996). In this study, in order to group the points
belonging to the same premises, and thus define the personally significant places, a
density-based clustering algorithm DJ-Cluster (Zhou et al., 2004; 2007a; 2007b) was
implemented. The DJ-Cluster algorithm is selected and applied in this study, since it is less
vulnerable to noise and does not require the number of places as a parameter. However,
the algorithm depends excessively on the density of the points and does not give
importance to the time spent in each site, i.e. duration, which will be relevant for the

exposure quantification.

In the clustering algorithm, the neighbourhoods within distance Epsare analysed for
each point. If at least a minimum number (MinPtg of such neighbourhoods is found, the
points are either grouped as a new cluster or joined with an existing cluster, and a
significant place is created. Otherwise, the point is labelled as a moving activity (e.g. being
in vehicle microenvironment) (Figure 5.4). The following conditions define the density-

based neighbourhood of a point and density-joinable relationships (Zhou et al., 2007a):
a) Density-based neighbourhood of a point:

The density-based neighbourhood N of a point p, denoted by N(p), is defined as:

N(p) ={a0Qdist(p,q) < Epg (5.3)
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where Q is the set of all points, g is any point in the sample, Epsis the radius of a circle

around p to defines the density. The following condition is also needs to be satisfied for
N(p):

#N(p) >= MinPts (5.4)
where MinPtsis the minimum number of points required in that circle.
b) Density-Joinable:

N(p) is density-joinable to N(q) denoted as J(N(p),N(q)) with respect to Eps and
MinPts if there is a point such that both N(p) and N(q) contain it.

Inicialize cluster

counter
g=1

Inicialize cluster
indicator Point= Point +1
0=1,.Q:;=0
\/
Select a unprocessed
point p in sample Q

N Y N
- Point>Q
Calculate the density-

based neighborhood
of a point N (p)

Clustering output:
Time-activity patterns

#N(p)duration=
MinDrt

Check if N(p) is
density-joinable with
existent cluster j

pis labeled as
movement activity

Create a cluster based
Merge clusters on N(p)
O,st.c,=j:c,=q O,eN(p): c.=q
wis labelled as a x is labelled as a
significant place significant place
gq=q+1
|

Figure 5.4. Flowchart of the clustering process.

For the objectives of this study the sites are identified as personally significant
places talking into account two variables: density and duration. In this perspective, DJ-
Cluster algorithm was changed in order to implement additional condition based on
duration of stay, as presented in Figure 5.4. Thus, N(p) defined in Equation 5.3 needs to

satisfy simultaneously two conditions:
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#N(p) >= MinPtsC N(p).duration >= MinDrt (5.5)

where MinDrt is a parameter that represents the minimum duration at a location. Thus, p
can be considered as a cluster or merged with an existent cluster in case that has a

minimum number of points required MinPtsand a minimum duration MinDrt.

These data are further analysed within GIS environment for classification of

microenvironments and to obtain information on time-activity patterns.

5.2.3. Time-activity patterns

Location of the individuals in space and in time is required to estimate individual
exposure in a combination with pollutants concentration fields provided by air pollution

dispersion model.

In order to obtain information on time-activity patterns the significant places and
movement activities extracted from the trajectory are further analysed within GIS
environment in order to cross this information with other geo-spatial information. For this
purpose, geoprocessing of GPS data is performed using ModelBuilder module provided by
ArcGis 10. ModelBuilder can be thought of as a visual programming language for building
workflows in which it is possible to create, edit, and manage geospatial analysis (Allen,
2011).

The geoprocessing of GPS data is accomplished by considering analytical
functions and several predefined criteria based on speed, time and spatial location register
for the trajectory points to classify the significant places and movement activities to three
activity categories: indoor, outdoor and in vehicle travel. The detailed GIS-maps are used to

identify and to classify the microenvironments.

An indoor activity is distinguished from outdoor based on the time register. If the
spending time in that point is equal or higher than 10 minutes, based on several tests
carried out in this study and as presented by Ashbrook and Starner (2003), the significant
place is identified as an indoor activity, and it is geographically located to the nearest indoor
microenvironment, acquiring the entire attribute data associated to this microenvironment,
such as microenvironment type (residence, workplace, restaurant, etc.). Additionally, the
speed value is analysed in order to distinguish outdoor activity from in vehicle travel.
However, the higher speed values registered during driving a vehicle are not sufficient to
identify a movement activity. Also, activities like being static outdoor and in the traffic jam

are difficult to distinguish based on speed criteria only. Thus, if the speed value is less than
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the speed of walking of 2 km.h™ (TRB, 1994) the distance between the identified point and
the nearest road will be analysed. If there is no intersection with the road network, the
significant place is identified as an outdoor microenvironment, such as being in a park,

sitting on a terrace, etc. Otherwise, vehicle microenvironment is identified.

Finally, this detailed time-activity patterns for each individual will be linked with the
pollutants concentration fields varying in space and in time provided by air pollution
dispersion model described in the next section, allowing to produce exposure estimates

within distinct microenvironments.

5.3. Emission and Air quality modelling

Air quality modelling allows establishing the relationships between current
emissions and current air quality at particular locations. Information on variability of air
pollutant concentrations is essential for the exposure quantification and these data may be
provided for ExXPOSITION by any modelling tools if it is compatible with their requirements

in terms of spatial and temporal data resolution.

In this work, hourly traffic emissions required by the air quality model were
estimated using the Transport Emission Model for Line Sources (TREM). The emission
factors considered by TREM depend on average speed, fuel type, engine capacity and
emission reduction technology. A new version TREM-HAP (Transport Emission Model for
Hazardous Air Pollutants) prepared to calculate HAPs emissions (Tchepel et al., 2012) has

been used to provide inputs for AUSTAL2000 dispersion model.

AUSTAL2000 is the official reference air dispersion model of the German
Regulation on Air Quality Control for short-range applications (Janicke and Janicke, 2002;
Janicke, 2004). The model is based on Lagrangian approach that simulates the dispersion
of air pollutants by utilizing a random walk process. Three-dimensional diagnostic wind
fields is calculated based on a given initial wind profile and a given terrain profile and/or set
of building shapes. Additionally, the vector of the turbulent velocity is randomly varied for
every particle by using a Markov process (Janicke, 2002; VDI, 2000). The fundamental
equation for the Lagrangian atmospheric dispersion of a single pollutant is given by

Equation 5.6.

C(x,t) = jj P(x.t]x,t)Sx,t )dxdt (5.6)
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where C(x,t) is the average pollutant concentration in x at time t, S(x’,t")is the source term

and P(x,t | x",t")is the probability density function (PDF), that the hypothetical parcel moves

from the point x"at time t” to the point x at time t. Therefore, if actual paths of the portions of

air can be obtained, the simple calculation of the density of trajectories points provides an
estimate of the concentration (Graff, 2002).

The main objective of AUSTAL2000 application in the current study is the
calculation of atmospheric dispersion of substances, including PM fractions (4 different
classes of the aerodynamic diameter) allowing to establish relationship between emissions
and air quality, and to provide hourly pollutants concentration fields. Additionally to input
data on emissions, a continuous time series of meteorological parameters, including wind

direction, wind speed and atmospheric stability are required by AUSTAL2000.

Currently, several studies using the AUSTAL2000 are available, as well
comparative analyses with other dispersion models (Yau et al., 2010; Langner et al., 2011,
Merbitz et al., 2012; Gerharz and Pebesma, 2012).

5.4. Model application

The methodology was applied to Leiria urban area situated in the central part of
Portugal and covering 8 sub-municipality units. The study domain covering an area of 4.5 x
4.5 km? with 20m grid resolution and a complex terrain, containing about 5000 buildings
considered as obstacles for the air dispersion modelling. The Leiria urban area and road

network considered in this study for the exposure quantification are presented in Figure 5.5.

Hourly PM2.5 emissions from road traffic were estimated by TREM based on the
traffic volume for each road. For this purpose, data reported by Pinto et al. (2008) were
used to characterise the number of vehicles for each road link. To estimate PM2.5
concentrations hourly simulations were conducted with AUSTAL2000 model taking into
account hourly meteorological conditions and background concentrations given by the

nearest background air quality monitoring station.

In order to characterize the variability in input parameters used to calculate
microenvironmental concentrations (Equation 5.2), a set of random inputs characterizing
the infiltration factor a and the contribution of indoor pollution f are generated for each
microenvironment. The PDF for both parameters is determined using the information

presented in Table 5.1. A combination of random values is used to create 625 independent
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inputs for each microenvironment to be considered by ExPOSITION for the exposure

estimations.

TTGPSLogger tracking system (TTGPSLogger, 2012) was used to collect GPS
data providing trajectories of 5 individuals during a working day of November 2010.
TTGPSLogger is a GPS logger software for Symbian S60 allowing to store detailed time-
location information on geographic coordinates, speed and time during its use over the
daily activities of individuals. In addition, information on the positioning accuracy of GPS
receiver is provided (number of satellites, position dilution of precision (PDOP), etc.). The
GPS tracking log can be written in NMEA, GPX, or KML format. For proper implementation

of the trajectory data mining analysis, the GPS data was collected in one-second intervals.

5.5.Results and Discussion

In this section, the results obtained with newly developed modelling tool for short-

term PM2.5 exposure quantification are presented and discussed.

TTGPSLogger tracking system installed on mobile phone is used to collect real-
time latitude-longitude position of individuals, speed and time during their daily activities
(Figure 5.5a). This information was stored in a GPX file format that is compatible with GIS
systems presenting very useful to analyse the spatial distribution of large amount of GPS
raw data collected. Thus, during a typical working day of one of the individuals analysed in
this study, 30179 GPS raw points with a temporal resolution of 1 second are collected by
TTGPSLogger tracking system. However, some of the collected GPS data points with
invalid information, such as incorrect entries of speed values achieving maximum of 650

km.h?, are identified.

Most of the invalid measurements observed in this study are from areas where the
individual has stayed indoors due to the obstruction of the GPS signal inside of buildings.
Furthermore, there are some situations where the GPS receiver located inside buildings
does not lose the signal but the data collected are affected by significant errors achieving
about 60 meters of distance from the actual position. Another limitation observed is a gap
of GPS information during some periods (from 15 seconds to 10 minutes) depending on the
GPS status.
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Figure 5.5. a) Data recording screen from mobile phone; b) Spatial visualization of the GPS raw data

recorded.

Taking into account the limitations detected during the analysis of GPS raw data,

cleaning of the data and their processing are required in order to predict the time-activity

patterns (Figure 5.6).

GPS raw data

Legend
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E office
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Figure 5.6. Example illustrating the data processing applied to GPS raw data.
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In Figure 5.6 a sequence of images with a zoom to the workplace of the individual 4
is presented to illustrate the formation of 3 clusters detected from the data. The first image
corresponds to the raw GPS points recorded. At next, the data cleaning allows to remove
invalid points from collected GPS raw points. However, this approach is only a pre-
processing to detect errors and inconsistencies in data. The stay point detection algorithm
reduces significantly the number of GPS points that are consequently used for the
clustering. In the example presented in Figure 5.6, one significant place and two movement
activity clusters are identified from the set of stay points.

The locations resulting from the clustering algorithm are further analysed within GIS
environment in order to cross this information with other geo-spatial information and to
obtain detailed time-activity patterns classified by different types of microenvironments.
Thus, in case of the individual 4, 30179 collected GPS raw points resulted in 15978 stay
points, originating 295 locations that are linked with the pollutants concentration in distinct

microenvironments to assess its individual exposure.

In order to estimate human exposure to PM2.5, hourly traffic emissions and air
pollutants concentrations were estimated. Figure 5.7a illustrates the spatial variations in
hourly traffic-related emissions across the study area obtained by linking TREM-HAP
outputs to GIS maps. As could be seen in the figure, higher emission values are observed
for main city entrances.

a) b)

o

b =
Legend:
PM2.5 (g km )
220-5.00
501-15.00
— 1501 -25.00 ]
— 5015000 M
— 0016535 s
| Buiidings 0 025 05 1 15 2

Figure 5.7. Spatial distribution of a) hourly PM2.5 emissions (g.km'l) and b) daily average PM2.5
concentration (ug.m's) and time spent by the individual in each microenvironment.
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The spatial distribution of the air pollutants concentration obtained by the
AUSTALZ2000 is presented in Figure 5.7b showing that distribution of pollution levels within
the study domain is not homogeneous. Also, time-activity patterns obtained for one of the
individuals are presented in the figure as an example. The analysis of results examines the
PM2.5 concentration variation in space and in time provided by air pollution dispersion
model and the influence of time spent in each microenvironment type. Thus these findings
enhance the importance of taking into account the high spatial and temporal variations in
outdoor concentrations, the "microenvironmental” variations imposed by a variety of indoor
and outdoor locations and the time spent indoors to obtain accurate personal exposure

estimates to air pollution.

For better understanding of the contribution of different microenvironments to the
daily average PM2.5 exposure in the study area at a typical working day, several statistical
parameters, including average individual exposure, 5" and 95" percentile and extreme

values were analysed (Table 5.2).

Table 5.2. Exposure concentration for PM2.5 (ug.m’3) in different microenvironments.

Microenvironment Average Percentile 5 Percentile 95 Minimum Maximum
Residence 10.2 7.7 17.8 7.0 18.1
Workplace 8.7 4.5 11.7 4.5 16.1

Public Access 14.5 135 16.3 13.5 26.1
Bar/Restaurant 16.7 15.2 17.9 15.0 18.0
Vehicle 35.2 34.6 37.4 20.2 44.6
Outdoor 7.5 5.2 12.7 4.8 41.6

As could be seen in Table 5.2, the largest variability in the exposure concentration
is identified for outdoor and residence microenvironment. Exposure concentration
calculated for in vehicle are characterised by smaller variability range but higher absolute
values in comparison with the other types of microenvironments. In addition, it is possible to
verify that the variability in the PM2.5 exposure concentration in each microenvironment
type is significant showing the importance to consider this variability in individual exposure

modelling.

As expected, the indoor microenvironments represent a great relevance for the
exposure of individuals (Figure 5.8). On the other hand, it is possible to verify that being
outdoors represents a very low contribution to the exposure because corresponds only
about 2% of the time spent by individuals during their daily activities, which suggests that

outdoor concentrations measurements should be used carefully for human exposure
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quantification. However, outdoor concentrations represent an important part of the pollution

levels estimated for indoor microenvironments due to outdoor/indoor infiltration.

100 "
8
20
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8 50 \ — = Qutdoor
40 — Oln Vehicle
30 = Bar/Restaurant
Public Acess
20 _
= Workplace
10 _
= Residence
0
Time spent Average contribution to the

daily individual exposure

Figure 5.8. Distribution of time spent by individuals and average contribution of different

microenvironments to daily individual exposure.

In order to better understand the individual exposure obtained during the simulation
period, a temporal variation of the exposure concentration was analysed as presented in
Figure 5.9. Several statistical parameters, including hourly average exposure

concentration, 5" and 95" percentile are analysed for each individual.

The results show that the 5 individuals are exposed to different PM2.5
concentrations during their daily activities, and a significant variability in PM2.5 exposures
across the individuals is evident in Figure 5.9. Analysing the individual exposure
concentrations during night time (until 7:00 (7a.m.) approximately), when the people stay in
residence, the hourly exposure concentrations presents a similar trend with the outdoor
concentrations but different magnitude. However, throughout the day and depending on the
daily activity of the individuals the hourly average exposure concentrations tend to be more
variable. The highest exposure levels are related with both the magnitude of pollutant
concentrations and the time spent in specific microenvironments as, for example, could be

seen in Figure 5.9 for the individual 1 at 16:00 (4 p.m.).

Overall, the daily average exposure to PM2.5 predicted by the ExXPOSITION model

correspond to 10.6 ug.m™ in terms of the mean value for all individuals and 6.0 — 16.4
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Hg.m* in terms of 5™ — 95" percentiles. Comparing the mean value obtained by the model

and estimated from air quality measurements at a fixed point (11 pg.m*), an agreement

between the approaches was evidenced. However, the ExPOSITION model reveals

additional inter and intra-variability of individuals’ exposure levels, suggesting limited

representativeness of air quality concentrations obtained from point measurements to
characterize individual exposure to urban air pollution.
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Figure 5.9. Temporal variation of individual exposure concentrations (average, 5" percentile and 95"

percentile) and outdoor concentrations of PM2.5.

The results obtained from the ExPOSITION model are in good agreement with the
daily average exposure reported for other European cities such as Helsinki (9.9 pg.m?)
(Koistinen et al., 2001) and Amsterdam (14.5 pg.m™) (Janssen et al., 2005). The current
study shows that high PM2.5 exposure is mainly attributed to indoor microenvironments
rather than outdoor, as also presented by Georgopoulos (2005). In this context individual

time-activities patterns and time spent at different microenvironments during the day should
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be of prime concern additionally to the variability in the pollution levels, as presented by
Burke et al. (2001).

5.6.Conclusions

A GIS-based human exposure model able to estimate the individual exposure to
traffic-related air pollutants with high spatial-temporal resolution has been developed and
implemented using advanced GIS tools and GPS tracking system. The current work
provides a description of the methodology and an application example to characterise the
individual exposure at the spatial and temporal scales defined by the microenvironments
and exposure activity events by using a novel approach for trajectory analysis of the

individuals based on a mobile phone GPS tracking system.

Under this work, a time-activity pattern discovery sequence, based on trajectory
data mining and geo-spatial analysis within GIS, was developed to extract useful time-
location information from GPS raw data collected by a mobile phone with a GPS tracking
system carried by the user during their daily activities. Taking into account the limitations
detected during the analysis of GPS raw data, the results obtained during the several levels
of GPS data analyses indicate that this approach could be used to analyse the human

behaviours and activities required for exposure assessment.

Time series of individual exposure concentrations to PM2.5 are presented for the
entire study area characterizing a person’s contact with a given pollution levels at different
microenvironments. The results show a significant contribution of indoor microenvironments
to the total exposure values thus stressing that individual exposure depends not only on the
exposure pollution levels but also on the time spent in the microenvironment during the

day.

The methodology developed and applied in this study preserves time-sequence of
the exposure events thus making possible association between the exposure and individual
activities, providing thus information on individual exposure taking into account where
individuals spend their time and the high spatial and temporal variations of the

“microenvironmental” concentrations imposed by a variety of indoor and outdoor locations.
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Abstract

Urban areas characterized by high spatial and temporal variability in air pollution levels require
implementation of comprehensive approaches to address exposure of individuals. The main
objective of this work is to implement a quantitative assessment of the individual exposure to
benzene in urban environment. For this purpose, the ExPOSITION model based on GPS-
tracking approach is applied to estimate individual exposure in different microenvironments. The
current work provides an application example and validation of the modelling approach against
personal and biological exposure measurements collected during the measurements campaign.
The results obtained for daily average individual exposure to benzene correspond to mean
value of 1.6 pg.m™ and 0.8 to 2.7 pyg.m™ in terms of 5" to 95" percentiles. Validation of the
model results against several personal exposure samples collected for the selected individuals
reveal a Pearson's correlation coefficient of 0.66 (P<0.0001, 95% CI 0.42 to 0.82). The
modelling approach presented in this work explicitly addresses the temporal and spatial
variability in the exposure and establishes source-receptor relationship, thus providing more
consistent results in comparison with the personal exposure estimates based on home address
outdoor concentrations.

Keywords: Exposure assessment, benzene, personal exposure monitoring, biomonitoring,
exposure model validation.
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6.1. Introduction

Among the extended number of chemicals emitted by road traffic sources,
hazardous air pollutants (HAPs) require special attention due to growing international
recognition of their link with a variety of adverse effects on human health and the need for
action to minimize these risks (HEI, 2010). One of the HAPs of prime concern to human
health is benzene, defined as one of the most important health-based European Union

priority substances (Bruinen de Bruin et al., 2008).

The main source of benzene emissions in urban areas is road transport (Johnson
et al., 2007; Weisel, 2010), contributing about 85% for outdoor benzene levels (EEA, 2007).
In this concern, characterization of the transport activity and the quantification of
corresponding emissions in urban areas where inhabitants are living close to the pollution
sources are required for better human exposure analysis. For this purpose, transportation
modelling linked with the emissions and dispersion models is considered as one of more
suitable approaches to provide detailed information concerning traffic flux for each road
segment and related pollution (Borrego et al., 2006). Additionally to on-road vehicle
exhaust emissions, the exposures to outdoor benzene are likely to occur during the
refuelling at fuel stations and near gasoline fuel stations (Weisel, 2010; VANR, 2011) which
will vary according to content of fuel, the presence or absence of vapour control devices

and the amount of time spent at such locations (Duarte-Davidson et al., 2001).

The growing concern about adverse health effects of exposure to benzene related
even with typical ambient concentrations led to the need for monitoring of its outdoor
concentrations as well as non-occupational personal exposure of several population groups
(Cocheo et al., 2000; Tchepel et al., 2007; Weisel, 2010). Several studies have reported
that daily mean ambient air concentrations of benzene in rural areas are in the range of
approximately 0.7 — 1 pg.m>, but in urban areas the concentrations are reported in the
range of 1.6 — 20 ug.m-3 (WHO, 2000; HEI, 2010). Higher values have been measured in
some cities with high traffic density and unfavourable meteorological or geographical
conditions (WHO, 2000; Deole et al.,, 2004; Farmer et al., 2005). Currently, in order to
avoid, prevent or reduce harmful effects on human health and the environment as a whole,
European Directive 2000/69/EC establishes 5 pg.m™ (calendar year or annual mean) as

the limit value for benzene concentration in ambient air.

The contribution of indoor microenvironments, where people spend 80 to 93% of
their time, to the individual benzene exposure has been increasingly recognized as being of
importance (Klepeis et al., 2001; Adgate et al., 2004; Phillips et al., 2005). Additionally to

infiltration of outdoor air pollution, a variety of substantial indoor sources of benzene, such
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as tobacco smoke, usage of petroleum-related fuels for cooking/heating and benzene
emitting cleaning/consumer products may contribute to the individual exposure. Also,
several findings indicate that indoor concentrations of benzene are typically higher than the
respective ambient levels (George et al., 2011). However, despite the research community
recognizing the importance of indoor environments in personal exposure, non-occupational
air pollution regulations have typically been applied focusing on outdoor rather than indoor
air. For this reason, the amounts of air pollutants to which general populations are actually

exposed are rarely quantified (HEI, 2010).

Under this context, individual exposure modelling technique are arising as an
alternative and effective approach able to address the spatial and temporal variability of
individual exposure (Setton et al., 2011; Steinle et al., 2013). Although previous studies
have analysed the distribution of concentrations and much work has been conducted
toward modelling population exposures to air pollutants using information collected in
time/activity diaries and microenvironment concentrations, very little has been done toward
validating of such models at the level of the individual. Assessing the validity of the
exposure estimates from models is often not straight forward, but it is essential for the
credibility of the models. Therefore, the validation of models with independent data sets
(e.g. from biomonitoring and personal exposure monitoring) is useful to check whether the
proposed models serve as surrogates for individual exposure and to know the extent of the
exposure estimation error, which should be accounted for in epidemiologic studies and risk
assessments (Fryer et al., 2006; Liu et al., 2007). Personal monitoring may be performed
with active monitors or passive samplers, and is considered the most accurate estimate of
a person’s ‘true’ exposure and the mobility of people across various microenvironments,
according to their daily activities (Carrer et al., 2000). However, some studies reveal that its
wide-scale application to evaluate exposures at the population level is limited due to their
cost and sometimes even impractical for certain subpopulations (Liu et al., 2007; Zou,
2009).

Biological monitoring is a valid tool for assessing the internal exposure of a toxicant
in the general population, and is particularly useful when applied in combination with other
exposure assessment methods (Hertel et al.,, 2001). Thus, biological monitoring is
conducted by collecting samples of human fluids and/or tissues (such as blood, urine,
breast milk or hair) in order to detect exposure. There are different possible biological
indicators for benzene exposure. Trans, trans muconic acid (t,t-MA), a urinary open-ringed
metabolite constitutes a sensitive biomarker for benzene exposure, and can be used to
differentiate populations exposed to external benzene levels of 0.5 ppm and smokers from

non-smokers (Pezzagno et al., 1999).
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The present work provides a quantitative assessment and validation of the
individual exposure to benzene by using a new exposure modelling tool, the GPS based
Exposure Model to Traffic-related Air Pollution (ExPOSITION). Also, a probabilistic
approach based on the Johnson transformation system to characterize the variability of
indoor concentrations in the predicted individual exposure is presented. The validation of
the modelling approach is performed based on personal exposure measurements and
biological monitoring data. For this purpose, exposure estimates obtained from personal
monitoring and from biomarkers in urine samples collected during the daily activities of
individuals were compared with exposure estimations in order to evaluate a feasibility of the

proposed modelling approach.

6.2. Methodology

The Leiria urban area was selected in this study for the individual exposure
modelling and monitoring. It is situated in the central part of Portugal and covering 8 sub-
municipality units. The study domain (Figure 6.1) covering an area of 15 x 15 km? with 20m
grid resolution for dispersion modelling and a complex terrain, containing about 34000
buildings considered as obstacles for the air dispersion modelling. The study period is
focused from 21 to 25 of May 2012.

o S
[« keiria/

Legend:

m Fuel stations

Home adress
of individuals

A Counting points

Road network
 Buildings

@ NMonitoring
station

0051 2 3 4

Figure 6.1. Study domain including road network, buildings, administrative units, and location of fuel

stations, traffic counting points, air quality monitoring station and home adress of individuals.
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The measurements campaign design and the human exposure modelling system

applied in this study are described in the following sections.

6.2.1. Measurements campaign

The campaign has taken place in Leiria urban area, during 4 working days and 1
holiday. During this period the data from air quality monitoring station, individual exposure

and biomonitoring, GPS trajectories and traffic counts were collected.

4 Participating individuals

In this study, 10 healthy non-smoking adult volunteers were recruited to estimate
individual exposure to benzene, providing their GPS trajectories by using mobile phones
with GPS during their daily activities for the study period. Overall, the individuals selected in
the framework of this study are office workers with only one exception that include a fuel
station attendant. The selection of volunteers was performed without regard to age, sex, or
ethnic background. Potential subjects were excluded if they were smokers, under 18 years
old, unhealthy (e.g. had chronic respiratory or coronary disease or cancer), or their
commute from home to work was not within the study area. Subjects resided in four
different sub-municipality units of Leiria urban area: Parceiros, Barreira, Leiria and

Milagres.

In order to validate the exposure model, personal and biological exposure to
benzene was monitored during the usual daily activities of individuals and no restrictions on
personal behaviour during the sampling time were imposed. However, due to the limited
number of actively pumped personal samplers available, only 5 individuals were monitored

during the same sampling time in order to validate the new exposure modelling approach.

4 GPS Trajectories of individuals

The trajectories of the individuals were collected by TTGPSLogger tracking system
(TTGPSLogger, 2012) installed on mobile phone providing second-by-second GPS data on
the location of the volunteers. TTGPSLogger is a GPS logger software for Symbian S60
allowing to store detailed time-location information on geographic coordinates, speed and
time during its use over the daily activities of individuals. This information was stored in a
GPX file format that is compatible with Geographical Information System (GIS) presenting

very useful to analyse the spatial distribution of large amount of GPS raw data collected.
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4 Traffic counts

For the traffic volume characterization, 25 counting stations spatially dispersed
within the study area (Figure 6.1) were used providing information on traffic flow and
distinguish between three vehicles categories (light vehicles, duty vehicles and
motorcycles). Thus, a sample of data from the counting points were collected with intervals
of 10 minutes during 1 hour and 30 minutes at morning peak hour, respectively, were

considered in order to calibrate the transportation model.

4 Air quality and meteorological parameters

For characterizing the ambient conditions, concentrations of several air pollutants
including different fractions of particulate matter, ozone, sulphur dioxide, oxides of nitrogen,
carbon monoxide, hydrocarbons, and meteorological parameters such as temperature,
wind direction and wind speed were measured at one monitoring station located in sub-
urban area of the city (Figure 6.1). Taking into account the objectives of the current study,
only benzene concentrations obtained with Environment VOC71M (PID) analyser with a

temporal resolution of 15 minutes are presented and analysed.

4 Personal exposure monitoring

Simultaneously with individual's trajectories collection, the participants were
carrying at their breathing zone actively pumped personal samplers to collect benzene
concentrations during 24 hours, replacing the personal sampler through the day. Typically,
for each day of the measurements campaign the personal samplers were substituted at

8 a.m., 2 p.m. and 8 p.m., obtaining a total of 37 personal samplers collected.

Benzene, toluene and xylene in air were analysed with an internal method based
on ECA (1997). Briefly, air was collected on TENAX GR tubes using a personal air
sampling pump (SKC Pocket pump) at a flow rate of 0.05 L.min® for a period of
approximately 8h (480 minutes). Analysis of compounds was performed by automatic
thermal desorption coupled with gas chromatography fitted with flame ionization detector
and one apolar column. Total Volatile Organic Compounds (TVOC) were quantified using
the toluene response factor as already reported in Madureira et al. (2011). During the
analysis of TVOC, concentrations of benzene, toluene and xylene were also determined.

However, only benzene concentrations are analysed in the framework of this study.
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4 Biological exposure monitoring

Biological monitoring was carried out in parallel to the personal exposure
monitoring with the purpose of analysing tt-MA as biological indicator for benzene
exposure. Thus, at the same personal samplers were replaced, spot urine samples were
collected from each volunteer for t,t-MA analysis. Urine samples were collected in 30 mL
polypropylene cups and transferred to laboratory in portable coolers containing ice packs
and stored in the freezer at -20°C. A total of 37 urine samples were collected (3 per subject

per day).

t,t-MA was determined by a method described by Roma-Torres et al. (2006). The
limit of quantitation for t,t muconic acid in urine was 50 pg.mL™. Concentrations obtained
were corrected with the corresponding creatinine value. Creatinine was determined using
CREAJ Gen2 kit (PN 04810716190, Roche Diagnostics) on COBAS INTEGRA 800

according to manufacturer instructions.

6.2.2. Human exposure modelling

The EXPOSITION model is developed to assess short (e.g. hourly, daily) and long-
term (e.g. annual) inhalation exposures of the individuals to traffic-related air pollutants over
urban spatial scale with high spatial-temporal resolution. For this purpose, air pollution
concentrations (C,) are estimated for different microenvironments j and combined with time
t spent by individual i in each microenvironment using trajectories collected by mobile

phones with GPS technology.

Personal exposure is characterised by ExXPOSITION model in terms of time-

weighted average exposure concentration calculated as following:

_ 1 &
E, = jc(x,y, z,t), dt 6.1)

2 1t

where Ei (ug.m™) is the average exposure concentration for person i, C(x,y,z,t)
(ng.m™) is the air pollutant concentration occurring at a particular point where the person i
is located during the time t and spatial coordinate (x,y,2 and t; and t, (h) are the starting

and ending times of the exposure event.
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4 Microenvironmental concentrations

Outdoor and several relevant indoor microenvironments are distinguished in the
exposure model as presented in Table S.1 (see supplementary material, Section 6.5).
Outdoor concentrations are estimated externally using atmospheric dispersion modelling as
described in Section 6.2.3. For indoors and in-vehicle microenvironments it is assumed
that: 1) within a microenvironment the pollutants are homogeneously distributed; 2)
pollution levels in each microenvironment are related with outdoor pollution levels that
occurring in the immediate vicinity to the microenvironment; 3) infiltration of outdoor
pollution and contribution of indoor pollution sources is different for each type of
microenvironments. In a general form the concentration C(x,y,z,t) (ug.m?>) for
microenvironment j with a spatial coordinate (x,y,2 at time t is calculated taking into account
the outdoor concentration C(X.V,Z,0mbient (Hg.M?) at a neighbourhood cell, the
outdoor/indoor ratio ¢; (dimensionless) and the factor p; (ug.m®) to characterize the

additional contribution of indoor pollution sources:
C(X’ y’z1t):ﬂj +aj XC(X’ ylz’t)ambient (6'2)

However, due to the absence of European studies providing information on direct
contribution of the indoor sources to the benzene concentrations in different
microenvironments, g is described using a probabilistic approach. Thus, the variability of
benzene indoor concentrations is characterised using random numbers generated from
cumulative distribution function identified for each type of microenvironments. For this
purpose the data reported by the PEOPLE project (Ballesta et al., 2006) are used in

combination with Johnson transformation (Johnson et al., 1994) to fit the experimental data.

The Johnson system is widely used in the case of modelling data with an unknown
distribution (Biller and Nelson, 2003) and has the flexibility to match any feasible set of
values for the mean, variance, skewness, and kurtosis. This method is used in a wide

range of applications, including human exposure studies (Flynn, 2006; 2007; 2010).

In this study, the Johnson system algorithm is implemented in MATLAB to generate
a matrix of random numbers drawn from the distribution in the Johnson system that
satisfies the four quantiles of the desired distribution. For this purpose, 1000 random
numbers drawn from the appropriate distribution in the Johnson system were estimated to
define g; in the Equation (6.2) considering the percentiles of the experimental data reported
for Lisbon (Ballesta et al., 2006), finding thus the values of the transformation coefficients
that defines the corresponding distribution for each type of microenvironments (Table S.1,

see supplementary material). The o parameter presented in the Table S.1 is estimated as a
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ratio between the median indoor concentrations to the median outdoor concentration

reported for the measurements.

4 Time-activity patterns

Location of the individuals in space and in time is required to estimate individual
exposure in a combination with pollutants concentration fields provided by air pollution

dispersion model. In this study, time-activity patterns were obtained from GPS trajectories.

The GPS dataset provide information on the locations in terms of coordinates (e.g.
latitude and longitude) but contains no semantic meaning (Zhou et al., 2007) like the
address or characteristics of location, i.e. type of microenvironments. Therefore, in order to
obtain information on time-activity patterns the significant places and movement activities
are extracted from the GPS raw data by ExPOSITION model using the trajectory data
mining and analysed within GIS environment in order to overlay this information with other

geo-spatial information.

For this purpose, several levels of GPS data processing are required in order to
identify important patterns. Under this context, a preliminary processing of GPS data is
implemented as a first step to “clean” the data by using an error-checking algorithm to
remove invalid points, considering a measurement as valid if the GPS receiver is able to
see at least four satellites and if the horizontal dilution of precision (HDOP) value is below

6. Also, incorrect entries of the travel speed are evaluated.

At next, the places where the individual was stopped for a certain time period are
distinguished from moving activities, like driving a vehicle. This algorithm is iterative and it
is based on searching for locations where the user has spent a longer time period
depending thus on two scale parameters: a distance threshold and a time threshold (Li et
al., 2008). Finally, it is necessary to discover which of these points belong to the same
activity/place (significant places). For this purpose, a second level analysis based on a
density-based clustering algorithm was implemented to group the points belonging to the

same premises and to identify personally significant places.

In this study, “significant places” are considered as those locations that play
significant role in the activities of a person, carrying a particular semantic meaning such as
the living and working places, the restaurant and shopping mall, etc. Additionally, a
“movement activity” is distinguished taking into account location change over time which

can be aggregated by the purpose of the trip of an individual.
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These data are further analysed within a GIS for classification of
microenvironments and to obtain information on time-activity patterns. For this purpose, a
geoprocessing of GPS data is performed using ModelBuilder module provided by ArcGis10
(Allen, 2011). The geoprocessing of GPS data is accomplished by considering analytical
functions and several predefined criteria based on speed, time and spatial location register
for the trajectory points to classify the significant places and movement activities to three
activity categories: indoor, outdoor and in vehicle travel. The detailed GIS-maps are used to

identify and to classify the microenvironments.

This detailed time-activity patterns for each individual will be linked with the
pollutants concentration fields varying in space and in time provided by air pollution
dispersion model described in the next section, producing exposure estimates within

distinct microenvironments.

6.2.3. Transport, Emission and Air quality modellin g

Air quality modelling allows establishing the relationships between current
emissions and current air quality at particular locations. Information on variability of air
pollutant concentrations is essential for the exposure quantification and these data may be
provided by any modelling tools if it is compatible with EXPOSITION requirements in terms

of spatial and temporal data resolution.

In the present study, road traffic and vehicle refuelling at fuel stations were
considered as the main outdoor local emission sources of benzene. In this perspective, the
characterization of hourly emissions from road traffic sources and vehicle refuelling

required by the air quality model was performed.

In order to quantify transport activity data required by the road traffic emissions
model, the classic, four-step model was used (Ortlzar and Willumsen, 2006). This model
consists of four sequential submodels: trip generation; trip distribution; modal split; and
traffic assignment. It determines the total trips generated (produced and attracted) in each
one of the 104 zones into which the study domain was divided, distributes them to the other
zones (104 x104 origin destination-pairs), allocates them to the different transport modes
available, and finally assigns the vehicles to the road network. Trip generation and
distribution was made based on the results of a previous study (Pinto et al., 2008), updated
with recent socio-economic data and the traffic data obtained for the 25 counting stations
(in Section 6.2.1.). Car traffic assignment was carried out according with the Wardrop

principle — at equilibrium drivers cannot improve their travel times by changing routes
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(Sheffi, 1992). Calculations were made with the TransPlan software (Santos and Antunes,
2005).

Hourly traffic emissions were estimated by Transport Emission Model for Line
Sources (TREM). The emission factors considered by TREM depend on average speed,
fuel type, engine capacity and emission reduction technology. A new version TREM-HAP
(Transport Emission Model for Hazardous Air Pollutants) prepared to calculate HAPs
emissions (Tchepel et al.,, 2012) has been used to provide inputs for AUSTAL2000

dispersion model.

The vehicle refuelling emissions considered in this study were quantified based on
the CONCAWE methodology (CONCAWE, 2009). Vehicle refuelling emissions come from
vapours displaced from the automobile tank by dispensed gasoline and from spillage. Thus,
the emission of the pollutant p (E, (kg)) for each fuel station i is estimated as following:

E, =e, xV, xTVP (6.4)
where g, is the emission factor (kg. m2.kPa) for pollutant p and fuel station i; V; is the

volume of gasoline dispensed (m?) for each fuel station i and TVP is the True Vapour

Pressure of gasoline at storage temperature (kPa) (CONCAWE, 2009).

In order to calculate the atmospheric dispersion of benzene, the AUSTAL2000
dispersion model was applied in the current study allowing to establish relationship
between emissions and air quality, and to provide hourly pollutants concentration fields.
AUSTALZ2000 is the official reference air dispersion model of the German Regulation on Air
Quality Control for short-range applications and it is based on Lagrangian approach that
simulates the dispersion of air pollutants by utilizing a random walk process (Janicke and
Janicke, 2002; Janicke, 2004). The model system includes a diagnostic wind field model to
account for terrain profile and/or buildings structures. Additionally to the detailed input data
on emissions, a continuous time series of meteorological parameters, including wind

direction, wind speed and atmospheric stability are required by AUSTAL2000.

To characterize air pollution related with non-traffic sources and/or transported from
outside of the modelling domain, the background pollution levels were characterised. For
this purpose, observations from the fixed monitoring station were used and processed to
remove the local noise from the air quality time series in accordance with Tchepel and
Borrego (2010) and Tchepel et al. (2010).
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6.3. Results and Discussion

In this section, the results obtained from the measurements campaign and from
modelling are presented and discussed.

6.3.1. Transportation and Emissions data

In order to estimate human exposure to benzene, hourly emissions from refuelling
in fuel stations and from road traffic sources were estimated and inputted into the
AUSTAL2000.

The spatial variations in traffic flows obtained from the transportation model and
considered in hourly traffic emissions estimation is presented in Figure 6.2a evidencing
higher traffic flow values for main urban area entrances roads.

Figure 6.2b illustrates the spatial variations in hourly traffic-related emissions and
hourly automobile refuelling emissions across the study area obtained by linking emissions
outputs to GIS maps. As could be seen in the figure, the largest contribution of benzene to
the ambient air levels locally is the road traffic source contribution, evidencing as expected
a spatial distribution of emissions similar to traffic flow observed for the study domain
(Figure 6.2a).
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Figure 6.2. Spatial distribution of a) traffic flow at the morning peak hour and; b) hourly benzene emissions
from fuel stations and road traffic sources.
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6.3.2. Air quality, meteorological data and time-ac tivity patterns

As mentioned in Section 6.2.1 the outdoor benzene concentrations and
meteorological data were monitored in a sub-urban location at one fixed monitoring station

(Figure S.1, see supplementary material).

The spatial distribution of the air pollutants concentration obtained by dispersion
modelling AUSTAL2000 is presented in Figure 6.3a showing non-homogeneous distribution

of benzene levels within the study domain.
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Figure 6.3. a) Spatial distribution of daily benzene concentrations related with emissions from modeled
sources in the study domain; b) An example of time spent by the individual in each microenvironment
during a typical working day.

The analysis of the results indicates that although emissions from road traffic will
determine the overall pattern of benzene concentrations related with distribution of main
network, important hot-spots of high concentration are also located in close proximity to
gasoline fuel stations. Also, time-activity patterns obtained for one of the individuals are
presented in the Figure 6.3b as an example, evidencing the variation of benzene
concentrations in space and in time provided by air pollution dispersion model and the

influence of time spent in each microenvironment type.
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6.3.3. Individual exposure modelling

The individual exposure assessment performed by the ExPOSITION model is
presented in this section. In order to better understand the contribution of different
microenvironments to the individual exposure to benzene obtained during the study period,
several statistical parameters calculated based on data for 10 individuals, including
average individual exposure, 5™ and 95" percentile and extreme values obtained from the
ExPOSITION model were analysed (Figure 6.4a).
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Figure 6.4. a) Exposure concentrations for benzene (ug.m"3) in different microenvironments; b) Time-

distribution of time-activity patterns of all individuals.

A considerable variability in the benzene exposure concentration in each
microenvironment type is evidenced in Figure 6.4a, namely for “in vehicle” and “workplace”
microenvironments, showing thus the importance to consider the distinct
microenvironmental concentrations in individual exposure modelling. The higher exposure
concentrations estimated for workplaces (about 44% to the total daily values) evidence the
important contribution of their indoor sources to personal exposure. This fact is also related
with the proximity of the working places (offices) of the considered individuals to urban
roads with intensive traffic, as well as contribution of benzene pollution levels obtained for
the fuel station attendant. On the other hand, exposure concentration calculated for
residence are characterised by smaller variability range. However, exposure levels at
residences represent a great relevance due to the time spent (about 43%) by the

individuals during their daily activities (Figure 6.4b).
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In order to better analyse the individual exposure obtained during the study period
(5 days), the temporal variation of the exposure concentration modelled for the 10
individuals, whose GPS trajectories were collected, was analysed as presented in Figure
S.2 provided in supplementary material. Also, the temporal variation of the outdoor
background concentrations obtained from the fixed monitoring station during the study

period is presented (Figure S.2).

6.3.4. Validation of the individual exposure model

In order to evaluate a feasibility of the proposed modelling approach, the
ExPOSITION model predictions and exposure measurements obtained from personal
monitoring and from urinary biomarker in urine samples collected during the daily activities

of the 5 individuals are presented and analysed in this section.

For evaluation of the modelling approach by means of comparison with direct
measurement obtained from personal monitoring, different statistical indicators were
estimated (Figure 6.5a). The analysis is presented considering the values obtained from
several personal samples (37 values) collected during the daily activities of individuals and
model outputs averaged over the same sampling period. As could be seen from Figure
6.5a, a good agreement between the personal exposures predicted by the model and the
data from actively pumped personal samplers is obtained. The ability of the model into
follow the temporal variability of personal exposure measurements collected during daily
activities of the different individuals is evidenced in Figure 6.5a, reflecting thus the temporal
variability impact of meteorological conditions and emissions data in the predicted
individual exposure. The Pearson's correlation coefficient of 0.66 with a P-value < 0.0001
and 95% confidence interval of 0.42 to 0.82 between two dataset confirms the model
capability to describe the exposure variations in time, in space and between the individuals.
In addition, the positive fractional BIAS value of the 0.32 shows that the exposures are
over-estimated by the proposed model, being within the range of the acceptable values ((-
2) to 2) and very close to the ideal value of 0. The good performance of the exposure
model is also evidenced by the low value of the normalized mean squared error (0.8), as

well as 71% concentrations are predicted within a factor of two.
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Figure 6.5. Scatter plot of benzene individual exposure obtained by: a) the modeling approach and by
personal monitoring (pg.m'3); b) the modeling approach based on the home address and by personal

monitoring (ug.m'3).

In several studies, personal exposure based on home address is considered as a
good exposure indicator. Therefore, the feasibility of this exposure metric is presented and
analysed in this study based on personal exposure measurements collected during daily
activities (Figure 6.5b). Thus, as evidenced in the figure and confirmed by the Pearson's
correlation coefficient of 0.23 (P=0.1670, 95% CI -0.10 to 0.53) between two dataset, there
is a poorer agreement between the personal exposures estimate at residence place and
the data obtained from personal sampler, which suggests that the proposed modelling tool
based on the trajectory analysis presents as a more consistent approach to address the

temporal and spatial variability of the personal exposure in urban areas.

For evaluation of the modelling approach, several statistical parameters, including
daily average exposure concentration, 5" and 95" percentile are also analysed for each
individual and compared with direct measurements obtained from actively pumped

personal samplers as presented in Figure 6.6.

Overall, as could be seen in Figure 6.6, the range of personal exposure levels
obtained from the EXPOSITION model is in agreement with the exposure measurements
showing only exception for the fuel attendant (individual 4) that evidencing an
overestimation of the exposure levels by the model for this individual. Model overestimation
of evaporative benzene emissions attributed to refuelling is one of the plausible causes for

the exposure overestimation for the individual 4 during the working hours.
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Figure 6.6. Relation between daily average exposures to benzene provided by the model and

measurements of individual exposures obtained by personal monitoring.

Individual exposure estimated by the model and measured from personal
monitoring are also compared with biomonitoring data using trans,trans-muconic acid (tt-
MA) in urine as benzene biomarker (Figure 6.7). In this analysis, daily average values were

used in order to cover the temporal representativeness of biomonitoring samples.
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Figure 6.7. Scatter plot of benzene individual exposures measured and provided by the model (ug.m'3)

and concentrations of tt-MA in urinary samples (mg.g creatinine'l).
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As could be seen from the Figure 6.7, a cluster of points with notably different
behaviour was identified in the biomonitoring data presenting no direct correlation with both
the exposure model and personal monitoring. This fact could be related with external
factors provided by other exposure routes (e.g. dietary), not just air, that are only reflected
by the biomonitoring data. Thus, excluding the 4 points with no direct correlation with
personal measurements, a Pearson's correlation coefficient of 0.74 (P=0.0238, 95% CI
0.14 to 0.94) between the daily average estimated values and measured from

biomonitoring is obtained, indicating thus a good agreement between two dataset.

As mentioned previously, biomarkers estimates consider all exposure routes and
sources over time. Although this is a main advantage in many situations it can also make
difficult data interpretation. Noteworthy, out of the amount of absorbed benzene by
humans, it has been estimated that only approximately 2% is eliminated as tt-MA
(Senzolo, 2001). Moreover, in addition to benzene exposure, smoking, genetic
susceptibility, coexposure to toluene and pregnancy, intake of the preserving agent sorbic
acid, which is a widely used preservative in food products, can influence the levels of
urinary t,t-MA (Scherer, 1998). In this study, we can exclude the first factors but because
no information was collected on food and drink intake in the study subjects, the contribution
of sorbic acid and its salts in the excretion of t,t-MA could not be properly evaluated.
Furthermore, the higher levels of t,t-MA were obtained in samples collected after mealtime.
Previous studies have shown (Pezzagno et al., 1999) that after oral administration of sorbic
acid contained in food may account for urinary t,t-MA levels similar to those found due to

occupational exposure to benzene.

6.4.Conclusions

In this study, a comprehensive approach to quantify individual exposure to benzene
in urban areas with high temporal and spatial resolution is implemented based on a new
exposure modelling tool ExPOSITION. An application example and validation of the
modelling approach against personal exposure measurements and biological monitoring
data is presented and discussed. Overall, the daily average exposure to benzene predicted
by the ExPOSITION model correspond to 1.6 ug.m™ in terms of the mean value for all
individuals and 0.8 to 2.7 pg.m™ in terms of 5™ to 95" percentiles. Individual exposure is
particularly sensitive to high spatial and temporal variations of the pollution levels,

emphasizing the importance of the indoor microenvironments and hot spots contribution
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that suggest limited representativeness of background concentrations obtained from point

measurements.

The evaluation of proposed modelling approach by means of comparison with
direct measurements collected for the selected individuals performed in this study indicates
that there is a good agreement of the model results with personal monitoring and t,t-MA
considered as biological indicator of benzene exposure showing a Pearson's correlation
coefficient of 0.66 (P<0.0001, 95% CI 0.42 to 0.82) and 0.74 (P=0.0238, 95% CI 0.14 to
0.94), respectively.

The modelling approach presented in this work provides more consistent results in
comparison with the personal exposure estimates based on home address outdoor
concentrations, as demonstrated by the lower Pearson's correlation coefficient of 0.23
between personal exposure based on home address and the data from actively pumped
personal samplers. Thus, the proposed modelling tool based on the trajectory analysis
presents as a more consistent approach to a better understanding of exposure by
establishing source-receptor relationship and by explicitly addressing the temporal and

spatial variability in the exposure.

6.5. Appendix. Supplementary data

Table S.1.

Table S.1. 1/O ratio and coefficients used to define the Johnson distribution for different

microenvironments.

Microenvironment o Type of coeteien
distribution*
Y 5 g A
Residence 0.92 SuU -0.6649 1.1791 -0.1808 0.4686
Vehicle 2.42 SB 1.1976 0.4857 -0.0845 1.7120
Office 1.55 SuU -2.2909 2.3231 -0.6518 0.6161
School 1.11 SB 0.5003 0.1903 -0.9400 2.6853
Public access 0.42 SuU -0.5429 0.5088 -0.0559 0.1075
Restaurant/Bar 1.16 SB 0.4686 0.6534 -0.6524 2.8782

*SB - Logistic transformation (bounded); SU - Hyperbolic sine transformation (unbounded); y and & - shape parameters;
¢ - location parameter; A - scale parameter
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The Johnson transformation system can be written as:
X =y+ JEr[—(ZA_‘t)J

where X is the random variable X whose distribution is unknown; Z a standard normal
random variable with mean 0 and variance 1 so that Z ~ N(O, 1); y and J are shape
parameters, 1 is a scale parameter, ¢ is a location parameter, and I" is the transformation
whose form defines the four possible distribution families in the Johnson translation system
known as identity (SN), exponential (SL), logistic (SB), and hyperbolic sine transformations
(SV).

Figure S.1.
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Figure S.1. a) Hourly wind speed obtained from measurements as a function of wind direction; b) temporal

variation of hourly average background benzene concentrations.

The outdoor benzene concentrations and meteorological data monitored in a sub-
urban location at one fixed monitoring station during the sampling period are presented in
Figure S.1. As could be seen from the Figure S.1a, the higher wind intensities are achieved
with winds blowing from the North, which is also the predominant wind direction, although
there is a significant contribution of the East direction. As regards the variation throughout
the day, generally the wind speed gradually increases, reaching maximum values between

2 p.m. and 5 p.m. and minimum values during the night.

The time series of hourly background concentrations of benzene measured from
fixed monitoring station is presented in the Figure S.1b, evidencing a pronounced diurnal

variation for benzene concentrations during the study period. The lower concentrations of
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benzene are observed during the holiday, day 22, mainly for the time period between 12
p.m. to 6 p.m.. Additionally to the lower emissions, high values of wind speed were
observed during the same time period that influences the dispersion conditions and
consequently benzene concentrations. On the other hand, the highest values are reached
during the 3rd day of the campaign period, achieving hourly maximum value of 3.10 pg.m™*

and 1.34 ug.m* of daily average concentrations.

Figure S.2.
23 x e | Nd. 1
55 /\ e=m==nd.2
5.0 1[\ A Ind.3
4.5 / k A Ind.4
lar VAWA
4.0 y\ \ e |nd.5
gg?-\3.5 I — \ e [N .6
e 30 X
692.5 If 3 X\Q/ Ind.7
o= I;f:. _v& \ Ind.8
\ Ind.9
. . .o = ’ S Ind.10
0.5 d === Outdoor
0.0 T LINN N B | LI B | T T 1 7T LI B | L L T
0000000000000 QO
090000000902 RRRRLRRRARLLLR
SHNGBISIOBONBIOANMNITINONONO®DO AN M
AdddddAdddd N NNN

Figure S.2. Temporal variation of individual exposure estimates and measurements of outdoor

background concentrations for benzene (pg.m'3).

The temporal variation of the exposure concentration modelled for the 10
individuals and the outdoor background concentrations obtained from the fixed monitoring
station during the study period is presented in Figure S.2. The results suggest that the 10
individuals are exposed to different benzene concentrations during their daily activities, and
a significant variability in benzene exposures across the individuals is evident. Moreover, it
is clear in Figure S.2 that the benzene background concentrations measured at monitoring
station are significantly lower than the exposure concentrations estimated for the
individuals. Therefore, point fixed background observations may not be representative to
describe the range of exposure to benzene. The individual exposure concentrations during
night time (until 7 a.m. approximately) when the people stay in a residence presents a
similar trend with the outdoor background concentrations. However, throughout the day and
depending on the daily activity of the individual the hourly average exposure concentrations

tend to be greater in magnitude and more variable than background pollution levels.
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As expected, the individual 4 (fuel station attendant) is affected by the highest
exposure concentration values with a peak value at 10 a.m., 3 p.m. and 6 p.m. of about 6.2
pug.m3 4.9 pg.m?® and 5.1 pg.m?® respectively. This is related with the highest
concentrations and the time spent in the workplace during this time period.
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CHAPTER 7: GENERAL CONCLUSIONS

{. (GENERAL CONCLUSIONS

The main purpose of the research presented in this dissertation was to develop a
consistent approach and a new exposure modelling tool to estimate individual exposure to
traffic-related hazardous air pollutants with high spatial and temporal resolution based on
an innovative approach for trajectory analysis of the individuals. This research performed
through a series of spatial analysis and modelling approaches intends to contribute to an
improved knowledge regarding personal exposure to air pollution in the urban environment.
The main achievements are presented and organized in seven chapters starting with the
overall introduction to the particular topics, human exposure, urban air pollution, exposure-
related health effects, human mobility patterns and technological resources, and their

relationships.

7.1.Summary of Research and Findings

The evidences of health effects related to exposure to air pollution at levels usually
experienced by individuals in urban areas were analysed and established. The modelling
results suggest a significant potential health benefits by meeting the air quality limit values
(2008/50/CE) for short-term PM10 exposure in one of the most affected areas by higher
concentrations in future climate, Porto Metropolitan Area. The study pointed to the potential
annual reduction of 3.2 (95% Cl 2.24 — 4.18) deaths.100 000 inhabitants™ due to
cardiovascular diseases and 2.12 (95% Cl 0.53 — 3.95) deaths.100 000 inhabitants™ due to
respiratory diseases, by meeting the air quality limit values (2008/50/CE) for cumulative
short-term (40 days) exposure to PM10. Moreover, an improved methodology to process
population statistics taking into account daily average population mobility and filtering of air
quality time series to improve representativeness of measurements was implemented. The

results suggest that the potential health benefits related with the reduction of air pollution
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levels for the study population estimated by this novel approach are 50 — 56% higher than
those provided by the traditional approach (exposure estimate without human mobility).
These findings suggest that human mobility and inhomogeneity of air pollution levels
determine human exposure to urban air pollutants, and should be considered to
characterize human exposure for an improved health impact assessment. Moreover, the
distinct results obtained with and without population mobility are strongly influenced by the
input data on population mobility and air pollution spatial variation considered in the
analysis thus showing the sensitivity of the short-term risk assessment methodology to

these parameters.

Also, health risk within urban areas was evidenced under climate-induced changes
in air pollution levels. The results obtained in this study revealed that climate change alone
will deeply impact the PM10 levels in the atmosphere, affecting consequently all the
Portuguese districts with pronounced negative effects on human health, mainly in major
urban areas, such as Porto and Lisbon. The short-term variations in the PM10
concentration under future climate will potentially lead to an increase of 203 premature
deaths per year in Portugal, achieving the most significant increase in premature deaths in
Porto area, corresponding to approximately 8%. Also, the study pointed to 81% of cases
attributed to future pollution episodes with daily average PM10 concentration above the
current legislated value (50 ug.m™). In addition to importance of indirect effects of climate
change on human health, this study also highlights the significant contribution of pollution
peaks in urban areas to acute exposure, despite their low frequency. Given the little
information concerning the impact of environmental factors on human health that has been
published for Portugal, these outcomes provide important information to support local and

national policy related with air pollution and human health issues.

For a comprehensive understanding of exposure to traffic-related air pollution in
urban areas and consequent health effects, the quantification and characterization of
traffic-related emissions with high spatial and temporal resolution was performed by
developing a modelling approach for quantification of hazardous air pollutants emissions
related to the traffic activity in urban areas. The results obtained by application of the
Transport Emission Model for hazardous air pollutants (TREM-HAP) pointed different trend
taking into account the seasonal variations (summer and winter periods) on total daily
emissions of traffic-related hazardous air pollutants for the analysed urban area. Benzene
emissions are 17% higher at winter time due to important contribution of cold starts while
other traffic-related air pollutants are mainly affected by seasonal changes in the traffic
volume observed for the study area, resulting in higher emissions during the summer
period. Also, a probabilistic emission inventory for traffic-related air pollutants considering

different road types was obtained for an urban area. Several statistical parameters were
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analysed for the selected pollutants, evidencing that PM2.5 and benzene have the largest
uncertainty in the absolute daily emissions. In addition, highly uncertain emission data were
obtained for the urban roads. Oppositely, emissions calculated for highways were generally
characterised by a very small uncertainty (less than +5%) except for PM2.5 (—16% to +9%).
This information on spatial distribution of the traffic-related air pollutants emissions for each
road segment are essential for air quality modelling and further exposure assessment
studies. Also, this tool opens a possibly to analyse human exposure to traffic-related air
pollution in urban areas using probabilistic approach, integrating transportation policy

definition with the air quality assessment and human exposure assessment.

Through this work, the spatial and temporal heterogeneity of air pollution levels that
characterizes the urban environment was evidenced and identified as a major issue for
study of exposure to urban air pollution. Thus, based on enhanced technological resources,
namely GIS and GPS, a new modelling tool for quantification of short and long-term
exposure to urban air pollution at the temporal and spatial scale required to estimate
exposure at the individual level was developed for better understanding of exposure-related
health effects to urban air pollution. The development of the GPS based Exposure Model to
Traffic-related Air Pollution model (ExPOSITION) constitutes one of the major results of this
work. The EXPOSITION model was developed based on a novel approach for trajectory
analysis of the individuals collected via mobile phones with GPS technology and air
pollution modelling with high spatial-temporal resolution within distinct microenvironments.
Thus, one of the innovative aspects of this work was the development and implementation
of an algorithm based on trajectory data mining analysis and geo-spatial analysis within
GIS to process the GPS trajectories and extract the time-activity patterns of individuals,
enabling to locate and classify microenvironments frequented by the individuals during their
daily activities, as required for the exposure assessment. In addition, two different
approaches were considered to characterize the pollution levels in these several
microenvironments distinguished in the EXPOSITION model (i.e. residence, other indoors,
outdoors, and in-vehicle). Thus, outdoor concentrations are estimated using atmospheric
dispersion modelling and different modelling tools may be used to provide this external
information for ExXPOSITION. For indoors and in-vehicle microenvironments a probabilistic
approach based on Johnson system of distributions was implemented as an integrated part
of EXPOSITION algorithm to characterize the variability of indoor concentrations in the

predicted individual exposure.

In order to characterize an individual’s contact with a given urban pollution levels at
different microenvironments, the ExPOSITION model was applied to Leiria urban area to
quantify the short-term individual exposure (1 day) to PM2.5. To achieve this purpose,
hourly PM2.5 emissions from road traffic were estimated by TREM-HAP and PM2.5
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concentrations hourly simulations were conducted with AUSTAL2000 model taking into
account hourly meteorological conditions and background concentrations given by the
nearest background air quality monitoring station. The results obtained by the time-activity
pattern discovery sequence, based on trajectory data mining and geo-spatial analysis
within GIS, highlights the added value of this innovative approach for exposure
assessment. For instance, analysing the results achieved during the several levels of GPS
data analyses in case of one of the individuals, 30179 collected GPS raw points resulted in
295 important locations that are linked with the pollutants concentration in distinct
microenvironments to assess his individual exposure. Such results also indicate that this
approach could overcome some limitations related with the analysis of GPS raw data and
its implications for human exposure assessment, thus allowing to identify and classify time-
activity patterns based on raw GPS tracking data at the spatial and temporal scale required

for exposure assessment.

Additionally, the individual exposure estimates provided by the ExXPOSITION model
give relevant information regarding the importance of indoor microenvironments’
contribution to the daily individual exposure to PM2.5 in urban areas, particularly the
residence (51%), thus stressing that individual exposure depends not only on the pollution
levels but also on the time spent in the microenvironment during the individual's daily
activities. In addition, it was possible to verify that the variability in the PM2.5 exposure
concentration in each microenvironment type is significant showing the importance to
consider this variability in individual exposure modelling. Overall, the daily average
exposure to PM2.5 predicted by the ExPOSITION model correspond to 10.6 ug.m™ in
terms of the mean value for all individuals and 6.0 — 16.4 pyg.m™ in terms of 5" — 95"
percentiles. Comparing the mean value obtained by the model and estimated from air
quality measurements at a fixed point (11 pyg.m™), an agreement between the approaches
was evidenced. However, the ExPOSITION model reveals additional inter and intra-
variability of individuals’ exposure levels that is essential for health impact assessment and
epidemiological studies, suggesting limited representativeness of air quality concentrations
obtained from point measurements to characterize individual exposure to urban air
pollution. In this context individual time-activities patterns and time spent at different
microenvironments during the day should be of prime concern additionally to the variability

in the urban pollution levels.

The validation of the proposed modelling approach was performed for individual
exposure to benzene in the urban environment against personal and biological exposure
measurements collected during a measurements campaign. In this study, a modelling
cascade including transportation-emission-dispersion modelling was implemented to

characterise the outdoor pollution within Leiria urban area. Overall, as identified for PM2.5
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exposure, the exposure modelling results in the different microenvironments pointed that
the personal exposures to benzene tend to be greater in magnitude and more variable than
the corresponding ambient concentrations within urban areas. The average exposure
estimated by the ExPOSITION model was 1.5 times higher than average ambient
background concentration observed at point monitoring station during the campaign,
emphasizing the importance of the indoor microenvironments and hot spots contribution to
benzene exposure. The evaluation of proposed modelling approach by means of
comparison with direct measurements indicates that there is a good agreement of the
model results with personal monitoring and biological monitoring using t,t-MA as biological
indicator of benzene exposure showing a Pearson's correlation coefficient of 0.66
(P<0.0001, 95% CI 0.42 to 0.82) and 0.74 (P=0.0238, 95% CI 0.14 to 0.94), respectively.
Also, the results indicate that the ExXPOSITION model validated in this study presents as a
more consistent approach to a better understanding of exposure, providing more consistent
results in comparison with the personal exposure estimates based on home address
outdoor concentrations, as demonstrated by the lower Pearson's correlation coefficient of
0.23 between personal exposure based on home address and the data from actively

pumped personal samplers.

The novel methodology proposed in this work and based on the system of
integrated modelling tools (transportation, emission, air quality and exposure models) and
advanced technological resources (GPS and GIS) allows to characterize the complexity in
the spatial variation of exposures among the different individuals and delivers main
statistics on individual’s air pollution exposure. Moreover, this methodology contributes to
exposure research by emphasizing individual time-activity patterns in the individual air
pollution exposure context, providing thus new insights into individual exposure to urban air

pollution and its effects on human health.

7.2.Future research

An improvement of the methodology for individual exposure quantification is a
continuous task. Further developments of ExXPOSITION model could include new health-
relevant metrics of the particle mass. Smaller particles bear a larger toxic potential while
contributing relatively little to the PM2.5 or PM10 mass. Therefore, future research could be
focused on the individual exposure to PM1 and other nano-sized particles. Also, further
efforts should be made to characterise the components of particulate matter (PM), such as

trace elements for individual exposure assessment.
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Evaluation of time-activity patterns discovery sequence from raw GPS data is a
complex task. More developments are required mainly to infer about the travel mode used
by the individuals from their GPS trajectory collected. Future developments should be focus
on more refined classification based on a combination of GPS records of these travel
modes and related supplemental GIS information (e.g. bus and train routes) to be used for

individual exposure assessment.

For future research, the presented approach could be extended to a near real-time
information system for individuals by a web-based implementation of the model. Based on
their uploaded time-activity patterns, a user without expert knowledge in exposure
modelling could assess their own individual exposure, also identifying mitigation measures
to regulate ambient concentrations specifically defined for this individual based on their
personal behaviour and spatial distribution of the air pollution. This might also help to
identify the “low-exposure” route, transportation mode and time for their journeys through a

City.
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