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ABSTRACT 

Traffic-related air pollution (TRAP) has been linked with several adverse health 

effects. We investigated hopanes, markers of primary particle emissions from gasoline 

and diesel engines, in house dust as an alternative approach for assessing exposure to 

TRAP in Windsor, Ontario.  

Settled house dust was collected from the homes of 28 study participants (10 – 

13 yrs). The dust was then analyzed for a suite of hopanes by gas chromatography-

mass spectrometry. We calculated correlations between dust hopane concentrations 

and estimates of annual average NO2 concentrations derived from an existing LUR 

model.  

Hopanes were consistently present in detectable quantities in house dust. Annual 

average outdoor NO2 estimated was moderately correlated with hopanes in house dust 

(r = 0.46; p<0.05). The correlations did not vary by infiltration efficiency or the presence 

of an attached garage. Hopanes measured in settled house dust show promise as an 

indicator of long-term exposure to traffic-related air pollution. 

 
Keywords:  hopane; air pollution; traffic; dust; exposure; TRAP.  
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1: BACKGROUND AND PUBLIC HEALTH SIGNIFICANCE 

1.1 Introduction 

Increases in urban populations, the number of vehicles and miles traveled, and 

traffic congestion have combined to raise the relative contribution of traffic-related air 

pollution (TRAP) to the urban air pollution mix (Zmirou et al., 2004). Urban land-use 

practices have also resulted in population increases near traffic, suggesting that motor 

vehicle emissions should be considered in the context of their proximity to populated 

areas (HEI, 2010). Gradient studies indicate exposure zones for TRAP in the range of 50 

to about 1500 metres from roads. Studies in two large North American cities, Los 

Angeles, California and Toronto, Ontario, suggest that between 30% and 45% of the 

total urban population lies within this range (Gilbert et al., 2005; Jerrett et al., 2007). 

TRAP, in short, affects a large percentage of the urban population. To fully understand 

the effect of motor vehicle emissions on human health, it is necessary to accurately 

estimate exposure to TRAP for epidemiology and risk assessment. A number of studies 

showing associations between TRAP and negative health outcomes have further 

highlighted the importance of developing more accurate methods for characterizing 

exposure to TRAP (HEI, 2010). This study examines a novel tool for assessing chronic 

exposure to TRAP.   

1.2 Traffic emissions 

Traffic-related emissions comprise numerous organic and inorganic compounds 

in both gas and particle phases, including nitrogen oxides (NOx), carbon monoxide 

(CO), particulate matter (PM), sulphur dioxide (SO2), and volatile organic compounds 

(VOCs). The organic compounds, found in both the particle and gas phases, include 

aldehydes, alkenes, alkanes, aromatic hydrocarbons, polycyclic aromatic hydrocarbons 

(PAHs), nitro-PAHs, and heterocyclic compounds. Many of these inorganic and organic 

traffic-related pollutants are regulated individually as toxic air pollutants and each may 

be associated with health outcomes (Laumbach & Kipen, 2010). Epidemiological 

evidence suggests that long-term exposure to traffic may be an important risk factor for 



 

 2 

certain respiratory, cardiovascular, and reproductive morbidities (HEI, 2010). A summary 

of the adverse health effects associated with TRAP is presented in section 1.3. 

An important consideration in the assessment of exposure to TRAP involves 

proximity to source. Traffic-related contaminants have an effect on outdoor air quality on 

a great range of spatial scales, from local roadsides and urban scales to broad, regional 

background scales. Gradient studies characterizing distributions of vehicular exhaust 

have documented that levels are elevated near roadways, but decay with increasing 

distance from the source. For example, NO2 concentrations are significantly elevated 

within 50 to 100 metres of major roads (Jerrett, et al., 2008; Gilbert et al., 2005). In 

contrast to other outdoor air pollutants, evaluation of particular health risks associated 

with TRAP is challenging due to exposures to complex mixtures with physical and 

chemical characteristics that change rapidly over short distances from their sources 

(Laumbach & Kipen, 2010). 

1.3 Adverse health effects of traffic-generated air pollution 

In North America, cohort studies such as the Harvard Six Cities study (Dockery 

et al., 1993), the American Cancer Society studies (Krewski et al., 2003; Pope et al., 

1995), and the Adventist Smog and Health study (Abbey et al., 1999), have consistently 

shown associations between long-term air pollution exposure and mortality, and have 

subsequently played a pivotal role in the formation of national air quality 

standards/objectives in both the United States and Canada (Greenbaum et al., 2001). 

However, these early studies relied primarily on exposure gradients between cities, and 

therefore they do not provide information related specifically to TRAP.  Recent studies 

have focused on chronic exposure contrasts within cities, with a particular focus on 

TRAP. Some of this research links proximity to major roads with adverse health 

outcomes, including wheezing, incident asthma, adverse birth outcomes, and 

cardiopulmonary morbidity and mortality (Brunekreef et al., 2009; Hoek et al., 2002; 

Venn et al., 2001; Wilhelm & Ritz, 2003). Even in areas with satisfactory regional air 

quality, such as Vancouver, BC, proximity to traffic has been linked with incident asthma 

(Clark et al., 2010), cardiovascular disease (Gan et al., 2010), and both low birth weight 

and premature birth (Brauer et al., 2008). 
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1.3.1 Traffic exposure and mortality 

Hoek et al. reported that long-term residential exposure to TRAP in the 

Netherlands was associated with a nearly two-fold increase in risk of cardiopulmonary 

mortality (RR=1.95) (Hoek et al., 2002). In another study, long-term average 

concentrations of TRAP markers black smoke and NO2, as well as PM2.5 were related 

to respiratory mortality (Brunekreef et al., 2009). Jerrett and colleagues reported an 

association between NO2 and both all cause and cardiovascular mortality in a Toronto, 

Ontario cohort (Jerrett et al., 2009). A U.K. study reported the risk of stroke mortality for 

men and women combined was 5% higher in U.K. men and women living within 200 

metres of a main road compared with men and women living 1,000 metres away 

(Maheswaran & Elliott, 2003).   

1.3.2 Asthma 

Asthma is a chronic inflammatory condition of the airways characterized by 

recurrent symptoms of variable airflow limitation. The prevalence of allergy and asthma 

has risen considerably over the past few decades, particularly in the younger age groups 

and in developing countries (Asher et al., 2006). The substantial increases in the 

incidence of asthma over recent decades and the geographic variation in prevalence 

support the hypothesis that environmental changes play a significant role in the current 

asthma epidemic (Subbarao et al., 2009). Environmental triggers may affect asthma 

differently at various times of an individual’s life, and the relevant risk factors may 

change temporally (Subbarao et al., 2009). According to the Health Effects Institute 

review on TRAP, there is sufficient evidence to infer a causal role for TRAP in the 

exacerbation of asthma in children  (HEI, 2010).  

Traffic pollution exposures may also contribute to the incidence of asthma 

(Brauer et al., 2002; Kim et al., 2008; Sarnat & Holguin, 2007). A recent analysis from a 

study on traffic, susceptibility, and childhood asthma indicates that lifetime asthma risk is 

related to air pollution from traffic sources (McConnell et al., 2006). In one of the few 

studies to investigate the effects of in utero air pollution exposure on pediatric asthma 

risk, higher exposure to outdoor air pollution in early life was associated with elevated 

risks of asthma diagnosis in preschool-age children (Clark et al., 2010). The researchers 

determined that traffic-derived pollutants, including NO, NO2, CO, and black carbon 

(BC), were associated with the highest risk estimates (Clark et al., 2010). 
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1.3.3 Lung function and COPD 

Due to the paucity of studies on the subject, a meaningful assessment of the role 

of traffic- related air pollution in the occurrence of chronic obstructive pulmonary disease 

(COPD) is difficult (HEI, 2010). Cesaroni and colleagues compared the respiratory 

health of adults with several different indices of exposure of TRAP, including: self-reports 

of traffic intensity; area-based emissions of particulate matter (PM); distance from busy 

roads derived from geographical information system (GIS); and estimated 

concentrations of NO2 using a land-use regression model (Cesaroni et al., 2008). The 

study found no association between traffic exposure and chronic bronchitis or 

emphysema and asthma in a population of adults comprised of both non-smokers and 

smokers (Cesaroni et al., 2008). Conversely, Schikowski and colleagues assessed the 

long-term effects of air pollution on the development of COPD through the combination 

of broad- and small-scale spatial exposure gradients (Schikowski et al., 2005). They 

determined that chronic exposure to PM10, NO2 and living near a major road may 

increase the risk of developing COPD and can have a detrimental effect on lung function 

(Schikowski et al., 2005). Overall, chronic respiratory disease in adults is heterogenous 

and has numerous risk factors, such as personal smoking and occupational exposure, 

which do not directly affect children. This larger variety of risk factors may complicate 

research and contribute to inconclusive results in adults (Lindgren et al., 2009). 

In terms of long-term exposures to TRAP, there is some coherence in the data to 

suggest that long-term exposure is associated with changes in lung function in 

adolescents and young adults. In the southern California Children’s Health Study, 

Gauderman and colleagues showed that local exposure to traffic on a freeway is 

associated with substantial deficits in children’s lung development, which could result in 

important deficits in attained lung function in later life, including obstructive lung disease. 

(Gauderman et al., 2007).  

1.3.4  Allergy 

A study by Krämer and colleagues, involving children from three areas of 

Düsseldorf, reported consistent results for an association between skin-prick-test 

reactivity and allergy history in relation to NO2 at children’s residences as a marker of 

traffic (Kramer et al., 2000).  
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Cesaroni and colleagues reported consistent associations between self-reported 

rhinitis (or irritation and inflammation of internal areas of the nose) in adults and several 

measures of traffic exposure including traffic density, length of high-traffic road within 

various buffers, distance to high-traffic roads, traffic-generated PM emissions derived 

from an emission model, and NO2 concentrations estimated from land-use regression 

(Cesaroni et al., 2008). The associations appeared to be confined exclusively to non-

smokers. A study of children living in four Swedish municipalities indicated that the effect 

of air pollution on sensitization to inhalant allergens, particularly to pollen, is present by 

the age of four years, and that TRAP plays an important role (Nordling et al., 2008). 

Kramer and colleagues reported the prevalence of physician-diagnosed eczema in a 

child’s sixth year of life was associated with TRAP exposure (Kramer et al., 2009). In a 

large cohort study in the Netherlands, Brauer and colleagues described associations 

between TRAP and some measures of asthma and allergy, including specific 

sensitization to common food allergens (Brauer et al., 2002).  

1.3.5 Cardiovascular morbidity   

Several studies have reported associations between chronic TRAP exposure and 

adverse cardiovascular health outcomes, including the increased prevalence and 

incidence of coronary heart disease (Hoffmann et al., 2006; Rosenlund et al., 2008), 

subclinical atherosclerosis (Hoffmann et al., 2007), stroke (Hoffmann et al., 2007; 

Maheswaran & Elliott, 2003), and myocardial infarction (MI) (Rosenlund et al., 2006; 

Rosenlund et al., 2009; Tonne et al., 2007; 2009).  

In addition to the chronic effects of TRAP, short-term exposure to traffic may 

trigger acute cardiovascular events. Peters and colleagues reported that a first MI was 

significantly associated with being in traffic one hour prior to the event (Peters et al., 

2004). 

1.3.6 Reproductive effects and birth outcomes 

Exposure to TRAP has been linked to adverse pregnancy outcomes such as low 

birth weight (LBW), small for gestational age (SGA), pre-term deliveries, and perinatal or 

postnatal mortality (Brauer et al., 2008; Slama et al., 2007). Using spatiotemporal 

exposure metrics, Brauer et. al evaluated the impacts of air pollution on small for 

gestational age (SGA) birth weight, LBW, and preterm birth in Vancouver. The results 
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suggest a general association between traffic-derived air pollutants such as NOx and 

CO, and adverse birth outcomes, in particular an increased risk of SGA birth weight 

(Brauer et al., 2008). The study also observed an association between PM2.5 and risk 

for preterm birth (Brauer et al., 2008). In models adjusted for background air pollution 

concentrations, all measured SES variables, and presence of one or more freeways 

near the residence, Wilhelm and Ritz showed the risk of term LBW and preterm birth 

increased by 19% and 11%, respectively, per 1 ppm increase in annual average 

background CO concentration in Los Angeles.  

1.3.7 Cancers 

Two European studies have reported that urban air pollution is associated with 

lung cancer risk and that vehicle emissions may be particularly important (Nafstad et al., 

2003; Nyberg et al., 2000). As well, investigators have found that living in close proximity 

to heavy-traffic roads, or exposure to NO2, is associated with elevated risk of lung 

cancer (Vineis et al., 2006). Evidence that air pollution is at least a moderate risk factor 

for lung cancer mortality has been found in several case-control studies (Barbone et al., 

1995; Jedrychowski et al., 1990), with effect estimates of the same order of magnitude 

as those estimated from cohort studies (Vineis et al., 2004). Several animal studies have 

evaluated the potential carcinogenicity of exposure to whole exhaust and to constituents 

of exhaust from diesel- and gasoline-fuelled internal combustion engines (IARC, 1998). 

Diesel engine exhaust is considered a Group 2A (probable) carcinogen by the 

International Agency for Research on Cancer (IARC). Gasoline engine exhaust is noted 

as a Group 2B (possible) carcinogen to humans (IARC, 1998). 

Additional supporting evidence of the carcinogenic potential of TRAP in humans 

is provided by epidemiologic studies of workers highly exposed to TRAP. Palli and 

colleagues suggested that traffic-exposed workers, such police officers and bus drivers, 

were exposed to higher levels of genotoxic agents, related to vehicle emissions, in a 

DNA adduct level assay, in comparison to the general population in Florence, Italy (Palli 

et al., 2001). Another study of U.S. trucking industry workers found lung cancer hazard 

ratios were elevated in workers with jobs associated with regular exposure to vehicle 

exhaust from diesel and other types of vehicles on loading docks, city streets, and 

highways (Garshick et al., 2008). 
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Beelan and colleagues found evidence for an association of exposure to black 

smoke and traffic with lung cancer incidence in people who had never smoked (Beelen 

et al., 2008). No clear associations were found for former or current smokers, however. 

The researchers noted that one significant limitation of their exposure assessment 

method was that only outdoor concentrations were assessed and factors related to 

infiltration of outdoor air pollution into the home, such as air exchange rate, were not 

accounted for (Beelen et al., 2008). 

1.3.8 Cognitive effects 

The issue of air pollution leading to cognitive deficits and brain structural changes 

in vulnerable populations is an emerging area of research for public health investigators. 

A study by Calderón -Garciduenas and colleagues proposed that exposure to significant 

concentrations of air pollutants, including PM2.5, is associated with neuroinflammation – 

as measured by mRNA cyclooxygenase-2, interleukin-1beta, and CD14 in target brain 

regions – and altered innate immune responses in crucial brain target anatomical areas 

in children and young adults (Calderón-Garciduenas et al., 2008). Suglia and colleagues 

examined cognition in children and exposure to black carbon as a major component of 

TRAP and found children who were exposed to higher levels of BC during their life 

showed decreased cognitive function across assessments of verbal and nonverbal 

intelligence and memory (Suglia et al., 2008). In a study using a validated 

spatiotemporal land-use regression model for BC to assess long-term exposure to 

TRAP, Power and colleagues showed that outdoor TRAP was associated with 

decreased cognitive function in older men (Power et al., 2011). 

1.4 Exposure assessment 

1.4.1 Introduction 

Exposure assessment issues for TRAP are complex and need to be considered 

before undertaking investigations of health effects (Morgenstern et al., 2007). Several 

factors that add to this complexity include the fact that traffic pollutants vary spatially and 

temporally, that no single metric of traffic exists, that other non-traffic sources contribute 

some of the same pollutants to the outdoor and indoor air mix, and individuals spend the 

majority of their time indoors.  
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Although government-run air pollution monitoring networks adequately capture 

temporal concentration trends, and are therefore appropriate for estimating exposure in 

time-series epidemiologic studies, these networks generally do not have adequate 

spatial density to capture the small-scale spatial variations in TRAP. Common schemes 

to characterize TRAP exposure include the use of individual pollutants as surrogates or 

markers, land use regression (LUR) models, and/or the use of proximity to major roads 

as an exposure surrogate.  

Traffic surrogates can aid in the assessment of temporal and spatial distributions 

of outdoor pollution related to motor vehicles, personal exposures, and exposures in 

epidemiologic studies (HEI, 2010). Some of the most commonly employed pollutant 

markers include carbon monoxide (CO), nitrogen oxides (NOx), benzene, and elemental 

carbon (EC) or BC. These air pollutants infiltrate indoors and can therefore also 

contribute to indoor exposures.  The fact that TRAP constituents tend to be correlated in 

space and time makes it difficult to identify the specific component(s) that is/are 

responsible for the observed associations with health effects. 

While not often included in exposure models, additional factors such as time-

activity patterns can affect personal exposure. Exposures to pollutants in the transport 

microenvironment, for example, are often highly elevated compared to other 

microenvironments (Kaur & Nieuwenhuijsen, 2009). Data from U.S. travel surveys 

indicate that in 2001 commuters spent on average 81 minutes per day in vehicles, and 

that children spent 48 minutes per day in vehicles (Hu & Reuscher, 2004). Individuals 

are most likely to be exposed to the highest concentrations of TRAP when traveling in or 

near vehicles (relative to outdoor concentrations measured at monitoring sites) and to 

receive as much as half their share of daily exposure to TRAP in this microenvironment 

(HEI, 2010). An understanding of factors that influence personal exposures is vital in the 

development of targeted control strategies in urban air quality management and useful in 

developing a better understanding of the health risks posed by air pollutants in various 

conditions (Kaur & Nieuwenhuijsen, 2009). Personal monitors are sometimes employed 

in epidemiologic studies relating to TRAP. These monitors usually consist of a small, 

portable, personal sampling device that a participant would wear and carry with them 

over a finite sampling period. Given appropriate resources and depending on the 

ultimate goal, measurement error in epidemiologic studies can be reduced significantly 

with the use of personal exposure measurements or prediction models developed from 
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indoor measurements and survey data. However, due to the influence of indoor sources 

and personal activities, personal exposure measurements are generally more variable 

than outdoor measures. Zipprich and colleagues showed that up to 68 per cent of the 

variation in personal exposure to NO2 could be explained by introducing an indoor 

measurement into statistical models (Zipprich et al., 2002).  

Several modeling techniques have been developed to estimate traffic-pollutant 

exposures and these hold promise for use in large epidemiologic studies of TRAP in 

which home or personal measurements for every study participant are not feasible. 

Several of these are discussed below. 

1.4.2 Current models used to assess levels of exposure 

Several advances in exposure modeling for TRAP have occurred over the last 

decade, facilitated in part by the increased use of geographic information systems (GIS) 

and associated modeling techniques (Briggs, 2007). In their review, Jerrett and 

colleagues highlight five major exposure modeling approaches that may be useful for 

specific traffic-generated pollutants that display substantial gradients within areas 

downwind of major highways or congested urban centres (Jerrett et al., 2005) (Table 

1.1).  

1.4.2.1 Proximity models:  

This relatively straightforward approach to exposure assessment assigns 

exposure values of a subject or population based on how near to traffic a subject 

resides, assuming that the closer an individual is to an emission source, the higher the 

exposure (Jerrett et al., 2005). As a limitation, however, proximity models may be overly 

simplistic, as they often ignore factors that may affect exposure, such as time-activity 

patterns, which may lead to misclassification of exposure (Jerrett et al., 2005). Also, the 

characteristics of traffic, such as the proportion of cars versus trucks, are often ignored, 

though these factors may have a large impact on emissions (Jerrett et al., 2005). Wind 

patterns and topography are unlikely to correspond to the assumption of isotropic 

dispersion, or equal dispersion in all directions, inherent in this method, particularly if 

predominant wind conditions blow pollutants towards one direction more than others 

(Jerrett et al., 2005). The proximity method remains a useful tool in research areas in the 

exploratory stage, as it is relatively inexpensive compared with other methods, and this 
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method is attractive because of its clear policy relevance.  However, systematic 

validation of proximity models has been limited (HEI, 2010; Jerrett et al., 2005). 

1.4.2.2 Geostatistical interpolation models: 

Interpolation models rely on deterministic and stochastic geostatistical 

techniques (Jerrett et al., 2005). Measurements of a particular pollutant are obtained at a 

network of monitoring stations distributed across the study area that were chosen based 

on factors such as the local emissions, topography of area, and degree of variability of 

the measured pollutant. Based on these factors, the goal is to generate estimates of the 

concentration of pollutant in areas other than the location of monitoring stations, thereby 

establishing a continuous surface of pollution concentration. Two of the most typical 

geostatistical techniques used in air pollution research are inverse distance weighting 

and kriging (Jerrett et al., 2005). Though relatively simple to implement and often 

appropriate for more spatially homogenous pollutants such as O3, these techniques are 

of limited value in studies of TRAP because they generally do not adequately capture 

small-scale spatial concentration variations.  

1.4.2.3  Land-use regression (LUR) models:   

This methodology predicts pollution concentrations at a particular site based on 

surrounding land use, traffic, and topographic characteristics (Jerrett et al., 2005). LUR 

models consider the air pollutant of interest as the dependent variable and traffic, 

proximate land-use, and physical environmental variables as predictor variables (Figure 

1.1). NO2 is the traffic pollutant that has been most frequently used for LUR modeling 

because it can be measured relatively inexpensively using passive monitors. LUR 

modeling generally requires a minimum of 40 to 80 monitoring sites, depending on the 

size and complexity of the study area (Hoek et al., 2008). The benefit of this method is 

that it can assign local values through regression mapping, without the need for further 

monitoring, and can identify areas that require specific monitoring (Jerrett et al., 2005). 

LUR models have been developed for several Canadian cities, including Windsor 

(Wheeler et al., 2008), Montreal (Gilbert et al., 2005), Edmonton (Allen et al., 2011), 

Winnipeg (Allen et al., 2011), Vancouver (Henderson et al., 2007) and Toronto (Jerrett et 

al., 2007).   
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Figure 1.1.1 The elements of a land use regression model displaying monitoring locations 
for NO2 as the dependent variable and land use characteristics within buffers 
as the predictor variables (Jerrett et al., 2007). 

Validation studies have indicated that LUR models generally perform as well as 

or better than dispersion models in European areas for NO2 estimates (Briggs et al., 

2000; Hoek et al., 2008). Another study reported that LUR outperformed proximity 

models, kriging, and dispersion models for predicting PM10 (Briggs, 2007). In North 

American studies, LUR has typically achieved predictions for NO2 in the range of R2 = 

0.56 to 0.79 (HEI, 2010). Hoek and colleagues reviewed 25 studies using land-use 

regression approaches, and reported that LUR models generally performed well in 

explaining spatial variation and describing pollution hotspots (Hoek et al., 2008). They 

also found that LUR models for NO2 had generally higher R2 values than NO models 

(Hoek et al., 2008). 

Limitations associated with LUR estimates include the fact that these models are 

only capable of estimating outdoor exposure.  As well, other challenges may arise when 

transporting a model based on one study area to an area with very different land use 

characteristics (Jerrett et al., 2005). Changes in land uses, population densities, traffic 

patterns, or other factors over time may make these models less reliable for assessing 

exposure. LUR methods can also benefit from models that include both a spatial and 
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temporal component for studies that require exposure variables on a more detailed scale 

(Hoek et al., 2008). Additional attention to a more systematic selection and description of 

monitoring locations and periods was also highlighted as an important consideration 

(Hoek et al., 2008). To account for time activity patterns, LUR models need to be 

validated with personal monitoring (Briggs, 2005; Hoek et al., 2008).  

1.4.2.4 Dispersion models:  

Another approach for estimating exposures is based on dispersion models and 

local emission rates for specific pollutants and sources. This method requires a detailed 

inventory of meteorological data, emission sources, and a series of outdoor 

measurements with which to calibrate the model (Lipfert & Wyzga, 2008). This method 

relies on Gaussian plume equations to make assumptions about the transport of 

emissions based on meteorological conditions and topography, in order to estimate air 

pollution concentrations (Jerrett et al., 2005). Used in combination with GIS, information 

from monitoring systems, traffic characteristics, and point sources, the model is 

calibrated to compute pollution concentrations for a given time period (Jerrett et al., 

2005). As a result, the ability of this model to incorporate both spatial and temporal 

differences ranks as a major advantage (Jerrett et al., 2005). This model can be used to 

describe episodes of heightened air pollution, and the movement of pollution between 

areas (Jerrett et al., 2005). Disadvantages of the model include its high costs and data 

demands, and unrealistic assumptions about dispersion patterns (Jerrett et al., 2005). 

Furthermore, an extensive proficiency in GIS programming is necessary to construct 

dispersion models (Jerrett et al., 2005).   

1.4.2.5 Hybrid models 

Hybrid models combine personal or regional monitoring with other air pollution 

exposure methods. With accurate data inputs, these hybrid personal exposure models 

have the potential to incorporate the various components of personal exposure (e.g., in a 

vehicle compared with outdoors at home) for inclusion in health-effects assessments 

(HEI, 2010). As with many of the preceding models, the underlying data quality and 

accuracy are constraints that limit the accuracy of the resulting model output. The 

difficulty in implementing hybrid models hinges on the combination of models being 

used. 
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Table 1.1 Comparison and evaluation of exposure assessment models (HEI, 2010; Jerrett 
et al., 2005). 

Traffic-Related Air Pollution: A Critical Review of the Literature

3-46

Dispersion models are considered more sophisticated
because they explicitly incorporate meteorologic data. If cal-
ibrated correctly, these models are potentially more reliable
than the three models described earlier but are more expen-
sive to implement and often lack the data resolution neces-
sary to make accurate, reliable predictions. They require a
substantial amount of data on emissions and meteorology;
improved management tools and specialized software (such

as GIS, dispersion software, and integrated software) and
hardware capable of handling, storing, and processing
these data; and specialized personnel trained in GIS, statis-
tics, mathematics, and computer science. As a result, the
cost of implementation is significantly higher than with pre-
vious models. The reward comes in the form of a better rep-
resentation of the process under study.

Table 3.3 Summary of a Comparison and Evaluation of Modelsa

Model

Requirements
Utility to 
Health
Studies Extrapolation Limitations

Marginal 
Benefits

Data 
Requirements Expertise Software

Proximity 
models

Traffic counts, 
density, dis-
tances of the 
measurement 
point, question-
naire data

 GIS, 
statistics

GIS 
(Arcinfo) 
or equiva-
lent

Low, crude, 
error prone

Low Possibility of 
large errors in 
complex mete-
orology and 
terrain

Base case

Geostatistical
interpolation

Topography, 
socioeconomic 
data, location of 
monitors, moni-
toring data

GIS, 
statistics, 
monitor 
experts

 Spatial 
statistics, 
GIS 

Depends on 
the density 
of the moni-
toring net-
work

Low Monitoring net-
works rarely 
available to 
support model 
estimation

Quantifica-
tion of error 
structure

Land use 
regression

Traffic volumes, 
land cover, 
meteorologic 
data, monitor-
ing data

GIS, 
statistics, 
monitor 
experts

GIS, 
statistical 
software

Depends on 
the density 
of monitor-
ing and land-
use data

Medium Interpretation 
of traffic 
effects compli-
cated by inclu-
sion of other 
variables (e.g., 
population 
density)

Highly 
resolved 
exposure 
prediction if 
data are 
available

Dispersion Meteorologic 
data, traffic vol-
umes, topogra-
phy, background 
concentrations, 
emission data 
from point and 
line sources

GIS, 
statistics, 
operators 
for mea-
surement 
equipment

GIS, 
statistical 
software, 
special-
ized dis-
persion 
software 

Often lacks 
adequate 
data to 
support; 
depends on 
data input

High Rarely have 
data support 
required to cal-
ibrate model

Easily trans-
ferable and 
conceptu-
ally well 
matched 

Hybrid 
(personal 
monitoring 
and one of 
the 
preceding 
methods)

Questionnaire 
(socioeconomic 
data, activities), 
monitoring data, 
other data 
depending on 
the combination

Depends 
on the 
method 
combined 
with per-
sonal mon-
itoring

Depends on 
the combi-
nation

Very good Low Usually very 
expensive and 
limited to 
small samples 
of subjects, 
making it diffi-
cult to use in 
epidemiologic 
studies

Higher valid-
ity in epide-
miological 
studies 

a The models are arranged from top to bottom in terms of increasing complexity with respect to various evaluation criteria. See text for details. (Adapted 
from Jerrett et al. 2005.)

 

1.4.3 Other considerations in assessing exposure to TRAP  

1.4.3.1 Assessing infiltration 

Since individuals in North America spend an average of 87 per cent of their time 

indoors and outdoor pollutants readily penetrate indoors, a significant proportion of total 

exposure to outdoor-generated pollutants occurs indoors (Klepeis et al., 2001; Leech et 

al., 2002). Particle infiltration is the key determinant of indoor concentrations of outdoor 

particles.  
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Quantifying the infiltration efficiency (Finf) of particulate matter (PM) in residences 

may be helpful to characterize indoor concentrations and limit exposure misclassification 

(Allen et al., 2007). In combination with time-location information, Finf may be used to 

estimate separate exposures to outdoor-generated and indoor-generated pollution (Ebel 

et al., 2005; Koenig et al., 2005). Allen and colleagues showed that residential infiltration 

efficiencies exhibited substantial variation between residences and within residences 

over time (Allen et al., 2003). A study by Clark and colleagues found that infiltration 

estimates found in Toronto homes were aligned with previous estimates from similar 

climates and homes (Clark et al., 2010). The study also study confirmed a high degree 

of variation in infiltration across different residences. As a result, exposure to outdoor 

TRAP can be substantially varied even for individuals residing in close proximity and 

experiencing similar outdoor levels (Clark et al., 2010). Figure 1.2 shows an example of 

the Finf model results for the heating seasons mapped by residential parcels in Seattle, 

Washington and Victoria, British Columbia (Hystad et al., 2009). The Finf model shows 

substantial variability in infiltration between homes, and indoor residential PM2.5 

estimates ranged 5.4  µg/m3 to 9.0  µg/m3. Indoor residential estimates may better trace 

actual exposure levels, as this is where individuals spend the majority of their time, and 

therefore improve epidemiological studies of the health effects of TRAP. (Hystad et al., 

2009). 

Temperature, relative humidity, and precipitation were all
significantly related to yearly and seasonal Finf. As meteor-
ological conditions are relatively uniform across an urban
area, but vary significantly over time, the importance of
meteorology on Finf will depend on the unit of comparison of
interest for a specific application.

In the heating season, significant variation in Finf was
explained by housing characteristics obtained from SPAD in
univariate regression. Older residences had higher Finf factors
than newer homes. Large residential square footage was
associated with lower Finf. Residences classed as being in
poor condition within SPAD also had higher Finf and homes
heating with FHA had higher Finf. Low improved value
residences were also associated with higher Finf. Homes with
these characteristics are therefore less protective than others
for mitigating exposure to ambient PM2.5. These housing
characteristics will create Finf differences between homes and
therefore lead to different indoor ambient PM2.5 levels
between residences under the same outdoor PM2.5 concen-
trations.

Improved value as a predictor of PM2.5 Finf has a number
of important implications for epidemiological studies, as well
as for environmental justice research. The majority of existing
research examining socioeconomic status (SES) and air
pollution exposure focuses on how lower SES is associated
with higher smoking rates (Watson et al., 2003), greater
occupational exposures (Rotko et al., 2000), and residences
located in areas that have higher ambient air pollution
(Gunier et al., 2003; O’neill et al., 2003; Jerrett et al., 2004).
This is the first study that has found links between low
improved building value, which is likely related to low SES,
and increased Finf of ambient PM2.5 air pollution. In the
heating season, detached residences with lower improved
value had average Finf factors of 0.56 and higher improved
value homes had Finf factors of 0.41, indicating the lower
improved value homes had 37% greater Finf. Given the same
outdoor pollution concentrations, residents of lower im-
proved value homes in this study area would be expected to

receive higher exposures to ambient PM2.5 inside their
homes, a disparity which could be further magnified if
homes with lower improved value are systematically located
in areas with relatively higher ambient pollution. This
combination could lead to exposure misclassification or
measurement error for lower SES individuals and produce
larger exposure gradients between low and high SES
individuals than previously identified solely through the use
of outdoor pollution concentrations. This hypothesis needs
to be tested. Conversely, in the presence of large indoor
sources, higher infiltration factors may reduce indoor
concentrations of PM2.5 and other pollutants through
increased indoor–outdoor air exchange.

Heating with FHA was another variable from SPAD that
was important for prediction of Finf in the heating season.
This may be due to the presence of duct systems and duct
filters, which may increase Finf through increasing thermal
I/O gradients (Sherman and Chan, 2004). For example,
Sherman and Dickerhoff (1998) reported that duct systems
typically account for almost 30% of the total leakage area of
the home. Homes that use FHA heating therefore may have
higher Finf than homes that use other heating methods, such
as electric baseboards. More research however is needed to
address heating mechanisms and distribution systems and
PM2.5 Finf.

Potential Uses for Exposure Assessment
The Finf models created in this research can be applied to
epidemiological studies to improve predictions of ambient
PM2.5 found indoors. The ideal approach to incorporating
Finf would be to link health records with exposure data using
residential addresses. A Finf model based on SPAD data,
provided by residential addresses, could then be incorporated
into the exposure analysis and used to modify outdoor
ambient PM2.5 exposure estimates to represent indoor
residential exposure. Figure 4 illustrates an example of the
Finf model results for the heating season mapped by
residential parcels. The Finf model results are shown as well

Non residential

Finf= 0.60 [9.0 !g/m3] 

Finf= 0.51 [7.65 !g/m3] 

Finf= 0.45 [6.75 !g/m3] 

Finf= 0.36 [5.4 !g/m3]

F inf Model & Predicted
Indoor Ambient PM2.5 

Figure 4. Finf detached model results in the heating season and predicted indoor ambient PM2.5 from outdoor ambient concentrations (15 mg/m3).

Residential infiltration modeling Hystad et al.

Journal of Exposure Science and Environmental Epidemiology (2009) 19(6) 577

 

Figure 1.2  Finf detached model results in the heating season and predicted indoor ambiet 
PM2.5 from outdoor ambient concentrations (15 ug/m3) (Hystad et al., 2009). 

Therefore, accurate assessment of the risks posed by particle exposures is 

dependent on our ability to characterize indoor concentrations of outdoor particles 

(Sarnat et al., 2006). The use of continuous and semi-continuous particle monitors allow 

for the estimation of infiltration efficiencies of outdoor pollution and requires neither the 

collection of a physical sample nor any composition analysis, making the use of such 
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monitors practical in epidemiologic studies that rely on outdoor concentrations to assign 

exposure (Allen et al., 2007). 

1.5 Emerging TRAP exposure tools and methods 

Assessing indoor levels of traffic-generated pollution through the collection and 

analysis of settled house dust is a new area of study. Pollutants in house dust are an 

important contributor of indoor pollution and dust is a commonly used tool for assessing 

environmental exposures to biological pollutants in epidemiologic studies of asthma and 

allergy (Roberts et al., 2009). Settled house dust is a sink and repository for particle-

bound matter and semi-volatile organic compounds. While the accumulation of house 

dust depends on several factors (e.g. infiltration efficiency, pollutant source, cleaning 

practices, sampling surface), dust concentrations and loadings of pollutants show less 

variation over time than do air concentrations and may therefore be a better indicator of 

long-term conditions inside residences (Egeghy et al., 2005).  

In addition to the commonly measured antigens, researchers have begun to 

measure dust concentrations of phthalate esters and evaluate relationships with allergic 

symptoms and asthma (Bornehag et al., 2004; Kolarik et al., 2008). Should traffic-related 

chemical compounds be readily detected in house dust, the quantification of tracers in 

house dust may prove a useful exposure assessment approach that incorporates both 

the spatial patterns of outdoor traffic pollution concentrations and the infiltration of those 

pollutants into the indoor environment. 

One such group of tracers is the hopane class of organic compounds. Hopanes 

are pentacyclic triterpanes commonly containing 27 to 35 carbon atoms in a naphthenic 

structure composed of four six-membered rings and one five membered ring (Figure 1.2) 

(Omar et al., 2006). Hopanes are not found in gasoline and diesel fuel because they are 

in the higher boiling fraction of petroleum, but are present in engine oil lubricants (Omar 

et al., 2006; Pakbin et al., 2009; Zakaria et al., 2001). As a result, these compounds are 

commonly used as tracers for diesel and gasoline emissions, and are particularly useful 

on account of their relative stability and involatile nature in the atmosphere (Kleeman et 

al., 2008; Turlington et al., 2010). Rogge and colleagues showed that approximately 

85% of all particle-associated hopanes emitted to the atmosphere in Los Angeles 

originate from internal combustion (Rogge et al., 1993). 
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Figure 1.3 General structure of a hopane. 

Hopanes are commonly used in receptor model source apportionment studies 

(Linet al., 2010). According to Zielinska and colleagues, the three most abundant 

hopanes are 17α(H),21β(H),29-norhopane, 17α(H),21β(H)-hopane, and 22,29,30-

trisnorneohopane (Zielinska et al., 2004). Olson and McDow quantified spatial 

differences in organic source markers near a highway in North Carolina (Olson & 

McDow, 2009). Among the 33 commonly used source markers, the researchers found 

significant differences in concentrations sampled in air between near (10 metres) and far 

(75 metres) locations for elemental carbon (EC) and three hopanes (17α(H),21β (H)-30-

norhopane, 17α(H),21β(H)-hopane, 22S-17α(H),21β(H)-30-homohopane). Still, the 

potential for indoor dust as a tool for assessing exposure to outdoor-generated pollution 

has not been extensively evaluated. Future research aimed specifically at traffic-pollution 

constituents likely to have few indoor sources and with the capacity to discriminate near-

source traffic and background traffic is needed to interpret the epidemiologic studies 

attempting to link traffic to adverse health outcomes (HEI, 2010). 

The overall objective of this study is to evaluate hopanes as a tool for assessing 

chronic exposure to traffic-related air pollution (TRAP). Sub-objectives were to: 

a) Estimate NO2 exposure from a LUR model in Windsor and compare that with 

measured personal and dust hopane concentrations. 

b) Examine potential modifiers that could alter the LUR-dust hopane 

relationship. 

c) Examine potential modifiers that could alter the LUR-personal hopane 

relationship.  

d) Evaluate the micronenvironments and activities contributing to personal 

TRAP exposure as indicated by personal hopane concentrations. 
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2: METHODS 

2.1 Study area 

Windsor is the 20th largest city in Canada, with a 2006 population of 

approximately 216,473 (Statistics Canada, 2007). The city is impacted by both domestic 

and international sources of air pollution including; local industrial and municipal point 

sources, commercial and residential area sources, and transportation sources that 

contribute to both domestic and transboundary air quality issues on both sides of the 

border (Wheeler et al., 2008). There are border crossings at the Ambassador Bridge and 

the Detroit-Windsor Tunnel. These crossings, along with the Bluewater Bridge, which 

connects Sarnia and Port Huron, are the busiest international crossings between 

Canada and the United States. Collectively, they represent nearly half of the traffic 

volume crossing between Canada and the United States, with more than 75,000 

vehicles crossing the border each day (Wheeler et al., 2008). 

2.2 Study population and design 

In 2005 and 2006, Health Canada and the University of Windsor conducted a 

personal exposure study in Windsor, in which study participants were recruited from the 

larger Windsor Children’s Respiratory Health Study (Dales et al., 2009), Forty-eight 

adults (parents of the study participants in the (Dales et al., 2009) study) participated in 

2005, and 48 asthmatic children (ages 10-13 years) participated in 2006. Because some 

participants were monitored in both seasons, we define a “monitoring event” as a 5-day 

monitoring session for an individual participant. From this study, we analyzed 

environmental samples from a total of 42 monitoring events among 28 of the children 

who participated in 2006. Residential indoor and outdoor exposures were assessed over 

a period of 10 days, with a total of 5 sampling days each in the winter (January-March) 

and summer (July-August). Fourteen of 28 participants’ homes received both summer 

and winter measurements. Eleven participants were monitoring only during summer, and 

3 participants were monitoring only in winter.  
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The Health Canada REB and the University of Windsor REB approved the study 

protocol and material.  

2.3 Data sources  

Home outdoor NO2 monitoring was conducted using Ogawa passive samplers 

(Ogawa & Co., Pompano Beach, FL, USA) for five days. Ogawas were deployed for five 

24-hr periods, and each home’s outdoor NO2 mean required at least 4 valid 24-hour 

samples to be included in the analysis.  

The outdoor monitors were mounted on a tripod at a height of 1.5 metres in each 

participant’s backyard and sheltered under a stainless steel rain shelter to prevent 

damage from excess sun or precipitation. Sampling times were approximately 24 ± 3 

hours for each NO2 badge (Wheeler et al., 2011). 

Four continuous 2-week outdoor NO2 measurements were also collected for 

each home as part of a spatial monitoring program that made use of the participant’s 

back yard for security. Not all participants have this measurement because the initial 

purpose of this outdoor NO2 measurement was for the construction of the LUR model. 

Hence not every home constituted a “spatial monitoring” site for the purpose of LUR 

model construction. These two-week measurements were collected simultaneously at 

approximately 50 locations in Windsor in February (winter), May (spring), August 

(summer), and October (fall). In the case where participants declined to participate at a 

given time period, sampling was not always completed for NO2 for all sites in each of the 

4 sampling sessions. 

Indoor 24-hr PM2.5 filter samples were collected using personal environmental 

monitors (PEM) and continuous personal PM2.5 concentrations were measured using 

DustTraks operated actively with size-selective inlets. During summer 2006, an 

additional pre-fired quartz 37mm fibre filter (Pall-Gelman, Missisauga, Ontario) was 

placed in another PEM to collect the pre-separated particulates (PM2.5) over five 

consecutive 24-hour periods at a flow rate of 1.8 lpm. Samplers were checked daily to 

ensure that they were within 10% of the target 1.8 lpm target flow rate. 

Participants also carried an active sampling personal DataRAM (pDR) (Thermo 

Scientific, Waltham, MA, USA) to measure continuous PM2.5 over a 5-day period (Figure 

2.1). The personal sampler was contained within a backpack and participants were 
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asked to carry it with them wherever they went, leaving the backpack close to them to 

capture their exposure to air pollution when they were not able to carry it, such as during 

play, showering, and sleep. Similar to the filter used in the indoor sampling, during the 

winter and summer a pre-fired quartz 37mm fibre filter (Pall-Gelman, Missisauga, 

Ontario) was placed in line after the pDR to collect the pre-separated PM2.5 that passed 

through the inlet and the pDR unit. The filter was in place for over the entire 5 days of 

each season at a flow rate of 1.8 litres per minute. A separate PEM with a Teflon filter 

was used to collect PM2.5 particulates on a daily basis for 5 x 24-hr periods.  

 
 

Figure 2.1 Personal monitoring device. 

Settled dust was collected from the floor in the main activity room of each 

participant’s home using the High Volume Surface Sampling System (HVS3) vacuum 

(Figure 2.2). Samples were typically collected at the conclusion of the PM2.5 monitoring 

sessions to ensure that the vacuuming did not interfere with those measures. Dust 

sampling occurred between the months of February and June.  

As a result, the settled dust was not collected during the same time period as the 

personal and indoor air samples (Table 3.1). Technicians vacuumed a 4m2 section of 

floor in the most used living area for a period of 4 minutes. Technicians were asked to 

ensure the collection of at least one gram of dust for analysis; a small weighing scale 

was used to pre- and post-weigh the amber glass bottle used to collect the sample in the 

field. In the event that less than 1 gram of dust was collected during this time period, 

technicians would sample another 4m2 section of floor until a total of 1 gram of dust was 
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collected. Technicians noted any deviation in the total sample area. Samples were 

stored in the amber glass jars and a brown paper bag for shipping. From the field, the 

samples were shipped with a cold pack in a cooler. They were then initially stored for 

approximately 18 months at -80°C before being transferred (in a cold cooler) to a regular 

freezer set at a temperature of -4°C.  

On receipt of the samples, the dust was sieved before extraction with a non-

metallic, 300µm sieve to remove any coarse material. Dust samples were further sieved 

into <150µm size fractions for analysis.  

 

Figure 2.2 High volume surface sampling system (HVS3) vacuum. 

The 5-day indoor and personal PM2.5 quartz fibre filters and the dust samples 

were analyzed for a suite of organic compounds, including several hopanes, by gas 

chromatography/mass spectrometry (GC/MS). From the field, the samples were shipped 

with a cold pack in a cooler. They were then initially stored for approximately 18 months 

at -80°C before being transferred (in a cold cooler) to a regular freezer set at a 

temperature of -4°C. The samples were then thawed for sorting, refrozen (at -18°C) and 

shipped cold to a -10°C freezer before being analyzed. For analysis, samples were 

prepared in an isooctane solution and passed through an ASE 200 (Accelerated Solvent 

Extractor), Zymark TurboVap. The six hopanes analyzed are included in Table 2.1. 
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Table 2.1 Hopanes analyzed in dust samples. 

Hopane abbreviations Full chemical name 

H17a 17α(H)-22, 29, 30-Trisnorhopane 

a_b_nor 17α(H), 21β(H)-30-Norhopane 

a_b_hop 17α(H), 21β(H)-Hopane 

b_a_hop 17β(H), 21α(H)-Hopane 

H22S 17α(H), 21β(H)-22S-Homohopane 

H22R 17α(H), 21β(H)-22R-Homohopane 

 

Figure 2.3 summarizes the number of hopane sampling events collected using 

indoor air, personal air, and dust sampling methods. !"#$%&'(%')*+$,%-.%/-#&'$%0&*#12'3%45$'67%
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Figure 2.3 Type and number of hopane sampling events. 

Time-activity patterns of each participant were recorded daily in time activity 

diaries (TADs).  For each period, they noted their activities in open text and selected one 

of six microenvironments: indoors at home, outdoors at home, in transit, at work/school, 

indoors away from home and outdoors away from home. Field technicians using a 

questionnaire also collected additional data relating to housing characteristics, such as 

the presence or absence of an attached garage and approximate age of the home. All 

home surveys and diaries were independently entered twice and compared 

electronically to each other to identify any discrepancies in the data entry. 
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A LUR model (2005) of annual average NO2 concentration was previously 

developed for Windsor. A total of 75 variables were generated in 4 categories to 

characterize road network, population density, land use and point sources at different 

radii around each sampling site (Figure 2.4). The LUR modelling made use of the 2-

week integrated NO2 measurements obtained through Ogawa passive samplers and 

described earlier. The final predictors of NO2 used in the LUR model were proximity to 

the Ambassador Bridge (the main Canada—U.S. border crossing point), and proximity to 

highways and major roads. The model predicted NO2 concentrations with an R2=0.77 

(Wheeler et al., 2008). 

final model was again derived from the multiple regression
analysis using the smaller data set, and the pollutant
concentrations for these excluded sites were predicted using
this ‘validation model’ for the excluded locations. These
were then plotted against the concentrations actually
measured at these five monitoring sites (Fig. 2). Results
suggest that the final versions of the models are reliably
predicting the majority of the pollutants. There appears to
be little heteroskedacity and no outliers for the four
pollutants’ validation models. All sites were included in the
analysis and spatial autocorrelation did not significantly
affect the final LUR model R2 or standard errors as tested
by removing one of any two pairs of monitors that were
within 500m (6 monitors removed) or 750m (12 monitors
removed) of each other. Ninety percent of all the sample
pairs were separated by greater than 300m and this
distance was over 600m for 70% of the pairs.

This study is, to our knowledge, the first to use LUR in
North America to predict not only traffic-related pollu-
tants such as NO2, but also pollutants with multiple
sources, such as SO2, benzene, and toluene. The use of

multi-seasonal monitoring to investigate seasonal as well
spatial variability for these pollutants is also unique.
The consistent findings for each monitoring site suggest

that there is a rank order of high to low concentrations that
remained consistent at each site throughout the different
seasons. The actual concentrations measured at each site
however, were different in each season (Table 3) and these
differences could potentially lead to an under or over-
estimation in assigning an annual exposure if, for example,
the NO2 model was created using data collected during
spring rather than winter. The LUR models have been
developed in this case to assess schoolchildren’s chronic
exposure to air pollution and to identify the gradients from
high to low exposure, as well as to assess the validity of
assuming that a specific location has higher concentrations,
in terms of ranking, throughout the year. The seasonal
differences in concentrations would be more significant if
attempting to assign an absolute value for determining the
impact of air pollutants upon acute reductions in health
outcomes such as respiratory disease. Future results from
our multi-year monitoring program will help to address
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Fig. 1. Land-use regression maps for NO2, SO2, benzene, and toluene.
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Figure 2.4 Land-use regression NO2 map of Windsor, Ontario (2005) (Wheeler et al., 2008). 

Using the continuous DustTrak data, we estimated for each season and home 

the residential PM2.5 Finf, defined as the fraction of the outdoor concentration that 

penetrates indoors and remains suspended, using a censoring algorithm and recursive 

mass balance model applied to the continuous indoor and outdoor PM2.5 data. (Allen et 

al., 2003; Allen et al., 2007).  
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2.4 Data analysis 

We used correlation coefficients and scatterplots to assess the relationship 

between hopanes in indoor dust, indoor air, and personal air and two indicators of 

outdoor TRAP. Because our main interest was in assessing hopanes in house dust as a 

tool for assessing chronic exposure to TRAP, our primary comparison was with annual 

average NO2 concentration modeled outside the home using LUR. As a secondary 

comparison, we also compared hopane concentrations with NO2 concentrations 

measured with Ogawas outside each home. These were selected as the indicators of 

outdoor TRAP because NO2 is a commonly used indicator of TRAP in epidemiologic 

studies and these two measures represent both annual average (LUR) and short-term 

(Ogawa) averaging times for comparison. While the indoor and personal air hopanes 

were compared with the corresponding 5-day outdoor NO2 measurements, dust hopanes 

were compared with one of four 2-week outdoor NO2 measurements in 2006 that most 

closely matched the indoor dust sampling date.   

Dust hopane concentrations were normalized to total dust collected (ng/mg).  We 

assessed both the individual hopanes, as well as the sum of all hopanes, and made the 

following comparisons:   

Primary comparison: 

• indoor dust hopane concentration and the annual average NO2 concentration 

modeled outside the home using LUR 

Secondary comparisons: 

• personal air 5-day hopane concentration and the annual average NO2 

concentration modeled outside the home using LUR; 

• indoor air 5-day hopane concentration and the annual average NO2 

concentration modeled outside the home using LUR; 

• indoor dust hopane concentration and the two-week NO2 concentration 

measured outside the home that most closely matches the date of dust 

collection; 

• personal air 5-day hopane concentration and the 5-day NO2 concentration 

measured outside the home and collected during the same 5-day period; 

• indoor air 5-day hopane concentration and the 5-day NO2 concentration 

measured outside the home and collected during the same 5-day period. 
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To ensure that measurements reflect only spatial variability, LUR measurements 

were adjusted for the impact of temporal variability (Hoek et al., 2002). In this study, the 

LUR model was temporally adjusted using data from the two National Air Pollution 

Surveillance (NAPS) monitors in Windsor (NAPS 2006) to adjust for the mean NO2 

concentrations 7 days, 14 days, 28 days, 56 days, 84 days, 112 days, and 140 days 

before the date of dust sampling, and 5-days after the start of the personal and indoor 

monitors. The mean NO2 concentrations at the NAPS sites over these time periods were 

then divided by the annual average to produce a temporal adjustment factor. This factor 

was multiplied by the LUR-derived annual estimate to create a temporally adjusted NO2 

concentration representing various time periods. In addition, because differences in Finf 

and housing characteristics may modify the relationships between outdoor 

concentrations and personal exposures to TRAP, we stratified the above comparisons 

into two groups based on the median infiltration efficiency, and based on the presence of 

an attached garage. We also stratified the personal monitoring data based on time spent 

at home, away from home, and while commuting (above/below the median).  Interaction 

models were constructed to test for differences in model slopes and intercepts by 

infiltration efficiency and presence of an attached garage (for the comparisons involving 

dust hopane concentrations), and by time-location patterns (for the comparisons 

involving personal hopane concentrations).  

To account for outliers and to test the effect of certain influencing factors on our 

original hopane relationships, we plotted the residuals of those relationships against the 

following covariates: 

• Dust hopanes vs. LUR NO2 residuals vs. “Age of Home” 

• Personal hopanes vs. LUR NO2 residuals vs. “Time Spent in Transit” 

• Personal hopanes vs. LUR NO2 residuals vs. “Time Spent frying, grilling 

sautéing and broiling” 

Note: The residuals of the “dust hopanes vs. LUR NO2” relationship were not plotted 

against the “Time spent frying and cooking” because the time periods in which the data 

was collected did not coincide.   

Data analysis was performed with statistical application package SAS Version 

9.2 (SAS Inc., Cary, NC). 
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3: RESULTS 

3.1 Summary statistics 

The 28 participants had a mean (± SD) age of 10.9 (± 0.79) years and 39% were 

female (Table 3.1). A total of 42 monitoring events included at least two hopane-related 

measurements (dust, indoor air and/or personal air). The study sample size varied 

among the exposure indicators because of missing data (Figure 2.3). With one 

exception, sampling start dates were the same for 5-day personal air hopanes, 5-day 

indoor air hopanes (winter only), and 5-day outdoor NO2. The lone exception (home #1 – 

Table 3.1) was included as the start dates differed by only one day.  

The homes were single-family detached homes spatially distributed across 

Windsor. In the 15 homes that included summer and winter 5-day outdoor NO2 

measurements, 14 of the samples had the higher NO2 concentrations in the winter. 

Conversely, among the 14 participants with personal PM2.5 samples in both seasons, 

there was no clear seasonal pattern in personal exposures (Table 3.1).  

Less than 1% of the individual hopane concentrations fell below the limit of 

detection and these (a total of 4 values) were limited to the H22S and H22R compounds. 

The values below the limit of detection in both cases were corrected using LOD/2. On 

average, a_b_nor registered the highest concentration of all 5 personal and indoor air 

hopanes sampled.  

Variation across samples is observed for the majority of the exposure indicators 

and potential modifying factors. Infiltration efficiency, however, had an inter-quartile 

range of only 0.13 (Table 3.2). Average infiltration efficiencies measured in summer 

months (0.29 ± 0.16) were similar to those measured in the winter (0.22 ± 0.09). The 

average infiltration value across all homes and seasons was 0.27 (Table 3.2). In other 

words, on average, 27% of outdoor fine particles infiltrate indoors. Limited variation was 

also observed for the LUR-derived NO2 estimates (IQ range of less than 3.0 ppb). As 

well, participants spent the majority of their time (roughly 74.6%, on average) indoors at 

home.  



 

 26 

The suite of individual dust hopanes correlated strongly with each other with a 

maximum correlation of r=0.95 (p<0.01) between a_b_nor and H17a (n=27) and a 

minimum correlation of r=0.73 (p<0.01) between H22R and H17a (n=27).  

The suite of individual personal hopanes also correlated strongly with each other 

with a maximum correlation of r=0.95 (p<0.01) between H22S and H22R (n=42) and a 

minimum correlation of r=0.50 (p<0.01) between H22R and H17a (n=42).  

The suite of individual indoor hopanes registered moderate to high correlations 

with each other with a maximum correlation of r=0.90 (p<0.01) a_b_hop and H22S 

(n=25) and a minimum correlation of r=0.37 (p=0.07) between H22R and H17a.  
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Table 3.1 Summary of Windsor, Ontario data including sampling periods, exposure 
indicators and select modifiers. 
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Table 3.2 Summary statistics of exposure indicators and potential modifiers. 

Variable N Mean Standard 
Deviation 

25th 
Percentile 

Median 75th 
Percentile 

LUR NO2 – 2005 
(ppb) 40 14.12 2.06 12.79 13.88 15.15 

5-day Outdoor 
NO2 (ppb) 42 16.05 6.61 11.10 16.05 21.30 

2-week Outdoor 
NO2 (ppb) 25 19.82 5.99 17.90 21.70 23.90 

Infiltration 
efficiency - Finf 41 0.27 0.14 0.18 0.24 0.31 

Dust hopanes 
(ng/mg) 27 5.56 2.80 2.80 5.62 7.44 

Personal air 
hopanes (pg/m3) 42 518.95 257.00 356.75 446.76 631.52 

Indoor air hopanes 
(pg/m3) 25 445.86 133.79 345.17 430.83 529.11 

Time spent in 
home (%) 42 74.61 9.12 67.40 74.45 79.00 

Time spent in 
transit (%) 42 3.85 2.98 1.40 3.45 5.40 

Time spent at 
school (%) 42 7.80 9.74 0.00 0.00 18.90 

3.2 Exposure metric correlations 

The total concentration of hopanes in dust was moderately correlated (Pearson’s 

r = 0.46; Spearman’s r = 0.58; n = 26) with the annual average outdoor NO2 

concentration estimated from the LUR model (Table 3.3; Figures 3.1 and 3.2). Temporal 

adjustments of the LUR NO2 (to shorter averaging times hypothesized to match the 

period captured by dust samples) using the two fixed, government monitoring sites in 

Windsor decreased the dust-LUR correlations slightly (Appendix; Table A.1). Dust 

hopanes were not correlated (Pearson’s r = 0.07; Spearman’s r = 0.05) with the 

measured outdoor NO2 concentrations, though the correlations are based on only 16 
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observations (Table 3.3). Correlations between dust hopanes and both indoor air and 

personal air hopanes were also very weak (Table 3.3).  3 

Figure 3. Annual average land-use regression NO2 map of Windsor, Ontario, Canada.5 Table 1. Summary statistics of exposure indicators and potential modifiers. 
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An assessment of hopanes in settled dust and air as indicators of  
exposure to traffic-related air pollution in Windsor, Ontario 

   
 

Study Design and Population 

  
•  Study conducted in during winter and summer of 2006 in 

Windsor, Ontario, Canada. 
•  42 monitoring events among 28 asthmatic children (Age: 

10 to 12 years; all detached single-family homes). 
•  Exposure indicators: 

•  Hopanes in settled dust. 
•  Hopanes in indoor air & personal air PM2.5 (5-day 

samples). 
•  Residential outdoor NO2 (2-week samples). 
•  NO2 land use regression model (annual average). 

 

 
 
 
 
 
 
 

Data Collection 

  
•  Settled dust was collected from the floor in the main activity 

room using the High Volume Surface Sampling System 
(HVS3) vacuum (Figure 2.a.) 

•  Participants carried an active sampling personal DataRAM 
(pDR) to measure continuous PM2.5 over a 5-day period 
(Figure 2.b.). 

•  Home outdoor NO2 monitoring was conducted using Ogawa 
passive samplers (Figure 2.c.) and used to construct LUR 
NO2 map.  

•  Time-activity patterns of each participant were recorded daily 
in time activity diaries.  

 
 
 
 
 
 
 
 
 
 
 
 
Data Analysis 

   
•  Dust hopanes vs. LUR NO2 correlations. 

•  Pearson and Spearman.  
•  Dust hopanes stratified by:  
  a) Infiltration efficiency of home. 
  b) Presence or absence of attached garage. 

•  Total personal PM2.5 hopanes vs. LUR NO2 correlations. 

•  Pearson and Spearman  
•  Personal hopanes stratified by: 
  a) Time-location patterns of participants. 
  b) Presence or absence of attached garage. 

•  To ensure that measurements reflect only spatial 
variability, LUR measurements were adjusted for the 
impact of temporal variability.4  
•  Adjusted using data from the two National Air Pollution 

Surveillance (NAPS) monitors in Windsor (NAPS 2006).  
 

•  Strong evidence links traffic-related air pollution (TRAP) 
to respiratory and cardiovascular morbidity/mortality.1 

•  Exposure assessment issues for TRAP are complex. 
•  Spatially heterogeneous. 
•  Infiltration (fraction of outdoor concentration that comes 

indoors) varies between & within homes.2 
•  Numerous pollutants in the TRAP mixture.  
•  Non-traffic related sources contribute identical pollutants to 

the ambient and indoor air mix. 
•  Majority of time spent indoors. 

 

•  Indoor dust as an exposure assessment tool. 

•  Commonly used for biological pollutants (e.g. allergens). 

•  Use in assessment of exposure to traffic-related air 
pollution has not been extensively evaluated. 

 

•  Hopanes offer potential as a tracer in dust. 

•  Relatively stable organic compounds. 
•  Found in engine lubricating oil (not in diesel/gasoline fuel).3 

•  Trace amounts are released during combustion in both gas 
and diesel vehicles. 
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INTRODUCTION 

OBJECTIVE 
•  To evaluate hopanes as a tool for assessing chronic 

exposure to traffic-related air pollution (TRAP). 

•  Moderate correlations between indoor dust hopanes and LUR NO2 model. 
•  Hopanes in dust show promise as an exposure assessment tool. 
•  Enhanced utility out of dust samples already collected. 

•  No clear influence of infiltration efficiency or presence of an attached garage on the dust-LUR relationships. 
•  Limited infiltration variability in tightly sealed Windsor homes. 

•  Similar data from Vancouver will allow us to compare hopanes w/ LUR (NO, NO2, and black carbon) in a city with greater 
variation in infiltration and possibly LUR NO2. 

2. Exposure Metric Correlations 
 

•  Variation in hopanes consistently above detection limits. 
•  Majority of time indoors at home (approximately 75 %).  

•  Limited variation in LUR-derived outdoor NO2.  
•  Limited variation in infiltration efficiency of homes. 
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Variable N Mean Standard 

Deviation 
25th 

Percentile 
Median 75th 

Percentile 

LUR NO2 – 2005 
(ppb) 40 14.12 2.06 12.79 13.88 15.15 

5-day Outdoor 
NO2 (ppb) 42 16.05 6.61 11.10 16.05 21.30 

2-week Outdoor 
NO2 (ppb) 25 19.82 5.99 17.90 21.70 23.90 

PM2.5 Infiltration 
efficiency - Finf 41 0.27 0.14 0.18 0.24 0.31 

Dust hopanes 
(pg/mg) 27 5.56 2.80 2.80 5.62 7.44 

Personal air 
hopanes (pg/m3) 42 518.95 257.00 356.75 446.76 631.52 

Indoor air hopanes 
(pg/m3) 25 445.86 133.79 345.17 430.83 529.11 

Time spent in 
home (%) 42 74.61 9.12 67.40 74.45 79.00 

Time spent in 
transit (%) 42 3.85 2.98 1.40 3.45 5.40 

Time spent at 
school (%) 42 7.80 9.74 0.00 0.00 18.90 
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final model was again derived from the multiple regression
analysis using the smaller data set, and the pollutant
concentrations for these excluded sites were predicted using
this ‘validation model’ for the excluded locations. These
were then plotted against the concentrations actually
measured at these five monitoring sites (Fig. 2). Results
suggest that the final versions of the models are reliably
predicting the majority of the pollutants. There appears to
be little heteroskedacity and no outliers for the four
pollutants’ validation models. All sites were included in the
analysis and spatial autocorrelation did not significantly
affect the final LUR model R2 or standard errors as tested
by removing one of any two pairs of monitors that were
within 500m (6 monitors removed) or 750m (12 monitors
removed) of each other. Ninety percent of all the sample
pairs were separated by greater than 300m and this
distance was over 600m for 70% of the pairs.

This study is, to our knowledge, the first to use LUR in
North America to predict not only traffic-related pollu-
tants such as NO2, but also pollutants with multiple
sources, such as SO2, benzene, and toluene. The use of

multi-seasonal monitoring to investigate seasonal as well
spatial variability for these pollutants is also unique.
The consistent findings for each monitoring site suggest

that there is a rank order of high to low concentrations that
remained consistent at each site throughout the different
seasons. The actual concentrations measured at each site
however, were different in each season (Table 3) and these
differences could potentially lead to an under or over-
estimation in assigning an annual exposure if, for example,
the NO2 model was created using data collected during
spring rather than winter. The LUR models have been
developed in this case to assess schoolchildren’s chronic
exposure to air pollution and to identify the gradients from
high to low exposure, as well as to assess the validity of
assuming that a specific location has higher concentrations,
in terms of ranking, throughout the year. The seasonal
differences in concentrations would be more significant if
attempting to assign an absolute value for determining the
impact of air pollutants upon acute reductions in health
outcomes such as respiratory disease. Future results from
our multi-year monitoring program will help to address

ARTICLE IN PRESS

Fig. 1. Land-use regression maps for NO2, SO2, benzene, and toluene.
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1. Summary statistics and land-use regreesion NO2 map 

LUR 
NO2 

Indoor 
Air 

Hopanes 

Personal 
Air 

Hopanes 

Dust 
Hopanes R=0.21 (p=0.28) 

n=27 

R=0.44 (p<0.05) 
n=25 

R=0.46 (p<0.05) 
n=26 

R=0.07 (p<0.84) 
n=10 

R=0.50 (p<0.01) 
n=40 

R=0.20 (p=0.36) 
n=24 
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n =26 
Pearson r = 0.46 (p<0.05) 
Spearman r = 0.58 (p<0.01) 
slope = 0.68 

•  Total concentration of hopanes in dust was moderately correlated with the annual average outdoor NO2 concentration 
estimated from the LUR model (Pearson’s r = 0.46; Spearman’s r = 0.58; n = 26) (Figure 4 and 5). 

•  The LUR NO2 also showed a moderate positive correlation with personal air hopanes (Pearson’s r=0.50; Spearman’s 
r=0.43; n = 40) (Figure 4). 

Figure 4. Summary web of exposure indicator correlations. Figure 5. Total dust hopanes vs. LUR NO2. 
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Attached Garage 
 
n =10 
Pearson r = 0.62 (p=0.06) 
Spearman = 0.53 (p=0.12) 
slope = 0.63 
 

LIMITATIONS 
•  Dust does not have a constant averaging time.  
•  LUR and dust represent relatively long averaging times, but 

personal air samples are limited to a five-day period. 
•  LUR model in Windsor are gases (NO2) and not particles. 

•  Limited variability in LUR NO2 and infiltration. 
•  Relatively small sample size in Windsor.  
•  Possible indoor sources of hopanes (?). 
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•  Upon stratification, homes with an infiltration efficiency 
greater than the median had a higher dust hopane-
LUR correlation (r = 0.52, n=14), while homes below 
had a lower correlation (r = 0.42, n=12)  (Figure 7).  

•  Similar relationships after stratifying by infiltration efficiency. 
•  Steeper slope in “leaky” homes was not observed. 

•  Upon stratification, homes with an attached garage had a 
higher dust hopane-LUR correlation (r = 0.62, n = 10) 
than homes without an attached garage (r = 0.33, n = 16) 
(Figure 6).  

•  Similar relationships after stratifying by attached garage.  
•  Stronger correlation in homes without garage was not 

observed. 
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Figure 6. Dust hopane vs. LUR NO2 – stratified by “attached garage”. 
. 

Figure 7. Dust hopane vs. LUR NO2 – stratified by “infiltration efficiency”. 

No Attached Garage 
 
n =16 
Pearson r = 0.33 (p=0.21) 
Spearman = 0.50 (p=0.05) 
slope = 0.66 
 

Infiltration efficiency > median (0.24) 
 
n =14 
Pearson r = 0.52 (p=0.07) 
Spearman r = 0.60 (p<0.05) 
slope = 0.64 
  

3. Modifiers of Dust Hopane-NO2 Relationships 
 

Infiltration efficiency < median (0.24) 
 
n =12 
Pearson r = 0.42 (p=0.19) 
Spearman r = 0.60 (p<0.05) 
slope = 0.71 
 

 

Figure 3.1 Summary web of exposure indicator correlations. 

The LUR NO2 also showed a moderate positive correlation with personal air 

hopanes (Pearson’s r=0.50; Spearman’s r=0.43; n = 40), but a weaker positive, non-

significant correlation with indoor air hopanes (Pearson’s r=0.20; Spearman’s r=0.23; n = 

24) (Figure 3.3; Table 3.3). A moderate correlation was seen between personal air 

hopanes and indoor air hopanes (Pearson’s =0.44; Spearman’s r=0.63; n=25). 

Correlations with LUR NO2 for individual hopanes in the house dust (ranges: 

Pearson’s r = 0.38 – 0.52; Spearman’s r = 0.44 – 0.58), indoor air (ranges: Pearson’s r = 

0.08 – 0.27; Spearman’s r = 0.10 – 0.27) and personal air (ranges: Pearson’s r = 0.33 – 

0.50; Spearman’s r = 0.30 – 0.42) were very similar to the correlations for total hopane 

concentrations (Table A.2).  For dust and personal air, the hopane most correlated with 

long-term outdoor NO2 was a_b_nor, while for indoor air the highest correlation was 

found for a_b_hop.  

We found that after accounting for LUR NO2, "time spent cooking" did not explain 

any additional variance in personal hopane concentrations. 
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Table 3.3 Correlations between summed hopane-related variables and two outdoor TRAP 
indicators. 

Dust hopane 
concentration* 

Personal air 
hopane 

concentration** 

Indoor air hopane 
concentration** 

Outdoor NO2 
concentration 

Variable 

Pearson Spearman Pearson Spearman Pearson Spearman Pearson Spearman 
0.21  

(p=0.28) 
0.25 

(p=0.21) 
Personal air 
hopane 
concentration** n=27 

   

0.07 
(p=0.84) 

0.12 
(p=0.75) 

0.44 
(p<0.05) 

0.63 
(p<0.01) 

Indoor air 
hopane 
concentration** n=10 n=25 

  

0.07 
(p=0.81) 

0.05 
(p=0.86) 

0.21 
(p=0.18) 

0.28 
(p=0.07) 

-0.13 
(p=0.53) 

-0.16 
(p=0.44) 

Outdoor NO2 
concentration 

n=16 n=42 n=25 

 

0.46 
(p<0.05) 

0.58 
(p<0.01) 

0.50 
(p<0.01) 

0.43 
(p<0.01) 

0.20 
(p=0.36) 

0.23 
(p=0.27) 

0.32 
(p<0.05) 

0.27 
(p=0.09) 

LUR NO2 
estimate 

n=26 n=40 n=24 n=40 
*two-week average outdoor NO2 concentrations that most closely approached the dust sampling period were used in 
calculating these correlations.   
**five-day average outdoor NO2 concentrations that matched the personal and indoor air sampling periods were used in 
calculating these correlations.   

 

Figure 3.2 Total dust hopanes vs. lUR NO2. 
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Figure 3.3 Total personal hopanes vs. LUR NO2. 

3.3 Modifiers of Hopane-NO2 Relationships 

The presence of an attached garage and infiltration efficiency were evaluated as 

potential modifiers of the dust hopane – LUR NO2 correlations. Though based on small 

numbers of samples, homes with an attached garage had a higher dust hopane – LUR 

correlation (r = 0.62, n = 10) than homes without an attached garage (r = 0.33, n = 16) 

(Figures 3.4 and 3.5). The slopes of the two stratified relationships were very similar in 

magnitude (0.63 vs. 0.66; p=0.96). 

A similar effect was observed between the LUR NO2 and the personal hopanes 

in the presence of an attached garage (r = 0.59 vs. 0.47) (Appendix; Table A3). Neither 

the slopes (p=0.51) nor the intercepts of the two relationships were different (p=0.16).  

We found that after accounting for LUR NO2, "Age of Home" did not explain any 

additional variance in dust hopane concentrations. 
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Figure 3.4 Dust hopane concentrations versus land-use regression NO2 concentration  
stratified by presence of “attached garage”. 

 

Figure 3.5 Dust hopane concentrations versus land-use regression NO2 concentration – 
stratified by absense of “attached garage”.  
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Similar relationships after stratifying by infiltration efficiency were observed. The 

correlations between dust hopanes and LUR NO2 were similar for homes above and 

below the median Finf of 0.24. Homes with an infiltration efficiency greater than the 

median had moderate to strong correlations (Pearson’s r = 0.52; Spearman’s r =0.60), 

while homes below the median Finf had moderate correlations (Pearson’s r = 0.42; 

Spearman’s r =0.60) (Figures 3.6 and 3.7; Appendix; Table A.4). When comparing the 

regression results for homes with an infiltration efficiency greater than the median to 

homes with an infiltration efficiency below the median, neither the slopes (p=0.86) nor 

the intercepts were different (p=0.88). 
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Figure 3.6 Dust hopane concentrations versus land-use regression NO2 concentration – 
stratified by infiltration efficiency greater than the median of 0.24. 

 
Figure 3.7 Dust hopane concentrations versus land-use regression NO2 concentration – 

stratified by infiltration efficiency greater than the median of 0.24.  
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The correlations between personal hopanes and LUR NO2 were similar among 

participants whose percentage time spent at home was above the median of 74.45% 

and those whose percentage time spent at home was below the median (Figures 3.8 

and 3.9; Table A.5). The regression slope among participants who spent more than 

74.5% of their time indoors at home and the slope of participants who spent less than 

74.5% of their time indoors at home were different (p<0.05) with the former having a 

much steeper slope. The intercepts of the two relationships were marginally different 

(p=0.06). 

We found that after accounting for LUR NO2, “time spent in traffic” did not explain 

any additional variance in personal hopane concentrations. 
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Figure 3.8 Personal hopane concentrations versus land-use regression NO2 concentration 
– stratified by the percentage of time spent at home greater than the median of 
74.45%. 

 
Figure 3.9 Personal hopane concentrations versus land-use regression NO2 concentration 

– stratified by the percentage of time spent at home less than the median of 
74.45%. 
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4: DISCUSSION 

4.1 Findings 

In this analysis we evaluated hopanes as a tool for assessing chronic exposure 

to traffic-related air pollution (TRAP) and compared hopane concentrations to two 

indicators of outdoor TRAP.  

Hopanes have been cited in apportionment studies and reviews as indicators for 

mobile source emissions (Lin et al., 2010), as well as studies examining spatial 

differences in organic source markers near a highway (Olson & McDow, 2009). 

However, our study marks the first time hopanes in settled house dust have been used 

to assess exposure to TRAP.  

The results show that hopanes measured in dust correlated better with the 

annual average (LUR) NO2 than with the outdoor (5-day and 2-week) NO2. This 

suggests that hopanes measured in dust may be more representative of long-term 

conditions (Table 3), although the small sample sizes limit our ability to draw firm 

conclusions. Adjustment of the LUR estimates to time periods thought to be more 

consistent with the period captured by dust samples did not improve the dust-NO2 

correlations. Settled house dust, depending on the location being sampled, has a 

deposition rate of 0.0022-0.08 g/m3 per day, and can act as a reservoir for organic 

compounds (Maertens, Bailey, & White, 2004). The rate of removal would of course 

depend on, among other things, the cleaning habits of the occupants, the activity of the 

occupants, the surface on which the dust has collected, as well as the composition of the 

dust itself, which varies. It seems highly likely that in homes with heavy carpet, where 

regular vacuuming does not remove all contaminants, dust has the potential to build up 

over longer periods. Upon inspection of the regression plots, several potential 

confounders including age of home, and presence or absence of an attached garage 

could not explain outliers in this data.  

Personal hopanes also correlated moderately well with the annual average (LUR) 

NO2 (r = 0.50; p<0.01). In line with other studies examining the time-location patterns of 

North Americans (Klepeis et al., 2001; Leech et al., 2002), our study participants spent 
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the majority of their time (approximately 75%, on average) indoors in the home (Table 

2). This further confirms that in order to accurately assess exposure to TRAP, indoor 

TRAP indicators, such as hopanes in dust, may be valuable. It also would suggest that 

the personal and indoor air measurements should then be relatively well aligned. In our 

study, personal and indoor hopanes were weak-to-moderately correlated (Pearson’s r = 

0.44; p<0.05; Spearman’s r = 0.63; p<0.01). Given the relatively small sample size 

(n=25), non-parametric analysis may be more appropriate in this case.  

Moderate and low correlations in comparing the dust and air hopanes to both the 

outdoor NO2, and the LUR NO2 might also be explained by the natural incongruence 

between comparing particles (hopanes) and gases (NO2). Nethery and colleagues found 

that LUR models showed the strongest ability to predict personal measures for NO2 

while outdoor NO2 monitor estimates were less predictive (Nethery et al., 2008). 

As we reported, the hopanes in air and dust showed greater variation than the 

LUR estimates. First, indoor sources of hopanes could have contributed to the increase 

in variation (indoor sources is discussed in more detail in the Limitations section below). 

Secondly, LUR models are assumed to represent long-term measures based upon how 

they are constructed. However, LUR models depend upon the NO2 measurements used 

as independent variables in the model development. Should these measurements be 

atypical of the long-term conditions, the model will then be less likely to be a good long-

term exposure predictor. Fortunately, the Windsor LUR model incorporated all four 

seasons into the model, which adds to its precision. The LUR model constructed for this 

study only modeled NO2. In a study on the application of land use regression to estimate 

certain long-term TRAP contaminants, Henderson et al. suggested that the distribution 

of NO, for example, is more heterogeneous than that of NO2 (Henderson et al., 2007). 

We must also not assume that a LUR model represents the best indicator of TRAP. 

Hopanes in dust could in fact be tracing indoor exposure to TRAP more effectively and 

accurately than the LUR model.  

4.1.1 Presence of an attached garage  

Vehicle emissions in attached garages do infiltrate and ultimately influence the 

indoor air quality of houses with attached garages (Graham et al., 2004; Hun, 2011). In 

our study, homes with an attached garage showed a stronger correlation for dust 

hopanes versus annual average (LUR) NO2 (r= 0.62, n=10), and personal hopanes 
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versus annual average (LUR) NO2 (r = 0.59, n=16). This result is not expected, as the 

garage source of hopanes should weaken the correlation with the LUR NO2 since these 

localized sources are not captured in LUR models. Possible explanations include the 

small sample size following stratification, as well as that a home with an attached garage 

does not explicitly mean that vehicles are stored or started in the garage. 

4.1.2 Infiltration efficiency 

Since the penetration of outdoor particles into the indoor environment has been 

shown to be a significant source of indoor particles (Maertens et al., 2004), and 

infiltration efficiencies vary between homes (Hystad et al., 2009) it is important to 

consider infiltration efficiency of each home as a potential modifier. Our study found that 

infiltration efficiency, however, did not significantly affect the outdoor-indoor or outdoor-

personal correlations (Figure 4). A steeper slope in “leaky” (greater than the median) 

homes was expected, but not observed. It is important to note, however, that there was 

little variation in Finf in Windsor compared to other cities. For example, Allen et al. found 

that 10-day average Finf ranged between 0.24 and 1.00 in Seattle, WA, a city with a mild 

climate where relatively few homes have air conditioning (Allen et al., 2007). The use of 

air conditioners could influence residential PM2.5 Finf, and requires further studies 

examining Finf in different climate regions during the full range of seasons (Hystad et al., 

2009). 

4.1.3 Time-location patterns 

When we stratified the personal hopane versus LUR NO2 relationship by the 

amount of time spent indoors at home, we found two different relationships (Figure 5).  

While the resulting correlation coefficients were nearly identical (r = 0.63), the significant 

difference in the two slopes confirmed that the unadjusted personal hopanes versus 

annual average (LUR) NO2 relationship masks two separate relationships. Further 

analysis showed that “time spent in transit” did not alter the personal hopane vs. LUR 

relationship. We would expect it to strengthen the relationship (i.e. the amount of 

personal variation we can explain with LUR and time in transit should be greater than the 

amount of variation we can explain with LUR alone). A possible explanation is that time-

location patterns derived from a questionnaire are relatively crude. As well, differences in 
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types of roads and modes of transport are not accounted for in the “time spent in transit” 

period. 

4.2 Limitations 

Some important limitations of this study should be noted.  First and foremost, the 

small sample size and restricted number of monitoring events over seasons limited the 

generalizability of our results. As well, it prevented further stratifications and analysis. 

Future studies with larger sample sizes and complete sets of indicators in at least 

heating and non-heating periods of the year would allow for a more robust assessment 

of factors that modify the hopane-TRAP relationships.  

While dust does integrate exposures over time, the averaging time is not 

constant, presenting a challenge in these types of indoor exposure assessment studies. 

As well, while the LUR model and dust represent relatively long averaging times, indoor 

and personal air samples are limited to a five-day period. We attempted to account for 

some this temporal variability in the data by adjusting the annual average land use 

regression estimates (NO2) with daily National Air Pollution Surveillance (NAPS) data for 

NO2 (Tables A.1.a, b, and c). The adjustment was found to have little effect on the 

correlation between the hopane predictor variables and the LUR estimate. There is also 

a paucity of data available that accurately describes the heterogeneous distribution of 

dust and its major constituents within a home (Lioy et al., 2002). A greater understanding 

of how settled dust and its constituents (particularly hopanes) are distributed temporally 

and spatially within a home could provide further insight. Certain housing characteristics 

known to influence dust deposition, such as floor covering type, were not included in this 

analysis. One significant limitation included the fact that the settled house dust was 

collected independently and outside the time period associated with personal and indoor 

air – making comparisons of the hopanes among the different media difficult.  

The fact that the LUR method used in Windsor models a gas (NO2) and not a 

particle, which is what the hopanes are tracing, poses some additional limitations. Land-

use regression methods have generally been applied successfully to model annual 

mean concentrations of TRAP particles (e.g. BC) in different settings (Hoek et al., 2008).  

Another important consideration is whether hopanes infiltrate with the same 

efficiency as other traffic-related particulate matter (PM) constituents. PM infiltration 

varies with particle size, with a maximum infiltration efficiency at approximately 0.2-0.3 
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µm (Sarnat et al., 2006), while hopane particles in heavy duty diesel emissions peaked 

in size ranges larger than 0.18 µm particle diameter under light load conditions and less 

than 0.10 µm particle diameter under heavier load conditions (Riddle et al., 2007a). 

Hopane particles released from light duty gasoline vehicles had a bimodal size 

distribution of between 0.1 and 0.18 µm diameter (with a catalyst at operating 

temperature), and between 0.18 and 0.32 µm diameter (from visibly smoking vehicles) 

(Riddle et al., 2007b). An analysis of the how different PM constituents infiltrate homes, 

as well as their suspension and deposition, warrant further examination. As well, a 

critical assumption underlying the use of hopanes molecular tracers in this type of study 

is that the compound is chemically stable. Weitkamp and colleagues measured the 

heterogeneous oxidation of hopanes in a laboratory setting (Weitkamp et al., 2008). 

Aerosolized motor oil was exposed to OH inside a smog chamber; filter samples were 

analyzed for changes in the hopanes’ molecular composition. Hopanes were found to 

react at atmospherically significant rates across the entire range of experimental 

conditions. Chemical mass balance (CMB) analysis was performed to illustrate the 

effects of oxidation and it was found that as the level of oxidation increases, CMB 

analysis increasingly underestimates the contribution of gasoline vehicles, while the 

diesel estimates are largely unaffected (Weitkamp et al., 2008). This finding could 

reduce the relative utility of the hopane compound in assessing exposure to both 

gasoline and diesel powered emissions.  

Another critical assumption made in this study is that hopanes have few sources 

beyond engine oil lubricants. We tested for indoor sources such as frying, broiling, 

grilling and sautéing, but found no significant effect on the hopane and land use 

regression relationship. A limited number of studies suggest that this may not be the 

case. In a 2008 study, three hopanes, amongst a suite of inorganic and other organic 

compounds, were measured from residential indoor, residential outdoor, and other 

outdoor microenvironments in Tampa Bay, Florida (Olson et al., 2008). The resulting 

indoor/outdoor ratio of the hopanes among nine pilot homes suggests a great deal of 

variability, and indoor/outdoor ratios > 1 in some homes suggests the potential for indoor 

sources of the three hopanes. However, the authors note that the highest indoor/outdoor 

hopane ratios were observed when outdoor concentrations were near the limit of 

detection, thus measurement error may be driving some of the high indoor-outdoor 

ratios.  Populin et al. found hopane concentrations within samples of vegetable oils, 

mussels and clams as well as of human milk (Populin et al., 2004). It is thought that 
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hopanes migrate into foodstuffs via mineral oil and mineral paraffin products found in 

food packaging (cans, polysterene containers, waxed paper, for example) (Populin et al., 

2004).  

 
Figure 4.1 Ratio of residential indoor to residential outdoor conecntrationf for selected 

PAHs and hopanes. The box defines the interquartile range and median of the 
distribution; the whiskers are the 10th and 90th percentiles of the distribution 
(adapted from Olson et al., 2008). 

A continuation of this study is already underway in Vancouver, British Columbia, 

as part the Vancouver pilot project of the Canadian Healthy Infant Longitudinal 

Development (miniCHILD) study. In addition to LUR NO2 estimates, LUR models have 

been constructed for NO and BC. One advantage this presents is the ability to compare 

particles with particles (in the case of BC), as well as the ability to examine correlations 

between NO and hopanes. Nethery and colleagues found that while both the NO and 

NO2 models were developed using the same number of samples and possess similar R2 

values, only NO demonstrated a strong relationship with personal measurements in the 

study (Nethery et al., 2008). The Vancouver study also includes hopane sampling using 
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window dust wipes and settled dust collection. As well, this study contains a larger 

sample size with two sampling visits, twice the amount of dust collected, housing 

characteristics (including floor type) and direct infiltration measurements.  

4.3 Validations 

To validate and extend the conclusions of this study for future research, we 

recommend the following: 

a) Construct similar studies with larger sample sizes, which would allow additional 

stratifications based on housing types, personal activity measures and seasonal 

variations, for example. 

b) Assess spatial variation within the home. The indoor monitor and settled dust were 

collected from the most used living area and presume that the participant spends 

the majority of his/her time in that room. Activities and time spent in one particular 

area of the home may vary temporally. 

c) To account for the potential confounding of indoor sources of hopanes, we 

recommend continuous indoor and outdoor measurements to assess the 

contribution of indoor sources (Olson et al., 2008). 

d) Loading of dust has been used in several lead/dust studies and should be 

considered in future research (Kumar et al., 2009; Petrosyan et al., 2006; Roberts et 

al., 2005; Roberts et al., 2009). In this study, we opted to use the concentration of 

the hopanes in dust because the sampling surface in each home varied – from 

hardwood floor to short, shag carpet. By applying a metric that included sample 

area, such as loading – as opposed to total dust volume – we would be introducing 

a sampling bias based on the understanding that dust collects differently on different 

surfaces.  

e) Future studies should incorporate NO (more variability) and BC (modeling particles) 

land use regression models for comparison. 

4.4 Conclusion 

There is growing evidence that traffic-related air pollution (TRAP) is related to a 

wide range of adverse health effects including asthma incidence, other respiratory and 

cardiovascular morbidities, and mortality (Brauer et al., 2002; Clark et al., 2010). 
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However, exposure assessment issues for TRAP are complex and need to be 

considered to reduce exposure misclassification and improve the power of investigations 

of health effects (Morgenstern et al., 2007; Arrandale et al., 2010). Our analysis 

demonstrated limited variation in infiltration and LUR NO2 in Windsor, Ontario. In the 

former, we assume homes are relatively tightly sealed on account of the local climate. 

We would expect increasing variability in a city such as Vancouver. As well, we have 

shown traffic-related organic compounds, such as hopanes, can be readily detected in 

house dust and may incorporate both the spatial patterns of outdoor traffic pollution 

concentrations, and the infiltration of those pollutants into the indoor environment. 

Hopanes found in settled dust may trace TRAP as a long-term metric, hence its stronger 

correlation with the annual NO2 average observed in Windsor. 

Because house dust samples are routinely collected for assessing environmental 

exposures to biological pollutants in epidemiological studies of asthma and allergy, our 

study shows the potential for enhanced utility from dust samples already collected in 

other studies. However, storage and stability of hopane samples originating from PM2.5 

and settled dust remain an area of further investigation. Overall, improving the TRAP 

exposure estimates will increase the precision of epidemiologic studies and thereby 

provide a better scientific basis for minimizing the health effects of TRAP exposure. 
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5: APPENDIX 

Table A.1.a Correlations between summed dust hopane concentrations and land-use 
regression NO2 – LUR adjusted for temporal variability using fixed location 
government (NAPS) monitors. 

 
LUR NO2 concentration Dust 

hopanes 
Pearson 0.46 

(p<0.05) 
Unadjusted 
n=26 

Spearman 0.58 
(p<0.01) 

Pearson 0.27 
(p=0.19) 

7-day 
adjustment 
n=25 Spearman 0.34 

(p=0.09) 
Pearson 0.22 

(p=0.29) 
14-day 
adjustment 
n=25 Spearman 0.24 

(p=0.25) 
Pearson 0.26 

(p=0.20) 
28-day 
adjustment 
n=25 Spearman 0.32 

(p=0.11) 
Pearson 0.33 

(p=0.11) 
56-day 
adjustment 
n=25 Spearman 0.40 

(p<0.05) 
Pearson 0.40 

(p<0.05) 
84-day 
adjustment 
n=25 Spearman 0.45 

(p<0.05) 
Pearson 0.29 

(p=0.17) 
112-day 
adjustment 
n=24 Spearman 0.41 

(p<0.05) 
Pearson 0.34 

(p=0.10) 
140-day 
adjustment 
n=24 Spearman 0.46 

(p<0.05) 
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Table A.1.b Correlations between summed personal hopane concentrations and land-use 
regression NO2 – LUR adjusted for temporal variability using fixed location 
government (NAPS) monitors. 

 
LUR NO2 concentration Personal 

hopanes 
Pearson 0.20 

(p=0.36) 
Unadjusted 
n=24 

Spearman 0.23 
(p=0.27) 

Pearson -0.10 
(p=0.65) 

5-day 
adjustment 
n=24 Spearman 0.01 

(p=0.96) 
 
 
Table A.1.c Correlations between summed indoor hopane concentrations and land-use 

regression NO2 – LUR adjusted for temporal variability using fixed location 
government (NAPS) monitors. 

 
LUR NO2 concentration Indoor 

hopanes 
Pearson 0.50 

(p<0.01) 
Unadjusted 
n=40 

Spearman  
Pearson 0.27 

(p=0.09) 
5-day 
adjustment 
n=40 Spearman  

 
 
Table A.2.a Correlations between individual dust hopanes* and two outdoor TRAP 

indicators. 

H17a a_b_nor a_b_hop b_a_hop H22S H22R Variable 
Pearson Spearma

n 
Pearson Spearma

n 
Pearson Spearma

n 
Pearson Spearma

n 
Pearson Spearma

n 
Pearson Spearma

n 
-0.10 

(p=0.72
) 

-0.04 
(p=0.89

) 

-0.01 
(p=0.97

) 

0.01 
(p=0.99

) 

0.03 
(p=0.92

) 

0.13 
(p=0.64

) 

-0.13 
(p=0.64

) 

-0.11 
(p=0.69

) 

0.26 
(p=0.33

) 

0.40 
(p=0.13

) 

0.17 
(p=0.53

) 

0.21 
(p=0.43

) 

Outdoor 
NO2 

concentratio
n 

n=16 n=16 n=16 n=16 n=16 n=16 

0.51 
(p<0.01

) 

0.56 
(p<0.01

) 

0.52 
(p<0.01

) 

0.58 
(p<0.05

) 

0.38 
(p=0.05

) 

0.49 
(p<0.05

) 

0.38 
(p=0.05

) 

0.44 
(p<0.05

) 

0.45 
(p<0.05

) 

0.58 
(p<0.01

) 

0.42 
(p<0.05

) 

0.51 
(p<0.01

) 

LUR NO2 
estimate 

 n=26 n=26 n=26 n=26 n=26 n=26 
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Table A.2.b Correlations between individual personal hopanes* and two outdoor TRAP 
indicators. 

H17a a_b_nor a_b_hop H22S H22R Variable 
Pearson Spearman Pearson Spearman Pearson Spearman Pearson Spearman Pearson Spearman 

0.30 
(p=0.05) 

0.31 
(p<0.05) 

0.25 
(p=0.12) 

0.24 
(p=0.13) 

0.19 
(p=0.22) 

0. 
(p=0.) 

0.12 
(p=0.45) 

0. 
(p=0.) 

0.11 
(p=0.47) 

0.22 
(p=0.17) 

Outdoor NO2 
concentration n=42 n=42 n=42 n=42 n=42 

0.33 
(p=0.) 

0.30 
(p=0.06) 

0.50 
(p<0.01) 

0.41 
(p<0.01) 

0.48 
(p<0.05) 

0.40 
(p<0.05) 

0.48 
(p<0.01) 

0.42 
(p<0.01) 

0.47 
(p<0.01) 

0.40 
(p<0.05) 

LUR NO2 
estimate n=40 n=40 n=40 n=40 n=40 

 
 
Table A.2.c Correlations between individual indoor hopanes* and two outdoor TRAP 

indicators. 

H17a a_b_nor a_b_hop H22S H22R Variable 
Pearson Spearman Pearson Spearman Pearson Spearman Pearson Spearman Pearson Spearman 

-0.35 
(p=0.08) 

-0.34 
(p=0.09) 

-0.03 
(p=0.90) 

0.12 
(p=0.57) 

-0.11 
(p=0.60) 

-0.07 
(p=0.75) 

-0.08 
(p=0.70) 

-0.14 
(p=0.49) 

-0.19 
(p=0.35) 

-0.07  
(p=0.74) 

Outdoor NO2 
concentration n=25 n=25 n=25 n=25 n=25 

0.08 
(p=0.70) 

0.10 
(p=0.63) 

0.15 
(p=0.50) 

0.13 
(p=0.54) 

0.27 
(p=0.19) 

0.27 
(p=0.20) 

0.22 
(p=0.30) 

0.22 
(p=0.30) 

0.09 
(p=0.68) 

0.11 
(p=0.62) 

LUR NO2 
estimate n=24 n=24 n=24 n=24 n=24 

 
* Hopane legend 
H17a 17α(H)-22, 29, 30-Trisnorhopane 
a_b_nor 17α(H), 21β(H)-30-Norhopane 
a_b_hop 17α(H), 21β(H)-Hopane 
b_a_hop 17β(H), 21α(H)-Hopane 
H22S 17α(H), 21β(H)-22S-Homohopane 
H22R 17α(H), 21β(H)-22R-Homohopane 
 
 
Table A.3 Correlations between summed hopane-related variables and land-use regression 

NO2 – Adjusted by presence or absence of attached garage. 

Unadjusted LUR NO2 
Concentration 

[LUR NO2] for homes 
with attached garages 

[LUR NO2] for homes 
without attached 

garages 

Variable 

Pearson Spearman Pearson Spearman Pearson Spearman 
0.46 

(p<0.05) 
0.58 

(p<0.01) 
0.62 

(p=0.06) 
0.53 

(p=0.12) 
0.33 

(p=0.21) 
0.50 

(p=0.05) 
Dust 

hopanes 
n=26 n=10 n=16 

0.50 
(p<0.01) 

0.43 
(p<0.01) 

0.59 
(p<0.05) 

0.68 
(p<0.01) 

0.47 
(p<0.05) 

0.23 
(p=0.29) 

Personal 
hopanes 

n=40 n=16 n=24 
0.20 

(p=0.36) 
0.23 

(p=0.27) 
0.22 

(p=0.64) 
0.32 

(p=0.48) 
0.16 

(p=0.55) 
0.19 

(p=0.47) 
Indoor 

hopanes 
n=24 n=7 n=17 
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Table A.4 Correlations between summed hopane-related variables and land-use regression 
NO2 – Adjusted by infiltration efficiency relative to the median. 

Unadjusted LUR NO2 
Concentration 

[LUR NO2] for homes 
with Infiltration 

Efficiency (Finf) > 
median (0.24) 

[LUR NO2] for homes 
with Infiltration 

Efficiency (Finf) < 
median (0.24) 

Variable 

Pearson Spearman Pearson Spearman Pearson Spearman 
0.45 

(p<0.05) 
0.57 

(p<0.01) 
0.52 

(p=0.07) 
0.60 

(p<0.05) 
0.42 

(p=0.19) 
0.60 

(p<0.05) 
Dust 

hopanes 
n=25 n=13 n=12 

0.51 
(p<0.01) 

0.41 
(p=0.01) 

0.50 
(p<0.05) 

0.47 
(p<0.05) 

0.51 
(p<0.05) 

0.27 
(p=0.28) 

Personal 
hopanes 

n=39 n=21 n=18 
0.20 

(p=0.36) 
0.23 

(p=0.27) 
0.23 

(p=0.41) 
0.33 

(p=0.24) 
-0.12 

(p=0.76) 
-0.22 

(p=0.58) 
Indoor 

hopanes 
n=24 n=15 n=9 

 
Table A.5. Correlations between summed personal hopane concentrations and land-use 

regression NO2 – Adjusted by percent time spent in home and in transit 
relative to the median. 

Unadjusted LUR 
NO2 Concentration 

[LUR NO2] for 
participants who 
spend % time in 
home > median 

(74.45) 

[LUR NO2] for 
participants who 
spend % time in 
home < median 

(74.45) 

[LUR NO2] for 
participants who 
spend % time in 
transit > median 

(3.45) 

[LUR NO2] for 
participants who 
spend % time in 
transit < median 

(3.45) 

Variable 

Pearson Spearma
n 

Pearson Spearma
n 

Pearson Spearma
n 

Pearson Spearma
n 

Pearson Spearma
n 

0.50 
(p<0.01

) 

0.43 
(p<0.01) 

0.63 
(p<0.01

) 

0.47 
(p<0.05) 

0.63 
(p<0.01

) 

0.55 
(p<0.05) 

0.55 
(p<0.05

) 

0.52 
(p<0.05) 

0.55 
(p<0.05

) 

0.27 
(p=0.23) 

Persona
l 

hopanes 
n=40 n=20 n=20 n=19 n=21 

 
 
 



 

 49 

6: REFERENCE LIST 

Abbey, D. E., Nishino, N., McDonnell, W. F., Burchette, R. J., Knutsen, S. F., Lawrence 
Beeson, W., & Yang, J. X. (1999). Long-term inhalable particles and other air 
pollutants related to mortality in nonsmokers. American Journal of Respiratory 
and Critical Care Medicine, 159(2), 373-382.  

Allen, R., Larson, T., Sheppard, L., Wallace, L., & Liu, L. J. (2003). Use of real-time light 
scattering data to estimate the contribution of infiltrated and indoor-generated 
particles to indoor air. Environmental Science & Technology, 37(16), 3484-3492.  

Allen, R., Wallace, L., Larson, T., Sheppard, L., & Liu, L. J. (2007). Evaluation of the 
recursive model approach for estimating particulate matter infiltration efficiencies 
using continuous light scattering data. Journal of Exposure Science & 
Environmental Epidemiology, 17(5), 468-477. 

Allen, R. W., Amram, O., Wheeler, A. J., & Brauer, M. (2011). The transferability of NO 
and NO2 land use regression models between cities and pollutant. Atmospheric 
Environment, 45(2), 369-378.  

Arrandale, V. H., Brauer, M., Brook, J. R., Brunekreef, B., Gold, D. R., London, S. J., . . . 
Takaro, T. K. (2010). Exposure assessment in cohort studies of childhood 
asthma. Environmental Health Perspectives. 

Asher, M. I., Montefort, S., Bjorksten, B., Lai, C. K., Strachan, D. P., Weiland, S. K., 
Williams, H., & ISAAC Phase Three Study Group. (2006). Worldwide time trends 
in the prevalence of symptoms of asthma, allergic rhinoconjunctivitis, and 
eczema in childhood: ISAAC phases one and three repeat multicountry cross-
sectional surveys. Lancet, 368(9537), 733-743.  

Barbone, F., Bovenzi, M., Cavallieri, F., & Stanta, G. (1995). Air pollution and lung 
cancer in trieste, italy. American Journal of Epidemiology, 141(12), 1161-1169.  

Beelen, R., Hoek, G., van den Brandt, P. A., Goldbohm, R. A., Fischer, P., Schouten, L. 
J., Armstrong, B., & Brunekreef, B. (2008). Long-term exposure to traffic-related 
air pollution and lung cancer risk. Epidemiology (Cambridge, Mass.), 19(5), 702-
710.  

Bornehag, C. G., Sundell, J., Weschler, C. J., Sigsgaard, T., Lundgren, B., Hasselgren, 
M., & Hagerhed-Engman, L. (2004). The association between asthma and 
allergic symptoms in children and phthalates in house dust: A nested case-
control study. Environmental Health Perspectives, 112(14), 1393-1397.  

Brauer, M., Hoek, G., Van Vliet, P., Meliefste, K., Fischer, P. H., Wijga, A., Koopman, L. 
P., Neijens, H. J., Gerritsen, J., Kerkhof, M., Heinrich, J., Bellander, T., & 
Brunekreef, B. (2002). Air pollution from traffic and the development of 
respiratory infections and asthmatic and allergic symptoms in children. American 
Journal of Respiratory and Critical Care Medicine, 166(8), 1092-1098.  



 

 50 

Brauer, M., Lencar, C., Tamburic, L., Koehoorn, M., Demers, P., & Karr, C. (2008). A 
cohort study of traffic-related air pollution impacts on birth outcomes. 
Environmental Health Perspectives, 116(5), 680-686.  

Briggs, D. (2005). The role of GIS: Coping with space (and time) in air pollution exposure 
assessment. Journal of Toxicology and Environmental Health.Part A, 68(13-14), 
1243-1261.  

Briggs, D. J. (2007). The use of GIS to evaluate traffic-related pollution. Occupational 
and Environmental Medicine, 64(1), 1-2.  

Briggs, D. J., de Hoogh, C., Gulliver, J., Wills, J., Elliott, P., Kingham, S., & Smallbone, 
K. (2000). A regression-based method for mapping traffic-related air pollution: 
Application and testing in four contrasting urban environments. The Science of 
the Total Environment, 253(1-3), 151-167.  

Brunekreef, B., Beelen, R., Hoek, G., Schouten, L., Bausch-Goldbohm, S., Fischer, P., 
Armstrong, B., Hughes, E., Jerrett, M., & van den Brandt, P. (2009). Effects of 
long-term exposure to traffic-related air pollution on respiratory and 
cardiovascular mortality in the netherlands: The NLCS-AIR study. Research 
Report (Health Effects Institute), (139)(139), 5-71; discussion 73-89.  

Calderon-Garciduenas, L., Solt, A. C., Henriquez-Roldan, C., Torres-Jardon, R., Nuse, 
B., Herritt, L., Villarreal-Calderon, R., Osnaya, N., Stone, I., Garcia, R., Brooks, 
D. M., Gonzalez-Maciel, A., Reynoso-Robles, R., Delgado-Chavez, R., & Reed, 
W. (2008). Long-term air pollution exposure is associated with 
neuroinflammation, an altered innate immune response, disruption of the blood-
brain barrier, ultrafine particulate deposition, and accumulation of amyloid beta-
42 and alpha-synuclein in children and young adults. Toxicologic Pathology, 
36(2), 289-310.  

Cesaroni, G., Badaloni, C., Porta, D., Forastiere, F., & Perucci, C. A. (2008a). 
Comparison between various indices of exposure to traffic-related air pollution 
and their impact on respiratory health in adults. Occupational and Environmental 
Medicine, 65(10), 683-690.  

Clark, N. A., Allen, R. W., Hystad, P., Wallace, L., Dell, S. D., Foty, R., Dabek-
Zlotorzynska, E., Evans, G., & Wheeler, A. J. (2010). Exploring variation and 
predictors of residential fine particulate matter infiltration. International Journal of 
Environmental Research and Public Health, 7(8), 3211-3224.  

Clark, N. A., Demers, P. A., Karr, C. J., Koehoorn, M., Lencar, C., Tamburic, L., & 
Brauer, M. (2010). Effect of early life exposure to air pollution on development of 
childhood asthma. Environmental Health Perspectives, 118(2), 284-290.  

Dales, R., Wheeler, A. J., Mahmud, M., Frescura, A. M., & Liu, L. (2009). The influence 
of neighborhood roadways on respiratory symptoms among elementary 
schoolchildren. Journal of Occupational and Environmental Medicine / American 
College of Occupational and Environmental Medicine, 51(6), 654-660.  

Dockery, D. W., Pope, C. A.,3rd, Xu, X., Spengler, J. D., Ware, J. H., Fay, M. E., Ferris, 
B. G.,Jr, & Speizer, F. E. (1993). An association between air pollution and 
mortality in six U.S. cities. The New England Journal of Medicine, 329(24), 1753-
1759.  



 

 51 

Dodson, R. E., Levy, J. I., Houseman, E. A., Spengler, J. D., & Bennett, D. H. (2009). 
Evaluating methods for predicting indoor residential volatile organic compound 
concentration distributions. Journal of Exposure Science & Environmental 
Epidemiology, 19(7), 682-693.  

Ebelt, S. T., Wilson, W. E., & Brauer, M. (2005). Exposure to ambient and nonambient 
components of particulate matter: A comparison of health effects. Epidemiology 
(Cambridge, Mass.), 16(3), 396-405.  

Egeghy, P. P., Quackenboss, J. J., Catlin, S., & Ryan, P. B. (2005). Determinants of 
temporal variability in NHEXAS-maryland environmental concentrations, 
exposures, and biomarkers. Journal of Exposure Analysis and Environmental 
Epidemiology, 15(5), 388-397.  

Finkelstein, M. M., Jerrett, M., & Sears, M. R. (2004). Traffic air pollution and mortality 
rate advancement periods. American Journal of Epidemiology, 160(2), 173-177.  

Gan, W. Q., Tamburic, L., Davies, H. W., Demers, P. A., Koehoorn, M., & Brauer, M. 
(2010). Changes in residential proximity to road traffic and the risk of death from 
coronary heart disease. Epidemiology (Cambridge, Mass.), 21(5), 642-649.  

Garshick, E., Laden, F., Hart, J. E., Rosner, B., Davis, M. E., Eisen, E. A., & Smith, T. J. 
(2008). Lung cancer and vehicle exhaust in trucking industry workers. 
Environmental Health Perspectives, 116(10), 1327-1332.  

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(9561), 571-577.  

Gilbert, N. L., Goldberg, M. S., Beckerman, B., Brook, J. R., & Jerrett, M. (2005). 
Assessing spatial variability of ambient nitrogen dioxide in montreal, canada, with 
a land-use regression model. Journal of the Air & Waste Management 
Association (1995), 55(8), 1059-1063.  

Graham, L. A., Noseworthy, L., Fugler, D., O'Leary, K., Karman, D., & Grande, C. 
(2004). Contribution of vehicle emissions from an attached garage to residential 
indoor air pollution levels. Journal of the Air & Waste Management Association 
(1995), 54(5), 563-584.  

Greenbaum, D. S., Bachmann, J. D., Krewski, D., Samet, J. M., White, R., & Wyzga, R. 
E. (2001). Particulate air pollution standards and morbidity and mortality: Case 
study. American Journal of Epidemiology, 154(12 Suppl), S78-90.  

HEI. (2010). Traffic-related air pollution: A critical review of the literature on emissions, 
exposure, and health effects. HEI Panel on the Health Effects of Traffic-Related 
Air Pollution, HEI Special Report 17 

Henderson, S. B., Beckerman, B., Jerrett, M., & Brauer, M. (2007). Application of land 
use regression to estimate long-term concentrations of traffic-related nitrogen 
oxides and fine particulate matter. Environmental Science & Technology, 41(7), 
2422-2428.  



 

 52 

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

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. Lancet, 360(9341), 1203-1209.  

Hoffmann, B., Moebus, S., Mohlenkamp, S., Stang, A., Lehmann, N., Dragano, N., 
Schmermund, A., Memmesheimer, M., Mann, K., Erbel, R., Jockel, K. H., & 
Heinz Nixdorf Recall Study Investigative Group. (2007). Residential exposure to 
traffic is associated with coronary atherosclerosis. Circulation, 116(5), 489-496.  

Hoffmann, B., Moebus, S., Stang, A., Beck, E. M., Dragano, N., Mohlenkamp, S., 
Schmermund, A., Memmesheimer, M., Mann, K., Erbel, R., Jockel, K. H., & 
Heinz Nixdorf RECALL Study Investigative Group. (2006). Residence close to 
high traffic and prevalence of coronary heart disease. European Heart Journal, 
27(22), 2696-2702.  

Hu, P., & Reuscher, T. (2004). Summary of travel trends: 2001 national household travel 
survey. US Department of Transportation,  

Hystad, P. U., Setton, E. M., Allen, R. W., Keller, P. C., & Brauer, M. (2009). Modeling 
residential fine particulate matter infiltration for exposure assessment. Journal of  

IARC. (1998). IARC monographs on the evaluation of carcinogenic risks to humans: 
Diesel and gasoline engine exhausts and some nitroarenes - summary of data 
reported and evaluation. World Health Organization - International Agency for 
Research on Cancer, 46 

Jedrychowski, W., Becher, H., Wahrendorf, J., & Basa-Cierpialek, Z. (1990). A case-
control study of lung cancer with special reference to the effect of air pollution in 
poland. Journal of Epidemiology and Community Health, 44(2), 114-120.  

Jerrett, M., Arain, A., Kanaroglou, P., Beckerman, B., Potoglou, D., Sahsuvaroglu, T., 
Morrison, J., & Giovis, C. (2005). A review and evaluation of intraurban air 
pollution exposure models. Journal of Exposure Analysis and Environmental 
Epidemiology, 15(2), 185-204.  

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(3-4), 200-212. 

Jerrett, M., Finkelstein, M. M., Brook, J. R., Arain, M. A., Kanaroglou, P., Stieb, D. M., 
Gilbert, N. L., Verma, D., Finkelstein, N., Chapman, K. R., & Sears, M. R. (2009). 
A cohort study of traffic-related air pollution and mortality in toronto, ontario, 
canada. Environmental Health Perspectives, 117(5), 772-777.  

Kaur, S., & Nieuwenhuijsen, M. J. (2009). Determinants of personal exposure to PM2.5, 
ultrafine particle counts, and CO in a transport microenvironment. Environmental 
Science & Technology, 43(13), 4737-4743.  



 

 53 

Kearney, J., Wallace, L. A., MacNeill, M., Xu, X., Van Ryswyk, K., You, H., Kulka, R., & 
Wheeler, A. J. (2010). Residential indoor and outdoor ultrafine particles in 
windsor, ontario. Atmospheric Environment, XXX, 1-11.  

Kim, J. J., Huen, K., Adams, S., Smorodinsky, S., Hoats, A., Malig, B., Lipsett, M., & 
Ostro, B. (2008). Residential traffic and children's respiratory health. 
Environmental Health Perspectives, 116(9), 1274-1279.  

Kleeman, M. J., Riddle, S. G., Robert, M. A., & Jakober, C. A. (2008). Lubricating oil and 
fuel contributions to particulate matter emissions from light-duty gasoline and 
heavy-duty diesel vehicles. Environmental Science & Technology, 42(1), 235-
242.  

Klepeis, N. E., Nelson, W. C., Ott, W. R., Robinson, J. P., Tsang, A. M., Switzer, P., 
Behar, J. V., Hern, S. C., & Engelmann, W. H. (2001). The national human 
activity pattern survey (NHAPS): A resource for assessing exposure to 
environmental pollutants. Journal of Exposure Analysis and Environmental 
Epidemiology, 11(3), 231-252.  

Koenig, J. Q., Mar, T. F., Allen, R. W., Jansen, K., Lumley, T., Sullivan, J. H., Trenga, C. 
A., Larson, T., & Liu, L. J. (2005). Pulmonary effects of indoor- and outdoor-
generated particles in children with asthma. Environmental Health Perspectives, 
113(4), 499-503.  

Kolarik, B., Naydenov, K., Larsson, M., Bornehag, C. G., & Sundell, J. (2008). The 
association between phthalates in dust and allergic diseases among bulgarian 
children. Environmental Health Perspectives, 116(1), 98-103.  

Kramer, U., Koch, T., Ranft, U., Ring, J., & Behrendt, H. (2000). Traffic-related air 
pollution is associated with atopy in children living in urban areas. Epidemiology 
(Cambridge, Mass.), 11(1), 64-70.  

Kramer, U., Sugiri, D., Ranft, U., Krutmann, J., von Berg, A., Berdel, D., Behrendt, H., 
Kuhlbusch, T., Hochadel, M., Wichmann, H. E., Heinrich, J., & GINIplus and 
LISAplus study groups. (2009). Eczema, respiratory allergies, and traffic-related 
air pollution in birth cohorts from small-town areas. Journal of Dermatological 
Science, 56(2), 99-105.  

Krewski, D., Burnett, R. T., Goldberg, M. S., Hoover, B. K., Siemiatycki, J., Jerrett, M., 
Abrahamowicz, M., & White, W. H. (2003). Overview of the reanalysis of the 
harvard six cities study and american cancer society study of particulate air 
pollution and mortality. Journal of Toxicology and Environmental Health.Part A, 
66(16-19), 1507-1551.  

Kumar, A., & Scott Clark, C. (2009). Lead loadings in household dust in delhi, india. 
Indoor Air, 19(5), 414-420.  

Laumbach, R. J., & Kipen, H. M. (2010). Acute effects of motor vehicle traffic-related air 
pollution exposures on measures of oxidative stress in human airways. Annals of 
the New York Academy of Sciences, 1203, 107-112.  

Leech, J. A., Nelson, W. C., Burnett, R. T., Aaron, S., & Raizenne, M. E. (2002). It's 
about time: A comparison of canadian and american time-activity patterns. 
Journal of Exposure Analysis and Environmental Epidemiology, 12(6), 427-432.  



 

 54 

Lin, L., Lee, M. L., & Eatough, D. J. (2010). Review of recent advances in detection of 
organic markers in fine particulate matter and their use for source apportionment. 
Journal of the Air & Waste Management Association (1995), 60(1), 3-25.  

Lindgren, A., Stroh, E., Montnemery, P., Nihlen, U., Jakobsson, K., & Axmon, A. (2009). 
Traffic-related air pollution associated with prevalence of asthma and 
COPD/chronic bronchitis. A cross-sectional study in southern sweden. 
International Journal of Health Geographics, 8, 2.  

Lioy, P. J., Freeman, N. C., & Millette, J. R. (2002). Dust: A metric for use in residential 
and building exposure assessment and source characterization. Environmental 
Health Perspectives, 110(10), 969-983.  

Lipfert, F. W., & Wyzga, R. E. (2008). On exposure and response relationships for health 
effects associated with exposure to vehicular traffic. Journal of Exposure Science 
& Environmental Epidemiology, 18(6), 588-599.  

Maertens, R. M., Bailey, J., & White, P. A. (2004). The mutagenic hazards of settled 
house dust: A review. Mutation Research, 567(2-3), 401-425.  

Maheswaran, R., & Elliott, P. (2003). Stroke mortality associated with living near main 
roads in england and wales: A geographical study. Stroke; a Journal of Cerebral 
Circulation, 34(12), 2776-2780.  

McConnell, R., Berhane, K., Yao, L., Jerrett, M., Lurmann, F., Gilliland, F., Kunzli, N., 
Gauderman, J., Avol, E., Thomas, D., & Peters, J. (2006). Traffic, susceptibility, 
and childhood asthma. Environmental Health Perspectives, 114(5), 766-772.  

Morgenstern, V., Zutavern, A., Cyrys, J., Brockow, I., Gehring, U., Koletzko, S., Bauer, 
C. P., Reinhardt, D., Wichmann, H. E., & Heinrich, J. (2007). Respiratory health 
and individual estimated exposure to traffic-related air pollutants in a cohort of 
young children. Occupational and Environmental Medicine, 64(1), 8-16.  

Nafstad, P., Haheim, L. L., Oftedal, B., Gram, F., Holme, I., Hjermann, I., & Leren, P. 
(2003). Lung cancer and air pollution: A 27 year follow up of 16 209 norwegian 
men. Thorax, 58(12), 1071-1076.  

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(9), 579-586.  

Nordling, E., Berglind, N., Melen, E., Emenius, G., Hallberg, J., Nyberg, F., Pershagen, 
G., Svartengren, M., Wickman, M., & Bellander, T. (2008). Traffic-related air 
pollution and childhood respiratory symptoms, function and allergies. 
Epidemiology (Cambridge, Mass.), 19(3), 401-408.  

Nyberg, F., Gustavsson, P., Jarup, L., Bellander, T., Berglind, N., Jakobsson, R., & 
Pershagen, G. (2000). Urban air pollution and lung cancer in stockholm. 
Epidemiology (Cambridge, Mass.), 11(5), 487-495.  

Olson, D. A., & McDow, S. R. (2009). Near roadway concentrations of organic source 
markers. Atmospheric Environment, 43(18), 2862-2867.  



 

 55 

Omar, N., Abas, M., Rahman, N. A., Tahir, N., Rushdi, A., & Simoneit, B. (2006). Levels 
and distributions of organic source tracers in air and roadside dust particles of 
kuala lumpur, malaysia. Environmental Geology, 52(8), 1485-1500.  

Pakbin, P., Ning, Z., Schauer, J. J., & Sioutas, C. (2009). Characterization of particle 
bound organic carbon from diesel vehicles equipped with advanced emission 
control technologies. Environmental Science & Technology, 43(13), 4679-4686.  

Palli, D., Russo, A., Masala, G., Saieva, C., Guarrera, S., Carturan, S., Munnia, A., 
Matullo, G., & Peluso, M. (2001). DNA adduct levels and DNA repair 
polymorphisms in traffic-exposed workers and a general population sample. 
International Journal of Cancer.Journal International Du Cancer, 94(1), 121-127.  

Peters, A., von Klot, S., Heier, M., Trentinaglia, I., Hormann, A., Wichmann, H. E., Lowel, 
H., & Cooperative Health Research in the Region of Augsburg Study Group. 
(2004). Exposure to traffic and the onset of myocardial infarction. The New 
England Journal of Medicine, 351(17), 1721-1730.  

Petrosyan, V., von Braun, M. C., Spalinger, S. M., & von Lindern, I. H. (2006). Seasonal 
variations of lead concentration and loading rates in residential house dust in 
northern idaho. Journal of Hazardous Materials, 132(1), 68-79.  

Pope, C. A.,3rd, Thun, M. J., Namboodiri, M. M., Dockery, D. W., Evans, J. S., Speizer, 
F. E., & Heath, C. W.,Jr. (1995). Particulate air pollution as a predictor of 
mortality in a prospective study of U.S. adults. American Journal of Respiratory 
and Critical Care Medicine, 151(3 Pt 1), 669-674.  

Populin, T., Biedermann, M., Grob, K., Moret, S., & Conte, L. (2004). Relative hopane 
content confirming the mineral origin of hydrocarbons contaminating foods and 
human milk. Food Additives and Contaminants, 21(9), 893-904.  

Power, M., Weisskopf, M., Alexeeff, S., Coull, B. A., Spiro, A., & Schwartz, J. (2011). 
Traffic-related air pollution and cognitive function in a cohort of older men. 
Environmental Health Perspectives, AOP 

Riddle, S. G., Robert, M. A., Jakober, C. A., Hannigan, M. P., & Kleeman, M. J. (2007). 
Size distribution of trace organic species emitted from heavy-duty diesel vehicles. 
Environmental Science & Technology, 41(6), 1962-1969.  

Riddle, S. G., Robert, M. A., Jakober, C. A., Hannigan, M. P., & Kleeman, M. J. (2007). 
Size distribution of trace organic species emitted from light-duty gasoline 
vehicles. Environmental Science & Technology, 41(21), 7464-7471.  

Roberts, J. W., Glass, G., & Mickelson, L. (2005). A pilot study of the measurement and 
control of deep dust, surface dust, and lead in 10 old carpets using the 3-spot 
test while vacuuming. Archives of Environmental Contamination and Toxicology, 
48(1), 16-23.  

Roberts, J. W., Wallace, L. A., Camann, D. E., Dickey, P., Gilbert, S. G., Lewis, R. G., & 
Takaro, T. K. (2009). Monitoring and reducing exposure of infants to pollutants in 
house dust. Reviews of Environmental Contamination and Toxicology, 201, 1-39.  



 

 56 

Rogge, W. F., Hildemann, L. M., Mazurek, M. A., Cass, G. R., & Simoneit, B. (1993). 
Sources of fine organic aerosol. 2. noncatalyst and  catalyst-equipped 
automobiles and heavy-duty diesel trucks. Environmental Science & Technology, 
27, 636-651.  

Rosenlund, M., Bellander, T., Nordquist, T., & Alfredsson, L. (2009). Traffic-generated 
air pollution and myocardial infarction. Epidemiology (Cambridge, Mass.), 20(2), 
265-271.  

Rosenlund, M., Berglind, N., Pershagen, G., Hallqvist, J., Jonson, T., & Bellander, T. 
(2006). Long-term exposure to urban air pollution and myocardial infarction. 
Epidemiology (Cambridge, Mass.), 17(4), 383-390.  

Rosenlund, M., Picciotto, S., Forastiere, F., Stafoggia, M., & Perucci, C. A. (2008). 
Traffic-related air pollution in relation to incidence and prognosis of coronary 
heart disease. Epidemiology (Cambridge, Mass.), 19(1), 121-128.  

Sarnat, J. A., & Holguin, F. (2007). Asthma and air quality. Current Opinion in Pulmonary 
Medicine, 13(1), 63-66.  

Sarnat, S. E., Coull, B. A., Ruiz, P. A., Koutrakis, P., & Suh, H. H. (2006). The influences 
of ambient particle composition and size on particle infiltration in los angeles, CA, 
residences. Journal of the Air & Waste Management Association (1995), 56(2), 
186-196.  

Schikowski, T., Sugiri, D., Ranft, U., Gehring, U., Heinrich, J., Wichmann, H. E., & 
Kramer, U. (2005). Long-term air pollution exposure and living close to busy 
roads are associated with COPD in women. Respiratory Research, 6, 152.  

Slama, R., Morgenstern, V., Cyrys, J., Zutavern, A., Herbarth, O., Wichmann, H. E., 
Heinrich, J., & LISA Study Group. (2007). Traffic-related atmospheric pollutants 
levels during pregnancy and offspring's term birth weight: A study relying on a 
land-use regression exposure model. Environmental Health Perspectives, 
115(9), 1283-1292.  

Statistics Canada. (2007). Population and dwelling counts: A portrait of the canadian 
population 2006 

Subbarao, P., Mandhane, P. J., & Sears, M. R. (2009). Asthma: Epidemiology, etiology 
and risk factors. CMAJ : Canadian Medical Association Journal = Journal De 
l'Association Medicale Canadienne, 181(9), E181-90.  

Suglia, S. F., Gryparis, A., Wright, R. O., Schwartz, J., & Wright, R. J. (2008). 
Association of black carbon with cognition among children in a prospective birth 
cohort study. American Journal of Epidemiology, 167(3), 280-286.  

Tonne, C., Melly, S., Mittleman, M., Coull, B., Goldberg, R., & Schwartz, J. (2007). A 
case-control analysis of exposure to traffic and acute myocardial infarction. 
Environmental Health Perspectives, 115(1), 53-57.  

Tonne, C., Yanosky, J., Gryparis, A., Melly, S., Mittleman, M., Goldberg, R., von Klot, S., 
& Schwartz, J. (2009). Traffic particles and occurrence of acute myocardial 
infarction: A case-control analysis. Occupational and Environmental Medicine,  



 

 57 

Turlington, J. M., Olson, D. A., Stockburger, L., & McDow, S. R. (2010). Trueness, 
precision, and detectability for sampling and analysis of organic species in 
airborne particulate matter. Analytical and Bioanalytical Chemistry, 397(6), 2451-
2463.  

Venn, A. J., Lewis, S. A., Cooper, M., Hubbard, R., & Britton, J. (2001). Living near a 
main road and the risk of wheezing illness in children. American Journal of 
Respiratory and Critical Care Medicine, 164(12), 2177-2180.  

Vineis, P., Forastiere, F., Hoek, G., & Lipsett, M. (2004). Outdoor air pollution and lung 
cancer: Recent epidemiologic evidence. International Journal of Cancer.Journal 
International Du Cancer, 111(5), 647-652.  

Vineis, P., Hoek, G., Krzyzanowski, M., Vigna-Taglianti, F., Veglia, F., Airoldi, L., Autrup, 
H., Dunning, A., Garte, S., Hainaut, P., Malaveille, C., Matullo, G., Overvad, K., 
Raaschou-Nielsen, O., Clavel-Chapelon, F., Linseisen, J., Boeing, H., 
Trichopoulou, A., Palli, D., Peluso, M., Krogh, V., Tumino, R., Panico, S., Bueno-
De-Mesquita, H. B., Peeters, P. H., Lund, E. E., Gonzalez, C. A., Martinez, C., 
Dorronsoro, M., Barricarte, A., Cirera, L., Quiros, J. R., Berglund, G., Forsberg, 
B., Day, N. E., Key, T. J., Saracci, R., Kaaks, R., & Riboli, E. (2006). Air pollution 
and risk of lung cancer in a prospective study in europe. International Journal of 
Cancer.Journal International Du Cancer, 119(1), 169-174.  

Wallace, L., & Williams, R. (2005). Use of personal-indoor-outdoor sulfur concentrations 
to estimate the infiltration factor and outdoor exposure factor for individual homes 
and persons. Environmental Science & Technology, 39(6), 1707-1714.  

Weitkamp, E. A., Lambe, A. T., Donahue, N. M., & Robinson, A. L. (2008). Laboratory 
measurements of the heterogeneous oxidation of condensed-phase organic 
molecular makers for motor vehicle exhaust. Environmental Science & 
Technology, 42(21), 7950-7956. 

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 modeling for 
human exposure assessment. Environmental Research, 106(1), 7-16.  

Wheeler A.J., Xu X., Kulka R., You H., Wallace L., Mallach G., Van Ryswyk K., MacNeill 
M., Kearney J., Rasmussen P.E., Dabek – Zlotorzynska E., Wang D., Poon R., 
Williams R., Stocco C., Anastassopoulos A., Miller J.D., Dales R. and Brook J.R. 
(2011). Windsor, Ontario Exposure Assessment Study: Design and Methods 
Validation of Personal, Indoor and Outdoor Air Pollution Monitoring. Journal of Air 
and Waste Management (in press). 

Wilhelm, M., & Ritz, B. (2003). Residential proximity to traffic and adverse birth 
outcomes in los angeles county, california, 1994-1996. Environmental Health 
Perspectives, 111(2), 207-216.  

Zakaria, M. P., Okuda, T., & Takada, H. (2001). Polycyclic aromatic hydrocarbon (PAHs) 
and hopanes in stranded tar-balls on the coasts of peninsular malaysia: 
Applications of biomarkers for identifying sources of oil pollution. Marine Pollution 
Bulletin, 42(12), 1357-1366.  



 

 58 

Zielinska, B., Sagebiel, J., McDonald, J. D., Whitney, K., & Lawson, D. R. (2004). 
Emission rates and comparative chemical composition from selected in-use 
diesel and gasoline-fueled vehicles. Journal of the Air & Waste Management 
Association (1995), 54(9), 1138-1150.  

Zipprich, J. L., Harris, S. A., Fox, J. C., & Borzelleca, J. F. (2002). An analysis of factors 
that influence personal exposure to nitrogen oxides in residents of richmond, 
virginia. Journal of Exposure Analysis and Environmental Epidemiology, 12(4), 
273-285.  

Zmirou, D., Gauvin, S., Pin, I., Momas, I., Sahraoui, F., Just, J., Le Moullec, Y., Bremont, 
F., Cassadou, S., Reungoat, P., Albertini, M., Lauvergne, N., Chiron, M., Labbe, 
A., & Vesta Investigators. (2004). Traffic related air pollution and incidence of 
childhood asthma: Results of the vesta case-control study. Journal of 
Epidemiology and Community Health, 58(1), 18-23.  

 




