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Abstract 

An environmental role in breast cancer etiology has been suspected but evidence is still 

inconclusive. Traffic-related air pollution is a potentially modifiable risk factor that has been 

studied in the etiology of breast cancer. Two Canadian studies using similar methodology to this 

study have recently reported positive associations between exposure to nitrogen dioxide (NO2), a 

proxy for traffic-related air pollution, and breast cancer.  

This thesis used land-use regression to estimate NO2 exposure for 2,015 women recruited 

from Vancouver, British Columbia (BC) into a population-based case-control study conducted in 

2005-2010. Cases were recruited from the BC Cancer Agency and controls from the Screening 

Mammography Program of BC. Cross-sectional and historical analyses were conducted using 

NO2 estimated at time of study entry and ten years prior to study entry, respectively. Logistic 

regression models were created to estimate the relationship between exposure to NO2 and breast 

cancer, adjusting for breast cancer risk factors and stratified by menopausal status. Sensitivity 

analyses were conducted, assessing potential biases introduced by screening mammography 

program attendance and immigrant status, among others. 

The analysis at study entry included 964 cases and 945 controls. No association between 

NO2 exposure (per 5 ppb increases) and risk of breast cancer was observed in the 

postmenopausal sample at study entry or at ten years prior to study entry. A consistent positive 

association in premenopausal women was observed at study entry (OR=1.17, 95% CI: 0.93, 

1.48) and ten years prior to study entry (OR=1.18, 95% CI: 0.93, 1.49). The association between 

historical estimates of NO2 (per 5 ppb increases) and breast cancer was stronger in a sensitivity 
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analysis excluding cases who had not attended screening mammography in the premenopausal 

sample (OR=1.20, 95% CI: 0.91, 1.59). 

This study adds to the growing literature on exposure to traffic-related air pollution and 

breast cancer incidence. The results provide some support for the hypothesis that increased 

exposure may be associated with breast cancer, particularly in premenopausal women, although 

bias may have been introduced due to the selection of controls from a screening mammography 

program and low response rates. Future research, especially using prospective cohort studies, is 

needed. 
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Chapter 1 

Introduction 

1.1 Background and rationale 

Breast cancer is the most common invasive cancer and the second-leading cause of 

cancer deaths among Canadian women (1). It is estimated that only one-third to one-half of new 

cases of breast cancer are attributable to the current established risk factors (2). These risk factors 

include demographic and socio-economic factors, reproductive factors, family history, and 

lifestyle factors, such as alcohol consumption, weight and height, and use of exogenous 

hormones (3). Occupational and environmental exposures that may have a possible role in breast 

cancer incidence have also been considered (2). A higher proportion of breast cancer cases may 

be attributable to the interaction of various lifestyle risk factors and environmental or 

occupational exposures (2). Most of these risk factors confer very modest elevated risks (except 

family history of breast cancer, ionizing radiation, benign breast disease, and breast density) (3). 

This establishes a need for additional research into other possible etiologic agents and 

environmental exposures, such as traffic-related air pollution. 

Several ecologic studies have shown elevated risks for developing breast cancer in areas 

of high urbanization (4-6), and therefore, higher exposures of traffic-related air pollution, 

industrial pollutants, and other environmental toxins. Significantly higher risks of breast cancer 

were observed for clusters within southern Ontario: specifically, in the counties of Toronto and 

Niagara, there were elevated relative risks ranging from 1.15 to 1.29 (5). These risks may be 

attributable to higher levels of industrial pollution or agricultural chemicals such as pesticides 

and fungicides (5). Regional variation in breast cancer risk has also been observed in the United 
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States (7). A study using ecologic-level data of air pollutant emissions and breast cancer 

incidence rates observed incidence rates of breast cancer to be significantly higher in 

metropolitan areas compared to non-metropolitan areas (8). 

In October of 2013, the International Agency for Research on Cancer (IARC) announced 

outdoor air pollution as a Group 1 definite carcinogen to humans (9). IARC concluded that there 

is sufficient evidence that exposure to air pollution causes lung cancer and also evidence of an 

increased risk of bladder cancer (9). Outdoor air pollution is an incredibly widespread 

environmental carcinogen which also has a conclusive and causal negative impact on general 

health.  

Historically, exposure to air pollution has been associated with increased risks for lung 

cancer (10) and respiratory diseases (10,11), but there is now emerging evidence to suggest an 

association between traffic-related air pollution and  increased risks for breast cancer (8,12-15), 

as well as brain (15) and cervical cancer (15). Components of traffic-related air pollution, 

polycyclic aromatic hydrocarbons (PAHs), have been suggested to be the biologic agents in 

breast cancer carcinogenesis (14,16-18). Several PAHs, including benzo[a]pyrene and 

dibenzo[a,l]pyrene, are well-established mammary carcinogens in animal models (18). As 

traffic-related air pollution is an extremely ubiquitous exposure, its potential carcinogenicity has 

a wide-reaching audience and therefore, is a public health concern. 

This will be the third Canadian study which uses an exposure assessment method known 

as land-use regression (LUR) to assess the relationship between traffic-related air pollution and 

breast cancer. The first was a study conducted in Montreal, Quebec by Crouse et al. which 

assessed the risk of air pollution on postmenopausal breast cancer. An odds ratio (OR) of 1.31 

was observed for every 5 parts-per-billion (ppb) increase in estimated nitrogen dioxide (NO2) 
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exposure at time of study entry (OR5ppb=1.31, 95% confidence interval (CI): 1.00, 1.71) (14). 

The second study was based on data collected from a national case-control study conducted 

between 1994 and 1997 (19).  Hystad and collaborators (20) used three different exposure 

measures to characterize exposure to traffic-related air pollution: two involving satellite-derived 

observations and the third using a national land-use regression model. The study reported an 

odds ratio of 1.07 per 10 ppb increases in NO2 (95% CI: 0.86, 1.32) for postmenopausal breast 

cancer and an odds ratio of 1.28 per 10 ppb increases in NO2 (95% CI: 0.92, 1.79) for 

premenopausal breast cancer using the land-use regression estimates for exposure. In this thesis 

project, exposure to NO2 at time of study entry and at ten years prior to study entry will be 

derived from a land-use regression model created by Henderson et al. in 2003 (21).  

Similar to the study in Montreal, odds ratios for 5 ppb increases in NO2 exposure will be 

calculated for the sample of women; analyses will be stratified by menopausal status to make 

direct comparisons to the Montreal sample of postmenopausal women and both samples of 

premenopausal and postmenopausal women in the national study, as well as to assess risk of 

breast cancer by menopausal status in Vancouver women.  

 

1.2 Overview of study design 

This study attempts to further understand the possible role of traffic-related air pollution 

in the etiology of breast cancer using an exposure assessment method known as land-use 

regression to assign air pollution exposure to women with and without breast cancer. These 

women were recruited into the Canadian Breast Cancer Study (formerly known as the Molecular 

Epidemiology Breast Cancer study), which was a case-control study conducted in Vancouver, 

British Columbia and in Kingston, Ontario by Aronson et al., from 2005 to 2010.  It aimed to 
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identify genetic, lifestyle, and environmental risk factors for breast cancer. Participants were 

given a questionnaire to complete and a blood or saliva sample was collected. In this thesis 

project, only women from Vancouver will be included in the analysis.  

 

1.3 Objectives 

The primary objective of this thesis was to assess the association between traffic-related 

air pollution exposure and breast cancer. This association was examined using exposures 

estimated separately at two time points (at study entry and ten years prior to study entry) to 

assess the latency in breast cancer development. This thesis also describes the differences in 

identified risk factors for breast cancer among cases and controls. Several sensitivity analyses 

were conducted to assess the effects of certain methodological decisions. Specifically, these 

include analyses excluding cases who had entered the study after two years of their diagnosis of 

breast cancer to address potential “incidence-prevalence” bias, excluding participants with more 

than one residence for the ten years before their study entry to reduce misclassification based on 

address, excluding cases who had never attended screening mammography to reduce potential 

selection bias, and excluding participants who were not born in Canada to reduce the “healthy 

immigrant” effect.  

 

1.4 Thesis organization  

The second chapter in this thesis reviews the current body of literature on the relationship 

between breast cancer and traffic-related air pollution. It also describes factors which are 

independently associated with breast cancer and traffic-related air pollution, as well as 
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challenges in assessing exposure to air pollution. The third chapter outlines data collection 

procedures, methods used by Henderson et al. (21) to create the land-use regression model, 

geospatial programming to assess NO2 exposure, categorization of all covariates, and statistical 

analyses used in examining the relationship between breast cancer and traffic-related air 

pollution. The fourth chapter describes the results of the data analysis objectives. The fifth and 

last chapter contains a general discussion on the findings in the fourth chapter, as well as 

strengths and limitations of this thesis project, future research directions, and overall 

conclusions. 
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Chapter 2 

Literature Review 

2.1 Epidemiology of breast cancer 

Breast cancer is the most common invasive cancer and the second-leading cause of 

cancer deaths among Canadian women (1). In 2014, 24,400 new cases of breast cancer and 5,000 

deaths were expected in Canada, accounting for approximately 26% of new female cancer cases 

and 14% of female deaths (1). There are a number of well-established risk factors for breast 

cancer which are explained in more detail below (see Section 2.2). These risk factors include 

demographic factors, reproductive factors, genetic factors, and lifestyle factors. Some 

occupational and environmental factors have also been observed to increase risk of breast cancer.  

In Canada, the age-standardized incidence rate of breast cancer in 2014 was estimated to 

be 99.2 cases per 100,000 (1). The highest incidence rate by province is 101 cases per 100,000 in 

Ontario, Quebec, and Nova Scotia (1). The lowest are found in Prince Edward Island, New 

Brunswick, and Newfoundland (95, 93, and 82 cases per 100,000, respectively) (1).  

As knowledge of the molecular biology of breast cancer advances, breast cancer is no 

longer thought of as a single disease. Breast cancer consists of a number of specific subtypes, 

distinguished by a woman’s menopausal status when diagnosed and tumour receptor status. A 

few factors which are known to increase the risk of postmenopausal breast cancer have null or 

inverse effects on premenopausal breast cancer (eg, greater body-mass index (BMI) is protective 

against breast cancer in premenopausal women (relative risk (RR)=0.58 for women with a BMI 

> 31 kg/m2
 compared to women with a BMI < 21 kg/m2, 95% CI: 0.40, 0.83) and is a risk factor 

for postmenopausal women (RR=1.25 for women with a BMI > 28 kg/m2 compared to women 

with a BMI < 21 kg/m2, 95% CI: 1.02, 1.52) (2). Tumour receptors include those which respond 
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to hormones, estrogen, progesterone, and HER2 (human epidermal growth factor receptor 2) (3). 

Depending on tumour receptor status, treatment options and benefits vary (eg, triple negative 

breast cancers are estrogen-receptor negative, progesterone-receptor negative, and HER2-

receptor negative tumours and respond poorly to hormonal and targeted therapies). 

 

2.2 Breast cancer risk factors  

There are a number of breast cancer risk factors which are considered potential 

confounders in the relationship between traffic-related air pollution and breast cancer. These 

include non-modifiable factors (relating to genetics, demographics, socio-economic status (SES), 

and the reproductive cycle) and modifiable factors (relating to health and lifestyle). 

Generally, non-modifiable risk factors relate to demographics, SES, reproductive history, 

and family history of breast cancer. Higher age, white or Western ethnicity, higher education, 

and higher income are all associated with an increased risk of breast cancer (4). The highest 

incidence rates for breast cancer are observed in developed, Western countries such as the United 

States and Canada, while the lowest incidence rates are observed in Asian countries and less 

developed countries (4).  

 Factors related to the reproductive cycle are also well-established as risk factors. Early 

age at menarche or menstruation (1.1 to 1.9-fold increased risk in those ≤ 11 compared to ≥ 15 

years) (5,6), late age at first full-term pregnancy (1 to 2-fold increased risk in those > 30 years 

compared to < 20 years) (5,7-10) nulliparity or having no children (1 to 2-fold increased risk in 

those without children compared to those with) (4), and late age at menopause (1.1 to 1.9-fold 

increased risk in those ≥ 55 compared to those ≤ 45 years) (5,6) are shown to consistently 

increase risk for breast cancer. Having higher parity (0.5-fold decreased risk for those with ≥ 5 
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children compared to those with none) (11,12) and breastfeeding (RR decreased by 4.3%, 95% 

CI: 2.9, 5.8 for every 12 months of breastfeeding) (13) are protective against breast cancer. 

These factors are thought to represent cumulative exposure to endogenous estrogen, a hormone 

produced in the body which induces cell proliferation) (14). A related procedure is 

oophorectomy (removal of one or both ovaries), which greatly reduces levels of endogenous 

estrogen. If this procedure is performed before the age of 35 (for bilateral oophorectomy) or 45 

(for unilateral oophorectomy), breast cancer risk is thought to be reduced (14).  

 Genetic factors include family history and gene variants. A woman with more first-

degree relatives (ie, mothers, sisters, daughters) with breast cancer is at higher risk of being 

diagnosed with breast cancer herself (RR=2.6 for those with a family history of breast cancer 

compared to those without) (7). This risk increases if the relative’s breast cancer is 

premenopausal. Gene variants such as the BRCA1 and BRCA2 mutations are identified as strong 

risk factors of breast cancer. These mutations are rare in the general population, but may occur at 

higher rates in certain ethnic groups (eg, in Ashkenazi Jews) (4). Some low-penetrance genes 

variants, which induce weaker risks but are more common in the general population, have also 

been identified.  

 Modifiable risk factors include lifestyle and health factors (eg, BMI, weight, height, diet, 

alcohol consumption, tobacco smoking, and use of hormonal medications). BMI (body-mass 

index) is a summary measure of weight and height and is used in defining obesity. Obesity has 

differing effects on breast cancer risk with menopausal status. Obesity (BMI greater than 30 

kg/m2) and weight gain increase the risk of postmenopausal breast cancer (8% increase in risk 

per 5 kg increases in adult weight gain) (15-18), while having higher BMI protects against 

premenopausal breast cancer (RR=0.94, 95% CI: 0.92, 0.95 per 2 kg/m2 increases) (19,20). 
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Increased height is considered an independent factor which weakly increases risk in 

postmenopausal women (RR=1.07, 95% CI: 1.03, 1.12 per 5 cm increases in height) (2). 

Increased height is thought to be an indicator of high energy intake during childhood (18). While 

increased consumption of well-done or charred meats and unsaturated fatty acids, have been 

observed to confer increased risks (4), there is inconsistent evidence for any one dietary factor 

except for alcohol consumption (21,22). Risk of breast cancer increases 10% for every 10 g 

(approximately 1 drink) of alcohol consumed per day (4,20).  The IARC found limited evidence 

for the carcinogenicity of tobacco smoking for female breast cancer (23). A pooled analysis of 

data from 53 studies, with over 58,000 cases and 95,000 controls, found that smoking was not 

associated with breast cancer (24). Use of oral contraceptives (OC) and hormone replacement 

therapy (HRT) increases exposure to exogenous hormones and is associated with increased risk 

of breast cancer, especially in postmenopausal women (4). Current users of oral contraceptives 

have a 24% increase in risk (25). Women who are currently using OC have the highest risks of 

breast cancer and this risk decreases with increasing years after stopping use (25). 

In addition to lifestyle-related risk factors, occupational and environmental risk factors 

have been associated with increased risk of breast cancer. There is consistent evidence for 

increased risk with exposures to ionizing radiation (22) and for women whose occupations 

involve shift work, which disrupts the circadian rhythm system (26). Women who worked night 

shifts for a long period of time had a strong increase in risk (RR=1.48, 95% CI: 1.36, 1.61) (26). 

In another study, an odds ratio of 2.21 was reported for women who were employed in shift work 

for over 30 years compared to women who never did shift work (95% CI: 1.14, 4.31) (27).  
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2.3 Ambient air pollution 

Air pollution is now widely accepted to be associated with mortality and various diseases, 

including asthma, chronic bronchitis, emphysema, cardiovascular disease, and lung cancer (28). 

Ambient or outdoor air pollution has recently been classified as a definite (Group 1) human 

carcinogen by the International Agency for Research on Cancer (IARC) (29). Ambient air 

pollution is composed of natural pollution (eg, volcanoes, forest fires) and anthropogenic 

pollution (30). The latter can be further divided into combustion sources, industrial processes, 

and processes related to mining and drilling (30). Air pollutants produced from combustion 

(burning fossil fuels for power, heat, or transportation) includes sulfur oxides, nitrogen oxides, 

carbon monoxide, carbon dioxide, smoke, volatile organic compounds, polycyclic aromatic 

hydrocarbons, and particulate matter (30). In urban areas, the main source of ambient air 

pollution is from motor vehicle exhaust (30,31). Many components of traffic-related air 

pollution, such as particulate matter and specific polycyclic aromatic hydrocarbons, have also 

been classified as either definite or probable (Group 2A) human carcinogens (31). In urban areas, 

the main source of ambient air pollution is from motor vehicle exhaust (32,33).  

Nitrogen dioxide (NO2) is measured routinely by environmental regulation agencies in 

major cities in Canada. NO2 is commonly used as a proxy measure for traffic-related air 

pollution and was suggested as the “best indicator among pollutants monitored of fresh 

combustion” (32). NO2 is considered a good indicator of traffic-related pollution trends due to its 

high collocational association with other pollutants (such as PAHs) (34); and this has also been 

found in Canada (32). It is also inexpensive and easy to measure directly with passive samplers 

(35,36). A study in Montreal, Quebec assessed 23 air pollutants for spatial and temporal 

variability and although the authors concluded that there is no one single “perfect” proxy 
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measure for air pollution, the nitrogen species (NO, NO2, NOx), being strongly correlated to 

traffic emissions in cities and easily measured, can be considered the best available indicator of 

spatial variation in exposure to traffic-related air pollution (37).  

 

2.3.1 Challenges in measuring air pollution  

Many methods to capture variability in air pollution have been developed and used to 

varying degrees of success in the literature. Pollution exposure can be measured directly or 

indirectly at the individual-level or at the ecologic-level (38). The first published air pollution 

epidemiology studies characterized exposure ecologically as average annual concentrations and 

compared mortality rates between cities (39). However, associations found by measuring air 

pollution at the ecologic-level (through regulatory monitors) are subject to ecologic fallacy. 

Since then, it has become known that within-city variability in air pollution concentrations, 

especially NO2, is as great as or greater than between-city variability (39). Over the last 20 years, 

air pollution exposure assessment methods have been refined to estimate exposure at the 

individual-level (28).   

Directly measuring exposure to air pollution at the individual-level will produce more 

accurate measurements of exposure (28). This can be done through measuring pollutant 

concentrations with personal monitors and global positioning systems (GPS) locators or by 

measuring biomarkers, which are indicators of personal exposures interacting with biological 

systems (28). Both methods are expensive to employ and impractical for long-term exposure and 

therefore are of limited use. 
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Air pollution exposures can be indirectly measured through the use of exposure indicator 

variables (eg, traffic intensity, proximity to roads), interpolation methods (eg, kriging, inverse 

distance weighting), conventional dispersion methods, and land-use regression models (39). The 

use of exposure indicator variables as a proxy for exposure is much cruder than the other 

methods, but this was confirmed as a valid estimate of exposure to traffic-related air pollutants 

(28). Interpolation methods use stochastic modeling to estimate pollution concentrations from 

monitored pollutant measurements (40) while dispersion methods use emission data on 

stationary pollution sources (eg, home heating), mobile pollution sources (estimated by traffic 

indicator variables), and meteorological data (such as air temperature and wind speeds) to predict 

spatial and temporal concentrations. This method is relatively costly, due to data input and high 

GIS (geographic information systems) expertise requirements; although when used in 

conjunction with GIS, it is able to predict air pollution in a study area without needing passive 

monitoring of pollutants (40). Land-use regression (LUR) combines pollutant measurements 

with a number of predictor variables related to the geography of the region of interest in a 

stochastic model to predict exposure. Since regulatory monitor measurements alone do not 

capture the within-city variability, land-use regression requires additional passive monitoring 

(multiple daily or weekly samples) (39). This method also uses GIS which enables many unique 

and useful abilities in data collection and representation, location, spatial analysis, and 

visualization (28).  

The methods used to create the LUR model used in this thesis project will be described in 

a later section (see Section 3.5). A 2008 study evaluated the performance of the LUR model in 

predicting personal exposure measurements (41). A small sample of women was given personal 

monitors and GPS data-loggers to estimate personal exposure to NO2. They were also assigned 
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an NO2 exposure using the LUR model and their home residence. The study found that the LUR 

estimates were less varied than the personal measurements and demonstrated moderate 

correlations between the two. The LUR showed the stronger ability to predict the NO2 personal 

measures when compared to the other methods of exposure assessment conducted in the study 

(distance to nearest ambient monitor and inverse-distance weighted interpolation) (41).  

 

2.3.2 Determinants of traffic-related air pollution  

Concentrations of traffic-related air pollution are influenced by the type of vehicle, 

vehicle speeds, fuel types and quality found in the area and traffic congestion levels (42) . 

Environmental factors such as meteorological conditions, topography, and built environment can 

also affect traffic-related air pollutants. Depending on which chemical compounds are found in 

the atmosphere, chemical reactions occur with traffic-related air pollutants which may dilute the 

concentrations measured.  

These factors are taken into consideration in the land-use regression model created for the 

region of Metro Vancouver. More detail on the land-use regression model can be found in 

Section 3.5.1. 

 

2.4 Traffic-related air pollution and breast cancer 

2.4.1 Proposed biologic mechanisms 

This thesis project is investigating the role of traffic-related air pollution in breast cancer 

etiology using NO2 to estimate exposure. While some studies have shown associations between 

exposure to traffic-related air pollution and increased risk of breast cancer, it is still not known 
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which compound or compounds in air pollution may be responsible. It is suggested that 

polycyclic aromatic hydrocarbons (PAHs), a chemical compound found in the ambient 

environment and in the human diet (43), is involved in breast cancer carcinogenesis (33,43-45).  

Polycyclic aromatic hydrocarbons are organic compounds which consist of systems of 

fused aromatic rings (46). Exposure to PAHs can be attributable to occupational, environmental, 

and dietary sources (47). PAHs are produced from incomplete combustion of fossil fuels (eg, 

gasoline or diesel in transport vehicles, coal in industrial processes) (46). They can also be found 

in the diet (on the surface of charred or well-done meat) and in cigarette smoke (44) . They are 

known to be highly mutagenic, lipophilic, carcinogenic, and immunotoxic (46). Several PAHs, 

including benzo[a]pyrene and dibenzo[a,l]pyrene, are well-established mammary carcinogens in 

animal models (45).  

Due to their lipophilic properties, PAHs can be stored in human milk, blood, placenta, 

and other fat tissues, such as the breast (48). They may reach elevated concentrations and induce 

carcinogenesis in the breast (33).  

PAHs are genotoxic and can react with DNA to form PAH-DNA adducts. PAH-DNA 

adducts are formed with high exposure to PAHs and are fixed by DNA repair mechanisms; 

levels of PAH-DNA adducts in the blood are therefore indicators of exposure levels and DNA 

repair system adequacy (44,45). Damage to DNA due to PAH-DNA adduct formation has been 

hypothesized to induce mutations in tumour suppressor genes and proto-oncogenes, increasing 

the risk of tumour formation and cancer risk (45).  

 PAHs also have estrogenic properties (ie, having similar properties as estrogen) and may 

mimic estrogen as an agent in cell proliferation, increasing breast cancer risk (33,44,49). 
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2.4.2 Epidemiologic evidence  

Numerous epidemiologic studies have looked at the risk of cancers and other chronic 

diseases and traffic-related air pollution. Historically, increased risks for lung cancer (50,51) and 

respiratory diseases (50,52) have been associated with air pollution, but there is emerging 

evidence to suggest an association between traffic-related air pollution and  increased risks for 

breast (33,49,53-55), brain (55), and cervical cancers (51). As traffic-related air pollution is a 

ubiquitous exposure, its potential carcinogenicity has a wide-reaching audience and therefore, is 

of public health concern.  

Studies investigating the role of traffic-related air pollution have used different 

techniques to capture exposure. Methods assess exposure at the ecologic-level (eg, assessing 

study areas by their urban or rural status), at the individual-level, using personal monitors or 

residential histories, or at the individual-level controlling for ecology-level factors. This section 

will summarize the state of the epidemiologic literature by exposure assessment used.  

 

2.4.2.1 Ecologic studies 

A number of ecologic studies have shown associations between increased breast cancer 

incidence and measures of air pollution. In 2012, a study was conducted using ecological 

ambient air pollution and breast cancer incidence data in the United States (53). Associations 

between time trends and regional variations of air pollutant emissions and increased incidence of 

breast cancer were found between 1986 and 2002. Positive correlations between emissions of 

various air pollutants and breast cancer incidence were also observed (NOx r=0.89, CO r=0.82, 
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SO2 r=0.71, p < 0.001) (53). A study using breast cancer incidence trends from SEER found 

positive associations with monitored nitrogen oxides and traffic density in 28 counties in the 

United States (56). Geographic areas with higher traffic density (> 13 vehicles/mi2) had a 

significant higher risk of breast cancer incidence than areas with low traffic density (< 0.9 

vehicles/mi2) (56). Another ecologic study assessed breast cancer incidence by urban and rural 

regional status across six years in Egypt (57). Incident cases were identified from the Gharbiah 

population-based cancer registry from 2001 to 2006 and addresses were linked with census data 

to determine urban or rural status. Incidence of breast cancer was higher in urban areas compared 

to rural areas and this association persisted when breast cancers were stratified by hormonal 

receptor subtype. In a somewhat similar study conducted in the Netherlands, risk of breast cancer 

incidence was examined in areas of varying urbanization (58). Classification of urbanized areas 

was determined by address density (defined as “the number of addresses within a radius of 1 km 

of an average address in the area”). For example, very dense urbanized areas had > 2,500 

addresses/km2 while sparsely urbanized areas had 500 to < 1,000 addresses/km2. Breast cancer 

incidence was marginally increased for each type of urbanized area compared to non-urban areas 

(OR=1.07, 95% CI: 1.03, 1.11, for very dense urbanization compared to non-urban areas) (58). 

Urban areas are thought to have higher concentrations of air pollutants and occupational hazards 

than rural areas. With all ecologic studies, it is important to interpret results while considering 

ecologic fallacy. Associations using ecologic-level data may be explained by individual-level 

differences which these studies cannot account for, such as age at menarche, parity, or education. 

In the Netherlands study, authors stated that newly adopted screening programs may have 

confounded the relationship between breast cancer incidence and urbanization (58). Higher rates 
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of screening mammography in urban regions may result in higher rates of breast cancer detection 

compared to non-urban regions (59).  

 

2.4.2.2 Exposure modelling  

The exposure assessment methods used in the following studies feature exposure 

modeling using spatiotemporal techniques, usually based in GIS. These include proximity 

models, dispersion models, land-use regression models, interpolation models, and hybrid models. 

Generally, these models are made to simulate pollutant concentrations that an individual would 

have been exposed to (28). More refined methods (eg, land-use regression) will produce a model 

which includes additional information on factors which influence pollutant concentrations. Each 

method makes assumptions about pollutant concentrations which are limited (eg, in proximity 

models, the assumption is the closer the proximity, the greater the exposure) (28). Two studies 

were conducted in the Erie and Niagara counties in New York State (49,54). Bonner et al. 

employed an inverse-distance weighted interpolation technique to estimate total suspended 

particulates (TSP) (49). TSP measurements were taken from regulatory fixed-site monitors from 

1959 to 1997 and models were created for the 1960s and each year after until 1997. The highest 

quartile (> 140 µg/m3) of TSP compared to the lowest (< 84 µg/m3) was associated with an odds 

ratio of 2.42 (95% CI: 0.97, 6.09, adjusted for age, education, and parity) with suggested 

significance in postmenopausal women with exposures estimated for time of birth. All other 

associations presented (at time of birth, menarche, first birth, for both premenopausal and 

postmenopausal breast cancer) were null with no clear trends. While a strength of this study is its 

ability to estimate historical exposures in a women’s past, the measurements used to model the 

exposure were taken from fixed-site monitors, placed in areas of high pollution which require 
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monitoring (49). The interpolation method used also does not take into consideration additional 

factors which influences TSP dispersion patterns. Therefore the estimates for each women are 

potentially misclassified. There is potential for geographic selection bias in this study, as authors 

found that cases and controls were more likely to live closely to the study site than otherwise 

expected (49). In a follow-up study, Nie et al. used dispersion modeling to estimate a specific 

PAH, benzo[a]pyrene (BaP) for the same critical time periods (54). An odds ratio of 2.05 (95% 

CI: 0.92, 4.54, adjusted for age, race, education, age at first birth, and year at interview) was 

observed for premenopausal women with high BaP exposure measured at time of menarche 

(highest quartile compared to the lowest) (54).  High BaP exposure measured at time of first 

birth (highest quartile compared to the lowest) was associated with increased risk of 

postmenopausal breast cancer (OR=2.57, 95% CI: 1.16, 5.69, adjusted for age, race, education, 

age at first birth, and year at interview) (54). This dispersion model is a more refined method of 

exposure assessment than the interpolation model used in the Bonner study: it took into account 

various meteorological conditions, traffic flow, and seasonal differences in traffic emissions (60). 

The same participants were used in this study, so the same geographic selection bias may be a 

concern (54).  

Occupational exposure to benzene and PAHs was assessed for increased risk of breast 

cancer in premenopausal women in Montreal (61). Job-exposure matrices and occupational 

histories were used to estimate exposures for cases identified from hospitals and for controls 

recruited randomly from the New York State Department of Motor Vehicles. Response rates 

were 66% and 62% for cases and controls respectively. Women who had high probabilities of 

being exposed to benzene and PAHs were at an increased risk of breast cancer (OR=1.95, 95% 

CI: 1.14, 3.33, OR=2.40, 95% CI: 0.96, 6.01, respectively); however, risks related to PAH 
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exposure could not be examined independently of benzene exposure so results are somewhat 

inconclusive. Examples of occupations with higher PAH exposure include bus, truck, and 

stationary engine mechanics and traffic, shipping, and receiving clerks (61). 

 Currently, there are only two Canadian studies which used land-use regression (LUR) to 

determine exposure to traffic-related air pollution and assessed risk of breast cancer: one was 

conducted in Montreal, Quebec (33) while the other used data from a nation-wide Canadian 

case-control study (62). Crouse and collaborators created land-use regression models using 

lifetime residential histories. Three NO2 exposures were estimated: at time of the LUR model 

creation (2005/6), study entry (1996/7), and approximately ten years prior (1985). This was a 

hospital-based case-control study of incident, invasive cases of postmenopausal breast cancer. 

Controls were individuals with incident cancers other than breast and were matched to cases by 

hospital and frequency-matched by age. Exposure to NO2 at time of study entry was associated 

with increased risk of postmenopausal breast cancer (OR= 1.31 per 5 ppb increases in NO2, 95% 

CI: 1.00, 1.71). A sensitivity analysis was conducted for subjects who resided in one residence 

for at least ten years and observed similar odds ratios but with wider confidence intervals (due to 

smaller sample sizes). Effect estimates were adjusted for hospital of diagnosis, family history of 

breast cancer, oophorectomy, education, ethnicity, age at menarche, age at first full-term 

pregnancy, breastfeeding history, oral contraceptive use, hormone replacement therapy use, 

BMI, exposure to tobacco smoke, respondent/proxy status, alcohol consumption, history of 

benign breast disease, various occupational exposures, and median household income and 

percentage of adults without a high school diploma at the census tract level (33).  

Hystad and colleagues used similar methodology to that used in this thesis project and in 

the Montreal study (62). Eight of the ten provinces in Canada participated in a population-based 
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case-control study and a total 1,569 breast cancer cases and 1,872 controls were recruited (63). 

Cases were recruited randomly from each provincial cancer agency. Controls were recruited 

differently in each province, either using provincial health insurance plans (PEI, Nova Scotia, 

Manitoba, Saskatchewan, BC), the Ministry of Finance Property Assessment database (Ontario), 

or random-digit dialing (Newfoundland and Alberta). Participants had to have reported at least 

90% complete residential histories from 1975 to 1994 for inclusion in this study. NO2 exposure 

levels were then estimated for this time period using the land-use regression model created for 

the entire country. Two additional exposure measures were used to characterize exposure to 

traffic-related air pollution involving satellite-derived observations, however, only the results 

from the land-use regression model will be described here. The study observed positive, non-

significant associations (OR=1.07, 95% CI: 0.86, 1.32 and OR=1.28, 95% CI: 0.92, 1.79) for 10 

ppb increases in NO2 and post- and premenopausal breast cancer, respectively. Models were 

adjusted for a number of established and suspected risk factors for breast cancer, as well as age 

and study province: age at menarche, years of menstruation, parity, age at first full-term 

pregnancy, breastfeeding, bilateral oophorectomy, BMI, smoking, alcohol consumption, median 

household income, years of education, residential and occupational second-hand smoke 

exposure, meat and vegetable consumption, physical activity, mammography screening, 

neighbourhood-level socioeconomic deprivation, and urban living status (62).  

 

2.4.2.3 Personal exposure measurements  

A more accurate method of deriving exposure estimates is by directly measuring 

concentrations of pollutants. This can be done by measuring metabolites in biologic samples or 

by measuring pollutant concentrations using personal monitors. DNA adducts are often measured 
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as a biologically effective carcinogen dose (64). They represent the metabolized internal dose 

that has reacted with DNA and has not yet been repaired, and are therefore a product of an 

individual’s metabolism and repair systems as well as exposure. Several studies have examined 

DNA adducts as a byproduct of environmental pollutant exposure in relation to breast cancer 

risk. Rundle et al. conducted a hospital-based case-control study of 100 breast cancer cases and 

105 controls with benign breast disease (65). PAH-DNA adducts were measured using 

immunohistochemical assays in cancerous and non-cancerous breast tissue from the cases and 

normal breast tissue from the controls. This study found a positive association for increased 

DNA adducts in tumour tissue compared to control tissue after controlling for potential 

confounders (OR=2.56, 95% CI: 1.05, 6.24) (65). However, there may be a potential bias from 

using controls with benign breast disease, as the prevalence of family history of breast cancer in 

this population is much higher than in women without a history of benign breast disease (66). 

Gammon et al. conducted several studies on Long Island in New York, measuring DNA adducts 

from pesticide and PAH exposure (67-69). Blood levels of organochlorines did not differ 

between cases and controls and age-adjusted and multivariate-adjusted ORs (highest quintile 

compared to lowest) were weak (eg, for one organochlorine, DDT, OR=1.15, 95% CI: 0.74, 

1.79) and not statistically significant.  

In general, studies that examined organochlorine pesticide levels in adipose tissue and in 

blood samples in relation to breast cancer incidence have found inconclusive results (70). In the 

same Long Island, NY study population, breast cancer incidence was found to be associated with 

detectable PAH-DNA adducts in blood samples compared to non-detectable DNA adducts (age-

adjusted OR=1.29, 95% CI: 1.05, 1.58) (69). When stratified by menopausal status, 

postmenopausal breast cancer was not associated with detectable DNA adducts while 
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premenopausal breast cancer was. The biggest limitation in using biomarkers to determine 

pollution exposure is that the time period of exposure estimation is never relevant to disease 

causation. Biomarkers are a product of too recent exposure in the case of long-term diseases, 

such as breast cancer (70,71). 

 

2.5 Summary of rationale 

Traffic-related air pollution is a major concern in urban areas; exposures to air pollutants 

have been associated with a variety of health outcomes, including headaches, nausea, acute and 

chronic respiratory effects, heart disease, and several cancers. Breast cancer incidence cannot be 

fully explained by the current established risk factors and there exists a need for further 

etiological research into environmental exposures. This study uses a refined exposure assessment 

method known as land-use regression to estimate exposure to traffic-related air pollution to 

assess the risk of breast cancer incidence in Vancouver, British Columbia.  

 The International Agency for Research on Cancer (IARC) classified outdoor air pollution 

as a Group 1 or definite human carcinogen (29). Several ecologic studies have shown increased 

risk of breast cancer in areas of high urbanization (57,57,58,72,73), and therefore, higher 

exposures of traffic-related air pollution, industrial pollutants, and other environmental toxins, 

such as pesticides. Several case-control studies have examined the relationship between traffic-

related air pollutants and breast cancer in Canada (33,62),  Erie and Niagara counties in New 

York State (49,54), and in Long Island, New York (74). Additionally, there have been several 

studies which have measured PAH-DNA adducts, a marker of DNA damage and thought to be 

one of the possible carcinogenic agents within air pollution (43,65-67,69). However these studies 

all suffer from limitations: these include using ecologic-level data and being subject to the 
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ecologic fallacy, using inadequate comparison groups which may have compromised internal 

validity, using measurements which may not have fully captured the true geographic distribution 

of the exposure, and using biomarkers which may introduce misclassification, as the exposure 

being assigned is a measure of recent exposure rather than cumulative exposure.   

 This thesis project examined the association between breast cancer and traffic-related air 

pollution using data from a Vancouver based case control study in both pre- and postmenopausal 

women. NO2 was estimated using land-use regression and residential histories at time of study 

entry and ten years prior. This will be the third study of its kind and aims to build on the work of 

two prior Canadian studies (33,62).  
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Chapter 3 

Methods 

3.1 Objectives 

The primary objective of this thesis was to assess the association between traffic-related 

air pollution exposure and breast cancer. This association was examined with air pollution 

exposure estimated at two time points (at study entry and ten years prior to study entry) to assess 

the latency in breast cancer development. This thesis also described the differences in established 

risk factors for breast cancer among cases and controls. Several sensitivity analyses were 

conducted to assess the effects of certain methodological decisions.  

 

3.2 Study design 

The Canadian Breast Cancer Study (CBCS) (formerly known as the Molecular 

Epidemiology Breast Cancer study) was a case-control study conducted in Vancouver, British 

Columbia and in Kingston, Ontario by Aronson et al. (1), from 2005 to 2010.  It aimed to 

identify genetic, lifestyle, and environmental risk factors for breast cancer. To do so, a 

questionnaire was completed by participants (see Appendix B) and a blood or saliva sample was 

collected at time of study entry. 

 

3.3 Original study population 

Cases and controls were originally recruited for the Canadian Breast Cancer Study 

(formerly known as the Molecular Epidemiology Breast Cancer Study). From 2005-2010, 2,077 
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women were recruited from Vancouver, British Columbia (BC) and 295 women from Kingston, 

Ontario. For this project, only participants from Vancouver (1,001 cases and 1,014 controls) will 

be analyzed. Cases were recruited from the BC Cancer Agency with in situ or invasive breast 

cancer. These women were 20-80 years old, had no previous cancer history (except non-

melanoma skin cancer), and lived in Vancouver or its surrounding communities (New 

Westminster, Richmond, and Burnaby). Controls were cancer-free individuals recruited from the 

Screening Mammography Program (SMP) of BC. These women were recruited from breast 

screening clinics in the same geographic locations as cases and had agreed to participate in 

research studies over the course of their routine screening. Cases and controls were frequency-

matched by a five-year age group.  

If consent was given, blood and/or saliva samples were taken and access to medical 

health records was granted. Response rates of those who consented to being contacted were 54% 

for cases and 57% for controls. Women aged 40-79 are considered eligible for the screening 

program in BC, so cases under the age of 40 were excluded. Additional cases were excluded 

because their cancer diagnosis date occurred prior to study entry. This resulted in a final sample 

size of 1,001 and 1,014 eligible cases and controls, respectively. 

Ethics approval for the main study was obtained from the University of British Columbia 

– BC Cancer Agency Ethics Board and from the Queen’s University Health Sciences Research 

Ethics Board.  Ethics approval for this student project was obtained from the Queen’s University 

Health Sciences Research Ethics Board. 
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3.4 Data collection procedures 

The questionnaire given to participants (Appendix B) collected information on 

demographics, education, ethnicity, medical and reproductive history, family history of cancer, 

lifestyle characteristics (including smoking and alcohol habits), lifetime physical activity, 

cooking habits, and lifetime occupational and residential histories. Questionnaires were self-

administered or conducted by interview in English, Cantonese, Mandarin, or Punjabi. 

 

3.5 Exposure 

The exposure in this thesis project is nitrogen dioxide (NO2). Average annual nitrogen 

dioxide exposure was estimated for each participant using their home residential history and a 

land-use regression model created for the region of Metro Vancouver in 2003. Nitrogen dioxide 

is considered a proxy for exposure to traffic-related air pollution in this study. 

 

3.5.1 Land-use regression 

Land-use regression (LUR) is an exposure assessment method that combines measured 

pollutant concentrations, characteristics of land-use, traffic, and geography in a least-squares 

model that estimates pollutant concentrations across the area of a specific region. The model is 

adapted to each region of interest which improves concentration predictions, since areas which 

may require additional monitoring can be identified (2). Land-use regression requires the use of 

geographic information systems (GIS) which can help minimize potential misclassification in 

exposure assignment (3). 
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 This thesis project used a nitrogen dioxide land-use regression model developed for the 

region of Metro Vancouver, created in 2003 by Henderson et al. (4). In brief, the procedure of 

the creation of the LUR model is outlined below.  

A location-allocation model was created to identify 100 sites whose measurements would 

optimize variability in pollutant concentrations in Vancouver. This model used five years of 

regulatory data as input. A two-step algorithm was involved which first built a demand surface 

and then determined 100 optimal locations for NO2 sampling. An additional 16 sites were added 

to capture concentrations in specific areas of interest. The LUR domain covered 2,200 km2 of the 

Greater Metropolitan Area of Vancouver (Metro Vancouver).  

To capture the seasonality of NO2 concentrations, historical regulatory NO2 data were 

analyzed and two 2-week sampling periods were identified as optimal. The combined means 

from each sampling period were within 15% of the annual average. These sampling periods ran 

between February 24 through March 14 and September 8 through September 26 in 2003. The 

measured concentrations from each sampling period were averaged to estimate the annual mean 

for each site. The spring and fall mean concentrations were 19.6 (SD=4.9) and 12.9 (SD=4.1) 

parts per billion (ppb), respectively. These concentrations were averaged to create annual 

estimates which were then used to create the LUR model. Annual estimates followed a normal 

distribution with mean 16.2 and standard deviation 5.6 ppb.  

A total of 55 variables were derived to characterize each sampling site by road length, 

vehicle density, land use, population density, elevation, longitude, latitude, distance to nearest 

highway, and distance from the seashore. All were considered as possible predictors of NO2 

concentrations in the final land-use regression model. Some of these predictors, such as road 

length and distance to highways, are coded as circular zones or “buffers” and are duplicated for 
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different sized buffers. Varying buffer sizes are important since they take into consideration the 

air pollutant dispersion patterns (5). For example, in this land-use regression model, road length, 

vehicle density, land use, and population density were considered buffer variables, each with 

buffer radii of 100, 200, 300, 500, 750, and 1,000 meters (4).  

Two models were created using two different traffic metrics: road length or vehicle 

density. A model-building algorithm was used to create a parsimonious final model, selecting a 

subset of the variables to keep in the model (4). The final model equations are in Table 3-1.  The 

R2 values for the road length and vehicle density models were 0.56 and 0.60, respectively. Since 

the vehicle density model explains more variability in the data, NO2 values were estimated using 

the latter model. 

 

Table 3-1: Land-use regression model equations* using two separate traffic metrics 

Model 1 (road 

length): 

42.6 +  𝑅𝐷1.100 ∗ 10.5 +  𝑅𝐷1.1000 ∗ 0.275 +  𝑅𝐷2.200 ∗ 4.24 

+  𝑃𝑂𝑃. 2500 ∗ 0.074 +  𝐶𝑂𝑀. 750 ∗ 0.116 –  𝐸𝐿𝐸𝑉

∗ 0.020 –  𝑋 ∗ 0.591 

Model 2 (vehicle 

density): 

41.1 +  𝐴𝐷1.100 ∗ 0.002 +  𝑇𝐷. 200 ∗ 0.161 +  𝑇𝐷. 1000 ∗ 0.603 

+  𝑃𝑂𝑃. 2500 ∗ 0.068 +  𝐶𝑂𝑀. 750 ∗ 0.116 –  𝐸𝐿𝐸𝑉

∗ 0.017 

* where the number after the period represents the buffer size; eg, RD1.100 = length of highways 

within a 100 m buffer. RD1=length of highways, RD2=length of major roads, DIST=distance to 

highways, AD=automobile density, TD=truck density, POP=population density, 

ELEV=elevation, X=longitude, Y=latitude, COM=commercial area, RES=residential area, 

IND=industrial area, and OPN=open area 
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The vehicle density model was rendered as a map in GIS from the regression equation 

above (Figure 3-1). If any NO2 values produced from the regression equation were negative, they 

were set to zero. If any values were greater than the highest observed NO2 value measured by 

20%, they were reduced to an acceptable concentration. Less than 2% of values were decreased 

in each model.  

The final land-use regression model for Vancouver was found to be relatively consistent 

with results from other regions, such as Montreal. The levels of NO2 observed in Vancouver and 

predicted by the Vancouver LUR ranged from 0 to 30 ppb (4), while those in the Montreal study 

reached as high as 35.9 ppb (6). However, the coefficients for many of the final LUR model 

variables created for Vancouver are comparable to other models, including the Montreal LUR 

(6).  The Montreal LUR model explained 80% of the variation in measured NO2 in Montreal, 

while the Vancouver LUR explained 60% of the variation in Vancouver NO2 (4,6). However, the 

effect of the complex water network surrounding the study regions of both Montreal and 

Vancouver may not be adequately captured by the variables generated (4). 

Figure 3-1 displays the 2003 LUR model for the area of Metro Vancouver. Depicted in 

the figure is the province of British Columbia outside of the LUR study area (in yellow), the 

Pacific Ocean and waterways throughout Metro Vancouver (in blue), and the LUR model in a 

black-white scale. The lighter regions on the map represent higher levels of NO2 while the darker 

regions represent areas of lower NO2 exposure. Major roads and highways (the white grid lines) 

can also be observed due to the increased concentrations of NO2 around these areas. The white 

circles are areas of commercial land-use where NO2 concentrations are very high, hypothesized 

to be largely due to busy intersections and idling cars.  
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Figure 3-1: The 2003 NO2 land-use regression model for Metro Vancouver 

 

3.5.2 Back-extrapolation of the land-use regression model  

The land-use regression model that was used in the second objective of this thesis project 

was back-extrapolated to estimate NO2 levels in Vancouver ten years prior to study entry. Back-

extrapolation of land-use regression models uses historical trends in concentrations of pollutants 

to estimate historical exposure to pollutants. The method used was reported in a paper by Chen et 

al. in 2010 (7) and is also described below. 

Since women were recruited to the CBCS during 2005 to 2010, six back-extrapolated 

surfaces were created for the years 1995 to 2000. Regulatory fixed-site monitoring data for NO2 

concentrations were obtained for the years 1995 to 2000 from the BC Air Data Archive 

(http://envistaweb.env.gov.bc.ca/). Only monitors which were in the study area of Metro 
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Vancouver and had over 50% of daily measurements for the target year were used. The number 

of monitors used varied from 15 to 18 over the period of 1995 to 2000.  

Historical estimates of NO2 exposure were derived by multiplying the original 2003 LUR 

model with a ratio of inverse-distance weighted (IDW) interpolated surfaces of annual 

concentrations of NO2 measured in the target year and in 2003 (Table 3-2) (7). Inverse-distance 

weighted interpolation was conducted in ArcGIS using an optimal power coefficient which 

creates a model with the lowest root mean squared error (8). An example of this surface can be 

seen in Figure 3-2.  

 

Table 3-2: Formula used for back-extrapolating in time, derived from Chen et al. (7) 

Method Description of method 

Original LUR2003 × ratio of 

IDWfixed
* 

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐿𝑈𝑅2003  ×
𝐼𝐷𝑊𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 [𝑁𝑂2] 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑡𝑎𝑟𝑔𝑒𝑡 𝑦𝑒𝑎𝑟

𝐼𝐷𝑊𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 [𝑁𝑂2] 𝑓𝑜𝑟 2003 
 

* LUR: land-use regression, IDW: inverse-distance weighted interpolation, [NO2]: 

concentrations of NO2 

 

3.5.3 Geocoding residential histories 

Questionnaire data from the original Canadian Breast Cancer Study (CBCS) included 

information on lifetime residential histories. Participants could list up to 40 addresses and were 

asked for information on street address, city, postal code, country, start and termination dates in 

each residence, and type of residence.  

Home addresses at different time points were used to estimate exposure to NO2.  
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3.5.3.1 Objective 1: Time of study entry 

The home address which corresponded to time of study entry for each participant was 

identified and geocoded using GeoPinpoint software to the region of Metro Vancouver. 

Participants were excluded from this initial analysis if the address provided was missing, invalid 

(eg, “next door”, “downtown”), or unable to be geocoded. They were also excluded if they were 

not able to be assigned an NO2 value (ie, resided outside of the LUR area), or if they were 

missing one or both of the years they moved to and from a given residence.  

 

3.5.3.2 Objective 2: Ten-year latency 

The home address which corresponded to ten years prior to study entry was identified and 

geocoded. Exclusions were made using the same criteria as in Objective 1. Due to the nature of 

IDW interpolation however, several participants who are within the LUR area fell outside the 

IDW area and were therefore excluded (Figure 3-2).  
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Figure 3-2: The inverse-distance weighted (IDW) interpolated surface for 1995 (marked by a red 

border) laid on top of the LUR model with monitors shown (yellow dots) 

 

3.5.4 NO2 values 

Once addresses were geocoded (ie, given an x- and y-coordinate) they were mapped onto 

the LUR model using GIS software. NO2 exposure values were extracted from the LUR model 

and assigned to each participant according to their geocoded address.  

 

3.6 Outcome 

The outcome of interest in this study is incident breast cancer. Cases were required to 

have an ICD code of C50 (primary breast neoplasm) that was histologically confirmed. 

Pathologic data was collected for all cases from the BC Cancer Registry and BC Breast Cancer 

Outcomes Unit. These data included tumour size, histologic type, nuclear and/or histologic 
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grade, presence of lymphatic or vascular invasion, estrogen and progesterone receptor (ER, PR) 

status, and HER2/neu protein overexpression.  

 

3.7 Menopausal status 

All analyses were stratified by menopausal status in this thesis project. The etiology of 

breast cancer appears to vary by menopausal status. As such, rather than include menopausal 

status as a confounder, these study populations will be analyzed separately. Women were 

classified as postmenopausal if they satisfied one of the following criteria: 

1) they had stopped menstruating naturally for at least one year at time of diagnosis (for 

cases) or study entry (for controls), 

2) they had stopped menstruating naturally and were over 50 years of age, 

3) they had stopped menstruating and had had a bilateral oophorectomy, or 

4) they had had a bilateral oophorectomy and were over 55 years of age. 

 

3.8 Potential confounders  

A number of established risk factors for breast cancer were identified from the literature. 

Data from the Canadian Breast Cancer Study questionnaire were used to obtain information on 

these potential confounders, including personal characteristics, reproductive health history, 

medical history, family history of breast cancer, and lifestyle factors (eg, oral contraceptive drug 

use, alcohol consumption and smoking history). 

 



48 

 

3.8.1 Demographics  

Age was collected in the questionnaire as age at diagnosis for cases and age at study entry 

for controls. It is a continuous variable and was considered as such in all models.  

There were 13 options for ethnicity: White, Chinese, South Asian, Black, Native, 

Arab/West Asian, Filipino, Latin American, Japanese, Korean, Southeast Asian, Other, or 

Mixed. Due to low numbers, some categories were collapsed, resulting in three categories: 

White, East Asian (Chinese, Japanese, Korean), and Other.  

Educational history was ascertained through a question asking about the highest 

educational degree obtained. It was categorized into three levels: high school or less, trade 

school certificate or community college/CEGEP, university degree or higher.   

Household income was categorized as no income; less than $40,000; $40,000-$59,999; 

$60,000-$79,999; over $80,000; and not stated.  

 

3.8.2 Reproductive, medical, and family history 

Information on aspects of reproductive history (age at menarche, age at first full-term 

pregnancy, nulliparity, number of pregnancies, duration of breastfeeding, and age at bilateral 

oophorectomy) was collected in the questionnaire. These were all considered established risk 

factors with the exception of breastfeeding and younger age (< 35 years) at bilateral 

oophorectomy which are protective factors (9). However, age at bilateral oophorectomy was not 

applicable in the models for premenopausal breast cancer and, it was only controlled for in the 

fully-adjusted model for postmenopausal women. 
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Medical factors included hormonal prescriptive drug use and BMI. Oral contraceptive 

(OC) use and hormone replacement therapy (HRT) use were categorized into never used and 

used. Self-reported height and weight were used to calculate body-mass index (BMI), calculated 

as body weight in kilograms over height in meters squared. Self-reported heights and weights are 

often over- and underestimated, respectively, in women, so calculated BMI values are likely an 

underrepresentation of the real values (10). 

Family history of breast cancer is captured in the questionnaire by asking participants to 

list all first-degree relatives (mother, sister, daughter) with breast cancer. This was coded as a 

yes/no variable (ie, “yes, I have at least one first degree relative with breast cancer”, vs. “no, I 

have none”).  

 

3.8.3 Lifestyle factors 

Various lifestyle factors (alcohol consumption, smoking status, and pack-years smoked) 

were identified as risk factors for breast cancer and potential confounders. Participants were 

asked to fill out a table in the CBCS questionnaire describing the average number of alcoholic 

drinks (beer, wine, and spirits recorded separately) consumed per day or per week in each decade 

of their lives (eg, 20s, 30s, 40s, 50s). Alcohol consumption was summarized as average number 

of drinks consumed per week in the decade corresponding to the participant’s age. 

 Smoking status was characterized as never smoked, former smoker, and current smoker. 

If a participant smoked less than 100 cigarettes in their lifetime, they were categorized as a 

never-smoker. Pack-years were calculated as number of packs smoked (20 cigarettes per pack) 

per day for the total years smoked.  
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3.8.4 Neighbourhood-level factors 

Additionally, two neighbourhood-level variables were considered as potential 

confounders to control for potential neighbourhood effects. A neighbourhood effect can be 

defined as the effect that the characteristics of a neighbourhood may have on the resident’s 

health beyond the individual lifestyles of the residents (11) and may have an effect on health 

independent of the same individual-level factors(12). Neighbourhood effects can encompass 

service environments (eg, medical care and transportation), social environments (eg, social 

support, crime), and physical environments (eg, the built environment, traffic, crowding) (11,12). 

Data from the 2006 and 1996 census were used to generate the two neighbourhood-level 

covariates at the census-tract level: proportion of adults over the age of 25 with at least a high 

school education and median household income. Neighbourhood-level median household income 

was categorized similarly to individual-level household income.  

 

3.9 Statistical analyses  

3.9.1 Main objectives 

Descriptive statistics were conducted for the exposure variable as well as all covariates 

for cases and controls. To determine if variables should be categorized or kept continuous, 

Goodness-of-fit tests and AIC (Akaike information criterion) were used. Age at first live birth, 

age at bilateral oophorectomy, duration of breastfeeding, oral contraceptive and hormone 

replacement therapy use were categorized from continuous variables. Means and standard 

deviations were calculated for continuous variables and frequency tables were generated for 

categorical variables. T-tests and chi-square tests (Fisher’s exact tests, when appropriate) were 
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conducted to test the differences between cases and controls for continuous and categorical 

variables, respectively. Age-adjusted odds ratios for established and suspected risk factors were 

also calculated, adjusting for age.  

Multivariable logistic regression was used to estimate the independent relationship 

between exposure to NO2 and risk of breast cancer. Odds ratios (OR) and 95% confidence 

intervals (CI) were calculated from the logistic regression models and are considered a 

reasonable estimate of the relative risk. Since cases and controls were frequency-matched by age, 

the age variable was forced into each model. Models were created for the objectives outlined 

above. Using goodness-of-fit tests (Hosmer-Lemeshow and Stukel’s tests), it was confirmed that 

the linearity assumptions of logistic regression have not been violated. 

A fully-adjusted model was generated by adjusting for all covariates that were considered 

risk factors identified from the literature.  

 

3.9.2 Sensitivity analyses 

Additional sensitivity analyses were conducted: 

 

3.9.2.1 Exclusion of cases with diagnosis dates greater than two years from study entry 

In this sensitivity analysis, cases that were diagnosed two years or more before study 

entry were excluded. This analysis was conducted to minimize incidence-prevalence bias and to 

assess the relationship between NO2 exposure and breast cancer for cases with more incident 

diagnoses of breast cancer.   
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3.9.2.2 Exclusion of participants with more than one residence in the ten years prior to study 

entry 

This sensitivity analysis was limited to participants who had lived at the same address for 

greater than ten years prior to study entry. It is possible for participants to have moved outside 

the Vancouver region or from an area of high pollution to low pollution in the years prior to 

study entry. By limiting participants to those with one long-time address, misclassification due to 

frequent moving is minimized.  

 

3.9.2.3 Exclusion of cases who have never attended screening mammography 

 Cases who had never participated in screening mammography were excluded in this 

sensitivity analysis. This analysis was performed to minimize the potential bias that recruiting 

controls from a screening mammography program might have introduced. Cases were linked to 

the Screening Mammography Program of BC with their provincial personal health numbers. 

Those that were not found in the program were excluded.  

 

3.9.2.4 Exclusion of participants who were not born in Canada 

Participants who were not born in Canada were excluded in this sensitivity analysis. 

Information was also collected on place of birth, which was considered a proxy for immigrant 

status. This was coded as a yes/no variable (ie, born in Canada or not). Vancouver is home to 

many immigrants and in 1996, 35% of the population were immigrants, which rose to 37.5% in 

2001 and 40% in 2006) (13). Despite the data to suggest that first generation immigrants 
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typically come from a lower SES background, they are also more likely to be in better health or 

more health-conscious than their Canadian-born counterparts (eg, a native Canadian aged 45 

years has a 55% predicted incidence of a non-life threatening disease such as asthma compared 

to a recent immigrant, whose predicted incidence is less than 30%) (14). This is known as the 

“healthy immigrant effect” and has been observed in Canadian and American populations 

(14,15) which may introduce bias into effect estimates. This effect may be attributable to the fact 

that healthier candidates for immigration may be more financially or physically capable of 

immigrating or are more likely to be eligible for Canadian residency based on health screening 

by Canadian officials (14).  

 

3.9.2.5 Exclusion of participants who never attended screening mammography and who were not 

born in Canada  

In this analysis, for the reasons outlined above in sections 3.9.2.3 and 3.9.2.4, this 

analysis will exclude cases who had never attended screening mammography as well as 

participants who were not born in Canada.  

 

3.9.3 Power  

Power was calculated for several logistic regression analyses in a case-control setting 

with no confounder adjustment, using methods described by Lubin et al. (16). Based on the 

results reported in the Montreal case-control study in which the largest significant effect estimate 

observed was 1.3 per 5 ppb increases in NO2, (17), a minimal clinically significant odds ratio of 

1.3 per 5 ppb increases was selected for this project’s original power calculation. The distribution 
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of the exposure (NO2 in Vancouver) was taken from the observed monitor measurements of NO2 

reported in the LUR methods paper: they were normally distributed with a mean of 16.2 ppb and 

a standard deviation of 5.6 ppb (4). Table 3-3 displays the power for the analyses conducted in 

this thesis using the sample sizes for each objective.  

 

Table 3-3: Power calculations 

Population Cases Controls Power 

Objective 1 

Postmenopausal women 617 579 99.99% 

Premenopausal women 345 366 98.79% 

Objective 2 

Postmenopausal women 421 382 99.37% 

Premenopausal women 212 236 92.55% 
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Chapter 4 

Results 

4.1 Objective 1: Cross-sectional analysis 

The first objective for this thesis was to assess the association between NO2 exposure at 

study entry and risk of breast cancer. NO2 estimates were derived for each participant based on 

her home address at time of study entry for both cases (as a proxy for diagnosis date) and 

controls.  

 

4.1.1 Residential histories 

Cases and controls each listed an average of 5.2 residences with information at the street 

level; the most any participant gave was 20 residences. On average, participants lived at their last 

given street address for 13.9 years (13.6 years for cases and 14.1 years for controls and listed 

street addresses for 39.2 years (38.6 years for cases and 39.7 years for controls). There appears to 

be no evidence of recall bias of residential history by disease status. A breakdown of the 

proportion of women with 0 to 13 street addresses in the ten, 20, and 30 years before study entry 

are shown in Table 4-1.  

A total of 2,015 participants were found to be eligible from the original Canadian Breast 

Cancer Study. Out of these eligible participants, the only exclusion criterion for these analyses 

was not having a valid street address that could be geocoded within the land-use regression 

(LUR) model. One-hundred and six participants (37 cases and 69 controls) were excluded due to 

the reasons outlined in Table 4-2, resulting in a final sample size of 1,909 participants (964 cases 

and 945 controls).  
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Table 4-1: Number of cases and controls with varying number of street addresses in 10, 20, and 

30 years before study entry in the original study population (1,001 cases and 1,014 controls) 

 

 

Table 4-2: Frequency table of reasons for excluded cases and controls for objective 1 

Cases (%) 

N=1,001 

Controls (%) 

N=1,014 
Reason 

14 (1.4) 6 (0.6) Had no residential information for the target year 

15 (1.5) 47 (4.6) Not enough information given in address 

1 (0.1) 2 (0.2) Address was outside Canada (eg, Washington) 

1 (0.1) 6 (0.6) Invalid addresses (eg, “4 addresses”, “next door”) 

1 (0.1) 4 (0.4) Could not confirm address for target year 

# addresses 
10 years before  

study entry 

20 years before  

study entry 

30 years before  

study entry 

 Cases Controls Cases Controls Cases Controls 

0 37 66 37 61 32 54 

1 579 576 314 327 203 202 

2 245 260 291 264 243 212 

3 101 83 158 176 160 186 

4-5 45 28 161 143 211 215 

6-8 3 3 49 43 130 121 

9-11 0 0 0 2 28 23 

12-13 0 0 0 0 3 3 
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4 (0.4) 5 (0.5) No address existed for the target year 

1 (0.1) 7 (0.7) Within Canada but outside the LUR region 

Total: 37 (3.7) Total: 69 (6.8)  

 

4.1.2 NO2 

Table 4-3 shows NO2 concentrations for premenopausal and postmenopausal women. On 

average, premenopausal women were exposed to more NO2 than postmenopausal women. Cases 

had more variable NO2 exposures (higher standard deviation) than controls. In both groups, cases 

and controls did not differ significantly in their average NO2 exposures (p-value=0.751 and 

0.160 for postmenopausal and premenopausal women respectively).  

A higher proportion of cases and controls (5.5% of cases and 3.4% of controls) were 

assigned the maximum NO2 exposure of 30 ppb (in the cross-sectional analyses) than would be 

expected from a normally distributed exposure (Henderson et al. observed measurements of NO2 

from the monitoring stations were normally distributed with a mean of 16.2 ppb and a standard 

deviation of 5.6 ppb (1)). As such, the median exposure concentration is lower than the mean for 

both groups of cases and controls in this project. 

 

Table 4-3: Average NO2 levels in parts-per-billion (ppb) for post- and premenopausal women 

 Postmenopausal women 

NO2 (ppb) Cases (N=617) Controls (N=579) p-value* 

Mean (SD) 18.4 (4.2) 18.3 (3.9) 0.751 
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Median 17.3 17.3  

 Premenopausal women 

NO2 (ppb) Cases (N=345) Controls (N=366) p-value* 

Mean (SD) 18.2 (4.2) 17.8 (3.6) 0.160 

Median 17.2 17.3  

 

* p-values were calculated for two independent sample t-tests  

 

4.1.3 Descriptive statistics 

Characteristics of cases and controls are described in Table 4-4 by menopausal status. 

Two cases were excluded due to missing information on menopausal status. In both 

postmenopausal and premenopausal women, significant differences between cases and controls 

were observed for ethnicity, education, and household income. There was a higher proportion of 

Asians and a smaller proportion of whites among cases when compared to controls. Controls in 

both groups were more educated and wealthier. In terms of reproductive factors, in both groups, 

cases and controls did not differ in mean age at menarche or hormone replacement therapy use. 

In postmenopausal women only, differences between cases and controls in number of first-

degree relatives with breast cancer, age at first birth, and duration of breastfeeding were 

significant. Cases were more likely to have given birth before the age of 22 while controls were 

more likely to have never given birth. Controls also breastfed for a longer duration (p-

value=0.05). Premenopausal controls were more likely to have no children. While in both 

groups, there were no differences in smoking status or pack-years smoked, controls were more 
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likely to have used oral contraceptives and drank more alcohol. Postmenopausal cases had a 

significantly higher BMI than controls; this difference was not seen in premenopausal women.  

Bivariate analyses were also conducted for each of the covariates and risk of breast 

cancer for postmenopausal women and premenopausal women (see Appendix C, Table C-1). 

Similar relative risks (increased or decreased) for breast cancer were seen for each sample of 

women for each covariate, except in the case of BMI. Higher BMI was associated with a 

significant increased risk for breast cancer in the postmenopausal sample, but was associated 

with a decreased risk (although not significant) in the premenopausal sample. In some classic 

risk factors, the direction of risk was the opposite of expected (ie, instead of protective, it was a 

risk factor). This is the case for ethnicity, education, household income, age at menarche, OC and 

HRT use, and alcohol consumption. All odds ratios other than BMI followed the same direction 

of risk or protection for postmenopausal and premenopausal women.
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Table 4-4: Characteristics of the study population for postmenopausal and premenopausal women for all covariates by case and 

control status 

  POSTMENOPAUSAL WOMEN PREMENOPAUSAL WOMEN 

CHARACTERISTICS 

CASES  

(n=617) 

[Mean (SD)/N 

(%)] 

CONTROLS 

(n=579) 

[Mean (SD)/N 

(%)] 

p-

value* 

CASES 

(n=345)  

[Mean (SD)/N 

(%)] 

CONTROLS 

(n=366) 

[Mean (SD)/N 

(%)] 

p-

value* 

AGE 62.2 (8.2) 62.3 (8.1) 0.799 46.4 (3.9) 46.8 (3.8) 0.224 

ETHNICITY             

    White 377 (61.1)  456 (78.8)  <.0001 175 (50.7)  246 (67.2)  <.0001 

    East Asian 147 (23.8)  62 (10.7)    119 (34.5)  68 (18.6)   

    Other 93 (15.1)  61 (10.5)   51 (14.8)  52 (4.2)  

EDUCATION, highest level achieved             

    High school or less 253 (41.5)  169 (29.2) <.0001 76 (22.0)  56 (15.3) 0.022 

    Trade certificate/Completed 

community college/CEGEP 
171 (28.0) 166 (28.7)   110 (31.9)  107 (29.3)  

    University, graduate, or professional 

degree 
186 (30.5) 243 (42.0)   159 (46.1) 202 (55.4)  

Missing 7 1   0 1  

HOUSEHOLD INCOME             

    < $40,000 121 (19.9) 62 (10.8) <.0001 61 (18.3) 34 (9.3) 0.001 
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  POSTMENOPAUSAL WOMEN PREMENOPAUSAL WOMEN 

CHARACTERISTICS 

CASES  

(n=617) 

[Mean (SD)/N 

(%)] 

CONTROLS 

(n=579) 

[Mean (SD)/N 

(%)] 

p-

value* 

CASES 

(n=345)  

[Mean (SD)/N 

(%)] 

CONTROLS 

(n=366) 

[Mean (SD)/N 

(%)] 

p-

value* 

    $40,000 to $59,999 156 (25.6) 136 (23.7)   74 (22.2) 70 (19.1)  

    $60,000 to $79,999 69 (11.3)  72 (12.5)   37 (11.1)  49 (13.4)  

    $80,000 to ≥ $100,000 52 (8.6)  49 (8.5)   38 (11.4) 43 (11.7)  

    No income 105 (17.2)  91 (15.8)    22 (6.6)  49 (13.4)  

    Not stated 106 (17.4)  165 (28.7)    101 (30.4)  121 (33.1)   

Missing 8 4   12 0  

# FIRST-DEGREE RELATIVES 

WITH BREAST CANCER 
            

    None 488 (79.1)  499 (86.2)  0.001 287 (83.2)  321 (87.7)  0.087 

    At least one 129 (20.9)  80 (13.8)    58 (16.8)  45 (12.3)   

AGE AT MENARCHE 13.0 (1.7) 12.9 (1.5) 0.098 12.7 (1.4) 12.8 (1.5) 0.548 

Missing 5 5   1 3  

AGE AT FIRST BIRTH             

    Never pregnant 96 (15.6)  105 (18.1)  0.353 67 (19.4)  100 (27.4)  0.035 

    < 29 300 (48.7) 261 (45.1)   86 (24.9)  89 (24.4)  

    ≥ 29 220 (25.7) 213 (36.8)   192 (55.7) 176 (48.2)  
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  POSTMENOPAUSAL WOMEN PREMENOPAUSAL WOMEN 

CHARACTERISTICS 

CASES  

(n=617) 

[Mean (SD)/N 

(%)] 

CONTROLS 

(n=579) 

[Mean (SD)/N 

(%)] 

p-

value* 

CASES 

(n=345)  

[Mean (SD)/N 

(%)] 

CONTROLS 

(n=366) 

[Mean (SD)/N 

(%)] 

p-

value* 

Missing 1 0   0 1  

# OF PREGNANCIES             

    0 97 (15.7)  105 (18.1)  0.114 67 (19.4)  101 (27.6)  0.026 

    < 2 84 (13.6)  58 (10.0)    64 (18.6)  53 (14.5)   

    ≥ 2 436 (70.7)  416 (71.8)    214 (62.0)  212 (57.9)   

DURATION OF BREASTFEEDING, 

months 
            

    < 12 487 (78.9)  426 (73.6)  0.050 255 (73.9)  248 (67.8)  0.161 

    12 to < 24 73 (11.8)  96 (16.6)    58 (16.8)  81 (22.1)   

    ≥ 24 57 (9.2)  57 (9.8)    32 (9.3)  37 (10.1)   

AGE AT BILATERAL 

OOPHORECTOMY 
            

    Never had 555 (90.0)  515 (89.0)  0.948 N/A N/A N/A 

    < 40 10 (1.6) 10 (1.7)   N/A N/A  

    40 to < 50 25 (4.0) 25 (4.3)   N/A N/A  

    ≥ 50 27 (4.4)  29 (5.0)    N/A N/A  

OC USE             
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  POSTMENOPAUSAL WOMEN PREMENOPAUSAL WOMEN 

CHARACTERISTICS 

CASES  

(n=617) 

[Mean (SD)/N 

(%)] 

CONTROLS 

(n=579) 

[Mean (SD)/N 

(%)] 

p-

value* 

CASES 

(n=345)  

[Mean (SD)/N 

(%)] 

CONTROLS 

(n=366) 

[Mean (SD)/N 

(%)] 

p-

value* 

    Never used 281 (45.5)  221 (38.2)  0.007 153 (44.5)  92 (25.1)  <.0001 

    Used 332 (54.2)  358 (61.8)   191 (55.5)  274 (74.9)   

Missing 4 0     

HRT USE       

    Never used 339 (55.0) 207 (53.0) 0.486 328 (95.3) 342 (93.7) 0.335 

    Used 277 (45.0)  272 (47.0)   16 (4.7)  23 (6.3)  

Missing 1 0  1 1  

AVERAGE ALCOHOL 

CONSUMPTION,  

drinks/week based on age 

3.9 (2.9) 5.0 (2.8) <.0001 4.2 (3.0) 5.3 (2.8) <.0001 

SMOKING STATUS             

    Non-smoker 362 (58.7)  327 (56.5)  0.744 232 (67.3)  232 (63.4)  0.505 

    Former  213 (34.5)  211 (36.4)    96 (27.8)  111 (30.3)   

    Current 42 (6.8)  41 (7.1)    17 (4.9)  23 (6.3)   

AVERAGE LIFETIME PACKYEARS 7.2 (14.4) 6.3 (12.6) 0.266 3.4 (7.7) 2.9 (6.5) 0.371 

Missing 1 0   1 0  
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  POSTMENOPAUSAL WOMEN PREMENOPAUSAL WOMEN 

CHARACTERISTICS 

CASES  

(n=617) 

[Mean (SD)/N 

(%)] 

CONTROLS 

(n=579) 

[Mean (SD)/N 

(%)] 

p-

value* 

CASES 

(n=345)  

[Mean (SD)/N 

(%)] 

CONTROLS 

(n=366) 

[Mean (SD)/N 

(%)] 

p-

value* 

BMI, kg/m2 26.2 (5.7) 25.0 (4.6) <.0001 24.1 (4.9) 24.5 (4.9) 0.282 

Missing 5 7   6 4  

 

* p-values were calculated for two independent sample t-tests  
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4.1.4 Association between NO2 and breast cancer 

Two models were conducted for assessing the association between continuous NO2 (per 5 

ppb increases) and breast cancer: age-adjusted and fully-adjusted (Table 4-5). Additional 

participants were excluded from the fully-adjusted models due to missing data for the covariates 

(29 cases and 21 controls in the postmenopausal sample; 21 cases and 10 controls in the 

premenopausal sample). 

In postmenopausal women only, the fully-adjusted OR5ppb was 0.96 (95% CI: 0.81, 1.14) 

while in premenopausal women, the fully-adjusted OR5ppb was 1.17 (95% CI: 0.93, 1.48).  

 

Table 4-5: Age-adjusted and fully-adjusted models for association between NO2 exposure and 

breast cancer with odds ratios per 5 ppb increases in NO2 (OR5ppb) 

  Cases Controls 

Age-adjusted  

OR5ppb  

(95% CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb  

(95% CI) 

Postmenopausal 617 579 1.03 (0.89, 1.18) 588 558 0.96 (0.81, 1.14) 

Premenopausal‡ 345 366 1.15 (0.95, 1.39) 324 356 1.17 (0.93, 1.48) 

 

† adjusted for age, family history of breast cancer, education, ethnicity, age at menarche, age at 

first live birth, parity, breastfeeding duration, age at bilateral oophorectomy, oral contraceptive 

use, hormone replacement therapy use, body-mass index, smoking status, pack-years smoked, 

average alcohol consumption, and two neighbourhood-level variables, proportion of adults with 

at least high school education and median household income 
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‡ age at bilateral oophorectomy could not be adjusted for in the premenopausal sample 

 

4.2 Objective 2: Historical analysis  

The second objective of this thesis was to analyze the association between historical NO2 

exposures from ten years before study entry and breast cancer risk. The association was assessed 

stratified by menopausal status, similar to the analyses in the first objective.  

 

4.2.1 Residential histories 

A total of 763 participants (366 cases and 396 controls) were excluded from this analysis 

from the original sample of 2,015 eligible participants. Due to the nature of this “historical” 

analysis, which was to assign NO2 estimates to participants ten years prior to study entry based 

on a back-extrapolation approach, many participants were excluded because of missing data 

(addresses or move years) or not living in the study area ten years ago. Additionally, 

approximately half of the excluded participants resided outside of the inverse-distance weighted 

(IDW) interpolated surfaces used in the back-extrapolation methods, which resulted in no 

available NO2 estimates. Table 4-6 outlines the different reasons why participants were excluded.  

 

Table 4-6: Frequency table of excluded cases and controls with reasons for objective 2 

Cases (%) 

N=1,001 

Controls (%) 

N=1,014 
Reason 

152 (15.2) 181 (1.8) Outside the IDW region 
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12 (1.2) 8 (0.8) Not enough information given in address 

64 (6.4) 86 (8.5) Missing address for target year 

12 (1.2) 18 (1.8) Invalid addresses (eg, “4 addresses”, “next door”) 

5 (0.5) 11 (1.1) Could not confirm address for target year 

122 (1.2) 92 (9.1) Outside the LUR region 

Total: 366 (36.6) Total: 396 (39.0)  

 

4.2.2 NO2 

Historical NO2 exposures did not differ significantly between cases and controls in the 

postmenopausal women sample (p-value=0.646) or in the premenopausal women sample (p-

value=0.557). Similar to the cross-sectional analysis, median values for NO2 were lower than the 

means (Table 4-7).  

 

Table 4-7: NO2 means, standard deviations, and medians in parts-per-billion (ppb) for post- and 

premenopausal women 

  Postmenopausal women 

NO2 Cases (N=421) Controls (N=382) p-value* 

Mean (SD) 19.2 (4.4) 19.3 (4.2) 0.646 

Median 18.1 18.5   

  Premenopausal women 

NO2 Cases (N=212) Controls (N=236) p-value* 
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Mean (SD) 19.1 (4.7) 19.4 (4.4) 0.557 

Median 18.1 18.7   

 

* p-values were calculated for two independent sample t-tests  

 

4.2.3 Association between NO2 and breast cancer 

The same models were created in this objective as with the first: age-adjusted and fully-

adjusted for all a priori identified covariates. Effect estimates (odds ratios, calculated as the 

relative odds of having breast cancer for a 5 ppb increase in NO2 with all else being equal) from 

the age-adjusted and fully-adjusted models were not statistically significant since all confidence 

intervals include the null value of one (Table 4-8). However, a similar pattern is observed: in 

postmenopausal women only, the fully-adjusted OR5ppb was 0.93 (95% CI: 0.78, 1.11) while in 

premenopausal women, the fully-adjusted OR5ppb was stronger: 1.18 (95% CI: 0.93, 1.49).  

 

Table 4-8: Age-adjusted and fully-adjusted models for association between NO2 exposure and 

breast cancer with odds ratios per 5 ppb increases in NO2 (OR5ppb) 

  Cases Controls 

Age-adjusted 

OR5ppb  

(95% CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb  

(95% CI) 

Postmenopausal 421 382 0.97 (0.82, 1.14) 402 368 0.93 (0.78, 1.11) 

Premenopausal‡ 212 236 0.94 (0.76, 1.15) 203 230 1.18 (0.93, 1.49) 
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† adjusted for age, family history of breast cancer, education, ethnicity, age at menarche, age at 

first live birth, parity, breastfeeding duration, age at bilateral oophorectomy, oral contraceptive 

use, hormone replacement therapy use, body-mass index, smoking status, pack-years smoked, 

average alcohol consumption, and two neighbourhood-level variables, proportion of adults with 

at least high school education and median household income 

‡ age at bilateral oophorectomy could not be adjusted for in the premenopausal sample 

 

4.3 Sensitivity analyses 

Several sensitivity analyses were conducted to evaluate certain assumptions that were 

made. They are described in more detail in the following section.  

 

4.3.1 Exclusion of cases with diagnosis dates greater than two years from study entry 

This sensitivity analysis was restricted to cases whose diagnosis date was less than two 

years from study entry, to better represent incident breast cancer cases. All originally eligible 

controls for each main analysis (exposure estimated at the time of study entry and ten years prior 

using back-extrapolation) were included. The restrictions for this sensitivity analysis led to the 

further exclusion of 84 cases from the cross-sectional analysis and 52 cases from the back-

extrapolation analysis. Compared to the original analyses, effect estimates did not change 

substantially and all results remain null (Table 4-9).  
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Table 4-9: Age-adjusted and fully-adjusted logistic regression models excluding cases with 

diagnosis dates greater than two years from study entry using NO2 estimates at study entry 

(Table 4-9A) and back-extrapolated historical NO2 estimates (Table 4-9B) 

 

Table 4-9A: (Cross-sectional) 

  Cases Controls 

Age-adjusted 

OR5ppb  

(95% CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb  

(95% CI) 

Postmenopausal 570 579 1.03 (0.89, 1.19) 543 558 0.98 (0.82, 1.16) 

Premenopausal‡ 308 366 1.14 (0.93, 1.38) 289 356 1.16 (0.91, 1.47) 

 

Table 4-9B: (Historical) 

  Cases Controls 

Age-adjusted 

OR5ppb  

(95% CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb  

(95% CI) 

Postmenopausal 392 382 0.99 (0.84, 1.16) 373 368 0.95 (0.79, 1.14) 

Premenopausal‡ 189 236 0.94 (0.76, 1.16) 181 230 1.06 (0.82, 1.34) 

 

† adjusted for age, family history of breast cancer, education, ethnicity, age at menarche, age at 

first live birth, parity, breastfeeding duration, age at bilateral oophorectomy, oral contraceptive 

use, hormone replacement therapy use, body-mass index, smoking status, pack-years smoked, 

average alcohol consumption, and two neighbourhood-level variables, proportion of adults with 

at least high school education and median household income 
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‡ age at bilateral oophorectomy could not be adjusted for in the premenopausal sample 

 

4.3.2 Exclusion of participants with more than one residence in the ten years prior to study 

entry 

The second sensitivity analysis conducted excluded participants who moved during a 

period of ten years prior to their year of study entry. This was to reduce any misclassification 

from having an individual with several residences being assigned an exposure from only one 

residence. Due to the nature of the back-extrapolation method, participants who fell outside of 

the IDW surfaces were excluded. For the cross-sectional analysis, 348 cases and 320 controls 

were excluded, while for the historical analysis, 140 cases and 129 controls were excluded. 

Similar to the first sensitivity analysis, effect estimates do not differ greatly from the original 

analyses and are not statistically significant (Table 4-10). An elevated odds ratio can be observed 

in the cross-sectional analysis using premenopausal women (OR5ppb=1.21, 95% CI: 0.84, 1.76). 
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Table 4-10: Age-adjusted and fully-adjusted logistic regression models excluding participants 

with more than one address in the ten years from study entry using NO2 estimates at study entry 

(Table 4.10A) and back-extrapolated historical NO2 estimates (Table 4.10B) 

 

Table 4.10A: (Cross-sectional) 

  Cases Controls 

Age-adjusted 

OR5ppb  

(95% CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb  

(95% CI) 

Postmenopausal 449 447 1.04 (0.87, 1.23) 428 434 0.94 (0.77, 1.16) 

Premenopausal‡ 165 178 1.04 (0.78, 1.40) 154 174 1.21 (0.84, 1.76) 

 

Table 4.10B: (Historical) 

  Cases Controls 

Age-adjusted 

OR5ppb  

(95% CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb  

(95% CI) 

Postmenopausal 363 340 1.01 (0.85, 1.20) 345 329 1.00 (0.82, 1.22) 

Premenopausal‡ 130 149 0.93 (0.70, 1.23) 124 144 1.09 (0.77, 1.55) 

 

† adjusted for age, family history of breast cancer, education, ethnicity, age at menarche, age at 

first live birth, parity, breastfeeding duration, age at bilateral oophorectomy, oral contraceptive 

use, hormone replacement therapy use, body-mass index, smoking status, pack-years smoked, 

average alcohol consumption, and two neighbourhood-level variables, proportion of adults with 

at least high school education and median household income 

‡ age at bilateral oophorectomy could not be adjusted for in the premenopausal sample 
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4.3.3 Exclusion of cases who have never attended screening mammography 

In this third sensitivity analysis, to assess the possibility of screening-related bias due to 

the selection strategy of the controls, cases who had never attended screening mammography 

were excluded. A total of 213 cases from the cross-sectional analysis and 126 cases from the 

back-extrapolation analyses were excluded. The same pattern persisted in the cross-sectional 

analysis with a weak but not statistically significant association observed in the premenopausal 

sample only. This association increased moderately in the historical model, but again, was not 

statistically significant (Table 4-11).  

 

Table 4-11: Age-adjusted and fully-adjusted logistic regression models excluding cases who 

have never attended screening mammography using NO2 estimates at study entry (Table 4.11A) 

and back-extrapolated historical NO2 estimates (Table 4.11B) 

 

Table 4.11A: (Cross-sectional) 

  Cases Controls 

Age-adjusted 

OR5ppb  

(95% CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb  

(95% CI) 

Postmenopausal 534 579 1.03 (0.89, 1.19) 508 558 0.99 (0.83, 1.18) 

Premenopausal‡ 215 366 1.10 (0.89, 1.37) 202 356 1.12 (0.86, 1.47) 
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Table 4.11B: (Historical) 

  Cases Controls 

Age-adjusted 

OR5ppb  

(95% CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb  

(95% CI) 

Postmenopausal 377 382 0.99 (0.84, 1.16) 359 368 0.98 (0.81, 1.18) 

Premenopausal‡ 130 236 0.99 (0.79, 1.25) 124 230 1.20 (0.91, 1.59) 

 

† adjusted for age, family history of breast cancer, education, ethnicity, age at menarche, age at 

first live birth, parity, breastfeeding duration, age at bilateral oophorectomy, oral contraceptive 

use, hormone replacement therapy use, body-mass index, smoking status, pack-years smoked, 

average alcohol consumption, and two neighbourhood-level variables, proportion of adults with 

at least high school education and median household income 

‡ age at bilateral oophorectomy could not be adjusted for in the premenopausal sample 

 

4.3.4 Exclusion of participants who were not born in Canada 

Participants who were not born in Canada were excluded in this sensitivity analysis to 

assess for a possible healthy immigrant effect (2,3). For the first analysis, 539 cases and 394 

controls were excluded. For the second analysis, 342 cases and 242 controls were excluded. The 

pattern of results was similar to previous models with a weak but not statistically significant 

association observed predominantly in the premenopausal analyses. Since many participants 

were excluded in this analysis, confidence intervals are wider than in previous analyses and all 

include the null value of one (Table 4-12).  
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Table 4-12: Age-adjusted and fully-adjusted logistic regression models excluding participants 

not born in Canada using NO2 estimates at study entry (Table 4.12A) and back-extrapolated 

historical NO2 estimates (Table 4.12B) 

 

Table 4.12A: (Cross-sectional) 

  Cases Controls 

Age-adjusted 

OR5ppb  

(95% CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb  

(95% CI) 

Postmenopausal 279 331 1.01 (0.82, 1.25) 267 321 0.95 (0.73, 1.22) 

Premenopausal‡ 144 220 1.13 (0.82, 1.56) 135 216 1.23 (0.82, 1.86) 

 

Table 4.12B: (Historical) 

  Cases Controls 

Age-adjusted 

OR5ppb (95% 

CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb (95% 

CI) 

Postmenopausal 194 214 0.98 (0.77, 1.23) 188 208 1.05 (0.81, 1.38) 

Premenopausal‡ 97 162 0.94 (0.70, 1.25) 93 158 1.08 (0.76, 1.52) 

 

† adjusted for age, family history of breast cancer, education, ethnicity, age at menarche, age at 

first live birth, parity, breastfeeding duration, age at bilateral oophorectomy, oral contraceptive 

use, hormone replacement therapy use, body-mass index, smoking status, pack-years smoked, 

average alcohol consumption, and two neighbourhood-level variables, proportion of adults with 

at least high school education and median household income 
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‡ age at bilateral oophorectomy could not be adjusted for in the premenopausal sample 

 

4.3.5 Exclusion of participants who have never attended screening mammography and who 

were not born in Canada 

Cases who had never attended screening mammography were excluded to assess the 

possibility of screening-related bias due to the selection strategy of the controls. In addition, 

participants who were not born in Canada were excluded in this sensitivity analysis to assess for 

a possible healthy immigrant effect (2,3). While all confidence intervals include the null value of 

one, effect estimates seen in this analysis are stronger than observed in previous analyses, 

particularly in the premenopausal sample (Table 4-13).  

 

Table 4-13: Age-adjusted and fully-adjusted logistic regression models excluding participants 

who have never attended screening mammography and who were not born in Canada using NO2 

estimates at study entry (Table 4.13A) and back-extrapolated historical NO2 estimates (Table 

4.13B) 

 

Table 4.13A: (Cross-sectional) 

  Cases Controls 

Age-adjusted 

OR5ppb  

(95% CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb  

(95% CI) 

Postmenopausal 252 331 1.04 (0.84, 1.28) 239 321 0.99 (0.77, 1.29) 
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Premenopausal‡ 101 220 1.08 (0.74, 1.58) 94 215 1.22 (0.76, 1.94) 

 

Table 4.13B: (Historical) 

  Cases Controls 

Age-adjusted 

OR5ppb (95% 

CI) 

Cases Controls 

Fully-adjusted† 

OR5ppb (95% 

CI) 

Postmenopausal 176 214 1.02 (0.80, 1.29) 169 208 1.15 (0.87, 1.51) 

Premenopausal‡ 64 162 1.07 (0.77, 1.48) 61 158 1.37 (0.92, 2.05) 

 

† adjusted for age, family history of breast cancer, education, ethnicity, age at menarche, age at 

first live birth, parity, breastfeeding duration, age at bilateral oophorectomy, oral contraceptive 

use, hormone replacement therapy use, body-mass index, smoking status, pack-years smoked, 

average alcohol consumption, and two neighbourhood-level variables, proportion of adults with 

at least high school education and median household income 

‡ age at bilateral oophorectomy could not be adjusted for in the premenopausal sample 
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Chapter 5 

Discussion 

5.1 Summary of main findings 

This study found limited evidence of an association between exposure to outdoor 

concentrations of NO2 and incidence of breast cancer in a case-control study conducted between 

2005 and 2010 in Vancouver, BC. Two exposure metrics were used to determine concentrations 

of NO2: cross-sectional concentrations taken at time of entry into the case-control study (between 

the years 2005 and 2010), and historical concentrations taken ten years prior to study entry 

(between 1995 and 2000).  

Specifically, the analysis at study entry included 964 cases and 945 controls and used 

local NO2 estimates from a 2003 land-use regression (LUR) model developed for the city of 

Vancouver and its surrounding areas. The average concentration of NO2 was approximately 18 

ppb for both cases and controls, but was not normally distributed, likely due to the truncation of 

the LUR model at a maximum exposure of 30 ppb. The original Vancouver LUR methods paper 

reported measurements of NO2 from the passive monitoring stations to be normally distributed 

(1), but the estimates for participants in this thesis project were not. No association between NO2 

exposure (per 5 ppb increases) and risk of breast cancer incidence was observed in the 

postmenopausal sample of women (OR5ppb=0.96, 95% CI: 0.81, 1.14 for the cross-sectional 

analysis and OR5ppb=0.93, 95% CI: 0.78, 1.11 for the historical analysis). A consistent positive 

association between NO2 exposure and incidence of breast cancer in premenopausal women was 

observed, although the odds ratios never reached statistical significance at the conventional alpha 

level of 0.05 (OR5ppb=1.17, 95% CI: 0.93, 1.48 for the cross-sectional analysis and OR5ppb=1.18, 
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95% CI: 0.93, 1.49 for the historical analysis). When the analysis was restricted to only 

premenopausal cases and controls that had attended mammography screening, the magnitude of 

the association between historical exposure to NO2 and incidence of breast cancer increased, 

although the confidence interval still included one (OR5ppb=1.20; 95% CI 0.91, 1.59).  

The remainder of this chapter will compare the results from this project with the current 

literature on traffic-related air pollution and incidence of breast cancer. The methodological 

strengths and limitations of this research are presented including suggestions for future research 

directions.  

 

5.2 Comparison of findings with relevant literature 

To date, there have been only a handful of studies evaluating the association between 

traffic-related air pollution and breast cancer (2-7). Of these, two used traffic exposure metrics 

(3,4), one measured total suspended particulates (5), and three used measurements of NOx (2,6,7) 

to estimate exposure to traffic-related air pollution. Results from some of these studies are 

provocative, suggesting weak to modest associations between different markers of air pollution 

and incidence of breast cancer, although the majority of observed effect estimates have not been 

statistically significant at the alpha level of 0.05. There also appears to be qualitative 

heterogeneity by menopausal status in the literature and results seem to vary according to study 

design and exposure assessment strategy. 

Similar to the results observed in this study, a recent publication by Hystad and 

colleagues observed an increased incidence in premenopausal breast cancer (OR=1.28, 95% CI: 

0.92, 1.79, per 10 ppb increases in NO2) among women with an elevated exposure to NO2 (based 
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on a 20 year average) but a weak to negligible association between increased exposure to NO2 

and incidence of postmenopausal breast cancer (OR=1.07, 95% CI: 0.86, 1.32, per 10 ppb 

increases in NO2) (6). Like this project, Hystad et al. also used data from a case-control study 

and estimated NO2 using a LUR approach. In contrast, the only other study in Canada to use a 

LUR approach to estimate NO2 exposure, conducted by Crouse et al., observed a much stronger 

association between increased NO2 exposure (per 5 ppb increases) and risk of postmenopausal 

breast cancer (OR5ppb=1.31; 95% CI: 1.00, 1.71) (7). Crouse and collaborators used city-level 

data from Montreal for NO2 exposure assignment, finer resolution than the national-level data 

used in the Hystad study, and this difference in precision in exposure assessment may explain the 

difference in their results. However, it does not explain the difference observed between the 

Montreal study and this thesis project that also used city-level data but did not observe an 

association between NO2 and risk of breast cancer among postmenopausal women.  

A few other studies in predominantly postmenopausal populations, albeit using different 

markers of exposure to traffic-related air pollution, have also reported elevated risk of breast 

cancer with increased exposure to air pollution. In these studies, the direction of the effect has 

been consistently positive (2,3,5), although only one of the three studies (5) observed a 

statistically significant result. Furthermore, the study by Lewis-Michl also observed an inverse 

association between traffic density and breast cancer among postmenopausal women in Suffolk 

County (OR=0.89, 95% CI: 0.40, 1.99) in contrast to those living in Nassau County (OR=1.29, 

95% CI: 0.77, 2.15) (3). The authors hypothesized that the higher probability of greater exposure 

in Nassau country than in Suffolk and the difference in case participation rates in each county 

may be reasons why this difference was observed. 
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There are several explanations for the discrepancy in effect estimates for postmenopausal 

women in this project and those reported elsewhere in the literature. The Montreal study (7) used 

two methods to back-extrapolate the NO2 LUR models: the first method, also used in this thesis, 

used fixed-site monitoring station NO2 measurements to create inverse-distance weighted 

interpolation maps for the target years and year of LUR creation, while the second method used 

predicted NO2 values from the 2005 LUR model at the locations of the fixed-site monitoring 

stations (8). Both methods produced very similar estimates of effects (7) for the time periods of 

interest (time of study entry: 1996; time of LUR development: 2006; and historical exposure ten 

years prior: 1986), although only the second back-extrapolation procedure for the 1996 (cross-

sectional) model produced results that were statistically significant. In this thesis project, back-

extrapolation of NO2 estimates based on an LUR model developed in 2003 did not change the 

magnitude of the estimated association except perhaps in two analyses restricted to 1) prior 

participation in a screening mammography program and 2) participants born in Canada. In both 

of these sub-analyses, increased exposure to NO2 was associated with an elevated risk of breast 

cancer among premenopausal women. When restricted to postmenopausal participants born in 

Canada, the OR5ppb of 1.08 (95% CI: 0.76, 1.52) compared most closely to the results from 

Hystad et al. (OR10ppb=1.07, 95% CI: 0.86, 1.32) (6). It is possible that while an effect may exist 

between NO2 and postmenopausal breast cancer, the study in Vancouver did not have enough 

statistical power to detect this association. For example, if the true relationship between NO2 and 

breast cancer was non-linear and associations are only apparent after a certain threshold, the city 

of Vancouver may not have the correct prevalence of high exposures to NO2 to detect them. 

Importantly, NO2 estimates from the LUR model were restricted to a maximum threshold of 30 

ppb in the Vancouver LUR model. It cannot be explained why this might have differentially 
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affected the results by menopausal status. In addition, although this study initially reported high 

power to detect an association of 1.3 under the assumption of a normally distributed exposure 

(see Section 3.9), this assumption may not be valid and the effects of a non-normally distributed 

exposure on the power calculated is not known. 

Some study limitations and different methodological approaches may account for 

observed differences between studies. One limitation is the fundamentally different air quality 

between Montreal, Vancouver, and other major Canadian cities which influences NO2 variability 

and exposure levels. For example, Montreal has a larger population, almost double that of 

Vancouver in 1996 (3.3 million compared to 1.8 million in Vancouver) (9,10). Population size 

and density are directly related to the number of automobiles and therefore levels of traffic-

related air pollution in urban areas (11,12). While average NO2 levels were comparable in 

Montreal and Vancouver in 2011 (~11-12 ppb), levels of particulate matter, another good 

indicator of traffic-related air pollution and air quality, were twice as high in Montreal than in 

Vancouver (13). Montreal is also generally considered to have worse air quality and greater air 

pollution than Vancouver and other Canadian cities such as Toronto when using air quality 

indicators such as ozone and particulate matter (14). The lack of variability in NO2 levels in 

Vancouver may have limited the ability of this study to detect potential effects on risk of breast 

cancer if a non-linear relationship exists between NO2 and breast cancer.  

The LUR models for both Vancouver and Montreal are also fundamentally different in 

their creations, although both used similar covariates and modelling approaches. The Vancouver 

LUR model explained less variability in NO2 compared to the Montreal LUR model (60% vs. 

73%) (6,7). Another limitation may be the selection strategy of the controls: in the Vancouver-

based case-control study for this project, the controls came from the mammography screening 
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program in Vancouver, while the controls in the Montreal case-control study were recruited from 

hospitals and were patients with cancers other than breast and bladder cancers (7). Importantly, 

only postmenopausal women were included in the Crouse study. Controls used in the Hystad 

national case-control study among women in eight provinces were population-based and women 

were recruited through a variety of methods such as random digit dialing and random sampling 

from health insurance plans (6). An important criticism of the Vancouver case-control design is 

the selection of controls from a screening program: women who attend screening programs are 

typically healthier, better educated, and wealthier than those who do not participate in screening 

programs, and this is apparent in the descriptive data reported here. These factors may also 

influence choice of residential neighborhood and in turn, exposure to traffic-related NO2. This 

potential selection bias was addressed in a sensitivity analysis that restricted the analysis to those 

cases and controls who had participated in screening programs in the past, leading to a larger 

odds ratio comparable to that observed by Hystad et al. in women with premenopausal breast 

cancer. However, this analysis did not change the interpretation of the effect estimates for 

postmenopausal women, perhaps because most postmenopausal cases had previously 

participated in screening mammography programs (87% had previously participated in 

screening).  

Despite adjusting for potential confounding by important risk factors for breast cancer 

including SES, education, and ethnicity, residual confounding may still exist, especially related 

to immigrant status, since those women not born in Canada are under-represented in the case 

group (48% of the cases were Canadian-born vs. 65% of the population in Vancouver in 1996, 

according to the national census) (9). Montreal has a larger population, almost twice as large 

compared to Vancouver in 1996 (3.3 million compared to 1.8 million in Vancouver) (9,10). 
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Population size and density is directly related to the number of automobiles and therefore levels 

of traffic-related air pollution in urban areas (11,12). In addition, Vancouver is home to nearly 

twice as many non-English and non-French speaking people than Montreal (33% compared to 

18% of the population whose mother tongue was not French or English in 1996), twice as many 

immigrants (35% compared to 18% of the population in 1996), and almost three times the 

number of recent immigrants (11% compared to 4% of the population immigrated in the five 

years preceding the 1996 census) (9,10). The two study samples are likewise different. The 

majority of cases and controls (75%) in the Montreal study were white (French Canadian, Jewish 

or Italian) (7). In the Vancouver study, 57% of cases and 74% of controls were white, while 37% 

of cases and 22% of controls were Asian. Participants in the Montreal study were also better 

educated than participants in the Vancouver study. The majority of Montreal cases and controls 

had more than a community college degree while the majority of Vancouver cases and controls 

had the equivalent of or less than a community college degree.  

Tobacco smoke is associated with exposure to numerous toxic chemicals including 

certain PAHs. It is therefore necessary to carefully control for tobacco use in any analysis 

evaluating the independent carcinogenic effects of traffic-related air pollution. Stratifying the 

analysis on smoking status can also provide additional insights about the absolute risk of traffic 

related air pollution (in the non-smoking population) and about potential interactions in the 

smoking population. In a case-control study conducted in Long Island (4), authors used a 

geographic traffic exposure dispersion model to estimate PAH exposure using BaP 

measurements and traffic counts. When the analyses were stratified on smoking status and 

menopausal status, significant associations between PAH exposure at time of menarche and 

breast cancer were only observed among non-smokers in the premenopausal model. A second 
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case-control study presented a pooled analysis using PAH-DNA adducts measured by ELISA in 

peripheral mononuclear cells (15). In this analysis of 873 cases and 941 controls, risk of breast 

cancer was increased for those with detectable PAH-DNA adducts when compared to non-

detectable adduct levels (age-adjusted OR=1.29, 95% CI: 1.05, 1.58) (15). When stratified by 

cigarette smoking exposure, associations disappeared for former and current smokers (for non-

smokers: OR=1.48, 95% CI: 1.10, 2.00; for former smokers: OR=1.23, 95% CI: 0.86, 1.76; for 

current smokers: OR=0.99, 95% CI: 0.62, 1.58). When the analyses were stratified by smoking 

status in this thesis project, no qualitative difference in effect estimates were observed (data not 

shown). However, these results are not directly comparable to the studies above, since PAH-

DNA adducts were not measured in this project and NO2 is not in itself hypothesized to be a 

cancer-causing agent, but rather a marker of a complex mixture of traffic-related air pollutants, 

which share some but not all the carcinogens in tobacco smoke. 

In conclusion, most studies assessing the role of traffic-related air pollution and breast 

cancer have found inconsistent results pertaining to premenopausal and postmenopausal breast 

cancer and times of critical exposure Evidence of a dose-response is limited and most studies 

suffer from limitations in exposure assessment. Broadly speaking, ecologic approaches highlight 

potential areas of future study, but more often on their own do not produce high-level evidence 

of biologic associations. Biomarker studies provide accurate information on biologically relevant 

exposure doses but may not necessarily reflect long-term exposure. Modelling approaches, such 

as land-use regression, have the ability to historically estimate exposures while controlling for 

geographic factors such as meteorology and topography. While these approaches do rely on 

routinely collected proxy indicators which are often not the carcinogenic agents of interest in 
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breast cancer etiology, the proxy indicators used are well correlated with the exposure of interest 

and NO2 in particular is a widely used proxy measure of traffic-related air pollution.  

 

5.3 Study validity: Methodological strengths and limitations 

5.3.1 Selection bias 

There are several strengths and limitations of this project that should be addressed when 

assessing the internal validity of this study. Case-control studies are always vulnerable to 

selection bias and this study is no exception. Newly diagnosed breast cancer cases were 

ascertained from the BC Cancer Registry and controls were recruited from the Screening 

Mammography Program (SMP) of British Columbia (BC), a population-based breast cancer-

screening mammography program. Because of the variability in the access and use of the SMP in 

BC, there is a concern for a screening-related bias in this study (a type of volunteer bias). 

Women who attend screening mammography programs are typically more health-conscious (16), 

potentially better educated and wealthier. 

Information on prior participation in a breast screening program was collected during the 

original interview with all participants. Consequently, it was possible to conduct sensitivity 

analysis excluding all cases who had never attended a breast cancer screening program, in an 

effort to ensure that the control group better reflected the underlying population that gave rise to 

the previously screened cases in the study. As described earlier, this sensitivity analysis led to a 

slightly higher OR for historical exposure to NO2 and premenopausal breast cancer but not 

postmenopausal breast cancer. 
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It is also important to note that this case-control study essentially consists of volunteer 

patients and controls. If those cases and controls who agreed to participate differ systematically 

from the underlying eligible population of cases and controls, participation bias, a type of 

selection bias, may have been in introduced. While the response rates do not differ much 

between the cases and the controls, they are, nevertheless, considered low (54% for cases and 

57% for controls). All cases diagnosed in the study area during 2005 to 2010 were contacted. 

Controls from the same city-level area in British Columbia were frequency-matched to a five-

year age group and were randomly selected from the SMP. Each eligible control was given a 

random number and was approached in the order of the random number. The study’s principal 

investigators in Vancouver sent invitation letters to participate in the study to both cases and 

controls. The approach used to recruit cases and controls is unlikely to have caused any bias in 

the results with respect to NO2 exposure. However, those that agreed to participate may be 

selectively different from those who did not participate with respect to important socio-

demographic factors such as education and residential history. Unfortunately, the information 

required to compare responders to non-responders is not available. A comparison of the cases 

and controls suggests that more white women agreed to participate as controls, while a greater 

proportion of Asian women were recruited as cases. It is unlikely, however, that Asian women 

are in fact at higher risk for breast cancer in British Columbia and selection bias is likely an 

explanation for this observation. While it is difficult to control for selection bias, if information 

is available on the selection factors related to participation, controlling for these factors in the 

analysis can help minimize this bias. Therefore, most of the models described in this thesis are 

fully adjusted for socio-demographic factors and other breast cancer risk factors that may be 

related to participation in addition to NO2 exposure.  
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Another related type of selection bias possible in the study population is the healthy 

immigrant effect, which occurs in high immigrant populations, such as that found in Vancouver. 

The healthy immigrant effect posits that people who have successfully immigrated are more 

likely to be healthy or health-conscious (17). In this study population, immigrants consumed 

significantly less alcohol and tobacco than Canadian-born participants. In the 1996 Canadian 

census, it was estimated that approximately 35% of Vancouver’s population were immigrants 

(9). A sensitivity analysis excluding non-Canadian born participants was conducted to assess the 

healthy immigrant effect. This was a concern, in part, because a greater proportion of immigrants 

were cases and not controls. While the results of this analysis were not quantitatively different 

from the main analysis, the OR for historical exposure to NO2 and postmenopausal breast cancer 

was larger than in any of the other analyses and was comparable to estimates of effect observed 

recently by Hystad et al. (OR=1.07 per 10 ppb increase in NO2) (6). These results suggest that 

there may be a mild bias introduced into this study because of the high proportion of immigrants 

in Vancouver that were recruited as cases but not controls.  

To further assess this bias, an additional analysis was conducted that excluded non-

Canadian born participants and also excluded cases who had never attended screening 

mammography. Women who were born in Canada and had participated in prior screening were 

observed to have an OR5ppb of 1.13 (95% CI: 0.85, 1.48) for the postmenopausal sample and an 

OR5ppb of 1.37 (95% CI: 0.92, 2.05) for the premenopausal sample. The resulting odds ratios are 

the strongest produced from all the models although not statistically significant.  
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5.3.2 Information bias and measurement error 

The strengths of this study include a relatively large study sample and a refined method 

of exposure assessment that provides a reasonable estimate of exposure at the individual-level. 

Compared to other exposure assessment methods, such as proximity to roads or biomarker 

measurements, land-use regression is able to combine not only pollutant measurements, but 

geographical features about the study area to improve prediction, and is able to estimate 

historical values for any year in the past, given measurements from fixed-site monitoring stations 

in that year. Exposure estimates also came from an independent data source and are unbiased.  

Exposure to traffic-related air pollution was based on residential histories which were 

self-reported by participants in the questionnaire. Recall error (equal for cases and controls) is 

more of a concern especially for residential histories in the far past. The analyses for this project 

were limited to current residential address and residential address ten years prior to study entry. 

Participants were asked to give as much detail as possible and for as many addresses as they 

could remember, however many participants reported few addresses (on average 5.2 addresses) 

with limited data on years moved in and out. In the ten years before study entry, cases and 

controls provided on average 1.6 and 1.5 street addresses, respectively. A low proportion of 

women had more than three residences in the ten years prior to study entry (7.4% of cases and 

5.6% of controls, see Table 4-1 for more information), suggesting recall bias is likely not a 

concern. There were errors in the residential history from the participants themselves, or from 

data entry which resulted in a number of addresses not being geocoded. For the second analysis, 

which required the address from ten years before study entry, the number of errors in these 

addresses also increased (see Section 4.2.1). However, these observable errors in recalling past 
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addresses did not differ between cases or controls. Therefore, this potential non-differential 

misclassification would have biased the effect estimate towards the null.  

Measurement error may have arose due to the length of the questionnaire and concerns 

with data quality. While this questionnaire has not been formally validated, experts and peers in 

the field have used it previously. Studies have also shown that the length of questionnaires and 

surveys does not affect response quality, although variation in responses to questions nearer to 

the end of the questionnaire may be diminished (18,19). In general, the information used to 

derive covariates came from questions in the first half of the questionnaire. 

The bigger concern in this study is measurement error associated with the exposure 

assessment for NO2. The LUR model used was created by researchers at the University of British 

Columbia (1) and was able to explain 60% of the variability in the NO2 data from the fixed-site 

monitors. In contrast, the LUR model used in the Crouse Montreal study explained 80% while 

the national LUR model in the Hystad study explained 73% of the variability in NO2 

concentrations (6,7). Additionally, when geocoding participants, the national Hystad study 

geocoded to the six-digit postal codes given in residential histories while the Montreal study and 

this study geocoded participants to their home residences. Postal codes are accurate proxies for 

residence locations in urban areas, but may confer misclassified estimates of exposure in rural 

areas (6). As stated in Section 3.5.1, the highest values in the LUR models were truncated to a 

more reasonable value, giving a higher proportion of people than otherwise expected the 

maximum exposure of NO2 (30 ppb). This would have changed the distribution of NO2, reducing 

the variability in cases and controls, which would have in turn decreased the ability of this study 

to find a true association, if there was one.  
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The method of back-extrapolation used involved inverse-distance weighting (IDW) 

fixed-site monitor measurements of historical NO2 to create interpolation maps of Vancouver in 

the past. The IDW process creates a shape based on the furthest monitoring station point. Since 

what was available in 1995 to 2000 fell inside the limits of the LUR study area, the overall 

number of participants who lived within this smaller study area was fewer than those geocoded 

in the LUR model (see Figure 3-2). While it does not seem likely that either cases or controls 

systematically lived outside of the IDW area, there was a significant difference in the proportions 

of cases and controls who were excluded due to falling outside the IDW area (p = 0.004). 

Additionally, when 2003 LUR NO2 concentrations for participants who fell within the IDW area 

and for those who fell outside were compared, a significant difference in NO2 was found (p < 

0.001). This was expected, as fixed-site monitors (used in the creation of the IDW surfaces) are 

utilized to monitor high-pollution areas. The overall distribution of NO2 did not differ greatly 

when participants were excluded compared to the distribution of NO2 of the full study 

population.  

There are also inherent errors which occur within the geocoding process, However when 

a small random sample of the results of the software used was compared to another, coordinates 

given did not differ by more than 50 meters in >85% of the points. It is unlikely that any errors 

which did occur would systemically occur in one group over another; therefore the non-

differential misclassification which possibly arose from this would bias the effect estimate 

towards the null. Two studies assessed the accuracy of positions geocoded compared to positions 

according to Global Positioning System (GPS) satellite receivers (20,21). For a random sample 

of addresses, the studies found 79-81% of addresses to be within 100 m of the GPS locations and 

concluded that address geocoding is very accurate.  
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NO2 exposure assignment may have been highly misclassified due to a number of 

reasons. Assessment of NO2 was based on home residence alone and for only two time points. 

Population mobility poses a major challenge to this exposure assessment approach since people 

do not necessarily spend all their time at home. A more accurate measure of exposure would 

have included the incorporation of NO2 data from other locations where women spent much of 

their time, such as their workplace. Reassuringly, however, in 2002, Leech et al. found that 

Canadian adults spent 66% of time at home, indoors and outside combined (22). Another source 

of misclassification may have come from not using a larger sample of residential history to 

estimate exposure. In the analyses conducted, one address was used for each participant to 

estimate exposure to traffic-related air pollution. If a participant recently moved to the address 

from an area of higher or lower pollution, the exposure estimate assigned would not represent 

their true exposure. A sensitivity analysis was conducted including only participants who have 

lived at their address at study entry for the past ten years and effect estimates produced were 

slightly stronger than those in the original analyses, however not statistically significant. A better 

approach may be to estimate a time-weighted average of exposure over the entire residential 

history, similar to the analyses conducted by Hystad et al. (6).  Misclassification produced from 

having many addresses does not appear to be systematically different between cases and controls 

and would therefore be non-differential. In addition, differences in individual behaviours may 

have also resulted in exposure misclassification. For example, the type of building a participant 

lived in may have affected their exposure estimate: the exposure associated with living on the top 

floor of a high-rise condominium may not be the same as the exposure assigned at ground-level 

of the same address. These are limitations due to the nature of the data collected although the 
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type of misclassification is most likely non-differential and would bias the estimate of effect 

towards the null. 

Finally, assessing exposure to NO2 further back in time may have been more appropriate 

for breast cancer due to its long latency. Hystad et al. modeled calculated 20-year averages, 

excluding women who had not provided at least 18 years of residential history (6). However, the 

data quality in this case-control study became increasingly compromised as women reported 

residential histories further than ten years back in time and there were fewer women with 

complete addresses in the Vancouver region as far back as 20 years (578 cases and 574 controls, 

approximately 60% of the original population, prior to stratification on menopausal status). 

In summary, while residential histories were self-reported, participants were unlikely to 

systematically remember addresses better due to disease status, so recall bias is not thought to be 

an important concern, although possible non-differential misclassification from many sources 

remains an issue.  

 

5.3.3 Confounding 

In this study, a fully-adjusted model was presented to address some of the concerns with 

the screening-related bias and to allow for the comparison of results to two other Canadian 

studies that used an LUR approach to estimate the association between NO2 and breast cancer, 

while adjusting for well-established and suspected risk factors for breast cancer. When compared 

to the age-adjusted models, in some cases, the effect estimates are quite different. Particularly in 

the results for the third and fourth sensitivity analyses, inclusion of all covariates in the final 

models greatly changed the effect estimates when exposure was estimated at ten years prior to 
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study entry (eg, the age-adjusted OR5ppb for premenopausal women was 0.99 and the fully-

adjusted OR5ppb was 1.20 in the screening attendance sensitivity analysis, see Table 4.11B). This 

suggests possible bias or confounding may exist when the combination of covariates are not all 

included, although a confounder assessment exercise did not identify any individual confounders 

using the 10% minimum change-in-estimate approach (data not shown). 

 

5.3.4 Study power and chance 

In the proposal stage of this thesis project, power was calculated based on a number of 

assumptions about sample size and exposure distribution. Without extensively analyzing the 

study population prior to the proposal, it was assumed 876 cases and 824 controls were eligible 

for the study. In fact, the analysis with the smallest sample size was the fourth sensitivity 

analysis on premenopausal breast cancer (93 cases and 159 controls) – which results in a power 

of 72% when using the original assumptions about the exposure distribution. It was also assumed 

from the original LUR methods paper (1) that the exposure distribution of NO2 was normally 

distributed (the paper reported that only the NO2 measurements from the monitoring stations 

were normally distributed). When the actual distribution of estimated NO2 from the LUR model 

was examined, cases and controls had a mean exposure of 18.1 ppb with a standard deviation of 

3.8 ppb and was not normally distributed. Therefore, despite the high power calculated for this 

study, it is possible that power was overestimated given the assumption that the exposure was 

normally distributed. Furthermore, all of the analyses were stratified by menopausal status, 

which further reduced the study power. The calculation of post hoc power is also considered to 

have no additional insight once confidence intervals are constructed (23).   
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For all analyses, the confidence intervals (CI) for the odds ratios crossed the null value of 

one. It may be due to the lack of variation in the exposure: if a threshold effect exists for the 

relationship between NO2 and breast cancer, this study may not have had the correct range of 

exposures to detect any real associations. Results were also somewhat inconsistent with the 

previous literature for the postmenopausal models, until certain exclusion criteria were applied. 

The sensitivity analyses may be the more robust analyses; however with reduced sample sizes, 

the ability to detect a statistically significant effect is diminished.  

 

5.3.5 External validity  

Assuming that the restricted and fully-adjusted effect estimates are the most reliable, 

these are the results that are potentially generalizable to the Vancouver population. However, as 

mentioned previously, these results may be modified by immigrant status and generalizability 

would then depend on the distribution of immigrants in the target population.  

 

5.4 Conclusions and future research directions 

The purpose of this thesis was to examine the association between traffic-related air 

pollution exposure and breast cancer incidence using estimated nitrogen dioxide (NO2) as a 

proxy for traffic-related air pollution exposure. While the results for the two main analyses (the 

first using the home address at time of study entry to assign a NO2 exposure for the year 2003 

and the second using the home address ten years prior to study entry) were not statistically 

significant, effect estimates approached those observed in the previous literature in the sensitivity 

analyses conducted. Of note are the sensitivity analyses which excluded cases who have never 
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attended screening mammography and/or excluded participants who were not born in Canada. In 

these analyses, consistently increased odds ratios were observed for premenopausal 

women. Further research into the relationship between traffic-related air pollution and breast 

cancer is warranted, especially within the population of premenopausal women. Since there is a 

large immigrant population in the study region used in this thesis, future studies should focus on 

collecting large sample sizes in each immigrant status group to allow for more in-depth 

analyses.  

Other future research should include nesting case-control studies within prospective 

cohort studies which routinely collect biologic samples. Currently, a large-scale prospective 

study is being conducted across Canada known as the Tomorrow Project (24). Biologic 

specimens are collected from participants and markers of air pollution exposure can be 

determined from these. Paolo Vineis at the London Imperial College in the UK is currently 

running a research program in Greece, Sweden, and Italy evaluating envirogenomarkers in the 

population to study the role of environmental agents (including traffic-related air pollution) in 

chronic disease causation (http://www.envirogenomarkers.net/). By using prospective cohort 

studies and nested case-control studies, factors that may influence ingestion and metabolism of 

pollutants can be identified (25).   

Conducting a similar study in a city or cities with a larger range in NO2 or traffic-related 

air pollutants would also improve power to detect smaller measures of effect. The method of 

exposure assessment used in this thesis, land-use regression, is limited as well in its assumption 

of how pollutants are distributed across an urban area. Increasingly, hybrid models are being 

used to assess air pollutant concentrations, combining methods such as land-use regression or 

interpolation with remote sensing (using satellite data) (26). These methods are cost-effective 
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and can be applied to large geographic areas; however the resolution of pollutant concentrations 

may not be sufficient enough to be applied at the level of an individual’s house. Ideally, 

participants would be given personal air monitoring devices to measure personal exposures. 

Since this type of exposure assessment is only suited to prospective cohort studies, future studies 

using a similar method to LUR may use personal air monitoring devices to validate the estimates 

from the LUR models. 

Finally, future research should include time activity diaries to capture information on 

time spent away from home and details about occupational and other exposures to air pollutants. 

This will allow for more accurate assessment of traffic-related air pollution exposure and help 

account for concerns of population mobility. If possible, assessing exposure at times thought to 

be critical to breast development, such as menarche or first pregnancy, may elucidate the nature 

and role of traffic-related air pollution in breast cancer etiology.  

Given that ambient air pollution is a ubiquitous exposure that occurs in generally low 

concentrations in North America, using multiple and large cities will allow for the greatest 

ability to detect important associations, if they exist. The next step in environmental 

epidemiology research is to conduct nested case-control studies within large prospective studies, 

such as the Canadian Tomorrow Project, which routinely collects biologic specimens, to better 

ensure internally valid and robust methodological research. 
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Appendix B 

Canadian Breast Cancer Study Questionnaire



 110 



 111 



 112 



 113 



 114 



 115 



 116 



 117 



 118 



 119 



 120 



 121 



 122 



 123 



 124 



 125 



 126 



 127 



 128 



 129 



 130 



 131 



 132 



 133 



 134 



 135 



 136 



 137 



 138 



 139 



 140 



 141 



 142 



 143 



 144 



 145 



 146 



 147 



 148 



 149 

 



 

 150 

Appendix C 

Additional Data Tables 

Table C-1: Bivariate analyses for post- and premenopausal women for all covariates, except age (matching variable) 

 
POSTMENOPAUSAL  

WOMEN (N=1,196) 

PREMENOPAUSAL  

WOMEN (N=711) 

CHARACTERISTICS OR (95% CI) OR (95% CI) 

ETHNICITY     

    White 1 1 

    East Asian 2.88 (2.08, 3.99)  2.43 (1.70, 3.48)  

    Other 1.86 (1.31, 2.66)  1.35 (0.88, 2.09) 

EDUCATION, highest level achieved     

    High school or less 1 1 

    Trade certificate/Completed community college/CEGEP 0.67 (0.50, 0.90)  0.74 (0.48, 1.15)  

    University, graduate, or professional degree 0.50 (0.38, 0.66)  0.56 (0.38, 0.85) 

HOUSEHOLD INCOME     

    < $40,000 1  1 

    $40,000 to $59,999 0.57 (0.39, 0.84) 0.60 (0.35, 1.03)  

    $60,000 to $79,999 0.47 (0.30, 0.74) 0.43 (0.24, 0.79) 

    $80,000 to ≥ $100,000 0.52 (0.32, 0.86) 0.50 (0.27, 0.92) 

    No income 0.60 (0.39, 0.91)  0.25 (0.13, 0.49) 

    Not stated 0.31 (0.21, 0.47)  0.48 (0.29, 0.78)  
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POSTMENOPAUSAL  

WOMEN (N=1,196) 

PREMENOPAUSAL  

WOMEN (N=711) 

CHARACTERISTICS OR (95% CI) OR (95% CI) 

# FIRST-DEGREE RELATIVES WITH BREAST CANCER     

    None 1 1 

    At least one 1.65 (1.22, 2.24)  1.45 (0.95, 2.22)  

AGE AT MENARCHE 1.06 (0.99, 1.14) 0.96 (0.87, 1.07) 

AGE AT FIRST BIRTH     

    Never pregnant 1 1  

    < 29 1.27 (0.92, 1.76)  1.47 (0.96, 2.27) 

    ≥ 29 1.13 (0.81, 1.58)  1.62 (1.12, 2.35)  

# OF PREGNANCIES     

    0 1 1  

    < 2 1.57 (1.02, 2.42)  1.81 (1.12, 2.92) 

    ≥ 2 1.14 (0.84, 1.55)  1.53 (1.07, 2.2)  

DURATION OF BREASTFEEDING, months     

    < 12 1 1 

    12 to < 24 0.67 (0.48, 0.93)  0.70 (0.48, 1.02)  

    ≥ 24 0.87 (0.59, 1.29)  0.82 (0.50, 1.37)  

AGE AT BILATERAL OOPHORECTOMY     

    Never had 1 N/A 

    < 40 0.93 (0.38, 2.24)  N/A 

    40 to < 50 0.93 (0.53, 1.64)  N/A 
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POSTMENOPAUSAL  

WOMEN (N=1,196) 

PREMENOPAUSAL  

WOMEN (N=711) 

CHARACTERISTICS OR (95% CI) OR (95% CI) 

    ≥ 50 0.87 (0.51, 1.49)  N/A 

OC USE     

    Never used 1 1 

    Used 0.71 (0.56, 0.90)  0.42 (0.31, 0.58)  

HRT USE   

    Never used 1 1 

    Used 0.92 (0.73, 1.16) 0.76 (0.39, 1.47) 

AVERAGE ALCOHOL CONSUMPTION, drinks/week based on age 0.87 (0.84, 0.91) 0.88 (0.83, 0.93) 

SMOKING STATUS     

    Non-smoker 1 1 

    Former  0.91 (0.72, 1.16)  0.89 (0.64, 1.24)  

    Current 0.92 (0.58, 1.46)  0.72 (0.38, 1.40)  

AVERAGE LIFETIME PACKYEARS 1.00 (1.00, 1.01) 1.01 (0.99, 1.03) 

BMI, kg/m2 1.05 (1.02, 1.07) 0.98 (0.96, 1.02) 

 

 


