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Abstract 
Half of children in the United States experience wheezing incidents before their 

6th birthday, and while most outgrow this condition, those who do not are at increased 

risk for irreversible decrements in lung function and development of asthma. During 

early life, lungs are more susceptible to environmental insults, however, findings on the 

association between ambient air pollution exposures in this time and wheezing outcomes 

are mixed, and effects on later wheezing outcomes have only been studied to age 11. To 

better understand these relationships, I took advantage of respiratory health data from the 

Tucson Children’s Respiratory Study (TCRS), one of the oldest on-going, prospective 

respiratory birth cohorts in the world, with 32 years of follow-up data (enrolled from 

1980-1984, n=1246). I also utilized air pollution measures from two independent, 

spatially-representative air pollution studies in the Tucson, AZ area, the Pima County 

Workers Study (1987-1991) and the Tucson Air Pollution Study (2015-2016), to build 

and validate land use regression (LUR) models for NO2, NOx, PM2.5, and PM10, and then 

estimate exposures for TCRS participants at birth and age 6. 

Air pollution measurements from the Pima County Workers and Tucson Air 

Pollution Studies were well below ambient air quality standards, and concentrations 

decreased between the study periods, owing to regulations and controls enacted during 

this time. More sampling sites better characterized the relationships among predictors and 

pollutant concentrations, as shown by external validation, while the opposite was shown 

by internal validation. Decreased external validation capacity of LUR models can 

attenuate the effect of estimated air pollution exposures in health models.  

Despite relatively low concentrations of pollutants, PM2.5 exposures at birth 

significantly increased the risk of having wheezing in the first 3 years of life, which has 

been associated with reduced lung function and later development of asthma. Children 

born to mothers <25 years of age were more susceptible to NO2 and NOx exposures at 

birth for wheezing by age 3. NO2 exposures at birth also increased the risk of more 

frequent wheezing from age 8-32 years. Further reducing ambient concentrations of these 

pollutants through regulations or emissions controls could reduce the risk of these 

outcomes and future, long-term respiratory health implications.  
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1 Introduction 

1.1 Dissertation Motivation and Objectives 
Half of children in the United States experience wheezing incidents before their 6th 

birthday (Martinez et al. 1995; To et al. 2007). While most outgrow this condition, those 

who do not are at increased risk for irreversible decrements in lung function and 

development of asthma (Morgan et al. 2005; Stern et al. 2008; Martinez et al. 1995) and 

potentially chronic obstructive pulmonary disease (Berry et al. 2016) later in life. 

Differences in wheezing patterns before age 6 and implications for respiratory disease 

outcomes like asthma were first studied in the Tucson Children’s Respiratory Study 

(Martinez et al. 1995) and have since been replicated in other cohorts (Caudri et al. 2013; 

Savenije et al. 2011).  

Given the lungs’ increased susceptibility to environmental insults during alveolar 

formation from birth to age 6-8 years (Burri 1984; Schittny 2017), various studies have 

worked to disentangle etiological differences among the phenotypes (J. Henderson et al. 

2008; Tse et al. 2016; Savenije et al. 2011). However, findings on the association 

between ambient air pollution exposure in early life and wheezing phenotypes are mixed, 

as some studies report significant relationships (Beamer, Lothrop, Stern, et al. 2015; 

Brunst et al. 2015; Jedrychowski et al. 2014), while others do not (Caudri et al. 2013; 

Mölter et al. 2014). Additionally, the association between air pollution exposures in early 

life and longitudinal wheezing outcomes afterwards have only been studied to age 11 

(Mölter et al. 2014). Such an analysis is further complicated for cohorts with participants 

aged past adolescence, if there is limited air pollution data measured for the cohort or 

during their early life period. Options to model or predict air pollution exposures for 

participants are even more reduced without sufficient air pollution measurements and 

other data (e.g., traffic counts) often needed to model air pollution. In my dissertation, I 

will first develop air pollution models using two independent air pollution studies and 

evaluate how well these models can predict air pollution through time. Then, using the 

models that are best suited to predicting over time, I will analyze relationships between 

predicted air pollution exposures at birth and 6 years of age and preschool wheezing 

phenotypes (Martinez et al. 1995) and wheezing frequency from ages 8-32 years.  
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I will take advantage of respiratory health data from the Tucson Children’s 

Respiratory Study (TCRS), one of the oldest on-going, prospective respiratory birth 

cohorts in the world, with 32 years of follow-up data (enrolled from 1980-1984, n=1246) 

(Taussig 1989). I will also utilize air pollution measures from one of the oldest, spatially 

representative air pollution studies in the US (the Pima County Workers Study (PCWS), 

1987-1991) (Quackenboss, Lebowitz, and Hayes 1989), as well as a more recent study, 

the Tucson Air Pollution Study (TAPS) (2015-2016), to model air pollution 

concentrations based on the widely-applied European Study of Cohorts for Air Pollution 

Effects (ESCAPE) methods (Eeftens, Beelen, et al. 2012; Beelen et al. 2013). I will 

compare how effectively PCWS and TAPS-based models can predict air pollution across 

time by predicting one dataset with the model developed from the other, and vice versa 

(e.g., a TAPS model will predict PCWS data). In doing so, I can obtain measures of 

predictive capacity for modeling pollutant concentrations at unmeasured locations, from 

air pollution measurements taken decades apart at different locations in the same metro 

area. 

 

Aim 1: Develop models of ambient NO2, PM2.5, and PM10 using PCWS and TAPS 

datasets and evaluate their effectiveness for predicting through time. Predict NO2, 

NOx, PM2.5, and PM10 levels for TCRS participants at birth and age 6 years. I will 

develop land use regression (LUR) models based on ambient measurements of nitrogen 

dioxide (NO2), oxides of nitrogen (NOx), and particulate matter sizes <2.5 µm (PM2.5) 

and <10 µm in diameter (PM10) from PCWS (1987-1991) and TAPS (2015-2016) 

datasets using ESCAPE methodologies. LUR models for NO2, PM2.5, and PM10 will be 

evaluated for predicting forward and backwards in time with external validation using the 

other respective, independent dataset. Hypothesis: Given the more regimented sampling 

approach, the TAPS-based LUR models will more effectively predict air pollution 

measures for NO2, PM2.5, and PM10 through time compared to PCWS-based LUR 

models. 
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Aim 2: Assess the relationships between air pollution exposures at birth and 6 years 

and a) preschool wheezing phenotypes and b) longitudinal wheezing outcomes from 

ages 8-32 years. Sub-Aim 2a: I will estimate the relationships between air pollution 

exposures at birth and 6 years (Aim 1) and preschool wheezing phenotypes (i.e., never, 

transient early, late-onset, and persistent) using multinomial logistic regression. Sub-Aim 

2b: I will estimate the relationships between air pollution exposures at birth and 6 years 

(Aim 1) and wheeze frequency from ages 8-32 years using ordinal mixed-effects 

regression. Hypotheses: Children with increased air pollution exposure at birth 

(regardless of air pollution exposures at age 6 years) will be more likely to have: 1) a 

persistent preschool wheezing phenotype and 2) increased wheezing frequency through 

age 32.  

 

1.2 Dissertation Overview 
In Chapter 2, I will discuss how the ESCAPE air pollutant sampling protocol was 

adapted to the Tucson, AZ metro area for TAPS and findings and lessons learned. In 

Chapter 3, I will compare air pollution concentrations between PCWS (1987-1991) and 

TAPS (2015-2016) and explore reasons for differences or similarities. I will detail how 

LUR models for ambient pollutants were developed from PCWS and TAPS data, and 

compare modeling results between these studies and others from ESCAPE, in the US, 

and around the world. In Chapter 4, I will refine these LUR models to more effectively 

predict across time, and then examine how well they can predict air pollution measures 

taken nearly 30 years earlier, and vice versa (e.g., the TAPS NO2 model predicts PCWS 

NO2 data). External validation results will be compared among these and other relevant 

studies. Then, I will compare predicted pollutant values from both models (e.g., the 

predicted TAPS NO2 data from the TAPS NO2 vs. the PCWS NO2 models). Finally, the 

LUR model that most effectively predicts across time for each pollutant will be used to 

estimate pollutant exposures for TCRS participants at birth and age 6. 

In Chapter 5, I will assess the relationships between air pollution exposures at 

birth and age 6 and preschool wheezing phenotype outcomes (i.e., never, transient early, 

late-onset, and persistent) (Martinez et al. 1995), with special attention paid to persistent 

wheezing, given the later respiratory outcomes associated with this phenotype. I will 
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adjust pollutant models for confounders. In addition, I will investigate specific effect 

modifiers chosen a priori from the literature, and the potential for exposure 

misclassification. In Chapter 6, I will explore the associations between these same 

exposures at birth and age 6 and wheezing frequency (i.e., no wheeze, infrequent wheeze 

(1-3 wheeze episodes), or frequent wheeze (>3 wheeze episodes in the past year) from 

ages 8-32 years. I will adjust for confounders in early life, as well as at each age (e.g., 

current smoking). In a concluding chapter, I will discuss major findings, strengths and 

limitations, policy and clinical implications, as well as next steps and future research 

avenues. 

 

1.3 Dissertation Impact 
In modeling air pollution exposures over a period of 30 years using two 

independent datasets, my dissertation will help elucidate: 1) the potential and limits of 

using LUR modeling to predict exposures, historic or otherwise, for cohorts; 2) the 

importance of utilizing the most spatially representative pollutant measurement data 

when building LUR models; 3) how LUR models can illustrate changes in relationships 

between pollutant sources and levels over time; and 4) the differences in LUR model 

predictive capacity shown by internal and external validation. In addition, I will produce 

a high-spatial resolution exposure dataset for the Tucson, AZ metro area for 1980-2016 

that can be used in other studies relating ambient air pollution exposures and health 

outcomes.  

By investigating the relationship between early-life air pollution exposures and 

wheezing from birth into adulthood, my work will: 1) more accurately identify thresholds 

of early-life, air pollutant exposures for life-long, irreversible lung damage; 2) more 

readily and accurately identify children most at risk for wheezing and potentially asthma 

or lung function deficits later in life; 3) inform regional land use or transportation 

planning efforts to deter future projects detrimental to respiratory health; and 4) more 

accurately prioritize which pollutants and contributing sources to address via regulations 

or engineering controls. 
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1.4 Background 

1.4.1 Life-long Impacts on Respiratory Health from Early-Life Air Pollution Exposures 

In the United States (US), about half of all children experience a wheezing 

incident before age 6 years (Martinez et al. 1995; To et al. 2007). While wheezing itself 

is not a disease, it is a symptom linked most commonly to asthma and bronchiolitis in 

preschool age children (Ducharme, Tse, and Chauhan 2014). Over one third of all 

children have a bronchiolitis diagnosis by age two (Yorita et al. 2008; Zorc and Hall 

2010), and 14% of children by age 18 have an asthma diagnosis (Bloom, Jones, and 

Freeman 2013). Further, certain wheezing phenotypes have been shown to be associated 

with reduced lung function and asthma later in life. Specifically, children who had 

transient early wheezing (wheeze by age 3, but not at age 6) or persistent wheezing 

(wheeze by age 3 and at age 6) had reduced lung function compared to those who did not 

wheeze or had wheezing only at age 6, suggesting that earlier insults to lung development 

are more critical than those later in life (Morgan et al. 2005). Reduced lung function in 

early life is a potential risk factor for chronic obstructive pulmonary disease (COPD) 

(Berry et al. 2016), the 3rd leading cause of death in the US (Murphy et al. 2014). Further, 

about 63% of children with newly-diagnosed asthma at age 22 had wheezing incidents 

occur during ages 3-6 years (Stern et al. 2008).   

Young children are particularly susceptible to the physiological impacts of air 

pollution, as the majority of alveolar formation occurs from birth to ages 6-8 (Burri 1984; 

Schittny 2017). Relative to their lung size, children breath in more air than adults (Iliff 

and Lee 1952), facilitating increased gas pollutant/cell membrane interaction, as well as 

deeper and increased lung deposition of particulate matter (Ciencewicki, Trivedi, and 

Kleeberger 2008). Further, the younger the child, the more time they spend mouth 

breathing, which does not filter particulate matter as effectively as nasal breathing 

(Warren, Hairfield, and Dalston 1990). While other environmental risk factors for 

wheezing in children have been extensively studied (Tse et al. 2016; Gold et al. 1999; 

Burke et al. 2012; de Bilderling et al. 2005; Rennie et al. 2008; Ege et al. 2007), the 

relationships between early-life, ambient air pollution exposure and wheezing outcomes 

in children are less conclusive (Khreis and Nieuwenhuijsen 2017).  
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Earlier studies found effects on wheezing phenotype varied by the pollutant. In a 

study of over 4,000 Swedish children, NOx exposure at birth was a risk factor only for 

persistent wheezing, while PM10 exposure was not a risk factor for any wheezing 

phenotype (Nordling et al. 2008). In a group of nearly 4,000 Dutch children, there were 

positive but non-significant associations between NO2 and PM2.5 exposures at birth and 

persistent wheezing (Gehring et al. 2010), while Brauer and colleagues found significant 

relationships with only PM2.5 size elemental carbon exposure (Brauer et al. 2007). Other 

studies have found no significant relationships between NO2 and PM10 exposures and 

wheezing prevalence through age 11 (Mölter et al. 2014). Additionally, Caudri et al. 

found no association between wheezing phenotypes and pre- and perinatal PM2.5 

exposures (Caudri et al. 2013).  

In the TCRS cohort, Beamer and colleagues found that younger mothers were 

more likely to have children with wheezing incidents by age 3 with PM2.5 exposure at 

birth (Beamer, Lothrop, Stern, et al. 2015). In a cohort of children in Krakow, Poland, 

increased pre- and post-natal polycyclic aromatic hydrocarbons (PAH) exposures were 

related to increased wheezing occurrences and severity before age 4 years (Jedrychowski 

et al. 2014). Another study in Cincinnati, OH found children exposed to increased levels 

of traffic related air pollutants before age 4 were at increased risk for persistent wheezing 

(Brunst et al. 2015). Nevertheless, of previous studies assessing the relationships between 

early-life air pollution exposure and wheezing in general, few if any have investigated 

this relationship beyond 11 years of age (Mölter et al. 2014). Further, in Tucson, AZ, 

levels of important air pollutions like NO2 and PM2.5 are lower than in most of Europe 

(Eeftens, Tsai, et al. 2012) and the US (US Environmental Protection Agency 2014; US 

Environmental Protection Agency 2016; Pima County Department of Environmental 

Quality 2016). This allows for a unique analysis of how relatively low levels of air 

pollution are related to wheezing outcomes. 

 

1.4.2 Predicting Air Pollution Exposures for Children 

Studies of longitudinal respiratory birth cohorts often lack measured air pollution 

concentrations and rely on modeled ambient air pollution concentrations when assessing 

the relationship between air pollution exposure and respiratory outcomes (Khreis and 
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Nieuwenhuijsen 2017; Özkaynak et al. 2013), and the TCRS is no exception. While 

personal monitoring to track exposure differences in the home environment and beyond is 

ideal, this can be difficult due to costs of the required number of samples to reach 

statistical power in epidemiological studies (Handal et al. 2008). In the event enough 

samples can be obtained, this provides new data management challenges for the research 

team, especially in the case of high-resolution temporal data. Further, personal 

monitoring of any kind, let alone for long enough intervals to capture representative 

exposures, can place a substantial burden on participants and personnel, and is 

impractical for children of most ages, not to mention infants.  

Indoor air pollution measures would be the next most useful measure of exposure 

for participants spending most of their time at home, especially for very young children 

who spend 66% - 77% of time on average at home (EPA 1996; Wu et al. 2011; Elgethun 

et al. 2007). However, these measurements were not collected for TCRS participants, nor 

can they be readily modeled based on limited information of participant homes. In place 

of personal and indoor air pollutant measures, air pollution exposures can be at best be 

approximated by adjusting for known indoor sources of air pollution, notably cigarette 

smoking and gas heating/cooking (Suh, Spengler, and Koutrakls 1992; Dockery and 

Spengler 1981; Quackenboss et al. 1986; Quackenboss, Lebowitz, and Crutchfield 1989). 

To better estimate the indoor share of outdoor air pollution, factors influencing ambient 

pollutant infiltration of ambient pollutants indoors could be included in the health effects 

model to improve predictability (Özkaynak et al. 2013). While outdoor air pollutant 

concentrations do not equal indoor air pollutant concentrations, they do correlate 

(Lebowitz et al. 1984; Quackenboss, Lebowitz, and Hayes 1989). In the absence of 

measured outdoor pollutants at participant homes, it is common to model exposures using 

an independent dataset of air pollution measurements (Rosenlund et al. 2008; Mehta et al. 

2013; Szyszkowicz 2008; Andersen et al. 2008; Lin et al. 2008; Yanosky et al. 2008; 

Hoek et al. 2001). In doing so, there are a variety of approaches, such as central site 

monitoring, spatial interpolation, dispersion modeling, land use regression, and hybrid 

and ensemble versions (Khreis and Nieuwenhuijsen 2017), with each offering trade-offs 

in prediction accuracy, complexity, and feasibility.  
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Assigning ambient air pollution exposures by proximity to a central site monitor 

is straightforward, however, depending on the number and geographic distribution of 

central site monitors, this approach can result in a limited distribution of exposure values 

and increased exposure misclassification. As a result, central site monitoring exposures, 

when compared with more spatially-precise methods (e.g., dispersion modeling), are less 

likely to be significantly associated with a health outcome, especially for spatially-

variable pollutants such as NOx (Sarnat et al. 2013; Özkaynak et al. 2011). Similarly, 

spatial interpolation of air pollution concentrations relies on the same central monitoring 

sites, but uses geostatistical methods such as kriging to predict air pollution exposures. 

However, study areas often lack enough monitors to estimate small-scale spatial 

variations in pollution concentrations (Jerrett et al. 2005), yielding similar exposure 

misclassification issues as central site monitor proximity assignment along with increased 

technical complexity from spatial analyses.  

A more spatially-precise method, dispersion modeling, estimates air pollution 

concentrations using chemical and physical properties to simulate how a pollutant (e.g., 

PM2.5) is dispersed from a source (e.g., a highway) and moves through an area. 

Dispersion modeling has been used to model exposures for a number of cohorts (De 

Hoogh et al. 2014; Gaeta et al. 2016), including the TCRS (Beamer, Lothrop, Stern, et al. 

2015), and predicted pollutant concentrations from dispersion modeling have been found 

to be similar to those from other types of models (e.g., land use regression) (M. Wang et 

al. 2015; De Hoogh et al. 2014). However, the detailed emissions inventory data that 

dispersion modeling relies on may be difficult to find, and extrapolating dispersion model 

results back in time has been tested for a 20 year period, but has been only proven useful 

as far back as seven years (Molnar et al. 2015).  

Another more spatially-precise approach is land use regression (LUR) modeling, 

in which a linear regression predicts measured air pollutant measurements predictors 

from geographic information systems (GIS) (e.g., land use, elevation) (S. Henderson et 

al. 2007; Hoek et al. 2008). LUR modeling assumes a linear relationship (either positive 

or negative) between pollution sources or non-sources and measurements of that 

pollutant. By not modeling the unique physical and chemical processes that gaseous and 

particulate pollutants are subject to (e.g., the relationship between oxides of nitrogen and 
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VOCs or hygroscopic growth of particulate matter), LUR modeling is less 

computationally complex to develop than dispersion models (Hoek et al. 2008). 

However, LUR modeling does require actual air pollution measurements, which may 

have to be collected in a field study depending on available monitoring data. In addition, 

hybrid LUR model approaches, where the output of one model is the input of another, 

such as using a dispersion model prediction as a covariate in a LUR model, can result in 

more accurate pollution estimates (Michanowicz et al. 2016; Liu et al. 2012). Less 

commonly, ensemble models, which average or weight predictions from several different 

LUR models, have also been used to reduce the potential of choosing a misspecified LUR 

model (Gonzales et al. 2012; Gulliver et al. 2013). 

 

1.4.3 Estimating Air Pollution Exposures for One of the Oldest Respiratory Birth 

Cohorts 

There are various approaches to building LUR models, with details on the steps 

presented in varying depth. Generally, LUR models are developed using supervised 

forward stepwise regression, where variables are added in one-by-one, assessed for their 

change in predicted variance (adjusted R2), kept or removed, and then assessed for 

multicollinearity (S. Henderson et al. 2007; Moore et al. 2007; Rosenlund et al. 2008). 

LUR model development also relies on a priori assumptions of the predictor being a 

source (e.g., vehicle traffic) or a sink (e.g., greenspace) of pollution, with assumptions 

varying by pollutant. In the ESCAPE project, LUR model development follows similar 

steps (to be detailed later) to predict air pollutant exposures (i.e., NO2, NOx, PM2.5, and 

PM10), and has been applied in nearly 40 locations throughout Europe. This has enabled 

cohorts to analyze relationships between air pollution exposures developed in a consistent 

manner and health outcomes (MacIntyre et al. 2014; Pedersen et al. 2013; Guxens et al. 

2016).  

In ESCAPE, as in most other studies assessing the relationship between air 

pollution and health outcomes from older cohorts, the air measurement data used to build 

LUR models is collected years after the health data (Beelen et al. 2013; Cyrys et al. 

2012). This requires LUR models to be adapted to predict through time, often into the 

past (Gulliver et al. 2013). More specifically, various approaches have been used to 
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adjust the LUR model to changes in: temporal trends of regional air pollution 

concentrations; spatial distribution of predictor variables; and relationships between 

sources and pollution concentrations. Few studies can account for these various changes, 

which pose obvious issues when predicting air pollution exposures for a study area such 

as Tucson, AZ, which in the past 30 years has experienced decreasing regional pollution 

concentrations (Pima County Department of Environmental Quality 2016) and rapid land 

use change (Behlau et al. 2000), while emissions regulations were enacted on 

transportation and other pollutant sources (US Environmental Protection Agency 2017b). 

Many studies, ESCAPE-based LUR models included, account for changes in 

trends overall regional pollution concentrations by scaling predictions back to historic 

levels using data from a long-running, fixed monitor network (Crouse et al. 2010; Beelen 

et al. 2013; Pedersen et al. 2013; Dehbi et al. 2017; Beelen et al. 2014; Kim et al. 2017). 

While this approach alone addresses long-term pollution trends for a region, it assumes 

pollution sources do not vary spatially over time. Such an assumption is inappropriate for 

the Tucson, AZ metro area, which has experienced rapid land use change with fewer land 

use controls than Europe and most comparable locations in the US (Behlau et al. 2000). 

From 1980 to 2015, Pima County’s population nearly doubled from 531,443 to 1,007,257 

(US Census Bureau 2018; US Census Bureau 1980). To address spatial changes in 

pollution sources over time, other projects have updated predictors with historic values 

while also scaling overall air pollution concentrations (Levy et al. 2015; Chen et al. 2010; 

von Klot et al. 2009). However, this does not address changing relationships between 

predictors (i.e., pollution sources) and pollution concentrations, such as engineering 

controls like the catalytic converter reducing vehicle NOx emissions (Taylor 1987).  

One approach that has been used is developing a dispersion model, and then 

incorporating the dispersion prediction as a covariate in the subsequent LUR model (De 

Hoogh et al. 2014; M. Wang et al. 2015; Michanowicz et al. 2016). Dispersion models 

can adopt changes in vehicle fleet and fuel type that may be driven by legislation or 

technology, which impact emission factors of vehicles (i.e., the relationship between 

predictor and pollutant concentration). However, studies that have incorporated 

dispersion models outputs into LUR models have not done so over multiple decades, as 

would be required for the Tucson, AZ metro area from 1980-2016. In addition, by having 
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independent sets of air pollution measurements created with comparable measurement 

techniques, LUR models can be externally validated. However, few LUR models are 

externally validated over time, and of those, they only predict NOx in areas outside the 

US with limited predictor changes over time.  

Wang and colleagues predicted NO and NO2 measurements in Vancouver, 

Canada over a 7-year period in which there was limited land use change using all 

approaches noted above, and validated their models by regressing the measured values 

against the LUR-predicted values (adjusted R2 ranged from 0.44-0.61) (R. Wang et al. 

2013). However, this was testing temporal stability alone, as the measurement site 

locations were identical between the two time points of LUR models. Similarly, in a 

study of NO2 in Rome, Italy, Cesaroni et al. found that the more recent LUR model better 

predicted historic NO2 measurements taken 12 years apart with most site locations the 

same (adjusted R2 for forecast vs. hindcast = 0.79 vs. 0.73) (Cesaroni et al. 2012). 

However, Rome experienced limited urban land use and traffic volume change during the 

study period (Cesaroni et al. 2012). Neither study area experienced notable changes in 

emissions controls over their respective time periods.  

In another study in the Netherlands, NO2 measures were made at the same sites 8 

years apart, the forecasting model was slightly better than the hindcasting model 

(adjusted R2 for forecast vs. hindcast = 0.81 vs. 0.77), with slight changes in population, 

development, and traffic (Eeftens et al. 2011). Over a longer time span, Gulliver et al. 

back-extrapolated NO2 over 18 years in Great Britain using many of the same monitoring 

locations, where land use changes are slow, and found that the forecasting LUR model 

was slightly more predictive than the back-casting model (Gulliver et al. 2013). In 

contrast, Liu and colleagues found that city-scale spatial patterns of NO2 in Switzerland 

were drastically different over a 10-year span at the same sites, as shown by poor 

prospective model prediction capability, during which study areas experienced limited 

land use changes along with vehicle emission control changes (Liu et al. 2012).  

Beyond these, no study has utilized comparable, independent air pollution 

measurement datasets from different time periods to develop LUR models and externally 

validate their capacity for predicting levels of NO2 or NOx, not to mention PM2.5 and 

PM10, over time. Furthermore, previous studies have measured the pollutant at some or 
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all of the same site locations at different times to create the LUR models, suggesting that 

these models are neither temporally nor spatially independent (i.e., different site 

locations) and thus not truly externally validated (Abraham and Comrie 2004). 

 

1.4.4 Study Population: The Tucson Children’s Respiratory Study 

The Tucson Children’s Respiratory Study (TCRS) is a prospective birth cohort 

that recruited healthy infants at birth from the largest health maintenance organization in 

Tucson, AZ at the time. From 1980-1984, a total of 1,246 participants and their families 

were enrolled to study risk factors for lower respiratory illnesses (LRIs) in early life and 

COPD in later life. Data on various risk factors were collected at well-baby visits, during 

doctor visits because of lower respiratory illnesses, and at pre-scheduled in-depth visits 

(approximately every 5 years, with the first at age 6 years) (Taussig 1989). Home 

addresses for participants were geocoded at birth (n=1,139) and age 6 (n=835). Four 

wheezing phenotypes were defined according to the presence or absence of wheeze by 

ages 3 and 6 years: >1 doctor-diagnosed wheezing lower respiratory illness (LRI) by age 

3 years, and >1 incident of parent-reported wheeze in the past year for the child at age 6 

(Martinez et al. 1995). These phenotypes are: never, transient early, late-onset, and 

persistent wheeze (Table 1-1). At enrollment, parents were told to take their child to the 

pediatrician if they exhibited signs of an LRI (e.g., wheezing, deep chest cough, etc.), 

where additional details were recorded about the illness (Martinez et al. 1995). Then at 

age 6, parents answered a questionnaire on the child’s respiratory illnesses, including on 

wheezing in the past year.  

 
Table 1-1. Definitions of preschool wheeze phenotypes as previously 
published (n=826) (Martinez et al. 1995). 
 n LRI* by Age 3 Wheeze at Age 6 
Never 425 No No 
Transient Early 164 Yes No 
Late-Onset 124 No Yes 
Persistent 113 Yes Yes 
Notes: *LRI = Wheezing lower respiratory illness 

 

The frequency of wheeze was assessed via parent-completed questionnaire at ages 

8, 11, 13, and 16 and by participants themselves at ages 18, 22, 24, 26, 29, and 32. This 
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measure of ‘current wheeze’ was categorized into: no wheeze, infrequent wheeze (1-3 

wheeze episodes), or frequent wheeze (>3 wheeze episodes) in the past year (Morgan et 

al. 2005). Informed consent was obtained from the parents of participants, and the 

Institutional Review Board of the University of Arizona approved the study.  

 

1.4.5 Comparability of Air Pollution Measures Made 30 Years Apart 

From 1987-1991, the Pima County Workers Study (PCWS) measured NO2, 

PM2.5, and PM10 in residential backyards in the Tucson, AZ metro area. From 2015-2016, 

the Tucson Air Pollution Study (TAPS) measured these same pollutants plus NOx (the 

sum of NO + NO2). In PCWS, ambient air was sampled at the homes of a subset of the 

larger study population, who were recruited from about 3,300 county workers. This study 

design yielded a wide range of occupations, resulting in a study cohort with varied socio-

economic status, demographic indicators, and geographic distribution (Quackenboss, 

Lebowitz, and Hayes 1989). Similarly, sites for TAPS were recruited from 

geographically well-distributed University of Arizona staff and students via email and 

word-of-mouth.  

Specific TAPS homes were selected from eligible participants in order to ensure 

monitoring locations had wide-ranging predictor and air pollution values representative 

of the study area (Cyrys et al. 2012). This location selection approach can increase model 

predictability (Szpiro, Paciorek, and Sheppard 2011). In TAPS, pollutants were measured 

for 2-3 periods of two weeks in 3 different seasons per year, as per ESCAPE methods 

(Cyrys et al. 2012; Eeftens, Tsai, et al. 2012), compared to PCWS’ approach of 1-2 

periods of one week per year (Quackenboss, Lebowitz, and Crutchfield 1989). This 

increased sampling frequency and duration reduces the potential for acute pollution 

events, such as road construction, to have outsized influence on the annual mean air 

pollution concentrations (Gehring et al. 2002).  

Unlike in PCWS, in which NO2 was measured using Palmes diffusion tubes 

(Palmes, Gunnison, and DiMattio 1976), in TAPS NO2  and NOx were measured using 

Ogawa badge samplers (Van Roosbroeck et al. 2006; Ogawa & Co. Inc. 2006). For 

Palmes tubes, the most accurate measurements (as compared to a chemiluminescent 

automatic sampler) are taken during a 1-week sampling period (Cape 2009), while 
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Ogawa samplers are most accurate during a 2-week sampling period (Sather et al. 2007). 

In these most accurate periods of sampling, saturation is not expected in either the Palmes 

(Masey et al. 2017) or Ogawa (Sather et al. 2007) samplers. These different sampling 

methods correlate well with one another in co-located measurements made for one week 

(Masey et al. 2017; Cesaroni et al. 2012). Taken together, NO2 measures are comparable 

between PCWS and TAPS. Palmes diffusion tube measurements can be calibrated to 

Ogawa sampler levels (Cesaroni et al. 2012) by using the following equation: 

 

!"#:%&'(' = 0.68 ∗ !"#:/'0123 + 13.53 

 

where NO2:Ogawa is the calibrated Ogawa sampler concentration (ppb) and NO2:Palmes is the 

Palmes diffusion tube concentration (ppb).  

To sample particulate matter (PM), both studies used Harvard impactors of the same 

size fraction cut points, the same type of filters, and similar procedures for blank 

correction and flow rate checks (Quackenboss, Lebowitz, and Crutchfield 1989). While 

Harvard impactors used in PCWS were at a lower flow rate (4 L/min) compared to those 

in TAPS (10 L/min), there is little difference among the particle distributions when tested 

side by side (Marple et al. 1987). Additionally, sampling set up procedures used in TAPS 

(as adapted from ESCAPE) were similar to those used in PCWS in terms of both sampler 

height and arrangement (Quackenboss, Lebowitz, and Crutchfield 1989; Eeftens, Tsai, et 

al. 2012). This suggests that PM sampling methods are highly comparable. 
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2 The Tucson Air Pollution Study: Adapting ESCAPE to the 

Desert Southwestern US  

2.1 Introduction 
When estimating ambient air pollutant exposures with LUR models, approaches 

have varied in a number of aspects, from whether or not to collect new measurements, to 

sampling time periods and frequencies, to measurement and analysis methods for the 

same pollutant, to how sampling sites are selected (Hoek et al. 2008; Jerrett et al. 2005; 

De Hoogh et al. 2014; de Hoogh et al. 2018; Gehring et al. 2002; Amini et al. 2014; 

Meng et al. 2016). In the past, LUR models have taken advantage of measurements solely 

from continuously-running stationary regulatory monitoring networks (Gulliver et al. 

2013; Gulliver et al. 2016), as well as independent sampling campaigns collecting 

samples for relatively short time periods (Ross et al. 2006). Measurement methods have 

also varied over time and by study area (e.g., Palmes Diffusion Tube vs. Ogawa Badge 

Sampler). The choice of which measurement or sampling method may depend on a 

number of factors, including the cost to buy and operate, ease of use, and functional 

reliability, not to mention measurement accuracy and precision of both the sampling and 

analysis methods. The choice of sampler may also influence sampling schedules (Masey 

et al. 2017; Sather et al. 2007), which have varied from a single 2-week period (Ross et 

al. 2006) to multiple periods in different seasons in the same year (Cyrys et al. 2012). 

Other practical concerns include participant or site acceptance, budget for sampling or 

analysis materials and personnel, and study timeline. 

Given the myriad approaches and choices, I chose to use methods from the 

European Study of Cohorts for Air Pollution Effects (ESCAPE) for taking new measures 

of air pollutants and combining this with regulatory monitor data to develop LUR models 

in the Tucson, AZ metro area. ESCAPE has well-documented and well-published 

methods to measure spatially-precise air pollution concentrations (Cyrys et al. 2012), 

allowing pooled analyses of cohorts of varying ages and air pollution exposures levels. In 

this chapter, I will describe how I adapted ESCAPE protocols to the southwestern desert 

metro area of Tucson, AZ during 2015-2016 to measure ambient nitrogen dioxide (NO2), 
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oxides of nitrogen (NOx), and particulate matter sizes <2.5 µm (PM2.5) and <10 µm in 

diameter (PM10). 

 
2.2 Methods 

2.2.1 Recruiting and Selecting Sites 

Following the ESCAPE protocol (Cyrys et al. 2012; Eeftens, Tsai, et al. 2012), I 

aimed to sample pollutants at 40 sites that were divided into 3 distinct site types, defined 

by their expected sources of air pollution: regional background, urban background, and 

street. Regional background sites were not expected to be influenced by specific urban or 

traffic sources and were located outside urban areas. Urban background sites were 

expected to be affected by general urban background levels of pollution from vehicle 

traffic and other sources, but were located in areas with fewer than 3,000 vehicles/day 

within 50 m. Street sites were expected to be impacted primarily by vehicle traffic and 

were less than 50 m from roads with over 10,000 vehicles/day. I selected sites based on 

these groupings to obtain a wide range of both pollutant concentrations and predictors in 

areas where it was reasonable to expect residency of Tucson Children’s Respiratory 

Study (TCRS) participants at birth or age 6 in Eastern Pima County, AZ for which LUR 

model data was available (Taussig 1989; Beamer et al. 2019). To focus recruitment for 

TAPS sites of regional and urban background and street types in areas with both TCRS 

participants at these ages, I overlaid TCRS addresses with vehicle traffic maps. These 

helped prioritize sites to recruit from persons interested in participating. Among the three 

types of sites, locations were sampled for either NO2 and NOx or NO2, NOx, PM2.5, and 

PM10, with the 40 sites being divided in half between the two sampler set up designs. 

Sites were also recruited to ensure that among locations in each group of site types, half 

were NO2 and NOx and the other half, NO2, NOx, PM2.5, and PM10. 

I recruited potential sites via email through multiple listservs at the Mel and Enid 

Zuckerman College of Public Health and the Asthma and Airways Disease Research 

Center at the University of Arizona, as well as by word of mouth among existing site 

participants and study personnel. Recruitment was iterative, with multiple emails being 

sent. As more sites were recruited, latter emails were aimed at residents of specific parts 
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of the study area where sites were lacking. Once a site resident expressed interest in 

participating in the study, they were screened via phone or email.  

To be eligible to participate, the interested resident had to: 1) have no plans to 

relocate within the next year; 2) have verbal permission of the site owner or manager to 

complete sampling; 3) be over 18 years of age; and 4) speak English or Spanish. For the 

site to be eligible, it had to: 1) be within the study area of metropolitan Tucson; 2) be free 

of road construction in the immediate area (within sight or 25 m); and 3) lack plans for 

construction lasting more than 1 month at the site in the next year. If the participant and 

site were eligible, I selected the appropriate sampling protocol based on several factors 

listed in order of importance: 1) availability of a reliable power source; 2) a secure 

location for air sampling equipment; and 3) unimpeded air flow in the secure space. If the 

resident confirmed the site evaluation and was interested in the NO2, NOx, PM2.5, and 

PM10 set up, then I recruited them into the study. If the site and resident failed to meet 

these criteria, I attempted to recruit them for the NO2 and NOx sampling that was less 

burdensome.  

Then, I scheduled the first sampling visit, and collected additional information 

about site access (e.g., gate/key code, parking restrictions, animals in yard). If a sampling 

site dropped from the study, they were replaced with another that was of the same site 

type and sampler set up as geographically close as possible and were sampled for three 

full visits as was allowable. Site owners were compensated $10 per completed sampling 

period, up to 3 periods for a total of $30. The University of Arizona Human Subjects 

Research Review Board determined the project did not constitute human subjects 

research but site residents provided written consent. 

 
2.2.2 Sampling Schedule 

During each sampling period, which each lasted 14 days, I concurrently sampled 

for pollutants at 10 sites: NO2 and NOx at five sites and NO2, NOx, PM2.5, and PM10 at 

another five sites (Eeftens, Tsai, et al. 2012; Cyrys et al. 2012). I scheduled site visits at 

the participant’s convenience, and so that the proportion of site types was the same as the 

whole study, and that sampling set up types were geographically representative of the 

study area. At each site, sampling was completed three times throughout the course of the 
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study for each site, with each sampling period in a different season. Following ESCAPE 

methods, a sampling year was divided into sampling seasons of 4 months of “summer,” 4 

months of “winter,” and 4 months of “intermediate” seasons (i.e., spring and fall) 

(Eeftens, Tsai, et al. 2012; Cyrys et al. 2012). There is no guidance given beyond this in 

terms of how to categorize these sampling seasons. In TAPS, I categorized May through 

August as summer; November through February as winter; and remaining months as the 

intermediate season. To avoid atypical air pollution measurements, short periods of time 

(<2 weeks) that were not representative of normal air pollution concentrations were 

purposely avoided for sampling, such as major school and work holiday or vacation 

times. Sites were scheduled as far in advance as possible, with a reminder call or email 

given one week prior and then 2 days prior to the planned sampling visit. In addition, 

another sampler set up measuring NO2, NOx, PM2.5, and PM10 was collocated at a 

regulatory monitor during each sampling period. This sampler set up was used later to 

temporally correct concentrations at each site to create an annual mean exposure for each 

site from measures taken during the three sampling periods (to be explained in detail in 

section 2.2.7). Sampling began in October 2015 and concluded one year later.  

 

2.2.3 Site Visits 

On at least the initial visit, both myself and another study personnel visited the 

site for safety reasons. After a tour from the participant, the location of sampler setup was 

determined with the participant’s convenience and safety in mind, as well as making sure 

the space would be available for latter sampling visits. A site survey was completed to 

determine any potential site-specific sources of air pollution that could falsely influence 

samplers, including pets or livestock, smokers, grills, fire pits, and so on. If there were, 

the location and number of sources was noted. Study personnel requested that the 

participant not smoke, grill, or use any other source that could influence the sampler 

levels during the sampling period. If it was not possible to abstain, we asked they alert 

when and how often the source was active at the end of the sampling visit. The site visit 

team completed site surveys, noting any item that might influence pollutant measures, 

such as vegetation, roofs or overhangs, walls, and other structures. GPS coordinates and 

photos of the set up were also recorded at the sampler location at each visit. 
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2.2.4 Measuring and Quantifying NO2 and NOx 

 Like ESCAPE, I measured NO2 and NOx concentrations with Ogawa Badge 

Samplers (Ogawa & Company, USA, Inc., Pompano Beach, FL) equipped with weather 

covers at a height of 2 m (Cyrys et al. 2012) in the same location for each sampling 

period. NO2 and NOx type adsorption filters were always refrigerated and used within one 

month upon unsealing. The sampler was loaded in the lab right before the sampling trip 

and then placed in a light-tight container on ice during transport to the site. After the 

sampler was exposed, it was returned to the light-tight container and put on ice during 

transport back to the lab, then refrigerated until being analyzed within 24 hours (Ogawa 

& Co. Inc. 2006; Van Roosbroeck et al. 2006). 

All samplers used during a sampling period were analyzed together by myself or a 

research assistant at the University of Arizona. Briefly, each screen and filter 

combination was put into a 25 ml glass vial with 8 ml water and shaken immediately. The 

vial was shaken periodically over the next 30 minutes, cooled to 2-6 °C, and 2 ml of color 

reagent was added. Next, the sample was shaken quickly and cooled for another 30 

minutes. Then, the vial was allowed to equilibrate at room temperature for 20 minutes. 

Finally, the amount of color derivative was measured with a ThermoScientific Biomate 3 

UV spectrophotometer at 545 nm (ThermoScientific, Waltham, MA). While NOx can be 

measured to include other oxides of nitrogen (e.g., nitrous oxide (NO3), for the Ogawa 

NOx adsorption filter, NOx is defined of as the sum of nitric oxide (NO) and NO2. 

 

2.2.5 Measuring and Quantifying Particulate Matter 

At sites where I sampled for NO2, NOx, PM2.5, and PM10, the set up included an 

Ogawa Badge Sampler as described above, in addition to two 10 L/min Harvard 

impactors, one for PM2.5 and one for PM10 (Air Diagnostics and Engineering, Inc., 

Naples, ME). For each impactor, a SKC Leland Legacy pump (SKC Inc., Eighty Four, 

PA) was programmed to sample for a 15-minute period out of every two hours in a 14-

day sampling period, in order not to overload filters, as per ESCAPE methodologies 

(Eeftens, Tsai, et al. 2012). Pumps were calibrated onsite to 10 L/min using a Mesa Labs 

DryCal Defender 520 (Mesa Laboratories, Inc., Butler, NJ). Impactors were suspended 

such that the inlets faced downwards to prevent rainfall soaking the filters, 2 m above the 
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ground and 1 m apart. At the end of sampling period visit, the flow rate was measured 

again using the same calibration device. If the flow rate was <8 L/min, the sample was 

not used. Total sampling time was collected by the pump and recorded at the end of the 

sampling period. The mean flow rate was calculated from the beginning and ending flow 

rates. Any sample using a pump that ran for less than 33% of the total programmed run 

time was excluded from the analysis, and was attempted to be resampled as soon as 

possible thereafter. 

Specific to Tucson, AZ, in order to prevent pumps from overheating during 

sampling in summer, when ambient air temperatures reach 45 °C , pump containers were 

ventilated with ten 1-in diameter holes drilled at equal intervals at the top of the vertical 

sides, along with a constantly running PC fan. The container was also surrounded by a 

PVC frame wrapped in reflective Mylar foil-covered bubble-pocket insulation to prevent 

direct sun exposure while allowing for air to freely flow around the pump container 

(Figure 2-1).  
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Figure 2-1. A typical sampler set up for NO2, 
NOx, PM2.5, and PM10. The Ogawa Badge 
Sampler is attached near the top of the central 
post while Harvard impactors hang from either 
end of the plank. Leland Legacy pumps are in 
a pump case concealed by UV-reflective 
material. 

 

Whatman 37 mm-wide Teflon filters with a 2 micron pore size and support ring 

(Whatman, Inc., Maidstone, UK) were used to collect particulate matter because the 

ESCAPE-suggested Andersen filters were unavailable. To determine the total collected 

mass, filters were weighed before and after sampling using a Mettler Toledo XP2U Ultra 

Micro Balance accurate to 0.1 µg (Mettler Toledo, Columbus, OH). Before weighing, 

filters were acclimated for >24 hours in a chamber with relative humidity between 20-

40% at the University of Arizona. In Tucson, AZ, the relative humidity during the 

majority of the year is <20%. A static de-ionizer was used on each filter to remove static 

charge prior to each time it was weighed. All filters were weighed three times and the 

weights were averaged, provided the smallest and largest weight values were within 10% 

of each other. Before any filters were weighed, two lab blank filters were weighed 

according to the aforementioned procedure. This mean difference in weight among the 
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two filters was used to correct the final sampled filter mass for changes due to humidity. 

Unlike the ESCAPE approach, which had impactors loaded in the field, we loaded filters 

into impactors in the laboratory and sealed them in Ziploc bags until deployment at the 

site to reduce potential incidental contamination of filters when loading the impactors and 

to speed installation of the sampler set up. 

 

2.2.6 Air Sampling Quality Control 

As per ESCAPE methods, NO2, NOx and PM10 field blanks were deployed on 

10% of all sampling trips (Eeftens, Tsai, et al. 2012; Cyrys et al. 2012). Ogawa field 

blanks were taken out of the light-tight container for the time it would take to set up the 

sampler at the site, and then returned. Similarly, impactors in plastic Ziploc bags were 

unsealed during the time it would take to set up the sampling impactors. Limits of 

detection (LOD) were calculated as three times the standard deviation of the field blanks. 

Sampler concentrations below the LOD were replaced with the LOD divided by the 

square root of two. The LOD was assumed to be the same for both PM2.5 and PM10, as the 

same type of filters were used. From each pack of 40 NO2 and NOx filters, four were used 

as laboratory blanks. Duplicates for both size fractions of PM were taken for 10% of site 

visits. A coefficient of variation for measurement precision was calculated as: 

 

89 =

:
∑ (=> − @>)
B

>CD

#

2 ∗ F

∑ (=> + @>)
B

>CD

2 ∗ F

∗ 100 

 

where n is the number of duplicates, i is the sampling period, S is the sample 

concentration, and D is the duplicate concentration (Cyrys et al. 2012).  

 

2.2.7 Correcting for Temporal Changes  

Using ESCAPE methods, I calculated the annual mean concentration of each air 

pollutant. This approach accounts for changes in air pollutant concentrations at a site over 
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the year due to meteorology and other factors. This temporally-corrected annual mean for 

each pollutant is calculated as:  

 

G̅I>J2 =

∑ GI>J2,J
B

JCD − LG̅M2& − GM2&,JN

F
 

 

where G̅I>J2	is the annual arithmetic mean pollutant concentration at a site; n is the total 

number of measurement periods for a site; GI>J2,	J is the concentration at the site during 

measurement period t; G̅M2&	is the annual arithmetic mean pollutant concentration at the 

continuously-running regulatory or background monitor (unrelated to regional or urban 

background); and GM2&,	J	is the concentration at the continuously-running regulatory or 

background monitor during measurement period t (Eeftens, Beelen, et al. 2012; Beelen et 

al. 2013; Cyrys et al. 2012). Depending on the change in concentration over the year and 

the site’s observed concentration during each measurement period, temporal correction 

may result in negative values. While these are not realistic, they are not deleted or 

truncated as they are useful in model fitting. Temporally-corrected and uncorrected 

annual means were compared using linear regression to determine the relative importance 

of changes in individual measures compared to the mean annual level. 

 

2.3 Results 

2.3.1 Quality Control 

Field blank concentrations for NO2 and NOx were never greater than lab blank 

values during sample processing. The smallest detected values for site samples for NO2 

and NOx were 0.16 ppb and 0.88 ppb, respectively. No NO2 or NOx measures were below 

limits of detection (LOD). The LOD for PM2.5 and PM10 was 0.77 µg/m3. Two measures 

of PM10 were below the LOD and were replaced as needed, changing the original 

concentration values by 0.09 and 0.10 µg/m3. Coefficients of variation for 8 duplicate 

samples for NO2 and NOx were 5% and 8%, respectively. Coefficients of variation for 8 

duplicate samples for PM2.5 and PM10 were 10% and 12%, respectively.  

During PM sampling, none of the pumps ran for less than 33% of the sampling 

time or had flow rates less than 8 L/min, however pumps did have diaphragm issues, 
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potentially due to excessive heat exposure. As a result, pumps with developing 

diaphragm issues could run and be calibrated without issue but eventually became 

inoperable and were sent in for factory maintenance. Because of this, 2 urban background 

sites during different sampling periods in the summer season had no PM2.5 or PM10 

measures for their 3rd of three sampling periods, and another urban background site had 

no PM10 measure for its 2nd sampling period. None of these sites were resampled due to 

participant disinterest in additional site visits. Missing data was not imputed for these 

failed PM sampling periods. To prevent additional maintenance issues, protection for 

pumps was developed to reduce heat stress from increased UV radiation (Figure 2-1). 

 

2.3.2 NO2 and NOx Measurements 

Among the three site types, 4 were regional background; 23, urban background; 

and 12, street. One Ogawa sampler failed in sampling due to damage at the site. Among 

annual mean values, temporally-corrected and uncorrected annual mean concentrations 

were moderately related: R2=0.47 and R2=0.50 for NO2 and NOx, respectively. There 

were notable differences by site type for NO2 and NOx concentrations (Kruskal-Wallis 

test, NO2 p=0.04, NOx p=0.11). For both NO2 and NOx, urban background sites had 

higher maximum concentrations, while street sites had greater geometric means (Table 

2-1). Regional background sites had the lowest geometric mean concentrations, even 

though the maximum regional background concentrations were greater than the 

geometric means of street sites. 

 

Table 2-1. Annual mean concentrations of NO2 and NOx (ppb) by study site type. 

  NO2  NOx 

Site Type n Sites (n Obs.) GM (GSD) Range  GM (GSD) Range 

Regional 
Background 4 (12) 3.54 (1.76) 2.06 - 7.28  6.91 (1.63) 4.26 - 12.7 

Urban 
Background 23 (65) 5.00 (1.40) 2.93 - 11.4  9.14 (1.43) 4.96 - 22.1 

Street 12 (35) 6.17 (1.43) 2.49 - 9.04  10.6 (1.39) 5.04 - 15.4 

Notes: GM: geometric mean; GSD: geometric standard deviation. 
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2.3.3 NO2/NOx Ratios 

Measured concentrations of NO2 and NOx were highly correlated across site types 

(R2 = 0.80-0.82) (Table 2-2). There were not significant differences in the ratio between 

site types (Kruskal-Wallis test, p=0.54). The ratio of NO2 to NOx tended to be slightly 

higher at street sites (GM=0.57), albeit very close to regional (GM=0.54) and urban 

background (GM=0.50). Street sites had a minimum ratio value of 0.34, which was 

higher than minimum ratio values at urban (0.03) and regional background (0.21) sites.  

 

Table 2-2. Description of ratios of NO2 and NOx measurements 
not temporally corrected by study site type. 

 Relationship b/w 
NO2 and NOx 

NO2/NOx 

Site Type  R2 (p-value) GM (GSD) Range 

Regional 
Background  0.80 (<0.0001) 0.54 (1.53) 0.21 - 0.92 

Urban 
Background  0.82 (<0.0001) 0.50 (1.73) 0.03 - 1.00 

Street 0.80 (<0.0001) 0.57 (1.29) 0.34 - 0.86 

Notes: GM: geometric mean; GSD: geometric standard deviation. 
 

2.3.4 PM Measurements 

Of the three site types where PM was sampled, 4 were regional background; 11, 

urban background; and 4, street sites. Street sites tended to have limited secure space for 

this sampler set up, so these were often just NO2 and NOx set ups. Among annual mean 

values, temporally-corrected and uncorrected concentrations were moderately to highly 

related for PM2.5 (R2 = 0.64) and PM10 (R2 = 0.88). For both size fractions, street sites 

had higher geometric mean values, followed by urban then regional background for 

PM2.5, and regional then urban background for PM10 (Table 2-3). There were no 

significant differences in PM2.5 or PM10 concentrations by site type (Kruskal-Wallis Test, 

PM2.5 p=0.34, PM10 p=0.71). 
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Table 2-3. Annual mean concentrations of PM2.5 and PM10 (µg/m3) by study site type. 

 PM2.5  PM10 

Site Type n Sites (n Obs.) GM (GSD) Range  n Sites (n Obs.) GM (GSD) Range 

Regional 
Background  4 (12) 3.28 (1.97) -1.00 - 4.75  4 (12) 18.2 (1.33) 12.3 - 22.8 

Urban 
Background  11 (30) 4.20 (1.46) 1.69 - 6.73  11 (28) 16.7 (1.68) 4.72 - 29.7 

Street 4 (12) 4.48 (1.48) 2.51 - 5.79  4 (12) 20.0 (1.41) 12.5 - 28.1 

Notes: GM: geometric mean; GSD: geometric standard deviation. 
 
2.4 Discussion 

In TAPS, I adapted ESCAPE methods previously only used in Europe to the 

desert southwestern US. I found that street sites generally had the highest annual 

concentrations for NO2, NOx, PM2.5, and PM10, as well as the NO2/NOx ratio. Regional 

background sites had the lowest concentrations, except for PM10, for which street sites 

had the highest. Differences in concentrations between site types were most pronounced 

for NO2 and NOx, but were also present for PM2.5 and PM10. For PM10, street sites had the 

highest mean concentrations, likely due to resuspension of roadside dust through traffic 

turbulence, with a majority share of the PM mass likely coming from the smaller size 

fractions (Samara and Voutsa 2005). This is compared to a greater number of larger sized 

particles in the PM10 coming from naturally-occurring sources expected to be found at the 

regional background sites. Urban background sites having the lowest concentrations 

likely indicates both limited traffic-based resuspension of road dust as well as more 

paved area reducing windblown naturally-occurring dust. 

When compared to ESCAPE, measurements of NO2 and NOx in TAPS were 

almost the lowest. In Table 2-4, TAPS is compared to ESCAPE areas with the three 

lowest median values of NO2: Umeå Region, Sweden; Heraklion, Greece; and Stockholm 

County, Sweden. For NO2 and NOx, only the rural Umeå Region in Sweden has median 

values lower than TAPS’. Interestingly, the next most similar study areas from ESCAPE 

in terms of these pollutant concentrations are the small port city of Heraklion, Greece and 

Stockholm County, Sweden. These examples show that despite the vast differences 
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among the sites in population climate or otherwise, TAPS’ concentrations for these are 

extremely low compared to those from ESCAPE. Furthermore, when compared to US 

Environmental Protection Agency (USEPA) National Ambient Air Quality Standards 

(NAAQS), the NO2 annual mean concentration in TAPS is 5.53 ppb, an order of 

magnitude lower. 

 

Table 2-4. Annual concentrations of NO2 and NOx (ppb) for TAPS compared to ESCAPE 
areas with the lowest median NO2 annual concentrations (Cyrys et al. 2012). 

 NO2  NOx 

Study Area Median Range  Median Range 

Tucson Metro Area, AZ, USA 5.54 2.06 – 11.4  10.0 4.26 – 22.1 

Umeå Region, Sweden 3.78 2.78 – 5.96  7.23 0.90 – 51.2 

Heraklion, Greece 7.02 5.20 – 9.19  10.1 4.57 – 28.1 

Stockholm County, Sweden 7.53 4.84 – 9.95  13.3 1.33 – 51.7 
 

Similarly, the mean PM2.5 concentration in TAPS was half of the lowest mean 

concentration from the 18 ESCAPE where this pollutant was measured (Eeftens, Tsai, et 

al. 2012) (Table 2-5). Like NO2, the TAPS PM2.5 annual mean concentration was well 

below the USEPA NAAQS (4.23 vs. 12.0 µg/m3). These drastic differences between 

these pollutant concentrations in TAPS and Europe may be explained in part by the 

substantial differences in vehicle fleet makeup between the two continents, where Europe 

has a far larger share of diesel vehicles compared to the US (US Department of Energy 

2015; European Automobile Manufacturer Association 2018). However, it is also likely 

explained by the substantial differences in land use, with locations in Europe being more 

densely developed, resulting in more pollution sources in a much smaller area.  
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Table 2-5. Annual concentrations of PM2.5 and PM10 (µg/m3) for TAPS 
compared to ESCAPE areas with the lowest PM2.5 annual 
concentrations (Eeftens, Tsai, et al. 2012). 

 PM2.5  PM10 

Study Area Mean Range/mean  Mean Range/mean 

Tucson Metro 
Area, AZ, USA 4.2 183%  19.0 131% 

Stockholm 
County, 
Sweden 

8.5 100%  19.1 156% 

Oslo, Norway 8.6 91%  14.8 149% 

Helsinki/Turku, 
Finland 8.6 80%  14.8 156% 

 

For example, Tucson, AZ has about 890 persons/km2, compared to 1,532/km2 in 

Oslo, Norway, resulting in more paved areas. Compared to Oslo, Tucson’s concentrations 

are slightly higher, yet are far lower than cities in southern Europe like Barcelona, Spain 

(37.4 µg/m3), with more persons at a much higher density (1,620,343 persons; 16,000 

persons/km2). Interestingly, PM10 concentrations are similar to those in ESCAPE, 

especially for southern Europe, which tends to have a similar hot and dry climate like 

Pima County, in which PM10 exposures are primarily from naturally-occurring 

windblown dust (Pima County Department of Environmental Quality 2016). Given this, 

it stands to reason that cooler, wetter locations in northern and central Europe tend to 

have lower levels than locations in the warmer, drier south (Eeftens, Tsai, et al. 2012). 

Nevertheless, with the exception of PM10, overall annual air pollution concentrations are 

much lower compared to ESCAPE locations. 

In TAPS, the ratios of mean pollutant concentrations for different site types (e.g., 

street PM2.5/urban background PM2.5) were very similar to those in ESCAPE (Cyrys et al. 

2012; Eeftens, Tsai, et al. 2012). In ESCAPE, the ratios of regional/urban background 

mean concentrations ranged from 0.24 – 0.91 for NO2; 0.18 – 0.89 for NOx; 0.60 – 1.07 

for PM2.5; and 0.56 – 0.99 for PM10. In TAPS, these ratio values were all within these 

respective ranges (Table 2-6), albeit near the upper end of each range and close to 1, 

indicating that regional background pollution sources account for most of the pollutants 



 44 

measured in urban areas. The remainder likely comes from localized sources, like 

Tucson’s substantial network of collector surface streets.  

Table 2-6. TAPS ratios between regional and urban background and by 
street and urban background mean concentrations. 

 NO2 NOx PM2.5 PM10 

Regional background/Urban background 0.77 0.72 0.81 0.90 

Street/Urban background 1.32 2.36 1.09 0.96 
 

In ESCAPE, the ratios of street/urban background mean concentration ranged 

from 1.09 – 3.16 for NO2; 1.14 – 4.24 for NOx; 0.96 – 1.30 for PM2.5; and 1.03 – 1.76 for 

PM10. Interestingly, the same ratios in TAPS are all within the ranges of those found in 

ESCAPE, but generally in the lower end of the ranges, except for NOx, which is in the 

middle range, and PM10, which is below the minimum in ESCAPE. This discrepancy 

between the studies’ PM10 ratios may be due to less pavement or other type of ground 

cover that would reduce PM10 concentrations in TAPS compared to ESCAPE. For NOx, 

the larger mean concentration from street sites versus urban background sites may 

indicate more NOx sources near street sites, such as diesel vehicles which emit more NOx 

per mile than gasoline vehicles. For PM2.5, another common marker of anthropogenic 

combustion sources, there is little difference between the ratios of site types to urban 

background. This may be due to the smaller number of street sites for PM (4 vs. 12 for 

NOx), or it could be that PM2.5, unlike NOx, is not a highly localized pollutant, and can 

travel throughout the study area without reacting to change form rapidly. However, both 

PM10 ratios are nearly the same, which suggests that PM10 is driven by natural processes 

that are similar throughout the region (i.e., wind-blown dust), combined with a small 

contribution from intense vehicle traffic, possibly from particulate matter resuspended by 

vehicle turbulence. 

In TAPS, the mean ratios of NO2 to NOx were very similar across the site types 

(ranging from 0.50 – 0.57), suggesting that sources of the pollutant may overlap 

throughout the study area, namely vehicle traffic. Street site ratios may have the highest 

mean ratio due to more NO2 emissions sources close by. For example, street sites are 

more likely to be near more increased diesel vehicles on busy roadways, which emit a 

higher proportion of NO2 to NOx compared to gasoline vehicles (Keuken, Roemer, and 
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van den Elshout 2009). In comparison to ESCAPE, these ratios are very similar, yet the 

R2 values in TAPS are slightly lower. This suggests that there may be local sources of 

NO2 that we did not account for or were not alerted to by participating residents. It could 

also be explained by lower ozone or volatile organic compound (VOC) concentrations, 

which would result in a lower conversion rate of NO to NO2, which can take seconds to 

minutes depending on the availability of ozone or VOCs (Kimbrough et al. 2017). 

Alternatively, increased solar radiation and temperature promote the conversion of NO to 

NO2. Nevertheless, findings are very similar to ESCAPE, even though the levels 

measured are much lower overall (Cyrys et al. 2012). This suggests that, despite 

differences in the overall magnitude of exposure, sources of the pollutants are relatively 

similar, despite obvious differences already discussed (e.g., proportions of diesel 

vehicles).  

In conclusion, TAPS provides stark evidence of how low Pima County’s 

concentrations of air pollutants are compared to both NAAQS regulations in the US, as 

well as other parts of the world comparable in economic development (i.e., Europe). 

TAPS is also an example of how ESCAPE methods can be successfully adapted outside 

Europe to monitor air pollutants on a city-scale with sufficient spatial and temporal 

variability representative of a large metro area. In doing so, cohorts that utilize the 

ESCAPE-based air pollution estimates could participate in pooled analyses of the 

relationship between air pollution exposures and health outcomes, thereby potentially 

making study findings generalizable to an even larger number of people. 
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3 Developing LUR Models of Ambient Air Pollution 

3.1 Introduction 
The European Study of Cohorts for Air Pollution Effects (ESCAPE) is a large, 

multi-national study designed to measure and predict ambient air pollutant concentrations 

in 36 locations in Europe using common rules and protocols for all study aspects from 

site location to monitoring methods to LUR model development (Cyrys et al. 2012; 

Eeftens, Tsai, et al. 2012). This enables cohorts in ESCAPE locations to complete pooled 

analyses on the effects of ambient air pollution. In this chapter, I will describe how I 

developed LUR models from TAPS and PCWS datasets for the Tucson, AZ metro area 

using ESCAPE methodologies and then internally validated these models (e.g., the TAPS 

model for NO2 predicts measured TAPS NO2 annual mean concentrations) (Figure 3-1).  

 

 
Figure 3-1. The process of developing LUR models from measurement 
datasets (black arrows), and then internally validating the models (blue 
arrows). 

 

3.2 Methods 

3.2.1 LUR Model Outcome: Temporally-Corrected Annual Mean Concentration 

In this study, the outcome of the LUR model is the annual mean concentration of 

each air pollutant, as calculated using ESCAPE methods. This approach accounts for 

changes in air pollutant concentrations at a site over the year due to meteorology and 
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other factors. The temporally-corrected annual mean for each pollutant of interest 

(Eeftens, Beelen, et al. 2012; Beelen et al. 2013; Cyrys et al. 2012) is calculated as:  

 

G̅I>J2 =

∑ GI>J2,J
B

JCD − LG̅M2& − GM2&,JN

F
 

 

where G̅I>J2	is the annual arithmetic mean pollutant concentration at a site; n is the total 

number of measurement periods for a site; GI>J2,	J is the concentration at the site during 

measurement period t; G̅M2&	is the annual arithmetic mean pollutant concentration at the 

continuously-running regulatory or background monitor; and GM2&,	J	is concentration at 

the continuously-running regulatory or background monitor during measurement period t. 

Depending on concentration changes over the year and the site’s observed concentration 

during each measurement period, temporal correction could result in negative values, 

which are still used to fit the model (Brunekreef 2008).  

In TAPS, a study sampler setup measuring NO2, NOx, PM2.5, and PM10 was 

collocated with permission from Pima Department of Environmental Quality (PDEQ) at 

one of their arrays of continuously-running, regulatory monitors measuring the same 

pollutants. This was done in case this TAPS monitor set up did not run during a sampling 

period, the regulatory monitor could be used to impute the missing data needed for 

temporal correction, but this was not necessary, and measurement from this TAPS 

monitor set up were used for temporal correction. Unlike TAPS, there was no study 

sampler run continuously in PCWS to be used for temporal correction. Alternatively, I 

used regulatory monitor measurements taken at PDEQ sites to correct for temporal 

changes (US Environmental Protection Agency 2018), as per ESCAPE methods 

(Brunekreef 2008). Any samples that were collected when there was no continuously-

running background or regulatory monitor for that pollutant of interest were excluded 

from modeling.  

In addition, a subset of sites in PCWS were measured in multiple years. In these 

cases, the unique site-year-pollutant combination with the most measurements was 

temporally-corrected to obtain the annual mean to be used in the model. If a site had the 

same number of measurements in different years for the same pollutant, then the oldest 
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year’s measures were used, because these measures were taken closer to the time period 

of participant air pollution exposure prediction for the majority of TCRS participants 

(i.e., 1980-1992). 

 

3.2.2 LUR Model Predictor Data 

3.2.2.1 Data Types and Sources 

Predictor variables were created following ESCAPE methods (Beelen et al. 2013) 

from traffic loading on road networks, land use, population and housing density, 

elevation, and other locally-relevant predictor datasets (e.g., surface mining, railways, 

etc.). Details on predictor characteristics and  sources are in Appendix A: LUR Model 

Predictor Details. Briefly, traffic count and road network data were gathered and updated 

using annual historic traffic count and heavy vehicle count maps and tables (Pima 

Association of Governments 2016; Pima Association of Governments 2012; Pima County 

GIS Library 2019d). Land use data was from the 1992 National Land Cover Dataset 

(raster resolution: 30 m; collected in 1990), as well as the 2016 National Land Cover 

Dataset (raster resolution: 10 m; collected in 2016) (Multi-Resolution Land 

Characteristics Consortium 1992; Multi-Resolution Land Characteristics Consortium 

2016). Census data on population and household density were from the 1980 and 1990 

US Decennial Censuses and the 2012-2016 5-year US Census American Community 

Survey. Participants were assigned 1980 and 1990 US Decennial values for years 1980-

1985 and 1986-1990, respectively (US Census Bureau 2018; U.S. Census Bureau 1980; 

U.S. Census Bureau 1990). Additional sources of air pollution pertinent to the study area, 

such as bus routes (Pima County GIS Library 2019h), rail lines (Pima County GIS 

Library 2019c), airports (Pima County GIS Library 2019a), and surface mines (Pima 

County GIS Library 2019e), were also included. In addition, a year-specific, line-source 

dispersion model for diesel particulate matter (DPM) as has already been utilized in a 

previous study was also included (Beamer, Lothrop, Stern, et al. 2015).  

Locational accuracy of predictors was checked using historic satellite imagery 

when possible, however this was often not possible for years before 1992. To account for 

shifts in meteorology over time, annual mean temperature, relative humidity, wind speed 

and direction, and total precipitation were included from the US EPA Air Quality Data 



 49 

Mart database (US Environmental Protection Agency 2018). GIS-derived predictors had 

varying levels of temporal resolution, resulting from either the method of data collection 

(e.g., Decennial Census) or limited records (e.g., historic bus stops).  

 

3.2.2.2 Expected Relationships between Predictors and Pollutants 

As denoted in ESCAPE, in order to avoid spurious relationships between 

predictors and pollutant outcomes, I predefined each expected predictor-pollutant 

relationship direction (i.e., the slope direction) in advance of building the model (Table 

3-1). Relationships were assigned based on the ESCAPE protocol (e.g., population is 

positively related to pollution concentrations) (Brunekreef 2008) or based on literature 

relevant for the study area as needed (e.g., agricultural land use is positively related to 

pollution concentrations). When a predictor had no documented relationship to a 

pollutant (e.g., geographic coordinates referencing location in study area), I did not assign 

a slope direction to the relationship, allowing the predictor to remain in the model, 

regardless of its slope direction. 
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Table 3-1. Expected slope directions (relationships) between predictors and pollutants.  

Predictor  NO2 NOx PM2.5 PM10 Source 

Annual ‘Greenness’  - - - - (Abhijith et al. 2017; Grundström and Pleijel 2014) 

Elevation  - - - - (Shen et al. 2013) 

Land Use – Agricultural  + + + + (Almaraz et al. 2018; Paulot and Jacob 2014) 

Land Use – Barren  - - + + (Zhai et al. 2017) 

Land Use – High/Med/Low Intensity Development + + + + Predefined 

Land Use – Urban green, Natural space  - - - - (Abhijith et al. 2017; Grundström and Pleijel 2014) 

Misc. Industry (e.g., Mines, Power Plants) + + + + Predefined 

N-S/E-W areas ? ? ? ? Predefined 

Population, Housing Density + + + + Predefined 

Schools + + + + Predefined 

Vehicle and Non-vehicle Transportation + + + + Predefined 
Notes: “+” indicates a positive slope relationship; “-“, a negative slope relationship; and “?” an undefined relationship. Slope directions are 
derived from listed sources if not predefined by ESCAPE (Brunekreef 2008). 
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3.2.2.3 Deriving Predictors from GIS Data 

Predictors were extracted from GIS data sources using ESCAPE methods (Beelen 

et al. 2013). For line-based predictors (e.g., vehicles on a major roadway or rail lines), I 

calculated circular buffers of 25, 50, 100, 300, 500, and 1,000 m around each site to 

extract and calculate relevant predictor information (e.g., the length of major roadway 

within 1,000 m). A similar approach was taken for area-based (e.g., census) and point-

based predictors (e.g., bus stops), but with circular buffers of 100, 300, 500, 1,000, and 

5,000 m. In addition, distance to the nearest predictor from a site was calculated, when 

relevant. All analyses were conducted using R v 3.4.3 (R Foundation for Statistical 

Computing, Vienna, Austria), and all GIS analyses were completed in the projected 

geographic coordinate system of State Plane of Central Arizona (EPSG 2868, North 

American Datum 1983, International Feet Units). GIS analyses were replicated for a 

subset of data in ArcGIS 10.4.1 (ESRI, Redlands, CA). Details on predictor extraction 

and calculation can be found in Appendix A: LUR Model Predictor Details. 

  

3.2.3 LUR Model Development, Diagnostics, and Internal Validation 

LUR models were built using the ESCAPE method for each pollutant in each 

dataset (Beelen et al. 2013). In this process, simple regressions were run with all 

predictors individually, and the predictor with the highest R2 and a slope matching the 

predefined direction (e.g., the area of natural space is negatively related to air pollution 

concentrations) became the ‘seed’ model. Next, another predictor was added to the 

previous model and was kept if all the following conditions were met: 1) the adjusted R2 

increased by >0.01; 2) the slope met the predefined direction; and 3) the slope directions 

of predictor(s) already in the model did not change. This was repeated for the next 

predictor, and so on, until all predictors were evaluated. Then, variables in the model 

were removed one-by-one if its p-value was >0.1, beginning with the variable with the 

largest p-value. If two predictors from the same data source but different buffer sizes 

(e.g., roadlengths within 100 m and roadlengths within 1,000 m) were included in the 

model, then a new predictor was created comprised of the difference between the values 

in the larger and smaller buffer sizes (e.g., roadlengths within 1,000 m - roadlengths 
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within 100 m = roadlengths from 100 to 1,000 m), and the original two were removed 

(e.g., roadlengths within 100 m and roadlengths within 1,000 m).   

Next, predictors were evaluated for multicollinearity (variance inflation factor >3) 

and were removed one-by-one. Any observations with outsized influence (Cook’s D >1) 

were examined by rerunning the model without these observations. If removing the site 

resulted in large changes in a specific variable’s coefficient, then the modeling steps were 

repeated with all sites but excluding that specific variable. This was repeated until all 

sites had Cook’s D values <1. Then, the model residuals were evaluated against a normal 

distribution and homoscedasticity, and were examined for spatial autocorrelation using 

the Moran’s I statistic. Finally, the model was internally validated using leave-one-out 

cross validation. All analyses were conducted using R v 3.4.3 (R Foundation for 

Statistical Computing, Vienna, Austria) and were verified in a subset of data. 

 

3.2.4 Sensitivity Analyses 

3.2.4.1 Increased Temporal Representation in a Subset of PCWS Sites 

To investigate how sensitive LUR models might be to increased temporal 

representation of pollutant measures, I developed a model using PCWS sites that had >1 

measurement period in a year in different seasons. Following ESCAPE methods, a 

sampling year was divided into sampling seasons of 4 months of “summer,” 4 months of 

“winter,” and 4 months of “intermediate” seasons (i.e., spring and fall) (Eeftens, Tsai, et 

al. 2012; Cyrys et al. 2012). There is no guidance given beyond this in terms of how to 

categorize these sampling seasons. Like in TAPS, I categorized May through August as 

summer; November through February as winter; and remaining months as the 

intermediate season. This was only done for NO2, as PM measures had too few sites that 

satisfied these criteria (n=7 for both PM2.5 and PM10). 

 

3.2.4.2 Taking Advantage of Repeat Air Pollution Measures  

To determine if there was an advantage to temporally correcting pollutant 

measures into a single annual mean concentration for each site versus using all 

measurements over time at a site, I used the same predictors from the linear LUR model 

in a linear mixed effects model. I also included monthly meteorological variables shown 
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in literature to be related to air pollution concentrations (i.e., relative humidity, 

temperature, rainfall, and windspeed). In these models, the site was the random effect 

while allowing for a random intercept. To evaluate these models in relation to linear LUR 

models, I used the Akaike Information Criterion corrected for the number of observations 

(AICc). This is not used a part of the ESCAPE approach to LUR modeling. 

 

3.3 Results 

3.3.1 Temporally-Corrected Annual Mean Pollutant Concentrations 

3.3.1.1 Annual Mean Concentrations of NO2 and NOx 

Overall, PCWS had substantially more sites compared to TAPS (334 vs. 39, 

respectively). In PCWS, annual mean concentrations of nitrogen dioxide (NO2) decreased 

over time from a geometric mean of 14.2 ppb in 1987 (n Sites=164) to 11.7 ppb in 1991 

(n Sites=5) (Table 3-2). From this point onward, unless explicitly stated, concentrations 

of pollutants are temporally-corrected annual mean concentrations and all analyses are 

conducted on temporally-corrected annual mean concentrations. The annual mean 

concentrations of NO2 were significantly lower in TAPS compared to PCWS, with 

geometric means of 5.12 vs. 13.7 ppb. Overall, sites in PCWS were measured about twice 

on average, while those in TAPS, three times. 

 

Table 3-2. Annual mean concentrations of NO2 (ppb) by study and year. 

 PCWS  TAPS  

Year n Sites 
(n Obs.) GM (GSD) Range  n Sites 

(n Obs.) GM (GSD) Range P-value 

1987  164 (309)  14.2 (1.56)  5.59 - 52.1   - - - - 

1988  118 (238)  13.6 (1.49)  5.57 - 37.3   - - - - 

1989  39 (49)  13.0 (1.68)  4.07 - 29.7   - - - - 

1990  8 (10)  11.7 (1.42)  6.54 - 19.9   - - - - 

1991  5 (6)  11.7 (1.57)  5.89 - 18.9   - - - - 

All  334 (612)  13.7 (1.55)  4.07 - 52.1  39 (112) 5.15 (1.48)  2.06 - 11.4 <0.0001 

Notes: n Obs.: total observations; GM: geometric mean; GSD: geometric standard deviation; TAPS’ 
measurement period spans from October 2015-2016; p-value is from two sample t-test. 
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In a sensitivity analysis to assess whether increased temporal representation resulted in 

better model fit, I found that the subset of PCWS sites with measurements in different 

seasons in the same year had similar geometric mean values of annual mean NO2 

concentrations and slightly lower maximum annual mean concentrations by year and 

overall (Table 3-3), as compared to the full PCWS dataset (Table 3-2). Like the full 

PCWS NO2 dataset, annual mean concentrations were generally lower when fewer sites 

were monitored. Annual mean concentrations were not significantly different compared 

to the entire PCWS dataset (two sample t-test p-value = 0.87), but were significantly 

higher than TAPS NO2 annual mean concentrations shown in Table 3-2. 

 

Table 3-3. Annual mean concentrations of NO2 (ppb) by 
year in PCWS for sites with >1 observation in the same 
year in different seasons. 

Year n Sites (n Obs.) GM (GSD) Range 

1987  14 (28)  11.5 (1.48) 6.04 - 18.8 

1988  23 (46)  15.9 (1.23) 11.3 - 25.4 

1989 1 (2) 24.9 (-) 24.9 - 24.9 

All  38 (76)  14.3 (1.40) 6.04 - 25.4 

Notes: n Obs.: total observations; GM: geometric mean; 
GSD: geometric standard deviation. 

 

Annual mean concentrations of oxides of nitrogen (NOx = NO + NO2, in this case), a 

pollutant measured only in TAPS at 39 sites for a total of 112 observations, were nearly 

double the TAPS NO2 annual mean concentrations, with respective GMs of 9.30 vs. 5.15 

ppb. TAPS NOx annual mean concentrations ranged from 4.26 to 22.1 ppb.  

 

3.3.1.2 Annual Mean Concentrations of PM2.5 

A continuously running background monitor for PM2.5 did not begin operating 

until June 1988 (Pima County Department of Environmental Quality 2016). Because 

there was no running PM2.5 monitor during this time, I was not able to complete the 

temporal correction needed to reach an annual mean pollutant concentration for sites 

measured only before 1989. As a result, I excluded 28 PCWS PM2.5 observations from 17 
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sites in 1987 and 7 observations from 6 sites in 1988 taken before 1989, the first full year 

of regulatory monitor operation. From 1989-1991, PM2.5 in PCWS was often measured 

once per year for each site (Table 3-4). There were no apparent trends in PCWS annual 

mean concentrations over time. In TAPS, there were fewer locations, but each site had 2 

or 3 measurements completed. Annual mean concentrations in TAPS were much lower 

than in PCWS, with respective GMs of 4.04 vs. 7.64 µg/m3 and maximum values of 6.73 

vs. 44.7 µg/m3. 

 

Table 3-4. Annual mean concentrations of PM2.5 (µg/m3) by study and year. 

 PCWS  TAPS  

Year n Sites 
(n Obs.) GM (GSD) Range  n Sites 

(n Obs.) GM (GSD) Range P-value 

1989  12 (13)  6.79 (1.79)  2.49 - 14.8   - - - - 

1990  11 (11)  6.07 (2.57)  0.91 - 24.3   - - - - 

1991  13 (13)  10.4 (1.82)  3.41 - 44.7   - - - - 

All  36 (37)  7.64 (2.09)  0.91 - 44.7  19 (53) 4.04 (1.55)  -1.00 - 6.73 <0.001 

Notes: n Obs.: total observations; GM: geometric mean; GSD: geometric standard deviation; TAPS’ 
measurement period spans from October 2015-2016; p-value is from two sample t-test. 
 

3.3.1.3 Annual Mean Concentrations of PM10 

In PCWS, there were no apparent trends in annual mean concentrations for PM10 

(Table 3-5). Sites were monitored one or two times per year in 1987, but often just once 

thereafter, with a total of 56 unique sites monitored for 68 periods over the study. The 19 

sites in TAPS were monitored two or three times, with a total of 51 measurement periods. 

The annual mean concentrations of PM10 are similar between the studies, with annual 

geometric means of 18.3 vs. 17.7 µg/m3 in PCWS and TAPS, respectively. Overall, the 

range of annual mean concentrations was slightly wider in PCWS compared to TAPS 

(0.67 – 69.0 vs. 4.72 – 29.7 µg/m3, respectively), and the maximum value in PCWS for 

each year is consistently higher than TAPS, with the exception of 1990. PCWS and 

TAPS annual mean concentrations are not significantly different (two sample t-test p-

value = 0.12). 
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Table 3-5. Annual mean concentrations of PM10 (µg/m3) by study and year. 

 PCWS  TAPS  

Year n Sites 
(n Obs.) GM (GSD) Range  n Sites 

(n Obs.) GM (GSD) Range P-value 

1987  18 (28)  19.5 (1.72)  8.67 - 50.4   0 (0) - - - 

1988  5 (6)  33.1 (1.58)  20.6 - 62.4   0 (0) - - - 

1989  8 (9)  21.6 (2.10)  6.63 - 43.2   0 (0) - - - 

1990  11 (11)  9.20 (3.00)  0.67 - 25.8   0 (0) - - - 

1991  14 (14)  21.1 (1.78)  6.32 - 69.0   0 (0) - - - 

All  56 (68)  18.3 (2.19)  0.67 - 69.0  19 (51) 17.7 (1.54)  4.72 - 29.7 0.12 

Notes: n Obs.: total observations; GM: geometric mean; GSD: geometric standard deviation; TAPS’ 
measurement period spans from October 2015-2016; p-value is from two sample t-test. 

 

3.3.2 LUR Model Characteristics and Internal Validation Results 

3.3.2.1 NO2 and NOx Models 

In all NO2 and NOx models, only the NO2 sensitivity analysis model for PCWS 

had any observations with outsized influence (i.e., Cook’s D >1). In this section, model 

predictors are shown in italics hereafter, with variable names following in parentheses 

where appropriate. In this model, one site with measurements in 1989 had exceptionally 

high values of barren land use within 5,000 m compared to other observations, resulting 

in outsized influence in the model. Upon removing this predictor and refitting the model 

without it, the outsized influence was eliminated and the model was finalized as shown in 

Table 3-6.  

Of all NO2 models, the one predicting the PCWS dataset explained the least 

variance (18%), far less than both the TAPS model (66%) and the model built from the 

subset of PCWS sites with >1 measurement in the same year (74%). The leave-one-out 

cross validation (LOOCV) R2 values were no more than 16% lower than R2 values for 

their respective models. For NO2, the PCWS and TAPS models using their respective full 

datasets each had just three predictors, while the PCWS subset model had five. Elevation 

(elev) was a predictor in all models, and high intensity land use (lu_hr_*) was in the 

sensitivity analysis model for PCWS sites with >1 observation/year and the TAPS model. 

The only meteorologically-based predictor selected for any model was relative humidity 
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(RHpct_Hour11), found in the PCWS sensitivity analysis model. Root mean squared 

error (RMSE) values for NO2 were lowest in the TAPS model (1.37 ppb) and highest in 

the PCWS model (6.61 ppb). AICc values for linear NO2 models were lower than their 

mixed-effects versions, with the TAPS and the sensitivity analysis model for PCWS 

having the lowest AICc values (136 and 191, respectively). None of the models had 

statistically significant spatial autocorrelation.  

NOx was only measured in TAPS, and the LUR model explained 77% of the 

variance. Among the six predictors in this model were elevation and high intensity land 

use, as well as total road lengths in 100 m to 1,000 m buffer (roads_rl_1000 – 

roads_rl_100). RMSE was 2.25 ppb, the second lowest of all NO2 and NOx models. The 

AICc value for the linear model was lower than the mixed-effects version, and there was 

no spatial autocorrelation in model residuals. Model predictor values are compared by 

study in Table A-2. 
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Table 3-6. Descriptions of NO2 and NOx LUR models. 

Pollutant Study LUR Modela Model R2 LOOCVb R2 
LOOCV 
RMSEc 
(ppb) 

AICcd 
Mixed 
Effectse 
AICc 

N Sites Moran’s I 
(p-value) 

NO2 

PCWS 
38.8 + 0.00593 * busstops_5000 + 

0.659 * caline_pm25 - 0.0343 * 
elev 

18% 15% 6.61 2,142 3,723 324 0.04 (0.15) 

PCWS: 
Only >1 

Obs.f 

65.7 - 2.02 * RHpct_Hour11 + 
6.32e-05 * Ycoord - 0.0307 * elev - 

0.002 * lu_br_100 + 0.000354 * 
lu_hr_100 + 42,200 * 

distintvtepplant1 

74% 61% 2.83 191 417 38 0.05 (0.38) 

TAPS 13.0 + 6.83e-06 * lu_hr_1000 - 
0.0117 * elev + 677 * distintvrail1 66% 56% 1.37 136 613 39 -0.01 (0.86) 

NOx TAPS 

10.5 - 0.0126 * elev + 9.18e-06 * 
lu_hr_1000 + 7,360 * 

distintvmines1 + 5.43e-05 * 
trafmajor + 2.61 * schools_300 + 

0.000165 * (roads_rl_1000 - 
roads_rl_100) 

77% 61% 2.25 173 701 39 0.11 (0.10) 

a Model variable descriptions are found in Appendix A: LUR Model Predictor Details 
b Leave-one-out cross validation (LOOCV) 
c Root-mean-squared error (RMSE) 
d Akaike Information Criterion corrected (AICc) for number of observations 
e AICc of variables of linear model fitted into mixed effects model, also including monthly meteorological variables  
f Subset of homes in PCWS with >1 measurement in the same year in different seasons 
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3.3.2.2 PM2.5 and PM10 Models 

Of all PM LUR models, only the TAPS PM10 model had any observations with 

outsized influence (i.e., Cook’s D >1). In this model, two sites had exceptionally low 

distance to airports values compared to other observations, resulting in outsized 

influence in the model. Upon removing this predictor and refitting the model, the 

outsized influence was eliminated and the model was finalized as shown. LUR models 

for PM2.5 and PM10 are shown in Table 3-7. The TAPS LUR models for PM2.5 and PM10 

explained more variance than their PCWS counterparts (79% and 83% for TAPS, and 

36% and 26% for PCWS models, respectively). For the TAPS PM2.5 model, the LOOCV 

R2 value was just 30%, a full 49% lower than the R2 value. Other models’ LOOCV R2 

values were 12-24% lower than the model R2 value.  

All models had four or five predictors, with the exception of the PCWS PM10 

model, which had just three. Unlike NO2 and NOx LUR models, in which elevation (elev) 

appeared in all models, this predictor was only in the TAPS PM10 model. In addition, 

there was no single common predictors across multiple models, however bus traffic-

related predictors were found in all models except TAPS PM10. RMSE values for TAPS 

models were about 1/3 the value of the respective PCWS models, with the lowest being 

from the TAPS PM2.5 model at 1.50 µg/m3 and the highest being from the PCWS PM10 

model at 13.0 µg/m3. All AICc values for linear models were lower than the mixed model 

versions. The closest were for TAPS PM10 (408 vs. 491). No model’s residuals had 

significant spatial autocorrelation. Model predictor values are compared by study in 

Table A-3. 
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Table 3-7. Descriptions of PM2.5 and PM10 LUR models. 

Pollutant Study LUR Modela Model R2 LOOCVb R2 
LOOCV 
RMSEc 
(µg/m3) 

AICcd 
Mixed 
Effectse 
AICc 

N Sites Moran’s I 
(p-value) 

PM2.5 

PCWS 
-106 + 33,100,000 * distintvbusdepots1 

+ 0.0025 * hh_100 + 0.0029 * 
roads_rl_300 + 0.000846 * 

stspeed_sl_100 
36% 12% 5.33 200 437 36 -0.11 (0.41) 

TAPS 
10.7 + 50.0 * distintvbusrt1 + 27.7 * 

caline_pm25 - 1.55e-05 * XminusY + 
21,900,000 * distintvdmafb2 + 0.000666 

* lu_br_100 
79% 30% 1.50 68 2,456 19 -0.08 (0.81) 

PM10 

PCWS 
-34.7 + 0.0154 * busstops_5000 + 

0.0178 * hh_5000 + 9,680 * 
distintvrail1 

26% 13% 13.0 408 491 56 -0.06 (0.65) 

TAPS 
282 - 0.000169 * XplusY - 0.0283 * 

elev + 0.00329 * hh_300 - 5.02e-05 * 
lu_nt_300 

83% 71% 3.53 110 5,069 19 -0.16 (0.33) 

a Model variable descriptions are found in Appendix A: LUR Model Predictor Details 
b Leave-one-out cross validation (LOOCV) 
c Root-mean-squared error (RMSE) 
d Akaike Information Criterion corrected (AICc) for number of observations 
e AICc of variables of linear model fitted into mixed effects model, also including monthly meteorological variables  
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3.4 Discussion 

3.4.1 Annual Air Pollution Concentrations over Time 

Comparing air pollution measurements taken from 1987-1991 for PCWS 

compared to 2015-2016 for TAPS, NO2 and PM2.5 levels decreased substantially in 

Tucson, AZ, while PM10 levels were lower but not significantly (Pima County 

Department of Environmental Quality 2016). There are likely several important factors 

driving the reduction in air pollution trends of NO2 and PM2.5. Tucson has limited heavy 

industry or large point sources of pollution, such as seaports or petrochemical industries, 

which when regulated can have substantial impacts on levels of these pollutants (Su et al. 

2009; Garcia-Gonzales, Shamasunder, and Jerrett 2019), indicating that primary sources 

for these pollutants are likely from transportation of various types. As such, regulation-

driven engineering controls are likely to have played a role in this reduction.   

As early as 1970, in an effort to meet NOx vehicle emissions standards in the 

Clean Air Act, the US automotive industry developed the “three-way” catalytic 

converter, which reduced NO2 emissions by 24% (Watson, Bates, and Kennedy 1988). 

From 1980 to 2016, NO2 levels fell 60%, while annual vehicle miles traveled increased 

from 1.53 to 3.17 trillion (Federal Highway Administration 2016; US Environmental 

Protection Agency 2017a), and diesel truck miles traveled increased from 0.38 to 3.02 

million (U.S. Department of Transportation (FHWA) 2018; Lewis and Barnhart 1981). 

The general reduction in annual mean concentrations of NO2 from PCWS to TAPS data 

echoes this trend. While all NO2 concentrations in PCWS were below the current USEPA 

National Ambient Air Quality Standard (NAAQS) of 53 ppb, the geometric mean fell 

even further below the NAAQS, from 14.2 ppb in 1987 to 5.15 ppb in 2016. This 

happened despite the average number of vehicles on the roadways nearly doubling during 

this time (Pima Association of Governments 2016; Pima Association of Governments 

2015). 

In 1993, the US EPA’s Ultra Low Sulfur Diesel fuel legislation spurred the 

development of the diesel oxidation catalyst and the diesel particulate filter. As a result, 

by 2006, diesel engines and retrofitted earlier diesel engines released >90% less PM2.5 

compared to those without this technology (Khalek et al. 2011). From the time PM2.5 was 

measured in PCWS (1989-1991) to TAPS in 2016, the geometric mean of annual 
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concentrations dropped from 7.64 µg/m3 to 4.04 µg/m3. While the reduction in PM2.5 is 

not as dramatic as that of NO2, this is still a 47% reduction, while daily vehicle traffic has 

nearly doubled (Pima Association of Governments 2015; Pima Association of 

Governments 2012). In comparing these levels to the current primary (12 µg/m3) or 

secondary (15 µg/m3) NAAQS for PM2.5, all TAPS concentrations are well below both 

standards (max. = 6.73 µg/m3), while just some of the PCWS concentrations are (GM = 

7.64 µg/m3, max. = 44.7 µg/m3). Nevertheless, this further emphasizes the potential for 

regulatory or engineering controls to reduce pollution from already relatively low levels 

to those much lower. In contrast, PM10  concentrations were relatively unchanged 

between the two studies (Pima County Department of Environmental Quality 2016). 

Increased concentrations of PM10 in the study area often come from a 

combination of high winds, limited precipitation, and increased aridity (Pima County 

Department of Environmental Quality 2016). Together, these factors result in less PM10 

being scoured from the air; less hygroscopic particulate growth out of the PM10 range 

(Seinfeld and Pandis 1998); and less dust-arresting vegetation cover (Abhijith et al. 

2017). This is especially important in an arid study area where vegetation growth is tied 

to precipitation patterns that vary by season and by year, with increasing precipitation, 

especially in summer, leading to an increase in vegetation and more dust-arresting 

potential (Méndez-Barroso et al. 2009).  

Overall, precipitation levels have remained consistent in the study area from the 

PCWS to the TAPS study periods (11.3 vs. 12.2 inches/year) (US Environmental 

Protection Agency 2018). However, mean wind speeds have decreased over this time, 

from 7.49 mph during PCWS to 2.59 mph during TAPS, which may have offset the 

impact of decreased relative humidity (29.4% during PCWS vs. 23.3% during TAPS). 

Average annual temperatures were not different between the time periods.  

This may also be the result of TAPS PM10 sampling sites being located away from 

temporary high PM10 exposures that may have been captured in PCWS, such as 

construction or paving operations (Font et al. 2014). Alternatively, paving of alleys or 

local streets that would be sources of PM10 from vehicle traffic, could over time reduce 

such concentrations. This may be a feasible explanation, as the amount of barren land 

making up or adjacent to roadways has decreased since 1992. Notably, in 1999 after four 
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exceedances of the National Ambient Air Quality Standard Violations for PM10 in Pima 

County, the county began taking steps to reduce PM10 through road paving and other dust 

suppression measures, which could have reduced the number of PM10 dust events that 

violate ambient air quality standards (Pima County Department of Environmental Quality 

2016). Interestingly, the frequency of dust storms has increased in the arid southwest 

since the 1980s, but PM10 concentrations over the same time are relatively unchanged 

(Gill 2017). This mirrors the limited differences between PCWS and TAPS annual mean 

PM10 concentrations, but may be reflected in lower maximum PM10 concentrations in 

TAPS.  

 

3.4.2 LUR Modeling for NO2 and NOx 

3.4.2.1 Internal Validation 

In LUR model development and internal validation, R2 values for all NO2 and 

NOx models, except for the PCWS NO2 model, were within expected ranges of ESCAPE 

models, which ranged from 55-92% for NO2 and 49-91% for NOx (Beelen et al. 2013). In 

my NO2 LUR models, the R2 values indicate that more sampling sites without increased 

temporal representation does not equal increased internal predictive capability, as shown 

by the R2 value of 18% for the PCWS NO2 model with 334 sites. In ESCAPE, NO2 

models were built with data from anywhere from 14-80 sites, yet there was no significant 

difference in R2 values by number of sites (Beelen et al. 2013). Other studies have 

likewise used a wide range of sampling approaches and numbers of sites with coefficients 

of determination similar to ESCAPE. 

Outside of ESCAPE, a study completed in Vancouver, Canada, Henderson and 

colleagues sampled 116 sites in spring and fall of the same year to create LUR models 

that predicted 60% of the NO2 variance (S. Henderson et al. 2007). Ross et al. predicted 

79% of NO2 variance in San Diego, CA with 39 sites measured for a single 2-week 

sampling period they deemed closest to the annual mean concentration (reason enough to 

only sample in this part of the year) (Ross et al. 2006). In comparison, the TAPS and the 

PCWS sensitivity analysis LUR models for NO2 had approximately 40 sites also 

predicted roughly the same amount of variance as Ross’ model. While the PCWS LUR 
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model for NO2, which had three times the sites as Henderson’s model, explained about 

1/3 the variance, just 18%.  

For NOx in Los Angeles, CA, Mercer et al. used season-specific LUR models 

built from 150 sites with multiple 2 week measurement periods in each season to predict 

60-74% of variance (Mercer et al. 2011). The TAPS LUR model for NOx, that was 

developed with just 39 sites had slightly better predictive capacity, explaining 77% of the 

variability. While these results fall into the expected range of internal predictive 

capability, it is clear that those models with the most sites had reduced internal R2 values. 

Other studies have also shown that the number of sites can affect measures of internal 

predictive capacity, which may lead to choosing a model that has inflated measures of 

internal predictive capacity. 

A series of studies have shown that the fewer the sites used in LUR model 

development, the more likely the model is to show greater internal predictive capacity 

(i.e., R2) (Basagaña et al. 2012; M. Wang et al. 2016b; M. Wang et al. 2012; Basagaña et 

al. 2013). When externally validated, the predictive capacity is significantly reduced, 

providing inflated confidence in model predictive capability (Basagaña et al. 2013). 

Then, when exposures estimated from such a model are used in a health model, the 

exposure effect is biased towards a null finding. This inflation of internal validation 

performance is further amplified when there is a large number of predictors (e.g., 100) 

tested in model building (Basagaña et al. 2013). However, it is clear that the fewer the 

sites used in the model, the greater the internal validation predictive capacity. For NO2 

models for PCWS and TAPS, it is clear that the more sites, the lower the R2 value when 

validated internally. The TAPS model for NOx also shows this same pattern. The 

cascading effect, potentially resulting in attenuated associations with health outcomes, 

will be discussed in Chapter 4. 

 

3.4.2.2 Model Predictors 

Among all NO2 and NOx LUR models, elevation was the only consistent 

predictor, indicating that the relationships between elevation and NO2 and NOx 

concentrations do not change over time (Shen et al. 2013; Nagpure, Gurjar, and Kumar 

2011). In ESCAPE, elevation was included in only four NO2 models, all in areas 
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surrounded by mountains, much like Tucson, suggesting that only in similar topography 

does this predictor become significant (Beelen et al. 2013). In another NO2 LUR study set 

in eight different regions throughout Switzerland where site sampling was repeated in 

1993 and 2003, elevation was found in models for both years in only two of eight 

locations, suggesting that such topographically-driven pollutant-predictor relationships 

(i.e., inversion layers) may vary, even in relatively short time frames (Liu et al. 2012). 

Gonzales and colleagues found that, with a combination of the same and new sampling 

sites measured in 1999 and 2006-2007 in El Paso, TX, NO2 LUR predictors were nearly 

the same, including an inverse relationship with elevation (Gonzales et al. 2012). 

However, in my models, outside of elevation, there were no common predictors among 

PCWS and TAPS models, which indicates changes in predictor-pollutant relationships 

over time and for NO2 and NOx. 

The main predictors of NO2 for the PCWS model were on-road diesel vehicle-

based (i.e., bus stops, diesel truck traffic), while for TAPS, they were high intensity land 

use and the diesel freight rail system. This change in predictors may be in part from the 

substantial emissions regulations for on-road diesel vehicles discussed in section 3.4.1 

that would have reduced NO2 emissions from on-road diesel vehicle sources. During this 

same time, diesel freight rail emissions in the US had far less regulation, using fuel with 

no sulfur content regulation until 2006 and no emissions controls on locomotives likely in 

operation during either study (US Environmental Protection Agency 2013). Meanwhile, 

from 2002 to 2016, the number of rail cars coming into the US from Mexico and passing 

through Tucson, AZ grew from 45,685 to 73,559 rail cars. If data from earlier years was 

available, it is likely that this growth in rail freight load began with the introduction of the 

North American Free Trade Agreement in the early 1990s. This reduction of on-road 

diesel vehicle-based emissions due to regulation combined with Tucson’s growing freight 

rail load with limited emissions controls in place on trains may help explain this change 

in predictors (U.S. Department of Transportation Bureau of Transportation Statistics 

2019). Interestingly, general vehicle traffic-based predictors (e.g., vehicle intensity on 

nearest roadway) were not selected for NO2 models and are only in the TAPS NOx 

model.  
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In ESCAPE, the vast majority of NO2 and NOx models include predictors based 

on vehicle traffic (Beelen et al. 2013). This discrepancy may result from differences in 

vehicle fleet engines, where in Europe 44% of passenger vehicles alone are diesel engines 

(European Automobile Manufacturer Association 2018), which produce more NOx 

emissions per mile compared to gasoline, compared to 5% of all vehicles in the US using 

diesel, with the majority being commercial trucks or buses (US Department of Energy 

2015). This may be explained by limited data on diesel truck traffic on roads that are not 

state routes or interstates. 

However, other LUR models developed for locations in the US with vehicle fleets 

similar to Tucson’s and with similar predictors to test also included general vehicle 

traffic-based predictors. In Los Angeles, one LUR model study of NO2 found traffic 

intensities to be important predictors (Ross et al. 2006). In another LUR model study on 

NOx, central predictors included the distance to roadway and rail yard (but only for 

wintertime NOx) (Mercer et al. 2011). Neither study found elevation to be a significant 

predictor for either pollutant. This may be a result of Los Angeles’ sea breeze and inland 

mountain ranges, which produce non-linear relationships between pollutants and 

elevation (Lu and Turco 1994). Taken together, Tucson has unique predictors of NO2 and 

NOx, which have fluctuated through time due to changes in sources present and their 

relationship to the pollutant concentration emitted. However, it is possible that 

differences in predictors between PCWS and TAPS LUR models for the same pollutants 

are due to differences in numbers of sites, where the fewer the sites, the greater the 

chance of finding relationships with predictors where none truly exist (Basagaña et al. 

2012).  

While ESCAPE did not evaluate this possibility, Liu et al. had a similar study 

design, where they modeled NO2 for 57-119 sites in different cities in Switzerland that 

were measured for 1 week periods in 1993 and 34-65 sites measured for 2-week periods 

in 2003 (Liu et al. 2012). They found that significant predictors varied between the two 

datasets, potentially related to false associations in the study areas with fewer sites. 

Differences in predictors for NO2 for PCWS and TAPS models suggest it could be 

explained by this phenomenon, as well as changes in source-emissions relationships 

changing over time (e.g., regulations). 
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3.4.3 LUR Modeling for PM 

3.4.3.1 Internal Validation 

TAPS models predicted more outcome variance of PM2.5 and PM10, 79% and 

83%, compared to 36% and 26% for PCWS. This suggests that like NO2 LUR models 

discussed in the last section, the fewer sites used in model fitting, the higher percent of 

the outcome variance can be explained (Basagaña et al. 2012; M. Wang et al. 2016b; M. 

Wang et al. 2012; Basagaña et al. 2013). In ESCAPE LUR models, there was no 

relationship found between the number of sites and the R2 values, where medians and 

ranges of R2 for PM2.5 were 0.71 (0.35-0.94) and for PM10 were 0.77 (0.50-0.90) 

(Eeftens, Beelen, et al. 2012). Interestingly, the TAPS PM2.5 LOOCV R2 was 0.49 lower, 

indicating that there may be one or more influential sites that drive down the model’s 

predictive capability when held out. However, these sites are not influential enough to 

have Cook’s D values >1, which would necessitate further investigation. While PCWS 

models are well below these ESCAPE LUR R2 median values, TAPS models are 

comparable to those in ESCAPE (Eeftens, Beelen, et al. 2012).  

 

3.4.3.2 Model Predictors 

 My PM2.5 and PM10 LUR models had 2-5 and 2-4 predictors, respectively, which 

are comparable to ESCAPE (Eeftens, Beelen, et al. 2012). Unlike NO2 and NOx LUR 

models, which shared elevation as a predictor, PM models did not have a singular 

predictor in common, but a variant of bus traffic, which was in all models except the 

TAPS PM10. This suggests that a significant and constant source of PM2.5 pollution is bus 

activity. In the PCWS PM2.5 LUR model, this is represented by the distance to the nearest 

bus maintenance depot (sites for idling emissions), while in the TAPS PM2.5 LUR model, 

it is distance to the nearest bus route.  

This difference in significant model predictors is likely related to the addition of 

new public city bus routes and increased trip frequency since 1987 (Sun Tran 2018). As 

such, more routes traveled more frequently would produce more pollution, unfortunately 

the bus run frequency could not be quantified due to a lack of historical records. From 

1991 through 2018, Tucson’s transit authority, Sun Tran, gradually converted its entire 

bus fleet from diesel to compressed natural gas or hybrid diesel (Sun Tran 2018), the 
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former of which emits 97% less PM compared to traditional diesel engines (US 

Department of Energy 2000). This change, along the implementation of on-road diesel 

fuel and emissions control regulations after PCWS sampling, would also likely reduce the 

emissions from bus depots (which includes Sun Tran’s). Interestingly, bus infrastructure 

was not a predictor in any of the ESCAPE LUR models for PM, potentially because there 

are far more diesel passenger vehicles throughout Europe than in the US (European 

Automobile Manufacturer Association 2018; US Department of Energy 2015). Only a 

study from Cincinnati, OH found that routes of diesel-fueled buses predict PM2.5 

concentrations in a LUR model (Ryan et al. 2007; Ryan et al. 2008; Ryan et al. 2005). 

 Aside from bus-related predictors, PM2.5 models had no common predictors, with 

the PCWS model defined by: household density in 100 m (hh_100), road length in 300 m 

(roads_rl_300), and traffic speed in 100 m (stspeed_sl_100). TAPS PM2.5 LUR models 

included: CALINE-predicted DPM (Diesel Particulate Matter sized PM2.5) 

(caline_pm25), being in the NW part of the study area (XminusY), inverse distance to the 

Davis-Monthan Air Force Base (distintvdmafb2), and barren land in 100 m (lu_br_100). 

Such differences between models suggest that relationships between the source and 

emissions have changed, highlighting reductions in PM2.5 from traffic-based sources.  

However, the predictive capability of the CALINE-modeled DPM indicates that 

diesel truck traffic on highways and state routes is still a notable source of PM2.5, as has 

been found in other studies, including ESCAPE (Ryan et al. 2008; Eeftens, Beelen, et al. 

2012). Increasing vehicle speed within 100 m of a site in the PCWS model, which is 

absent in TAPS, suggests that vehicle emissions standards reduced the importance of this 

source. However, nearby vehicle speed has been related to PM2.5 concentrations in other 

studies (Ryan et al. 2008; Ryan et al. 2005; Ryan et al. 2007). The air force base is also a 

source for PM2.5 in TAPS, which may be related to diesel vehicles at the base in addition 

to the aircraft themselves, which have been shown to produce large amounts of fine and 

ultrafine particulate matter (<0.1 µm in diameter)  (Shirmohammadi et al. 2016), as well 

as PM10 (Amini et al. 2014), specifically from military aircraft. However, in our study 

area, the air force base was not a source of PM10, which may be due to differences in 

aircraft engines or fuels. 
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 In PM10 LUR models, predictors are substantially different between PCWS and 

TAPS versions, where PCWS predictors include: bus stops within 5 km (busstops_5000), 

number of households within 5 km (hh_5000), and inverse distance to the nearest rail line 

(distintvrail1). While TAPS predictors include: being in the southwest part of the study 

area (XplusY), elevation (elev), number of households within 300 m (hh_300), and 

natural space within 300 m (lu_nt_300). Two of the three PCWS predictors are directly 

related to diesel exhaust sources, while none of the TAPS predictors are. While diesel 

engines are not a typical source of PM10, it may be that the share of larger sized particles 

in PM10 was greater in older engines used in the US without more limited emissions 

controls or sulfur fuel regulations, similar to what has been shown in diesel vehicle 

engines in China (Zhang et al. 2009). This indicates that sources shifted from 

anthropogenic to natural over time, spurred by diesel emissions controls, which reduced 

the toxicity of PM10 (Khalek et al. 2011).  

In conclusion, such changes like engineering controls or diesel sulfer content 

regulations substantially reduced already relatively low concentrations of NO2 and PM2.5 

in PCWS to even lower concentrations shown in TAPS, all while sources of these 

pollutants have increased markedly. Taken together, differences in significant predictors 

between PCWS and TAPS models for the same pollutant likely relate to changes in 

source-pollutant concentration relationships over time (e.g., regulation). In developing 

LUR models, large discrepancies in internal predictive capacity between PCWS and 

TAPS highlighted the relationship of increasing the number of sites also decreases 

internal predictive capability. In the next chapter, I will discuss the external validation 

results. 
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4 Refining and Evaluating Ambient Air Pollution Models to 

Account for Changes over Time 

4.1 Introduction 
While LUR modeling is used extensively in air pollution epidemiology, most 

studies have applied these models to predict historic exposures without accounting for 

changes in air pollution concentrations, predictors, or their relationships over time. I will 

utilize four methods to refine the LUR models developed in the previous section to 

account for these changes to improve capacity for models to fore- and hindcast across 

time (R. Wang et al. 2013). I then validate each model externally by predicting annual 

means in the other dataset (e.g., the TAPS model for NO2 predicts measured PCWS NO2 

annual mean concentrations, and vice versa) (Figure 4-1).  

 

 
Figure 4-1. The process of developing LUR models from measurement 
datasets (black arrows), internally validating the models (blue arrows), 
and then externally validating using the other dataset (orange arrows). 

 

While increased accuracy of prediction measures does not always improve health 

effects estimates (Szpiro, Paciorek, and Sheppard 2011), models with higher external 

validation adjusted R2 values are less biased towards null findings when used in health 

models, compared to models with higher internal validation predictive capacity (M. 

Wang et al. 2016a; Basagaña et al. 2013; Basagaña et al. 2012). By evaluating external 
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predictive capability, I will determine the best LUR model for each pollutant to predict 

ambient air pollutant concentrations at Tucson Children’s Respiratory Study (TCRS) 

participant homes, which will be used in subsequent health analyses to reduce potential 

attenuation of the exposure coefficient. In this section, I will evaluate the refined LUR 

models based on several criteria to see which most effectively predicts across time. In 

addition, I will compare predicted air pollution concentrations from different models.  

 

4.2 Methods 

4.2.1 Refining LUR Models 

To account for changes over time in each LUR model for TAPS and PCWS, I 

used four distinct methods, referred to as Methods 1 through 4 (Table 4-1). To account 

for regional changes in air pollution concentrations, I applied a temporal scalar based on 

a continuously running background monitor to the predicted air pollution concentrations 

for TCRS participants (Method 1). To adjust for spatial variation in predictor values over 

time (e.g., a new bus route), I included year-specific predictor data in the LUR models 

(Method 2). In Method 3, I combined Methods 1 and 2. Finally, to examine changes in 

the predictor-air pollution concentration relationships, I calibrated predictor coefficients 

to the prediction-year outcome data (Method 4). While Method 4 cannot be used to 

predict TCRS participant levels, as there is no way to refit the coefficients to TCRS 

participant predictors without an outcome dataset, it can help elucidate changing 

predictor-pollutant relationships. NOx was not externally validated, as this was only 

measured in TAPS. 

 

Table 4-1. Methods for adjusting LUR models for changes in air pollution concentrations, 
predictors, and their relationships. 
Method Description Equation 

1 Scaling regional pollution concentrations 
over time 

! = #$ +	#'(' + ⋯+ #*(* + + 

2 Using year-specific predictor data ! = #$ +	#'(′' +⋯+ #*(′* 
3 Methods 1 + 2 ! = #$ +	#'(-' + ⋯+ #*(-* + + 
4 Calibrating coefficients using same 

predictors 
! = #′$ + 	#′'(′' + ⋯+ #′*(′* 
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4.2.2 Externally Validating LUR Models Refined for Changes over Time 

I compared models’ predictive capacity based on the two-sample Kolmogorov-

Smirnov test to investigate the similarities between measured and predicted 

concentrations, as well as adjusted R2 and root-mean-squared error (RMSE) values. For 

each pollutant, the model with the: 1) lowest Kolmogorov-Smirnov D (K-S D); 2) highest 

R2; 3) lowest RMSE; and 4) least significant residual spatial autocorrelation (Moran’s I) 

was chosen to predict air pollution exposures for TCRS participants. If two models 

refined with different methods had the same diagnostic outcomes, I chose the refinement 

method that accounted for more spatial and temporal changes over time, given the 

potentially substantial changes in regional air pollution concentrations and spatial 

variation of predictor values in the study area from 1987 to 2016. If multiple models’ had 

the same rank for different criteria, I chose the model with the highest external R2 value, 

to minimize the chance of bias towards the null in the ultimate health model (Basagaña et 

al. 2013; Basagaña et al. 2012; M. Wang et al. 2016b; M. Wang et al. 2012). For 

example, if one model had the highest R2 value and the 2nd best of the other three criteria, 

and another model has the 2nd best R2 value, and the best of the other three criteria, I 

chose the first model. I then used the chosen model and refinement method respective to 

each pollutant to predict exposures for TCRS participants at birth and age 6 home 

addresses.  

 

4.2.3 Comparing Predictions for the Same Pollutant from Different Models 

I compared predicted concentrations of the same outcome dataset from initial 

internally validated models (e.g., a model developed with PCWS NO2 data predicting 

PCWS NO2 values) and externally validated models (e.g., a model developed with TAPS 

NO2 data predicting PCWS NO2 values) using Spearman correlations. 

 

4.3 Results 

4.3.1 Externally Validating NO2 Models 

When externally validating NO2 models, PCWS models predicting TAPS 

outcomes performed the best according to the chosen criteria (Table 4-2). Models refined 

with Method 4 performed the best overall. While K-S D statistics indicated distributions 
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were very different across all models, PCWS models predicted at least half the variance, 

compared to 20% at most for TAPS models. RMSE values were lowest for Method 4 

models (1.30-6.75 ppb), followed by Method 2 (10.6-20.9 ppb), and then PCWS Method 

3 models (10.7-20.9 ppb). PCWS models refined with Methods 2 and 3 resulted in the 

same validation statistics because of the single year of TAPS outcomes. All models 

except Method 4 PCWS models had significant spatial autocorrelation of the residuals, 

shown by the Moran’s I p-value in Table 4-2. While the PCWS Method 1 model had a 

slightly higher R2 value compared to the PCWS Method 3 (59% vs. 52%), I chose PCWS 

Method 3 because the RMSE value was nearly half (19.7 ppb vs. 10.7 ppb). Excluding 

models refined with Method 4, PCWS Methods 2 and 3 models performed the best. As 

such, the PCWS model refined with Method 3 was chosen to predict ambient NO2 

exposures for TCRS participants. 
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Table 4-2. External validation statistics of refined LUR models developed 
from PCWS and TAPS NO2 data. 

Refinement Model Dataset K-S D R2 RMSE 
(ppb) 

Moran’s I 
(p-value) 

Method 1 PCWS 1.00 59% 19.7 0.37 (1.3E-06) 

PCWS: Only 
>1 Obs. 1.00 22% 32.4 0.24 (6.8E-04) 

TAPS 1.00 8% 20.5 0.13 (3.5E-05) 

TAPS-PCWS: 
Only >1 Obs. 1.00 14% 19.7 0.36 (1.5E-05) 

Method 2 PCWS 0.97 52% 10.7 0.26 (2.7E-04) 

PCWS: Only 
>1 Obs. 0.95 28% 20.9 0.21 (2.2E-03) 

TAPS 0.86 11% 12.0 0.12 (1.5E-04) 

TAPS-PCWS: 
Only >1 Obs. 0.89 8% 10.6 0.34 (3.0E-05) 

Method 3 PCWS 0.97 52% 10.7 0.26 (2.7E-04) 

PCWS: Only 
>1 Obs. 0.95 28% 20.9 0.21 (2.2E-03) 

TAPS 1.00 13% 20.9 0.12 (2.1E-04) 

TAPS-PCWS: 
Only >1 Obs. 1.00 14% 19.7 0.36 (1.5E-05) 

Method 4 PCWS 0.97 59% 1.30 -0.05 (7.3E-01) 

PCWS: Only 
>1 Obs. 0.95 60% 1.29 -0.02 (9.5E-01) 

TAPS 0.86 11% 6.75 0.09 (4.0E-03) 

TAPS-PCWS: 
Only >1 Obs. 0.89 20% 3.96 0.25 (1.8E-03) 

Notes: Bold text indicates the best performing model according to criteria 
defined; italic text indicates Method 4 results, which are not considered when 
choosing the best performing model.  

 

4.3.2 Externally Validating PM2.5 Models 

When externally validating PM2.5 models, all models had poor predictive 

capability (Table 4-3). Models refined with Methods 2 and 4 had the same K-S D values: 

0.63 and 0.73 for TAPS and PCWS, respectively. Excluding Method 4 models, the 
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PCWS Methods 2 and 3 models explained the most variability (11%). PCWS models 

overall had lower RMSE, and models refined with Method 4 had the lowest overall 

RMSE (1.43 and 5.14 µg/m3). No models had significant spatial autocorrelation. PCWS 

models refined with Methods 2 and 3 resulted in the same validation statistics because of 

the single year of TAPS outcomes. Excluding models refined with Method 4, PCWS 

Methods 2 and 3 models performed the best. As such, the PCWS model refined with 

Method 3 was chosen to predict ambient PM2.5 exposures for TCRS participants. 

 

Table 4-3. External validation statistics of refined LUR models developed from PCWS and 
TAPS PM2.5 data.  

Refinement Model 
Dataset K-S D R2 RMSE (µg/m3) Moran’s I 

(p-value) 

Method 1 PCWS 0.97 8% 8.32 0.06 (3.1E-01) 

TAPS 0.79 5% 12.2 0.03 (4.9E-01) 

Method 2 PCWS 0.73 11% 7.90 -0.01 (6.6E-01) 

TAPS 0.63 0.03% 7.28 -0.04 (9.7E-01) 

Method 3 PCWS 0.73 11% 7.90 -0.01 (6.6E-01) 

TAPS 0.79 0.002% 8.38 -0.05 (8.8E-01) 

Method 4 PCWS 0.73 28% 1.43 -0.09 (7.1E-01) 

TAPS 0.63 11% 5.14 0.01 (6.6E-01) 

Notes: Bold text indicates the best performing model according to criteria defined; italic 
text indicates Method 4 results, which are not considered when choosing the best 
performing model.  

 

4.3.3 Externally Validating PM10 Models 

When externally validating PM10 models, PCWS models outperformed TAPS 

models (Table 4-4). Models refined with Methods 2 and 4 had the lowest K-S D values 

(0.25 and 0.36, respectively). The PCWS model refined with Method 4 explained the 

most variability (69%), while the PCWS Method 1 model explained the second most 

(57%). PCWS models overall had lower RMSE, and models refined with Method 4 had 

the lowest RMSE (3.61-12.9 µg/m3), with Method 2 models having the next lowest 

RMSE (9.07-14.7 µg/m3). Method 4 models had the least significant spatial 

autocorrelation, followed by PCWS Method 1 model. PCWS models refined with 
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Methods 2 and 3 resulted in the same validation statistics because of the single year of 

TAPS outcomes. Excluding models refined with Method 4, the PCWS model refined 

with Method 1 performed the best and was chosen to estimate ambient PM10 exposures 

for TCRS participants. 

 

Table 4-4. External validation statistics of refined LUR models developed from 
PCWS and TAPS PM10 data. 

Refinement Model 
Dataset K-S D R2 RMSE (µg/m3) Moran’s I 

(p-value) 

Method 1 PCWS 0.96  57% 11.0 0.05 (3.0E-01) 

TAPS 0.82  3% 24.8 0.14 (3.7E-02) 

Method 2 PCWS 0.36  8% 9.07 0.19 (2.3E-02) 

TAPS 0.25  1% 14.7 0.13 (5.5E-02) 

Method 3 PCWS 0.36  8% 9.07 0.19 (2.3E-02) 

TAPS 0.82  0.9% 25.9 0.13 (5.1E-02) 

Method 4 PCWS 0.36  69% 3.61 0.02 (4.3E-01) 

TAPS 0.25  11% 12.9 0.03 (5.5E-01 

Notes: Bold text indicates the best performing model according to criteria defined; 
italic text indicates Method 4 results, which are not considered when choosing the best 
performing model.  

 

4.3.4 Comparing Internal and External Validation Results 

When comparing how much variability in pollution concentrations different 

models could explain, PCWS models tended to explain less pollutant concentration 

variance during internal validation and more in external validation, while the opposite 

was true for TAPS models. I found that the model derived from PCWS NO2 

concentration data had the lowest predictive capability internally, explaining just 18% of 

the variability but the 2nd highest externally, explaining 52% of the variance (Figure 4-2). 

Meanwhile, the model derived from TAPS NO2 measurements explained 66% of the 

variance during internal validation, but just 13% during external validation.  

PM10 models had similar results, where the model derived from PCWS measures 

explained 26% and 57% of the variance during internal and external validation, 

respectively, and the model derived from TAPS data explained 83% and 3% of the 
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variance during internal and external validation, respectively. I found similar results for 

PM2.5, where the model derived from PCWS data explained 36% and 11%, during 

internal and external validation, respectively, and the model derived from TAPS data 

explained 79% and 5% during internal and external validation, respectively. 

 

Internal Validation External Validation 

  
Figure 4-2. Internal (left in blues) and external (right in oranges) validation model R2 % 
values by pollutant. Models derived from the PCWS measurement dataset are in light 
colors, and those from TAPS, in dark. External validation R2 values are from the most 
predictive models for the pollutant and PCWS or TAPS dataset. NOx was only measured in 
TAPS. 

 

4.3.5 Comparing Predicted PCWS NO2 Concentrations 

Predicted PCWS NO2 concentrations from the PCWS model and different TAPS 

models were generally well correlated, with Pearson correlation coefficient values (r) 

ranging from 0.73-0.86 (Figure 4-3). Method 4 models were most highly correlated, with 

Methods 2 and 3 nearly identical (r = 0.85). Predictions of PCWS NO2 concentrations 

among TAPS models refined with different methods were also well correlated, with 

correlation coefficients ranging from 0.79-1.00.  

For the sensitivity analysis dataset (i.e., PCWS NO2 sites with >1 observation), 

correlations among predicted concentrations were much lower, with correlation values 

ranging from 0.36-0.56, with the TAPS model refined with Method 4 having the highest 

correlation value. 
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Correlations among  
Predicted PCWS NO2 Concentrations 

 

Correlations among  
Predicted PCWS NO2 Concentrations 

 (Only >1 Obs) 
 

  
Figure 4-3. Spearman correlation coefficients (black numbers) among predicted PCWS NO2 
concentrations from different models for the full dataset (left) and a subset of sites with >1 
observation (right). “PCWS” denotes predictions from the PCWS NO2 model; “TAPS” denotes 
predictions from the TAPS NO2 model; “M*” denotes the method used to refine the model for 
changes over time. 

 

4.3.6 Comparing Predicted TAPS NO2 Concentrations 

Predicted TAPS NO2 concentrations from the TAPS model and different PCWS 

models were well correlated, with correlation coefficients ranging from 0.85-0.86 

(Figure 4-4), and predictions of TAPS NO2 concentrations among PCWS models refined 

with different methods had correlation values near 1.00.  

When comparing the predicted TAPS concentrations from models derived from 

the PCWS NO2 data subset of multiple observations per site, correlations among 

predicted concentrations were much lower, with correlation coefficients ranging from 

0.54-0.78, with the PCWS model refined with Method 4 having the highest correlation 

value. 
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Correlations among  
Predicted TAPS NO2 Concentrations 

 

Correlations among  
Predicted TAPS NO2 Concentrations 

 (PCWS Sensitivity Analysis of >1 Obs) 
 

  
Figure 4-4. Spearman correlation coefficients (black numbers) among predicted TAPS NO2 
concentrations from different models. PCWS models were derived from the full dataset (left) 
and a subset of sites with >1 observation (right). “TAPS” denotes predictions from the TAPS 
NO2 model; “PCWS” denotes predictions from the PCWS NO2 model; “M*” denotes the 
method used to refine the model for changes over time. 

 

4.3.7 Comparing Predicted PCWS PM2.5 and PM10 Concentrations 

Predicted PCWS PM2.5 concentrations from the PCWS model and different TAPS 

models had little to no correlation (r values ranging -0.16-0.18) (Figure 4-5), with the 

TAPS Method 1 model exhibiting a negative correlation value of -0.16. Predictions of 

PCWS PM2.5 concentrations among TAPS models refined with different methods, 

Methods 1-3 had correlation values ranging from 0.79-1.00, while Method 4 was 

negatively correlated with other TAPS models (r range = -0.33 to -0.57).  

For predicted PCWS PM10 concentrations, correlation coefficients ranged from 

0.11 – 0.42, with the highest correlation with the TAPS Method 4 model. Predictions of 

PCWS PM10 concentrations among TAPS models refined with different methods showed 

moderate to high correlation (r range 0.44 – 1.00). 
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Correlations among  
Predicted PCWS PM2.5 Concentrations 

 

Correlations among  
Predicted PCWS PM10 Concentrations 

 

  
Figure 4-5. Spearman correlation coefficients (black numbers) among predicted PCWS PM2.5 
concentrations (left) and among predicted PCWS PM10 concentrations (right) from different 
models. “PCWS” denotes predictions from the PCWS model for the respective pollutant; 
“TAPS” denotes predictions from the TAPS model for the respective pollutant; “M*” denotes 
the method used to refine the model for changes over time. 

 

4.3.8 Comparing Predicted TAPS PM2.5 and PM10 Concentrations 

Predicted TAPS PM2.5 concentrations from the TAPS model and different PCWS 

models were moderately correlated, with correlation values ranging from 0.26 - 0.44 

(Figure 4-6), with the PCWS Method 4 model having the highest correlation value. 

Among TAPS PM2.5 concentrations predicted by PCWS models refined with different 

methods, correlations ranged from 0.57 – 1.00.  

For predicted TAPS PM10 concentrations, correlations ranged from 0.17 – 0.78, 

with the highest correlation with the TAPS Method 4 model and second highest with the 

TAPS Method 1 model (r = 0.73). Predictions of TAPS PM10 concentrations among 

PCWS models refined with different methods showed moderate to high correlation, with 

correlation values ranging from 0.39 – 1.00. 
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Correlations among  
Predicted TAPS PM2.5 Concentrations 

 

Correlations among  
Predicted TAPS PM10 Concentrations 

 

  
Figure 4-6. Spearman correlation coefficients (black numbers) among predicted TAPS PM2.5 
concentrations (left) and among predicted TAPS PM10 concentrations (right) from different 
models. “TAPS” denotes predictions from the TAPS model for the respective pollutant; 
“PCWS” denotes predictions from the PCWS model for the respective pollutant; “M*” denotes 
the method used to refine the model for changes over time. 

 

4.4 Discussion 
When testing various methods to account for changes in air pollution 

concentrations, predictors, and their relationships over time, I found that models refined 

with Method 4 performed the best in external validation testing for all criteria. Excluding 

these, the best performing models for NO2 and PM2.5 were the PCWS LUR models 

refined with Method 3; for PM10, it was the PCWS LUR model refined with Method 1. 

PM2.5 had poorer external validation results compared to other NO2 and PM10 models. 

Predicted values for NO2 were moderately to highly correlated among models, while 

there was modest correlation between predictions for PM10 and almost none among PM2.5 

predictions. 

In internal validation, models built from TAPS data far outperformed their PCWS 

counterparts for nearly every pollutant, with the exception of the model built from a 

sensitivity subset of PCWS NO2 data, which includes only homes measured at least once 

per year in different seasons (a similar but less frequent and lower duration sampling 
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approach than TAPS). Conversely, when externally validating models, PCWS models 

predicting TAPS data far outperformed TAPS models predicting PCWS data (Figure 

4-2). As has been shown before, LUR models fit to fewer sites are more likely to have 

higher internal and lower external validation R2 values compared to models built on more 

sites, which have lower internal but higher external validation R2 values (Basagaña et al. 

2013; Basagaña et al. 2012; M. Wang et al. 2016b; M. Wang et al. 2012). 

In all PCWS pollutant models, there were more sites than used in TAPS models, 

with the most extreme discrepancy for NO2, where 334 sites were used in PCWS 

compared to 39 for TAPS. Notably for PM2.5, in which the PCWS and TAPS models 

were built from 36 and 19 sites, respectively, we find the least difference between the 

internal and external validation R2 values between models for the two datasets. As such, 

it is expected that by using the models performing best in external validation, I will have 

reduced chances for attenuating exposure effects in health models (Basagaña et al. 2012; 

M. Wang et al. 2016b). These findings may also be related to the differences in the 

distributions of pollutant concentrations in PCWS versus TAPS. 

As has been shown previously, models developed on narrower distributions with 

less variance from the mean (i.e., a distribution like TAPS), tend to do a poorer job of 

predicting values outside with a wider range of variance than on which they were 

developed, regardless of how they may be refined to account for changes over time (R. 

Wang et al. 2013). In this study, NO2 TAPS concentrations were significantly lower 

compared to PCWS (Figure 4-7), and likewise for PM2.5 (Figure 4-8). While PM10 levels 

were not significantly different among PCWS and TAPS, the range for PM10 in TAPS is 

narrower compared to PCWS. Given this, it is not surprising that the PCWS LUR models 

better predicted narrower distributions compared to what they were derived from, while 

TAPS LUR models were not as successful when predicting a wider distribution than from 

which they were developed. 
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        Annual Mean NO2 Concentrations 
        PCWS 

 
        TAPS 

 

  
Figure 4-7. Annual mean NO2 concentrations of 
PCWS (left) and TAPS (right). The solid line 
inside the box is the median; the box denotes the 
interquartile range; the whiskers denote values up 
to 1.5 times greater than the 75th percentile and 
values within 1.5 times less than the 25th 
percentile; points are between >1.5 times and <3 
times the interquartile range. 
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          Annual Mean PM2.5 Concentrations           Annual Mean PM10 Concentrations 
          PCWS 

 
         TAPS 

 
          PCWS 

 
         TAPS 

 

    
Figure 4-8. Annual mean PM2.5 and PM10 concentrations of PCWS and TAPS. The solid line inside the 
box is the median; the box denotes the interquartile range; the whiskers denote values up to 1.5 times 
greater than the 75th percentile and values within 1.5 times less than the 25th percentile; points are 
between >1.5 times and <3 times the interquartile range. 
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Among model refinement methods, Method 4 consistently outperformed all others, 

illustrating that changes in predictor-pollutant relationships play a more significant role in 

changing pollution concentrations than variations in predictor intensity and location (i.e., 

Methods 2 and 3). This finding is not surprising, because by refitting the predictors to a 

new dataset, I am using the data I am predicting to validate the performance of the model 

in question. Wang et al. also found Method 4 to be more predictive when testing NO2 

LUR models predicting measurements taken at the same sites 7 years apart (R. Wang et 

al. 2013). In their study, the R2 values were nearly the same for all methods, whereas in 

my study, performance of models refined with Methods 1-3, regardless of the dataset, 

were lower compared to Method 4.  

For my study area, the success of Method 4 also highlights the changing source-

pollutant concentration relationships, spurred by emissions from vehicles, especially 

diesel vehicles, through legislation discussed previously (e.g., diesel sulfur fuel content 

regulations in 1993) (Khalek et al. 2011; US Environmental Protection Agency 2017b). 

However, the better performance of Methods 1-3 in Wang’s analysis compared to my 

study may be because they used the same sites over a smaller time span, resulting in 

limited change in pollution concentrations and predictor location and intensity. In my 

study, the two datasets are spatially independent and measured nearly 30 years apart, 

where pollutant concentrations would be expected to be far less predictable, regardless of 

how the LUR model was refined to account for changes over time.  

Areas which experience substantial changes in land use development and growth, 

like Tucson during the period between PCWS and TAPS, make comparisons over large 

time spans more challenging, resulting in limited external prediction capability. In the 

Tucson area, a wide range of predictors (e.g., roads, bus routes, housing density, mining) 

changed from 1980 through 2016, when the population nearly doubled from 531,443 to 

1,007,257 (US Census Bureau 2018; US Census Bureau 1980). The closest comparison 

may be when a LUR model developed in one area is validated in another during the same 

time period. For example, Allen et al. found that transferring NO2 models between cities 

in Canada resulted in a range of explained variance, ranging from 37-52% (Allen et al. 

2010). Similarly, when Poplawski et al. predicted NO2 concentrations in Seattle, WA 

with a model developed in Vancouver, Canada, they found it only explained 33% of the 
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variance (Poplawski et al. 2009). These results are similar to those when the PCWS LUR 

models for NO2 and PM10 predicted TAPS concentrations in external validation (Figure 

4-2). 

When comparing the other refinement methods aside from Method 4, Method 3 

was the most predictive for NO2 and PM2.5, suggesting that changes in predictor location 

and intensity (included in both Methods 2 and 3) were more important than simply 

correcting for general changes in pollutant concentration (Method 1). For PM10, Method 

1 was the most predictive in external validation, indicating changes in regional PM10 

levels are more informative than differences in predictor location or intensity. This may 

be evidenced by the slight change in concentrations between PCWS and TAPS (Figure 

4-8). 

In comparing predicted PCWS NO2 concentrations from different models, 

predictions from the PCWS model, which had low internal but high external predictive 

capacity (Table 3-6), were strongly correlated with those from the TAPS NO2 models 

(Figure 4-3), which had high internal but low external predictive capacity. Meanwhile, 

when comparing predicted TAPS NO2 concentrations from various models, those from 

the TAPS model (the second most predictive model in internal validation (Table 3-6)), I 

found similar strength of correlations (Figure 4-4). This indicates that the PCWS NO2 

model is best suited to predicting unknown NO2 concentrations in independent datasets, 

such as the Tucson Children’s Respiratory Study (TCRS). 

Unlike NO2 predictions, which were highly correlated with each other, predicted 

PM2.5 concentrations had little to no correlation (Figure 4-5 and Figure 4-6). This might 

be due to the limited predictive capability of the PCWS PM2.5 model to begin with, as 

shown in internal validation (R2 = 0.36) (Table 3-7), suggesting that the relationships 

between predictors and PM2.5 concentrations are simply not predictable in the PCWS 

dataset. This could be because the PCWS PM2.5 dataset is not being truly representative 

of the distribution of the pollutant and its resulting relationships with predictors available, 

especially since most of the original PM2.5 dataset could not be used as there was no 

background monitor for use to create annual mean concentrations (see section 3.2.1). 

Excluding this subset of the data could also be seen as a shortcoming of the ESCAPE 

annual averaging approach when assessing a pollutant not yet monitored for regulation. 
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This may also explain why, despite the TAPS PM2.5 model being very predictive in 

internal validation (R2 = 0.79), predicted PCWS PM2.5 concentrations from the TAPS 

model are not correlated with those from the PCWS model (Figure 4-5). However, it 

could also be in some part due to false associations between predictors and PM2.5 levels 

in the TAPS model, due to the much smaller number of sites compared to those in PCWS 

(Basagaña et al. 2012). Given the limited success of PM2.5 LUR models in external 

validation and overall weak correlations among predicted values (Figure 4-5 and Figure 

4-6), the PCWS LUR model refined with Method 3 makes the most sense to use for 

predicting TCRS exposures, as it displayed the best predictive capacity in external 

validation (Table 4-3). 

For PM10, predicted PCWS concentrations from the PCWS model were 

moderately correlated with those produced by the TAPS models refined with the four 

methods (Figure 4-5). However, predictions of TAPS PM10 concentrations from the 

TAPS model were highly correlated with those from PCWS models refined with just 

Methods 1 and 4 (r = 0.75 and 0.79, respectively). Despite the PCWS PM10 model having 

limited internal predictive capacity (R2 = 0.26), it had an external validation R2 value of 

0.57. The predicted PM10 concentrations from the PCWS model were highly correlated 

with those of the highly internally-predictive TAPS model (Table 3-7). This suggests that 

the more sites, the more predictive the model in external validation, while indicating that 

the PCWS model refined with Method 1 is the most appropriate to predict TCRS 

participant exposures. 

In conclusion, based on the external validation testing and correlations of 

predicted pollution concentrations among different models, I chose the following models 

for each pollutant to predict the ambient air pollution exposures for TCRS participants at 

birth and age 6 home addresses: 1) NO2 – the PCWS model refined with Method 3; 2) 

PM2.5 – the PCWS model refined with Method 3; and 3) PM10 – the PCWS model refined 

with Method 1. For predicting NOx, only TAPS measured this pollutant, so I will utilize 

the TAPS model refined with Method 3, based on choosing the NO2 model refined with 

Method 3 (Table 4-5). My findings in this chapter illustrate both the trends of: 1) 

forecasting models being more predictive than hindcasting models and 2) more sites 

increasing the predictive capacity of the model when externally validated. Future studies 
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should aim to have as many sampling sites as possible, in order to maximize the 

predictive potential when modeling exposures at participants’ sites. In doing this, models 

developed with different numbers of sites and resulting exposure effect sizes can be 

further investigated to shed light on this seldom studied but obviously important 

relationship. 

 
Table 4-5. Descriptions of LUR models used to predict ambient air pollution 
concentrations at homes of Tucson Children’s Respiratory Study participants. 

Pollutant Model Refinement 
Methoda Predictors 

NO2 PCWS 3 
• Bus stops w/in 5 km 
• CALINE-Predicted DPM 
• Elevation 

NOx TAPS 3 

• Elevation 
• High intensity development w/in 1,000 m 
• Dist. to nearest mine 
• Vehicles on nearest major road 
• Schools w/in 300 m 
• Length of major roads w/in 100-1,000 m 

PM2.5 PCWS 3 

• Dist. to nearest bus depot 
• Households w/in 100 m 
• Roadlength w/in 300 m 
• Speed limit w/in 100 m 

PM10 PCWS 1 
• Bus stops w/in 5 km 
• High intensity development w/in 5 km 
• Dist. to nearest rail 

a Refinement Method: 1: Scaling regional pollution concentrations over time; 3: 
Scaling regional pollution concentrations over time and using year-specific 
predictor data 
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5 Assessing the Relationship between Early-Life Air Pollution 

Exposures and Preschool Wheezing Phenotypes 

5.1 Introduction 
Half of all children have a wheezing lower respiratory illness by the age 6 

(Martinez et al. 1995; To et al. 2007), and wheezing has been linked to increased risk of 

asthma (Morgan et al. 2005; Stern et al. 2008; Martinez et al. 1995) and reduced lung 

function (Berry et al. 2016) into adulthood. Given lungs’ increased susceptibility to 

environmental insults during the bulk of alveolar formation in preschool years (Burri 

1984; Schittny 2017), various studies worked to disentangle etiological differences 

among the preschool wheezing phenotypes (J. Henderson et al. 2008; Tse et al. 2016; 

Savenije et al. 2011). While there are many early-life environmental risk factors that may 

influence wheezing outcomes, the findings on the relationship between air pollution 

exposure in early life and wheezing are mixed and are seldom researched past childhood. 

I estimated relationships between air pollution exposures in early life at birth and age 6 

years and preschool wheezing phenotypes (i.e., never, transient early, late-onset, and 

persistent) (Martinez et al. 1995) and compared the relative effect sizes of exposures at 

these ages on wheezing outcomes. 

 

5.2 Methods 

5.2.1 Air Pollution Exposures 

Annual mean pollutant exposures at birth and age 6 addresses were modeled for 

TCRS participants using LUR models developed from NO2, PM2.5, and PM10 (PCWS) 

and NOx (TAPS) measurements, as discussed in Chapters 3 and 4. For each pollutant, if 

any predicted exposure values for TCRS participants were < 0, I added the absolute 

minimum predicted concentration to all predicted concentrations of TCRS subjects. In 

doing so, I scaled the distribution of predicted pollutant exposures so that all were > 0, 

yet had the same relative difference between one another. 
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5.2.2 Creating Indices of Traffic-Related Air Pollution Exposure 

In order to investigate the relationship of exposure to traffic pollutant mixtures, I 

used principal components analysis (PCA) to create unitless indices of increased traffic-

related air pollution exposure from modeled exposures of NO2, NOx, and PM2.5 from the 

first component values at birth and at age 6 (Beamer, Lothrop, Zhenqiang, et al. 2015; 

Lothrop et al. 2017). PCA is a method for reducing large datasets so that the loading of 

each variable illustrates the correlation between the variable and the component 

(Kemsley 1996). Distinct linear relationships among variables are found (components), 

and each specific component is uncorrelated with the others. The component that 

explains the most variance among variables in the most ‘principal’ or the first component. 

PM10 exposures were not included because sources of these pollutants in our study area 

are expected to be mainly naturally-occurring windblown dust and pollen and generally 

not from traffic (Pima County Department of Environmental Quality 2016). 

 

5.2.3 Covariates and Effect Modifiers 

I chose covariates a priori from the air pollution and wheezing literature; these 

included: indoor air pollutant sources like gas cooking or heating (de Bilderling et al. 

2005), home cooling (Aldous et al. 1996), parental asthma (Martinez et al. 1995), birth 

season (Tse et al. 2016), maternal smoking (Stein et al. 1999; Burke et al. 2012), atopy 

(Dell et al. 2014), parity (Sherriff et al. 2001), gestational age (Sherriff et al. 2001), 

birthweight, ponderal index (Sherriff et al. 2001), breastfeeding (Caudri et al. 2013), 

maternal education (Caudri et al. 2009), number of older siblings (Ball et al. 2000), 

presence of a dog in the home in infancy (Remes et al. 2001), and neighborhood-level 

socio-economic and housing quality indicators (Lothrop et al. 2017; Beamer, Lothrop, 

Zhenqiang, et al. 2015).  

To investigate differences in susceptibility to air pollution exposures as identified 

in other studies, I conducted stratified analyses by gender (Ranciere et al. 2017; Nordling 

et al. 2008), maternal age (Martinez et al. 1992; Beamer, Lothrop, Stern, et al. 2015), and 

race/ethnicity (Gold and Wright 2005; Beamer et al. 2019). To determine if effects seen 

in adjusted models were influenced by misclassification of home address exposures 

introduced by moving between birth and age 6 or by attending daycare after birth, I 
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conducted stratified analyses by moving between birth and age 6 and by daycare status 

within 6 months after birth. 

 

5.2.4 Statistical Analysis 

I estimated the relationships between air pollution exposures in early life at birth 

and age 6 years and preschool wheezing phenotypes (i.e., never, transient early, late-

onset, and persistent) (Martinez et al. 1995) using multinomial logistic regression. To 

assess the relative importance of different windows of pollution exposure on preschool 

wheezing outcomes, I compared pollutant effect sizes between birth exposures and age 6 

exposures. First, I assessed the relationship of only the air pollution exposure of interest 

at a specific time point, for example NO2 exposure at birth (i.e., an unadjusted model). 

Next, I adjusted this model for any confounding covariates (i.e., the adjusted model). A 

covariate was deemed a confounder if it: 1) was independently associated with the 

outcome (p<0.05) (Tse et al. 2016) and 2) changed the pollutant regression odds ratio 

(OR) by >5% (Brunst et al. 2015; Beamer et al. 2019). To ensure participants with air 

pollution and wheezing phenotype outcome data were included, I coded missing 

categories if categorical predictors had missing information, and compared regression 

results with and without the missing category. 
I investigated effect modifiers as identified in previous studies, as well as for 

exposure misclassification introduced by moving or daycare attendance, using interaction 

p-values on both crude and adjusted models. Results for regression models are shown as 

an odds ratio (OR) for an interquartile range increase in annual mean pollutant exposure. 

Only TCRS subjects with complete data for health outcomes, air pollution exposures at 

birth and age 6, covariates, and effect modifiers were included. Statistical significance 

was defined as an alpha<0.05 unless noted. All analyses were conducted using R v 3.4.3 

(R Foundation for Statistical Computing, Vienna, Austria).  

 

5.2.5 Sensitivity Analysis 

While I could not include both exposures in the same model due to high 

multicollinearity, I assessed the associations of exposures at birth and age 6 and wheezing 

phenotypes together in a sensitivity analysis. I classified exposures at birth and age 6 



 92 

separately into “Low” (below the median) and “High” (above the median) exposures 

across both time points. Then, these were coded into 4 distinct categories: below the 

median exposure at birth and age 6 (“Low/Low”); below the median exposure at birth 

and above the median at age 6 (“Low/High”); above the median exposure at birth and 

below the median at age 6 (“High/Low”); and above the median exposure at birth and age 

6 (“High/High”). I analyzed relationships between the exposure group and wheezing 

outcomes using the “Low/Low” exposure group as the reference. As an alternative 

approach, I modeled the association with wheezing phenotypes with: 1) the total of birth 

and age 6 exposures and 2) the difference of birth minus age 6 exposure, for each 

pollutant. 

 

5.3 Results 

5.3.1 Preschool Wheezing Phenotypes in TCRS 

Among the 1,246 participants originally enrolled at birth in TCRS, 826 had 

wheezing phenotype data. Of those 826 children, 659 were included in this analysis, as 

they had addresses at birth and age 6 (in order to do air pollution estimates) (Figure 5-1). 

The remaining 167 children with phenotype data were missing the birth (n=59) and/or 

age 6 (n=108) address and were excluded from this analysis.  

 

 
Figure 5-1. Participant inclusion flowchart for analysis of air 
pollution exposures and preschool wheezing phenotypes.  

 

Of the 659 children included, 52% had never wheezed, 20% had transient early wheeze, 

14% had late-onset wheeze, and 14% had persistent wheeze (Table 5-1). There was no 
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significant difference in proportions of wheezing phenotypes between children included 

and those excluded as they were not in the study area at one or both time points (Chi-

Square goodness of fit test, p = 0.80).  

 
Table 5-1. Proportions of preschool wheezing phenotypes by residence in study 
area in early life. 

Wheezing 
Phenotype 

LRI by 
Age 3 

Wheeze 
at Age 6 

Address in 
Study Area at 

Birth and Age 6 
(n=659) 
n (%) 

No Address in 
Study Area at 

Birth and/or Age 6 
(n=167) 
n (%) 

Never No No 340 (52%)  85 (51%)  

Transient Early Yes No 133 (20%)  31 (19%)  

Late-Onset No Yes 95 (14%)  29 (17%)  

Persistent Yes Yes 91 (14%)  22 (13%)  

Notes: LRI: Lower Respiratory Illness; remaining 420 participants have no 
wheezing phenotype data. 

 

5.3.2 Indices of Traffic-Related Air Pollution Exposure 

I created indices of traffic-related air pollution exposures using NO2, NOx, and 

PM2.5 for the 659 participants with outcome data and birth and age 6 addresses. For the 

traffic-related air pollution index for birth, the first principal component was used, and 

this explained 61% of the variance of the pollutants. The loading coefficients were 0.65 

for NO2, 0.61 for NOx, and 0.46 for PM2.5. For age 6 exposures, the results were nearly 

the same, with 62% of the variance explained by the first component, with loading 

coefficients the same as birth.  

Indices were also created in the same way for children with complete address data 

but no wheezing outcome data (n=101). These indices each explained 61% of the 

variance. The birth index had the same coefficient loadings, while the age 6 index 

coefficient loadings were slightly different (0.49 for NO2, 0.67 for NOx, and 0.56 for 

PM2.5). 
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5.3.3 Pollutant Exposures, Covariates, and Effect Modifiers 

For the 659 participants included in the health analysis who had both birth and 

age 6 addresses in the study area and wheezing phenotype data, pollution concentrations 

were not significantly different than the 101 participants with address data but no 

wheezing phenotype data (two sample t-tests) (Table 5-2Error! Reference source not 

found.). Among these groups, mean NO2, NOx, and PM2.5 concentrations decrease 

slightly between birth and age 6, while PM10 concentrations increased. No trends were 

significant.  

 

Table 5-2. Pollutant exposures for participants with birth and age 6 addresses by 
wheezing phenotype data.  

 
Wheezing Phenotype 

Data 
(n=659) 

No Wheezing 
Phenotype Data 

(n=101) 
 

Pollutant Exposure GM (GSD); Range GM (GSD); Range P-value 

NO2 at birth (ppb) 18.9 (1.16); 12.7-26.0 19.2 (1.15); 12.7-24.6 0.33 

NO2 at age 6 (ppb) 18.9 (1.17); 12.7-30.9 19.1 (1.16); 12.7-25.7 0.49 

NOx at birth (ppb) 9.33 (1.44); 3.01-19.1 9.51 (1.48); 3.01-18.6 0.62 

NOx at age 6 (ppb) 8.81 (1.50); 3.01-18.7 9.14 (1.43); 3.01-16.8 0.36 

PM2.5 at birth (µg/m3) 7.20 (1.94); 0.64-23.4 7.16 (1.86); 0.64-29.0 0.92 

PM2.5 at age 6 (µg/m3) 6.08 (2.30); 0.64-30.1 6.14 (2.57); 0.64-30.1 0.92 

PM10 at birth (µg/m3) 5.94 (3.72); 0.48-32.2 6.29 (3.64); 0.48-27.7 0.65 

PM10 at age 6 (µg/m3) 7.03 (4.54); 0.48-35.8 8.31 (4.21); 0.48-35.4 0.28 

Notes: GM: geometric mean; GSD: geometric standard deviation; p-values are from two 
sample t-tests. 

 

Included participants were significantly more likely to have an atopy test result at age 6 

(13% vs. 68% missing) (Table 5-3Error! Reference source not found.). The mothers of 

included participants were more likely to be >30 years and less likely to be <25 years of 
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age at birth. In terms of mobility, included participants were significantly less likely to 

move between birth and age 6 (53% vs. 83% moved). 

 

Table 5-3. Characteristics of participants included and not included in the analysis.  

 Included  Not Included  

  n (%) n (%) P-value 

Atopy at age 6 No 349 (53%) 123 (21%) <0.001 

Yes 225 (34%) 65 (11%) 

Missing 85 (13%) 399 (68%) 

Neighborhood housing 
quality at birth 

Above Average 237 (36%) 163 (34%) 0.74 

Average 202 (31%) 154 (32%) 

Below Average 217 (33%) 164 (34%) 

Race/ethnicity White Non-Hispanic 422 (64%) 399 (68%) 0.08 

Any Hispanic  188 (29%) 132 (22%) 

Any Black  21 (3%) 26 (4%) 

Other/Missing 28 (4%) 30 (5%) 

Gender Male 321 (49%)  292 (50%)  0.76 

Female 338 (51%)  295 (50%)  

Maternal age at birth (years) <20 23 (3%)  40 (7%)  <0.001 

20-25 130 (20%)  162 (28%)  

26-30 257 (39%)  232 (40%)  

>30 249 (38%)  153 (26%)  

Attending daycare within 6 
months of birth 

No 583 (93%) 340 (93%) 0.95 

Yes 45 (7%) 25 (7%) 

Moved between birth and 
age 6 

Did Not Move 309 (47%)  29 (17%)  <0.001 

Moved 350 (53%)  142 (83%)  

Note: P-values are from Pearson Chi-Square tests. 
 

When examining exposures by wheezing phenotype group among those included, there 

was limited difference among mean exposure levels between groups (Table 5-4). One 

exception was the significantly higher PM2.5 exposures at birth in children who developed 
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transient early wheezing. Among PM10 exposures at birth, children in the late-onset and 

persistent phenotype groups had lower mean exposures compared to other groups. 
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Table 5-4. Pollutant exposures by preschool wheezing phenotype.  

 Never Trans. Early Late-Onset Persistent  

Pollutant Exposure GM (GSD); Range GM (GSD); Range GM (GSD); Range GM (GSD); Range P-value 

NO2 at birth (ppb) 18.9 (1.16); 12.7-26.0  19.3 (1.16); 13.0-25.4  18.5 (1.15); 13.8-25.0  18.6 (1.16); 14.6-24.8  0.12  

NO2 at age 6 (ppb) 18.9 (1.18); 12.7-26.9  19.2 (1.18); 12.7-30.9  18.7 (1.16); 13.8-25.6  19.2 (1.15); 14.5-26.1  0.56  

NOx at birth (ppb) 9.29 (1.47); 3.01-18.8  9.57 (1.41); 3.01-17.7  9.44 (1.44); 3.01-16.6  9.07 (1.43); 3.01-19.1  0.72  

NOx at age 6 (ppb) 8.66 (1.54); 3.01-18.7  8.55 (1.51); 3.01-16.8  9.34 (1.43); 3.01-15.9  9.25 (1.38); 3.01-18.4  0.19  

PM2.5 at birth (µg/m3) 6.68 (2.01); 0.64-22.5  8.14 (1.88); 0.64-23.4  7.39 (1.74); 0.64-17.0  7.73 (1.91); 0.64-18.1  0.02  

PM2.5 at age 6 (µg/m3) 5.78 (2.35); 0.64-22.2  6.03 (2.41); 0.64-18.8  6.35 (2.26); 0.64-23.4  7.12 (1.98); 0.64-30.1  0.19  

PM10 at birth (µg/m3) 6.40 (3.53); 0.48-32.2  6.47 (3.49); 0.48-27.5  5.10 (3.91); 0.48-28.3  4.63 (4.51); 0.48-27.9  0.10  

PM10 at age 6 (µg/m3) 7.67 (4.34); 0.48-35.2  6.75 (5.05); 0.48-35.8  5.70 (4.76); 0.48-33.6  6.70 (4.31); 0.48-35.1  0.37  

Notes: GM: geometric mean; GSD: geometric standard deviation; p-values are from analysis of variance tests. 
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Among study participants, those born to mothers >30 years of age had significantly lower 

exposures at age 6 for all pollutants except PM10 compared to children born to mothers 

<20 years of age (Table B-1, Error! Reference source not found., Error! Reference 

source not found., Error! Reference source not found., and Table B-5). Children with 

Hispanic race/ethnicity had increased pollutant exposure at age 6 compared to non-

Hispanic whites. Aside from these, there were limited statistically significant differences 

in pollution exposures by participant characteristics.  

 

5.3.4 Relationships between Air Pollution Exposures and Wheezing Phenotypes 

There was little to no change in the relationships between crude and adjusted 

models, which included atopy, race/ethnicity, and neighborhood housing quality (Table 

5-5). In adjusted models, an increase of 6.11 µg/m3 of PM2.5 exposure at birth was 

associated with transient early (1.34 [95% CI 1.01 – 1.78]) and persistent (1.39 [95% CI 

0.90 – 1.88]) wheeze. When examining adjusted models by quartiles of exposure (Table 

5-6), children in the highest quartile of PM2.5 exposure at birth were nearly twice as likely 

to have transient early wheeze (1.86 [95% CI 1.04 – 3.35]); the trend over quartiles was 

significant (p-trend=0.02). At age 6, an increase of 5.67 µg/m3 of PM2.5 exposure was 

associated with persistent wheeze (1.39 [95% CI 1.03 – 1.88]), and those exposed to the 

highest quartile of PM2.5 at age 6 were twice as likely to have persistent wheeze (2.06 

[95% CI 1.01 – 4.21]; p-trend=0.07). Boys were more susceptible to birth PM2.5 

exposures for transient early wheeze (1.63 [95% 1.06 – 2.52]), while girls were more 

susceptible to age 6 PM2.5 exposures for persistent wheeze (1.62 [95% 1.02 – 2.58]) 

(Table 5-7). Children born to younger mothers were significantly more susceptible to age 

6 PM2.5 exposures for persistent wheeze (2.26 [95% CI 1.19 – 4.28]) (Error! Reference s

ource not found.). 

Increased exposure at birth to NO2 (1.33 [95% 0.96 – 1.84]) and air pollution 

mixtures (1.38 [95% 1.01 – 1.88]) were both risk factors for transient early wheeze 

(Table 5-5). Girls were significantly more likely to develop late-onset wheeze from 

increased age 6 NOx exposures (1.90 [95% 1.02 – 3.53]) (Table 5-7). Meanwhile, 

children born to younger mothers were more likely to develop transient early wheeze 

from increased birth NO2 (2.54 [95% 1.24 – 5.20]), NOx (2.84 [95% 1.21 – 6.66]), or air 
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pollution mixture (2.95 [95% 1.36 – 6.36]) exposures (Error! Reference source not f

ound.). There was no significant effect modification by moving between birth and age 6 

(Table 5-9). When comparing findings by daycare, there were so few subjects in 

phenotype groups who went to daycare (n=5), that the findings have limited usefulness 

(Error! Reference source not found.). In analyzing differences in susceptibility by r

ace/ethnicity, there were so few participants who identified as black race that some 

wheeze phenotypes had no participants. As a result, these analyses were not explored 

further. 

In sensitivity analyses in which both exposures were included in the same model, 

subjects exposed to high PM2.5 concentrations at both time points were more likely to 

develop transient early wheeze (1.81 [95% CI 1.05 – 3.13]) and persistent wheeze (1.70 

[95% CI 0.90 – 3.21]) (Table 5-11). These same relationships were found between total 

PM2.5 exposure and transient early wheeze (1.40 [95% CI 1.02 – 1.92]) and persistent 

wheeze (1.44 [95% CI 1.04 – 1.99]). Meanwhile, participants exposed to high levels of 

NOx at birth then low levels at age 6 had decreased odds of developing persistent wheeze 

(0.38 [95% CI 0.16 – 0.91]), however there were only 7 participants in this group. This 

relationship was not significant in the models that included the total NOx exposure and 

the difference between birth and age 6 NOx exposures. 
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Table 5-5. Crude and adjusted associations between air pollution exposures at birth and at age 6 and preschool wheezing phenotypes. 

  Crude  Adjusted* 

  
Trans. Early 

(n=133) 
OR (95%CI) 

Late-Onset 
(n=95) 

OR (95%CI) 

Persistent 
(n=91) 

OR (95%CI) 

 Trans. Early 
(n=133) 

OR (95%CI) 

Late-Onset 
(n=95) 

OR (95%CI) 

Persistent 
(n=91) 

OR (95%CI) 

NO2 Birth 1.22 (0.91 - 1.64) 0.76 (0.54 - 1.08) 0.85 (0.60 - 1.20)  1.33 (0.96 - 1.84)  0.71 (0.48 - 1.04)  0.82 (0.56 - 1.21)  

Age 6 1.14 (0.87 - 1.50) 0.90 (0.66 - 1.23) 1.11 (0.81 - 1.51)  1.19 (0.89 - 1.59)  0.89 (0.63 - 1.26)  1.19 (0.84 - 1.67)  

NOx Birth 1.09 (0.81 - 1.46) 1.06 (0.76 - 1.48) 0.88 (0.63 - 1.23)  1.18 (0.85 - 1.65)  1.04 (0.71 - 1.52)  0.87 (0.59 - 1.28)  

Age 6 0.93 (0.68 - 1.26) 1.28 (0.90 - 1.83) 1.17 (0.82 - 1.68)  0.95 (0.68 - 1.31)  1.25 (0.85 - 1.83)  1.21 (0.82 - 1.78)  

PM2.5 Birth 1.34 (1.01 - 1.76) 1.05 (0.77 - 1.45) 1.28 (0.93 - 1.76)  1.34 (1.01 - 1.78)  1.02 (0.73 - 1.43)  1.26 (0.90 - 1.75)  

Age 6 1.00 (0.79 - 1.28) 1.16 (0.88 - 1.53) 1.31 (0.99 - 1.73)  1.02 (0.79 - 1.32)  1.14 (0.84 - 1.54)  1.39 (1.03 - 1.88)  

PM10 Birth 1.01 (0.75 - 1.37) 0.78 (0.55 - 1.10) 0.76 (0.54 - 1.08)  0.99 (0.72 - 1.37)  0.81 (0.56 - 1.18)  0.77 (0.53 - 1.12)  

Age 6 0.88 (0.62 - 1.25) 0.69 (0.47 - 1.02) 0.78 (0.52 - 1.16)  0.87 (0.61 - 1.25)  0.72 (0.47 - 1.09)  0.86 (0.57 - 1.31)  

Air 
Pollution 

Index 

Birth 1.24 (0.94 - 1.63) 0.92 (0.68 - 1.25) 0.94 (0.69 - 1.28)  1.38 (1.01 - 1.88)  0.86 (0.60 - 1.23)  0.92 (0.64 - 1.32)  

Age 6 1.04 (0.79 - 1.36) 1.11 (0.81 - 1.52) 1.25 (0.90 - 1.72)  1.07 (0.80 - 1.44)  1.09 (0.77 - 1.56)  1.37 (0.95 - 1.97)  

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. *Models are adjusted for atopy at age 6, race/ethnicity, and neighborhood housing quality at birth. 
Bold type indicates a significant relationship between exposure and the wheezing phenotype. 
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Table 5-6. Associations between air pollution exposures at birth and at age 6 and preschool wheezing phenotypes. 

   Trans. Early 
(n=133) 

 Late-Onset 
(n=95) 

 Persistent 
(n=91) 

   OR (95% CI) Trend 
P-value 

 OR (95% CI) Trend 
P-value 

 OR (95% CI) Trend 
P-value 

NO2 Birth Cont. 1.33 (0.96 - 1.84)     0.71 (0.48 - 1.04)     0.82 (0.56 - 1.21)    
Q2 0.87 (0.47 - 1.61)  0.07   0.76 (0.39 - 1.49)  0.15   0.74 (0.38 - 1.44)  0.16  
Q3 1.01 (0.56 - 1.83)     0.94 (0.49 - 1.79)     0.71 (0.36 - 1.38)    
Q4 1.67 (0.91 - 3.07)     0.49 (0.23 - 1.05)     0.59 (0.28 - 1.23)    

Age 6 Cont. 1.19 (0.89 - 1.59)     0.89 (0.63 - 1.26)     1.19 (0.84 - 1.67)    
Q2 1.08 (0.59 - 1.96)  0.21   1.12 (0.59 - 2.13)  0.43   1.22 (0.61 - 2.41)  0.42  
Q3 1.52 (0.85 - 2.72)     1.02 (0.52 - 2.00)     1.32 (0.66 - 2.64)    
Q4 1.34 (0.74 - 2.43)     0.75 (0.37 - 1.54)     1.33 (0.65 - 2.69)    

NOx Birth Cont. 1.18 (0.85 - 1.65)     1.04 (0.71 - 1.52)     0.87 (0.59 - 1.28)    
Q2 1.38 (0.78 - 2.46)  0.77   1.02 (0.52 - 2.03)  0.85   1.02 (0.54 - 1.95)  0.18  
Q3 1.02 (0.55 - 1.89)     0.96 (0.48 - 1.92)     0.66 (0.32 - 1.33)    
Q4 1.20 (0.64 - 2.26)     0.95 (0.46 - 1.94)     0.67 (0.32 - 1.38)    

Age 6 Cont. 0.95 (0.68 - 1.31)     1.25 (0.85 - 1.83)     1.21 (0.82 - 1.78)    
Q2 0.75 (0.43 - 1.32)  0.55   0.84 (0.41 - 1.69)  0.26   2.12 (1.04 - 4.33)  0.61  
Q3 0.75 (0.42 - 1.32)     0.93 (0.46 - 1.87)     1.85 (0.89 - 3.85)    
Q4 0.85 (0.48 - 1.51)     1.40 (0.72 - 2.74)     1.38 (0.63 - 3.03)    

PM2.5 Birth Cont. 1.34 (1.01 - 1.78)     1.02 (0.73 - 1.43)     1.26 (0.90 - 1.75)    
Q2 0.96 (0.52 - 1.75)  0.02  0.45 (0.22 - 0.93)  0.48   1.20 (0.60 - 2.42)  0.12  
Q3 1.38 (0.77 - 2.49)     0.86 (0.45 - 1.63)     1.49 (0.75 - 2.96)    
Q4 1.86 (1.04 - 3.35)     1.08 (0.57 - 2.06)     1.69 (0.83 - 3.43)    

Age 6 Cont. 1.02 (0.79 - 1.32)     1.14 (0.84 - 1.54)     1.39 (1.03 - 1.88)    
Q2 1.32 (0.75 - 2.34)  0.23   1.23 (0.62 - 2.43)  0.44   1.55 (0.77 - 3.12)  0.07 
Q3 1.00 (0.55 - 1.82)     1.16 (0.59 - 2.29)     1.46 (0.72 - 2.95)    
Q4 1.60 (0.89 - 2.90)     1.37 (0.68 - 2.76)     2.06 (1.01 - 4.21)    
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PM10 Birth Cont. 0.99 (0.72 - 1.37)     0.81 (0.56 - 1.18)     0.77 (0.53 - 1.12)    
Q2 0.95 (0.53 - 1.70)  0.97   0.64 (0.33 - 1.23)  0.17   0.44 (0.22 - 0.87)  0.16  
Q3 0.81 (0.44 - 1.46)     0.56 (0.29 - 1.08)     0.46 (0.24 - 0.90)    
Q4 1.06 (0.58 - 1.91)     0.64 (0.32 - 1.26)     0.62 (0.32 - 1.21)    

Age 6 Cont. 0.87 (0.61 - 1.25)     0.72 (0.47 - 1.09)     0.86 (0.57 - 1.31)    
Q2 0.65 (0.35 - 1.20)  0.90   1.49 (0.79 - 2.78)  0.10  1.55 (0.80 - 2.98)  0.31  
Q3 0.80 (0.46 - 1.42)     0.51 (0.24 - 1.08)     0.97 (0.48 - 1.95)    
Q4 0.91 (0.52 - 1.59)     0.74 (0.37 - 1.49)     0.78 (0.38 - 1.62)    

Air 
Pollution 

Index 

Birth Cont. 1.38 (1.01 - 1.88)     0.86 (0.60 - 1.23)     0.92 (0.64 - 1.32)    
Q2 1.66 (0.91 - 3.04)  0.06  0.92 (0.47 - 1.80)  0.40   0.66 (0.33 - 1.30)  0.58  
Q3 1.69 (0.90 - 3.18)     1.09 (0.56 - 2.11)     0.93 (0.48 - 1.79)    
Q4 1.94 (1.02 - 3.70)     0.65 (0.30 - 1.38)     0.73 (0.35 - 1.51)    

Age 6 Cont. 1.07 (0.80 - 1.44)     1.09 (0.77 - 1.56)     1.37 (0.95 - 1.97)    
Q2 1.59 (0.91 - 2.80)  0.62   0.91 (0.45 - 1.87)  0.25   1.33 (0.66 - 2.68)  0.26  
Q3 0.99 (0.54 - 1.82)     1.47 (0.75 - 2.85)     1.57 (0.80 - 3.10)    
Q4 1.40 (0.75 - 2.62)     1.31 (0.63 - 2.71)     1.46 (0.69 - 3.09)    

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval; Q2-4: quartile of exposure. Models are adjusted for atopy at age 6, race/ethnicity, 
and neighborhood housing quality at birth. Bold type indicates a significant relationship between exposure and the wheezing phenotype. 
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Table 5-7. Associations between air pollutant exposures (one IQR increase) and preschool wheezing phenotypes by gender.  

  Girls  Boys 

  
Never 

(n=187) 
OR (95%CI) 

Trans. Early 
(n=72) 

OR (95%CI) 

Late-Onset 
(n=40) 

OR (95%CI) 

Persistent 
(n=39) 

OR (95%CI) 

 Never 
(n=153) 

OR (95%CI) 

Trans. Early 
(n=61) 

OR (95%CI) 

Late-Onset 
(n=55) 

OR (95%CI) 

Persistent 
(n=52) 

OR (95%CI) 

NO2 Birth 1 1.52 (0.97 - 2.37) 0.70 (0.39 - 1.27) 0.61 (0.34 - 1.09)  1 1.13 (0.68 - 1.86) 0.67 (0.39 - 1.16) 1.00 (0.59 - 1.72) 

Age 6 1 1.42 (0.97 - 2.07) 1.00 (0.60 - 1.67) 1.11 (0.67 - 1.83)  1 0.95 (0.60 - 1.49) 0.74 (0.45 - 1.23) 1.18 (0.72 - 1.94) 

NOx Birth 1 1.57 (0.98 - 2.52) 1.36 (0.72 - 2.56) 0.90 (0.49 - 1.66)  1 0.87 (0.54 - 1.41) 0.83 (0.50 - 1.36) 0.79 (0.47 - 1.32) 

Age 6 1 1.03 (0.66 - 1.59) 1.90 (1.02 - 3.53)* 1.51 (0.83 - 2.73)  1 0.85 (0.52 - 1.38) 0.90 (0.54 - 1.51)* 0.98 (0.58 - 1.66) 

PM2.5 Birth 1 1.16 (0.79 - 1.69) 0.76 (0.46 - 1.26) 1.36 (0.83 - 2.21)  1 1.63 (1.06 - 2.52) 1.24 (0.78 - 1.99) 1.15 (0.71 - 1.85) 

Age 6 1 1.01 (0.71 - 1.46) 1.17 (0.73 - 1.86) 1.62 (1.02 - 2.58)  1 1.03 (0.71 - 1.50) 1.04 (0.70 - 1.55) 1.18 (0.78 - 1.77) 

PM10 Birth 1 1.15 (0.73 - 1.81) 0.63 (0.35 - 1.14) 0.52 (0.29 - 0.93)  1 0.84 (0.52 - 1.33) 0.94 (0.57 - 1.55) 1.01 (0.61 - 1.68) 

Age 6 1 1.22 (0.75 - 2.00) 0.71 (0.37 - 1.36) 0.64 (0.34 - 1.22)  1 0.60 (0.35 - 1.02) 0.64 (0.37 - 1.13) 0.99 (0.56 - 1.77) 

Air 
Pollution 

Index 

Birth 1 1.57 (1.03 - 2.41) 0.85 (0.48 - 1.48) 0.84 (0.49 - 1.43)  1 1.17 (0.74 - 1.87) 0.81 (0.50 - 1.32) 0.93 (0.57 - 1.54) 

Age 6 1 1.22 (0.81 - 1.82) 1.39 (0.79 - 2.46)* 1.54 (0.88 - 2.68)  1 0.92 (0.58 - 1.44) 0.85 (0.53 - 1.38)* 1.16 (0.70 - 1.92) 

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. Models are adjusted for atopy at age 6, race/ethnicity, and neighborhood housing quality at birth. Bold type indicates a significant 
relationship between exposure and the wheezing phenotype. *Interaction term p-value<0.05. 
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Table 5-8. Associations between air pollutant exposures (one IQR increase) and preschool wheezing phenotypes by maternal age.  

  Maternal Age <25 Years at Birth  Maternal Age >25 Years at Birth 

  
Never 
(n=46) 

OR (95%CI) 

Trans. Early 
(n=40) 

OR (95%CI) 

Late-Onset 
(n=31) 

OR (95%CI) 

Persistent 
(n=37) 

OR (95%CI) 

 Never 
(n=297) 

OR (95%CI) 

Trans. Early 
(n=93) 

OR (95%CI) 

Late-Onset 
(n=63) 

OR (95%CI) 

Persistent 
(n=53) 

OR (95%CI) 

NO2 Birth 1 2.54 (1.24 - 5.20)* 0.64 (0.28 - 1.43)  0.73 (0.34 - 1.57)   1 1.10 (0.76 - 1.61)*  0.76 (0.48 - 1.20)  0.89 (0.56 - 1.42)  

Age 6 1 1.48 (0.79 - 2.78)  1.04 (0.52 - 2.09)  1.26 (0.66 - 2.40)   1 1.11 (0.80 - 1.55)  0.87 (0.57 - 1.31)  1.15 (0.76 - 1.74)  

NOx Birth 1 2.84 (1.21 - 6.66)* 0.78 (0.36 - 1.66)  1.21 (0.57 - 2.58)   1 0.97 (0.66 - 1.42)* 1.18 (0.75 - 1.85)  0.79 (0.50 - 1.25)  

Age 6 1 1.02 (0.51 - 2.07)  1.48 (0.67 - 3.27)  1.53 (0.70 - 3.32)   1 0.92 (0.64 - 1.33)  1.18 (0.76 - 1.85)  1.13 (0.72 - 1.77)  

PM2.5 Birth 1 1.31 (0.68 - 2.52)  1.08 (0.51 - 2.30)  1.12 (0.56 - 2.24)   1 1.35 (0.99 - 1.85)  1.04 (0.71 - 1.53)  1.30 (0.88 - 1.90)  

Age 6 1 0.71 (0.38 - 1.33)  1.44 (0.75 - 2.79)  2.26 (1.19 - 4.28)*  1 1.10 (0.82 - 1.47)  1.13 (0.80 - 1.59)  1.18 (0.83 - 1.68)* 

PM10 Birth 1 1.69 (0.85 - 3.36)  0.79 (0.38 - 1.66)  0.73 (0.36 - 1.47)   1 0.84 (0.58 - 1.23)  0.88 (0.56 - 1.38)  0.82 (0.52 - 1.29)  

Age 6 1 0.57 (0.24 - 1.36)  0.41 (0.17 - 1.03)  0.66 (0.27 - 1.59)   1 0.93 (0.63 - 1.39)  0.86 (0.53 - 1.38)  0.92 (0.57 - 1.48)  

Air 
Pollution 

Index 

Birth 1 2.95 (1.36 - 6.36)* 0.75 (0.37 - 1.51) 0.97 (0.49 - 1.90)  1 1.16 (0.81 - 1.66)* 0.96 (0.62 - 1.47) 0.93 (0.60 - 1.43) 

Age 6 1 1.10 (0.57 - 2.15) 1.37 (0.66 - 2.82) 1.95 (0.92 - 4.17)  1 1.05 (0.75 - 1.47) 1.06 (0.70 - 1.61) 1.21 (0.79 - 1.86) 

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. Models are adjusted for atopy at age 6, race/ethnicity, and neighborhood housing quality at birth. Bold type indicates a significant 
relationship between exposure and the wheezing phenotype. *Interaction term p-value<0.05. 
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Table 5-9. Associations between air pollutant exposures (one IQR increase) and preschool wheezing phenotypes by moving between birth and age 6.  

  Moved between Birth and Age 6  Did Not Move between Birth and Age 6 

  
Never 

(n=224) 
OR (95%CI) 

Trans. Early 
(n=59) 

OR (95%CI) 

Late-Onset 
(n=31) 

OR (95%CI) 

Persistent 
(n=36) 

OR (95%CI) 

 Never 
(n=116) 

OR (95%CI) 

Trans. Early 
(n=74) 

OR (95%CI) 

Late-Onset 
(n=64) 

OR (95%CI) 

Persistent 
(n=55) 

OR (95%CI) 

NO2 Birth 1 1.28 (0.79 - 2.08) 0.80 (0.46 - 1.37) 0.75 (0.42 - 1.33)  1 1.32 (0.80 - 2.18) 0.55 (0.28 - 1.10) 0.93 (0.52 - 1.68) 

Age 6 1 1.10 (0.74 - 1.64) 1.16 (0.75 - 1.81) 1.35 (0.85 - 2.13)  1 1.23 (0.77 - 1.95) 0.52 (0.28 - 0.98) 0.92 (0.53 - 1.58) 

NOx Birth 1 1.07 (0.66 - 1.75) 1.05 (0.61 - 1.80) 0.80 (0.46 - 1.40)  1 1.15 (0.69 - 1.94) 1.16 (0.60 - 2.24) 0.94 (0.51 - 1.71) 

Age 6 1 0.76 (0.49 - 1.19) 1.57 (0.94 - 2.61) 1.53 (0.90 - 2.62)  1 1.19 (0.68 - 2.05) 1.12 (0.56 - 2.25) 1.01 (0.53 - 1.93) 

PM2.5 Birth 1 1.11 (0.75 - 1.65) 1.13 (0.73 - 1.74) 1.00 (0.64 - 1.58)  1 1.68 (1.10 - 2.58) 0.84 (0.50 - 1.43) 1.49 (0.91 - 2.45) 

Age 6 1 0.93 (0.67 - 1.28) 1.30 (0.90 - 1.88) 1.34 (0.91 - 1.96)  1 1.10 (0.72 - 1.68) 0.80 (0.48 - 1.33) 1.25 (0.76 - 2.05) 

PM10 Birth 1 0.93 (0.59 - 1.46) 0.81 (0.49 - 1.34) 0.99 (0.58 - 1.67)  1 1.16 (0.72 - 1.86) 0.75 (0.42 - 1.33) 0.60 (0.35 - 1.04) 

Age 6 1 0.89 (0.55 - 1.45) 1.01 (0.59 - 1.73) 1.01 (0.58 - 1.78)  1 0.82 (0.48 - 1.39) 0.39 (0.20 - 0.74) 0.58 (0.32 - 1.07) 

Air 
Pollution 

Index 

Birth 1 1.22 (0.77 - 1.93) 0.96 (0.58 - 1.58) 0.79 (0.47 - 1.33)  1 1.50 (0.92 - 2.45) 0.75 (0.41 - 1.38) 1.09 (0.62 - 1.92) 

Age 6 1 0.90 (0.61 - 1.34) 1.47 (0.92 - 2.35)* 1.60 (0.98 - 2.63)  1 1.26 (0.75 - 2.10) 0.67 (0.35 - 1.27)* 1.06 (0.58 - 1.94) 

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. Models are adjusted for atopy at age 6, race/ethnicity, and neighborhood housing quality at birth. Bold type indicates a significant 
relationship between exposure and the wheezing phenotype. *Interaction term p-value<0.05. 
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Table 5-10. Associations between air pollutant exposures (one IQR increase) and preschool wheezing phenotypes by attending daycare in the first 6 months.  

  Daycare in First 6 Months  No Daycare in First 6 Months 

  
Never 
(n=19) 

OR (95%CI) 

Trans. Early 
(n=16) 

OR (95%CI) 

Late-Onset 
(n=5) 

OR (95%CI) 

Persistent 
(n=5) 

OR (95%CI) 

 Never 
(n=312) 

OR (95%CI) 

Trans. Early 
(n=107) 

OR (95%CI) 

Late-Onset 
(n=85) 

OR (95%CI) 

Persistent 
(n=79) 

OR (95%CI) 

NO2 Birth 1 1.22 (0.31 - 4.73)  0.40 (0.04 - 3.55)  0.24 (0.00 - 12.6)   1 1.15 (0.75 - 1.77)  0.63 (0.39 - 1.01)  0.71 (0.44 - 1.14)  

Age 6 1 0.50 (0.15 - 1.65)  2.10 (0.23 - 18.8)  1.04 (0.11 - 9.76)   1 1.01 (0.68 - 1.52)  0.87 (0.56 - 1.34)  0.95 (0.61 - 1.48)  

NOx Birth 1 0.71 (0.23 - 2.23)  0.38 (0.05 - 2.75)  1.02 (0.19 - 5.45)   1 1.00 (0.71 - 1.40)  1.19 (0.82 - 1.73)  0.99 (0.67 - 1.46)  

Age 6 1 0.50 (0.15 - 1.59)  30.8 (0.61 - 1552)  1.11 (0.21 - 5.99)   1 0.96 (0.68 - 1.37)  1.28 (0.86 - 1.91)  1.25 (0.83 - 1.90)  

PM2.5 Birth 1 0.77 (0.13 - 4.71)  1.36 (0.03 - 62.7)  0.09 (0.00 - 12.6)   1 1.63 (1.10 - 2.41)  1.15 (0.75 - 1.76)  1.82 (1.15 - 2.87)  

Age 6 1 0.51 (0.16 - 1.61)  1.62 (0.07 - 36.7)  1.56 (0.24 - 10.3)   1 1.15 (0.79 - 1.67)  1.26 (0.84 - 1.90)  1.41 (0.92 - 2.16)  

PM10 Birth 1 1.64 (0.37 - 7.33)  0.09 (0.01 - 1.26)  0.05 (0.00 - 0.91)   1 1.04 (0.70 - 1.54)  0.80 (0.53 - 1.22)  0.71 (0.47 - 1.09)  

Age 6 1 0.47 (0.10 - 2.12)  0.62 (0.05 - 7.19)  1.36 (0.14 – 13.0)   1 0.83 (0.53 - 1.30)  0.73 (0.45 - 1.17)  0.55 (0.34 - 0.90)  

Air 
Pollution 

Index 

Birth 1 0.28 (0.03 - 2.24)  0.41 (0.02 - 10.84)  0.00 (0.00 - 589)   1 1.25 (0.84 - 1.87)  0.96 (0.62 - 1.48)  0.93 (0.59 - 1.46)  

Age 6 1 0.24 (0.05 - 1.30)  4.27 (0.01 - 3128)  1.93 (0.11 - 33.9)   1 1.10 (0.74 - 1.63)  1.26 (0.82 - 1.96)  1.14 (0.72 - 1.79)  

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. Models are adjusted for atopy at age 6, race/ethnicity, and neighborhood housing quality at birth. Bold type indicates a significant 
relationship between exposure and the wheezing phenotype. 
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Table 5-11. Adjusted odds ratios for relationships between air pollutant exposures at birth and age 6 and preschool 
wheezing phenotypes. 

  Trans. Early 
(n=133)  Late-Onset 

(n=95)  Persistent 
(n=91) 

 Birth/Age 6 
Exposure n OR (95%CI)  n OR (95%CI)  n OR (95%CI) 

NO2 Low/Low 41 1  40 1  38 1 

Low/High 20 1.71 (0.86 - 3.40)   15 1.24 (0.58 - 2.65)   15 1.35 (0.64 - 2.88)  

High/Low 17 1.73 (0.87 - 3.46)   11 1.08 (0.48 - 2.42)   5 0.51 (0.18 - 1.42)  

High/High 55 1.44 (0.88 - 2.36)   29 0.75 (0.42 - 1.32)   33 0.92 (0.52 - 1.60)  

NOx Low/Low 50 1  28 1  41 1 

Low/High 13 1.22 (0.58 - 2.58)   13 2.16 (0.97 - 4.79)   11 1.04 (0.45 - 2.39)  

High/Low 26 1.11 (0.59 - 2.08)   14 0.95 (0.44 - 2.06)   7 0.32 (0.13 - 0.79)  

High/High 44 0.92 (0.55 - 1.55)   40 1.13 (0.62 - 2.09)   32 0.65 (0.36 - 1.18)  

PM2.5 Low/Low 46 1  32 1  27 1 

Low/High 11 1.18 (0.69 - 2.01)   13 1.20 (0.65 - 2.21)   9 1.22 (0.66 - 2.26)  

High/Low 23 1.87 (0.81 - 4.36)   15 1.41 (0.53 - 3.71)   18 0.57 (0.15 - 2.11)  

High/High 53 1.81 (1.05 - 3.13)   35 1.32 (0.69 - 2.54)   37 1.70 (0.90 - 3.21)  

PM10 Low/Low 35 1  36 1  38 1 

Low/High 42 1.02 (0.60 - 1.75)   24 0.64 (0.34 - 1.19)   29 0.98 (0.53 - 1.84)  

High/Low 17 0.82 (0.39 - 1.70)   15 0.78 (0.35 - 1.71)   14 1.06 (0.48 - 2.32)  

High/High 39 0.96 (0.56 - 1.65)   20 0.59 (0.31 - 1.11)   20 0.77 (0.40 - 1.48)  

Air 
Pollution 

Index 

Low/Low 49 1  33 1  31 1 

Low/High 13 0.49 (0.23 - 1.05)   17 1.58 (0.79 - 3.19)   17 1.50 (0.75 - 3.03)  

High/Low 20 1.17 (0.60 - 2.27)   10 0.74 (0.30 - 1.81)   9 0.87 (0.37 - 2.06)  

High/High 51 1.11 (0.68 - 1.84)   35 1.27 (0.70 - 2.31)   34 1.19 (0.65 - 2.18)  

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. Models are adjusted for atopy at age 6, race/ethnicity, and 
neighborhood housing quality at birth. Bold type indicates a significant relationship between exposure and the 
wheezing phenotype. 

 

5.4 Discussion 
When I analyzed the relationships between air pollution exposures at birth and 

age 6 and preschool wheezing phenotypes for 659 TCRS participants, I found that birth 

and age 6 PM2.5 exposures increased risk for transient early and persistent wheeze. In 
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addition, girls and children born to younger mothers were significantly more susceptible 

to different pollutant exposures at birth and age 6. There was no significant effect 

modification by moving status, indicating results are not due to exposure 

misclassification. 

Increased PM2.5 exposure at birth was associated with persistent wheezing in 

single and both exposure time points models, with nearly double the odds for those in the 

highest quartile at birth. This risk is substantially greater than that shown by Gehring et 

al. and Brauer et al., who found little to no association with exposures in the same range 

(Gehring et al. 2010; Brauer et al. 2007). Meanwhile, Caudri et al. also found similar 

effect sizes of birth exposures and transient early and persistent wheezing for exposures 

where the average is nearly double that of TCRS participants (Caudri et al. 2013). While 

aridity may increase the effect of birth PM2.5 exposure on wheezing outcomes, another 

explanation may be differences in PM2.5 composition and resulting toxicology between 

the fleets of Europe and the US. My study results were most similar to those found when 

modeling traffic-related air pollution exposures at varying intervals from birth through 

age 7 years (Brunst et al. 2015), in a high-risk cohort (at least one atopic parent) in 

Cincinnati, OH. In their analysis, Brunst et al. found that exposure at varying intervals 

from birth to age 4 was significantly related to persistent and transient early wheezing, 

but not past this age. In my study, I found the same relationships between birth exposures 

and persistent and transient early wheeze, in addition to age 6 exposures. Additionally, 

these other studies had only modeled a single exposure point at once, whereas I included 

both in the same model to ultimately find that those exposed to high levels throughout 

this time are at greatest risk. As a result, I believe that neither birth nor age 6 can be 

deemed more influential than the other when assessing PM2.5 exposure. 

In my analysis, NO2 exposures at birth were related to transient early wheeze, as 

other studies have shown at similar ranges of exposure (Mölter et al. 2014). Where 

Gehring et al. found birth exposure to be associated with transient early and persistent 

wheezing (Gehring et al. 2010), Brauer and others found NO2 exposure at birth to only be 

associated with transient early wheezing (Brauer et al. 2007). Interestingly, I found that 

children born to younger mothers were far more susceptible to NO2 birth exposures for 

transient early wheeze. In another study with the TCRS cohort, Beamer and colleagues 
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found very similar results with wheezing phenotypes, albeit with a different exposure: 

diesel-traffic related air pollution (Beamer, Lothrop, Stern, et al. 2015). As she suggests, 

this may be related to some biological difference in younger mothers, or it could in part 

be from an unknown socio-economic variable not accounted for in the data. Not 

surprisingly, this same effect modification by maternal age is also shown for NOx (of 

which NO2 is a subcomponent) and the air pollution mixture (which is partially formed 

from these pollutants).  

Further, I found that girls who had high NOx exposures at age 6 were more likely 

to develop late-onset wheezing than boys. In another study, Nordling et al. found that 

girls were more susceptible to NOx exposures at birth than boys for developing persistent 

wheeze by age 4 (Nordling et al. 2008). Meanwhile, Ranciere et al. found that NOx 

exposures in early life were related to persistent wheezing by at age 4, with boys being 

more susceptible than girls (Ranciere et al. 2017). Previous investigations of 

susceptibility to air pollution while in utero have found that there are differences in 

susceptibility windows by gender due to different development rates (Hsu et al. 2015). 

The findings of Ranciere may be partially explained by cohort exposures being nearly 10 

times those of TCRS participants in my study. As such, this might suggest there is a 

threshold of NOx exposure at birth, rather than concurrent exacerbations or increased risk 

of wheezing.  

In conclusion, I found that low-level PM2.5 exposures at birth and age 6 were 

significantly related to transient early and persistent wheezing, even when accounting for 

both exposures in the same model. By effectively investigating both pollutants together in 

one model, I was able to estimate the effect of the total exposure, but also relative 

importance of different exposure time points. While NO2 and NOx had limited 

associations overall, children born to younger mothers were substantially more 

susceptible to NO2 and NOx exposures at birth for transient early wheezing, and girls 

were more likely to develop late-onset wheeze from NOx exposures at age 6. Future 

studies may better be able to elucidate importance of exposure windows by also including 

prenatal exposures, which can have long lasting impacts that may help explain 

susceptibly differences among gender subgroups (Hsu et al. 2015) or perhaps those born 

to younger mothers. Additionally, the inclusion of social stress or support data may help 
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explain social dynamics that could make children of younger mothers more susceptible. 

In accounting for these additional exposures, future studies may be able to more fully 

elucidate just which exposure points are most important, to which subgroup, and why. 
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6 Assessing the Relationship between Early-Life Air Pollution 

Exposures and Wheezing Frequency into Adulthood 

6.1 Introduction 
While studies have shown relationships between relatively low concentrations of 

concurrent ambient air pollution exposure and wheezing outcomes from birth through 

adolescence (Gehring et al. 2015), I am unaware of any studies of wheezing outcomes 

from birth through adulthood, with specific focus on exposures during alveolar formation 

from birth through ages 6-8 years (Burri 1984). Given the potential for life-long impacts 

of respiratory illnesses that may result from exposures during this time period alone, it is 

important to investigate the potential relationship between air pollution exposures and 

these outcomes in adult life. 

 

6.2 Methods 

6.2.1 Air Pollution Exposures 

Like in the analysis in Chapter 5, annual mean pollutant exposures at birth and 

age 6 addresses were modeled for TCRS participants using LUR models developed from 

NO2, PM2.5, and PM10 (PCWS) and NOx (TAPS) measurements, as discussed in Chapters 

3 and 4. For each pollutant, if any predicted exposure values for TCRS participants were 

< 0, I added the absolute minimum predicted concentration to all predicted concentrations 

of TCRS subjects. In doing so, I scaled the distribution of predicted pollutant exposures 

so that all were > 0, yet had the same relative difference between one another. 

  

6.2.2 Creating Indices of Traffic-Related Air Pollution Exposure 

As done for participants in the analysis in Chapter 5, to investigate the relationship 

of exposure to traffic pollutant mixtures, I used principal components analysis (PCA) to 

create unitless indices of increased traffic-related air pollution exposure from modeled 

exposures of NO2, NOx, and PM2.5 from the first component values at birth and at age 6 

(Beamer, Lothrop, Zhenqiang, et al. 2015; Lothrop et al. 2017). PCA is a method for 

reducing large datasets so that the loading of each variable illustrates the correlation 

between the variable and the component (Kemsley 1996). Distinct linear relationships 
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among variables are found (components), and each specific component is uncorrelated 

with the others. The component that explains the most variance among variables in the 

most ‘principal’ or the first component. PM10 exposures were not included because 

sources of these pollutants in our study area are expected to be mainly naturally-

occurring windblown dust and pollen and generally not from traffic (Pima County 

Department of Environmental Quality 2016). 

 

6.2.3 Covariates and Effect Modifiers 

As done in Chapter 5, I chose the same covariates a priori from the air pollution 

and wheezing literature to assess for confounding. In this analysis, I also assessed 

concurrent active smoking, weight, height, and body mass index for confounding. To 

investigate differences in susceptibility to air pollution exposures as identified in other 

studies, I conducted stratified analyses by gender (Ranciere et al. 2017; Nordling et al. 

2008), maternal age (Martinez et al. 1992; Beamer, Lothrop, Stern, et al. 2015), and 

race/ethnicity (Gold and Wright 2005; Beamer et al. 2019). To determine if effects seen 

in adjusted models were influenced by misclassification of home address exposures 

introduced by moving between birth and age 6 or by attending daycare after birth, I 

conducted stratified analyses by moving between birth and age 6 and by daycare status 

within 6 months after birth. 

 

6.2.4 Statistical Analysis 

I estimated the relationship between predicted air pollution exposures in early life 

and wheeze frequency (i.e., no wheeze, infrequent wheeze (1-3 wheeze episodes), or 

frequent wheeze (>3 wheeze episodes) in the past year (Morgan et al. 2005)) assessed 

with a questionnaire at ages 8, 11, 13, 16, 18, 22, 24, 26, 29, and 32 years. This survey 

was completed by the parent from ages 8-16 years and by the participant themselves from 

age 18 and later. I used ordinal logistic regression to obtain a robust variance estimate 

clustered by participant to account for non-independence of measures taken over time. To 

assess the relative importance of different windows of pollution exposure on wheezing 

frequency, I compared pollutant effect sizes between birth exposures and age 6 

exposures. First, I assessed the relationship of only the air pollution exposure of interest 
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at a specific time point, for example NO2 exposure at birth (i.e., an unadjusted model). 

Next, I adjusted this model for any confounding covariates (i.e., the adjusted model). A 

covariate was deemed a confounder if it: 1) was independently associated with the 

outcome (p<0.05) (Tse et al. 2016) and 2) changed the pollutant regression odds ratio 

(OR) by >5% (Brunst et al. 2015; Beamer et al. 2019). To ensure participants with air 

pollution and wheezing phenotype outcome data were included, I coded missing 

categories if categorical predictors had missing information, and compared regression 

results with and without the missing category. 
I investigated differences in susceptibility among subgroups as identified in 

previous studies, as well as for exposure misclassification introduced by moving or 

daycare attendance, using interaction p-values on both crude and adjusted models. 

Results for regression models are shown as an odds ratio (OR) for an interquartile range 

increase in annual mean pollutant exposure. Only TCRS subjects with at least one 

wheezing frequency measure, air pollution exposures at birth and age 6, covariates, and 

effect modifiers were included. Statistical significance was defined as an alpha<0.05. All 

analyses were conducted using Stata/SE v 15.1 (StataCorp, College Station, TX, USA). 

 

6.2.5 Sensitivity Analysis 

In a sensitivity analysis to identify the risk of poorly controlled asthma, I stratified 

wheezing frequency by MD-diagnosed asthma. If a participant was diagnosed, then their 

diagnosed was carried with them through life. I analyzed relationships between air 

pollution exposures and active MD-diagnosed asthma with no wheezing or active MD-

diagnosed asthma as the reference. I also examined the relationship between birth and age 

6 exposures and the time to any MD-diagnosed asthma using a Cox proportional hazards 

model. 

 

6.3 Results 

6.3.1 Wheezing Frequency and Active MD-Diagnosed Asthma from Age 8-32 Years 

Among the 1,246 participants enrolled at birth in TCRS, 923 participants had 

wheezing frequency data at least once from ages 8-32. Of those 923 subjects, 726 were 

included in this analysis, as they had addresses at both enrollment and age 6 (in order to 
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do air pollution estimates) (Figure 6-1). The remaining 197 children with at least one 

wheezing frequency measure were missing the birth and/or age 6 address and were 

excluded from this analysis.  

 

 
Figure 6-1. Participant inclusion flowchart for analysis of air 
pollution exposures and wheezing frequency into adulthood.  

 

Of the 726 subjects included, proportions of wheezing frequency were not 

significantly different compared to those who were excluded (Chi-Square goodness of fit 

tests) (Table 6-1). Over time, the share of non-wheezers steadily decreased, with the 

largest percent drop between ages 16 to 18 years, while at the same time, the share of 

infrequent wheezers increased. The proportions of frequent wheezers have been relatively 

stable over time, showing a slight increase over the life course. 
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Table 6-1. Proportions of wheezing frequency at each age by residence in study area in early life. 

 
Address in Study Area at Birth and 

Age 6 
 (n=726) 

 
No Address in Study Area at Birth 

and/or Age 6 
 (n=197) 

 

 Wheeze Frequency in Past Year 
n (%)  Wheeze Frequency in Past Year 

N (%)  

Age (years) None Infreq. (1-3) Freq. (>3)  None Infreq. (1-3) Freq. (>3) P-value 

8 434 (73%) 115 (19%) 45 (8%)  137 (80%) 27 (16%) 8 (5%) 0.29 

11 511 (74%) 118 (17%) 66 (9%)  135 (73%) 35 (19%) 14 (8%) 0.95 

13 386 (75%) 88 (17%) 43 (8%)  96 (73%) 22 (17%) 13 (10%) 0.99 

16 404 (73%) 106 (19%) 46 (8%)  107 (78%) 27 (20%) 4 (3%) 0.10 

18 319 (62%) 137 (26%) 62 (12%)  80 (62%) 36 (28%) 13 (10%) 0.85 

22 329 (61%) 152 (28%) 58 (11%)  86 (62%) 40 (29%) 12 (9%) 0.85 

24 265 (59%) 115 (26%) 70 (16%)  83 (65%) 25 (20%) 20 (16%) 0.58 

26 297 (60%) 144 (29%) 55 (11%)  78 (64%) 29 (24%) 14 (12%) 0.16 

29 243 (63%) 99 (26%) 41 (11%)  64 (63%) 24 (24%) 13 (13%) 0.90 

32 289 (66%) 106 (24%) 45 (10%)  76 (63%) 30 (25%) 14 (12%) 0.87 

Notes: Comparisons of proportions of wheezing frequencies between groups tested using Chi-Square goodness of 
fit test. 
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6.3.2 Indices of Traffic-Related Air Pollution Exposure 

I used PCA to create indices of traffic-related air pollution exposures with 

predicted NO2, NOx, and PM2.5 exposures at birth and age 6 time points for the 726 

participants with outcome data and birth and age 6 addresses. The percent of variance 

explained and the loading coefficients were the same as those used in the wheezing 

phenotype analyses. For the traffic-related air pollution index for birth, the first principal 

component explained 61% of the variance of the pollutants. The loading coefficients 

were 0.65 for NO2, 0.61 for NOx, and 0.45 for PM2.5. For age 6 exposures, 62% of the 

variance was explained by the first component, with loading coefficients the same as 

birth.  

Indices were also created in the same way but using participants with complete 

address data but no wheezing frequency data (n=34). These indices each explained 61% 

of the variance. The birth index had the same coefficient loadings as the PCA for 

included participants (0.65 for NO2, 0.61 for NOx, and 0.45 for PM2.5), while the age 6 

index coefficient loadings were slightly different (0.45 for NO2, 0.68 for NOx, and 0.58 

for PM2.5). 

 

6.3.3 Pollutant Exposures, Covariates, and Effect Modifiers 

Participants with both birth and age 6 address and wheeze frequency data (n=726) 

had significantly different exposures compared to those who had address data and no 

wheeze frequency data (n=34) (two sample t-tests) (Table 6-2). Subjects included had 

significantly lower exposures for NOx, PM2.5, and PM10 at age 6. Over time, those 

included had their pollutant exposures slightly decrease or stay the same, while those 

excluded experienced an increase or no change. 
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Table 6-2. Pollutant exposure levels for participants with birth and age 6 addresses 
by wheezing phenotype data. 

 
Wheezing Frequency 

Data 
(n=726) 

No Wheezing 
Frequency Data 

(n=34) 
 

Pollutant Exposure GM (GSD); Range GM (GSD); Range P-value 

NO2 at birth (ppb) 19.0 (1.16); 12.7-26.2 18.0 (1.16); 12.7-24.3 0.05 

NO2 at age 6 (ppb) 19.0 (1.17); 12.7-30.9 19.3 (1.19); 12.7-25.0 0.59 

NOx at birth (ppb) 9.69 (1.42); 0.80-19.4 10.0 (1.41); 3.76-16.9 0.59 

NOx at age 6 (ppb) 8.47 (1.53); 0.43-19.1 10.0 (1.47); 2.05-17.1 0.02 

PM2.5 at birth (µg/m3) 13.1 (1.63); 0.64-39.5 14.5 (1.48); 5.82-25.9 0.17 

PM2.5 at age 6 (µg/m3) 13.0 (2.61); 0.12-40.6 18.7 (1.34); 8.72-27.7 <0.0001 

PM10 at birth (µg/m3) 16.3 (2.03); 0.44-42.8 13.0 (1.98); 1.76-28.4 0.06 

PM10 at age 6 (µg/m3) 13.9 (3.71); 0.05-46.4 20.2 (1.88); 4.73-36.5 0.003 

Notes: GM: geometric mean; GSD: geometric standard deviation; p-values are from 
two sample t-tests. 

 
 

Subjects that were included in the analysis were significantly more likely to have an 

atopy test result at age 6 (10% vs. 79% missing) (Table 6-3Error! Reference source not 

found.). The mothers of included participants were more likely to be >26 years and were 

far less likely to move between birth and age 6 (55% vs. 88% moved). 
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Table 6-3. Characteristics of participants included and not included in the analysis.  

 Included  Not Included  

  n (%) n (%) P-value 

Atopy at age 6 No 404 (56%) 68 (13%) <0.001 

Yes 249 (34%) 41 (8%) 

Missing 73 (10%) 411 (79%) 

Neighborhood housing 
quality at birth 

Above Average 265 (37%) 135 (33%) 0.33 

Average 225 (31%) 131 (32%) 

Below Average 233 (32%) 148 (36%) 

Race/ethnicity White Non-Hispanic 468 (64%) 353 (68%) 0.27 

Any Hispanic  196 (27%) 124 (24%) 

Any Black  24 (3%) 23 (4%) 

Other/Missing 38 (5%) 20 (4%) 

Gender Male 349 (48%) 264 (51%) 0.38 

Female 377 (52%) 256 (49%) 

Maternal age at birth 
(years) 

<20 27 (4%) 36 (7%) <0.001 

20-25 140 (19%) 152 (29%) 

26-30 304 (42%) 185 (36%) 

>30 255 (35%) 147 (28%) 

Attending daycare within 
6 months of birth 

No 652 (93%) 271 (93%) 0.99 

Yes 50 (7%) 20 (7%) 

Moved between birth and 
age 6 

Did Not Move 325 (45%) 13 (12%) <0.001 

Moved 401 (55%) 91 (88%) 

Note: P-values are from Pearson Chi-Square tests. 
 

Among study participants, those living in neighborhoods with below average housing 

quality at birth had significantly higher exposures to all pollutants at both birth and age 6 

(Table B-6, Table B-7, Table B-8, Table B-9, and Table B-10). In addition, those who 

moved between birth and age 6 had significantly higher PM2.5 and PM10 exposures at 

both time points (Table B-8 and Table B-9). Aside from these, there were limited 

statistically significant differences in pollution exposures by participant characteristics.  
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6.3.4 Relationships between Air Pollution Exposures and Wheezing Frequency into 

Adulthood 

There was little to no change in the relationships between crude and adjusted 

models, which included include atopy, race/ethnicity, neighborhood housing quality at 

birth, and concurrent smoking (Table 6-4). In adjusted models over all ages, there were 

no significant relationships, while for models completed for each age (Table B-11), the 

only significant relationships were for NOx exposure at age 6 for wheezing frequency at 

age 24 (1.35 [95% CI 1.05 – 1.73]) and air pollution mixture exposure at birth for 

wheezing frequency at age 11 (1.15 [95% CI 1.00 – 1.54]). There were no obvious 

patterns among pollutants in models for each age. 

 

Table 6-4. Crude and adjusted associations between air pollution exposures at 
birth and at age 6 and increased wheezing frequency. 

  Crude 
OR (95%CI) 

Adjusted* 
OR (95%CI) 

NO2 Birth 1.10 (0.94 - 1.27) 1.04 (0.87 - 1.23) 

Age 6 1.06 (0.92 - 1.21) 1.01 (0.86 - 1.18) 

NOx Birth 1.09 (0.94 - 1.27) 1.03 (0.87 - 1.20) 

Age 6 1.01 (0.87 - 1.19) 0.96 (0.81 - 1.14) 

PM2.5 Birth 1.00 (0.87 - 1.15) 0.99 (0.85 - 1.14) 

Age 6 1.07 (0.94 - 1.23) 1.05 (0.91 - 1.20) 

PM10 Birth 0.99 (0.85 - 1.15) 1.00 (0.85 - 1.18) 

Age 6 0.93 (0.78 - 1.12) 0.89 (0.74 - 1.08) 

Air 
Pollution 

Index 

Birth 1.08 (0.95 - 1.24) 1.02 (0.88 - 1.19) 

Age 6 1.06 (0.93 - 1.21) 1.01 (0.86 - 1.17) 

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. *Models are adjusted 
for atopy at age 6, race/ethnicity, neighborhood housing quality at birth, and 
concurrent smoking. Bold type indicates a significant relationship between 
exposure and wheezing frequency. 

 

When investigating both exposures in the same model, participants exposed to high NO2 

concentrations at birth and low concentrations at age 6 were significantly more likely to 

wheeze into adulthood (1.52 [95% CI 1.00 – 2.30]) (Table 6-5). I found a similar 
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relationship with air pollution mixture (1.61 [95% CI 1.07 – 2.41]). Meanwhile, those 

exposed to low concentrations of PM2.5 at birth and high concentrations at age 6 had 

increased wheezing frequency (1.32 [95% CI 1.01 – 1.74]). However, when modeling 

both the total exposure for both exposure points and the difference between the time 

points together, there no significant relationships for any pollutants. 
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Table 6-5. Adjusted odds ratios for relationships between 
air pollutant exposures at birth and age 6 and preschool 
wheezing phenotypes. 

 Birth/Age 6 
Exposure OR (95%CI) 

NO2 Low/Low 1 

Low/High 1.02 (0.70 - 1.49) 

High/Low 1.52 (1.00 - 2.30) 

High/High 1.20 (0.93 - 1.55) 

NOx Low/Low 1 

Low/High 0.75 (0.51 - 1.09) 

High/Low 1.06 (0.72 - 1.56) 

High/High 0.83 (0.63 - 1.09) 

PM2.5 Low/Low 1 

Low/High 1.32 (1.01 - 1.74) 

High/Low 1.16 (0.70 - 1.93) 

High/High 1.19 (0.87 - 1.63) 

PM10 Low/Low 1 

Low/High 0.94 (0.70 - 0.26) 

High/Low 0.90 (0.61 - 1.29) 

High/High 0.98 (0.72 - 1.33) 

Air Pollution Index Low/Low 1 

Low/High 1.09 (0.77 - 1.54) 

High/Low 1.61 (1.07 - 2.41) 

High/High 1.25 (0.96 - 1.63) 

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. 
Models are adjusted for atopy at age 6, race/ethnicity, and 
neighborhood housing quality at birth. Bold type indicates a 
significant relationship between exposure and the wheezing 
phenotype. 

 

Girls were more susceptible to PM2.5 exposure (1.16 [95% CI 0.95 – 1.42]) and air 

pollution mixture exposure at age 6  (1.16 [95% CI 0.94 – 1.44]), while boys were for 

PM10 exposure at birth (1.18 [95% CI 0.96 – 1.47]) (Table 6-6).  
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Table 6-6. Associations between air pollutant exposures (one IQR 
increase) and increased wheezing frequency into adulthood by 
gender. 

  Girls 
OR (95%CI) 

Boys 
OR (95%CI) 

NO2 Birth 1.08 (0.85 - 1.38) 0.99 (0.78 - 1.24) 

Age 6 1.09 (0.87 - 1.37) 0.89 (0.70 - 1.12) 

NOx Birth 1.13 (0.91 - 1.41) 0.93 (0.74 - 1.17) 

Age 6 1.11 (0.87 - 1.42) 0.82 (0.65 - 1.03) 

PM2.5 Birth 1.03 (0.84 - 1.25) 0.94 (0.77 - 1.15) 

Age 6 1.16 (0.95 - 1.42) 0.93 (0.77 - 1.12) 

PM10 Birth 0.85 (0.66 - 1.08) 1.18 (0.96 - 1.47) 

Age 6 0.94 (0.72 - 1.22) 0.84 (0.64 - 1.09) 

Air 
Pollution 

Index 

Birth 1.11 (0.89 - 1.38) 0.94 (0.77 - 1.15) 

Age 6 1.16 (0.94 - 1.44) 0.84 (0.67 - 1.04) 

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. Models 
are adjusted for atopy at age 6, race/ethnicity, neighborhood 
housing quality at birth, and concurrent smoking. 

 

For those born to younger mothers, they were more likely to have increased wheezing 

from NOx (1.29 [95% CI 0.93 – 1.79]), PM2.5 (1.22 [95% CI 0.90 – 1.67]),  and air 

pollution mixture (1.24 [95% CI 0.93 – 1.65]) exposures at birth (Table 6-7). 
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Table 6-7. Associations between air pollutant exposures (one IQR 
increase) and increased wheezing frequency into adulthood by 
maternal age. 

  
Maternal Age <25 

Years at Birth 
OR (95%CI) 

Maternal Age >25 
Years at Birth  

OR (95%CI) 

NO2 Birth 1.14 (0.82 - 1.58) 1.04 (0.85 - 1.26) 

Age 6 1.10 (0.76 - 1.57) 0.98 (0.82 - 1.17) 

NOx Birth 1.29 (0.93 - 1.79) 0.99 (0.82 - 1.19) 

Age 6 0.94 (0.66 - 1.33) 0.97 (0.80 - 1.17) 

PM2.5 Birth 1.22 (0.90 - 1.67) 0.97 (0.82 - 1.15) 

Age 6 1.09 (0.82 - 1.45) 1.03 (0.88 - 1.21) 

PM10 Birth 0.99 (0.74 - 1.33) 1.04 (0.86 - 1.27) 

Age 6 0.80 (0.53 - 1.19) 0.93 (0.75 - 1.14) 

Air 
Pollution 

Index 

Birth 1.24 (0.93 - 1.65) 1.00 (0.84 - 1.20) 

Age 6 1.06 (0.76 - 1.46) 0.99 (0.83 - 1.17) 

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. Models 
are adjusted for atopy at age 6, race/ethnicity, neighborhood 
housing quality at birth, and concurrent smoking. 

 

There were no significant differences in susceptibility by moving (Table 6-8). In 

comparing those who attended daycare in the first 6 months of life, there were often no 

participants who attended daycare and had a wheezing frequency measure. For this 

reason, I did not investigate differences between daycare groups further. No effect 

modification was significant by these groups. 
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Table 6-8. Associations between air pollutant exposures (one IQR 
increase) and increased wheezing frequency into adulthood by 
moving between birth and age 6. 

  
Moved between 
Birth and Age 6 

OR (95%CI) 

Did Not Move 
between Birth 

and Age 6  
OR (95%CI) 

NO2 Birth 1.10 (0.83 - 1.37) 1.06 (0.77 - 1.46) 

Age 6 1.20 (0.90 - 1.39) 0.91 (0.72 - 1.16) 

NOx Birth 1.04 (0.81 - 1.33) 1.07 (0.81 - 1.42) 

Age 6 1.02 (0.81 - 1.28) 1.00 (0.76 - 1.31) 

PM2.5 Birth 1.01 (0.87 - 1.22) 0.94 (0.73 - 1.21) 

Age 6 1.12 (0.94 - 1.32) 0.97 (0.77 - 1.22) 

PM10 Birth 1.13 (0.90 - 1.41) 0.89 (0.67 - 1.18) 

Age 6 0.96 (0.75 - 1.24) 0.81 (0.62 - 1.06) 

Air 
Pollution 

Index 

Birth 1.01 (0.81 - 1.26) 1.04 (0.79 - 1.37) 

Age 6 1.12 (0.91 - 1.37) 0.94 (0.73 - 1.21) 

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. Models 
are adjusted for atopy at age 6, race/ethnicity, neighborhood 
housing quality at birth, and concurrent smoking. 

 

 In the sensitivity analysis stratifying by MD-diagnosed asthma, children with 

MD-diagnosed asthma were more likely to have increasing wheezing frequency from 

NOx exposures at birth (1.19 [95% CI 0.94 – 1.50]), though this effect modification was 

not significant (Table 6-9). In addition, there were no significant relationships between 

any pollutant exposures and the time to being diagnosed with asthma.  
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Table 6-9. Associations between air pollutant exposures (one IQR 
increase) and increased wheezing frequency into adulthood by 
moving between MD asthma diagnosis. 

  

No MD-
Diagnosed 

Asthma 
OR (95%CI) 

MD-Diagnosed 
Asthma  

OR (95%CI) 

NO2 Birth 1.03 (0.86 - 1.23) 1.15 (0.86 - 1.54) 

Age 6 1.04 (0.89 - 1.22) 0.91 (0.68 - 1.22) 

NOx Birth 1.03 (0.87 - 1.23) 1.19 (0.94 - 1.50) 

Age 6 0.96 (0.81 - 1.14) 0.88 (0.67 - 1.14) 

PM2.5 Birth 0.96 (0.83 - 1.12) 1.03 (0.81 - 1.32) 

Age 6 0.98 (0.84 - 1.14) 1.14 (0.92 - 1.40) 

PM10 Birth 0.92 (0.78 - 1.10) 0.96 (0.74 - 1.25) 

Age 6 0.97 (0.81 - 1.17) 1.04 (0.75 - 1.45) 

Air 
Pollution 

Index 

Birth 1.02 (0.86 - 1.20) 1.16 (0.91 - 1.47) 

Age 6 0.99 (0.85 - 1.16) 0.96 (0.75 - 1.23) 

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. Models 
are adjusted for atopy at age 6, race/ethnicity, neighborhood 
housing quality at birth, and concurrent smoking. 

 

6.4 Discussion 
In analyzing the relationships between air pollution exposures at birth and age 6 

and increased wheezing frequency from ages 8-32 years, I found limited associations, 

few of which were significant. Participants exposed to high NO2 and air pollution mixture 

concentrations at birth were significantly more likely to have increased wheezing into 

adulthood. While subjects born to younger mothers were more susceptible to increased 

exposures to NOx, PM2.5, and air pollution mixtures at birth.  

One reason for relatively limited relationships between exposures could be that 

participants were exposed to relatively low modeled pollutant concentrations. In 

comparison to current relevant USEPA National Ambient Air Quality Standards 

(NAAQS), the maximum participant NO2 exposures at birth (26 ppb) and age 6 (30 ppb) 

are about half the standard of 53 ppb. While there were some increased risk for exposure 

to NO2 at birth (Table 6-5), the effect sizes were relatively small, with ORs ranging from 
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1.20 to 1.52. This indicates that exposures this low to ambient air pollution are protective 

against increased wheezing into adulthood, however, it also suggests that current 

NAAQS levels for NO2 are not low enough. In other studies of relatively low levels of 

exposure to NO2, researchers assessed the relationship between air pollution estimates 

from ESCAPE and asthma risk to age 16 and found that an increase of 5.31 ppb of NO2 

exposure at birth resulted in an increased odds ratio of asthma incidence (1.13 [95% CI 

1.02 – 1.25]) (Gehring et al. 2015). Meanwhile, another study using many of the same 

participants as Gehring et al. until age 11 and the same ambient air pollutant estimates, 

while incorporating more exposure metrics to reduce exposure misclassification, found 

no association with NO2 and asthma or wheeze (Mölter et al. 2014). I believe there is still 

a threshold of ambient NO2 exposure for wheezing into adulthood even lower than 

exposures of TCRS participants. Furthermore, given that participants were exposed to 

even lower concentrations of NO2 at birth indicates that birth exposures are more 

important for wheezing risk. 

Another reason for attenuated effects of air pollution on wheezing into adulthood 

could be due to exposure misclassification at birth and age 6 and beyond. While there 

were no significant differences by groups who moved and did not move between birth 

and age 6 (Table 6-8), that might have signaled exposures misclassification at these two 

points, there may be critical exposures beyond the scope of this study. Previous 

investigation of susceptibility to air pollution has shown differences in pre-natal 

susceptibility windows by gender in utero (Hsu et al. 2015), however pre-natal address 

information with such fine temporal granularity (e.g., weeks or months) is not available 

for this cohort. Additionally, to model air pollution exposures beyond early life would be 

markedly more difficult given that participants move out of the air pollution modeling 

area. Relatedly, there are likely concurrent factors beyond age 6 aside from smoking that 

may obscure the relationships between early life exposures and increased wheezing, 

notably concurrent asthma control medication use, which has been shown to be related to 

air pollution exposures (Gauderman et al. 2005; Hong et al. 2017). Unfortunately, this 

data is unavailable for the cohort. However, the analyses as they are still indicate 

increased risks with certain exposures broadly, especially for certain subgroups. 
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Just as was shown in the same cohort with different exposure (i.e., diesel traffic-

related air pollution), children of younger mothers were more likely to wheeze more often 

from NOx, PM2.5, and air pollution mixture exposures at birth (Beamer, Lothrop, Stern, et 

al. 2015). This may be related to physiological differences of mothers by age, as well as 

the tendency for younger mothers in TCRS to have lower socio-economic standing 

tended. In addition, it could be attributed to psychosocial stressors (including both actual 

stressful events and perceived stress) during pregnancy, in which younger mothers are 

expected to experience greater stress (Lee and Wright 2016).  

In conclusion, this analysis of the relationship between ambient air pollution 

exposures at birth and age 6 and wheezing into adulthood has shown generally limited 

relationships with few being significant. While effect sizes are relatively small, to find a 

relationship between low air pollution exposures experienced from birth to age 6 and 

health effects lasting into adulthood is remarkable, and even more so that birth exposures 

generally have the highest effect sizes. This illustrates how air pollution exposures in 

early life can increase the risk for a lifetime of irreversible, uncontrolled wheezing 

outcomes, thus significantly reducing the quality of life (Matheson et al. 2002; Voll-

Aanerud et al. 2007).  
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7 Dissertation Conclusions 

7.1 Major Findings  
In this project, I developed and refined LUR models for ambient NO2, NOx, PM2.5, 

and PM10 concentrations using measurements taken in two independent air sampling 

studies completed 30 years apart in the Tucson metro. Then, I found the best performing 

models by externally validating using the opposing dataset and predicted ambient annual 

exposures for participants of the TCRS at birth and age 6. I then analyzed the 

relationships between these ambient pollutant exposures and preschool wheezing 

phenotypes and wheezing frequency from age 8-32 years, and found varying effect sizes 

by pollutant type and wheezing outcomes, sometimes varying by subgroup (e.g., children 

born to younger mothers). 

 

The major findings are: 

1. The European Study of Cohorts for Air Pollution Effects (ESCAPE) methods 

can be successfully adapted outside Europe in a spatially and temporally 

representative sampling study in a large metro area, as illustrated by Tucson Air 

Pollution Study (TAPS). This offers cohorts that utilize the ESCAPE-based air 

pollution estimates to participate in pooled analyses of the relationship of air 

pollution on health outcomes, thereby potentially making study findings 

generalizable to a larger proportion of the population. 

2. Over time, from the Pima County Workers Study (1987-1991) to TAPS (2015-

2016), measured air pollution concentrations in the Tucson metro area have 

decreased substantially because of engineering and regulatory controls on 

pollution sources, all while sources of these pollutants have increased 

dramatically. TAPS provides stark evidence of how low the Tucson metro’s air 

pollutant concentrations are compared to both USEPA National Ambient Air 

Quality Standards (NAAQS), as well as locations in Europe with comparably 

developed economies. 

3. Ambient air pollution studies (i.e., PCWS and TAPS) done 3 decades apart at 

different sites in the same area using comparable methods were used to build 

LUR models with predictive capability that was comparable to LUR models 
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built using the same sites over shorter time spans. With temporally and spatially 

independent PCWS and TAPS air pollution datasets collected 30 years apart, I 

was able to develop and externally validate LUR models. I am unaware of any 

study that has access to such data at such spatial resolution, or that and has been 

able to successfully complete this test of LUR modeling capability with 

spatially and temporally independent datasets over a three decade period. 

4. LUR models developed with fewer sites did better in internal validation and 

poorer in external validation, while models developed with more sites showed 

the opposite. This has substantial implications for air pollution epidemiology or 

other LUR modeling studies that rely on internal validation as the sole metric of 

predictive capacity. It may explain why previous studies have found weak or no 

relationships between modeled ambient air pollution exposures and wheezing 

outcomes. 

5. PM2.5 exposures at birth and age 6 significantly increased the risk of having 

transient early and persistent preschool wheezing phenotypes. Children born to 

younger mothers (i.e., <25 years of age) were substantially more susceptible to 

NO2 and NOx exposures at birth for transient early wheezing, and girls were 

more likely to develop late-onset wheeze from NOx exposures at age 6. Effect 

sizes of these relationships are substantial and may have far-reaching 

consequences for related outcomes like reduced lung function. 

6. NO2 exposures at birth increased the risk of more frequent wheezing from age 

8-32 years. Children born to younger mothers were more susceptible to NOx, 

PM2.5, and air pollution mixture exposures at birth for more frequent wheezing 

into adulthood. While effect sizes were not as substantial as those for preschool 

wheezing phenotype outcomes, I believe this is the first study to show a 

relationship between air pollution exposure in early life and decades of 

subsequent irreversible, uncontrolled wheezing risk lasting to age 32.  

 

7.2 Discussion 
 In this dissertation, I was able to take advantage of two unique datasets of air 

pollutants measured using comparable methods (i.e., PCWS and TAPS), which were both 
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spatially and temporally independent of one another. This was critical, as two spatially 

and temporally independent datasets of air pollution allowed me to truly externally 

validate LUR models between the two datasets. In doing so, I was able to illustrate what 

has only been shown previously in simulations: the fewer the measurement sites, the 

greater predictive capacity for internal validation and the lower for external validation. 

This finding is critically important for other studies which utilize LUR modeling and may 

choose between variations of LUR models solely based on the coefficient of 

determination when internally validating, as it could result in effect attenuation in health 

models. While it may not be possible to truly externally validate, it is recommended that 

LUR models be judged based on how well they predict the most independent dataset 

possible. In many cases, this is most easily accomplished by splitting the data into 

building and testing subsets to test model predictive capacity. Researchers should be 

aware of this inconvenient but crucially important relationship between predictive 

capacity, both internally and externally, and effect attenuation when predictions are used 

in health models. However, there are also other methods of developing LUR models to 

begin with that may result in more predictive capacity overall. 

 In my study, I followed the methods from ESCAPE to develop LURs that predict 

annual mean concentrations. While these methods offer the advantages of being well-

documented and for resulting predictions for participants to be used in pooled analyses 

with other ESCAPE cohorts, there are some instances in the LUR model development 

approach that could be altered. First, my findings in validation testing from Chapter 4 

indicate that more modeling sites better characterize the relationships among predictors 

and pollutant concentrations for external validation. However, ESCAPE methods focus 

on monitoring fewer sites for more sampling periods, rather than monitoring more sites 

for fewer sampling periods. Future air pollution monitoring studies should consider doing 

the latter, in which, using the same amount of equipment and supplies, it would be 

possible to monitor more sites for fewer sampling periods, thereby increasing the 

variability of both predictors and pollutant values. This is especially important for sites 

where particulate matter is measured, as this equipment is expensive. Yet with the 

ESCAPE protocol, it is only possible to monitor 20 different sites in a year. For future 

studies interested in modeling air pollution retrospectively using the ESCAPE method, 
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monitoring more sites may be especially important in study areas such as Tucson, which 

has low concentrations of pollution, resulting in very slight differences across the region.  

 Beyond developing LUR models and validating them externally, I could use the 

PCWS and TAPS datasets to compare measured air pollution concentrations in the same 

area over three decades, during which tremendous change occurred in both sources and 

controls of pollution. From 1987 when PCWS began to 2016 when TAPS finished, the 

Tucson metro area experienced explosive population growth and, along with this, more 

pollution sources (i.e., vehicles), yet concentrations of already-low measured 

anthropogenic air pollutant concentrations were reduced by at least half over this time. 

While this reduction in air pollution is a testament to engineering and policy controls 

enacted during this time, it also affords the opportunity to investigate the relationships 

between very low air pollution concentrations at or below ambient air quality standards 

and wheezing outcomes in the oldest respiratory birth cohort in the US, the Tucson 

Children’s Respiratory Study (TCRS). 

 The TCRS recruited their first participants at birth in 1980 and have been 

following about half of the 1,246 original participants since then for myriad respiratory 

outcomes and risk and protective factors. When assessing relationships between birth and 

age 6 air pollution exposures and preschool wheezing phenotypes defined by age 6 and 

wheezing frequency from age 8 to 32 years, I found more numerous and far more 

substantial effect sizes for pollutant exposures and preschool wheezing phenotypes than 

for wheezing frequency to age 32. While convenient to compare effect sizes, I believe 

this sidesteps two important discussions: 1) the importance of concurrent air pollution 

exposures, and 2) the clinical implications of these two different outcomes.  

To the first point, while few other studies have shown the effect sizes seen here 

for preschool wheezing phenotypes (Brunst et al. 2015), I believe that the strength of the 

relationships between air pollution exposures and the wheezing phenotypes during this 

critically important time of alveolar development make sense. As discussed, lungs are 

more susceptible to environmental exposures during early life, and such exposures could 

be expected to have immediate impacts on the respiratory system, borne out by increased 

risks for different wheezing patterns. Comparatively, the risks for increased wheezing 

from ages 8 to 32 years from early-life air pollution exposures are more attenuated, with 
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odds ratio in some cases, like for children born to younger mothers, being roughly half as 

those seen in the wheezing phenotype analyses. While I am unaware of any other studies 

to which I can compare these findings, I believe that the reduced effect sizes also make 

sense. Again, while we know lungs are very susceptible during early life to 

environmental insults in which damage could be incurred resulting in lasting impacts, 

there are also other exposures past early life beyond the scope of this dissertation that 

would influence or confound this relationship, such as concurrent medication use or air 

pollution exposure. Despite these limitations in accounting for other exposures or 

protective factors, I still show the potential for early-life air pollutants to increase the risk 

of wheezing up to 32 years of age, which can have profound clinical implications. 

While children with increased risk for transient early and persistent preschool 

wheezing phenotypes are at greater risk for reduced lung function (Martinez et al. 1995), 

which could have implications for latter respiratory ailments (Berry et al. 2016), I have 

not yet tested this outcome as it is beyond the scope of the dissertation. However, it can 

be reasonably expected there would be some relationship between the same early life air 

pollution exposures and future lung functioning. Nevertheless, I did find significant 

relationships between early life air pollution exposures and wheezing frequency 

outcomes to the age of 32, which has been shown to significantly reduce quality of life 

(Hong et al. 2017; Gauderman et al. 2005). This suggests that these symptoms never 

subside or can never be properly controlled. While this may also hinge on an 

unaccounted for variable that could confound the relationship (e.g., concurrent control 

medication use), it still illustrates irreversible, life-long respiratory issues. Further, the 

subgroup of children born to younger mothers are even more vulnerable. Together, such 

exposures may set unlucky enough children on an unforgiving path of wheezing well into 

adulthood, which they may or may not have the financial means to address. These clinical 

implications are even more startling given that the strongest effects for wheezing into 

adulthood are with NO2 exposures less than half of the relevant NAAQS level. 

Given these findings, I believe that ambient air quality standards should be 

reduced, especially for NO2 and PM2.5. The reduction of the NO2 standard would be the 

most impactful given the life-long clinical implications. However, reducing PM2.5 

exposures would also substantially benefit vulnerable populations like children born to 
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younger mothers. In decreasing ambient air pollution concentrations, the benefits would 

likely be felt by all, as these pollutants are risk factors for both morbidity and early 

mortality. As such, I believe the following to be important future directions of research: 

1. Diesel exhaust emissions should continue to be researched in “real-world” 

scenarios in which controls of these emissions are put in place (or less 

ideally, removed) by federal or state governments. Specific attention should 

be paid to PM2.5, NO2, and NOx emissions, as these are the pollutants 

primarily driving respiratory health effects outcomes. 

2. Future work should investigate not just concentrations of particle mass, but 

particle count by size as well as particle chemistry, as these may better 

elucidate relationships with certain sizes of particulates and relative 

toxicities, which are influenced by source. 

3. Given the unique arid climate of Tucson and climate change driving other 

parts of the globe towards similar conditions, specifically less particulate 

matter being scoured from the air, less hygroscopic particulate growth into 

larger sizes, and less dust-arresting vegetation cover, intervention studies in 

home or childcare settings in climates like Tucson’s should be done to focus 

reducing PM2.5. These could then be compared to similar intervention 

studies done in areas that are less arid to determine if similar approaches 

work regardless of climate. 

4. Other air pollutants of interest should be measured (e.g., volatile organic 

compounds or ozone), especially as these may react chemically with those 

in this study. This may lead the way to identifying other sources of 

pollutants for future interventions. 

5. Aside from air pollutants, other environmental exposures, notably noise, 

may also play a role in the relationship between air pollution exposures and 

respiratory outcomes. While these often correlate in other study locations, 

the relationship may not be as clear given Tucson’s relative low ambient air 

pollution concentrations.  

6. In the Tucson Children’s Respiratory Study, the relationships between these 

modeled air pollution exposures in early life and other respiratory outcomes 
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should be analyzed. While wheezing itself has concrete consequences, there 

are other irreversible outcomes that reduce quality of life that warrant 

attention, notably lung function in regards to chronic obstructive pulmonary 

disease. 
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Appendix A: LUR Model Predictor Details  
 

Table A-1. Predictor information listed alphabetically by variable name. Note that *denotes values in spatial buffer sizes. 

Predictor Variable Name Data Source Unit Temporal 
Resolution 

Spatial Buffer 
Sizes (m) 

Length of transit bus 
routes in buffer size * busrt_rl_* (Pima County GIS Library 2019h) m Annual 25, 50, 100, 300, 

500, 1000 

Number of transit bus 
stops in buffer size * busstops_* (Pima County GIS Library 2019i) N(umber) Annual 100, 300, 500, 

1000, 5000 

CALINE-Predicted 
Diesel Particulate 

Matter 
caline_pm25 (Beamer, Lothrop, Stern, et al. 

2015) µg/m3 Seasonal NA 

Inverse distance to 
nearest airport distintvair1, distintvair2 (Pima County GIS Library 2019a) m-1, m-2 Annual NA 

Inverse distance to 
nearest bus maintenance 

depot 

distintvbusdepots1, 
distintvbusdepots2 (Lothrop 2019b) m-1, m-2 Annual NA 

Inverse distance to 
nearest transit bus route 

distintvbusrt1, 
distintvbusrt2 (Pima County GIS Library 2019h) m-1, m-2 Annual NA 

Inverse distance to 
nearest transit bus stop 

distintvbusstops1, 
distintvbusstops2 (Pima County GIS Library 2019i) m-1, m-2 Annual NA 

Inverse distance to 
nearest cement plant 

distintvcmntplant1, 
distintvcmntplant2 (Lothrop 2019c) m-1, m-2 Annual NA 

Distance to Davis-
Monthan Air Force Base 

distintvdmafb1, 
distintvdmafb2 (Pima County GIS Library 2019a) m-1, m-2 Annual NA 

Inverse distance to 
nearest active landfill 

distintvlandfills1, 
distintvlandfills2 (Pima County GIS Library 2019b) m-1, m-2 5-10 years NA 
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Table A-1. Predictor information listed alphabetically by variable name. Note that *denotes values in spatial buffer sizes. 

Predictor Variable Name Data Source Unit Temporal 
Resolution 

Spatial Buffer 
Sizes (m) 

Inverse distance to 
nearest active surface 

mine 

distintvmines1, 
distintvmines2 (Pima County GIS Library 2019e) m-1, m-2 5-10 years NA 

Inverse distance to 
nearest rail line 

distintvrail1, 
distintvrail2 

(Pima County GIS Library 2019c) 
m-1, m-2 5-10 years NA 

Inverse distance to 
nearest rail yard 

distintvrailyard1, 
distintvrailyard2 m-1, m-2 5-10 years NA 

Inverse distance to 
nearest school 

distintvschools1, 
distintvschools2 (Pima County GIS Library 2019f) m-1, m-2 10 years NA 

Inverse distance to 
nearest power plant 

distintvtepplant1, 
distintvtepplant2 (Lothrop 2019a) m-1, m-2 Annual NA 

Inverse distance to  
Tucson Intl. Airport distintvtia1, distintvtia2 (Pima County GIS Library 2019a) m-1, m-2 Annual NA 

Inverse distance to 
nearest bus transit center 

distintvtrnscenters1, 
distintvtrnscenters2 (Pima County GIS Library 2019i) m-1, m-2 Annual NA 

Inverse distance to 
nearest road 

distinvnear1, 
distinvnear2 (Pima County GIS Library 2019d) m-1, m-2 Annual NA 

Square root of elevation 
above sea level elev (U.S. Geological Survey 2019b) m NA NA 

Inverse distance to 
nearest road with heavy 

diesel vehicles 

heavydistinvnear1, 
heavydistinvnear2 

(Pima County GIS Library 2019d; 
Pima Association of Governments m-1, m-2 Annual NA 
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Table A-1. Predictor information listed alphabetically by variable name. Note that *denotes values in spatial buffer sizes. 

Predictor Variable Name Data Source Unit Temporal 
Resolution 

Spatial Buffer 
Sizes (m) 

Product of heavy diesel 
vehicle traffic intensity 

on nearest road and 
inverse of distance to 
the nearest road and 

distance squared 

heavyintinvnear1, 
heavyintinvnear2 

2016; Pima Association of 
Governments 2012) Veh.day-1 m-

1, Veh.day-1 
m-2 

Annual NA 

Heavy diesel vehicle 
traffic intensity on 

nearest road 
heavytrafnear Veh.day-1 Annual NA 

Number of households 
in buffer size * hh_* 

(U.S. Census Bureau 1980; U.S. 
Census Bureau 1990; US Census 

Bureau 2018) 
N(umber) 10 years 100, 300, 500, 

1000, 5000 

Product of vehicle 
traffic intensity on 

nearest road and inverse 
of distance to the nearest 

road and distance 
squared 

intinvnear1, intinvnear2 

(Pima County GIS Library 2019d; 
Pima Association of Governments 

2016; Pima Association of 
Governments 2012) 

Veh.day-1 m-

1, Veh.day-1 
m-2 

Annual NA 

Product of vehicle 
traffic intensity on 

nearest major road and 
inverse of distance to 
the nearest road and 

distance squared 

intmajorinv1, 
intmajorinv2 

Veh.day-1 m-

1, Veh.day-1 
m-2 

Annual NA 

Agricultural land use 
area in buffer size * lu_ag_* 

(Multi-Resolution Land 
Characteristics Consortium 2016) 

m2 5-10 years 100, 300, 500, 
1000, 5000 

Barren land use area in 
buffer size * lu_br_* m2 5-10 years 100, 300, 500, 

1000, 5000 
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Table A-1. Predictor information listed alphabetically by variable name. Note that *denotes values in spatial buffer sizes. 

Predictor Variable Name Data Source Unit Temporal 
Resolution 

Spatial Buffer 
Sizes (m) 

High intensity land use 
area in buffer size * lu_hr_* m2 5-10 years 100, 300, 500, 

1000, 5000 

Low intensity land use 
area in buffer size * lu_lr_* m2 5-10 years 100, 300, 500, 

1000, 5000 

Natural space land use 
area in buffer size * lu_nt_* m2 5-10 years 100, 300, 500, 

1000, 5000 

Urban green land use 
area in buffer size * lu_ug_* m2 5-10 years 100, 300, 500, 

1000, 5000 

Maximum NDVI value 
in buffer size * maxn_* (U.S. Geological Survey 2019a) Unitless Annual 100, 300, 500, 

1000, 5000 

Average maximum 
monthly temperature MaxTempF 

(National Oceanic and 
Atmospheric Administration 2019) 

Fahrenheit Monthly NA 

Average minimum 
monthly temperature MinTempF Fahrenheit Monthly NA 

Length of major roads in 
buffer size * mroads_rl_* 

(Pima County GIS Library 2019d; 
Pima Association of Governments 

2016; Pima Association of 
Governments 2012) 

m Annual 25, 50, 100, 300, 
500, 1000 

Total traffic load on 
major roads in buffer 

size * ; (sum of (traffic 
intensity X length of all 

segments)) 

mroads_tl_* Veh.day-1m Annual 25, 50, 100, 300, 
500, 1000 

Number of persons in 
buffer size * pop_* 

(U.S. Census Bureau 1980; U.S. 
Census Bureau 1990; US Census 

Bureau 2018) 
N(umber) 10 years 100, 300, 500, 

1000, 5000 

Total monthly 
precipitation PrecipInch (National Oceanic and 

Atmospheric Administration 2019) Inches Monthly NA 
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Table A-1. Predictor information listed alphabetically by variable name. Note that *denotes values in spatial buffer sizes. 

Predictor Variable Name Data Source Unit Temporal 
Resolution 

Spatial Buffer 
Sizes (m) 

Length of rail lines in 
buffer size * rail_rl_* (Pima County GIS Library 2019c) m Annual 25, 50, 100, 300, 

500, 1000 

Average monthly 
relative humidity at 11 

AM 
RHpct_Hour11 (National Oceanic and 

Atmospheric Administration 2019) % Monthly NA 

Length of roads in 
buffer size * roads_rl_* (Pima County GIS Library 2019d) m Annual 25, 50, 100, 300, 

500, 1000 

Total traffic load on 
roads in buffer size * ; 

(sum of (traffic intensity 
X length of all 

segments)) 

roads_tl_* 

(Pima County GIS Library 2019d; 
Pima Association of Governments 

2016; Pima Association of 
Governments 2012) 

Veh.day-1m Annual 25, 50, 100, 300, 
500, 1000 

Number of schools in 
buffer size * schools_* (Pima County GIS Library 2019f) N(umber) 10 years 100, 300, 500, 

1000, 5000 

Total speed limit load 
on roads in buffer size * 
; (sum of (speed limit X 
length of all segments)) 

stspeed_sl_* (Pima County GIS Library 2019g) Speed-1m 10 years 25, 50, 100, 300, 
500, 1000 

Time Integrated NDVI 
in buffer size * tin_* (U.S. Geological Survey 2019a) Unitless Annual 100, 300, 500, 

1000, 5000 

Traffic intensity on 
nearest major road trafmajor (Pima County GIS Library 2019d; 

Pima Association of Governments 
2016; Pima Association of 

Governments 2012) 

Veh.day-1 Annual NA 

Traffic intensity on 
nearest road trafnear Veh.day-1 Annual NA 

Average monthly wind 
speed WindSpeedmph (National Oceanic and 

Atmospheric Administration 2019) 
Miles per 

hour Monthly NA 
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Table A-1. Predictor information listed alphabetically by variable name. Note that *denotes values in spatial buffer sizes. 

Predictor Variable Name Data Source Unit Temporal 
Resolution 

Spatial Buffer 
Sizes (m) 

x-coordinate (Being in 
East part of study area) Xcoord 

NA NA NA NA 

x-coordinate minus y-
coordinate (Being in 

Southeast to Northwest 
part of study area) 

XminusY 

x-coordinate plus y-
coordinate (Being in 

Northeast to Southwest 
part of study area) 

XplusY 

y-coordinate (Being in 
North part of study area) Ycoord 
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Table A-2. Descriptions of predictor variables selected for in NO2 and NOx LUR models.  

 
 

PCWS 
(n=334) 

TAPS 
(n=39) 

 

Variable Description Variable Name Mean (SD) Range Mean (SD) Range P-value 

Bus stops within 5,000 m busstops_5000 376 (333) 0 – 1,215 453 (436) 0 – 1,219 0.3 
Predicted diesel traffic-related 
PM2.5 from dispersion model 
(µg/m3) 

caline_pm25 0.58 (1.10) 0.08 - 11 0.05 (0.01) 0.007 - 0.63 <0.0001 

Inverse distance to the nearest 
active surface mine (m) 

distintvmines1 0.0002 (0.0003) 0.00004 - 0.003 0.0002 (0.0002) 0.00004 - 0.0008 0.57 

Inverse distance to the nearest 
rail line (m) distintvrail1 0.0004 (0.0007) 0.00005 - 0.008 0.0005 (0.0007) 0.00007 - 0.004 0.52 

Inverse distance to the Tucson 
Electric Power Irvington-Sundt 
plant (m) 

distintvtepplant1 0.0001 (0.0001) 0.00004 - 0.0009 0.00009 (0.00005) 0.00002 - 0.0003 0.18 

Elevation (m) elev 766 (45) 675 - 888 766 (72) 610 – 1,022 0.99 
Barren land use area in 100 m 
(m2) 

lu_br_100 9.1 (126) 0 – 2,213 166 (1,034) 0 – 6,458 0.35 

High intensity land use area in 
100 m (m2) lu_hr_100 1,373 (3,366) 0 – 25,776 941 (1,718) 0 – 7,078 0.20 

High intensity land use area in 
1,000 m (m2) 

lu_hr_1000 223,656 (176,229) 0 – 784,890 177,975 (146,672) 0 – 586,934 0.08 

Relative humidity at 11 AM (%) RHpct_Hour11 29 ( 2) 24 - 32 23 (0) 23 <0.0001 
Length of roads in 100 m to 
1,000 m (m) 

roads_rl_1000 – 
roads_rl_100 

28,699 (8,286) 4,758 – 54,090 29,257 (10,191) 5,583 – 50,819 0.74 

Number of schools in 300 m schools_300 0.12 (0.32) 0 - 1 0.077 (0.27) 0 - 1 0.39 
Traffic intensity on nearest major 
road (vehicles/day) trafmajor 17,771 (10,898) 5,200 – 53,000 22,047 (13,464) 7,115 – 49,180 0.06 

y-coordinate (Being in North part 
of study area) (ft) 

Ycoord 450,331 (24,079) 401,660 – 515,610 452,571 (37,583) 330,996 – 524,008 0.72 
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Table A-3. Descriptions of predictor variables selected for in PM2.5 and PM10 LUR models.  

 
 

PCWS 
(n=56) 

TAPS 
(n=19) 

 

Variable Description Variable Name Mean (SD) Range Mean (SD) Range P-value 

Bus stops within 5,000 m busstops_5000 252 (271) 0 – 1,000 304 (363) 0 – 1,178 0.59 
Predicted diesel traffic-related 
PM2.5 from dispersion model 
(µg/m3) 

caline_pm25 0.36 (0.35) 0.08 - 1.50 0.03 (0.02) 0.007 - 0.09 <0.0001 

Inverse distance to the nearest 
bus depot (m) distintvbusdepots1 

0.000003 
(0.00000007) 

0.000003 - 
0.000003 

0.000003 
(0.00000007) 

0.000003 - 
0.000003 

0.48 

Inverse distance to the nearest 
bus route (m) distintvbusrt1 0.003 (0.004) 0.0002 - 0.01 0.006 (0.01) 0.00005 - 0.04 0.26 

Inverse distance to the Davis-
Monthan Air Force Base (m) 

distintvdmafb2 
0.00000003 

(0.00000006) 
0.000000002 
- 0.0000003 

0.00000002 
(0.00000003) 

0.0000000007 - 
0.0000001 

0.39 

Inverse distance to the nearest 
rail line (m) 

distintvrail1 0.0003 (0.0004) 0.00008 - 
0.002 

0.0004 (0.0004) 0.00007 - 0.002 0.68 

Elevation (m) elev 767 ( 59) 677 - 881 761 ( 87) 6,10 – 1,022 0.79 

Households within 100 m hh_100 2,702 (908) 1,008 – 5,081 1,857 (672) 1,010 – 3,202 <0.0001 

Households within 300 m hh_300 2,695 (901) 1,008 – 5,081 1,824 (658) 1,018 – 3,202 <0.0001 

Households within 5,000 m hh_5000 2,702 (373) 1,870 – 3,474 1,793 (331) 1,334 – 2,941 <0.0001 
Barren land use area in 100 m 
(m2) 

lu_br_100 0 (0) 0 340 (1,482) 0 – 6,458 0.33 

Natural space land use area in 
300 m (m2) 

lu_nt_300 103,050 (93,848) 0 – 278,370 66,802 (83,666) 0 – 267,264 0.16 

Length of roads in 300 m (m) roads_rl_300 2,654 (841) 903 – 4,029 2,876 (1,188) 469 – 4,579 0.48 
Total speed limit load on 
roads in 100 m; (sum of 
(speed limit X length of all 
segments)) 

stspeed_sl_100 1,234 (2,834) 0 – 8,993 2,160 (3,227) 0 – 8,865 0.31 
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x-coordinate minus y-
coordinate (Being in Southeast 
to Northwest part of study 
area) (ft) 

XminusY 543,295 (45,228) 
464,376 – 
631,427 535,822 (69,557) 

396,187 – 
704,623 0.68 

x-coordinate plus y-coordinate 
(Being in Northeast to 
Southwest part of study area) 
(ft) 

XplusY 1,456,328 
(34,205) 

1,379,898 – 
1,504,280 

1,449,919 
(35,078) 

1,387,960 – 
1,514,052 

0.53 
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Appendix B: Air Pollution Exposures by Covariates and Effect Modifiers 

Table B-1. Associations between participant characteristics and NO2 exposures (ppb) in preschool wheezing phenotype analyses. 

 Enrollment Age 6 

 Median Range Beta P-value Median Range Beta P-value 

Atopy at age 6 No 18.9  12.7 - 25.4  Ref.   19.3  12.7 - 30.9  Ref.   

Yes 19.3  12.7 - 26.0  0.10  0.08 19.2  12.7 - 26.1  -0.01  0.87  

Missing 18.5 12.7 - 25.0 -0.04 0.61 19.2 12.7 - 27.2 0.05 0.59 

Neighborhood 
housing quality at 
birth 

Above Average 18.0  12.7 - 24.7  Ref.   18.2  12.7 - 25.2  Ref.   

Average 18.7  14.8 - 24.3  0.20  <0.01  18.5  12.7 - 25.1  0.15  0.03  

Below Average 20.6 16.0 - 26.0 0.61 <0.01 20.2 12.8 - 30.9 0.59 <0.01 

Race/ethnicity White Non-
Hispanic 19.2  12.7 - 25.0  Ref.   18.8  12.7 - 25.6  Ref.   

Any Hispanic  18.4  14.4 - 25.4  0.030 0.61  19.7  12.7 - 30.9  0.28  <0.01  

Any Black  20.9  15.7 - 24.5  0.31  0.041  20.3  15.9 - 24.5  0.39  0.02 

Other/Missing 18.8  12.7 - 26.0  -0.14  0.28  18.5  12.7 - 24.4  0.04 0.79  

Gender Male 18.7 12.7 - 26.0 Ref.  19.1 12.7 - 26.3 Ref.  

Female 19.0 12.7 - 25.0 -0.02 0.73 19.3 12.7 - 30.9 0.0008 0.99 

Maternal age at 
enrollment (years) 

<20 18.4  15.5 - 24.6  Ref.   20.2  15.3 - 30.9  Ref.   

20-25 19.1  12.8 - 25.4  0.14  0.37  19.5  12.7 - 27.2  -0.27  0.11  

26-30 19.1  13.9 - 25.0  0.15  0.31  19.1  12.7 - 26.9  -0.33  0.04 

>30 18.7  12.7 - 26.0  0.07  0.65  19.1  12.7 - 26.3  -0.36  0.03  

Attending daycare 
within 6 months of 
enrollment 

No 19.0 12.7 - 26.0 Ref.  19.3 12.7 - 30.9 Ref.  

Yes 18.6 12.7 - 24.0 -0.07 0.50 17.8 12.7 - 24.5 -0.20 0.08 

Moved between 
enrollment and age 6 

Did Not Move 18.4  12.7 - 25.0  Ref.   19.2  12.7 - 26.2  Ref.   

Moved 19.4  12.7 - 26.0  0.19  <0.01  19.2  12.7 - 30.9  0.01  0.86  
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Table B-2. Associations between participant characteristics and NOx exposures (ppb) in preschool wheezing phenotype analyses. 

 Enrollment Age 6 

 Median Range Beta P-value Median Range Beta P-value 

Atopy at age 6 No 10.3  3.11 - 18.9  Ref.   9.63  0.48 - 18.2  Ref.   

Yes 10.5  2.79 - 19.1  0.08 0.17  10.1  1.44 - 19.1  0.05  0.41  

Missing 10.4  3.99 - 17.7  0.02  0.85  10.3  2.05 - 17.1  0.09  0.28  

Neighborhood 
housing quality at 
birth 

Above Average 8.67  2.79 - 16.9  Ref.   8.69  1.44 - 17.1  Ref.   

Average 10.5  3.50 - 16.3  0.36  <0.01  9.96  0.48 - 15.8  0.23  <0.01  

Below Average 12.1  3.26 - 19.1  0.74  <0.01  11.2  2.05 - 19.1  0.44  <0.01  

Race/ethnicity White Non-
Hispanic 10.1  2.79 - 19.1  Ref.   9.50  0.48 - 17.1  Ref.   

Any Hispanic  10.7  4.22 - 17.9  0.14  0.02 10.7  2.07 - 19.1  0.22  <0.01  

Any Black  11.4  4.93 - 16.9  0.31  0.04 11.3  4.93 - 15.5  0.33  0.02  

Other/Missing 10.2  4.44 - 14.8  -0.03  0.85  9.08  4.42 - 14.2  -0.05 0.69  

Gender Male 10.5  2.79 - 19.1  Ref.   9.55  0.48 - 19.1  Ref.   

Female 10.4  2.79 - 17.7  -0.03  0.52  10.1  2.05 - 18.4  0.02  0.66  

Maternal age at 
enrollment (years) 

<20 10.7  3.82 - 13.7  Ref.   10.7  3.71 - 16.0  Ref.   

20-25 10.5  2.79 - 17.7  0.03 0.85  10.3  2.05 - 18.2  -0.07  0.64  

26-30 10.6  3.23 - 18.9  0.06 0.69  10.2  1.44 - 19.1  -0.08  0.57  

>30 9.68  3.11 - 19.1  -0.10  0.48  9.33  0.48 - 16.3  -0.20  0.17  

Attending daycare 
within 6 months of 
enrollment 

No 10.4  2.79 - 19.1  Ref.   9.83  1.44 - 19.1  Ref.   

Yes 10.4  4.46 - 15.7  -0.08  0.43  9.66  0.48 - 15.6  -0.12  0.24  

Moved between 
enrollment and age 6 

Did Not Move 10.3  2.79 - 17.9  Ref.   10.4  2.23 - 19.1  Ref.   

Moved 10.5  3.26 - 19.1  0.10  0.06 9.51  0.48 - 18.2  -0.15  <0.01  
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Table B-3. Associations between participant characteristics and PM2.5 exposures (µg/m3) in preschool wheezing phenotype analyses. 

 Enrollment Age 6 

 Median Range Beta P-value Median Range Beta P-value 

Atopy at age 6 No 14.4 0.64 - 28.8 Ref.  18.5 0.64 - 33.9 Ref.  

Yes 14.9 3.21 - 27.5 0.03 0.66 17.8 4.60 - 40.6 -0.05 0.45 

Missing 13.6 2.44 - 25.0 -0.08 0.36 17.1 6.49 - 28.3 -0.13 0.20 

Neighborhood 
housing quality at 
birth 

Above Average 13.9 2.44 - 28.8 Ref.  16.7 0.64 - 28.2 Ref.  

Average 14.6 0.64 - 27.0 0.07 0.35 18.0 0.64 - 33.9 0.26 <0.01 

Below Average 15.4 2.27 - 27.6 0.24 <0.01 19.9 6.10 - 40.6 0.58 <0.01 

Race/ethnicity White Non-
Hispanic 14.4 0.64 - 28.8 Ref.  17.3 0.64 - 33.9 Ref.  

Any Hispanic  14.4 3.54 - 27.6 0.11 0.08 19.3 1.36 - 40.6 0.33 <0.01 

Any Black  17.0 3.79 - 27.5 0.29 0.08 19.1 0.64 - 28.2 0.28 0.12 

Other/Missing 14.5 8.16 - 23.6 0.02 0.91 18.2 12.4 - 25.4 0.28 0.08 

Gender Male 14.4 2.27 - 28.8 Ref.  18.2 0.64 - 33.9 Ref.  

Female 14.5 0.64 - 27.4 -0.05 0.35 17.8 0.64 - 40.6 -0.04 0.54 

Maternal age at 
enrollment (years) 

<20 14.4 9.47 - 25.0 Ref.  20.1 12.9 - 28.3 Ref.  

20-25 15.6 2.27 - 28.6 -0.15 0.35 18.4 6.81 - 40.6 -0.34 0.07 

26-30 14.9 2.88 - 28.8 -0.12 0.43 18.0 0.64 - 33.9 -0.36 0.05 

>30 13.7 0.64 - 27.6 -0.34 0.03 17.4 0.64 - 29.6 -0.46 0.01 

Attending daycare 
within 6 months of 
enrollment 

No 14.5 0.64 - 28.8 Ref.  18.1 0.64 - 40.6 Ref.  

Yes 13.3 2.92 - 21.2 -0.28 0.01 16.7 0.64 - 27.3 -0.30 0.02 

Moved between 
enrollment and age 6 

Did Not Move 13.9 0.64 - 28.8 Ref.  17.4 0.64 - 32.8 Ref.  

Moved 15.1 2.27 - 28.6 0.22 <0.01 18.5 0.64 - 40.6 0.08 0.21 
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Table B-4. Associations between participant characteristics and PM10 exposures (µg/m3) in preschool wheezing phenotype analyses. 

 Enrollment Age 6 

 Median Range Beta P-value Median Range Beta P-value 

Atopy at age 6 No 20.0 0.44 - 38.9 Ref.  26.5 0.28 - 46.4 Ref.  

Yes 20.8 0.44 - 38.4 0.02 0.74 24.4 0.05 - 45.9 -0.07 0.19 

Missing 19.8 1.76 - 42.8 -0.03 0.75 26.6 1.75 - 43.3 0.03 0.71 

Neighborhood 
housing quality at 
birth 

Above 
Average 21.1 5.29 - 42.8 Ref.  25.3 0.28 - 45.7 Ref.  

Average 17.3 0.44 - 28.8 -0.42 <0.01 22.0 0.48 - 46.4 -0.10 0.06 

Below 
Average 21.2 0.48 - 31.8 -0.23 <0.01 28.5 0.05 - 45.9 0.20 <0.01 

Race/ethnicity White Non-
Hispanic 21.0 0.45 - 42.8 Ref.  24.1 0.05 - 46.4 Ref.  

Any Hispanic  17.4 0.44 - 37.5 -0.24 <0.01 28.1 0.48 - 45.9 0.15 <0.01 

Any Black  20.2 0.48 - 29.1 -0.06 0.67 27.4 0.48 - 44.1 0.15 0.25 

Other/Missing 21.0 6.72 - 33.7 -0.020 0.88 24.9 3.24 - 39.9 0.08 0.47 

Gender Male 20.2 0.44 - 38.9 Ref.  25.5 0.05 - 45.7 Ref.  

Female 20.6 0.48 - 42.8 0.007 0.90 25.7 0.48 - 46.4 -0.01 0.80 

Maternal age at 
enrollment (years) 

<20 17.6 6.72 - 29.8 Ref.  30.7 8.65 - 36.4 Ref.  

20-25 19.7 0.44 - 37.4 0.07 0.65 25.5 0.48 - 43.6 -0.23 0.08 

26-30 20.7 0.45 - 42.8 0.19 0.19 24.5 0.05 - 46.4 -0.24 0.06 

>30 20.9 0.48 - 38.1 0.22 0.13 26.7 0.79 - 45.5 -0.14 0.27 

Attending daycare 
within 6 months of 
enrollment 

No 20.6 0.45 - 42.8 Ref.  26.0 0.05 - 46.4 Ref.  

Yes 18.9 0.44 - 36.9 -0.11 0.29 22.0 0.48 - 38.6 -0.10 0.27 

Moved between 
enrollment and 
age 6 

Did Not Move 19.8 0.44 - 38.9 Ref.  25.2 0.32 - 45.5 Ref.  

Moved 20.8 0.48 - 42.8 0.01 0.79 26.2 0.05 - 46.4 0.07 0.15 
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Table B-5. Associations between participant characteristics and air pollution index exposures in preschool wheezing phenotype analyses. 

 Enrollment Age 6 

 Median Range Beta P-value Median Range Beta P-value 

Atopy at age 6 No 0.001 -3.34 - 3.39 Ref.  0.17 -4.80 - 3.69 Ref.  

Yes 0.31 -3.32 - 3.53 0.11 0.09 0.20 -4.22 - 3.32 0.002 0.97 

Missing -0.09 -3.18 - 3.02 -0.04 0.66 0.21 -3.53 - 2.31 0.03 0.76 

Neighborhood 
housing quality at 
birth 

Above Average -0.50 -3.34 - 1.83 Ref.  -0.29 -4.22 - 2.33 Ref.  

Average 0.04 -2.45 - 2.54 0.32 <0.01 0.09 -4.80 - 2.45 0.26 <0.01 

Below Average 0.81 -2.97 - 3.53 0.80 <0.01 0.88 -3.53 - 3.69 0.67 <0.01 

Race/ethnicity White Non-
Hispanic -0.009 -3.34 - 3.53 Ref.  -0.008 -4.80 - 3.06 Ref.  

Any Hispanic  0.16 -2.72 - 3.02 0.12 0.06 0.56 -3.34 - 3.69 0.34 <0.01 

Any Black  0.68 -2.41 - 3.35 0.42 0.01 0.87 -3.27 - 2.45 0.43 <0.01 

Other/Missing -0.15 -2.92 - 1.95 -0.09 0.55 -0.11 -2.86 - 2.10 0.08 0.59 

Gender Male 0.08 -3.32 - 3.53 Ref.  0.18 -4.80 - 3.32 Ref.  

Female 0.05 -3.34 - 3.39 -0.04 0.45 0.20 -3.53 - 3.69 -0.0002 1.0 

Maternal age at 
enrollment (years) 

<20 0.21 -2.08 - 1.99 Ref.  0.51 -1.89 - 3.69 Ref.  

20-25 0.24 -3.32 - 3.02 0.05 0.78 0.25 -3.53 - 2.48 -0.26 0.11 

26-30 0.21 -3.06 - 3.53 0.08 0.63 0.23 -4.22 - 3.32 -0.30 0.06 

>30 -0.12 -3.34 - 3.39 -0.12 0.46 0.01 -4.80 - 2.90 -0.40 0.01 

Attending daycare 
within 6 months of 
enrollment 

No 0.08 -3.34 - 3.53 Ref.  0.22 -4.22 - 3.69 Ref.  

Yes -0.11 -2.72 - 2.31 -0.17 0.15 -0.16 -4.80 - 2.21 -0.24 0.03 

Moved between 
enrollment and age 
6 

Did Not Move -0.12 -3.34 - 3.10 Ref.  0.23 -3.27 - 3.32 Ref.  

Moved 0.30 -2.97 - 3.53 0.23 <0.01 0.16 -4.80 - 3.69 -0.05 0.43 
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Table B-6. Associations between participant characteristics and NO2 exposures (ppb) in wheezing frequency analyses. 

 Enrollment Age 6 

 Median Range Beta P-value Median Range Beta P-value 

Atopy at age 6 No 19.1 12.7 - 25.4 Ref.  19.4 12.7 - 30.9 Ref.  

Yes 19.2 12.7 - 26.0 0.064 0.24 19.3 12.7 - 26.1 -0.0057 0.92 

Missing 18.4 12.7 - 25.0 -0.093 0.28 18.8 12.7 - 27.2 -0.072 0.43 

Neighborhood 
housing quality at 
birth 

Above Average 18.2 12.7 - 24.7 Ref.  18.2 12.7 - 25.2 Ref.  

Average 18.9 14.6 - 24.3 0.20 <0.01 18.5 12.7 - 25.1 0.12 0.058 

Below Average 20.9 16.0 - 26.0 0.63 <0.01 20.2 14.2 - 30.9 0.58 <0.01 

Race/ethnicity White Non-
Hispanic 19.2 12.7 - 25.0 Ref.  18.8 12.7 - 25.6 Ref.  

Any Hispanic  18.4 14.4 - 25.4 0.039 0.49 19.8 12.7 - 30.9 0.27 <0.01 

Any Black  20.2 14.9 - 24.5 0.23 0.11 20.5 14.9 - 24.5 0.35 0.020 

Other/Missing 18.8 12.7 - 26.0 -0.12 0.30 18.2 12.7 - 24.9 0.026 0.83 

Gender Male 18.9 12.7 - 26.0 Ref.  19.2 12.7 - 26.3 Ref.  

Female 19.1 12.7 - 25.0 -0.024 0.63 19.3 12.7 - 30.9 0.022 0.68 

Maternal age at 
enrollment (years) 

<20 18.6 15.4 - 24.6 Ref.  20.2 15.3 - 30.9 Ref.  

20-25 18.8 12.8 - 25.4 0.040 0.78 19.4 12.7 - 27.2 -0.25 0.10 

26-30 19.1 13.9 - 25.0 0.073 0.59 19.3 12.7 - 26.9 -0.26 0.071 

>30 18.9 12.7 - 26.0 -0.0004 1.0 19.1 12.7 - 26.3 -0.31 0.038 

Attending daycare 
within 6 months of 
enrollment 

No 19.0 12.7 - 26.0 Ref.  19.3 12.7 - 30.9 Ref.  

Yes 18.8 12.7 - 24.0 -0.056 0.57 18.0 12.7 - 24.5 -0.17 0.12 

Moved between 
enrollment and age 6 

Did Not Move 18.4 12.7 - 25.0 Ref.  19.2 12.7 - 26.2 Ref.  

Moved 19.5 12.7 - 26.0 0.23 <0.01 19.3 12.7 - 30.9 0.039 0.47 
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Table B-7. Associations between participant characteristics and NOx exposures (ppb) in wheezing frequency analyses. 

 Enrollment Age 6 

 Median Range Beta P-value Median Range Beta P-value 

Atopy at age 6 No 10.5 3.11 - 18.9 Ref.  9.71 0.427 - 18.2 Ref.  

Yes 10.4 2.79 - 19.1 0.032 0.56 9.88 1.44 - 19.1 0.013 0.80 

Missing 10.2 3.99 - 17.7 -0.064 0.46 10.3 2.22 - 15.8 0.030 0.71 

Neighborhood 
housing quality at 
birth 

Above Average 8.83 2.79 - 14.1 Ref.  8.69 1.44 - 15.2 Ref.  

Average 10.6 3.46 - 16.3 0.35 <0.01 9.89 0.427 - 15.8 0.19 <0.01 

Below Average 12.0 3.26 - 19.1 0.74 <0.01 11.2 2.07 - 19.1 0.44 <0.01 

Race/ethnicity White Non-
Hispanic 10.2 2.79 - 19.1 Ref.  9.53 0.427 - 16.3 Ref.  

Any Hispanic  10.7 3.46 - 18.2 0.15 0.010 10.7 2.07 - 19.1 0.22 <0.01 

Any Black  11.1 4.55 - 16.9 0.24 0.094 10.8 4.58 - 15.5 0.26 0.054 

Other/Missing 9.98 4.44 - 14.8 -0.017 0.88 9.08 4.42 - 15.2 0.0043 0.97 

Gender Male 10.4 2.79 - 19.1 Ref.  9.54 0.427 - 19.1 Ref.  

Female 10.4 2.79 - 18.6 -0.034 0.51 10.2 2.23 - 18.4 0.034 0.47 

Maternal age at 
enrollment (years) 

<20 10.7 3.82 - 14.8 Ref.  10.5 3.71 - 14.1 Ref.  

20-25 10.5 2.79 - 17.7 0.055 0.71 10.3 2.23 - 18.2 -0.036 0.79 

26-30 10.6 3.23 - 18.9 0.072 0.60 10.2 1.44 - 19.1 -0.041 0.75 

>30 9.79 3.11 - 19.1 -0.082 0.55 9.30 0.427 - 16.3 -0.17 0.19 

Attending daycare 
within 6 months of 
enrollment 

No 10.4 2.79 - 19.1 Ref.  9.81 1.44 - 19.1 Ref.  

Yes 10.4 4.46 - 18.6 -0.046 0.65 9.78 0.427 - 15.6 -0.094 0.31 

Moved between 
enrollment and age 6 

Did Not Move 9.98 2.79 - 17.9 Ref.  10.3 2.23 - 19.1 Ref.  

Moved 10.6 3.26 - 19.1 0.14 <0.01 9.62 0.427 - 18.2 -0.10 0.033 
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Table B-8. Associations between participant characteristics and PM2.5 exposures (µg/m3) in wheezing frequency analyses. 

 Enrollment Age 6 

 Median Range Beta P-value Median Range Beta P-value 

Atopy at age 6 No 14.4 0.642 - 28.9 Ref.  18.5 0.642 - 40.6 Ref.  

Yes 14.9 3.20 - 27.5 0.036 0.53 17.6 4.60 - 40.6 -0.099 0.15 

Missing 13.1 1.96 - 25.5 -0.15 0.10 16.7 2.16 - 28.3 -0.33 <0.01 

Neighborhood 
housing quality at 
birth 

Above Average 13.9 1.96 - 28.8 Ref.  16.7 0.642 - 28.3 Ref.  

Average 14.5 0.642 - 28.9 0.046 0.48 17.5 0.642 - 33.9 0.24 <0.01 

Below Average 15.0 2.27 - 27.6 0.23 <0.01 19.8 6.10 - 40.6 0.58 <0.01 

Race/ethnicity White Non-
Hispanic 14.3 0.642 - 28.8 Ref.  17.3 0.642 - 33.9 Ref.  

Any Hispanic  14.8 3.54 - 28.9 0.15 0.016 19.3 1.36 - 40.6 0.35 <0.01 

Any Black  15.9 3.20 - 27.5 0.20 0.19 19.1 0.642 - 28.2 0.24 0.17 

Other/Missing 12.6 4.54 - 23.6 -0.064 0.60 17.9 10.9 - 25.4 0.19 0.18 

Gender Male 14.5 1.96 - 28.8 Ref.  18.1 0.642 - 33.9 Ref.  

Female 14.3 0.642 - 28.9 -0.047 0.38 17.7 0.642 - 40.6 -0.026 0.68 

Maternal age at 
enrollment (years) 

<20 13.8 4.13 - 25.0 Ref.  20.1 11.9 - 29.0 Ref.  

20-25 15.6 1.96 - 28.9 0.032 0.83 18.2 2.16 - 40.6 -0.44 0.013 

26-30 15.0 2.74 - 28.8 0.065 0.65 18.0 0.642 - 40.6 -0.41 0.017 

>30 13.4 0.642 - 27.6 -0.17 0.25 17.4 0.642 - 29.6 -0.55 <0.01 

Attending daycare 
within 6 months of 
enrollment 

No 14.5 0.642 - 28.9 Ref.  18.0 0.642 - 40.6 Ref.  

Yes 13.1 2.92 - 21.2 -0.28 <0.01 16.1 0.642 - 27.3 -0.34 <0.01 

Moved between 
enrollment and age 6 

Did Not Move 13.9 0.642 - 28.8 Ref.  17.4 0.642 - 32.8 Ref.  

Moved 15.0 2.27 - 28.9 0.20 <0.01 18.3 0.642 - 40.6 0.14 0.027 
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Table B-9. Associations between participant characteristics and PM10 exposures (µg/m3) in wheezing frequency analyses. 

 Enrollment Age 6 

 Median Range Beta P-value Median Range Beta P-value 

Atopy at age 6 No 20.1 0.435 - 38.9 Ref.  26.5 0.277 - 46.4 Ref.  

Yes 20.8 0.445 - 38.4 0.010 0.86 25.0 0.046 - 45.9 -0.069 0.14 

Missing 18.0 0.698 - 42.8 -0.025 0.78 25.6 1.75 - 43.3 -0.040 0.59 

Neighborhood 
housing quality at 
birth 

Above Average 21.0 5.07 - 42.8 Ref.  25.4 0.277 - 45.7 Ref.  

Average 17.3 0.435 - 28.8 -0.43 <0.01 21.9 0.046 - 46.4 -0.12 0.018 

Below Average 21.5 0.475 - 31.8 -0.20 <0.01 28.9 0.046 - 45.9 0.21 <0.01 

Race/ethnicity White Non-
Hispanic 20.9 0.445 - 42.8 Ref.  25.0 0.046 - 46.4 Ref.  

Any Hispanic  17.8 0.435 - 38.3 -0.23 <0.01 27.7 0.475 - 45.9 0.10 0.036 

Any Black  20.3 0.475 - 36.7 -0.0099 0.94 27.8 0.475 - 44.1 0.12 0.32 

Other/Missing 19.8 3.28 - 33.7 -0.063 0.58 24.1 3.24 - 39.9 -0.019 0.84 

Gender Male 20.6 0.435 - 38.9 Ref.  25.7 0.046 - 45.7 Ref.  

Female 20.3 0.475 - 42.8 -0.020 0.69 25.6 0.046 - 46.4 -0.029 0.50 

Maternal age at 
enrollment (years) 

<20 18.5 3.61 - 29.8 Ref.  30.7 8.65 - 37.7 Ref.  

20-25 18.7 0.435 - 38.3 0.044 0.76 24.6 0.475 - 43.6 -0.23 0.057 

26-30 20.6 0.445 - 42.8 0.18 0.20 25.0 0.046 - 46.4 -0.20 0.091 

>30 21.0 0.475 - 38.1 0.24 0.081 26.8 0.785 - 46.0 -0.12 0.33 

Attending daycare 
within 6 months of 
enrollment 

No 20.4 0.445 - 42.8 Ref.  25.9 0.046 - 46.4 Ref.  

Yes 19.0 0.435 - 36.9 -0.090 0.37 21.8 0.475 - 38.6 -0.14 0.11 

Moved between 
enrollment and 
age 6 

Did Not Move 19.8 0.435 - 38.9 Ref.  24.8 0.323 - 45.5 Ref.  

Moved 20.7 0.475 - 42.8 0.014 0.79 26.5 0.046 - 46.4 0.10 0.019 
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Table B-10. Associations between participant characteristics and air pollution index exposures in wheezing frequency analyses. 

 Enrollment Age 6 

 Median Range Beta P-value Median Range Beta P-value 

Atopy at age 6 No 0.0573 -3.41 - 3.39 Ref.  0.221 -4.78 - 3.71 Ref.  

Yes 0.249 -3.34 - 3.52 0.064 0.29 0.189 -4.22 - 3.36 -0.025 0.67 

Missing -0.07 -3.19 - 3.03 -0.13 0.17 0.0889 -3.25 - 2.32 -0.11 0.21 

Neighborhood 
housing quality at 
birth 

Above Average -0.467 -3.41 - 1.83 Ref.  -0.262 -4.22 - 2.61 Ref.  

Average 0.0783 -2.54 - 2.86 0.31 <0.01 0.0889 -4.78 - 2.46 0.22 <0.01 

Below Average 0.823 -2.96 - 3.52 0.82 <0.01 0.896 -3.15 - 3.71 0.67 <0.01 

Race/ethnicity White Non-
Hispanic 0.0481 -3.41 - 3.52 Ref.  0.0204 -4.78 - 3.08 Ref.  

Any Hispanic  0.220 -2.72 - 3.21 0.15 0.023 0.566 -3.36 - 3.71 0.34 <0.01 

Any Black  0.469 -2.41 - 3.34 0.32 0.046 0.655 -3.23 - 2.46 0.36 0.015 

Other/Missing -0.159 -2.94 - 1.95 -0.095 0.46 -0.101 -2.87 - 2.61 0.069 0.57 

Gender Male 0.0839 -3.41 - 3.52 Ref.  0.170 -4.78 - 3.36 Ref.  

Female 0.0927 -3.35 - 3.39 -0.045 0.42 0.222 -3.51 - 3.71 0.020 0.70 

Maternal age at 
enrollment (years) 

<20 0.344 -2.54 - 2.86 Ref.  0.874 -1.91 - 3.71 Ref.  

20-25 0.203 -3.34 - 3.03 0.061 0.70 0.240 -3.35 - 2.41 -0.26 0.083 

26-30 0.221 -3.05 - 3.52 0.099 0.51 0.234 -4.22 - 3.36 -0.26 0.072 

>30 -0.106 -3.41 - 3.39 -0.093 0.54 -0.005 -4.78 - 2.90 -0.39 <0.01 

Attending daycare 
within 6 months of 
enrollment 

No 0.103 -3.41 - 3.52 Ref.  0.225 -4.22 - 3.71 Ref.  

Yes -0.082 -2.75 - 2.46 -0.14 0.21 -0.119 -4.78 - 2.21 -0.23 0.034 

Moved between 
enrollment and age 
6 

Did Not Move -0.117 -3.41 - 3.10 Ref.  0.201 -3.25 - 3.36 Ref.  

Moved 0.350 -2.96 - 3.52 0.26 <0.01 0.208 -4.78 - 3.71 0.0070 0.90 
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Table B-11. Associations between participant characteristics 
and increased wheezing frequency by age. 
Pollutant Age 

(Years) 
Birth 

OR (95%CI) 
Age 6 

OR (95%CI) 
NO2 8 1.14 (0.89 - 1.46) 1.12 (0.89 - 1.42) 

11 1.17 (0.92 - 1.49) 1.15 (0.93 - 1.43) 
13 1.21 (0.86 - 1.47) 1.20 (0.93 - 1.53) 
16 0.93 (0.72 - 1.20) 0.93 (0.72 - 1.18) 
18 1.05 (0.82 - 1.35) 0.92 (0.74 - 1.16) 
22 1.30 (0.99 - 1.70) 0.88 (0.70 - 1.12) 
24 1.30 (0.99 - 1.70) 1.35 (1.05 - 1.73) 
26 1.06 (0.83 - 1.37) 1.08 (0.85 - 1.36) 
29 1.20 (0.87 - 1.66) 0.99 (0.74 - 1.30) 
32 1.10 (0.82 - 1.48) 1.06 (0.80 - 1.39) 

NOx 8 1.17 (0.91 - 1.50) 1.15 (0.80 - 1.51) 
11 1.25 (0.98 - 1.58) 1.04 (0.82 - 1.33) 
13 1.18 (0.90 - 1.54) 1.13 (0.85 - 1.50) 
16 1.02 (0.79 - 1.33) 1.00 (0.76 - 1.32) 
18 1.14 (0.90 - 1.44) 0.95 (0.74 - 1.23) 

22 1.22 (0.94 - 1.58) 0.78 (0.61 – 
1.00) 

24 1.22 (0.94 - 1.58) 1.10 (0.84 - 1.44) 
26 1.04 (0.82 - 1.32) 0.98 (0.76 - 1.26) 
29 1.03 (0.77 - 1.38) 0.97 (0.73 - 1.29) 
32 1.10 (0.83 - 1.45) 1.13 (0.84 - 1.52) 

PM2.5 8 1.16 (0.92 - 1.47) 1.16 (0.94 - 1.43) 
11 1.20 (0.96 - 1.50) 1.15 (0.95 - 1.40) 
13 1.23 (0.95 - 1.58) 1.13 (0.90 - 1.41) 
16 1.05 (0.81 - 1.36) 1.06 (0.84 - 1.34) 
18 0.82 (0.65 - 1.04) 0.97 (0.79 - 1.18) 
22 1.06 (0.84 - 1.58) 0.93 (0.76 - 1.14) 
24 1.06 (0.84 - 1.35) 1.06 (0.85 - 1.31) 
26 0.92 (0.72 - 1.17) 1.07 (0.88 - 1.30) 
29 1.08 (0.82 - 1.41) 1.22 (0.95 - 1.56) 
32 0.85 (0.66 - 1.08) 1.13 (0.90 - 1.41) 

PM10 8 1.04 (0.80 - 1.35) 1.12 (0.84 - 1.50) 
11 1.11 (0.87 - 1.42) 0.82 (0.62 - 1.08) 
13 1.07 (0.80 - 1.42) 0.9 (0.66 - 1.23) 
16 0.89 (0.67 - 1.16) 0.7 (0.52 - 0.95) 
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Table B-11. Associations between participant characteristics 
and increased wheezing frequency by age. 
Pollutant Age 

(Years) 
Birth 

OR (95%CI) 
Age 6 

OR (95%CI) 
18 0.93 (0.73 - 1.19) 0.88 (0.66 - 1.18) 
22 0.99 (0.76 - 1.30) 0.84 (0.62 - 1.12) 
24 0.99 (0.76 - 1.30) 0.99 (0.72 - 1.36) 
26 0.93 (0.72 - 1.21) 0.96 (0.72 - 1.28) 
29 1.09 (0.81 - 1.47) 1.06 (0.75 - 1.49) 
32 0.87 (0.66 - 1.16) 1.25 (0.90 - 1.73) 

Air 
Pollution 

Index 

8 1.18 (0.94 - 1.48) 1.18 (0.93 - 1.50) 
11 1.15 (1.00 - 1.54) 1.15 (0.93 - 1.42) 
13 1.20 (0.93 - 1.53) 1.20 (0.94 - 1.54) 
16 0.99 (0.78 - 1.25) 0.99 (0.77 - 1.26) 
18 1.03 (0.82 - 1.29) 0.93 (0.75 - 1.16) 
22 1.25 (0.99 - 1.58) 0.83 (0.66 - 1.04) 
24 1.25 (0.99 - 1.58) 1.21 (0.96 - 1.53) 
26 1.03 (0.83 - 1.27) 1.06 (0.85 - 1.32) 
29 1.12 (0.86 - 1.46) 1.06 (0.81 - 1.38) 
32 1.04 (0.80 - 1.35) 1.13 (0.87 - 1.47) 

Notes: OR: odds ratio; 95%CI: 95% Confidence Interval. 
Models are adjusted for atopy at age 6, race/ethnicity, and 
neighborhood housing quality at birth, and concurrent 
smoking. Bold type indicates a significant relationship 
between exposure and increased wheezing frequency. 
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