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Abstract 
 

Spatiotemporal exposure modeling and epidemiological analyses 

of the 2008 northern California wildfires 

 

by Colleen Elizabeth Reid 

 

Doctor of Philosophy in Environmental Health Sciences 

 

University of California, Berkeley 

 

Professor Michael L.B. Jerrett, Chair 
 

 Projections under likely climate change scenarios demonstrate that the area burned from 

wildfires and the length of the wildfire season will continue to increase in the western US and in 

many other parts of the world. Wildfires emit many air pollutants of concern for public health. In 

this dissertation, I systematically reviewed the scientific literature on which health effects were 

associated with wildfire smoke exposure, piloted the most sophisticated exposure model to date 

to estimate PM2.5 exposures during the 2008 northern California wildfires, and assessed the 

effect of these exposures on respiratory and cardiovascular hospitalizations. The scientific 

literature documents clear evidence of respiratory health effects from wildfire smoke, most 

specifically for exacerbations of asthma and chronic obstructive pulmonary disease (COPD). 

Only inconsistent evidence exists for cardiovascular effects. Several high-quality studies 

demonstrate significant associations between wildfire smoke exposure and all-cause mortality, 

but not for specific causes of mortality. To study the 2008 northern California wildfires, I created 

a spatiotemporal exposure model that used the latest in machine learning methods to combine 

information from satellites, output from a chemical transport model, and meteorological and 

other spatial and temporal variables to create an optimal exposure model. The best model had an 

out-of-sample cross-validated R
2
 of 0.80. Using this model, I could estimate exposures at any 

location on any day within the study area. To analyze the health effects of the 2008 northern 

California wildfires, I estimated exposure at all ZIP codes within the study region and found 

evidence of increased asthma, COPD, pneumonia, and all-cause respiratory hospitalizations 

associated with PM2.5 during the fire period. Only for asthma hospitalizations was this effect 

significantly different from effects for PM2.5 outside of the fire period. I also found some 

evidence of increased rates of hospitalization for asthma associated with PM2.5 during the 

wildfire period among women compared to men, and among adults compared to children and the 

elderly. I also found higher rates of hospitalizations for COPD and pneumonia in ZIP codes with 

lower levels of owner-occupied housing, but I did not find consistent differences along gradients 

of other measures of socio-economic status by ZIP code. My research piloted the first 

spatiotemporal exposure model to use machine learning methods to improve estimation of PM2.5 

exposures during wildfires using a combination of satellite data, chemical transport model 

output, meteorological parameters, and land use information. The results from my 

epidemiological analysis confirm previous evidence of exacerbation of respiratory health effects 

from exposure to wildfire PM2.5 and highlight evidence of groups that are more vulnerable to this 

exposure. 
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Chapter 1: Introduction 

 

The frequency and severity of wildfires are projected to increase in many parts of the 

world due to alterations of temperature and precipitation patterns related to climate change 

(Confalonieri et al. 2007). The number of wildfires has significantly increased since the 1980’s 

in the Sierra Nevada and coastal ranges of California (Westerling et al. 2006). Moreover, climate 

models show that wildfire risk is likely to increase in Northern California (Westerling and Bryant 

2008) as is the area burned during wildfires in the Western US (Lenihan et al. 2008). Historical 

evidence indicates that some of the highest pollutant emissions from wildfires occur in Pacific 

coast states (Liu 2004). Wildfires can also increase average summer levels of PM2.5 (particulate 

matter with aerodynamic diameter equal to or less than 2.5 microns) (Jaffe et al. 2008a), ozone 

(Jaffe et al. 2008b), and organic and elemental carbon particles (Spracklen et al. 2009; Spracklen 

et al. 2007). Wildfires emit a complex mixture of gases and particles, but particulate matter (PM) 

emitted from fires is most elevated compared to background levels (Naeher et al. 2007). 

Moreover, some evidence suggests that PM from wildfires may be more toxic than 

undifferentiated urban PM (Verma et al. 2009; Wegesser et al. 2009; Karthikeyan et al. 2006).  

Although many studies have investigated the acute health effects of exposure to urban 

PM, fewer studies have investigated the health impacts due to exposure to wildfire PM on the 

general population (Naeher et al. 2007). Increasingly, studies of wildfire smoke exposure 

demonstrate significant respiratory health effects through increased hospitalizations (Chen et al. 

2006; Cooper et al. 1994; Delfino et al. 2009; Hanigan et al. 2008a; Morgan et al. 2010), 

emergency department (ED) visits (CDC 1999; Duclos et al. 1990; Johnston et al. 2002; Rappold 

et al. 2011; Tham et al. 2009; Viswanathan et al. 2006), physician visits (Henderson et al. 2011; 

Lee et al. 2009), dispensations of drugs for chronic obstructive pulmonary disease (COPD) and 

asthma (Caamano-Isorna et al. 2011; Elliott et al. 2013b), increased usage of reliever medication 

among asthmatic patients (Johnston et al. 2006; Vora et al. 2011), and self-report of respiratory 

symptoms (Frankenberg et al. 2005; Johnston et al. 2006; Kolbe and Gilchrist 2009; Kunzli et al. 

2006; Mirabelli et al. 2009; Sutherland et al. 2005). Some studies, however, have found no 

significant increase in respiratory morbidity (Jalaludin et al. 2000; Schranz et al. 2010; Smith et 

al. 1996; Vora et al. 2011). A few studies have found an increased effect of exposure to wildfire 

smoke on mortality (Analitis et al. 2012; Johnston et al. 2011a; Kochi et al. 2012; Sastry 2002) 

whereas others found no such effects (Morgan et al. 2010; Vedal and Dutton 2006). 

Additionally, only a few studies document evidence of increases in adverse cardiovascular health 

effects from wildfires, and these findings all showed only slight impacts on morbidity (Delfino et 

al. 2009; Johnston et al. 2007; Rappold et al. 2011). This lack of significant findings for 

cardiovascular health effects of wildfire smoke exposure is in contrast to the growing evidence of 

mortality and cardiovascular health impacts of exposures to PM from traffic and urban sources 

(Brook et al. 2010).  

Methodological challenges hamper the ability of epidemiological analyses to uncover 

significant health effects. One challenge is having enough statistical power to detect an effect if it 

truly exists. Effect estimates for the causal association between air pollution and mortality in 

general are small. To discern a health effect that is small, a large population is needed. This can 

be done by either increasing the time period over which the study is done or by increasing the 

geographic region being studied. To increase the size of the study over time requires recurrent 

fires and the ability to effectively distinguish wildfire PM from other sources of PM. To increase 

the size of the study over space requires that the fire(s) cover large areas with large population 
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centers. This leads to another difficulty with epidemiological studies of wildfires: exposure 

assessment. Wildfire exposures are difficult to characterize because the smoke plume can move 

within small spatial scales and short timeframes, and fires often occur in rural areas with few 

monitoring stations. Additionally, many monitors of PM2.5 only measure every three or six days, 

thus limiting temporal refinement of exposure estimates. 

Most studies of the health effects of wildfire smoke use basic exposure classification 

methods which assume that all people in a large area were exposed to the same amount of fire 

smoke for a given day either by assigning a large region to one central PM monitor (e.g., Chen et 

al. 2006; Tham et al. 2009; Lee et al. 2009; Kolbe and Gilchrist 2009) or by comparing an 

exposed region to another region that was unexposed without quantification of the level of 

exposure (e.g., CDC 1999; Aditama 2000; Duclos et al. 1990; Mott et al. 2005; Mott et al. 

2002). While this may be appropriate for small areas such as the Hoopa Indian reservation (Lee 

et al. 2009; Mott et al. 2002) or a smaller city such as Darwin, Australia (Johnston et al. 2007; 

Johnston et al. 2002; Johnston et al. 2006), when larger metropolitan areas are studied, this lack 

of spatial specification of exposure will likely lead to exposure misclassification which can bias 

results, most often towards the null, or increase variance on estimates or both (Zeger et al. 2000). 

Some studies have made efforts to assign more specific exposures to individuals through self-

report of the number of days with smoke (Kunzli et al. 2006; Mirabelli et al. 2009). This method, 

however, can suffer from recall bias in which individuals remember more smoke if they suffered 

more respiratory symptoms.  

These challenges with epidemiological studies of wildfires can be improved through the 

use of novel exposure data such as those from satellites and air quality models. Although these 

data sources are increasingly used to assess air pollution throughout the world, they have been 

used only minimally in epidemiological analyses of wildfire smoke exposure to date.  

Satellite data products have been increasingly used to estimate air pollution exposures 

(Martin 2008). Aerosol optical depth (AOD), in particular, has been investigated in many studies 

for its use as a proxy for PM2.5 (Green et al. 2009; Zhang et al. 2009; Paciorek and Liu 2009; Liu 

et al. 2009a; Paciorek et al. 2008; Liu et al. 2007; Engel-Cox et al. 2006; van Donkelaar et al. 

2006; Chang et al. 2014; Chudnovsky et al. 2014). AOD gives a measure of light that is not 

scattered or absorbed by particles as the light passes through the vertical column of atmosphere 

from the earth’s surface to the satellite and, therefore, is not necessarily an accurate 

representation of the amount of PM in the human breathing zone. Methods using meteorology 

(Koelemeijer et al. 2006; Gupta and Christopher 2009; Gupta et al. 2006; Weber et al. 2010), 

lidar (Engel-Cox et al. 2006; Chu et al. 2013), or atmospheric chemistry models (van Donkelaar 

et al. 2006; van Donkelaar et al. 2010), have been developed that can adjust for the vertical 

component in AOD that represents ground-level PM2.5. AOD is also limited by problems with 

lack of data retrievals in areas with clouds (Puttaswamy et al. 2014) or high surface reflectance, 

such as desert areas. Researchers have observed a poor association between AOD and PM2.5 in 

the western US (Paciorek et al. 2008; Engel-Cox et al. 2004); it is hypothesized that this is due to 

the higher coarse fraction of PM in the west (Green et al. 2009). Wildfires, however, mainly emit 

fine PM (PM2.5), which may be why there is a much higher correlation between PM2.5 and AOD 

in California during wildfire episodes than otherwise (Al-Hamdan 2008).  

In wildfire epidemiological analyses, satellite data have been used in various ways: to 

define areas as exposed or unexposed (Henderson et al. 2011; Elliott et al. 2013; Frankenberg et 

al. 2005; Rappold et al. 2011); to verify that days with high pollution levels were due to 

wildfires (Johnston et al. 2011b; Martin et al. 2013), and to assign monitoring data to areas 
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without monitoring data (Wu et al. 2006). Additionally, the only fully published study to assess 

the impact of wildfire smoke exposure on birth outcomes also used visible satellite imagery to 

determine the time of the exposure period for the 2003 southern California wildfires (Holstius et 

al. 2012). Interestingly, although Frankenberg et al. 2005 and Rappold et al. 2011 each use a 

measure of satellite AOD to determine regions that were smoke exposed, they did not use this 

continuous measurement of aerosol loading in the atmosphere as a quantification of smoke 

exposure.  

Air quality models, either dispersion models or chemical transport models (CTMs), can 

be used to model air pollution exposures. In wildfire applications, many examples exist in which 

air quality models have been used to assess the impacts of fires on air quality (e.g., Pfister et al. 

2008; Hu et al. 2008; Choi and Fernando 2007), but these did not investigate the associated 

health effects. A few more recent studies have used output from dispersion models to estimate 

health effects. Henderson et al. (2011) used the CALPUFF dispersion model to estimate ground-

level PM10 exposures. Rappold et al. (2012) used estimates from the National Oceanic and 

Atmospheric Administration Smoke Forecasting System, which uses the Hybrid Single Particle 

Lagrangian Integrated Trajectory Model (HYSPLIT), a dispersion model, to estimate exposures 

to PM2.5 on a 13.5 km grid based on information of wildfire location from satellites, estimates of 

fire smoke emissions from the US Forest Service, and meteorological data from the North 

American Mesoscale model. A study by Thelen et al. (2013) ran the HYSPLIT dispersion model 

twice, once with fire emissions only and once with only non-fire emissions. Another study tested 

whether a wildfire smoke forecasting model, called BlueSky, corresponded to actual exposures 

to PM2.5 during fires and if it could be used to estimate health effects similar to other measures of 

exposure. They found only modestly correlations between BlueSky and ground monitoring data 

(Yao et al. 2013). 

Dispersion models have been used to provide spatially and temporally refined estimates 

of exposure to air pollutants (Jerrett et al. 2005), but, to my knowledge, there have been no 

studies of assessment of health effects from human exposure to wildfire smoke that have 

employed CTMs, which are more complex than dispersion models because in addition to 

modeling the transport processes of pollutants they also incorporate atmospheric chemistry 

processes which allow for the creation of secondary gases and particles (Furtaw 2001). 

CTMs have been used in studies of the impacts of wildfires on air pollution (e.g., Jeong 

et al. 2008; Mei et al. 2011). A few of these studies have estimated the health burden from 

wildfires using concentration-response estimates from previous epidemiological studies applied 

to their exposure estimates based on a combination of CTM and satellite AOD data (Marlier et 

al. 2013; van Donkelaar et al. 2011).  

 A recent study estimated the global burden of mortality attributable to all fires on the 

landscape including wildfires, prescribed fires, and agricultural burning (Johnston et al. 2012). 

To estimate the amount of PM2.5 due to fires, the researchers ran the GEOS-Chem chemical 

transport model both with and without emissions estimates from fires. The authors found that a 

combination of the output from the GEOS-Chem model combined with AOD data from two 

satellites, MODIS (Moderate Resolution Imaging Spectro-radiometer) and MISR (Multiangle 

Imaging Spectro-Radiometer), best approximated ground-based measurements of AOD and 

PM2.5. They estimated mortality for areas both chronically and sporadically exposed to smoke 

from fires. For sporadically exposed regions, they used the average relative risk from three 

previous wildfire studies. For chronically exposed regions, they used a relative risk from urban 

air pollution studies because no estimate of the risk of mortality from chronic exposure to PM 
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from wildfires exists. The interquartile range of the many sensitivity analyses performed showed 

that the likely global mortality burden from wild and prescribed fires is between 260,000-

600,000 annually. 

 While there is a lot of growth in the use of satellite data or air quality models for 

assessing exposure to wildfire smoke, many studies have found that just one of these data 

sources is insufficient, and that a combination of them can provide better estimates of exposure 

(e.g., Johnston et al. 2012; Liu et al. 2009b; van Donkelaar et al. 2011). 

My dissertation improves exposure assessment of PM2.5 from a wildfire by combining 

information from satellite data, a CTM, and other spatiotemporal data to predict PM2.5 exposures 

using machine learning statistical methods. Satellite data and CTMs supply spatially continuous 

information about air pollution; however, currently they have too coarse a spatial resolution or 

are too uncertain for estimating exposures for human health studies that may vary on scales of 

100s of meters or less during a wildfire event. Horizontal scaling of both AOD and CTM output 

to smaller spatial resolution can be done by training a regression model on air pollution 

measurements at monitoring stations and then using that model to predict exposures at unknown 

locations (Briggs et al. 2000). Often called land use regression, this method has been used 

traditionally to create spatial models to predict estimates of long-term average pollution levels 

(Jerrett et al. 2005). Recently, some studies have added temporal air pollution information from 

satellites, to create spatiotemporal rather than purely spatial estimates of air pollution by 

regression methods (e.g., Hu et al. 2013; Kloog et al. 2011; Kloog et al. 2012a; Liu et al. 2009b; 

Mao et al. 2012a).  

One limitation of these regression-based exposure models is that they implicitly assume a 

specific type of statistical model. Choosing one type of model may limit the ability to find the 

best predictive model. Data-adaptive methods allow the data to inform the choice of models 

rather than imposing a specific model a priori; these methods also protect against over-fitting of 

the model to the data. In this context, my exposure model improves exposure assessment of air 

pollution from wildfires by using a data-adaptive method to select among various statistical 

algorithms that combine an optimal set of spatial and temporal variables to best approximate 

population exposures to PM2.5 during wildfires. Using machine learning methods, this exposure 

model can create an optimal model from a subset of covariates, each of which has strengths and 

limitations in predicting PM2.5 during wildfires.  

My research focuses on the 2008 Northern California wildfires, which were ignited by 

over 6000 lightning strikes during a dry lightning storm the weekend of June 20-21, 2008. These 

lightning strikes lit thousands of fires in 26 counties in California (CARB 2009). A combination 

of meteorological conditions and difficulty with fire suppression due to the large number of fires 

and their location in rough terrain contributed to very high air pollution levels throughout the 

state (Reid et al. 2009). Air pollution levels remained elevated throughout the period from June 

20-July 29, 2008 at which point most of the fires were contained (CARB 2009). Because of the 

long duration and large spatial coverage of the smoke plume that covered the large metropolitan 

areas of the San Francisco Bay Area and Sacramento, large populations had relatively long 

exposures, making this an important fire episode for analysis of public health effects.  

In this dissertation, I lay the groundwork for a developing research field in spatiotemporal 

epidemiological analysis of wildfire smoke exposure. Chapter 2 is a comprehensive systematic 

literature review of the health effects from wildfire smoke exposure in the general population. A 

review of this nature has not yet been published and some recent studies have found 

cardiovascular effects that had not been previously found for wildfire smoke exposure. Chapter 3 
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details the exposure assessment I created using machine learning methods to combine 

information from satellite data products, output from a CTM, meteorological data, and other 

spatial and temporal predictors of air pollution exposures. Chapter 4 is an epidemiological 

analysis of the effects of PM2.5 from the 2008 northern California wildfires on respiratory and 

cardiovascular hospital admissions using spatiotemporal exposure measures. Finally, in Chapter 

5, I conclude by highlighting the novel contributions of my research, gaps in understanding, and 

lines of future inquiry.  

Throughout the dissertation, I use the first person singular (I) except for Chapter 2 in 

which I use the first person plural (we). The work in Chapter 2 is from a previously published 

report that I led but that was informed by reviews and collaborations with various scientists who 

are all authors on the publication that has been approved by the UC Berkeley Graduate Division 

for inclusion in this dissertation. 
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Chapter 2: A comprehensive review of the health impacts of exposure to wildfire 

smoke 
 

Introduction 

The occurrence of wildfires is heavily influenced by meteorological parameters such as 

temperature, relative humidity, precipitation, soil moisture (Westerling et al. 2006; Wotton et al. 

2010) and frequency of lightning (Wotton et al. 2010). Climate change will likely affect all of 

these parameters to increase the frequency and magnitude of wildfires (Confalonieri et al. 2007) 

and extend the length of the fire season (Yue et al. 2013). Projections of future climate change 

suggest that wildfire occurrence will increase in forested regions of Canada (Wotton et al. 2010) 

and many regions throughout the world (Moritz et al. 2012). Thus, a need exists to synthesize the 

current understanding of the health impacts of exposure to smoke from wildfires and identify 

knowledge gaps.  

Wildfire smoke contains many air pollutants of concern for public health, such as carbon 

monoxide (CO), nitrogen dioxide (NO2), ozone (O3), particulate matter (PM), polycyclic 

aromatic hydrocarbons (PAHs), other hydrocarbons, volatile organic compounds (VOCs), and 

free radicals (Naeher et al. 2007). Various health effects are hypothesized to be associated with 

exposure to wildfire smoke, sometimes conceptualized as a mixture of air pollutants and 

sometimes focused on specific pollutants such as PM. Here I report on the current state of 

scientific understanding of the relationship between exposure to wildfire smoke and the 

following health impact categories: mortality, respiratory morbidity, cardiovascular morbidity, 

adverse birth outcomes, mental health effects, and ocular effects. Exposure to smoke generated 

by fires is an important public health risk for many communities. These communities can be 

located close to fires or much farther away due to long range smoke transport (Azevedo et al. 

2011; Jalava et al. 2006). The health impacts of wildfire smoke exposure also extend to 

occupational settings where wildland firefighters, agricultural workers, or others required to 

work in wildfire smoke may experience very high exposures. 

Studying the health effects of exposure to wildfire smoke is difficult because of the episodic 

nature of fires in most parts of the world. Except for studies of prescribed fires that are 

intentionally set or agricultural burning which can be continuous during certain seasons, 

epidemiological studies of wildfire smoke exposure have to be retrospective unless the fire 

occurs opportunistically near an ongoing cohort study. Because these studies are retrospective, 

researchers have to rely on regularly collected health outcome data such as mortality or 

hospitalization records, thus making identification of lower severity, but important, health effects 

difficult. Despite the high exposure levels near the fire, some fires are short in duration or occur 

near small populations, thus making it difficult to have enough statistical power to observe 

associations with the severe outcomes that are able to be documented. Recently, many studies 

have found ways to improve their statistical power either by studying very high exposure events 

that last a long time, by studying a population over many years that experiences many fires 

during that time period, by getting access to datasets of less severe health outcomes that may 

occur after shorter or less intense exposures such as medication dispensation information, or a 

combination of these methods.  

Another difficulty in studying health effects from wildfire smoke exposure is that the health 

outcome of interest can occur much after exposure. Most epidemiological studies only 

investigate lags between exposure and outcome of a few days to a week when the health effects 

due to this exposure could occur months to years later.  
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Objective 

The objective of this review was to assess the current scientific understanding of the human 

health effects related to exposure to smoke from wildfires, particularly with respect to physical 

and chemical constituents of smoke, concentration, and duration of exposure.  

 

Methodology 

To conduct this review, we performed an extensive search of PubMed, Web of Science, and 

PsychInfo to identify scientific papers related to exposure to smoke from wildfires and relevant 

health outcomes. In this report, we conceptualized wildfires as including all fires within the 

definition of landscape fires defined in Johnston et al. (2012). Therefore, we searched for all 

articles that had at least the singular or plural of the following terms: forest fire, wildfire, 

wildland fire, peat fire, agricultural fire, prescribed fire, agricultural burning, bushfire, landscape 

fire, or biomass burning. We then restricted this search only to articles that also included one of 

the following health terms: public health, human health, population health, community health, 

epidemiol*, toxicol*, firefighter or fire fighter, respiratory, lung function, asthma, 

cardiovascular, ocular, birth outcomes, birth weight, pre-term birth, psychological, mental health, 

PTSD (post-traumatic stress disorder), physiological, biomarker, cancer, mortality, or chamber 

(to denote human exposure chamber studies) (Figure 2.1). These searches yielded 778 journal 

articles in PubMed, and 1248 journal articles in Web of Science. Many of these papers, however, 

investigated impacts of wildfires on ecological rather than human health endpoints, or assessed 

the impacts of fires on air pollution but did not investigate the health impacts associated with air 

pollution. Based on title, studies were selected from these that potentially focused on human 

health effects related to wildfires. This yielded 248 journal articles from PubMed and 217 from 

Web of Science. After discarding duplicates from these two search engines, 350 articles 

remained. Only 2 journal articles were found from PsychInfo using the above search terms, 

limited to peer-reviewed articles that mentioned “smoke”.  

From these 350 papers, we removed articles only if they assessed exposure and not 

associated health effects, their only health analysis was a risk assessment not involving primary 

or secondary health data, the exposure of interest was smoke exposure from household biomass 

burning for cooking or heating, or the exposure assessment related to wildfires was not clearly 

related to smoke from those fires. We removed papers that were not published fully in English, 

therefore we included only a subset of the growing number of articles that evaluate the impact of 

seasonal exposure to smoke associated with biomass burning in the Brazilian Amazon. During 

the writing of this review, two new papers were published that met the specifications above and 

they were added. Below we review findings from 100 original research articles and a few recent 

review articles on this subject. For some health outcomes, we have cited papers on exposures to 

biomass smoke from household cooking or heating or risk assessments when we could find no 

primary epidemiological studies on that health endpoint or to provide context for that health 

outcome.  

This review is focused on the exposure of wildfire smoke and will use the term wildfire to 

refer to the general concept of landscape fires, however, when a specific study is being 

described, the term used in that study for the type of fire being analyzed may be used. 

 

Results 
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We present the results here for the following health endpoints: mortality, cancer, 

cardiovascular morbidity, respiratory morbidity, birth outcomes, mental health effects, and 

ocular effects. We begin with a review of health effects on populations exposed to smoke from 

wildfires and then follow with a review of evidence from studies of wildland firefighters, human 

exposure studies, and toxicological studies that contributes to the understanding of the effects on 

population health. Finally, we report on the evidence of subpopulations that are more vulnerable 

to exposure to smoke from wildfires.  

This review of the population health effects of wildfire smoke exposure assumed that 

exposure to smoke from all types of landscape fires, including prescribed fires, agricultural fires, 

wildfires, peat fires, grass fires and others were comparable and thus the discussion below did 

not separate by type of fire. We note that the papers on agricultural fires are predominantly from 

Brazil, and these studies analyze exposures that occur every year during the dry season, making 

these exposures more chronic than those in the other studies we reviewed. An overview of the 

findings from this part of the review can be found in Tables 2.1 and 2.2. 

 

Mortality 

One study that investigated the mortality effect of a large and protracted wildfire smoke 

pollution episode found a clear increase in all-cause mortality in Malaysia that was associated 

with measured PM10 and measures of visibility, mostly for those in the 65-74 age group (Sastry 

2002). This significant finding from this one event could be due to the long duration, very high 

smoke levels, and large populations affected by this fire. A previous study of mortality from a 

single wildfire suffered from lack of statistical power to observe associations, even though large 

populations were exposed, but statistical power was limited because the population was only 

exposed for two days (Hanninen 2008; Vedal and Dutton 2006). 

The most recent studies of wildfire smoke and mortality take advantage of long time series of 

data to increase statistical power that was often lacking in earlier studies of short single wildfire 

events (Hanninen 2008). These newer studies provide growing evidence of significant increases 

in mortality attributable to wildfire smoke exposure. Further studies of long time series, greater 

than ten years, of mortality data in regions regularly affected by wildfire smoke could help 

clarify these effects, particularly when trying to determine if specific causes of death are 

associated with wildfire smoke.  

A study of 13.5 years of data in Sydney, Australia found a significant increase in non-

accidental mortality associated with days with high PM levels attributed to bushfire-related 

smoke (Johnston et al. 2011a). An earlier study of mortality in Sydney, using eight years of data, 

found a suggestive but not statistically significant increase in mortality associated with PM10 

(PM less than 10 microns in aerodynamic diameter) related to bushfires (Morgan et al. 2010). A 

study of mortality from wildfires near Athens, Greece, used an indicator variable that denoted the 

cumulative area burned on a given day in the surrounding region to represent fire exposure, 

although it may not represent smoke exposure. With six years of data, the researchers reported 

significant increases in all-cause mortality, respiratory mortality, and cardiovascular mortality 

associated with days with large fires and for respiratory and all-cause mortality with days 

experiencing medium size fires. These effects remained after controlling for black smoke from 

monitoring stations in the city, which were good indicators of mobile source emissions of PM 

rather than fire PM (Analitis et al. 2012). Thus the effects reported in this study imply that the 

size of nearby fires on a given day affects mortality, even after controlling for other urban air 

pollution. This could be due to air pollution from the fires or other factors associated with a fire 
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such as psychosocial stress, or possibly the combination of the two. The size of the effects found 

in this study and their consistency for subsets of mortality data (e.g., respiratory and 

cardiovascular mortality) are much larger than those found in other studies, indicating a need for 

cautious interpretation. The other two multi-year time series studies did not find significant 

associations for mortality effects specifically for respiratory and cardiovascular causes (Johnston 

et al. 2011a; Morgan et al. 2010). 

A recent study of the interactive effects of high temperatures and high air pollution during 

the heat wave and wildfires that occurred in Moscow in the summer of 2010 found that the 

interaction between high temperatures and high PM10 was more than additive and that the smoke 

exposure could be considered responsible for about 29% of the 10,859 excess deaths during the 

44 day heat wave (Shaposhnikov et al. 2014).  

 

Cancer 

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

as a known human carcinogen (Class 1) (Loomis et al. 2013) and biomass smoke from indoor 

fuel use as a probable human carcinogen (Class 2A) (Straif et al. 2006). These classifications 

were made based on hazard assessments from the scientific evidence, focused mainly on chronic 

exposures. No studies have investigated cancer as an endpoint related to exposure to wildfire 

smoke. This could be due to the acute nature of most of these exposures. Further research in 

regions with longer term exposures to wildfire smoke, such as regions with prolonged 

agricultural burning every year or regular exposure to smoke from wildfires, may be able to 

provide more information on whether there is a cancer effect from these exposures.  

Despite the lack of research on cancer and wildfire smoke exposure, a few studies have 

demonstrated genotoxicity in humans living near sugarcane burning compared to control 

populations (Silveira et al. 2013; Sisenando et al. 2012). Another study that investigated DNA-

PAH adducts in wildland firefighters, however, found that these were related more to diet than 

wildfire smoke exposure (Rothman et al. 1993).  

Some researchers have estimated cancer risk from wildfire smoke exposure through risk 

assessment methods. By multiplying concentrations of various polycyclic aromatic hydrocarbons 

(PAHs) by their benzo(a)pyrene (BaP) toxic equivalent factors, Silva et al. (2010) estimated that 

the World Health Organization recommended maximum concentration of 1 ng/m
3
 BaP 

equivalent was exceeded on 30 of 40 days during the harvest season, when most sugar cane 

burning occurs, but this level was only exceeded on 10 of 40 days during the non-harvest season 

in Araraquara, Brazil. Researchers estimated that the cancer risk from PAH exposure among 

wildland firefighting hand crews in the US to be between 1.4 x 10
-6

 individuals to 2.2 x 10
-4

 per 

thousand, depending on the type of hand crew and whether a mean exposure or a reasonable 

maximum exposure level was used for each studied chemical of concern (Booze et al. 2004). 

 

Cardiovascular Effects 

A growing literature demonstrates a clear relationship between exposure to ambient PM on 

the development of cardiovascular morbidity and mortality (Brook et al. 2010). Studies of 

chronic exposure to biomass smoke resulting from household cooking and heating in developing 

countries suggest formative evidence of subclinical effects related to cardiovascular disease, such 

as elevated blood pressure and electrocardiographic changes consistent with mild coronary 

ischemia (Kim et al. 2011; Mortimer et al. 2012). The results from studies of wildfire smoke 

exposure, however, are inconsistent in relation to cardiovascular endpoints. Exposure to smoke 
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from wildfires is different than other PM exposures in that the exposures are of an acute nature, 

except for those studies of agricultural burning in Brazil in which exposures happen every year 

during the burning season. 

Five studies of wildfire smoke exposure did not find associations with cardiovascular disease 

endpoints grouped together (Hanigan et al. 2008b; Henderson et al. 2011; Johnston et al. 2007; 

Martin et al. 2013; Moore et al. 2006; Morgan et al. 2010; Rappold et al. 2011). However, a few 

studies have documented evidence of adverse effects for some specific cardiovascular endpoints 

associated with exposure to wildfire smoke. Two important studies have shown significant 

increases in cardiac arrests or congestive heart failure associated with wildfire smoke exposure: 

one for out-of-hospital cardiac arrests during a bushfire (Dennekamp et al. 2011) and one for 

Emergency Department (ED) visits for congestive heart failure during a peat fire (Rappold et al. 

2011). A third study found an increase in hospitalizations for congestive heart failure associated 

with PM2.5 (particulate matter less than 2.5 microns in aerodynamic diameter) during a wildfire; 

this finding was only statistically significant at the p<0.1 level and with the large number of 

comparisons in this study, this finding should be considered suggestive but not conclusive 

(Delfino et al. 2009). Two other studies, however, found no significant effect of bushfire smoke 

exposure on cardiac hospitalizations (Martin et al. 2013; Morgan et al. 2010). And two studies 

found no associations of wildfire smoke exposure with cardiac dysrhythmias (Delfino et al. 

2009; Martin et al. 2013). 

One study found higher counts of hospitalizations for ischemic heart disease in Sarawak, 

Malaysia during the 1997 Southeast Asian fires that would have been expected based on 

historical data from that region (Mott et al. 2005). A study in Darwin, Australia found a 

significant increased risk of hospitalization for ischemic heart disease only among the Indigenous 

population, whereas the results suggested a protective effect among the whole population 

(Johnston et al. 2007). Two studies in other regions of Australia, and a study in southern 

California, however, reported no clear associations between hospital admissions for ischemic 

heart disease and wildfire smoke exposure (Delfino et al. 2009; Martin et al. 2013; Morgan et al. 

2010).  

PM10 was a significant predictor of clinic visits for coronary artery disease in a Native 

American reservation during a wildfire event (Lee et al. 2009). Arbex et al. (2010) found a 

significant increase in hospitalizations for hypertension with exposure to total suspended 

particles (TSP) over two years within a community seasonally exposed to smoke from sugar cane 

burning; however there was no clear difference in this effect between burning and non-burning 

periods. Henderson et al. (2011) did not find any relationship between physician visits for 

hypertension and PM10 during a wildfire. Two studies demonstrate suggestive evidence of an 

association between wildfire smoke exposure and cerebrovascular disease (Delfino et al. 2009; 

Morgan et al. 2010). More research that investigates specific cardiovascular endpoints rather 

than grouping them together would help decipher whether specific cardiovascular endpoints are 

consistently associated with this exposure. 

 

Respiratory Effects 

Epidemiological studies increasingly demonstrate significant associations between adverse 

acute respiratory health effects and population exposure to smoke from wildfires. Studies find 

significant associations between exposure to wildfire smoke and increases in subclinical 

symptoms (Tan et al. 2000), declines in lung function among non-asthmatic children (Jacobson 

Lda et al. 2012), increased self-reported respiratory symptoms (Frankenberg et al. 2005; Kolbe 
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and Gilchrist 2009; Kunzli et al. 2006; Mirabelli et al. 2009; Mott et al. 2002; Schumpert et al. 

2006; Sutherland et al. 2005), and increases in respiratory physician visits (Henderson et al. 

2011; Lee et al. 2009; Moore et al. 2006; Mott et al. 2002), respiratory ED visits (Rappold et al. 

2011; Tham et al. 2009) and respiratory hospitalizations (Chen et al. 2006; Delfino et al. 2009; 

Henderson et al. 2011; Ignotti et al. 2010; Martin et al. 2013; Morgan et al. 2010; Mott et al. 

2005).  

A few studies have employed methods to discern the effects of PM from fires separate from 

PM from other sources. A recent study ran a dispersion model twice, once with fire emissions 

only and once with only non-fire emissions. The authors found a slight but significant increase in 

respiratory ED visits for increases in PM2.5 from wildfires while controlling for PM2.5 from non-

fire sources (Thelen et al. 2013). A study of exposure to PM2.5 in the Amazon used a factor 

analysis to attribute constituents of PM2.5 to sources and found significant increases in 

respiratory hospitalizations among children and the elderly from exposure to PM from sugar 

cane burning (Cancado et al. 2006).  

In the next few sections, we review the evidence for adverse effects on sub-classifications of 

respiratory disease related to exposure to smoke from wildfires. 

Asthma  

Evidence from multiple epidemiological studies clearly demonstrates that exposure to smoke 

from wildfires contributes to exacerbations of asthma, although no studies document evidence of 

asthma onset from wildfire smoke exposure. A review article of eight papers on wildfire smoke 

published between 2009 and 2011 noted this consistent finding across studies in different 

locations using different exposure assessment methods for self-reported asthma symptoms, 

medication usage related to asthma, physician visits, ED visits, and hospitalizations for asthma 

(Henderson and Johnston 2012). 

Henderson et al. (2011) found increased physician visits for asthma associated with three 

different metrics for assessing exposure to wildfire smoke. Many studies have also documented 

significantly increased ED visits (Duclos et al. 1990; Johnston et al. 2002a; Rappold et al. 2011) 

and hospitalizations (Arbex et al. 2007; Delfino et al. 2009; Martin et al. 2013; Morgan et al. 

2010) for asthma in association with wildfire smoke exposure. Some earlier studies found 

positive, but not statistically significant, increases in asthma ED visits (Smith et al. 1996) and 

asthma hospital admissions (Johnston et al. 2007) associated with smoke from wildfires; these 

studies may have lacked statistical power due to short time periods (Smith et al. 1996) or small 

population size (Johnston et al. 2007).  

Three studies have all demonstrated no significant trend in acute changes in lung function 

related to PM from wildfires among asthmatics (Jacobson Lda et al. 2012; Jalaludin et al. 2000; 

Vora et al. 2011) although one found a significant decline in lung function among non-

asthmatics (Jacobson Lda et al. 2012) and another found a significant decline in lung function in 

children without bronchial hyper-reactivity (Jalaludin et al. 2000). This could be a reflection that 

people with an established diagnosis of asthma are better at self-management such as increased 

use of rescue medication in response to elevated levels of smoke as one study documented (Vora 

et al. 2011). However, another study found no evidence of effect modification by medication 

usage (Jacobson Lda et al. 2012). Medication usage was not analyzed by the third study 

(Jalaludin et al. 2000). 

Other studies also document associations between medications for obstructive lung disease 

and exposure to smoke from wildfires. Both usage of reliever medication and initiation of oral 

steroid use were associated with elevated PM from smoke in a panel study of adults and children 
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(Johnston et al. 2006). People with asthma reported elevated levels of rescue medication usage 

during a wildfire in Southern California (Vora et al. 2011). Dispensations of reliever medications 

were significantly related to metrics of wildfire smoke exposure in British Columbia (Elliott et 

al. 2013a). An association between the number of nearby wildfires and dispensations of 

medications for asthma and COPD was found in northwestern Spain (Caamano-Isorna et al. 

2011). Dispensations of medications are an indirect measure of increased use, as people may fill 

their prescriptions due to need, anticipation of need, or for other reasons. A study near sugarcane 

plantations in Brazil that was limited by data sources for both exposure and outcome nonetheless 

found a significant association between the daily mass of air particle sediment that was collected 

in four water containers in the city and visits to hospitals for inhalation therapy during one 

burning season (Arbex et al. 2000). 

Despite studies finding no significant association with declines in lung function among 

people with asthma related to smoke from fires, children with asthma were more likely to report 

symptoms associated with exposure to smoke from a wildfire than non-asthmatic children 

(Kunzli et al. 2006). Similarly, increases in respiratory symptoms were found among people with 

asthma on days with increased smoke in a panel study in Australia (Johnston et al. 2006). 

Neither of these studies, however, found associations between PM10 levels and reported asthma 

attacks (Johnston et al. 2006; Kunzli et al. 2006). 

Chronic Obstructive Pulmonary Disease (COPD)  

Increasingly, epidemiological evidence documents associations between wildfire smoke 

exposure and exacerbation of COPD symptoms, although no evidence exists of an association 

between wildfire smoke exposure and the onset of COPD. Some findings for COPD are not 

separate from the findings for asthma as the medication dispensations that were found to be 

elevated in relation to wildfire smoke exposure reported above are used for both asthma and 

COPD (Caamano-Isorna et al. 2011; Elliott et al. 2013a). During the 1997 Southeast Asian 

wildfires, hospitalizations for COPD were significantly elevated compared to a reference period 

(Mott et al. 2005). People with COPD had reported significantly increased symptoms on two 

days with very high PM2.5 during a wildfire compared with other days (Sutherland et al. 2005). 

Two studies found significant increases in ED visits for COPD related to wildfire smoke (Duclos 

et al. 1990; Rappold et al. 2011). Many studies have documented elevated rates of 

hospitalizations for COPD related to wildfire smoke exposure. A suggestive effect was found in 

a region where the PM is predominantly from bushfires (Johnston et al. 2007), and a study in 

Sydney, Australia found an association between COPD hospitalizations and PM10 from bushfires 

but not from background PM10 (Morgan et al. 2010). Another Australian study found an 

association with COPD hospitalizations on days with very high PM that could be attributed to 

bushfire smoke (Martin et al. 2013), and a study in northern California found that PM2.5 was 

significantly associated with hospitalizations for exacerbations of COPD during a wildfire 

period, but not during the pre- and post-fire periods (Delfino et al. 2009). 

Respiratory Infections  

The literature provides growing evidence that exposure to smoke from wildfires is associated 

with acute bronchitis and pneumonia but there is inconsistent evidence for upper respiratory 

infections in general. Rappold et al. (2011) found a significantly elevated risk of pneumonia and 

acute bronchitis in counties exposed to smoke from peat fires compared to a reference period and 

this temporal difference was not found in unexposed counties. Duclos et al. (1990) similarly 

found significantly higher hospitalizations for bronchitis and pneumonia, separately, during a fire 

than in a reference period. Moreover, Martin et al. (2013) reported significant associations 
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between bushfire smoke and hospitalizations for pneumonia and acute bronchitis combined in 

Newcastle, a smaller city in Australia, although they did not find this effect in the larger city of 

Sydney.  

Two studies, however, found effects for bushfire smoke exposure similar to findings for 

exposure to background PM. Delfino et al. (2009) found elevated risks separately for hospital 

admissions for bronchitis and pneumonia associated with PM2.5 during fires; these effects, 

however, were not statistically different from those found before the fire. Morgan et al. (2010) 

found a significant increase in hospitalizations for pneumonia and acute bronchitis combined 

among people over 65 years of age with a one day lag with PM10 attributable to bushfires over an 

eight-year period, very similar to the association found with same day exposures for background 

PM10.  

The evidence for impacts of wildfire smoke exposure on respiratory infections in general is 

inconsistent across the few studies that have specifically investigated this outcome. Duclos et al. 

(1990) found a significantly higher rate of ED visits for respiratory infections during major 

wildfires in California compared to rates during two reference periods. Rappold et al. (2011) 

found a non-significant but suggestive increase in ED visits for upper respiratory infections in 

smoke-affected counties during fires compared to a reference period and found null effects for 

that same temporal comparison among counties not affected by smoke, indicating that the 

observed effect was likely due to the fire smoke. Henderson et al. (2011), however, found no 

significant association between wildfire smoke exposure on physician visits for upper respiratory 

infections, and Johnston et al. (2007) found no significant association between PM 

predominantly from wildfires on hospitalizations for respiratory infections.  

 

Birth outcomes 

A growing but still small literature investigates the associations between adverse birth 

outcomes and exposure to ambient air pollution (Woodruff et al. 2010) and to wood smoke from 

household cooking and heating in developing countries (Epstein et al. 2013; Lakshmi et al. 2013; 

Sreeramareddy et al. 2011; Thompson et al. 2011) and to wood smoke from household heating 

in developed countries where exposure levels are much lower than they are in developing 

country contexts (Gehring et al. 2014). Very few studies have investigated such an association 

for exposure to smoke from wildfires, precluding any definitive answers about this association. 

Holstius et al. (2012) found a small but significant decline in birth weight for babies that gestated 

during the 2003 southern California wildfires compared to babies from the same region who 

were born before or more than nine months after the fires. These effects were significant for 

wildfire exposure during the second and third trimester of pregnancy but not the first trimester. 

Because this study did not quantify air pollution exposures for the pregnant women in the study, 

it cannot be determined if the observed effect was due to smoke exposure or the stress of living 

in an area that is experiencing a wildfire or some other unmeasured confounder. Breton et al. 

(2011) analyzed the same fire period and quantified wildfire PM2.5 exposures during that time. 

This study also found a significant decline in birth weight for children born in counties affected 

by wildfire smoke compared to non-affected counties with the strongest effect during the third 

trimester. A limitation is that both of these studies examined the same fire, so the generalizability 

of the results remains limited. 

Because few records of births and deaths are available in Indonesia, Jayachandran (2009) 

estimated the effect of wildfire smoke exposure on early life deaths by estimating the number of 

‘missing’ children from the Indonesian 2000 Census. He found that exposure to wildfire smoke 
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had an effect on fetal, infant, and child survival and the strongest effect, which was statistically 

significant, was from prenatal smoke exposure, defined as the three months prior to birth. 

Jayachandran estimated that there were 15,600 ‘missing’ children in the 2000 Indonesian census, 

roughly 1.2% of the number born in this cohort that could be explained by smoke exposure from 

the 1997 South Asian wildfire.  

 

Psychological 

Although many studies document evidence of psychological impairment related to wildfires 

(e.g., Jones et al. 2002; McNeill et al. 2013; Papanikolaou et al. 2011; Wasiak et al. 2013), few 

of these studies investigate smoke exposure as a cause of these impairments. We found only five 

studies that investigated any cause that could be considered related to smoke exposure and its 

association with mental health impacts. Seeing smoke was not significantly associated with a 

measure of post-traumatic stress disorder (PTSD) among children and adolescents who 

experienced a bushfire in Australia, but this self-reported exposure was significantly associated 

with higher scores for emotional problems, conduct problems, and hyperactivity (McDermott et 

al. 2005). A study of a population seeking emergency relief services after a wildfire found that 

having difficulty breathing because of smoke or ashes was significantly associated with the 

probability of PTSD or major depression three months after the fire (Marshall et al. 2007). 

Researchers in Spain found increased rates of dispensations for anxiolytic medications among 

men, but not women, in fire-affected regions compared to non-fire-affected regions (Caamano-

Isorna et al. 2011); however, the designation of a region as fire-affected was based on the 

number of fires in the region and not directly a metric of smoke exposure. The only study to use 

a direct measure of PM from fires did not find a significant increase in physician visits for 

mental illness associated with daily PM during the 2003 wildfire season in British Columbia, 

Canada (Moore et al. 2006). Similarly, Duclos et al. (1990) found no increase in mental health 

hospitalizations during the 1987 California fires compared to a reference period. 

 

Ocular effects 

Few studies of population exposure to wildfire investigate impacts on the eyes. The review 

demonstrates that eye irritation occurs after exposure to smoke from wildfires, but that this is a 

minor health impact. Shusterman et al. (1993) documented that 13% of ED visits directly related 

to a fire event were corneal abrasions, but fewer than half of these were for non-workers. A study 

of self-reported symptoms among children found elevated odds ratios for itchy, watery eyes and 

for irritated eyes associated with increases in self-reported days of smelling fire smoke (Kunzli et 

al. 2006). There is more evidence of ocular health impacts from studies of smoke exposure 

among wildland fighters (see below). 

 

Occupational exposures to wildfire smoke and worker health 

Wildland firefighters are exposed to much higher concentrations of smoke from wildfires 

than the general population; one study documented wildland firefighters’ exposure to be more 

than an order of magnitude higher than concentrations found in communities impacted by smoke 

from wildfires (Swiston et al. 2008). Wildland firefighters, however, tend to be younger and 

healthier than the average person and therefore, the health effects documented for their much 

higher exposures may not represent those that occur in the general population which includes 

susceptible groups such as children, the elderly, and those with pre-existing illness. When 
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considering smoke from agricultural burning, farm workers are also likely be more highly 

exposed, yet healthier than the general population.  

Pulmonary Function 

Multiple studies have investigated pulmonary function in wildland firefighters using 

spirometry. Most across-shift studies, in which comparisons are made from before to after a 

shift, demonstrate significant declines in lung function (Adetona et al. 2013; Betchley et al. 

1997; Gaughan et al. 2008), although one study found no significant difference (Swiston et al. 

2008). Diurnal patterns in lung function could account for these daily declines. To control for 

this, one study compared results across-shift on burn days to those from non-burn days that 

involved similar levels of exertion and found no significant difference between the two (Adetona 

et al. 2011). Thus, the declines in lung function found in across-shift studies could be due to 

factors other than exposure to smoke from wildfires. Indeed, two studies found no significant 

relationship between across-shift declines in lung function and estimates of smoke exposure from 

wildfires (Gaughan et al. 2008; Slaughter et al. 2004).  

A longitudinal across-shift study, however, found that with each additional day working on a 

prescribed fire, pre-shift lung function declined (Adetona et al. 2011). This finding demonstrates 

that each additional day of exposure may contribute to the observed declines in lung function 

from across-season studies in which lung function at the end of the season is compared to lung 

function at the beginning of the season (Betchley et al. 1997; Gaughan et al. 2008; Liu et al. 

1992; Miranda et al. 2012; Rothman et al. 1991).  

One study found that cumulative hours of firefighting in the most recent week was 

significantly associated with the decline observed in FEV1, but that the strength of that 

association declined when more temporally-distant exposures were included in the analysis 

(Rothman et al. 1991). This suggests that the effects of wildland firefighting on lung function are 

not long lived. Several studies have shown that lung function declines show some improvement 

after a few months (Gaughan et al. 2008; Jacquin et al. 2011), and are back to baseline levels 

within a year (Adetona et al. 2011). Wildland firefighters are typically exposed only during the 

fire season each year. Their many months off before the next season’s exposure may allow for 

recovery from any smoke-induced lung injury.  

Respiratory Symptoms 

Descriptive epidemiological studies of wildland firefighters document respiratory symptoms 

(Gallanter and Bozeman 2002) including cough, shortness of breath, and wheezing (Amster et al. 

2013) that may be related to the most recent exposure and may get better over time similar to 

lung function. Wildland firefighters had significantly increased respiratory symptoms just after a 

fire compared to before the fire and this finding was associated with cumulative time fighting 

fires over a career but not in the past year (Gaughan et al. 2008). Another study found a 

significant increase in nose irritation, cough, phlegm production, and wheezing across-season 

that was significantly associated with firefighting activity in the last week of the fires (Rothman 

et al. 1991), a more proximal measure of exposure. One study found no significant changes in 

respiratory symptoms across season in wildland firefighters, but its post-season questionnaire 

was administered 2.5 months after the last fire exposure (Betchley et al. 1997), which may have 

caused some recall bias. 

Subclinical effects 

Across-season studies have documented an increase in airway responsiveness (Liu et al. 

1992) and evidence of airway inflammation (Gaughan et al. 2008) in wildland firefighters. One 

across-shift study found increased sputum granulocytes and a decline in sputum macrophages as 
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evidence of lung inflammation (Swiston et al. 2008). An across-season study, however, found a 

decline in exhaled NO, which indicates a decline in airway inflammation (Miranda et al. 2012), a 

counterintuitive finding. The authors hypothesized that this could be due to inhibition of the NO 

synthase enzyme by smoke exposure.  

Studies of wildland firefighters have included measurement of exposure biomarkers and 

adverse effects in the context of prescribed burns. One study found no significant change in two 

biomarkers of oxidative stress across-shift in firefighters working on a prescribed fire (Adetona 

et al. 2013). A second study documented evidence of high carboxy-hemoglobin levels consistent 

with decreased ability to transport oxygen to organs in wildland firefighters (Miranda et al. 

2012). In an earlier study, after eight weeks of exposure, wildland firefighters had significant 

increases in adducts of DNA and PAHs in peripheral white blood cells, but this finding was more 

related to their diet than to firefighting exposure (Rothman et al. 1993). Despite evidence of 

significant releases of mercury from wildfires, researchers found no evidence of increased blood 

levels of mercury in wildland firefighters in the western US (Smith et al. 2013). 

Research also demonstrates evidence of systemic inflammation in wildland firefighters. 

Swiston et al. (2008) found significant increases in cytokines [interleukin(IL)-6 and IL-8] and 

counts of total white blood cells, band cells, and polymorphonuclear (PMN) cells post-fire 

compared to pre-fire; the total white blood cells and PMN counts also increased during exercise 

stress tests, suggesting that cross-fire increases in these parameters could be due to stress and 

exertion rather than smoke exposure. Corroborating these findings were significantly increased 

levels of IL-8 across-shift in another study (Hejl et al. 2013), although there were no significant 

changes in other cytokines.  

Psychological Health Effects 

Although many studies investigate the psychological effects of fighting wildfires, most are 

not related to smoke exposure (e.g., Bryant and Harvey 1996). One study of wildland firefighters 

found that exposure to the fires, defined by survey responses that included time spent fighting the 

fires, was significantly correlated with psychological impairment, based on questions on the 

same survey (McFarlane 1987). Other factors, however, such as property loss, more strongly 

predicted psychological impairment, and all of the analyzed factors only explained 9% of the 

variance in psychological impairment (McFarlane 1987). 

Ocular Effects 

Symptoms of eye irritation are documented among wildland firefighters in three studies 

(Amster et al. 2013; Gallanter and Bozeman 2002; Shusterman et al. 1993). Thirteen firefighters 

who fought the 1991 Oakland, CA wildfire visited an emergency room for a corneal abrasion 

(Shusterman et al. 1993). Seventy-seven percent of firefighters and police officers that fought the 

Carmel Forest Fire in Israel complained of eye irritation (Amster et al. 2013), whereas only 4% 

of firefighters in the 1998 Florida fires reported eye irritation (Gallanter and Bozeman 2002). 

 

Human experimental exposure studies 

No human experimental chamber studies have investigated exposure to smoke from 

wildfires, but several have investigated exposure to smoke from burning biomass in wood stoves. 

These studies benefit from their ability to experimentally expose humans to specific 

concentrations and types of wood smoke and to test for biomarkers of effects that may help 

discern biological mechanisms by which wood smoke impacts human health. However, the 

exposures are very short and therefore only the most acute effects can be investigated. Most of 

these studies have focused on respiratory and cardiovascular health effects.  
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The first human experimental studies to examine wood smoke exposures demonstrated 

evidence of inflammatory response and oxidative stress in the respiratory tract and significantly 

elevated biomarkers of inflammation, coagulation factors, and possibly lipid peroxidation after 

exposure to wood smoke as compared to filtered air (Barregard et al. 2006; Barregard et al. 

2008). The next few human experimental studies of PM from wood smoke, however, found no 

evidence of toxicity, inflammatory responses, or oxidative stress (Forchhammer et al. 2012; 

Riddervold et al. 2012; Sehlstedt et al. 2010). The authors of one of these studies hypothesized 

that the difference between their findings was related to the lower toxicity of the particles due to 

the optimal (i.e. more compete) combustion processes they used (Forchhammer et al. 2012). 

Researchers of the first study followed up with another set of studies that examined exposure to 

PM at lower doses. These studies found evidence of airway inflammation (Stockfelt et al. 2012) 

but not systemic inflammation, increased coagulability, or oxidative stress (Stockfelt et al. 2013). 

The evidence of airway inflammation at lower doses than previous studies led the authors to 

hypothesize that the differences in results in the two studies were related to the proportion of 

particles smaller than 1 µm in the samples as these could have been driving the observed 

changes. The studies that found significant airway inflammation used a wood stove, whereas the 

studies that did not find significant evidence of airway inflammation used a pellet burner 

(Stockfelt et al. 2012). The difference in the combustion process for creating the particles could 

account for the differences in health outcomes observed as pellet burners are more efficient than 

wood stoves and therefore have fewer products of complete combustion and also fewer of the 

smallest particles. Another study found significant increases in blood and airway neutrophils, 

markers of systemic and pulmonary inflammation, respectively, after exposing human volunteers 

to PM from wood heated on an electrical element (Ghio et al. 2012). It is hard to determine 

which of the particles used in these exposure chambers is most similar to wildfire smoke as the 

fuels burned and the combustion conditions very widely across fires.  

Some of the human experimental studies found slight but significant increases in reported 

symptoms by study subjects after exposure to wood smoke. These symptoms included eye 

irritation (Sallsten et al. 2006; Stockfelt et al. 2012), nose and throat irritation (Sehlstedt et al. 

2010; Stockfelt et al. 2012), psychological and neurological effects such as headache and 

drowsiness, and responses such as dry eyes, runny eyes, and irritation of airways and skin 

(Riddervold et al. 2011). Self-reported lower respiratory effects such as cough or shortness of 

breath, however, were not found to increase after wood smoke exposure (Riddervold et al. 2011), 

and another study found no significant changes in reported symptoms after wood smoke 

exposure compared to before (Ghio et al. 2012). No studies found changes in lung function after 

wood smoke exposure compared to before exposure (Ghio et al. 2012; Riddervold et al. 2012; 

Sehlstedt et al. 2010), although these exposures are of much shorter duration than occurs in most 

regions impacted by wildfire smoke.  

 

Toxicological studies 

A major pathway through which PM causes respiratory effects is through pulmonary 

oxidative stress and inflammation (Nakayama Wong et al. 2011). Lung oxidative stress and 

inflammation can lead to systemic oxidative stress, one of the pathways through which PM is 

hypothesized to influence cardiovascular health effects (Brook et al. 2010). In vivo and in vitro 

analyses of toxicological effects of PM extracted from wildfires provide evidence of these 

subclinical effects. 
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Four studies have examined PM extracted from wildfires on full animal (in vivo) models. 

Mice exposed to PM through intratracheal instillation from the 2008 northern California 

wildfires demonstrated significantly increased cell death and oxidative stress compared to 

controls not exposed to wildfire-derived PM (Williams et al. 2013). Two other studies compared 

intratracheal instillation in mice to coarse PM (PM between 2.5 and 10 microns in aerodynamic 

diameter) from the 2008 northern California wildfires with those similarly exposed to coarse PM 

from the same region in the previous year when there were no wildfires. Mice exposed to 

wildfire-derived PM had significantly lower counts of lung macrophages and significantly higher 

levels of cytokines related to inflammation and antioxidant depletion compared to mice exposed 

to ambient PM (Wegesser et al. 2009; Wegesser et al. 2010).  

In Brazil, mice instilled intranasally with a sample of total suspended particles (TSP) from a 

region with high levels of sugarcane burning did not exhibit significantly different effects on 

respiratory inflammation compared to mice instilled with PM from São Paolo (Mazzoli-Rocha et 

al. 2008). The differences between the Brazil and California studies could be the size of the 

particles included in the analyses because TSP includes the finer particles whereas the coarse 

fraction does not, or it could be due to the sources of PM in these regions as São Paolo’s PM is 

heavily dominated by motor vehicle emissions and in Central California in the summer, the 

predominant source of coarse PM is from fugitive dust with some influence from agriculture and 

traffic (Chow et al. 1992).  

In vitro studies have also documented increased evidence of inflammation in rat macrophage 

cells exposed to PM2.5 from prescribed fires (Myatt et al. 2011) and in human epithelial cells 

exposed to wildfire-derived PM2.5; these cells had lower expression of inflammatory genes than 

cells exposed to ambient PM (Nakayama Wong et al. 2011). Cell culture (in vitro) studies also 

demonstrated evidence of up-regulation of the oxidative stress pathway in response to wildfire-

derived PM. After exposure to wildfire-derived PM, human lung epithelial cells demonstrated 

declines in antioxidants (Pavagadhi et al. 2013), and mouse peritoneal monocytes, known to 

react similarly to mouse alveolar macrophages, have increased hydrogen peroxide production 

and radical generation (Leonard et al. 2007). In vitro studies have also demonstrated increased 

cell death in mouse macrophages (Franzi et al. 2011), rat macrophages (Myatt et al. 2011), and 

human lung epithelial cells (Pavagadhi et al. 2013) in response to wildfire PM.  

Increasing toxicological evidence supports the hypothesis that wildfire-derived PM induces 

pulmonary oxidative stress and inflammation (Williams et al. 2013). Using the same air samples 

from the Central Valley of California during the 2008 summer wildfires, both in vivo and in vitro 

studies demonstrated greater oxidative stress associated with PM from wildfire smoke than with 

ambient air samples collected from the same region and season in 2009 when there were no fires 

(Nakayama Wong et al. 2011; Wegesser et al. 2009; Wegesser et al. 2010). As noted above, 

ambient PM10 in this region is dominated by dust, agricultural and mobile source emissions. One 

of these studies investigated gene expression in human bronchial epithelial cells and showed that 

wildfire-derived PM induced stronger xenobiotic metabolism and oxidative stress responses than 

ambient PM, but a similar inflammatory response (Nakayama Wong et al. 2011).  

Oxidative stress can also lead to DNA damage and one study found that all size fractions of 

PM extracted from samples collected during a wildfire smoke episode caused DNA damage 

(Leonard et al. 2007). Two studies in regions near sugarcane burning in the Brazilian Amazon 

demonstrated higher numbers of micronucleated cells, a measure of genotoxicity, in buccal cells 

from children exposed to high levels of air pollution than those from children in a control 

community (Sisenando et al. 2012) and in plant cells in the high pollution community compared 
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to the control community (Sisenando et al. 2011). It is unclear, however, if the higher pollution 

in the study communities was solely due to agricultural burning as there are two factories in the 

region. Another study found higher micronucleated cells in buccal cell samples from sugarcane 

workers compared to administrative workers in a nearby hospital (Silveira et al. 2013), but this 

study did not control for socio-economic differences which could affect these cell counts through 

differences in dietary intake. 

A recent, as yet unpublished, study demonstrated reduced cytokine production in peripheral 

blood among outdoor-living 3-year-old Rhesus Macaque monkeys that were born just prior to 

the high PM2.5 and ozone concentrations during the 2008 northern California wildfires. This 

reduction was significantly different from that observed in similar monkeys born a year later and 

thus not exposed to fire smoke. The investigators interpreted these data as indicating that early 

life exposures to wildfire smoke can have immune effects that persist into adolescence (Miller et 

al. 2013). Other toxicological studies have observed evidence of immune suppression after acute 

exposure to wood smoke created through burning of wood for heating a home. Although few 

studies focus on this effect for wood smoke in general and none for smoke derived from a 

wildfire, there is evidence that short-term inhalation of wood smoke can compromise lung 

immune responses that increase the likelihood of lung infections (Zelikoff et al. 2002). These 

studies are consistent with the concept that the pathway by which wood smoke induced immune 

suppression is through the pulmonary macrophage indicating a biological pathway from wildfire 

smoke exposure to respiratory infections.  

 

Vulnerable Groups 

Human health vulnerability is often defined as the combination of sensitivity, exposure, and 

adaptive capacity (Ebi et al. 2006). Some groups are more susceptible to a given exposure due to 

individual characteristics such as age or pre-existing conditions, whereas other groups are 

considered more vulnerable due to socio-economic status which can affect one’s adaptive 

capacity through use of air filters, access to medications to treat an exacerbation of disease, or 

ability to spend less time outdoors. In this review, we group these various categories together 

under vulnerable groups in that we are trying to identify if specific groups will be more adversely 

affected by exposure to wildfire smoke.  

An understanding of which populations are more vulnerable to wildfire smoke exposure is 

important for public health planning for future wildfires. Overall, few studies have investigated 

whether specific populations are more vulnerable to wildfire smoke exposure. Studies that 

compare age groups demonstrate inconsistent findings; some studies find the elderly to be the 

most vulnerable whereas other studies find that younger age groups have higher rates of health 

effects associated with smoke exposure. No conclusions can be drawn about other potentially 

vulnerable groups due to the lack of studies investigating vulnerability to wildfire smoke 

exposure. People with COPD and asthma appear to be more vulnerable based on the previously 

described findings of wildfire exposure significantly exacerbating these health conditions. More 

research, however, needs to be done to determine if any other pre-existing health conditions 

make a person more vulnerable. Similarly, more research should investigate differential impacts 

by age groups, racial and ethnic groups, and socio-economic status. 

The elderly 

In a study of mortality in Malaysia from exposure to PM10 from the 1997 Indonesian 

wildfires, most of the significant effect observed when analyzing all ages was concentrated in the 

age group 65-74; a smaller effect found in those 75 and older was not statistically significant 
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(Sastry 2002). Two studies in the Brazilian Amazon document larger effect estimates for the 

association between respiratory hospitalizations and elevated PM from biomass burning for 

people over 64 years compared to other age groups (Cancado et al. 2006; Ignotti et al. 2010). In 

an Australian study, hospital admissions for all respiratory conditions significantly associated 

with wildfire PM were much higher in people older than 64 years compared to all ages. No clear 

differences in effects, however, were seen by age for cardiovascular endpoints (Morgan et al. 

2010). In a study in southern California, the strongest effect on asthma hospitalizations related to 

PM2.5 during a wildfire was found for people ages 65-99 compared to all younger ages and that 

effect was significantly different from the effects related to PM2.5 prior to the fire (Delfino et al. 

2009). And in Spain, a stratified analysis in a study that compared people in regions highly 

affected by fires to those in regions not exposed to showed that pensioners were more likely to 

fill prescriptions for drugs for obstructive airway diseases than were non-pensioners in regions 

exposed to fires compared to people in regions not exposed to the fire (Caamano-Isorna et al. 

2011). 

Other studies, however, have not observed higher rates of health effects associated with 

wildfire smoke exposure in people of advanced age compared to other age groups. Although 

Henderson et al. (2011) found significant increases in physician visits for respiratory and 

cardiovascular conditions for people over 80 years of age associated with exposure to PM10 

during wildfires, the strongest associations with physician visits for asthma alone and for all 

respiratory conditions were observed in much younger adults. Similarly, larger associations were 

found for people under 65 rather than over 65 for ED visits for asthma, COPD, and pneumonia 

and acute bronchitis in counties affected by smoke from peat fires (Rappold et al. 2011). 

Although Mott et al. (2005) found no significant increased risk of hospital admissions among 

people 65 and over during the fires compared to a reference period, they did find that people over 

65 with previous hospital admissions for any cause were more likely to be readmitted during a 

fire period compared to previous years when there was not a fire; similar results were not found 

in three younger age groups. 

Children 

Studies that have investigated associations between wildfire smoke exposure and respiratory 

symptoms and medication use in people with asthma have not observed differences between 

children and adults (Johnston et al. 2006) or respiratory physician visits (Henderson et al. 2011). 

In contrast, children ages 0-5 demonstrated a larger association between exposure to PM2.5 from 

a wildfire and hospitalization for asthma than for both older children and adults under 65; 

however, the greatest association was found for people 65 and older (Delfino et al. 2009). No 

studies to date have found any evidence of differential effects for exposure to wildfire smoke 

exposure in children compared to adults with any outcome other than asthma. 

People with pre-existing conditions 

As documented above, there is clear evidence that exposure to wildfire smoke is associated 

with exacerbation of asthma and COPD, thereby making people with these conditions 

particularly vulnerable. A history of asthma was found to be a significant predictor of reported 

severity of respiratory symptoms among people surveyed after the 1997 fires in Indonesia (Kunii 

et al. 2002).  

Other studies have attempted to use previous health care utilization as a measure of pre-

existing health conditions. One study found no significant effect modification by number of 

physician visits in the previous year (Henderson et al. 2011). In contrast, being hospitalized for 

any cardiorespiratory outcome among people over 65 in the first half of the year put individuals 
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at significantly increased risk of being hospitalized during the 1997 Southeast Asian fires 

compared with previous years without fires (Mott et al. 2005). It is likely that any pre-existing 

cardiac or respiratory condition makes one more vulnerable to wildfire smoke exposure; 

however, the available evidence is inconclusive at this time.  

Community socio-economic status 

Few studies have investigated how community-level socio-economic status influences the 

response to exposure to wildfire smoke. Henderson et al. (2011) state that they found no clear 

differences in physician visits associated with various exposure metrics of wildfire smoke by 

neighborhood socio-economic status, but the results for this analysis were not reported. Among 

counties affected by smoke from a peat fire in North Carolina, counties with lower 

socioeconomic status had higher rates of ED visits for asthma and congestive heart failure 

compared to counties with higher socioeconomic status (Rappold et al. 2012a). Similar results 

were found when stratifying by amount of food consumption as a proxy for income in districts in 

Indonesia; districts with lower food consumption demonstrated larger negative associations 

between smoke exposure and survival of birth cohorts (Jayachandran 2009).  

Indigenous and Ethnic groups 

Only one population subgroup has been studied in relation to differential health outcomes 

associated with exposure to wildfire smoke, thus limiting understanding of these effects. 

Indigenous people in Australia experienced higher rates of hospitalization for respiratory 

infections (Hanigan et al. 2008b), and ischemic heart disease (Johnston et al. 2007) associated 

with exposure to bushfire smoke than the non-indigenous population, although the effect 

estimates for other health endpoints were similar between the two groups (Hanigan et al. 2008b). 

This effect may be explained by underlying health status, access to medical services or other 

social characteristics among this group of Indigenous people (29). 

 

Research Gaps 

Despite the large number of studies reviewed here, many gaps exist in understanding the 

public health implications of exposure to wildfire smoke. Larger studies that have greater 

statistical power are needed to better characterize impacts on mortality and cardiovascular 

diseases, and to further investigate possible associations with reproductive, psychosocial, and 

other outcomes. Many of the studies that found significant associations with health outcomes are 

more recent and have refined exposure assessment by using new data sets that allow for broader 

spatial and temporal coverage using three-dimensional air quality models and satellite data 

products. Administrative health datasets have become available to researchers, so studies are 

powered to detect associations that previously went undetected. Furthermore, some recent 

studies have investigated longer time periods in regions seasonally affected by wildfire smoke 

and identified on which days fire smoke exposure was high. Future studies that cover large 

populations for multiple fire seasons may be able to provide better evidence of health impacts 

associated with wildfire smoke exposure. There is a need to investigate health effects in 

communities that experience wildfire smoke exposure repeatedly and for longer time periods, 

such as populations in Southeast Asia, Africa, or Latin America. Additionally, some likely health 

outcomes associated with exposure to wildfire smoke have not yet been studied, such as otitis 

media, which have been associated with exposure to other sources of air pollution (MacIntyre et 

al. 2011) or secondhand tobacco smoke (Kong and Coates 2009). Further research is needed to 

determine if similar effects occur with exposure to smoke from wildfires.  
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Another important area of research on wildfire smoke exposure is human experimental 

studies. A study that compared acute/immediate health impacts in humans experimentally 

exposed to wildfire smoke with those exposed to smoke from wood stoves would assist in 

understanding if the results from studies of wood-smoke are generalizable to other sources of 

biomass smoke, such as wildfires.  

Another gap is the lack of information on health effects from pollutants other than PM from 

wildfires such as ozone, PAHs, and metals. Future studies should also assess effect modification 

by sub-populations likely to be more vulnerable to wildfire smoke exposure. Such studies could 

help in planning public health interventions for future wildfires. Other information that would be 

useful for public health interventions include assessment of concentration response functions to 

determine how the size of the hazard presented by forest fire smoke is influenced by factors such 

as the duration, periodicity, and magnitude of exposure.  

We also lack information on whether threshold exposure levels exist for specific outcomes 

and, if so, at what level(s). Only four studies (Arbex et al. 2010; Chen et al. 2006; Johnston et al. 

2002a; Sastry 2002) have attempted to identify at what levels of exposure health effects occur, 

but these studies are hard to compare as they evaluated different health outcomes, different types 

of fires, and populations with different underlying susceptibilities. To inform policy on what 

levels of air pollution should be used to issue public health warnings or interventions, further 

research is needed.  

 

Summary and Conclusions 

Current evidence concerning the health impacts of wildfire smoke exposure clearly 

demonstrates increased adverse respiratory health outcomes at an individual and population 

health level. The evidence is particularly strong for exacerbations of asthma and COPD, 

pneumonia and acute bronchitis, and there is also considerable evidence of adverse effects when 

combining all respiratory outcomes.  

There is increasing evidence of associations with all-cause mortality, especially among the 

more recent, larger studies. Results are inconsistent for respiratory or cardiovascular causes of 

mortality. Studies with greater statistical power, such as longer-term studies in regions 

sporadically affected by wildfires, studies covering larger populations due to exposure 

assessment over larger areas or from densely population regions that are affected by smoke from 

agricultural burning, or wildfire recurrently for longer periods could contribute more information 

concerning cause-specific mortality. 

No epidemiological analyses have studied the effects of exposure to smoke from wildfires on 

cancer, despite plausibility of such effects based on results of studies of other air pollutants. 

Again, research projects in regions of the world where repeated longer-term exposures to 

wildfire smoke occur would provide better data for such analyses, rather than studies in regions 

where only sporadic acute exposures occur. 

The current evidence for cardiovascular disease effects from exposure to wildfire smoke is 

mixed; many studies are inconclusive, but some more recent studies have demonstrated 

significant increases for specific cardiovascular outcomes, such as cardiac arrests, associated 

with exposure to wildfire smoke. 

Wildland firefighters are much more highly exposed but also healthier than the general 

public, therefore direct comparisons of health effects of these two populations should be done 

with caution. Studies of the health effects of wildland firefighters focus predominantly on 

subclinical effects, pulmonary function, and symptoms. In general, the epidemiological literature 
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documents that lung function of wildland firefighters declines across a season, but recovers in 

the off-season. Wildland firefighters experience subclinical inflammation and oxidative stress 

that is similar to what has been found in toxicological studies of wildfire smoke exposure on cell 

cultures and live animals.  

Most of the other endpoints of interest, including birth outcomes, mental health effects and 

ocular effects, have not been sufficiently studied to enable definitive conclusions to be drawn 

about their association with exposure to wildfire smoke. Additionally, there has not been enough 

research on which populations are most vulnerable to wildfire smoke exposure. Further research 

to determine if exposure to smoke from wood stoves is equivalent to exposure to exposure to 

smoke from wildfires could help determine whether results from studies of these exposures can 

inform public health guidelines for the wildfire exposure.  
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Figure 2.1 Flow Chart of Review of Papers 
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Table 2.1 Direction of effect for currently published studies of wildfire smoke exposure  

Health End Point   

  

Direction of 

Effect 

Primary Sources 

Mortality   

 All# ↑↑ 

 

↑ 

 

↔ 

Shaposhnikov et al. 2014, Analitis et al. 

2012 

Sastry 2002, Johnston et al. 2011a, 

Morgan et al. 2010 

Vedal and Dutton 2006  

 Respiratory ↑↑ 

↔ 

Analitis et al. 2012 

Morgan et al. 2010, Johnston et al. 2011a 

 Cardiovascular ↑↑ 

↑ 

↔ 

Analitis et al. 2012 

Johnston et al. 2011a 

Morgan et al. 2010, 

Cardiovascular, all   

 Physician visits ↔ Henderson et al. 2011, Moore et al. 2006 

 ED visits ↔ Rappold et al. 2011 

 Hospital admissions ↔ Morgan et al. 2010, Henderson et al. 

2011, Hanigan et al. 2008, Martin et al. 

2013, 

Johnston et al. 2007  

Ischemic heart disease ↑↑ 

↑ 

↔ 

↓ 

Johnston et al. 2007† 

Mott et al. 2005*, Martin et al. 2013 

Morgan et al. 2010, Delfino et al. 2009*,  

Johnston et al. 2007† 

Congestive heart failure/cardiac arrests ↑↑ 

↑ 

↔ 

Rappold et al. 2011, Dennekamp et al. 

2011 

Delfino et al. 2009*  

Morgan et al. 2010, Martin et al. 2013 

Coronary artery disease ↑↑ Lee et al. 2009 

Hypertension ↑↑ 

↔ 

Arbex et al. 2010 

Henderson et al. 2011 

Cardiac dysrhythmias/Arrhythmias ↔ Delfino et al. 2009, Martin et al. 2013 

Cerebrovascular disease/stroke ↑ Delfino et al. 2009, Morgan et al. 2010, 

Respiratory, all      

 Lung function, non-asthmatics 

Lung function in those without 

bronchial hyperreactivity 

↓↓ 

 

↓↓ 

Jacobson et al. 2012 

 

Jalaludin et al. 2000 

 Symptoms ↑↑ Kunzli et al. 2003, Mirabelli et al. 2009, 

Schumpert et al. 2006, Sutherland et al. 

2005, Frankenberg et al. 2005, Kolbe and 

Gilchrist 2009, Mott et al. 2002 

 Physician visits ↑↑ Mott et al. 2002, Lee et al. 1999, 

Henderson et al. 2011, Moore et al. 2006 

 ED visits ↑↑ Rappold et al. 2011, Tham et al. 2009, 

Thelen et al. 2013 
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 Hospital admissions ↑↑ 

 

 

↑ 

Delfino et al. 2009, Ignotti et al. 2009, 

Mott et al. 2005, Chen et al. 2006, 

Martin et al. 2013, Morgan et al. 2010 

Johnston et al. 2007, Tham et al. 2009 

Asthma   

Lung function, asthmatics ↔ Jacobson et al. 2012, Vora et al. 2011, 

Jalaludin et al. 2000 

 Symptoms ↑↑ Kunzli et al. 2003 

Johnston et al. 2006 

 Medication usage ↑↑ 

 

↑ 

Vora et al. 2011, Johnston et al. 2006, 

Elliott et al. 2013, Caamano-Isorna et al. 

2011 

Arbex et al. 2000 

 Physician visits ↑↑ Henderson et al. 2011 

 ED visits ↑↑ Johnston et al. 2002, Duclos et al. 1990, 

Smith et al. 1996*, Rappold et al. 2011 

 Hospital admissions ↑↑ 

 

↑ 

Delfino et al. 2009, Mott et al. 2005+, 

Martin et al. 2013, Morgan et al. 2010, 

Arbex et al. 2007 

Johnston et al. 2007* 

COPD   

 Symptoms ↑↑ Sutherland et al. 2005 

 Medication usage ↑↑ Elliott et al. 2013, Caamano-Isorna et al. 

2011 

 ED visits ↑↑ Rappold et al. 2011, Duclos et al. 1990 

 Hospital admissions ↑↑ Mott et al. 2005+, Johnston et al. 2007*, 

Martin et al. 2013, Morgan et al. 2010, 

Delfino et al. 2009 

Respiratory Infections, general   

 Physician visits ↔ Henderson et al. 2011 

 ED visits ↑↑ 

↑ 

Duclos et al. 1990 

Rappold et al. 2011* 

 Hospital admissions ↔ Johnston et al. 2007 

Pneumonia and bronchitis   

 ED visits ↑↑ Rappold et al. 2011 

 Hospital admissions ↑↑ 

↑ 

Delfino et al. 2009, Morgan et al. 2010 

Martin et al. 2013 

Birth outcomes   

 Birth weight ↓↓ Holstius et al. 2012, Breton et al. 2011 

 Deaths ↑ Jayachandran et al. 2009 

Pscyhological   

 PTSD ↔ 

↑ 

McDermott et al. 2005 

Marshall et al. 2007 

 Medication for anxiety ↑ Caamano-Isorna et al. 2011 

Physician visits ↔ Moore et al. 2006 
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Ocular Effects   

 Corneal Abrasions ↑ Shusterman et al. 1993 

 Symptoms ↑↑ Kunzli et al. 2006 
*borderline significant effects consistent for direction of effect with other studies in the row, 

+estimate for asthma and COPD combined 

† only significant among Indigenous population 

# Some of the studies looked at all causes of death, some excluded accidental deaths (Johnston et al. 2011a – non-

accidental deaths; Analitis et al. 2012 – natural deaths; Sastry et al. – non-traumatic deaths) 

↔ inconclusive effects found 

↑ suggestive effect that is not statistically significant 

↑↑ significant increase in effect associated with wildfire smoke exposure 

↓↓ significant decrease in effect associated with wildfire smoke exposure 
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Table 2.2 Effect estimates for original research studies ordered by health outcome and type of effect estimate.  
Article Fire Event/ 

Location 

Exposure 

Metric 

Exposure 

Levels 

Outcome Lag Type of 

Effect 

Estimate 

Effect Estimate Identification 

of threshold 

levels? 

Comment 

Mortality, all-cause 

Sastry 2002  smoke 

from the 

1997 fires 

of 

Indonesia 

in 

Malaysia, 

April-

November 

1997 

PM10 Mean daily 

PM10 = 64.2 

±43.0 µg/m
3
. 

Range from 

16.2 to 423.9 

µg/m
3
 

 

mortality, 

all-cause 

one 

day lag 

RR per 10 

µg/m
3
 

PM10 

1.19 (0.98 , 1.41) Significant 

effects among 

65-74 year 

olds found 

when 

stratifying 

days as 

exposed/not 

exposed with 

PM10 > 203 

µg/m
3
 

  

Morgan et 

al. 2010  

Sydney 

1994-2002 

PM10 Bushfire days 

range of PM10 

= 43-117 

µg/m
3
 

mortality, 

all-cause 

one 

day lag 

RR per 10 

µg/m
3
 

PM10 

1.01 (1.00 , 1.02)  derived from 

reported percent 

increase; only best 

lag is reported here 

Johnston et 

al. 2011a  

Sydney 

1997-2004 

Categori

zed days 

(high 

smoke 

days 

compare

d to non-

smoke 

days) 

Smoke days 

PM10 ranged 

from 47.3 – 

114.8 µg/m
3
 

mortality, 

all-cause 

one 

day lag 

OR 

comparing 

high smoke 

days to 

non-smoke 

days 

1.05 (1.00 , 1.10)    

Shaposhnik

ov et al. 

2014 

Moscow 

heat wave 

and 

wildfires, 

summer 

2010 

PM10 Not reported Mortality, 

non-

accidental 

Lags 

0-6 

cumula

tive  

RR per 10 

µg/m
3
 

PM10 at 

different 

levels of 

temperatur

e 

1.004 (1.001 – 

1.008) at T 

<18°C 

1.008 (1.004 – 

1.011) at 

T=22°C 

1.014 (1.010 – 

1.019) at 

T=>30°C 

 Derived from 

reported percent 

increase 
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Analitis et 

al. 2011  

Athens 

1998-2004 

Categori

zed days 

(results 

presented 

for large 

fire days 

(fires 

greater 

than 

30,000,0

00 m
3
) 

compare

d to no 

fire days) 

No smoke 

levels 

reported 

mortality, 

all-cause 

same 

day 

RR 

comparing 

large fire 

days (fires 

greater than 

30,000,000 

m
3
) to no 

fire days 

1.50 (1.37 , 1.63)  derived from 

reported percent 

increase 

Vedal and 

Dutton 

2006  

2002 June 

Denver - 

two days, 

June 9 and 

June 18 

regional 

comparis

on 

not reported mortality, 

all-cause 

NA  results not shown  reported no 

mortality effect, 

but had low 

statistical power 

Mortality, respiratory 

Analitis et 

al. 2011 

Athens, no 

specific 

event, 

years 1998-

2004 

Categori

zed days 

(results 

presented 

for large 

fire days 

(fires 

greater 

than 

30,000,0

00 m
3
) 

compare

d to no 

fire days) 

No smoke 

levels 

reported 

mortality, 

respiratory 

same 

day 

RR 

comparing 

large fire 

days (fires 

greater than 

30,000,000 

m
3
) to no 

fire days 

1.92 (1.48 , 2.50)  derived from 

reported percent 

increase 

Johnston et 

al. 2011a  

Sydney 

1997-2004 

Categori

zed days 

(high 

smoke 

days 

compare

Smoke days 

PM10 ranged 

from 47.3 – 

114.8 µg/m
3
 

mortality, 

respiratory 

one 

day lag 

OR 

comparing 

high smoke 

days to 

non-smoke 

days 

1.09 (0.88 , 1.36)    
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d to non-

smoke 

days) 

Morgan et 

al. 2010 

daily 

exposure in 

Sydney 

1994-2002 

PM10 Bushfire days 

range of PM10 

= 43-117 

µg/m
3
 

mortality, 

respiratory 

same 

day 

RR per 10 

µg/m
3
 

PM10 

1.00 (0.97 , 1.04)  derived from 

reported percent 

increase; only best 

lag is reported here 

Mortality, cardiovascular 

Analitis et 

al. 2011 

Athens, no 

specific 

event, 

years 1998-

2004 

Categori

zed days 

(results 

presented 

for large 

fire days 

(fires 

greater 

than 

30,000,0

00 m
3
) 

compare

d to no 

fire days) 

No smoke 

levels 

reported 

mortality, 

cardiovasc

ular 

same 

day 

RR 

comparing 

large fire 

days (fires 

greater than 

30,000,000 

m
3
) to no 

fire days 

1.61 (1.43 , 1.80)  derived from 

reported percent 

increase 

Johnston et 

al. 2011a 

Sydney 

1997-2004 

Categori

zed days 

(high 

smoke 

days 

compare

d to non-

smoke 

days) 

Smoke days 

PM10 ranged 

from 47.3 – 

114.8 µg/m
3
 

mortality, 

cardiovasc

ular 

one 

day lag 

OR 

comparing 

high smoke 

days to 

non-smoke 

days 

1.07 (0.98 , 1.18)    

Morgan et 

al. 2010 

daily 

exposure in 

Sydney 

1994-2002 

PM10 Bushfire days 

range of PM10 

= 43-117 

µg/m
3
 

mortality, 

cardiovasc

ular 

same 

day 

RR per 10 

µg/m
3
 

PM10 

1.01 (0.99 , 1.02)  derived from 

reported percent 

increase; only best 

lag is reported here 

Cardiovascular morbidity, all 
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Henderson 

et al. 2011 

July-

September 

2003 in 

British 

Columbia, 

fire season 

PM10 PM10 mean 

levels 29.4 ± 

30.7 µg/m
3
 

physician 

visits, 

cardiovasc

ular 

same 

day 

OR per 10 

µg/m
3
 

PM10 

1.00 (0.99 , 1.01)  *only presenting 

here results 

associated with 

monitored values 

of PM. Similar 

results were found 

using modeled and 

remotely sensed 

estimates of smoke 

exposure. 

Moore et 

al. 2006 

British 

Columbia 

2003 fires 

temporal 

comparis

on 

No effects 

reported 

physician 

visits, 

cardiovasc

ular 

  data not shown    

Rappold et 

al. 2011 

2008 peat 

bog fire in 

North 

Carolina, 

June 1-

July14, 

2008, but 

10-12 June 

were 

considered 

the high 

exposure 

period 

regional 

comparis

on 

Mean levels 

for high 

exposure 

days and 

counties not 

reported 

emergency 

department 

visits, 

cardiovasc

ular 

lag0-5 

cumula

tive 

RR 

comparing 

fire period 

to reference 

period 

1.13 (0.95 , 1.35)  results presented 

here are for smoke-

affected counties 

only; see paper for 

comparison to non-

smoke affected 

counties 

Morgan et 

al. 2010 

daily 

exposure in 

Sydney 

1994-2002 

PM10 Bushfire days 

range of PM10 

= 43-117 

µg/m
3
 

hospitalizat

ions, 

cardiovasc

ular 

lag 2 RR per 10 

µg/m
3
 

PM10 

1.01 (0.99 , 1.01)  derived from 

reported percent 

increase; only best 

lag is reported here 

Hanigan et 

al. 2008 

fire 

seasons, 

1996-2005 

Darwin, 

Australia 

PM10 PM10 mean 

levels during 

fire period 

21.2 ± 8.2 

µg/m
3
 

hospitalizat

ions, 

cardiovasc

ular 

same 

day 

RR per 10 

µg/m
3
 

PM10 

0.97 (0.91 , 1.02)    

Henderson 

et al. 2011 

July-

September 

2003 in 

British 

PM10 PM10 mean 

levels 29.4 ± 

30.7 µg/m
3
 

hospitalizat

ions, 

cardiovasc

ular 

same 

day 

OR per 10 

µg/m
3
 

PM10 

1.00 (0.96 , 1.05)  *only presenting 

here results 

associated with 

monitored values 
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Columbia, 

fire season 

of PM. Similar 

results were found 

using modeled and 

remotely sensed 

estimates of smoke 

exposure. 

Johnston et 

al. 2007 

Darwin, 

Australia 

three fire 

seasons, 

2000, 2004, 

and 2005 

PM10 Mean PM10 = 

17.4 µg/m
3
,
 

range (1.1 to 

70)  

hospitalizat

ions, 

cardiovasc

ular 

 OR per 10 

µg/m
3
 

PM10 

data not shown    

Martin et 

al. 2013 

top 99% of 

days from 

1994-2007 

in Sydney, 

Newcastle 

and 

Wollongon

g 

Categori

zed days 

(high 

smoke 

days 

compare

d to non-

smoke 

days) 

High smoke 

days Sydney 

PM10 = 67.3 

µg/m
3
, range 

= (47.3 to 

114.8) 

hospitalizat

ions, 

cardiovasc

ular 

 OR for 

high smoke 

days 

compared 

to non-

smoke days 

data not shown    

Congestive Heart Failure or Cardiac Arrest 

Rappold et 

al. 2011 

2008 peat 

bog fire in 

North 

Carolina, 

June 1-

July14, 

2008, but 

10-12 June 

were 

considered 

the high 

exposure 

period 

regional 

comparis

on 

Mean levels 

for high 

exposure 

days and 

counties not 

reported 

emergency 

department 

visits, 

congestive 

heart 

failure 

lag0-5 

cumula

tive 

RR 

comparing 

fire period 

to reference 

period 

1.37 (1.01 , 1.85)  results presented 

here are for smoke-

affected counties 

only; see paper for 

comparison to non-

smoke affected 

counties 

Dennekam

p et al. 

2011 

2006-2007 

bushfire 

season 

Victoria, 

Australia 

PM2.5 

(also 

analyzed 

at PM10) 

IQR of PM2.5 

= 6.0 µg/m
3
 

out of 

hospital 

cardiac 

arrest 

unclear OR per 10 

µg/m
3
PM2.5  

1.03 (1.00 , 1.06)  derived from 

reported percent 

increase in IQR 

PM2.5 
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Morgan et 

al. 2010 

daily 

exposure in 

Sydney 

1994-2002 

PM10 Bushfire days 

range of PM10 

= 43-117 

µg/m
3
 

hospitalizat

ions, 

congestive 

heart 

failure 

lag 2 RR per 10 

µg/m
3
 

PM10 

1.00 (0.99 , 1.01)  derived from 

reported percent 

increase; only best 

lag is reported here 

Delfino et 

al. 2009  

Southern 

California 

2003 

PM2.5 During fires 

modeled 

mean PM2.5 

ranged from 

42.1 to 76.1 

µg/m
3
 

hospitalizat

ions, 

congestive 

heart 

failure 

2-day 

movin

g 

averag

e 

RR per 10 

µg/m
3
 

PM2.5 

1.02 (0.99 , 1.04)  This estimate is for 

the fire period; 

paper includes 

estimates for pre-

fire and post-fire 

periods also 

Martin et 

al. 2013 

top 99% of 

days from 

1994-2007 

in Sydney, 

Newcastle 

and 

Wollongon

g 

Categori

zed days 

(high 

smoke 

days 

compare

d to non-

smoke 

days) 

High smoke 

days Sydney 

PM10 = 67.3 

µg/m
3
, range 

= (47.3 to 

114.8) 

hospitalizat

ions, 

congestive 

heart 

failure 

lag 3 OR for 

high smoke 

days 

compared 

to non-

smoke days 

1.05 (0.96 , 1.14)  here only reporting 

the best lag result 

for Sydney, not 

other cities 

Ischemic Heart Disease 

Morgan et 

al. 2010 

daily 

exposure in 

Sydney 

1994-2002 

PM10 Bushfire days 

range of PM10 

= 43-117 

µg/m
3
 

hospitalizat

ions, 

ischemic 

heart 

disease 

same 

day 

RR per 10 

µg/m
3
 

PM10 

1.00 (0.99 , 1.02)  derived from 

reported percent 

increase; only best 

lag is reported here 

Delfino et 

al. 2009  

Southern 

California 

2003 

PM2.5 During fires 

modeled 

mean PM2.5 

ranged from 

42.1 to 76.1 

µg/m
3
 

hospitalizat

ions, 

ischemic 

heart 

disease 

2-day 

movin

g 

averag

e 

RR per 10 

µg/m
3
 

PM2.5 

1.01 (0.99 , 1.02)  This estimate is for 

the fire period; 

paper includes 

estimates for pre-

fire and post-fire 

periods also 

Johnston et 

al. 2007 

Darwin, 

Australia 

three fire 

seasons, 

2000, 2004, 

and 2005 

PM10 Mean PM10 = 

17.4 µg/m
3, 

range (1.1 to 

70)  

hospitalizat

ions, 

ischemic 

heart 

disease 

same 

day 

OR per 10 

µg/m
3
 

PM10 

0.82 (0.68 , 0.98)  for whole 

population  
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Johnston et 

al. 2007 

Darwin, 

Australia 

three fire 

seasons, 

2000, 2004, 

and 2005 

PM10 Mean PM10 = 

17.4 µg/m
3, 

range (1.1 to 

70)  

hospitalizat

ions, 

ischemic 

heart 

disease 

same 

day 

OR per 10 

µg/m
3
 

PM10 

1.71 (1.14,2.55)  for Indigenous 

population 

Martin et 

al. 2013 

top 99% of 

days from 

1994-2007 

in Sydney, 

Newcastle 

and 

Wollongon

g 

Categori

zed days 

(high 

smoke 

days 

compare

d to non-

smoke 

days) 

High smoke 

days Sydney 

PM10 = 67.3 

µg/m
3
, range 

= (47.3 to 

114.8) 

hospitalizat

ions, 

ischemic 

heart 

disease 

lag 2 OR for 

high smoke 

days 

compared 

to non-

smoke days 

1.03 (0.98 , 1.08)  here only reporting 

the best lag result 

for Sydney, not 

other cities 

Mott et al. 

2005 

1997 

Southeast 

Asian Fires 

temporal 

comparis

on 

Not reported hospitalizat

ions, 

ischemic 

heart 

disease 

NA observed 

compared 

to CI of 

expected 

109 observed 

when 51.5-91.5 

expected  

 results for ages 19-

39 only significant 

age group 

Coronary Artery Disease 

Lee et al. 

2009 

Hoopa 

Valley 

Indian 

Reservatio

n Fire of 

1999 

PM10 Weekly 

average PM10 

levels ranged 

from 12.8 to 

363.8 µg/m
3
 

physician 

visits, 

coronary 

artery 

disease 

 OR per 10 

µg/m
3
 

PM10 

1.48 (1.11 , 1.97)  this RR is for a unit 

change in the log 

of PM10 

Hypertension 

Henderson 

et al. 2011 

July-

September 

2003 in 

British 

Columbia, 

fire season 

PM10 PM10 mean 

levels 29.4 ± 

30.7 µg/m
3
 

physician 

visits, 

hypertensio

n 

same 

day 

OR per 

10µg/m
3
 

PM10 

1.00 (0.98 , 1.01)  Calculated from 

effect found for 30 

unit change in 

PM10; *only 

presenting here 

results associated 

with monitored 

values of PM. 

Similar results 

were found using 

modeled and 
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remotely sensed 

estimates of smoke 

exposure. 

Arbex et al. 

2010 

Araraquara, 

Brazil 23 

March 

2003 to 27 

July 2004 

TSP Burning 

period TSP 

mean 56.866 

± 25.07 

µg/m
3
 

hospitalizat

ions, 

hypertensio

n 

3-day 

movin

g 

averag

e 

RR per 10 

µg/m
3
 TSP 

1.13 (1.06 , 1.20) Found a 

threshold 

value of 69 

µg/m
3 
TSP 

from analysis 

by quintiles 

burning season 

estimate was 30% 

higher than non-

burning season; 

calculated from 

percent increase 

Cardiac Dysrhythmias 

Delfino et 

al. 2009  

Southern 

California 

2003 

PM2.5 During fires 

modeled 

mean PM2.5 

ranged from 

42.1 to 76.1 

µg/m
3
 

hospitalizat

ions, 

dysrhythmi

as 

2-day 

movin

g 

averag

e 

RR per 10 

µg/m
3
 

PM2.5 

0.99 (0.96 , 1.02)  This estimate is for 

the fire period; 

paper includes 

estimates for pre-

fire and post-fire 

periods also 

Martin et 

al. 2013 

top 99% of 

days from 

1994-2007 

in Sydney, 

Newcastle 

and 

Wollongon

g 

Categori

zed days 

(high 

smoke 

days 

compare

d to non-

smoke 

days) 

High smoke 

days Sydney 

PM10 = 67.3 

µg/m
3
, range 

= (47.3 to 

114.8) 

hospitalizat

ions, 

arrhythmia 

lag 2 OR for 

high smoke 

days 

compared 

to non-

smoke days 

0.96 (0.88 , 1.04)  here only reporting 

the best lag result 

for Sydney, not 

other cities 

Cerebrovascular Disease and Stroke 

Delfino et 

al. 2009  

Southern 

California 

2003 

PM2.5 During fires 

modeled 

mean PM2.5 

ranged from 

42.1 to 76.1 

µg/m
3
 

hospitalizat

ions, 

cerebrovas

cular 

disease and 

stroke 

2-day 

movin

g 

averag

e 

RR per 10 

µg/m
3
 

PM2.5 

1.02 (1.00 , 1.04)  This estimate is for 

the fire period; 

paper includes 

estimates for pre-

fire and post-fire 

periods also 

Morgan et 

al. 2010 

daily 

exposure in 

Sydney 

1994-2002 

PM10 Bushfire days 

range of PM10 

= 43-117 

µg/m
3
 

hospitalizat

ions, stroke 

lag 2  RR per 10 

µg/m
3
 

PM10 

1.01 (0.99 , 1.03)  just stroke, 

converted from 

percentage increase 

Respiratory Morbidity, All 



Colleen E. Reid 

36 
 

Jacobson et 

al. 2012 

August to 

September 

2006, Alta 

Floresta 

Brazil 

PM2.5 PM2.5 mean 

levels = 24.34 

± 19.25 

µg/m
3
 

lung 

function 

same 

day 

change in 

peak 

expiratory 

flow for 

non-

asthmatics 

associated 

with PM2.5 

-0.38 (-0.62 , -

0.14) 

   

Lee et al. 

2009 

Hoopa 

Valley 

Indian 

Reservatio

n Fire of 

1999 

PM10 Weekly 

average PM10 

levels ranged 

from 12.8 to 

363.8 µg/m
3
 

physician 

visits, 

respiratory 

 OR per 10 

µg/m
3
 

PM10 

1.77 (1.51 , 2.09)  this RR is for a unit 

change in the log 

of PM10 

Henderson 

et al. 2011 

July-

September 

2003 in 

British 

Columbia, 

fire season 

PM10 PM10 mean 

levels 29.4 ± 

30.7 µg/m
3
 

physician 

visits, 

respiratory 

same 

day 

OR per 10 

µg/m
3
 

PM10 

1.02 (1.01 , 1.03)  *only presenting 

here results 

associated with 

monitored values 

of PM. Similar 

results were found 

using modeled and 

remotely sensed 

estimates of smoke 

exposure. 

Moore et 

al. 2006 

British 

Columbia 

2003 fires 

temporal 

comparis

on 

Graphics 

appear to 

demonstrate 

effects when 

PM2.5 > 50 

µg/m
3 
only 

for Kelowna 

and not 

Kamloops 

physician 

visits, 

respiratory 

 observed 

compared 

to 10-year 

mean 

46-78% increase 

over 10-year 

mean rates 

  

Mott et al. 

2002 

1999 fire 

near Hoopa 

Valley 

National 

Indian Res, 

Aug 23-

Nov3 

temporal 

comparis

on 

Not reported 

in tables 

physician 

visits, 

respiratory 

 percent 

increase in 

fire year 

compared 

to percent 

increase in 

non-fire 

11.9% (10.4-

13.4) increase in 

fire year and 

8.9% (7.5-10.3) 

expected from 

previous year in 

September, 
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year 19.2%(17.2-

21.3)in fire year 

compared to 

10.7% (9.1-12.3) 

increase in 

previous year 

Rappold et 

al. 2011 

2008 peat 

bog fire in 

North 

Carolina, 

June 1-

July14, 

2008, but 

10-12 June 

were 

considered 

the high 

exposure 

period 

regional 

comparis

on 

Mean levels 

for high 

exposure 

days and 

counties not 

reported 

emergency 

department 

visits, 

respiratory 

lag0-5 

cumula

tive 

RR 

comparing 

fire period 

to reference 

period 

1.66 (1.38 , 1.99)  results presented 

here are for smoke-

affected counties 

only; see paper for 

comparison to non-

smoke affected 

counties 

Tham et al. 

2009 

January to 

March 

2003, 

Victoria, 

Australia 

PM10 PM10 range of 

0 to 289 

µg/m
3
 

emergency 

department 

visits, 

respiratory 

same 

day 

RR per 10 

µg/m
3
 

PM10 

1.01 (1.00 , 1.02)  *calculated from 

25th-75th range to 

10ug/m2 

Thelen et 

al. 2013 

2007 San 

Diego, 

whole year 

including 

fire 

particulat

es of 

wildfire 

origin 

Modeled 

PM2.5 of 

wildfire 

origin range 0 

to 403 µg/m
3
, 

with 

correspondin

g range of RR 

of 1.0 to 1.41, 

but they do 

not give 

information 

to understand 

at what level 

of exposure 

the health 

emergency 

department 

visits, 

respiratory 

cumula

tive 

lag 

exposu

re 

kernel 

centere

d at 

same 

day 

and 

with 

SD of 

1 day 

OR per 10 

µg/m
3
 

wildfire 

PM 

1.00 (1.00 , 1.01)  *original estimates 

were per unit 

µg/m
3
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effects 

become 

significant 

Tham et al. 

2009 

January to 

March 

2003, 

Victoria, 

Australia 

PM10 PM10 range of 

0 to 289 

µg/m
3
 

hospitalizat

ion, 

respiratory 

same 

day 

RR per 10 

µg/m
3
 

PM10 

1.00 (0.99 , 1.01)  *calculated from 

25th-75th range to 

10 µg/m
3
 

Morgan et 

al. 2010 

daily 

exposure in 

Sydney 

1994-2002 

PM10 Bushfire days 

range of PM10 

= 43-117 

µg/m
3
 

hospitalizat

ion, 

respiratory 

same 

day 

RR per 10 

µg/m
3
 

PM10 

1.01 (1.00 , 1.02)  derived from 

reported percent 

increase; only best 

lag is reported here 

Henderson 

et al. 2011 

July-

September 

2003 in 

British 

Columbia, 

fire season 

PM10 PM10 mean 

levels 29.4 ± 

30.7 µg/m
3
 

hospitalizat

ion, 

respiratory 

same 

day 

OR per 10 

µg/m
3
 

PM10 

1.05 (1.00, 1.10)  *only presenting 

here results 

associated with 

monitored values 

of PM. Similar 

results were found 

using modeled and 

remotely sensed 

estimates of smoke 

exposure. 

Johnston et 

al. 2007  

Darwin, 

Australia 

three fire 

seasons, 

2000, 2004, 

and 2005 

PM10 Mean PM10 = 

17.4 µg/m
3, 

range (1.1 to 

70)  

hospitalizat

ion, 

respiratory 

same 

day 

OR per 10 

µg/m
3
 

PM10 

1.08 (0.98 , 1.18)  for whole 

population  

Delfino et 

al. 2009  

Southern 

California 

2003 

PM2.5 During fires 

modeled 

mean PM2.5 

ranged from 

42.1 to 76.1 

µg/m
3
 

hospitalizat

ion, 

respiratory 

2-day 

movin

g 

averag

e 

RR per 10 

µg/m
3
 

PM2.5 

1.03 (1.01 , 1.04)  This estimate is for 

the fire period; 

paper includes 

estimates for pre-

fire and post-fire 

periods also 

Martin et 

al. 2013 

top 99% of 

days from 

Categori

zed days 

High smoke 

days Sydney 

hospitalizat

ion, 

same 

day 

OR for 

high smoke 

1.05 (1.02 , 1.09)  here only reporting 

the best lag result 
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1994-2007 

in Sydney, 

Newcastle 

and 

Wollongon

g 

(high 

smoke 

days 

compare

d to non-

smoke 

days) 

PM10 = 67.3 

µg/m
3
, range 

= (47.3 to 

114.8) 

respiratory days 

compared 

to non-

smoke days 

for Sydney, not 

other cities 

Chen et al. 

2006  

July 1 1997 

to 

December 

31 2000, 

Brisbane 

Australia 

PM10 Mean daily 

PM10 = 16.11 

µg/m
3
, range 

= 4.90 – 

60.60 

hospitalizat

ion, 

respiratory 

same 

day 

RR 

comparing 

highest 

exposure 

category 

(>20 

µg/m
3
) 

against the 

lowest 

category 

(<15 

µg/m
3
), for 

the bushfire 

period 

1.19 (1.09 , 1.30) Significant 

effects seen for 

both 15-20 

µg/m
3 
and > 

20 µg/m
3
 

categories. No 

other 

categories 

were analyzed. 

comparing highest 

exposure category 

(>20 µg/m
3
) 

against the lowest 

category (<15 

µg/m
3
), for the 

bushfire period 

Cancado et 

al. 2006 

Piracicaba 

in southeast 

Brazil. 

From April 

1997 

through 

March 

1998 

PM2.5 Not reported 

for the 

biomass 

burning 

factor 

hospitalizat

ion, 

respiratory 

 RR for 

biomass 

burning 

factor from 

factor 

analysis 

1.52 (1.12, 2.04)  for elderly only; 

calculated from 

effect estimate and 

SE non-

exponentiated 

Mott et al. 

2005 

1997 

Southeast 

Asian Fires 

temporal 

comparis

on 

Not reported hospitalizat

ion, 

respiratory 

NA observed 

compared 

to CI of 

expected 

184 observed 

and 89.3-174.0 

expected 

 all ages 

Ignotti et 

al. 2010 

2004-

2005compa

rison of 

states in 

Brazilian 

Amazon 

spatial 

comparis

on of % 

of annual 

hours 

with 

PM2.5 > 

Assumed a 

threshold of 

80 µg/m
3
 

based on 

Oregon 

standards 

hospitalizat

ion, 

respiratory 

 increase in 

respiratory 

hospitalizat

ions 

associated 

with % 

annual 

0.052 increase 

(p-value=0.017) 

  ecological analysis 

only 
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80 µg/m
3
 hours > 80 

µg/m
3
 

Asthma 

Jacobson et 

al. 2012 

August to 

September 

2006, Alta 

Floresta 

Brazil 

PM2.5 PM2.5 mean 

levels = 24.34 

± 19.25 

µg/m
3
 

lung 

function 

same 

day 

change in 

peak 

expiratory 

flow for 

asthmatics 

-0.18 (-0.66 , 

0.31) 

   

Jalaludin et 

al. 2000 

January 

1994 

Sydney 

PM10 Not reported 

in tables 

lung 

function 

same 

day 

change in 

peak 

expiratory 

flow rate - 

all children 

-0.09 (-1.17 , 

0.98) 

 calculated from 

beta and SE - 

assumed linear 

model per unit 

change in PM10 

based on what was 

presented in the 

paper 

Jalaludin et 

al. 2000 

January 

1994 

Sydney 

PM10 Not reported 

in tables 

lung 

function 

same 

day 

change in 

peak 

expiratory 

flow rate - 

children 

without 

bronchial 

hyper-

reactivity 

-1.03 (-1.95 , -

0.11) 

 calculated from 

beta and SE - 

assumed linear 

model per unit 

change in PM10 

based on what was 

presented in the 

paper 

Vora et al. 

2011 

San Diego 

2007 5 day 

firestorm 

PM2.5 Mean 

morning 

PM2.5 = 71.8 

± 24.5 µg/m
3
 

lung 

function 

 difference 

between 

fires and 

non-fires 

p-values ranged 

from 0.35 to 0.80 

for different lung 

function metrics 

 only p-values 

reported 

Elliott et al. 

2013 

British 

Columbia 

2003-2010 

during fire 

seasons 

(April1-

September 

30) 

PM2.5 Maximum 

concentration

s of PM2.5 in 

fire affected 

LHAs ranged 

33.4 to 248.1 

µg/m
3
 

drug 

dispensatio

ns, 

salbutamol 

sulfate 

Same 

day 

RR per 10 

µg/m
3
 

PM2.5 

1.06 (1.04 , 1.07)   *these 

dispensations are 

for both asthma 

and COPD, but are 

placed in the 

asthma section of 

this table 
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Arbex et al. 

2000 

Araraquara, 

Brazil, 

sugarcane 

burning 

season June 

1- August 

31, 1995 

Gravimet

ric 

analysis 

of 

particles 

centrifug

ed daily 

from 

water in 

receptacl

es placed 

at two 

sites in 

Araraqua

ra. The 

authors 

note that 

this only 

yields the 

largest 

particles 

12.9 ±7.0 mg 

sediment per 

day 

Hospital 

visits for 

inhalation 

therapy 

Movin

g 

averag

e of 

days 1-

5 

RR per 10 

mg 

sediment 

weight 

1.09 (1.00 – 

1.19) 

  

Caamano-

Isorna et al. 

2011 

August 

2006 

Galician 

Fires 

temporal 

comparis

on and 

regional 

comparis

on 

No air quality 

exposure 

assessment 

drug 

dispensatio

ns for 

obstructive 

airway 

diseases 

 high 

exposure 

regions 

post-fire 

compared 

to no 

exposure 

regions 

pre-fire 

1.18 (1.01, 1.35)  calculated from 

percent increase; 

presenting only 

results for male 

pensioners, also sig 

increase for women 

pensioners; *these 

dispensations are 

for both asthma 

and COPD, but are 

placed in the 

asthma section of 

this table 

Vora et al. 

2011 

San Diego 

2007 5 day 

firestorm 

PM2.5 Mean 

morning 

PM2.5 = 71.8 

± 24.5 µg/m
3
 

# of rescue 

medication 

doses used 

 only 

significanc

e values 

presented 

for 

difference 

p=0.03    
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between 

fires and 

non-fires 

Johnston et 

al. 2006 

seven 

month 

period in 

Darwin, 

Australia 

PM2.5 PM10 mean 

levels 20 ±6.4 

µg/m
3
  

rescue 

medication 

usage 

one 

day lag 

OR per 10 

µg/m
3
 

PM10 

1.01 (0.99, 1.04)    

Johnston et 

al. 2006 

seven 

month 

period in 

Darwin, 

Australia 

PM2.5 PM10 mean 

levels 20 ±6.4 

µg/m
3
  

oral steroid 

medication 

usage 

one 

day lag 

OR per 10 

µg/m
3
 

PM10 

1.54 (1.01, 2.34)    

Henderson 

et al. 2011 

July-

September 

2003 in 

British 

Columbia, 

fire season 

PM10 PM10 mean 

levels 29.4 ± 

30.7 µg/m
3
 

physician 

visits, 

asthma 

same 

day 

OR per 10 

µg/m
3
 

PM10 

1.06 (1.03 , 1.11)  *only presenting 

here results 

associated with 

monitored values 

of PM. Similar 

results were found 

using modeled and 

remotely sensed 

estimates of smoke 

exposure. 

Johnston et 

al. 2002 

Darwin 

April 1-

October 31 

2000, a 

period of 

minimal 

rainfall and 

almost 

continuous 

bushfire 

activity 

PM10 Range of 

PM10 = 2.0 to 

70 µg/m
3
 

emergency 

department 

visits, 

asthma 

Same 

day 

RR per 10 

µg/m
3
 

PM10 

1.20 (1.09 , 1.34) Significant 

effects seen at 

PM10 levels >= 

40 µg/m
3
 

  

Rappold et 

al. 2011 

2008 peat 

bog fire in 

North 

Carolina, 

June 1-

regional 

comparis

on 

Mean levels 

for high 

exposure 

days and 

counties not 

emergency 

department 

visits, 

asthma 

lag0-5 

cumula

tive 

RR 

comparing 

fire period 

to reference 

period 

1.65 (1.25 , 2.17)  results presented 

here are for smoke-

affected counties 

only; see paper for 

comparison to non-
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July14, 

2008, but 

10-12 June 

were 

considered 

the high 

exposure 

period 

reported smoke affected 

counties 

Duclos et 

al. 1990  

August 

1987, 

lightning 

fire in 

Northern 

California 

temporal 

comparis

on 

Not reported emergency 

department 

visits, 

asthma 

NA observed/e

xpected 

1.4 (p-

value<0.001) 

   

Smith et al. 

1996 

January 

1994 

western 

Sydney 

PM10 Hourly PM10 

ranged from 

0.0 to 250.0 

µg/m
3
 

emergency 

department 

visits, 

asthma 

 difference 

in 

difference 

calculation 

0.0067 (-0.0007, 

0.0141) 

 temporal 

comparison of 

week of fire to 

same week a year 

before - presented 

difference in 

proportion of all 

visits that were for 

asthma for fire 

weeks compared to 

previous year 

minus the same 

difference for 

weeks surrounding 

the fire of both 

years and found no 

significant effect 

Morgan et 

al. 2010 

daily 

exposure in 

Sydney 

1994-2002 

PM10 Bushfire days 

range of PM10 

= 43-117 

µg/m
3
 

hospitalizat

ions, 

asthma 

same 

day 

RR per 10 

µg/m
3
 

PM10 

1.05 (1.02 , 1.08)  15-64 year-olds; 

derived from 

reported percent 

increase; only best 

lag is reported here 

Johnston et 

al. 2007 

Darwin, 

Australia 

three fire 

seasons, 

PM10 Mean PM10 = 

17.4 µg/m
3, 

range (1.1 to 

70)  

hospitalizat

ions, 

asthma 

same 

day 

OR per 10 

µg/m
3
 

PM10 

1.14 (0.90 , 1.44)  for whole 

population  
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2000, 2004, 

and 2005 

Delfino et 

al. 2009  

Southern 

California 

2003 

PM2.5 During fires 

modeled 

mean PM2.5 

ranged from 

42.1 to 76.1 

µg/m
3
 

hospitalizat

ions, 

asthma 

2-day 

movin

g 

averag

e 

RR per 10 

µg/m
3
 

PM2.5 

1.05 (1.02 , 1.08)  This estimate is for 

the fire period; 

paper includes 

estimates for pre-

fire and post-fire 

periods also 

Arbex et al. 

2007 

Araraquara, 

Saõ Paulo 

State, 

Brazil, 

from 23 

March 

2003 to 27 

July 2004 

TSP Mean TSP = 

46.8 ± 26.4 

µg/m
3
 

hospitalizat

ions, 

asthma 

5-day 

movin

g 

averag

e 

RR per 10 

units of 

TSP 

1.12 (1.05 , 1.18)  calculated from 

percentage increase 

Martin et 

al. 2013 

top 99% of 

days from 

1994-2007 

in Sydney, 

Newcastle 

and 

Wollongon

g 

Categori

zed days 

(high 

smoke 

days 

compare

d to non-

smoke 

days) 

High smoke 

days Sydney 

PM10 = 67.3 

µg/m
3
, range 

= (47.3 to 

114.8) 

hospitalizat

ions, 

asthma 

same 

day 

OR for 

high smoke 

days 

compared 

to non-

smoke days 

1.12 (1.05 , 1.19)  here only reporting 

the best lag result 

for Sydney, not 

other cities 

Chronic Obstructive Pulmonary Disease (COPD) 

Rappold et 

al. 2011 

2008 peat 

bog fire in 

North 

Carolina, 

June 1-

July14, 

2008, but 

10-12 June 

were 

considered 

the high 

exposure 

period 

regional 

comparis

on 

Mean levels 

for high 

exposure 

days and 

counties not 

reported 

emergency 

department 

visits, 

COPD 

lag0-5 

cumula

tive 

RR 

comparing 

fire period 

to reference 

period 

1.73 (1.06 , 2.83)  results presented 

here are for smoke-

affected counties 

only; see paper for 

comparison to non-

smoke affected 

counties 
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Duclos et 

al. 1990  

August 

1987, 

lightning 

fire in 

Northern 

California 

temporal 

comparis

on 

Not reported emergency 

department 

visits, 

COPD 

NA observed/e

xpected 

1.3 (p-value 

=0.02) 

   

Morgan et 

al. 2010 

daily 

exposure in 

Sydney 

1994-2002 

PM10 Bushfire days 

range of PM10 

= 43-117 

µg/m
3
 

hospitalizat

ions, 

COPD 

lag 2 RR per 10 

µg/m
3
 

PM10 

1.04 (1.01 , 1.06)  Only analyzed 

COPD for 65+; 

similar findings for 

lags 0 through 3, 

but presented 

largest finding here 

at lag 2; derived 

from reported 

percent increase; 

only best lag is 

reported here 

Johnston et 

al. 2007 

Darwin, 

Australia 

three fire 

seasons, 

2000, 2004, 

and 2005 

PM10 Mean PM10 = 

17.4 µg/m
3, 

range (1.1 to 

70)  

hospitalizat

ions, 

COPD 

same 

day 

OR per 10 

µg/m
3
 

PM10 

1.21 (1.00 , 1.47)  for whole 

population; 1.98 

(1.10,3.59) for 

Indigenous 

Delfino et 

al. 2009  

Southern 

California 

2003 

PM2.5 During fires 

modeled 

mean PM2.5 

ranged from 

42.1 to 76.1 

µg/m
3
 

hospitalizat

ions, 

COPD 

2-day 

movin

g 

averag

e 

RR per 10 

µg/m
3
 

PM2.5 

1.04 (1.00 , 1.08)  Ages 20-99; This 

estimate is for the 

fire period; paper 

includes estimates 

for pre-fire and 

post-fire periods 

also 

Martin et 

al. 2013 

top 99% of 

days from 

1994-2007 

in Sydney, 

Newcastle 

and 

Wollongon

g 

Categori

zed days 

(high 

smoke 

days 

compare

d to non-

smoke 

days) 

High smoke 

days Sydney 

PM10 = 67.3 

µg/m
3
, range 

= (47.3 to 

114.8) 

hospitalizat

ions, 

COPD 

same 

day 

OR for 

high smoke 

days 

compared 

to non-

smoke days 

1.13 (1.05 , 1.22)  here only reporting 

the best lag result 

for Sydney, not 

other cities 
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Mott et al. 

2005 

1997 

Southeast 

Asian Fires 

temporal 

comparis

on 

Not reported hospitalizat

ions, 

COPD 

NA observed 

compared 

to CI of 

expected 

255 observed, 

152.4-250.2 

expected 

 all ages 

Respiratory Infections 

Henderson 

et al. 2011 

July-

September 

2003 in 

British 

Columbia, 

fire season 

PM10 PM10 mean 

levels 29.4 ± 

30.7 µg/m
3
 

Calculated 

from effect 

found for 

30 unit 

change in 

PM10; 

*only 

presenting 

here results 

associated 

with 

monitored 

values of 

PM. 

Similar 

results 

were found 

using 

modeled 

and 

remotely 

sensed 

estimates 

of smoke 

exposure. 

same 

day 

OR per 10 

µg/m
3
 

PM10 

0.99 (0.47 , 1.98)   

Rappold et 

al. 2011 

2008 peat 

bog fire in 

North 

Carolina, 

June 1-

July14, 

2008, but 

10-12 June 

were 

considered 

regional 

comparis

on 

Mean levels 

for high 

exposure 

days and 

counties not 

reported 

emergency 

department 

visits, 

upper 

respiratory 

infections 

lag0-5 

cumula

tive 

RR 

comparing 

fire period 

to reference 

period 

1.68 (0.94 , 3.00)  results presented 

here are for smoke-

affected counties 

only; see paper for 

comparison to non-

smoke affected 

counties 
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the high 

exposure 

period 

Duclos et 

al. 1990  

August 

1987, 

lightning 

fire in 

Northern 

California 

temporal 

comparis

on 

Not reported hospitalizat

ions, upper 

respiratory 

infections 

NA observed/e

xpected 

1.5 (p-

value<0.001) 

   

Johnston et 

al. 2007 

Darwin, 

Australia 

three fire 

seasons, 

2000, 2004, 

and 2005 

PM10 Mean PM10 = 

17.4 µg/m
3, 

range (1.1 to 

70)  

hospitalizat

ions, upper 

respiratory 

infections 

 OR per 10 

µg/m
3
 

PM10 

Effect Estimate 

not reported. 

   

Bronchitis and Pneumonia 

Rappold et 

al. 2011 

2008 peat 

bog fire in 

North 

Carolina, 

June 1-

July14, 

2008, but 

10-12 June 

were 

considered 

the high 

exposure 

period 

regional 

comparis

on 

Mean levels 

for high 

exposure 

days and 

counties not 

reported 

ED visits 

for 

pneumonia 

and acute 

bronchitis 

lag0-5 

cumula

tive 

RR 

comparing 

fire period 

to reference 

period 

1.59 (1.07 , 2.34)  results presented 

here are for smoke-

affected counties 

only; see paper for 

comparison to non-

smoke affected 

counties 

Delfino et 

al. 2009  

Southern 

California 

2003 

PM2.5 During fires 

modeled 

mean PM2.5 

ranged from 

42.1 to 76.1 

µg/m
3
 

hospitalizat

ions for 

acute 

bronchitis 

and 

bronchioliti

s 

2-day 

movin

g 

averag

e 

RR per 10 

µg/m
3
 

PM2.5 

1.10 (1.02 , 1.18)  Acute bronchitis 

and bronchiolitis; 

This estimate is for 

the fire period; 

paper includes 

estimates for pre-

fire and post-fire 

periods also 
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Delfino et 

al. 2009  

Southern 

California 

2003 

PM2.5 During fires 

modeled 

mean PM2.5 

ranged from 

42.1 to 76.1 

µg/m
3
 

hospitalizat

ions for 

pneumonia 

2-day 

movin

g 

averag

e 

RR per 10 

µg/m
3
 

PM2.5 

1.03 (1.01, 1.05)  Pneumonia; This 

estimate is for the 

fire period; paper 

includes estimates 

for pre-fire and 

post-fire periods 

also 

Morgan et 

al. 2010 

daily 

exposure in 

Sydney 

1994-2002 

PM10 Bushfire days 

range of PM10 

= 43-117 

µg/m
3
 

hospitalizat

ions for 

pneumonia 

and acute 

bronchitis 

lag 1 RR per 10 

µg/m
3
 

PM10 

1.03 (1.02 , 1.06)  pneumonia and 

acute bronchitis for 

65+ attributable to 

bushfire days; 

derived from 

reported percent 

increase; only best 

lag is reported here 

Martin et 

al. 2013 

top 99% of 

days from 

1994-2007 

in Sydney, 

Newcastle 

and 

Wollongon

g 

Categori

zed days 

(high 

smoke 

days 

compare

d to non-

smoke 

days) 

High smoke 

days Sydney 

PM10 = 67.3 

µg/m
3
, range 

= (47.3 to 

114.8) 

hospitalizat

ions for 

pneumonia 

and acute 

bronchitis 

lag 2 OR for 

high smoke 

days 

compared 

to non-

smoke days 

1.26 (1.03, 1.55)  best lag for 

Newcastle; non-

significant findings 

for Sydney and 

Wollongong 

Duclos et 

al. 1990  

August 

1987, 

lightning 

fire in 

Northern 

California 

temporal 

comparis

on 

Not reported hospitalizat

ions for 

bronchitis 

NA observed/e

xpected 

1.2 (p-value = 

0.03) 

 bronchitis 

Duclos et 

al. 1990  

August 

1987, 

lightning 

fire in 

Northern 

California 

temporal 

comparis

on 

Not reported hospitalizat

ions for 

pneumonia 

NA observed/e

xpected 

1.0 (p-value = 

0.4) 

 pneumonia 

Birth Outcomes 
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Holstius et 

al. 2012 

2003 

Southern 

California 

Fires 

temporal 

comparis

on 

Not reported birth 

weight 

NA decline in 

birth 

weight 

associated 

with 

gestation 

during fires 

compared 

to gestation 

not during 

fires 

7.0 g lower [95% 

confidence 

interval (CI): –

11.8, –2.2] 

 only presenting 

results for full 

pregnancy, not 

divided by 

trimester 

Breton et 

al. 2011 

2003 

Southern 

California 

Fires 

PM2.5 Average 

gestational 

PM2.5 values 

for exposed 

babies ranged 

from 3 to 30 

µg/m
3
 

birth 

weight 

NA  not yet published  these findings have 

not yet been 

published, 

therefore we 

cannot publish the 

estimates 

Jayachandr

an 2009 

1997 

Southeast 

Asian Fires 

  Not reported cohort size NA proportion 

of cohort 

surviving 

compared 

to normal 

cohort due 

to exposure 

to fire 

smoke 

during last 

three 

months of 

pregnancy 

0.97 (0.94, 0.99)  calculated from log 

effect estimate and 

SE 

Mental Health 

McDermott 

et al. 2005 

2003 

Canberra, 

Australia 

wildfires 

self-

reported 

"saw 

smoke" 

Not reported post-

traumatic 

stress 

disorder 

reaction 

index score 

NA t-test for 

comparing 

scores for 

those who 

reported 

seeing 

smoke to 

those who 

t=1.63, p=0.11  p-value calculated 

from reported t-test 

and degrees of 

freedom 
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reported 

not seeing 

smoke 

McDermott 

et al. 2005 

2003 

Canberra, 

Australia 

wildfires 

self-

reported 

"saw 

smoke" 

Not reported Strengths& 

Difficulties 

Score 

(based on 

emotional 

problems, 

conduct 

problems, 

and 

hyperactivi

ty) 

NA t-test for 

comparing 

scores for 

those who 

reported 

seeing 

smoke to 

those who 

reported 

not seeing 

smoke 

t=3.76, p=0.0003  p-value calculated 

from reported t-test 

and degrees of 

freedom 

Marshall et 

al. 2007 

2003 

Southern 

California 

Fires 

self-

reported 

difficulty 

breathing 

because 

of smoke 

or ashes  

Not reported PTSD or 

depression 

three 

months 

after fires 

NA OR for 

those who 

reported 

difficulty 

breathing 

because of 

fires 

compared 

to those 

who did 

not 

2.09 (1.10, 3.98)    

Caamano-

Isorna et al. 

2011 

August 

2006 

Galician 

Fires 

temporal 

comparis

on and 

regional 

comparis

on 

No air quality 

exposure 

assessment 

drug 

dispensatio

ns for 

anxiolytics 

 high 

exposure 

regions 

post-fire 

compared 

to no 

exposure 

regions 

pre-fire 

1.21 (1.10, 1.33)  calculated from 

percent increase; 

presenting only 

results for male 

pensioners, also sig 

increase for male 

non-pensioners; 

only significant for 

medium exposure 

regions compared 

to non-exposed 

Moore et 

al. 2006 

British 

Columbia 

2003 fires 

temporal 

comparis

on 

Not reported physician 

visits, 

mental 

  data not shown    
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illness 

Duclos et 

al. 1990  

August 

1987, 

lightning 

fire in 

Northern 

California 

temporal 

comparis

on 

Not reported hospitalizat

ions, 

mental 

health 

NA observed/e

xpected 

1.1 (p-value=0.4)    

*effect estimates for symptoms are not included in this table because of their varied nature.  
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Chapter 3: Using machine learning to predict spatiotemporal population exposure to 

particulate matter from the 2008 northern California wildfires 

 

Introduction  

The frequency and severity of wildfires are projected to increase in many parts of the 

world due to alterations of temperature and precipitation patterns related to climate change 

(Confalonieri et al. 2007). Although numerous studies have investigated the acute health effects 

of exposure to urban particulate matter (PM), fewer studies have investigated the health impacts 

of exposure to wildfire PM on the general population (Naeher et al. 2007). Increasing evidence 

suggests respiratory health effects occur from wildfire smoke exposure (Delfino et al. 2009; 

Henderson and Johnston 2012; Kunzli et al. 2006; Morgan et al. 2010), although some studies 

have found suggestive but non-significant (Hanigan et al. 2008a; Johnston et al. 2007) or null 

respiratory effects (Jalaludin et al. 2000). Additionally, only a few studies have found any 

evidence of cardiovascular health effects from exposure to PM from fires (Henderson et al. 

2011; Rappold et al. 2011), despite coherent evidence of cardiovascular health effects from 

exposure to other sources of PM (Brook et al. 2010).  

The lack of consistent results could be due to the difficulties in assessment of population 

exposure to wildfire smoke. Many PM2.5 (PM with aerodynamic diameter equal to or less than 

2.5 microns) monitors measure only every three or six days, which requires either averaging 

exposures over time or imputing values on missing days. Most studies also assign all individuals 

in the study to the same exposure, either from one monitor (Chen et al. 2006; Kolbe and 

Gilchrist 2009; Lee et al. 2009b; Tham et al. 2009), or from an average of all monitors in the 

proximate area (Analitis et al. 2012; Johnston et al. 2011a). Even in locations with dense 

monitoring networks, smoke plumes vary on spatial scales smaller than that which can be 

captured by monitors, which probably leads to over-smoothing in the exposure estimates. 

Averaging over space or time may lead to exposure misclassification that can bias results, often 

towards the null, can increase variance, or both, depending on the type of error (Zeger et al. 

2000), thereby making it harder to discern a true causal health effect.  

Recent studies of the health effects of wildfires have begun to include information from 

new sources of data from satellites, dispersion models, and chemical transport models (CTMs) to 

estimate exposure. Some studies have used satellite imagery to classify regions and time periods 

as smoke exposed. Henderson et al. (2011) classified regions as exposed or unexposed based on 

visible satellite imagery, Wu et al. (2006) assigned data from monitors to areas without monitors 

by similarity in smokiness from visible satellite imagery, and Johnston et al. (2011) classified 

days as affected by wildfire smoke partly by inspection of visible satellite images. Others have 

used quantitative information from satellites but only to classify regions as smoke exposed. Both 

Frankenberg et al. (2005) and Rappold et al. (2011) employed satellite metrics of aerosol loading 

in the atmosphere to classify regions as fire exposed or not fire exposed and Elliott et al. (2013) 

classified regions and days as smoke-exposed using satellite-based fire radiative power estimates 

from fires. These dichotomizations simplify exposure and could miss gradation in effects 

associated with concentrations of smoke exposure in a population during a wildfire event. 

A few wildfire health studies have used air pollution dispersion models (Henderson et al. 

2011; Rappold et al. 2012b; Thelen et al. 2013; Yao et al. 2013). Dispersion models estimate air 

pollution concentrations based on probable emissions and transport but do not usually include 

chemistry. Secondary PM2.5 can be created through chemical reactions in the atmosphere and 

consequently using a model that incorporates atmospheric chemistry, such as a CTM, may be 
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more accurate than a dispersion model. Two studies have used CTMs, specifically the GEOS-

Chem model, along with aerosol optical depth (AOD) measurements, to estimate PM2.5 exposure 

from wildfires. van Donkelaar et al. (2011) estimated ground-level PM2.5 from full-column AOD 

measurements derived from the MODIS and MISR satellites by multiplying AOD by the ratio of 

PM2.5 to AOD both estimated from the GEOS-Chem model. Johnston et al. (2012) estimated 

ground-level PM2.5 concentrations just from fire as a product of twice the PM2.5 from a run of 

GEOS-Chem that only included emissions from fires plus the scaled PM2.5 estimates from MISR 

AOD and MODIS AOD, thereby equally weighting a contribution from satellite AOD and CTM 

output to estimate global PM2.5 emissions from fire. Neither of these two studies used other 

variables in their analysis. Some evidence suggests that meteorological parameters can also help 

to scale full-column AOD measures vertically to ground-level PM2.5 estimates (Gupta et al. 

2006; Gupta and Christopher 2009; Koelemeijer et al. 2006). 

Both AOD and CTMs provide spatially continuous information about air pollution; 

however, currently, they have too coarse a spatial resolution for estimating human health 

exposures that may vary on scales of hundreds of meters during a wildfire event. Additionally, 

the relationships between AOD and PM2.5 are spatially and temporally heterogeneous (Paciorek 

et al. 2008; Weber et al. 2010; Zhang et al. 2009). Horizontal scaling of both AOD and CTM 

output to smaller spatial resolution can be done by training a regression model on air pollution 

measurements at monitoring stations and then using that model to predict exposures at unknown 

locations (Briggs et al. 2000). Often called land use regression, this method is used traditionally 

to create spatial models to predict air pollution exposures for estimates of long-term average 

pollution levels (Jerrett et al. 2005). Recently, many papers have shown that satellite-based AOD 

observations can improve the predictive power of PM2.5 land-use regressions while also 

contributing temporal information that is lacking when only considering temporally invariant 

land-use variables (Hu et al. 2012; Kloog et al. 2011; Kloog et al. 2012a; Liu et al. 2009a; Mao 

et al. 2012).  

One limitation of these regression-based exposure models is that they assume a specific 

type of statistical model fits their data, such as a linear model (Henderson et al. 2007; Moore et 

al. 2007; Ross et al. 2007), a GAM model (Liu et al. 2009b), or mixed models (Kloog et al. 

2011; Kloog et al. 2012a). Choosing one type of model may limit the ability to find the best 

predictive model. Data-adaptive methods allow the data to inform the choice of model rather 

than imposing a specific model a priori. V-fold cross validation provides one method for making 

data-adaptive choices between candidate estimators while protecting against over-fitting to the 

data. In this context, I aim to improve exposure assessment to smoke from wildfires by using a 

data-adaptive method that selects among statistical algorithms to combine an optimal set of 

variables to best approximate daily population exposures to PM2.5 from the 2008 northern 

California wildfires. The predictions from the optimal model are then used to estimate 

spatiotemporal exposures to these fires for use in subsequent epidemiological analyses. 

 

Materials and Methods 

Setting 

During the weekend of June 20-21, 2008, over 6000 lightning strikes ignited thousands of 

fires in 26 counties in northern California (CARB 2009). A combination of meteorological 

conditions and difficulty with fire suppression because of the number of fires and rough terrain 

contributed to very high air pollution levels throughout the state (Reid et al. 2009). Air pollution 

levels remained elevated from June 20 to July 29, 2008, at which point most of the fires were 
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contained (CARB 2009). These fires contributed to numerous monitor-days that exceeded the 

US Environmental Protection Agency’s (US EPA) 24-hour average PM2.5 standard of 35 µg/m
3
, 

including 14 days whose PM2.5 levels ranged from 41.2 µg/m
3
 to 200.2 µg/m

3 
that the US EPA 

determined were exceptional events, defined as “unusual or naturally occurring events that can 

affect air quality but are not reasonably controllable using techniques that tribal, state or local air 

agencies may implement to attain and maintain the National Ambient Air Quality Standards.”  

Data Sources 

The data sets used in this study are outlined in Table 3.1 and detailed below.  

I used ground-based monitoring data for PM2.5 from various sources including the US 

EPA, the California Air Resources Board (CARB), and the AirNow and AirFire databases. My 

dataset contains 37 Federal Reference Monitors (FRM), which are used for compliance with the 

US EPA National Ambient Air Quality Standards. Most FRM monitors collect samples every six 

days and a few collect every three days. In addition to FRM monitors, I also included 12 other 

gravimetric monitors (eight of which are from the Interagency Monitoring of Protected Visual 

Environments (IMPROVE) network), and 63 beta-attenuation monitors (31 of which CARB uses 

for regular monitoring, 9 are from the US Forest Service, and 20 were deployed just for this fire 

season to regions without good coverage of continuously operating monitors). Although most 

studies only use FRM monitors, the inclusion of other monitors, also called Federal Equivalent 

Method (FEM) monitors, provided measurements on days when the FRMs were not recording 

and at up to 42 extra locations. Some FEM monitors are co-located with FRM monitors, thus 

providing more temporal information at those locations, and some FEM monitors had much 

higher smoke concentrations, as evidenced by both the monitored values and by visible imagery 

from satellites. I include all of the monitoring data because the non-FRM monitors were able to 

capture more temporal and spatial information about the PM2.5 exposures of the population than 

FRM data alone and there was a high correlation between the FRM and co-located FEM 

monitors (r=0.94 to 1) with a mean difference in values of -1.964 µg/m
3
 and a range of -19.830 

to 35.880. I performed sensitivity analyses to compare results using just the FRM monitoring 

data and all but the FRM monitoring data. 

Only two observations from monitors were removed from the analysis because they were 

outliers; one was a value of zero that was surrounded by values close to 20 µg/m
3
 and the other 

was over 400 µg/m
3
, which was determined to be too high to be accurately measured by a BAM 

monitor (McDougall 2011). 

Researchers at the National Center for Atmospheric Research (NCAR) provided PM2.5 

concentration estimates from the Weather Research and Forecasting with Chemistry (WRF-

Chem) 3.2 model. WRF-Chem 3.2 is a regional CTM based on the spatial and temporal 

boundary conditions from the Model for OZone And Related chemical Tracers (MOZART)-4, a 

global CTM. Inputs include meteorology, physical and chemical atmospheric processes, 

emissions from the US EPA’s 2005 National Emissions Inventory replaced with a California-

specific inventory for 2008 over California, online biogenic emissions, and fire emissions 

estimated with the Fire Inventory from NCAR (FINN) V1, which is further detailed in 

Wiedinmyer et al. (2011). The WRF-Chem model provides estimates of concentrations of 

various air pollutants for each 12 x 12 km horizontal grid cell for an area of 159 x 149 grid cells 

with 27 vertical layers for every hour (see Pfister et al. (2011) for details). I used 24-hour 

averages of the hourly output of PM2.5 of the lowest vertical level of the model, where population 

exposure occurs. 
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AOD measurements from the Geostationary Operational Environmental Satellite West 

(GOES-12) Aerosol Smoke Product (GASP) were obtained from the National Oceanic and 

Atmospheric Administration (NOAA) using their January 7, 2009 revised algorithm. The GASP 

product is more spatially resolved (4 km pixel size at nadir) and has more daily retrievals (every 

30 minutes during daylight hours; approximately 24 retrievals per day) than other currently 

available satellite AOD products. I assessed all GASP retrievals for data quality and removed 

any null values and scenes with too few pixel values (fewer than 12 in 24 hours). NOAA 

automates removal of values assumed to be clouds or if the signal is too low or negative 

(Kondragunta and Seybold 2009). Because very dense smoke plumes prevent accurate AOD 

measurements, some pixels in the GASP data were removed during the NOAA quality control 

process. Using ArcGIS 10.1(ESRI 2012), these missing values were estimated by fitting a radial 

basis function (RBF) to nearby AOD values. This approach was selected because it could be 

easily automated, an optimal RBF could be selected by minimizing the root mean squared error 

(RMSE) of the interpolated surface, RBF allows interpolation of values greater than the input 

values, thus allowing estimation of higher values that are missing in the smoke plume, and RBF 

is an exact interpolator meaning that each final surface passes through all observed data points. 

The average RMSE from the RBF functions across days and all retrievals in a day was 0.086 for 

GASP and 0.054 for MODIS (AOD values are unitless but tend to range from 0 to 1 over the 

US). Cloud cover in the summer in California is not a major impediment to retrieval except 

along the Pacific coast, where missing values were not interpolated. Daily average surface values 

were calculated for all days during which there were at least 12 successful GASP retrievals.  

The MODIS AOD product is more precise for predicting ground-level PM2.5 than GASP, 

despite its lower spatial (10 km pixel size) and temporal (twice daily) resolution (Paciorek et al. 

2008). I used MODIS retrievals from both the Terra and Aqua platforms, which provide data at 

roughly the same time every day, mid-morning for Terra and early afternoon for Aqua. These 

two images may not represent the full daily exposure of a continuously moving wildfire smoke 

plume. All MODIS data were processed with the same data cleaning, radial basis function 

interpolation, and daily averaging as the GASP data.  

Sonoma Technology Inc. and the University of Southern California created high-

resolution (500 m) kernel-smoothed AOD measures for northern California during the 2008 fires 

using raw MODIS data. They analyzed the retrievals to supply better local estimates for the 

wildfire episode. Specifically, they used a local estimate of surface brightness, a local AOD 

algorithm for fresh smoke plumes, and a less restrictive cloud filter that does not screen out 

pixels that are part of smoke plumes (Raffuse et al. 2013). 

I downloaded temperature, relative humidity, sea level pressure, surface pressure, 

planetary boundary layer height, dew point temperature, and the U and V components of wind 

speed from the National Climatic Data Center’s Rapid Update Cycle (RUC) Model 

(http://ruc.noaa.gov/) and transformed hourly data into 24-hour averages. 

MODIS Fire Detection points were obtained from the Remote Sensing Applications 

Center of the US Forest Service (http://activefiremaps.fs.fed.us/gisdata.php) as cumulative sums 

of fire points for each day from June 1- July 31, 2008. The FINN v1 model applied these points 

to estimate fire emissions that were used as inputs to WRF-Chem. I calculated the distance from 

each monitoring site to the nearest cluster of fire points on each day, and I also calculated the 

sum of fire points within each cluster divided by the distance for use in the exposure models. I 

defined a cluster of fire points as all MODIS Fire Detection points on a given day within 5 km of 

each other. Emissions estimates from the FINN v1 model alone were also used in separate 

http://ruc.noaa.gov/
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models to determine whether these could be used to estimate exposures. As an alternative to the 

WRF-Chem output, the emission estimates were put into the statistical models as the sum of 

PM2.5 emissions (kg) for the nearest cluster of fire points on a given day divided by the distance 

of the monitor from that cluster of fire points. Both the fire detection points and emissions 

estimates were provided by NCAR. 

Traffic counts from Dynamap 2000 (TeleAtlas/GDT, 2000), a TeleAtlas product, were 

calculated as the sum of all traffic counts within 1 km of a PM2.5 monitoring station. I assessed 

proximity to different land uses using the National Land Cover Database for 2006 (Fry et al. 

2011) and calculated estimates of the percentage of land-use within a 1 km buffer around 

monitors for urban development (codes 22, 23, and 24), agriculture (codes 81 and 82), and 

vegetated area other than agricultural land (codes 21, 41, 42, 43, 52, and 71). I also created 

binary variables for whether there was any Developed High Intensity land use (code 24) within 1 

km. Estimates of land use have been found to be important predictors of PM2.5 in the US 

(Beckerman et al. 2013). 

I used the National Elevation Dataset for California from 2010 and population density 

estimates by block group from the 2000 US census. I extracted the x-coordinate and y-coordinate 

for each monitor in the California Teale Albers projection to denote spatial location, and created 

indicator variables for each of the following air basins: San Francisco Bay, Sacramento Valley, 

San Joaquin Valley, and Mountain Counties. I also created variables of Julian date for each day 

of monitoring data and a binary variable denoting if the day was a weekend.  

 

Table 3.1 Variables for machine learning modeling to predict PM2.5 during the 2008 

northern California wildfires 

Variables Data Source Temporal 

Resolution 

Spatial 

Resolution 

Dependent Variable 

PM2.5 from monitoring stations (N=112) 

37 Federal Reference Monitors 

12 other gravimetric monitors 

43 BAM monitors 

20 eBAMs (just for fire) 

US EPA, 

California Air Resources 

Board, Air Districts, and 

US Forest Service 

Daily (most 

only every 

third or sixth 

day) or hourly 

 

Spatiotemporal Variables 

GASP AOD National Oceanic and 

Atmospheric 

Administration 

Half-hourly, 

daylight 

4 km 

MODIS AOD NASA Twice daily 10 km 

Local AOD Sonoma Technologies 

(derived from raw MODIS 

retrievals) 

Daily 0.5 km 

WRF-Chem PM2.5 (µg/m
3
) National Center for 

Atmospheric Research 

Hourly 12 km 

Distance to nearest cluster of active 

fires (m) 

Counts of fires in nearest cluster / 

distance  

Derived from USDA 

Forest Service Remote 

Sensing Applications 

Center 

Daily  
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Relative Humidity (%) 

Sea level pressure (Pa) 

Surface pressure (Pa) 

Planetary boundary layer height (m) 

U-component of wind speed (m/s) 

V-component of wind speed (m/s) 

Dew point temperature (K) 

Temperature at 2 m (K) 

Rapid Update Cycle Daily 13 km 

Spatial Variables 

X-coordinate (m) 

Y-coordinate (m) 

US Environmental 

Protection Agency Air 

Quality System 

  

Counts of traffic within 1 km Dynamap 2000, TeleAtlas Annual 1 km 

% of urban land use within 1km 

% of agricultural land use within 1km 

% of vegetation land use within 1km 

Any High intensity land use within 1km 

2006 National Land Cover 

Database  

 1 km 

Elevation (m) National Elevation Dataset 

2010 

  

Binary indicator variables for air basin 

(San Francisco Bay Area, Sacramento 

Valley, San Joaquin Valley, and 

Mountain Counties) 

California Air Resources 

Board 

 Air Basin 

Population Density US Census 2000  Block Group 

Temporal Variables 

Julian Date 

Weekend 

 Daily  

 

Statistical Analysis 

I used a data-adaptive approach to estimate the predictive model for exposure. I used 

functions from the caret package in R (Kuhn et al. 2012) to select the best subset of variables 

from a set of 29, using a method called recursive factor elimination, which is similar to 

backwards stepwise regression, except that it can be used on other statistical algorithms besides 

generalized linear models. The log of PM2.5 for all monitor-days (N=1540) was the dependent 

variable and the 29 variables in Table 3.1 were the independent variables. I used 10-fold cross-

validation, treating the monitor as the independent unit, to determine which of the following 11 

algorithms, chosen to reflect the diversity of types of statistical algorithms, resulted in the best 

predictor of PM2.5 in these data: generalized linear models (GLM) (R Core Team 2013), random 

forest (Liaw and Wiener 2002), bagged trees (Kuhn et al. 2012), generalized boosting models 

(GBM) (Ridgeway 2007), generalized additive models (GAM) (Hastie 2011), multivariate 

adaptive regression splines (MARS) (Milborrow 2012), elastic nets (Friedman et al. 2010), 

support vector machines (SVM) with a radial basis kernel (Karatzolou et al. 2004), Gaussian 

processes with a radial basis kernel (Karatzolou et al. 2004), k nearest neighbors regression 

(Kuhn et al. 2012), and lasso regression (Hastie and Efron 2012). I used 10-fold cross validation 

nested within the 10-fold cross validation for each of the 11 algorithms for each of 29 different 
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subsets of variables, thus running 10-fold cross validation 319 times. For each algorithm, I 

selected two ‘best’ models: (1) the model with the smallest CV-RMSE and (2) the model with 

the smallest number of predictors whose CV-RMSE was within 1.5 % of the smallest CV-RMSE 

(see Kuhn (2008) for details). I then compared the CV-RMSE of these models across algorithms 

to choose the one that had the best fit, defined as the lowest CV-RMSE, for the data. 

To further analyze fit of the models with the lowest CV-RMSE, I inspected the residual 

plots for lack of heteroskedasticity and assessed agreement between monitoring data and 

predicted values at the monitoring sites with Bland-Altman plots. Further, I examined spatial 

autocorrelation in the residuals using Moran’s I, compared the range and distribution of predicted 

values and data from the monitors, and visualized predicted values on a 5-km grid of the study 

area to determine if the model predictions captured the spatial characteristics of the smoke plume 

as seen in visible imagery from the MODIS satellite.  

When variables are correlated, the subset of variables chosen will be the ones that best 

predict the observed values in the training set at each fold, but this result is dependent on how the 

folds are created. Thus, if a different random number were selected to sort the observations 

before creating the folds, a different subset of covariates could be selected for the optimal model. 

This is not a problem when prediction is the goal because the optimal model will still have a 

similar performance even if it has a different set of covariates selected. The goal here was mainly 

to predict; however, I also wanted to identify which of the many predictor variables best 

predicted the observed monitoring site data. I therefore ran the algorithm selected as “best” five 

times with different seeds for sorting the observations and assessed the average relative 

importance of each variable across these five model runs. Because the model chosen as ‘best’ 

was GBM, I used its calculation of relative importance, which can be thought of as the empirical 

improvement of the model for splitting on that variable summed over all nodes within a tree and 

averaged over all trees within the boosted model. I then averaged these values provided by the 

caret package in R across the five runs using different seeds to get the average relative 

importance of each variable in this ‘best’ algorithm. Additionally, I looked at different subsets of 

variables to determine if exposure to PM2.5 during the wildfires could be predicted using a 

parsimonious model.  

All statistical analyses were done in R v. 2.15.3 (R Core Team 2013). Moran’s I was 

calculated using GeoDa v. 1.2.0 (Anselin et al. 2006), and all maps were created in ArcGIS 10.1 

(ESRI 2012).  

 

Results 

Pearson correlation coefficients (r) for each of the 29 predictor variables with the 

outcome variable, logged values of PM2.5, are listed in Table 3.2, ordered by the absolute value 

of r. The variable that is most correlated with the outcome is the AOD value from the GASP 

satellite, followed by the distance to the nearest active fire cluster (negatively), and then equally 

by the WRF-Chem model’s estimate of PM2.5 and the local AOD product. Many of the predictor 

variables were correlated with each other (Appendix Table 1).  
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Table 3.2 Pearson correlations ordered by absolute value of the size of the correlation 

 

logged 

monitor 

PM2.5 

values 

GASP AOD 0.579 

distance to nearest active fire cluster -0.402 

local AOD 0.384 

WRF PM2.5 0.384 

MODIS AOD 0.368 

sea level pressure -0.368 

Y-coordinate 0.309 

U component of wind speed -0.285 

San Francisco Bay Area air quality district -0.283 

Temperature at 2 meters 0.282 

% urban land use within 1 km -0.268 

relative humidity -0.266 

Julian date -0.263 

population density -0.256 

% vegetation land use within 1 km 0.222 

high density development within 1 km -0.179 

sum of traffic count within 1 km -0.170 

surface pressure -0.164 

% agricultural land use within 1 km 0.124 

elevation 0.113 

Sacramento Valley air quality district 0.113 

V component of wind speed -0.076 

X-coordinate -0.067 

San Joaquin Valley air quality district -0.041 

fire counts in nearest cluster / distance 0.036 

weekend -0.035 

dew point temperature -0.003 

Mountain Counties air district -0.001 

planetary boundary layer height 0.000 

 

Table 3.3 shows the CV-RMSE, CV-R
2
, and number of variables chosen when selecting 

models by the lowest CV-RMSE and when allowing for a more parsimonious model that still has 

a relatively small CV-RMSE. From the CV-RMSE, GBM fits the data the best, but the random 

forest model was a close second; the CV-R
2
 rounds to 0.80 for each of these algorithms. To 

compare the fits of these models, I first compared the output of these two algorithms, random 

forest and GBM, using the subset of variables that minimized the CV-RMSE and then analyzed 

the better of the two algorithms for the parsimonious subset of covariates. The parameters chosen 
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for GBM by 10-fold cross validation nested within the recursive factor elimination 10-fold cross 

validation were interaction depth = 9, number of trees = 500 and shrinkage = 0.1. 

 

Table 3.3 CV-RMSE and CV-R
2
 values for the best model across the 11 algorithms 

  

Model with smallest CV-

RMSE for subsets of 

covariates 

Model with fewer variables 

whose CV-RMSE was 

within 1.5% of the smallest 

CV-RMSE 

CV-

RMSE 

(µg/m
3
) 

CV-R
2
 

# of 

variables 

selected 

CV-

RMSE 

(µg/m
3
) 

CV-R
2
 

# of 

variables 

selected 

GBM 1.489 0.803 29 1.495 0.799 13 

Random Forest 1.513 0.796 20 1.521 0.790 14 

SVM 1.556 0.761 16 1.561 0.758 15 

Gaussian 

Processes 
1.580 0.746 16 1.591 0.739 14 

GAM 1.607 0.725 26 1.609 0.724 25 

MARS 1.642 0.701 28 1.648 0.696 26 

Bagged Trees 1.687 0.672 27 1.696 0.665 15 

GLM 1.821 0.558 29 1.834 0.549 23 

Lasso Regression 1.821 0.558 28 1.834 0.548 23 

Elastic Net 

Regression 
1.848 0.538 28 1.852 0.535 27 

K-Nearest 

Neighbors 
2.030 0.387 2 2.044 0.374 1 

 

To assess the fit of the random forest and GBM models, I compared the out-of-sample 

predicted values with the observed values, the residual plots, and the Bland-Altman plots (Figure 

3.1). The GBM’s predicted-observed plot shows the values more evenly distributed across the 

line of unity (y=x) at the low and high values where the random forest model over-predicts and 

under-predicts, respectively. The residuals plot and Bland-Altman plots, however, demonstrate 

slightly tighter agreement for the random forest model than the GBM model with fewer large 

negative residuals. I found no evidence of spatial autocorrelation of the residuals for either 

algorithm based on Moran’s I (see Appendix Table 2). 
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Figures 3.1A, 3.1B, and 3.1C Model diagnostic plots for the optimal model based on 10-fold 

cross-validation using random forest and GBM, respectively  

A. Predicted-Observed Plots 

 
 

B. Residual Plots 
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C. Bland-Altman plots 

 
The line in Figure 3.1a is y=x, not the best fit of the data. 

 

I predicted values for the optimal model with random forest and GBM on a 5-km grid 

across the study area. A comparison of the predicted values for random forest and GBM 

demonstrated that the random forest model predicted values across a smaller range (min=3.4 

µg/m
3
, max=188.4 µg/m

3
) than the GBM model (min= 2.0 µg/m

3
, max= 337.4 µg/m

3
). The latter 

was closer to the full range of the observed monitoring data in sites where such data were 

available (min=1.5 µg/m
3
, max=364.8 µg/m

3
) (Appendix Figure 1). 

I also compared the 5-km predicted values to visible satellite imagery from MODIS 

during the fires. The satellite image and the predicted grids (5 km) for the random forest and 

GBM models are shown for June 29, a day without much smoke, and for July 11, a day with a 

large smoke plume covering most of the study area in Figures 3.2 and 3.3, respectively. This 

comparison is limited in two main ways: the visible imagery is from one time point during the 

day, whereas the model predictions are for the whole 24-hour period of that day; and the satellite 

image shows total atmospheric column smoke, much of which is above the level where humans 

can breathe it and thus not what the model aims to predict. With these limitations in mind, it still 

appears that each model captures some of the spatial variability in the smoke plume evident in 

the visible imagery.  

 Based on the above comparisons between random forest and GBM, the GBM fits the data 

slightly better than random forest based on the CV-RMSE, the CV-R
2
, and the range of predicted 

values.
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Figure 3.2 Satellite image, predicted grid from random forest and from GBM on June 29, 2008 
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Figure 3.3 Satellite image and predicted grids from random forest and GBM on July 11, 2008 

 

 
<15 15-35 35-55 55-75 >75 µg/m

3

 



Colleen E. Reid 

65 
 

 One of the key features of my model selection strategy was that I used 10-fold cross 

validation to compare between statistical models and to select an optimal set of covariates for 

each algorithm. Figure 3.4 shows the CV-RMSE for every subset of variables run for the GBM 

algorithm. The first few variables have the most impact on the CV-RMSE and the model with 

the fewest predictors whose CV-RMSE is within 1.5% of the minimum CV-RMSE has 13 

covariates. From this plot, it is clear that the additional 16 variables do not add much to the 

model performance. The diagnostic plots in Figure 3.5 show a good model fit for the GBM with 

only 13 variables and Figure 3.6 shows that the predicted values of PM2.5 from this model and 

the model with all 29 covariates are very similar with the greatest difference occurring for the 

extremely high values. These two models could be considered equivalent for prediction 

purposes. For my follow-up study in which I use the model to predict exposures, I will use the 

parsimonious model.  

 

Figure 3.4 CV-RMSE (in logged values) for each consecutive subset of variables for GBM 
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Figure 3.5 Diagnostic plots for parsimonious GBM with only 13 variables 
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Figure 3.6 Boxplot of out-of-sample PM2.5 values from the GBM with 29 variables and with 13 

variables and for the difference in those two predictions 

 
 

To determine whether the random splits of the observed data into folds influenced which 

variables were chosen by the model, I ran the GBM five times allowing the observations to be 

sorted differently. All of the models had CV-R
2
 values that rounded to 0.80 or 0.81 and the top 

variables chosen were the same for all models. The models selected between 20 and 29 of the 

variables when choosing the model that minimized the CV-RMSE; the parsimonious models had 

14 to 28 variables. The average relative importance of each variable across the five runs (Table 

3.4) clearly demonstrates that GASP AOD was the most influential variable in creating the 

optimal exposure model. The rank ordering of the variables was fairly consistent. GASP AOD, 

Julian date, and WRF-Chem were chosen as the first, second, and third variables, respectively, 

for each of the five runs. The R
2
 values for the models ranged from 0.7977 to 0.8102. 
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Table 3.4 Average variable importance for variables chosen by five runs of the GBM  

  

Average Variable 

Importance 

GASP AOD 1088.40 

distance to the nearest fire cluster 327.99 

WRF-Chem 266.49 

Julian date 263.31 

surface pressure 201.03 

local AOD 195.17 

sea level pressure 182.81 

relative humidity 175.75 

V component of wind speed 157.06 

U component of wind speed 135.87 

X-coordinate 134.86 

MODIS AOD 130.63 

temperature at 2 meters 116.02 

Y-coordinate 122.27 

dew point temperature 96.16 

fire counts in nearest cluster / distance 95.87 

elevation 75.52 

planetary boundary layer height 84.49 

% urban land use within 1 km 72.40 

sum of traffic counts within 1 km 71.98 

% vegetated land use within 1 km 37.64 
The average variable importance for the GBM model can be thought of as the empirical improvement in the model 

when splitting on that variable summed over all nodes within a tree and averaged over all trees within the boosted 

model. The value for each variable presented here is the mean across five runs of the GBM of the average variable 

importance in each of those five runs.  

 

I did a sensitivity analysis with subsets of variables to determine if having just one AOD 

measure or just the WRF-Chem output combined with meteorological, land use, traffic, spatial, 

and temporal data could predict as well as having all variables included. I also assessed the 

universality of this method by removing variables that are specific to the time or space of the 

study fires (e.g., X and Y covariates, air basins, and Julian date). The output for applying 10-fold 

cross-validation with GBM for these models is shown in Table 3.5. Although the model that 

allows GBM to select among all of the 29 variables has the lowest CV-RMSE and highest CV-

R
2
, many of the models that could only choose from a subset of these variables approximated the 

fit of the optimal model. This is likely due to the high collinearity of the spatiotemporal datasets. 

Pearson correlations between GASP AOD and MODIS AOD, local AOD, and WRF-Chem were 

0.712, 0.705, and 0.483, respectively. The CV-R
2
 for the model with only universally available 

variables (0.77) is only slightly lower than the model with all of the variables, demonstrating that 

this model could be used as an exposure model in other locations. 
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Table 3.5 CV-R
2
 and CV-RMSE for GBM models with different subsets of variables  

  

All 

variables 

GASP 

AOD 

plus* 

WRF-

Chem 

plus* 

Emissions 

plus* 

Just 

plus* 

MODIS 

AOD 

plus* 

Local 

AOD 

plus* 

Universal 

variables 

CV-

RMSE 1.489 1.495 1.531 1.556 1.542 1.548 1.520 1.542 

CV-R
2
 0.803 0.800 0.774 0.757 0.768 0.764 0.784 0.770 

 # of 

variables 

chosen 

29 out of 

29 

25 out 

of 26 

25 

out of 

26 

18 out of 

26 

19 out 

of 26 

22 out 

of 26 

16 

out of 

26 

19 out of 

20 
*”plus” means the following variables: temperature, relative humidity, sea level pressure, surface pressure, planetary 

boundary layer height, dew point temperature, and the U and V components of wind speed, distance to the nearest 

fire cluster, counts of fires in nearest cluster / distance, x-coordinate, y-coordinate, counts of traffic within 1 km, % 

of urban land use within 1km, % of agricultural land use within 1km, % of vegetation land use within 1km, any high 

intensity land use within 1km, elevation, indicator variables for air basin, population density, Julian date, and an 

indicator variable for weekend.  

 

I also did a sensitivity analysis with just FRM data and all but the FRM data (Table 3.6). 

Although the models with just the FRM data had the smallest CV-RMSE, these models had very 

few monitor-days (N=277), compared to all of the data (N=1540). The FRM monitoring data did 

not have as large a variance, which is likely due to the fewer time periods on which the FRM 

monitors collect data and thus possibly missing some of the highest exposure days, and due to 

the limited spatial locations of the FRM data. The eBAM monitors that were deployed to areas in 

the mountains close to the fires were able to capture higher values that supply better data support 

for prediction of exposure in locations closer to the fires than the FRM monitors. Although the 

populations in these areas are small, their exposures were high and by including monitoring data 

from those locations, the estimated exposures more likely match the true exposure. Models that 

included only the non-FRM monitors also obtained similar results to the full data because most 

of the observations were from non-FRM monitors.  
 
Table 3.6 CV-RMSE from models with different subsets of monitoring data for the 

dependent variable. 

 

*Because of different numbers of observations in these models, the RMSEs are not directly comparable.  

 

Discussion 

 My analyses demonstrate the utility of using data-adaptive approaches (i.e. machine 

learning algorithms) to combine spatial, temporal, and spatiotemporal data to improve exposure 

estimates to PM2.5 from satellite data and CTMs. The best model has a CV-R
2
 of 0.803 with little 

heteroskedasticity or autocorrelation in the residuals, good agreement with the observed data, 

 

All Monitors 

(N=1540) 

Only FRM 

monitors 

(N=277)
 

All but FRM 

monitors 

(N=1263) 

CV-RMSE 

(µg/m
3
) 1.489 1.437 1.519 

CV-R
2
 0.803 0.792 0.7898 

Number of 

Covariates 29 out of 29 15 out of 29 23 out of 29 
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and predicted values that capture the variability evident in visible imagery of the smoke plume 

on high and low smoke days.  

My analysis of 11 statistical algorithms demonstrates that assuming a linear model for 

estimating exposure would not have been the best choice. The best CV-R
2
 value from a GLM 

model was 0.558 compared to 0.803 from GBM. Even GAM, which performed much better on 

these data (CV-R
2
 = 0.725) than a linear model, still was not as good as GBM or other models 

such as random forest. A recent study that predicted PM2.5 in the San Joaquin Valley of 

California also found that non-linear models, GAM and MARS in this case, predicted ground-

level PM2.5 from satellite measures of atmospheric aerosol loading better than a linear model 

(Sorek-Hamer et al. 2013).  

The GBM is a generalization of tree boosting that provides an accurate and effective 

model for data mining (Hastie et al. 2009). Boosting combines many weak tree-based models 

into a powerful committee of models. The method requires each iterative model to better predict 

previously poorly predicted observations by up-weighting those observations and down-

weighting well-predicted observations. By combining all of the weak models together, the 

boosted model predicts over the range of observations very well.  

GASP AOD proved to be the most predictive of surface PM2.5 concentrations. This 

variable had a variable importance factor in the GBM models that was three times more 

important than the next most important variable (distance to the nearest fire cluster), four times 

more important than the WRF-Chem model output, five times more important than the local 

AOD, and over eight times more important than MODIS AOD. GASP has been shown to 

correspond well to AOD from AERONET, a ground-based measure of AOD, in the eastern US 

(Prados et al. 2007), and also predicts in situ PM2.5 concentrations well in the eastern US, but 

correlations are weaker in the west (Paciorek et al. 2008). Higher correlations occur between 

PM2.5 and AOD when more of the total atmospheric particles are in the fine mode (Green et al. 

2009), and when there is more PM in the air, particularly during wildfires (Gupta et al. 2007). 

The fact that GASP AOD, with an intermediate spatial resolution as compared to the other two 

AOD measures in this analysis, was much better at predicting ground-level PM2.5 during this 

wildfire event suggests that temporal resolution, every half hour during daylight hours for GASP 

compared to twice daily for the other two, may be more important than spatial resolution for 

predicting smoke during a wildfire. Although the local AOD measure had a much smaller spatial 

resolution (0.5 km) compared to GASP (4 km), it did not correlate as highly with the monitored 

PM2.5 data, nor was it as important of a variable in any of the 11 statistical algorithms. Although 

the local AOD used a relaxed cloud filter that could provide a benefit, the GASP and MODIS 

AOD data were also adjusted to estimate values lost due to the standard cloud filters applied to 

these products. If this had not been done, the local AOD may have been a more important 

predictor. Although research has shown that MODIS AOD corresponds better to ground-based 

AOD measurements than GASP AOD (Green et al. 2009; Prados et al. 2007), statistical models 

of ground-level PM2.5 that account for the daily variability in the AOD/PM2.5 relationship 

(Chudnovsky et al. 2012) and those that incorporate meteorological and land-use data (Liu et al. 

2009a) can yield good results for GASP. These results also lend more evidence to the assertion 

that AOD predicts PM2.5 well in the western US during high pollution events such as wildfires, 

particularly when combined with other spatial, temporal and spatiotemporal data. 

The WRF-Chem model also predicted ground-level PM2.5 concentrations well during the 

fires. The model run with just WRF-Chem and other covariates that had a CV-R
2
 value of 0.774 

and WRF-Chem had the third highest variable importance across GBM models. CTMs have been 
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used to assess the impacts of wildfires on air quality (Choi and Fernando 2007; Hu et al. 2008; 

Pfister et al. 2008), and a few recent studies have used dispersion models similar to CTMs to 

analyze health effects of wildfire smoke exposure (Henderson et al. 2011; Thelen et al. 2013). 

CTMs alone, however, are often too coarse to estimate exposures for epidemiological analyses. 

The exposure modeling used in this paper, by incorporating local land use and traffic 

information, can provide a framework for how to spatially downscale CTM output to make it 

more relevant for exposure assessments used for epidemiological analyses. Additionally, by 

combining CTM output, which incorporates assumptions about the amount and timing of 

emissions and the three-dimensional transport of air pollutants, with satellite data, which provide 

information on the full-column of atmospheric aerosol loading rather than ground level, the 

model combines the strengths of both to help predict known concentrations of PM2.5 at ground 

level. 

 My analysis is limited by the variables I used and the algorithms I chose. To approximate 

the true data-generating process that created the data, I would want to select from the largest 

library of algorithms possible. The 11 algorithms used here represent a large range of statistical 

models. I could have done an exhaustive search for more predictor variables, but I have 

assembled the data likely to best approximate the exposure and my list of candidate predictor 

variables is more extensive than those used previously to estimate wildfire PM2.5 exposure. 

Although land use and traffic variables are important predictors of PM2.5 during normal 

conditions, these variables were not strong predictors during the fires when AOD measures and 

the WRF-Chem model, which incorporate both fire activity and PM2.5 emissions, were allowed 

into the model as covariates. Interestingly, when I removed all of the AOD and the WRF-Chem 

variables from the modeling process, the model selected still had good predictive capacity. Many 

of the meteorological data plus the spatial and temporal covariates were able to capture the 

variability in my observed data. 

 I chose the RUC meteorology data because other papers have shown the importance of 

planetary boundary layer height for converting AOD to ground-level estimates of PM2.5 (Engel-

Cox et al. 2006; Green et al. 2009). Planetary boundary layer height, however, was one of the 

least predictive of my variables, most likely due to poor prediction of planetary boundary layer 

height by the RUC model in California due to its varied topography. The selection of the WRF-

Chem model that incorporates meteorological data including planetary boundary layer height 

into its output could explain the relatively weak prediction from the boundary layer data. Future 

work should investigate measured rather than modeled meteorological data.  

 A limitation of this work is that it cannot be generalized to all wildfire events. Most 

importantly, the role of Julian date, and the x- and y-coordinate variables, which were important 

predictors, do not denote universal relationships with PM2.5 during wildfires, but instead relate to 

the specific time and place of this study. When I removed all time- and space- specific variables 

from the modeling, these models were only slightly less predictive (CV-R
2
 of 0.77), 

demonstrating the possibility that this exposure model could be applied successfully to other fire 

episodes. In future research efforts, collaborators and I will apply this model in other locations 

with sufficient monitoring data to verify the method before it is applied to an area with fewer 

monitoring sites.  

It is possible that this modeling method could be used for empirically forecasting PM2.5 

from wildfires as two recent studies have demonstrated the ability of remotely-sensed fire 

information, prior day air quality information, and meteorological data to predict air quality on 

the next day (Price et al. 2012; Yao and Henderson 2013). These models had lower performance 
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than my model, which could be due to the diversity of modeling algorithms or input variables I 

used, the fact that I was predicting same day PM2.5 rather than the next day’s PM2.5, or due to 

differences in location. Further research into the use of this method for forecasting PM2.5 could 

inform public health efforts during wildfire events. 

 The final model performed very well in locations where monitoring data exists. It 

provides estimates of daily PM2.5 exposures from a significant wildfire smoke episode across 

large spatial scales. By using data with broad coverage from satellites, CTMs, and local 

information that provide small-area spatial variation, this method could be applied in other 

regions of the world that experience regular wildfires but have less monitoring data for the study 

of wildfire health effects.  
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Chapter 4: Respiratory and cardiovascular hospitalizations due to PM2.5 exposure 

during the 2008 northern California wildfires. 

 

Introduction 

 Wildfires have been increasing in frequency and severity in western North America and 

this increase has been associated with earlier spring snowmelt and higher temperatures 

(Westerling et al. 2006). Under various future climate change scenarios, the risk of wildfires is 

projected to increase in California (Westerling and Bryant 2008; Westerling et al. 2011), the 

Rocky Mountains, Pacific Coast, Great Plains and Southeastern US (Liu et al. 2013), and in 

many parts of the world (Liu et al. 2010; Moritz et al. 2012).  

Smoke from wildfires contains many pollutants of concern for public health including 

nitrogen dioxide, ozone, carbon monoxide, various hydrocarbons including polycyclic aromatic 

hydrocarbons, free radicals, and particulate matter (PM) (Naeher et al. 2007). Previous 

epidemiological studies of wildfire smoke exposure have found consistent evidence of 

respiratory health effects in general and most specifically for exacerbations of asthma and 

chronic obstructive pulmonary disease (COPD) (Chapter 2). Findings for other health outcomes 

have been inconsistent across studies (Chapter 2), and not enough research has been done to 

determine if particular population subgroups are more susceptible or vulnerable to wildfire 

smoke exposure (Chapter 2).  

Some of the discrepancy in findings from epidemiological investigations of exposure to 

air pollution from wildfires could be due to exposure measurement error that can occur when one 

or even a few air pollution monitoring stations is used to assign exposure to everyone in a large 

area. This can bias results, most often towards the null, or increase variance, or both (Zeger et al. 

2000).  

This study investigates a particularly long-lived, large wildfire complex that occurred in 

northern California in the summer of 2008. The 2008 Northern California wildfires were ignited 

by over 6000 lightning strikes during a dry lightning storm the weekend of June 20-21, 2008, 

which lit thousands of fires in 26 counties in California (CARB 2009). A combination of 

meteorological conditions and difficulty with fire suppression due to the large number of fires 

and their location in rough terrain contributed to very high air pollution levels throughout 

northern California (Reid et al. 2009). Air pollution levels remained elevated during the period 

from June 20-July 29, 2008 at which point most of the fires were contained (CARB 2009). 

Smoke from the fires covered a large region, encompassing the Sacramento and San Joaquin 

Valleys, the San Francisco Bay Area, the Monterey Peninsula, and the northern Sierra Nevada 

mountain communities for almost six weeks, making this an important fire episode for analysis 

of public health effects. 

 In an effort to extend epidemiological understanding of health effects from exposure to 

particulate matter from wildfires, I used a novel spatiotemporal exposure model that I derived by 

combining information from satellite data, chemical transport models, meteorological data, and 

other spatial and temporal information using machine learning methods (Chapter 3). I examined 

the effects of this relatively long exposure on cardiovascular and respiratory hospitalizations 

across the large population of northern and central California. I was especially interested in 

whether the PM2.5-hospitalization associations during the fire period were different from those 

observed before and after the fires. I also assessed effect modification by individual and 

community factors to identify sensitive and vulnerable subgroups.  
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Methods 

Study setting 

 The 2008 northern California wildfires consisted of thousands of wildfires that were 

ignited by a large lightning storm the weekend of June 20-21, 2008. Most of these fires were 

contained by the end of July 2008. For this study, I defined the pre-fire period as May 6 to June 

19, the fire period as June 20 to July 31, and the post-fire period as August 1 to September 15. 

The spatial confines of my analysis are the ZIP codes that fall within the main air basins affected 

by the fire: the Sacramento Valley, the San Francisco Bay Area, the Mountain Counties, Lake 

County, the North Central Coast, and the northern part of the San Joaquin Valley (Figure 4.1).  

 

Figure 4.1 Study region 

 
 

Exposure Data 

 Exposure to PM2.5 for each day in each ZIP code was estimated using an optimal 

exposure prediction model that was created from a large set of spatiotemporal data sets through 



Colleen E. Reid 

75 
 

data-adaptive machine learning methods. The methods used for this model are described fully in 

Chapter 3; however, the exposure model used for this analysis is different in a few ways. I used 

the same modeling process as was used in Chapter 3 but expanded it to include periods before 

(May 6
th

 to June 19
th

) and after the fires (August 1
st
 to September 15

th
) and to exclude predictor 

variables that are included in the epidemiological models as confounders of the PM2.5-health 

relationship (temperature, relative humidity, Julian date, and population density) and that were 

not available for the before and after time periods (local aerosol optical depth (AOD)).  

 Exposure estimates from this extended analysis were then predicted at the population-

weighted centroid of each ZIP code tabulation area, which is a spatial construct used by the US 

Census Bureau to create ZIP codes from census-area designations using ArcGIS 10.1 (ESRI 

2012). I used the value for each predictor in the exposure model that was closest to the 

population-weighted centroid for that ZIP code. On days without sufficient retrievals from the 

GASP AOD variable (N=13/133, 9.7% of days), the most important predictor variable in the 

exposure model, I was unable to predict exposures for any location. For two of these dates, June 

3 and June 9, for each ZIP code, I took the average of the previous and subsequent day for each 

ZIP code. The other dates (N=11) were consecutive and therefore I could not take the average of 

the previous and subsequent days; I used the grand mean across each of the days for all ZIP 

codes which has been demonstrated to be equivalent to the missing indicator method and is 

appropriate for use when there are few missing values (White and Thompson, 2005). Predicted 

values for all ZIP codes in the study area over time are presented in Figure 4.2. 
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Figure 4.2 PM2.5 predictions by ZIP code for the before, during, and after fire periods with mean 

daily values for selected air basins. 

 
 

Outcome Data 

 I obtained daily counts of hospital admission visits for each ZIP code in the study area 

from the California Department of Public Health for the following causes (ICD-9 codes in 

Appendix Table 3): asthma, chronic obstructive pulmonary disease (COPD), pneumonia, 

ischemic heart disease, cardiac dysrhythmias and conduction disorders, heart failure, 

cerebrovascular disease, and hypertension. I also separately combined all respiratory and all 

cardiovascular endpoints together.  

 

Covariate Data 

Temperature and relative humidity data are 24-hour averages taken from the Rapid 

Update Cycle (RUC) model from the National Climatic Data Center (http://ruc.noaa.gov/). I 

assigned the value from the grid cell that overlaid the population-weighted centroid of each ZIP 
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code. I obtained estimates of population, median income, percent of the population over 65, 

percent of the population living in owner-occupied housing, and percent of the population with 

less than a high school diploma for each ZIP code from the 2000 US Census.  

 

Causal Hypothesis 

 Represented in Figure 4.3 is a directed acyclic graph (DAG) of the hypothesized causal 

relationship that I estimated. The red line indicates the causal relationship of interest between 

PM2.5 exposure from the wildfires and cardio-respiratory hospitalizations. Because the 

relationships I modeled are spatial and temporal, confounding variables can be spatial, temporal 

or both. According to this DAG, I could estimate the causal relationship of interest by controlling 

for day of week, temporal/seasonal trends, meteorological variables, age, and socio-economic 

status in the statistical model. The best way to control for spatial confounding would be to adjust 

for location/where one lives, but this is perfectly collinear with the exposure. I also could have 

controlled for other spatial confounders such as health status or smoking prevalence, but those 

variables were not available and are both colliders and would induce relationships between age 

and SES, thus requiring control for SES and age also. If, however, I controlled for SES and age 

only, all backdoor paths from the exposure of interest, PM2.5, and the health outcomes by way of 

spatial covariates are removed, leaving an unconfounded relationship to estimate. By just using 

the two spatial covariates of SES and age, I also obtain a more parsimonious model.  
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Figure 4.3 DAG of the causal relationship between wildfire PM2.5 exposure and cardiorespiratory 

hospitalizations 

 

 
SES = socio-economic status, AC=air conditioning, t=day of outcome, k=number of days prior to outcome at which 

it is assumed exposure is causally related to outcome, Dow=day of week 

 

Statistical Analysis 

I used Poisson generalized estimating equations (GEE) to calculate the population-

averaged effect of exposure to PM2.5 during the 2008 northern California wildfires on 

cardiovascular and respiratory hospitalizations. I performed stratified analyses for the before, 

during, and after wildfire periods to differentiate the effects of PM2.5 from the wildfire from the 

effects of other sources of PM2.5. P-values for differences in effect estimates by time period were 

taken from the interaction term in models that included an interaction term for time period (i.e. 

before, during, or after) with each covariate in the model, not just the exposure. By interacting 

each confounding variable and the exposure variable of interest with the time period, such 

models yield the same relative risks and confidence intervals as stratified models. 

To control for possible confounders, I made the following a priori assumptions: that 

within the time frame of just warm months, the relationship between apparent temperature and 

health would be linear; although seasonal trends of PM2.5 and patterns of health outcomes are not 

linear throughout the year, during the relatively short time frames of the three stratified models 

(before period is 45 days, during fire period is 42 days, and after fire period is 46 days) the time 

trend would be essentially linear; and I would use indicator variables to control for holiday 
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effects and day of week effects. I chose from among a few SES measures based on model fit as 

estimated by minimizing the QICu (Hardin and Hilbe 2003). I used an independent correlation 

structure with the sandwich estimator of the variance, which makes the model robust to 

misspecification of the covariance structure and also adjusts for any over-dispersion in the count 

data. I also included the log of the size of the population of interest as an offset term. I calculated 

a heat index, a measure of apparent temperature that combines both temperature and RH, based 

on an algorithm used by the US National Weather Service that has been evaluated as the best of 

various apparent temperature calculations (Anderson et al. 2013). I found little difference 

between temperature and the heat index (Pearson’s r=0.995), but used heat index because other 

studies consider both temperature and RH to be confounders of the wildfire PM2.5 – health 

relationship (Delfino et al. 2009; Johnston et al. 2007). To model the age structure of the 

population, I used percent of the ZIP code population over 65 years of age because this age 

designation is often used as a marker of increased susceptibility to health effects. Equation 1 

demonstrates the model that I used. 

 

Equation 1: 

                     
   

 (    )                                                       
                                                     

 

in which i=ZIP code, j=day, RH= relative humidity, temp=temperature, ß0=the intercept, and g is the log 

link.  

 

Previous studies of the effects of PM2.5 from wildfires on health have used various lags, 

mostly same-day, one-day lag, or a two-day moving average (see Chapter 2), with no study 

indicating that lags or moving averages were investigated beyond one week. I initially 

investigated lags up to 28 days but did not find sustained effects (Appendix Figure 2). I therefore 

decided to apply a moving average of the two days prior to the date of hospital admission; this 

was corroborated by QICu values from models that used a few different common lag structures. 

For the main analysis, I chose not to include same-day PM2.5 in the moving average as I did not 

have access to the time of day of the hospitalization and did not want to include counts of health 

outcomes that could have occurred before the exposure; however, I did a sensitivity analysis with 

the same-day data included (a three-day moving average).  

 For many epidemiological analyses of PM2.5 from wildfires, the effect size for a change 

of 10 µg/m
3 

in PM2.5 are often presented (e.g., Delfino et al. 2009; Elliott et al. 2013; Morgan et 

al. 2010). In a time series analysis, the effect estimates relate to day-to-day differences in 

exposures. The GEE model can estimate across a range of values by borrowing information from 

various locations that have very different exposure ranges, but the day-to-day exposure 

differences within a ZIP code may not be as large. To present results that represent this 

magnitude change, I investigated whether day-to-day differences in the exposure by ZIP code 

were generally 10 µg/m
3 

or greater. Therefore, I took the daily difference in the two-day moving 

average by ZIP code and looked at the distribution before, during, and after the fires. During the 

fire period, many ZIP codes experienced many day-to-day changes in exposure of 10 µg/m
3 

or 

greater; however, before and after the fire, ZIP codes with day-to-day changes this large or larger 

were rare. I present the main findings as per 5 µg/m
3 

as 36% of ZIP code-days in the fire period, 

6 % of those before the fires, and 5 % of those after the fires experienced this level or higher 
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day-to-day differences and per 5 µg/m
3 

is slightly smaller than the inter-quartile range of 

exposures across all days and ZIP codes (6.2 µg/m
3
). Appendix Table 4 presents the results per 

10 µg/m
3
 for ease of comparison with other studies.  

 

Identification of Sensitive and Vulnerable Sub-populations 

 I evaluated the effect of wildfire PM2.5 exposure on hospitalizations stratified by sex, and 

age group (under 20 years old, 20-64 years old, and 65 and over). I also assessed effect 

modification by quintiles of the following measures of SES at the ZIP code level: median 

income, percent of the population with less than a High School diploma, and percent of housing 

units that are owner-occupied. 

 

Sensitivity Analyses 

 I performed sensitivity analyses to examine the effect of using different exposure models 

based on the results from Chapter 3. I tested the exposure model that included variables that are 

either confounding variables in the epidemiological model or are highly correlated with these 

confounders; this model allowed temperature, relative humidity, and population density to be 

chosen as predictors of exposure. I also assessed the effects of using estimates from the exposure 

model that only included variables that could apply to any wildfire, which I call the universal 

exposure model (see Chapter 3).  

 I tested a three-day moving average that included same-day exposures. Finally, I did a 

sensitivity analysis that excluded all days for which exposure had to be imputed because of 

missing information from the GASP satellite, the most important predictor of exposure in this 

analysis. 

 All statistical analyses were performed in R v. 2.15.3 Vienna, Austria (R Core Team 

2013). This work was deemed not human subjects research by the Center for Protection of 

Human Subjects at the University of California, Berkeley.  

 

Results 

Exposure Assessment Modeling Results 

 When modeling just the fire period or the full season as done here, I found that the 

generalized boosting method (GBM) algorithm fit the input exposure data best based on out-of-

sample cross-validated (CV) metrics of fit. The subset of variables that had the lowest CV-

RMSE included 15 of 20 possible predictor variables, but one with 11 variables had a CV-RMSE 

value within 5% of the model with the smallest CV-RMSE (Appendix Figure 3). This model had 

a CV-R
2
 of 0.72. The variables that contributed most to the model were GASP AOD, the WRF-

Chem model PM2.5 estimates, and surface pressure. Diagnostics for the before, during, and after 

fire periods of the model run on the full data demonstrated good performance in each period 

(Figure 4.4 and Appendix Figure 4).  
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Figure 4.4: Observed-expected plot by period for the spatiotemporal full season exposure model 

 
Descriptive Statistics 

 Daily PM2.5 exposures were much higher during the fire period (mean = 23.0 µg/m
3
, 

range = (1.88, 327)) than in the period before (mean = 10.3 µg/m
3
, range = (1.77, 128)) or after 

(mean = 9.96 µg/m
3
, range = (1.82, 98.4)). The heat index was much lower before the fires than 

during or after, likely due to seasonally lower temperatures in May and June compared to July, 

August, and September. When differences in the health outcomes existed by period, they were 

lower during the fire period, which is consistent with the seasonal patterns of hospitalizations in 

the region (Appendix Figure 5).  
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Table 4.1. Temporal descriptive statistics by time period 
 Full Season * 

N=102,311 

Before Fires* 

N=33,583 

During Fires 

N=32,802 

After Fires 

N=35,926 

Days (count) 131 43 42 46 

Spatiotemporal Data – mean (SD) 

PM2.5 moving average (µg/m
3
) 14.31 (15.22) 10.44 (4.20) 23.07 (23.84) 9.93 (4.62) 

Temperature (°C) 21.29 (5.31) 18.77 (5.31) 22.48 (5.07) 22.57 (4.65) 

RH (%) 52.75 (19.23) 52.50 (18.94) 54.67 (18.51) 51.24 (20.00) 

Heat index moving average (°C) 21.78 (5.29) 18.83 (5.16) 23.25 (5.02) 23.18 (4.44) 

Health Data for whole area averaged by day: mean (min, max) 

All Respiratory 145.2 (92, 227) 174.7 (134, 

227) 

132.9 (92, 170) 128.9 (95, 165) 

Asthma 26.6 (13, 49) 31.5 (17, 49) 23.4 (16, 38) 25.0 (13, 44) 

COPD 34.6 (17, 52) 39.4 (24, 52) 32.2 (19, 46) 32.3 (13, 44) 

Pneumonia 70.9 (33, 117) 86.8 (69, 117) 66.4 (33, 89) 60.1 (39, 83) 

All CVD 390.9 (238, 

509) 

407.7 (254, 

509) 

387.7 (250, 

480) 

378.3 (238, 498) 

Ischemic Heart Disease 125.1 (67, 176) 129.5 (71, 176) 124.4 (67, 169) 121.6 (67, 172) 

Congestive heart failure 68.3 (39, 102) 73.9 (39, 102) 67.9 (45, 94) 63.6 (43, 85) 

Dysrhythmias 63.3 (25, 98) 65.3 (39, 98) 63.0 (35, 86) 61.7 (25, 86) 

Hypertension 19.6 (7, 33) 21.0 (9, 33) 18.4 (7, 27) 19.4 (7, 30) 

Cerebrovascular Disease 75.8 (45, 109) 78.2 (52, 109) 75.4 (51, 102) 78.8 (45, 100) 
*data as analyzed with two lagged days removed 

 

 Clear spatial differences in covariates existed by air basin (Table 4.2) demonstrating the 

need to control for purely spatial covariates that could confound the PM2.5-health relationship. 

PM2.5 from the wildfire was highest in the Sacramento Valley air basin which is not surprising 

given that this region was surrounded by fires, and the smoke funneled into the valley no matter 

the wind direction.  
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Table 4.2 Spatial descriptive statistics by air basin 

  Full Area Sacramento San Joaquin Mountain Lake Tahoe San Francisco Lake County North Coast 

North Central 

Coast 

Spatial Data – mean (SD) 

ZIP codes 781 173 168 108 8 248 13 17 46 

Median 

income ($) 

55630 

(26510) 

47092 

(18956) 

39010 

(13359) 

46528 

(17057) 

49693 

(21897) 

76808 

(28923) 

39246 

(10525) 

59490 

(27546) 

59870 

(18446) 

% less than 

HS 

education 12.88 (6.68) 13.80 (5.26) 10.65 (4.93) 17.59 (8.86) 6.71 (3.32) 11.87 (5.89) 20.95 (6.04) 13.12 (8.09) 10.69 (7.00) 

% owner-

occupied 

housing 63.90 (16.97) 67.74 (15.03) 60.18 (15.07) 74.76 (11.33) 64.58 (11.99) 59.57 (19.74) 72.22 (7.16) 63.06 (8.26) 58.7 (14.65) 

Total 

Population  

16316 

(18150) 

13485 

(16471) 

15712 

(16997) 3716 (6121) 5825 (10401) 

26254 

(19293) 4479 (4353) 2944 (4480) 

15293 

(18152) 

Spatiotemporal Data – mean (SD), [min, max] 

PM2.5 

moving 

average 

(µg/m3) 

14.31 (15.22) 

[1.769, 327.5] 

21.33 (22.33) 

[2.325, 247.3] 

11.58 (7.7) 

[1.769, 106.0] 

17.23 (20.75) 

[1.820, 327.5] 

11.45 (15.93) 

[1.862, 240.9] 

9.5 (4.49) 

[2.450, 68.86] 

20.72 (20.54) 

[3.627, 165.1] 

20.12 (17.12) 

[4.146, 196.2] 

13.48 (8.24) 

[3.410, 105.6] 

Temperatur

e (°C) 21.29 (5.31) 23.76 (4.23) 24.73 (4.09) 22.49 (5.14) 15.29 (4.59) 17.68 (4.22) 21.99 (3.76) 17.91 (4.11) 18.23 (4.45) 

RH (%) 52.75 (19.23) 43.73 (12.77) 43.45 (11.12) 38.44 (14.48) 42.09 (16.37) 68.59 (16.3) 46.41 (14.43) 63.65 (17.28) 68.51 (17.24) 

Heat index 

moving 

average 

(°C) 21.78 (5.29) 24.22 (4.2) 25.3 (4.18) 22.6 (5.13) 14.97 (4.58) 18.29 (4.17) 22.38 (3.7) 18.42 (4.06) 18.9 (4.51) 
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Hospitalization Results 

 I found significant increases in hospitalizations for asthma (1.024, 95% CI = 1.004, 1.045 

for a 5 µg/m
3 

increase in PM2.5), COPD (1.019, 95% CI = 1.003, 1.035), pneumonia (1.013, 95% 

CI = 1.001, 1.025), and all respiratory causes (1.013, 95% CI = 1.003, 1.023) associated with 

PM2.5 during the fires. I found no statistical differences in effect estimates for COPD, 

pneumonia, or all respiratory causes, however, with PM2.5 during the fires compared to before or 

after the fires (Table 4.3). The only PM2.5 effect that was significantly higher during the fire than 

in a period outside of the fire was hospitalizations for asthma compared to the after fire period. 

Rates of hospitalization for pneumonia were significantly associated with PM2.5 both during and 

after the fires, but the effects for these two periods were not discernibly different from one 

another. There was a statistically significant protective effect for congestive heart failure 

associated with PM2.5 during the fires; however, this was not significantly different from 

associations for this outcome before or after the fires.  

 

Sensitive and vulnerable populations 

 For the significant associations of PM2.5 with respiratory outcomes during the fire, I then 

investigated the effects in three different age groups: under 20, 20 to 64, and 65 and over 

(Appendix Table 5). For asthma hospitalizations, the effect estimates associated with wildfire 

PM2.5 for the adult age group were significantly different from those of the younger age group 

(Figure 4.5).  

 My analysis also found some differences by sex; females had a much stronger association 

for asthma hospitalizations with wildfire PM2.5 than men (Figure 4.6). Men, however, 

experienced a significant relationship between wildfire PM2.5 and hospitalization for 

dysrhythmias and this effect was significantly higher than that found among women (Appendix 

Table 6).  

I analyzed effect modification across tertiles of measures of SES at the ZIP code level. 

The only consistent SES-effects across tertiles were for percent of housing in a ZIP code that is 

owner-occupied were for COPD, pneumonia, and all-cause respiratory hospitalizations (Figure 

4.7). ZIP codes with the lowest levels of owner-occupied housing had much larger relationships 

for these three respiratory hospitalization outcomes and PM2.5 during fires than in the ZIP codes 

with moderate and high rates of owner-occupied housing. The difference in RRs for the lowest 

tertile compared to the middle tertile of owner-occupied housing was significant at the p<0.05 

level for COPD and all respiratory causes and had a p-value of 0.057 for pneumonia. The highest 

tertile was more significantly different from the lowest tertile for pneumonia (p=0.006), but less 

so for COPD (p=0.07) and all respiratory causes (p=0.07). I did not find consistent effects across 

tertiles for the other measures of SES and PM2.5 exposure during the wildfire period (Appendix 

Table 7). 
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Table 4.3 Relative risks of hospitalization associated with PM2.5 before, during, and after the 2008 northern California wildfires 

  

RR for a 5 µg/m
3
 change in PM2.5     

Before Fires RR 

(95% CI) 

During Fires RR 

(95% CI) 

After Fires RR 

(95% CI) 

p-value 

comparing 

during 

and before 

p-value 

comparing 

after and 

before 

p-value 

comparing 

after and 

during 

All respiratory 1.010 (0.973, 1.048) 1.013 (1.003, 1.023) 1.013 (0.968, 1.060) 0.854 0.898 0.997 

    Asthma 0.964 (0.881, 1.055) 1.024 (1.004, 1.045) 0.892 (0.778, 1.022) 0.188 0.338 0.046 

    COPD 1.036 (0.969, 1.108) 1.019 (1.002, 1.035) 1.040 (0.962, 1.125) 0.619 0.933 0.585 

    Pneumonia 1.009 (0.964, 1.057) 1.013 (1.001, 1.025) 1.057 (1.002, 1.115) 0.868 0.185 0.112 

Cardiovascular Disease 1.008 (0.978, 1.039) 0.999 (0.992, 1.006) 1.017 (0.987, 1.047) 0.542 0.648 0.224 

    Congestive Heart Failure 0.972 (0.919, 1.028) 0.985 (0.973, 0.996) 1.005 (0.946, 1.067) 0.647 0.415 0.504 

    Ischemic Heart Disease 1.024 (0.975, 1.077) 0.999 (0.988, 1.009) 0.996 (0.949, 1.046) 0.308 0.405 0.912 

    Dysrhythmias 1.028 (0.973, 1.087) 1.011 (0.999, 1.024) 1.048 (0.988, 1.111) 0.565 0.658 0.230 

    Cerebrovascular Disease 1.017 (0.965, 1.072) 1.002 (0.991, 1.014) 1.031 (0.981, 1.084) 0.593 0.685 0.278 

    Hypertension 0.938 (0.848, 1.038) 0.994 (0.969, 1.021) 0.961 (0.865, 1.068) 0.259 0.737 0.528 

*all models are for the two-day moving average controlling for time trend, day of week, heat index, median income, and percent of the population over 65 
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Figure 4.5 Relative risks for a 5 µg/m
3
 increase in PM2.5 during the fire period by age group for 

respiratory hospitalizations 

 
# denotes significance at the p<0.05 level in the adult group compared to the under 20 age group for asthma and all-

cause respiratory hospitalizations during the fire period. No effect estimate is presented for the under20 age group 

for hospitalization for COPD because of so few observations of this health outcome in that group.  
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Figure 4.6 Relative risks for a 5 µg/m
3
 increase in PM2.5 during the fire period by sex for 

respiratory hospitalizations 

 
# denotes significance at the p<0.05 level for females compared to males for asthma hospitalizations during the fire 

period. 
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Figure 4.7 Relative risks for a 5 µg/m
3
 increase in PM2.5 during the fire period by tertiles of 

owner occupied housing at the ZIP code level for respiratory hospitalizations 

 
# denotes significance at the p<0.05 level and * denotes significance at the p<0.10 level for the lowest tertile 

compared to the middle and high tertiles for owner-occupied housing for each hospitalization code presented during 

the fire period. 
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coordinates, and relative humidity. The health effect estimates were very similar to those found 

without including these covariates with an average difference in the effect estimates of 0.0022 

and in the standard errors of 0.0006. The differences in standard errors were even smaller during 

the fire and before the fire with the largest standard errors in the after-fire period (Appendix 

Table 8). The significant associations with PM2.5 during the fire period for this exposure model 

were not significantly different than the associations found before or after the fires. 

 I also investigated the use the universal exposure model that included only variables that 

could be applied to any wildfire and therefore were not specific to the time period or location of 

these fires. . This model included all 11 of the spatiotemporal variables but did not include any 

purely spatial data such as traffic counts or land use classifications. In Chapter 3, I found that a 

model with just these variables predicted exposure well during the fire period alone. When I 

reran the exposure modeling framework with just these variables but including the before and 

after fire periods, I got a CV-R
2
 of 0.72, essentially the same as the main exposure model used in 

this paper. The health results from the analysis using the universal model demonstrated very 

small differences in effect estimates and standard errors compared to the main results (Appendix 

Table 10). The significant associations between PM2.5 and pneumonia during and after the fires 

found in the main results were non-significant with this exposure model (Appendix Table 11).  

 The results from a sensitivity analysis with same-day exposures included in a three-day 

moving average rather than a two-day moving average were essentially the same as those from 

the main analysis (Appendix Table 12). No clear differences in PM2.5 effects were found when 

days without exposure predictions were removed (Appendix Table 13). I note that the PM2.5-

health outcome associations during the fires were exactly the same as in the main analysis 

because the GASP AOD retrievals that were missing were all in the before or after fire periods.  

 

Discussion 

Using the most sophisticated spatiotemporal exposure estimates to date with excellent 

performance in predicting out-of-sample PM2.5 at monitoring stations, I found a significant 

relationship between PM2.5 from wildfires and hospitalizations for asthma, COPD, and all 

respiratory causes together. For asthma hospitalizations only, the association with PM2.5 was 

significantly different during the fires compared to after the fires. My study also adds to 

understanding of vulnerable populations during wildfires as I found differential effects by age, 

sex, and a measure of SES.  

Only one previous wildfire (Delfino et al., 2009) study comparable to this study 

examined PM2.5 spatiotemporally. All of the other similar studies used PM10 or an indicator of 

high smoke days as their exposure. I found a RR per 10 µg/m
3
 PM2.5 of 1.03 (95% CI: 1.01, 

1.05) for all respiratory hospitalizations, similar to that found by Delfino et al. (2009) of 1.06 

(95% CI: 1.01, 1.04) for the 2003 southern California wildfires. Another study that was similar 

to this one used PM10 and reported odds ratios (ORs) instead of risk ratios; however, they found 

similar effect sizes, OR =1.05 (95% CI: 1.00, 1.10) per 10 µg/m
3
 PM for a fire season in British 

Columbia (Henderson et al. 2011).  

Of the comparable studies that investigated asthma hospitalizations, most had RR 

estimates similar to that found here of 1.05 per 10 µg/m
3
 PM (Delfino et al. 2009; Morgan et al. 

2010), although the Morgan et al. study used PM10 instead of PM2.5. A few studies had slightly 

higher RRs around 1.12 (Arbex et al. 2007; Martin et al. 2013). The Arbex et al. study, 

however, was of exposure to total suspended particles (rather than just those less than 2.5 µm) 

from agricultural burning in the Brazilian Amazon that occurs for a full season every year and 
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thus not an acute exposure to a wildfire. The Martin et al. study reported an OR instead of an 

RR for effects on high bushfire smoke days compared to non-fire days, so these results are not 

as comparable. The results I found for asthma were also significantly different during the fire 

compared to those after the fires. The most similar analysis that compared effects with PM2.5 

before, during, and after fires is that of Delfino et al. (2009) which found the effect during the 

fire period was different from that in the before fire period (p=0.097), but they did not compare 

the after period to the fire period.  

Growing evidence suggests a causal effect of wildfire smoke exposure on exacerbation of 

COPD. Two other studies (Delfino et al. 2009; Morgan et al. 2010) found the same RR of 1.04 

per 10 µg/m
3
 PM that I found and two others have found slightly higher RRs of 1.13 (Martin et 

al. 2013) and 1.21 (Johnston et al. 2007), although both of these studies used an OR rather than 

a RR which tends to be farther from the null than a RR (Greenland et al. 2008), and different 

exposure measures; Johnston et al. 2007 used PM10 and Martin et al. 2013 compared days with 

high PM attributable to bushfires to other days.  

The only other comparable study similar in design to this study that investigated 

hospitalizations for pneumonia alone found an RR of 1.03 (95% CI: 1.01, 1.05) per 10 µg/m
3
 

PM2.5 (Delfino et al. 2009), very similar to mine of 1.04 (95% CI: 1.00, 1.05). That study, 

however, did not find a significant effect of PM2.5 with hospitalizations for pneumonia after the 

fires as I did.  

My study, similar to other wildfire epidemiological studies, did not find evidence of 

significant effects of PM2.5 from wildfires on hospitalizations for cardiovascular disease 

(Hanigan et al. 2008; Henderson et al. 2011; Martin et al. 2013; Morgan et al. 2010). A few 

recent papers, however, have found significant effects for out-of-hospital cardiac arrests 

(Dennekamp et al. 2011), hospitalizations for hypertension (Arbex et al. 2010), and clinic visits 

(Lee et al. 2009) and hospitalizations (Johnston et al. 2007) for ischemic heart disease among 

Indigenous populations.  

One of the most important findings from this study is that of differential effects of 

wildfire smoke exposure on certain populations. I found that women were more likely to be 

admitted to the hospital for asthma than men when exposed to higher levels of PM2.5 during 

these fires. The only other study that has investigated differential effects by sex also found 

higher rates of asthma hospitalizations for women than men during the 2003 southern California 

wildfires (Delfino et al. 2009).  

Previous investigations into differential effects of wildfire smoke on health outcomes by 

age groups have yielded inconsistent results. I found higher rates of hospitalizations for asthma 

among people aged 20-64 compared to people under 20 but with similar effects for people 65 

years of age and over. Henderson et al. (2011) also found the highest odds of physician visits for 

asthma associated with PM10 from a wildfire among middle-aged adults compared to younger 

and older age groups. Delfino et al. (2009), however, found the highest rates of asthma 

hospitalizations associated with PM2.5 during a wildfire among people aged 65 and older. In 

general, results on differential age effects have been inconsistent (Chapter 2), and therefore this 

potential susceptibility factor should be further studied. 

Only a few other studies have investigated differential effects by SES. Although I did not 

find consistent effects across tertiles of two measures of SES (percent of the population with less 

than a high school diploma, and median income) (Appendix Table 7), I did find some evidence 

of effect modification by percent of the population living in owner-occupied housing. 

Henderson et al. (2011) state that they found no clear differences by neighborhood SES in 
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associations between physician visits and various exposure metrics of wildfire smoke, but they 

did not display these results. Among counties affected by smoke from a peat fire in North 

Carolina, counties with lower SES had higher rates of ED visits for asthma and congestive heart 

failure compared to counties with higher SES (Rappold et al. 2012). Further research is needed 

to understand differential vulnerability to wildfire smoke exposure by measures of SES.  

This study made many comparisons to further understand population health effects and 

vulnerability to wildfire smoke, an area that has not been sufficiently studied (Chapter 2). I did 

not apply multiple testing corrections and thus p-values should be interpreted accordingly. I 

report all of the results either in the main text or in the appendix, noting where there are negative 

findings as well as positive findings. I do not claim that these results are definitive; rather they 

should be taken as part of a larger body of work on wildfire smoke exposure and health effects. 

This study also uses a novel spatiotemporal exposure model and still the findings are generally 

in alignment with other studies of wildfire smoke exposure. Comparison of my results with 

those from future studies will yield additional information on whether these results are due to 

chance or are true associations.  

I only investigated one air pollutant (PM2.5) from these wildfires. Wildfires cause 

increases in other air pollutants of concern for public health. Because wildfires are a common 

cause of both PM2.5 and ozone (Jaffe et al. 2008a; Jaffe et al. 2008b), ozone could be considered 

a confounder or a co-exposure of the relationship between PM2.5 and respiratory 

hospitalizations. In future research, I will explore both confounding and co-exposure by ozone 

from wildfires. Colleagues and I will be creating a spatiotemporal exposure model for ozone 

using similar machine learning methods as those used here for PM2.5. This future research will 

contribute to understanding the relationships between ozone from wildfires and health effects, 

which has only been minimally studied (Azevedo et al. 2011; Jalaludin et al. 2000), and allow 

modeling of PM2.5 and ozone as co-exposures to discern effect modification and effect 

decomposition in meaningful ways.  

Another limitation of this study is the short duration of exposure during the fires, just 42 

days, although that is much longer than many wildfire episodes. By doing a stratified analysis by 

time period, each model was dependent on a very short time frame, but the epidemiological 

model benefited from the spatial variability in the exposure estimates across ZIP codes on every 

day during the fire period. The GEE model borrowed information on varied exposures across 

locations to improve statistical power; however, dependence on spatial differences relies on 

accurately controlling for spatial confounders of the relationship between PM2.5 and respiratory 

and cardiovascular hospitalizations. I controlled for differences in SES and the age structure of 

the population through ZIP code-level information, but there could be residual confounding 

from other variables that I did not have access to such as differential rates of smoking within 

ZIP codes.  

I chose the grand mean across all space and time points to replace missing exposure 

information on 11 days with missing exposure information. This method is the most 

conservative way to deal with continuous missing data (White and Thompson, 2005). Therefore, 

for 7 days before the fire and 4 days after the fire, the grand mean was substituted for an 

estimate of exposure, thereby eliminating any spatial variation in exposure on those days. The 

only piece of information missing to allow estimation of exposure on these days was the AOD 

measures from the GASP satellite, which was the most important predictor by a wide margin in 

the exposure prediction model (Table 3.2). Despite the importance of this variable in predicting 

exposure, I could have tried to estimate exposure using other covariates, or at least have created 
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some spatial variability in exposure estimates by calculating a mean by air basin and time 

period. Although these methods have underlying assumptions that may be problematic, 

sensitivity analyses with these measures will be employed in future analyses.  

Because an indicator variable for time period was highly collinear with PM2.5, I stratified 

analyses by time period. The fires coincided with the lowest rates of hospitalizations during the 

year. I controlled for time trend by using Julian date as a continuous linear variable in each of 

the three models stratified by time periods. The coefficient of Julian date had a highly negative 

relationship with PM2.5 in the before fire period, a much smaller negative relationship with 

PM2.5 during the fires, and a positive relationship with PM2.5 after the fires, which is what I 

would expect if were to have used a spline of time in a model that included all of the time 

periods.  

The exposure model predicted better during the fire than in the before and after periods of 

the fires. Although exceptions exist (Szpiro et al. 2011), better exposure assessment can 

improve effect estimates. The effects observed during the fires could be stronger than those 

before or after the fires because of better prediction by the exposure model, even though there 

was only one statistically significant difference between time periods from the main analysis. 

Indeed, the standard errors during the fire period are much smaller than the effects in either of 

the other two time periods. One of the reasons for the better prediction during the fires is 

because the satellite AOD data, the strongest predictor in my exposure model, does a better job 

of predicting PM in the western US during high pollution events such as wildfires (Gupta et al. 

2007). Future work to improve satellite estimates of PM in the western US is underway by other 

researchers and may improve exposure models such as mine for periods when smoke levels are 

not as high. If the health effects are truly more similar between time periods, this could further 

the thought that wildfire PM2.5 affects respiratory health similar to other sources of PM2.5. 

Further investigation into the role of exposure measurement error or true differential effects is 

warranted. Such research can also address whether the effects of wildfire-derived PM2.5 are 

different than those of other sources of PM2.5 and improve understanding of the shape of the 

exposure-response curve for acute exposures to PM2.5, which may or may not be different from 

that of chronic exposures to PM (Burnett et al. 2014; Pope et al. 2011). 

Under the Clean Air Act’s Exceptional Events rule, days that exceed the National 

Ambient Air Quality Standards for PM2.5 which are deemed due to wildfires can be excluded 

from calculation of attainment for tPM2.5 in that location (Jaffe et al. 2013). With increasing risk 

of fires from a changing climate, these high PM2.5 exposure days from wildfires will occur more 

often and may continue to harm the public’s health without the incentive to control exposures if 

there is no penalty for high pollution days from wildfires. This creates an imperative to further 

understand which populations are more vulnerable and which interventions could yield the 

largest health benefits. Providing answers to such questions is one of the fundamental goals of 

my and my colleague’s future research in this area. 

Using a novel spatiotemporal exposure model, I found that hospitalizations for asthma 

were significantly associated with PM2.5 from the 2008 northern California wildfires. These 

findings are in alignment with other studies that have used other spatiotemporal exposure 

models (Delfino et al. 2009; Henderson et al. 2011) and ones that have used more traditional 

exposure assignment methods (Johnston et al. 2007). More importantly, I have uncovered some 

differential effects by sex, age, and SES that should be further studied to determine if these 

groups are more sensitive or vulnerable to wildfire smoke exposure. 
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Chapter 5: Conclusions 

 

 This dissertation investigated the 2008 northern California wildfires through a novel 

exposure assessment method for PM2.5 and by assessing the effect of these exposures on 

respiratory and cardiovascular hospitalizations. My exposure assessment model demonstrates 

that satellite data and output from chemical transport models along with meteorological 

parameters can predict PM2.5 exposures well during wildfires in California. This analysis also 

demonstrated that non-linear statistical algorithms allowed for much better prediction of PM2.5 

from satellite data than linear models and that a set of universally available datasets could be 

used to predict PM2.5 during wildfires well. My epidemiological analysis shed light on 

particularly vulnerable subpopulations to respiratory health effects from wildfire smoke 

exposure. People living in ZIP codes with low levels of owner-occupied housing had 

significantly higher rates of hospitalizations for COPD and pneumonia during the wildfires than 

people in areas with higher levels of ownership, as did women compared to men for asthma 

hospitalizations and adults compared to people under 20 years of age or over 64 years of age. 

While interesting, further research is needed to fully understand population vulnerability to 

particulate matter from wildfire, an exposure that is becoming more of a concern in California 

due to climate change. 

 

Key Findings 

From the comprehensive review of the scientific literature on the health impacts of 

community exposure to wildfire health effects (Chapter 2), consistent, compelling evidence 

exists that wildfire smoke exposure is associated with asthma and COPD exacerbations. Growing 

evidence also points to an association between wildfire smoke exposure and increased risk of 

pneumonia and acute bronchitis. The most recent, adequately statistically-powered studies 

demonstrate associations between wildfire smoke exposure and all-cause mortality, but more 

studies are needed to determine which causes of mortality are most affected. Although most 

studies are inconclusive for adverse cardiovascular health effects associated with exposure to 

wildfire smoke, a few recent studies have documented significant associations for specific 

cardiovascular endpoints such as out-of-hospital cardiac arrests and emergency department visits 

for congestive heart failure. More research is needed to clarify which cardiovascular endpoints 

may be associated with wildfire smoke exposure and to better characterize possible associations 

between wildfire smoke exposure and birth outcomes, risk of cancer, mental health, and eye 

health. Research in regions with recurrent seasonal exposure to wildfire smoke or agricultural 

burning could contribute important information, particularly on health endpoints that take a 

longer time to develop such as cancer. Not enough research has been done on which populations 

are most vulnerable to wildfire smoke exposure, although due to the consistent findings of 

significant associations with exacerbations of asthma and COPD, people with these conditions 

are likely to be more vulnerable. 

A recent review of papers studying respiratory health effects from wildfire smoke 

exposure examined the papers by their exposure measurement methods (Henderson and Johnston 

2012). An increasing number of papers on wildfire smoke exposure use more complex exposure 

assessment methods to provide information on spatial and temporal differences in exposure (e.g., 

Delfino et al. 2009; Elliott et al. 2013b; Henderson et al. 2011; Thelen et al. 2013; Yao et al. 

2013). Compared to other pollution sources, the smoke plume of a wildfire is incredibly variable 
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on small spatial and temporal scales, thus spatiotemporal exposure assessment is particularly 

useful in these scenarios.  

I used the latest in machine learning methods to create a spatiotemporal exposure model 

that combined data from multiple spatiotemporal data sources rather than just one as most other 

studies have done. Using 10-fold cross validation (CV), the data informed the choice of the 

optimal exposure model from a set of 11 statistical algorithms and 29 predictor variables 

including output from a chemical transport model (CTM), three measures of satellite aerosol 

optical depth (AOD), distance to the nearest fires, meteorological data, and land use, traffic, 

spatial location and temporal characteristics. The generalized boosting model (GBM) with 29 

predictor variables had the lowest cross-validated (CV) root mean squared error (RMSE) and 

met various requirements for model fit. The CV-R
2
 of this model was 0.803. GOES 

(Geostationary Operational Environmental Satellite) Aerosol/Smoke Product (GASP) Aerosol 

Optical Depth (AOD) was the most important predictor in this model. I also found that various 

subsets of covariates as well as more parsimonious models predicted PM2.5 well during fires, and 

that the most important predictors were spatiotemporal variables: AOD from satellites, output 

from a CTM and distance to the nearest fire cluster. Combining various spatiotemporal data 

using machine learning algorithms can reliably predict PM2.5 concentrations during a major 

wildfire event. 

Previous research had found that AOD did not predict well in the western US in which 

the highly reflective surfaces make it harder to discern atmospheric aerosols from the 

background (Paciorek et al. 2008; Engel-Cox et al. 2004). In a high pollution event such as a 

wildfire, however, I found that GASP AOD was a very important predictor of PM2.5, especially 

when the relationship to PM2.5 is allowed to be non-linear and other variables, specifically 

meteorological parameters, are allowed into the predictive model as well. I also found that the 

GASP AOD product was a much better predictor of PM2.5 than the MODIS AOD product or a 

special product derived specifically for this fire in this location from raw MODIS data at a much 

finer spatial resolution. The GASP AOD product had previously been found to be a worse 

predictor of PM2.5 than MODIS AOD in other locations because of differences in the algorithm 

of calculating AOD (Green et al. 2009; Prados et al. 2007), but in this instance, the benefit of the 

GASP AOD was in the higher temporal resolution (every ½ hour during daylight hours 

compared to twice a day for MODIS). Given how quickly a wildfire smoke plume can shift 

direction, this temporal resolution was particularly helpful. Further research is needed to 

determine if the GASP AOD, MODIS AOD, or other satellite products can predict PM2.5 well in 

the western US when there are no wildfires.  

 My exposure modeling also highlighted that the relationship between these various 

predictors and PM2.5 is not predicted as well by a linear model. My modeling found that 

Generalized Boosting Models (GBM) were the best at predicting PM2.5, but other models such as 

Random Forest, and Support Vector Machines, both non-linear models, had decent predictive 

performances. The machine learning method of V-fold cross-validation to choose an optimal 

statistical model and an optimal set of covariates has utility in the spatiotemporal modeling of 

PM2.5 concentrations. Further research on fires in other locations could help determine if similar 

relationships between predictor variables and PM2.5 hold for other fires.  

 Using the spatiotemporal exposure model, I estimated exposure to PM2.5 at each ZIP code 

and for each day during the study period which included days before, during and after the 2008 

northern California wildfires. I analyzed the effects of PM2.5 exposure on hospitalizations for 

each of these time periods. I found significant relationships between PM2.5 and respiratory, 
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asthma, COPD, and pneumonia hospitalizations during the fires. The results for asthma were the 

only ones significantly different from the effects found for PM2.5 outside of the fire period. 

Pneumonia hospitalizations were also significantly associated with PM2.5 after the fires and I 

found a slightly protective effect of PM2.5 during the fires for congestive heart failure. These 

results are consistent with most of the other wildfire smoke exposure studies in finding slight but 

significant increases in respiratory health outcomes but not cardiovascular outcomes associated 

with wildfire smoke exposure. These results were robust to several sensitivity analyses.  

 Most other wildfire epidemiological studies, however, have not investigated effects by 

population subgroups to determine if specific groups are more susceptible to health effects from 

wildfire smoke exposure. Of those that have investigated differential effects by subgroups, no 

clear trends are evident across studies yet (Chapter 2). My results provide some evidence of 

differential effects by sex and age for respiratory outcomes. Women had higher rates of 

hospitalizations for asthma associated with PM2.5 during the fires than men, and adults aged 20-

64 were more likely to be hospitalized for asthma than people under 20 years of age. I also found 

the first evidence of effect modification by percent of owner occupied dwellings, a measure of 

SES; significantly higher rates of hospitalization for COPD, pneumonia, and respiratory 

outcomes were associated with PM2.5 during the fires occurred in ZIP codes with the lowest 

levels of owner-occupied housing compared to ZIP codes in the moderate and high tertiles for 

this metric. I did not find consistent effects across tertiles of two other measures of SES by ZIP 

code (median income or percent of ZIP code with less than a high school diploma). Further 

research is necessary to determine if these vulnerabilities hold for other fires in other locations.  

 The similarity of my epidemiological results with those of previous studies could 

highlight that my exposure model could be over-smoothing exposure spatially because of too 

few monitoring station locations on which to train the data and also because the most important 

predictor variables were at fairly coarse resolution (e.g., 4km for GASP AOD and 12km for 

WRF-Chem). In this way, this exposure model may not have created exposure estimates at the 

ZIP-code level that were much different from studies that have used simpler exposure 

assessment methods. A comparison of my results with results using the nearest monitor could 

help clarify if the spatiotemporal exposure method used here helps discern health effect of PM2.5 

during a wildfire better than a more standard method.  

 

Future Research 

 This research has created many more questions about wildfires that I plan to investigate 

in future research. In the near future, I expect to analyze the effect of PM2.5 exposure from the 

2008 northern California wildfires on respiratory and cardiovascular emergency department 

visits. I also plan to do the epidemiological analyses with the nearest monitor to determine if 

there is a difference in using the spatiotemporal exposure model or if simpler methods yield 

similar results.  

But larger questions are still unanswered that merit study. One of these is whether the 

health effects found to be associated with PM2.5 composition during wildfires are similar to those 

of other PM2.5 sources and are just influenced by the particularly high but acute exposures during 

wildfires or if there is something different about wildfire PM2.5 than other sources of PM2.5. To 

answer this question would require a lot of data from many fires to allow for data-adaptive 

modeling of the exposure-response curve for acute exposure to PM2.5 during fires and to compare 

that to a similarly created model for acute exposure to PM2.5 at various exposure levels from 

ambient air pollution. Doing the analysis data-adaptively would allow identification of the shape 
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of the curve at all exposure levels without assuming a specific type of curve. Then, by comparing 

the regions of the two curves for which there are exposure levels in both fires to ambient PM, I 

could determine if the two sources of PM differentially affect respiratory health.  

Another large unanswered question is whether PM from wildfires, the most often studied 

pollutant from the fires, is the one responsible for observed health effects. Only two studies have 

investigated health effects associated with ozone from fires (Azevedo et al. 2011; Jalaludin et al. 

2000) despite evidence of increased ozone from wildfires (Jaffe et al. 2008; Jaffe and Wigder 

2012), particularly downwind (Jaffe et al. 2013). Wildfires also create other air pollutants of 

concern to public health including carbon monoxide (CO), nitrogen dioxide (NO2), polycyclic 

aromatic hydrocarbons (PAHs), other hydrocarbons, volatile organic compounds (VOCs), and 

free radicals (Naeher et al. 2007). In addition to these air pollutants, heat waves often co-occur 

with wildfires. Indeed, the 2010 wildfires near Moscow occurred during a brutal heat wave and 

an epidemiological analysis has found that 29% of the 10,859 excess deaths during the 44-day 

heat wave were due to air pollution from the fires (Shaposhnikov et al. 2014). Further research 

into the other pollutants from wildfires and concurrent heat could yield important insights about 

the public health implications of climate change.  

There is also a need to investigate other health outcomes besides respiratory and 

cardiovascular morbidity. I have plans to investigate mortality data in future research, but the 

systematic review of the epidemiological literature on wildfire smoke exposure and health 

outcomes identified that there is insufficient research on birth outcomes, psychological health 

effects, or otitis media (ear infections). All of these health outcomes are plausibly linked to air 

pollution exposures from wildfires.  

Wildfires are projected to increase in frequency and severity in many parts of the world 

due to climate change (Moritz et al. 2012), particularly in the western US (Liu et al. 2013) and 

California (Westerling and Bryant 2008; Westerling et al. 2011). Wildfires cannot and should 

not be removed from the landscape, as they exert important ecological benefits. Planning public 

health adaptation measures for climate change focused on wildfires therefore will have to 

involve public health interventions. Although large population evacuations occur during many 

wildfires (BBC 2014; CNN 2010), these evacuation orders are not often due to health threats 

from exposure but due to immediate threat of being engulfed by fire (CARB 2008). Additionally, 

the health literature does not provide any evidence of whether evacuations decrease adverse 

health effects from wildfire smoke exposure. There is also little evidence about whether 

sheltering in place yields health benefits, even though that is another public health 

recommendation during fires (CARB 2008). Causal inference epidemiological methods could be 

used to estimate the public health benefit of public health interventions if one can estimate what 

exposures would have been under such interventions. Such research along with more information 

on which populations are more vulnerable to wildfire smoke exposures would be useful for 

public health planning for future wildfires.  

Along with my dissertation chair, Dr. Michael Jerrett, I have been awarded a grant to 

follow up on my dissertation research that will allow investigation into some of these important 

areas of research on wildfires. Our research group will be creating spatiotemporal exposure 

models for ozone as well as PM2.5 and assessing whether these models can predict exposures in 

another fire in a different location. I will be investigating the effects of these exposures on 

mortality as well as on hospitalizations and ED visits for both wildfires. I am also going to be 

using causal inference epidemiological methods to assess the public health benefits of 

hypothetical interventions that could have been implemented during the 2008 wildfires. With 
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colleagues, I have applied for other grants that would allow further research including the use of 

data-adaptive methods to uncover the shape of the exposure-response curve for acute exposures 

to PM2.5 during wildfires on respiratory morbidity.  

 

Policy implications of this work 

Under the Clean Air Act’s Exceptional Events rule, days that exceed the National 

Ambient Air Quality Standards for any air pollutant in which the high concentration from that 

pollutant is deemed due to wildfires can be excluded from calculation of attainment for that 

location and air pollutant (Jaffe et al. 2013). With increasing risk of fires from a changing 

climate, these high PM2.5 exposure days from wildfires will occur more often and still be 

harming the public’s health without the policy incentive to control exposures because there is no 

penalty for high pollution days from wildfires. This creates an imperative to further understand 

which populations are more vulnerable and which interventions could yield the largest health 

benefits. Also, further research documenting the public health toll of wildfires, particularly the 

impact of repeated fire smoke exposures on the same population, could be used to influence 

policies that would aim to decrease air pollution exposures from wildfires.  

 

Conclusions 

 Wildfires are becoming more frequent and the wildfire season is lengthening in the 

western US (Westerling et al. 2006) and in other parts of the world (Flannigan et al. 2013) due to 

climate change. My dissertation developed a novel exposure assessment method for estimating 

PM2.5 from wildfires that had a CV-R
2
 of 0.80. Using these exposure estimates, I found that 

respiratory hospitalizations — particularly for asthma, COPD, and pneumonia — were 

associated with PM2.5 during the fires. Only the relationship between PM2.5 and asthma 

hospitalizations was significantly different during the fires compared to the period after the fires. 

I also found preliminary evidence that adults were more susceptible to asthma hospitalizations 

than people under 20 or over 65 years of age and women were more susceptible than men. I also 

found higher rates of hospitalizations for COPD and pneumonia associated with PM2.5 during the 

wildfire period in ZIP codes with lower levels of owner-occupied housing. Further research is 

needed to investigate open questions relating to this increasingly common exposure. 
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Appendices 

 

Appendix Figure 1 Boxplot of predicted PM2.5 values across a 5 km grid of the study area for the 

random forest and GBM models 
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Appendix Figure 2 Effect estimates for each individual lag from same day out to 28 days for 

respiratory and cardiovascular outcomes. 
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Appendix Figure 3 CV-RMSE for each subset of covariates in the exposure model 
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Appendix Figure 4 Bland-Altman plots by time period of the spatiotemporal full season exposure 

model 
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Appendix Figure 5 Observed daily counts of all cardio-respiratory hospitalizations from 2000-

2007. 
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Appendix Table 1. Pearson Correlations for all variables in the exposure modeling 

  

logged 

monitor 
PM2.5 

values 

GASP 

AOD 

distanc
e to the 

nearest 

active 
fire 

cluster 

Local 

AOD 

WRF 

PM2.5 

MOD
IS 

AOD 

sea 

level 
pressur

e 

Y-
coordi

nate 

U 
comp

onent 

of 
wind 

speed 

San 

Francis
co Bay 

Area 

air 
quality 

district 

Temp

eratur
e at 

2m 

% 
urban 

land 

use 
within 

1 km 

relativ

e 
humid

ity 

Julian 

Date 

popul

ation 
densit

y 

logged monitor PM2.5 values 1.000                             

GASP AOD 0.579 1.000                           

distance to the nearest active fire cluster -0.402 -0.225 1.000                         

Local AOD 0.384 0.706 -0.222 1.000                       

WRF PM2.5 0.384 0.402 -0.303 0.406 1.000                     

MODIS AOD 0.368 0.675 -0.129 0.391 0.233 1.000                   

sea level pressure -0.368 -0.255 0.110 -0.212 -0.181 -0.124 1.000                 

Y-coordinate 0.309 0.149 -0.591 0.183 0.238 0.081 -0.007 1.000               

U component of wind speed -0.285 -0.147 0.374 -0.093 -0.051 -0.171 0.302 -0.300 1.000             

San Francisco Bay Area air quality 

district -0.283 -0.016 0.392 -0.088 0.006 -0.023 0.276 -0.295 0.430 1.000           

Temperature at 2m 0.282 0.232 -0.200 0.176 0.094 0.185 -0.540 -0.048 -0.441 -0.489 1.000         

% urban land use within 1 km -0.268 0.059 0.267 -0.046 -0.083 0.106 0.177 -0.316 0.215 0.436 -0.041 1.000       

relative humidity -0.266 0.008 0.344 -0.041 -0.006 0.028 0.501 -0.272 0.430 0.642 -0.659 0.297 1.000     

Julian Date -0.263 -0.450 0.074 -0.163 -0.031 -0.358 0.090 0.130 0.061 -0.055 -0.080 -0.094 -0.111 1.000   

population density -0.256 -0.013 0.234 -0.105 -0.074 0.029 0.191 -0.311 0.270 0.621 -0.157 0.635 0.321 -0.056 1.000 

% vegetation land use within 1 km 0.222 -0.152 -0.218 -0.014 0.081 -0.188 -0.183 0.226 -0.154 -0.365 -0.026 -0.856 -0.275 0.124 -0.527 

high density development within 1 km -0.179 0.079 0.109 0.018 -0.042 0.130 0.134 -0.089 0.197 0.257 -0.028 0.725 0.155 -0.083 0.389 

sum of traffic count within 1 km -0.170 0.039 0.148 -0.022 -0.011 0.089 0.099 -0.212 0.104 0.255 -0.035 0.709 0.207 -0.059 0.412 

surface pressure -0.164 0.205 0.208 0.092 0.026 0.207 0.263 -0.373 0.100 0.299 0.222 0.538 0.372 -0.118 0.342 

% agricultural land use within 1 km 0.124 0.156 -0.100 0.110 -0.004 0.135 -0.013 0.178 -0.125 -0.189 0.145 -0.383 -0.083 -0.039 -0.268 

elevation 0.113 -0.239 -0.152 -0.125 -0.071 -0.220 -0.240 0.281 -0.125 -0.292 -0.196 -0.558 -0.352 0.100 -0.352 

Sacramento Valley air quality district 0.113 0.256 -0.242 0.205 0.046 0.295 -0.075 0.303 -0.421 -0.347 0.357 0.006 -0.183 -0.049 -0.156 

V component of wind speed -0.076 0.052 -0.029 0.034 -0.047 0.152 0.100 0.265 -0.191 0.014 -0.135 -0.067 0.140 0.015 -0.058 

X-coordinate -0.067 -0.213 0.305 -0.187 -0.311 -0.119 -0.318 -0.596 -0.047 -0.324 0.296 -0.121 -0.344 -0.068 -0.133 

San Joaquin Valley air quality district -0.041 -0.123 0.313 -0.119 -0.173 -0.102 -0.132 -0.556 0.118 -0.246 0.333 0.091 -0.186 -0.049 -0.073 

fire counts in nearest cluster / distance 0.036 0.087 -0.117 0.221 0.325 -0.005 -0.034 0.077 -0.035 -0.034 0.036 -0.075 -0.032 0.025 -0.042 

weekend -0.035 -0.032 -0.029 -0.108 -0.110 0.117 0.041 -0.018 -0.001 0.002 -0.021 0.044 0.030 -0.074 0.030 

dew point temperature -0.003 0.263 0.224 0.136 0.062 0.265 0.014 -0.418 0.013 0.200 0.339 0.307 0.467 -0.240 0.225 

Mountain Counties air district -0.001 -0.178 -0.138 -0.102 -0.089 -0.146 -0.182 0.154 -0.077 -0.176 -0.126 -0.250 -0.306 0.015 -0.195 

planetary boundary layer height 0.000 0.038 -0.058 0.011 0.021 0.037 0.004 0.036 -0.091 0.000 0.027 0.021 0.015 0.009 -0.091 
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logged monitor PM2.5 values                               

GASP AOD                               

distance to the nearest active fire cluster                               

Local AOD                               

WRF PM2.5                               

MODIS AOD                               

sea level pressure                               

Y-coordinate                               

U component of wind speed                               

San Francisco Bay Area air quality 
district                               

Temperature at 2m                               

% urban land use within 1 km                               

relative humidity                               

Julian Date                               

population density                               

% vegetation land use within 1 km 1.000                             

high density development within 1 km -0.708 1.000                           

sum of traffic count within 1 km -0.597 0.437 1.000                         

surface pressure -0.634 0.393 0.338 1.000                       

% agricultural land use within 1 km -0.140 -0.145 -0.277 0.124 1.000                     

elevation 0.673 -0.432 -0.355 -0.952 -0.150 1.000                   

Sacramento Valley air quality district -0.220 0.155 0.072 0.328 0.384 -0.336 1.000                 

V component of wind speed -0.042 0.023 -0.058 0.114 0.221 -0.084 0.529 1.000               

X-coordinate 0.217 -0.207 -0.029 -0.265 -0.139 0.354 -0.165 -0.210 1.000             

San Joaquin Valley air quality district 0.008 -0.098 0.073 0.094 -0.163 -0.017 -0.353 -0.458 0.633 1.000           

fire counts in nearest cluster / distance 0.085 -0.094 -0.040 -0.033 -0.015 0.026 -0.001 -0.036 -0.054 -0.032 1.000         

weekend -0.044 0.047 0.017 0.039 0.000 -0.034 0.028 0.029 -0.002 0.008 -0.035 1.000       

dew point temperature -0.361 0.131 0.202 0.714 0.076 -0.653 0.205 0.053 -0.033 0.186 -0.015 0.022 1.000     

Mountain Counties air district 0.319 -0.042 -0.161 -0.630 -0.132 0.627 -0.253 -0.026 0.301 -0.179 -0.011 -0.022 -0.525 1.000   

planetary boundary layer height -0.063 -0.014 -0.018 0.070 0.057 -0.048 0.075 0.031 -0.070 -0.015 -0.011 0.022 0.059 -0.065 1.000 
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Appendix Table 2 Moran’s I values (p-values from 99,999 permutations) 

Contiguity matrix random forest GBM with 29 

variables 

GBM with 13 

variables 

4 nearest 

neighbors 

-0.021 (0.46) -0.024 (0.45) -0.019 (0.28) 

Threshold distance -0.031 (0.38) -0.050 (0.25) -0.011 (0.48) 

 

Appendix Table 3 ICD-9 codes for each outcome 

Outcome ICD-9 code 

Asthma 493 

Chronic Obstructive Pulmonary Disorder 

(COPD) 

496, 491-492 

Pneumonia 480-486 

Ischemic Heart Disease 410-414 

Cardiac dysrhythmias and conduction 

disorders 

426-427 

Congestive Heart Failure 428 

Cerebrovascular Disease 430-435,437 
Hypertension 401-405 

 

Appendix Table 4 Effect estimates per 10 µg/m
3
 PM2.5  

  

RR for a 10 µg/m
3
 change in PM2.5 

Before Fires During Fires After Fires 

Respiratory 1.020 (0.947 , 1.099) 1.026 (1.006 , 1.047) 1.026 (0.938 , 1.123) 

Asthma 0.930 (0.776 , 1.114) 1.049 (1.008 , 1.092) 0.797 (0.608 , 1.046) 

COPD 1.074 (0.939 , 1.228) 1.038 (1.005 , 1.071) 1.083 (0.926 , 1.265) 

Pneumonia 1.020 (0.930 , 1.118) 1.026 (1.002 , 1.051) 1.116 (1.003 , 1.241) 

Cardiovascular Disease 1.013 (0.962 , 1.067) 1.001 (0.989 , 1.013) 1.001 (0.989 , 1.013) 

Congestive Heart Failure 0.966 (0.875 , 1.066) 0.979 (0.957 , 1.001) 0.979 (0.957 , 1.001) 

Ischemic Heart Disease 1.037 (0.950 , 1.130) 0.998 (0.978 , 1.018) 0.998 (0.978 , 1.018) 

Dysrhythmias 1.043 (0.945 , 1.151) 1.020 (0.996 , 1.044) 1.020 (0.996 , 1.044) 

Cerebrovascular Disease 1.043 (0.952 , 1.144) 1.010 (0.988 , 1.031) 1.010 (0.988 , 1.031) 

Hypertension 0.921 (0.772 , 1.100) 0.981 (0.936 , 1.029) 0.981 (0.936 , 1.029) 
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Appendix Table 5 Effect estimates be age group 

  

RR for a 5 µg/m
3
 change in PM2.5 p-values 

Under 20 Adult Over 64 

Compare 

under 20 to 

adult 

Compare 

over 64 

to adult 

Respiratory 0.982 (0.958,1.007) 1.020 (1.004,1.036) 1.017 (1.006,1.029) 0.006 0.770 

Asthma 0.960 (0.905,1.018) 1.038 (1.014,1.064) 1.026 (0.994,1.058) 0.011 0.505 

COPD   1.025 (1.001,1.049) 1.016 (0.999,1.033)   0.472 

Pneumonia 1.014 (0.983,1.047) 1.014 (0.994,1.033) 1.018 (1.003,1.033) 0.968 0.729 

Cardiovascular Disease   1.001 (0.992,1.010) 1.000 (0.991,1.008)   0.790 

Congestive Heart Failure   0.984 (0.962,1.006) 0.987 (0.972,1.002)   0.855 

Ischemic Heart Disease   0.999 (0.985,1.014) 1.000 (0.986,1.013)   0.982 

Dysrhythmias   1.022 (1.001,1.043) 1.007 (0.993,1.023)   0.260 

Cerebrovascular Disease   0.997 (0.974,1.020) 1.006 (0.992,1.020)   0.507 
*Effect estimates for the under 20 age group are not presented for health outcomes that were very rare in that age group. 

 

Appendix Table 6 Effect estimates by sex 

  

RR for a 5 µg/m
3
 change in PM2.5 p-values 

Men Women 

Compare 

women 

to men 

Respiratory 1.007 (0.995,1.019) 1.018 (1.006,1.030) 0.109 

Asthma 0.986 (0.945,1.029) 1.036 (1.014,1.058) 0.030 

COPD 1.013 (0.991,1.036) 1.023 (1.005,1.040) 0.430 

Pneumonia 1.011 (0.996,1.025) 1.015 (0.998,1.032) 0.664 

Cardiovascular Disease 1.002 (0.994,1.010) 0.996 (0.988,1.005) 0.274 

Congestive Heart Failure 0.977 (0.957,0.996) 0.992 (0.978,1.006) 0.208 

Ischemic Heart Disease 1.000 (0.987,1.013) 0.996 (0.981,1.012) 0.686 

Dysrhythmias 1.021 (1.006,1.036) 1.000 (0.984,1.018) 0.040 

Cerebrovascular Disease 1.008 (0.992,1.024) 0.997 (0.981,1.014) 0.320 
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Appendix Table 7 Effect estimates by measures of SES at the ZIP code level  

SES 

variable Outcome 

RR for a 5 µg/m
3
 change in PM2.5 p-values 

Lowest Tertile Middle Tertile Highest Tertile 

compare 

middle 

tertile to 

lowest 

tertile 

compare 

highest 

tertile to 

lowest 

tertile 

% of ZIP 

code 

with HS 

diploma 

Respiratory 1.009 (0.993,1.025) 1.008 (0.996,1.021) 1.027 (1.008,1.046) 0.971 0.146 

Asthma 1.052 (1.009,1.097) 1.021 (0.996,1.046) 1.022 (0.984,1.062) 0.206 0.294 

COPD 1.017 (0.992,1.043) 0.996 (0.976,1.017) 1.053 (1.024,1.083) 0.196 0.072 

Pneumonia 0.998 (0.974,1.022) 1.015 (0.999,1.031) 1.022 (1.003,1.041) 0.229 0.107 

Cardiovascular Disease 0.993 (0.982,1.005) 0.996 (0.988,1.004) 1.010 (0.998,1.022) 0.699 0.043 

Congestive Heart Failure 0.969 (0.947,0.992) 0.990 (0.977,1.004) 0.989 (0.966,1.013) 0.101 0.220 

Ischemic Heart Disease 0.988 (0.969,1.007) 0.995 (0.981,1.009) 1.012 (0.993,1.032) 0.541 0.068 

Dysrhythmias 0.996 (0.974,1.018) 1.009 (0.993,1.025) 1.029 (1.007,1.050) 0.348 0.035 

Cerebrovascular Disease 1.015 (0.995,1.036) 0.993 (0.976,1.010) 1.010 (0.987,1.033) 0.093 0.711 

Hypertension 0.998 (0.939,1.061) 0.970 (0.929,1.011) 1.030 (0.996,1.064) 0.430 0.373 

% of 

owner-

occupied 

housing 

in ZIP 

code 

Respiratory 1.031 (1.011,1.050) 1.007 (0.995,1.020) 1.004 (0.983,1.025) 0.042 0.067 

Asthma 1.022 (0.979,1.066) 1.021 (0.996,1.047) 1.026 (0.990,1.062) 0.980 0.889 

COPD 1.053 (1.022,1.084) 1.000 (0.978,1.023) 1.013 (0.984,1.043) 0.006 0.072 

Pneumonia 1.035 (1.015,1.055) 1.012 (0.996,1.027) 0.993 (0.970,1.017) 0.057 0.006 

Cardiovascular Disease 1.002 (0.986,1.018) 0.997 (0.989,1.004) 0.997 (0.986,1.009) 0.544 0.619 

Congestive Heart Failure 0.982 (0.958,1.007) 0.986 (0.970,1.003) 0.989 (0.972,1.006) 0.784 0.662 

Ischemic Heart Disease 1.012 (0.987,1.037) 0.992 (0.978,1.006) 0.990 (0.974,1.007) 0.158 0.153 

Dysrhythmias 1.019 (0.997,1.041) 0.996 (0.980,1.012) 1.022 (1.003,1.040) 0.084 0.863 

Cerebrovascular Disease 0.994 (0.968,1.020) 1.013 (0.998,1.029) 0.987 (0.964,1.010) 0.199 0.682 

Hypertension 1.011 (0.969,1.054) 0.994 (0.960,1.029) 0.975 (0.914,1.039) 0.513 0.334 

median 

income 

Respiratory 1.019 (1.003,1.035) 1.004 (0.991,1.016) 1.024 (0.999,1.051) 0.134 0.707 

Asthma 1.022 (0.991,1.054) 1.013 (0.985,1.042) 1.077 (1.019,1.138) 0.683 0.094 
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by ZIP 

code 
COPD 1.024 (0.998,1.051) 1.011 (0.992,1.030) 1.029 (0.983,1.076) 0.415 0.870 

Pneumonia 1.020 (1.004,1.037) 1.005 (0.988,1.023) 1.008 (0.969,1.050) 0.193 0.582 

Cardiovascular Disease 1.002 (0.993,1.012) 0.996 (0.987,1.005) 0.993 (0.977,1.009) 0.340 0.310 

Congestive Heart Failure 0.990 (0.975,1.005) 0.981 (0.964,0.999) 0.968 (0.937,1.000) 0.417 0.216 

Ischemic Heart Disease 1.002 (0.986,1.018) 0.995 (0.981,1.010) 0.996 (0.969,1.023) 0.511 0.682 

Dysrhythmias 1.017 (0.998,1.037) 1.003 (0.988,1.019) 1.005 (0.971,1.040) 0.260 0.547 

Cerebrovascular Disease 1.000 (0.983,1.018) 1.006 (0.989,1.023) 0.998 (0.966,1.031) 0.666 0.898 

Hypertension 1.002 (0.970,1.035) 1.003 (0.966,1.042) 0.947 (0.871,1.029) 0.963 0.196 
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Appendix Table 8 Difference in effect estimates and standard errors by time period and 

health outcome for the exposure model with confounders included and the main exposure 

model 

  Before Fire During Fire After Fire 

  beta SE beta SE beta SE 

Respiratory 0.0014 0.0005 0.001 -0.0001 0.0021 -0.0005 

Asthma 0.0229 0.0001 0.0025 -0.0001 0.0226 -0.006 

COPD -0.0091 0.001 0.0017 0 0.0083 -0.001 

Pneumonia -0.0022 0.0011 0.0001 -0.0001 -0.008 -0.0001 

Cardiovascular Disease 0.0011 0.0006 0.0003 0 -0.0001 0.0019 

Congestive Heart Failure 0.0091 0.0006 0.0003 -0.0001 0.0082 0.0042 

Ischemic Heart Disease 0.0047 0.0011 0.0007 0 -0.0023 0.0031 

Dysrhythmias -0.0037 0.0018 0.0008 0 0.0002 0.0038 

Cerebrovascular Disease -0.0073 0.0011 -0.0017 0.0001 -0.0041 0.0037 

Hypertension -0.0066 0.0034 0.002 0 0.0156 0.0065 

Average 0.001 0.0011 0.0008 0 0.0043 0.0016 
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Appendix Table 9 Results by time period using the exposure model that allowed for confounders to predict exposure  

  

RR for a 5 µg/m
3
 change in PM2.5 p-values 

Before Fires During Fires After Fires 

during to 

before 

after to 

before 

after to 

during 

Respiratory 1.017 (0.975,1.061) 1.018 (1.009,1.027) 1.024 (0.983,1.066) 0.726 0.800 0.955 

Asthma 1.081 (0.986,1.185) 1.037 (1.018,1.057) 1.000 (0.926,1.079) 0.291 0.143 0.387 

COPD 0.990 (0.917,1.069) 1.027 (1.011,1.044) 1.085 (1.013,1.161) 0.814 0.385 0.304 

Pneumonia 0.999 (0.944,1.057) 1.013 (1.002,1.025) 1.015 (0.963,1.070) 0.640 0.547 0.738 

Cardiovascular Disease 1.012 (0.980,1.044) 1.002 (0.996,1.008) 1.000 (0.976,1.025) 0.508 0.370 0.674 

Congestive Heart Failure 1.029 (0.973,1.088) 0.991 (0.980,1.001) 1.031 (0.978,1.086) 0.161 0.831 0.170 

Ischemic Heart Disease 1.042 (0.987,1.100) 1.002 (0.993,1.012) 0.987 (0.948,1.028) 0.207 0.059 0.240 

Dysrhythmias 1.002 (0.937,1.072) 1.014 (1.002,1.027) 1.011 (0.963,1.061) 0.797 0.661 0.701 

Cerebrovascular Disease 0.985 (0.930,1.043) 0.996 (0.985,1.007) 0.984 (0.940,1.031) 0.865 0.846 0.608 

Hypertension 0.929 (0.823,1.049) 1.001 (0.977,1.024) 1.071 (0.981,1.169) 0.271 0.087 0.207 
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Appendix Table 10 Difference in effect estimates and standard errors by time period and 

health outcome for the exposure model with only universal variables included and the main 

exposure model 

  Before Fire During Fire After Fire 

  beta SE beta SE beta SE 

Respiratory -0.0069 0.0005 -0.0264 -0.059 0.0079 -0.0005 

Asthma 0.0059 0.0001 0.0003 -0.0687 0.0774 0.0002 

COPD -0.0188 0.0026 -0.0638 -0.1336 0.0138 0.0007 

Pneumonia -0.0053 0.0012 -0.0186 -0.0644 0.0303 -0.0014 

Cardiovascular Disease 0.0002 0.0005 0.0064 -0.0194 0.0331 -0.0005 

Congestive Heart Failure 0.0048 0.001 0.01 -0.0385 0.0619 -0.0011 

Ischemic Heart Disease 0.0062 0.0006 0.0465 0.0047 0.0908 0.0006 

Dysrhythmias -0.0014 0.0017 0.0101 -0.0445 0.069 -0.0006 

Cerebrovascular Disease -0.0097 0.0023 -0.0311 -0.0863 0.0286 -0.0023 

Hypertension -0.0045 0.0014 -0.0533 -0.1274 0.0304 -0.0001 

Average -0.003 0.0012 -0.012 -0.0637 0.0443 -0.0005 
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Appendix Table 11 Results by time period using the exposure model that only included universal variables to predict exposure  

  

RR for a 5 µg/m
3
 change in PM2.5 p-values 

Before Fires During Fires After Fires 

during 

to 

before 

after to 

before 

after to 

during 

Respiratory 0.976 (0.936,1.017) 1.010 (1.001,1.020) 0.940 (0.898,0.984) 0.101 0.185 0.001 

Asthma 0.993 (0.906,1.088) 1.025 (1.007,1.044) 0.985 (0.892,1.087) 0.514 0.966 0.584 

COPD 0.943 (0.860,1.035) 1.022 (1.006,1.039) 0.909 (0.828,0.998) 0.089 0.472 0.006 

Pneumonia 0.983 (0.928,1.041) 1.006 (0.994,1.018) 0.955 (0.897,1.016) 0.433 0.520 0.093 

Cardiovascular Disease 1.008 (0.977,1.040) 0.998 (0.993,1.003) 0.974 (0.942,1.008) 0.763 0.204 0.223 

Congestive Heart Failure 1.006 (0.948,1.068) 0.984 (0.973,0.995) 0.987 (0.920,1.060) 0.530 0.572 0.878 

Ischemic Heart Disease 1.050 (1.000,1.103) 1.002 (0.993,1.011) 0.961 (0.912,1.013) 0.076 0.017 0.156 

Dysrhythmias 1.014 (0.950,1.083) 1.007 (0.995,1.019) 0.988 (0.927,1.054) 0.831 0.927 0.922 

Cerebrovascular Disease 0.973 (0.909,1.042) 0.993 (0.982,1.004) 0.978 (0.922,1.036) 0.382 0.719 0.573 

Hypertension 0.939 (0.847,1.040) 0.990 (0.967,1.014) 1.066 (0.949,1.197) 0.262 0.057 0.195 

  



Colleen E. Reid 

127 
 

Appendix Table 12 Results from sensitivity analysis with three-day moving average including same day effects 

  

RR for a 5 µg/m
3
 change in PM2.5     

Before Fires RR 

(95% CI) 

During Fires RR 

(95% CI) 

After Fires RR 

(95% CI) 

p-value 

comparing 

during to 

before 

p-value 

comparing 

after to 

before 

p-value 

comparing 

after to 

during 

All respiratory 1.008 (0.965, 1.054) 1.014 (1.004, 1.025) 1.004 (0.955, 1.054) 0.779 0.875 0.657 

    Asthma 0.957 (0.865, 1.059) 1.023 (1.002, 1.045) 0.867 (0.768, 0.978) 0.194 0.206 0.007 

    COPD 1.060 (0.980, 1.146) 1.022 (1.004, 1.041) 1.042 (0.959, 1.133) 0.353 0.743 0.637 

    Pneumonia 1.007 (0.955, 1.061) 1.014 (1.001, 1.026) 1.056 (0.997, 1.118) 0.796 0.204 0.153 

Cardiovascular Disease 1.009 (0.973, 1.047) 0.999 (0.992, 1.006) 1.008 (0.974, 1.042) 0.551 0.926 0.588 

    Congestive Heart 

Failure 0.964 (0.905, 1.027) 0.984 (0.972, 0.997) 0.999 (0.935, 1.068) 0.519 0.420 0.656 

    Ischemic Heart Disease 1.026 (0.970, 1.085) 0.998 (0.987, 1.010) 0.984 (0.931, 1.040) 0.324 0.258 0.578 

    Dysrhythmias 1.045 (0.982, 1.111) 1.011 (0.998, 1.024) 1.042 (0.978, 1.111) 0.299 0.956 0.349 

    Cerebrovascular 

Disease 1.015 (0.956, 1.078) 1.001 (0.989, 1.014) 1.030 (0.971, 1.091) 0.656 0.723 0.358 

    Hypertension 0.937 (0.837, 1.048) 0.990 (0.964, 1.016) 0.954 (0.844, 1.077) 0.339 0.819 0.553 
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Appendix Table 13 Relative risks for models that do not include days when the exposure values were imputed due to lack of 

GASP AOD retrievals 

  

RR for a 5 µg/m
3
 change in PM2.5     

Before Fires RR 

(95% CI) 

During Fires RR 

(95% CI) 

After Fires RR 

(95% CI) 

p-value 

comparing 

during to 

before 

p-value 

comparing 

after to 

before 

p-value 

comparing 

after to 

during 

All respiratory 1.017 (0.979, 1.056) 1.013 (1.003, 1.023) 1.002 (0.955, 1.052) 0.866 0.643 0.677 

    Asthma 0.971 (0.887, 1.063) 1.024 (1.004, 1.045) 0.886 (0.761, 1.032) 0.237 0.303 0.061 

    COPD 1.048 (0.978, 1.125) 1.019 (1.002, 1.035) 1.027 (0.946, 1.114) 0.442 0.693 0.856 

    Pneumonia 1.013 (0.966, 1.062) 1.013 (1.001, 1.025) 1.043 (0.985, 1.105) 0.996 0.406 0.278 

Cardiovascular Disease 1.007 (0.977, 1.038) 0.999 (0.992, 1.006) 1.013 (0.980, 1.046) 0.665 0.612 0.297 

    Congestive Heart 

Failure 0.966 (0.913, 1.023) 0.985 (0.973, 0.996) 1.021 (0.959, 1.087) 0.507 0.177 0.238 

    Ischemic Heart Disease 1.026 (0.974, 1.080) 0.999 (0.988, 1.009) 0.984 (0.932, 1.038) 0.336 0.306 0.641 

    Dysrhythmias 1.024 (0.968, 1.084) 1.011 (0.999, 1.024) 1.034 (0.971, 1.102) 0.687 0.743 0.405 

    Cerebrovascular 

Disease 1.025 (0.973, 1.081) 1.002 (0.991, 1.014) 1.039 (0.984, 1.096) 0.426 0.633 0.170 

    Hypertension 0.934 (0.841, 1.037) 0.994 (0.969, 1.021) 0.925 (0.822, 1.041) 0.230 0.913 0.226 

 
 




