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Abstract
Global climate change has created new public health issues, and evidence-based policies are
needed for mitigating the health impacts. The increasing frequency and intensity of wildfires is
one of the pressing concerns in Canada and globally. Epidemiological studies have found that
daily average exposure to wildfire smoke is associated with a wide range of cardiopulmonary
conditions. However, few studies have looked at the health effects of sub-daily exposures
measured in hours, and little is known about the lag-response relationship at such temporal
scales. Sub-daily impacts are highly relevant for public health response, especially for smoke
episodes of limited duration. To address these knowledge gaps, this dissertation presents a
machine learning approach to identify variables relevant to the vertical distribution of smoke in
the atmosphere, which can improve the application of remote sensing data for population
exposure assessment. Relevant variables included fire activity in the vicinity, geographic
location of the smoke, and meteorological conditions. These variables were next combined with
data from air quality monitors and ecological information, to develop an empirical model for
estimating 1-hour average population exposure to fine particulate matter (PM2.5) during wildfire
seasons from 2010 to 2015 in British Columbia, Canada, at a 5 km2 resolution. Compared with
observations, model predictions had a correlation of 0.93, root mean squared error of 3.2 μg/m3,
mean fractional bias of 15.1%, and mean fractional error of 44.7%. The model estimates were
then linked to ambulance dispatches, paramedic assessments, and subsequent hospital
admissions. Increased PM2.5 was associated with increased dispatches for respiratory and
cardiovascular reasons within one hour following exposure, and for diabetic reasons within the
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first 24-hour period. Each 10 μg/m3 increase in PM2.5 was associated with an increase in the
cumulative odds over 48 hours of up to 10%, 20% and 10% for respiratory, cardiovascular, and
diabetes calls, respectively. These results support further investigation into the health effects of
sub-daily exposures and suggest that air quality standards and public health actions during
wildfire smoke events should be based on the hourly time scale. Public health agencies and the
general public should act promptly to reduce exposure when affected by wildfire smoke.
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Lay Summary
Inhaling smoke emitted by wildfires can affect human health. It can worsen conditions in people
with chronic diseases, and it causes symptoms in people who are otherwise healthy. This is a
growing concern for public health as wildfires will occur more frequently and affect more
communities under the changing climate. This research aimed to improve our ability to monitor
wildfire smoke exposures every hour at different locations in British Columbia during wildfire
seasons, and to study whether more people call the ambulance during hours with more smoke.
The findings show that ambulance calls for heart and lung conditions increased within one hour
of exposure to smoke, while calls for diabetic conditions increased after 24 hours. These results
suggest that the health effects from wildfire smoke can occur soon after exposure, and actions to
reduce exposure should be taken promptly.
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Chapter 1: Introduction and background
1.1
1.1.1

Background
Introduction

Globally, around 400 million hectares of the land surface is burned by fire each year (1).
Although a recent study reported a 25% decline in global area burned over the last two decades
driven by agricultural expansion and intensification in savannas and grasslands, the opposite was
observed in regions with the most tree cover, such as parts of North America, Australia and
Russia (2). Fire season length in North America increased by an average of 14 days during the
period between 1979 and 2015 (3). Large wildfires (>405 ha) in the western US increased at a
rate of seven fires per year, and the total fire area increased at a rate of 355 km2 per year between
1984 and 2011 (4). These trends can be partially attributed to the increasing temperature and
drought severity caused by global climate changes that are expected to continue into the future
(5-8).
Wildfires can be caused by human activity or natural processes, such as lightening. They can
also be suppressed or managed by humans to some degree, depending largely on the weather
conditions, time between detection and management efforts, and location of the fire. The word
wildfire can also be synonymous with other terms, such as vegetation fire, landscape fire, forest
fire, bush fire, wildland fire, etc., depending on the context. To be consistent, I use the word
wildfire to describe any fire on the landscape throughout the thesis, without intention to indicate
the main cause(s).
1

Wildfires pose a direct threat to lives and property in the areas they affect. Smoke emissions
from wildfires pose a different threat, which can affect much larger populations by degrading air
quality at local, regional and global scales (9-12). They are an important source of ambient fine
particulate matter (PM2.5) pollution in many regions (13-15), estimated to be responsible for 58% of the 3.3 million deaths attributable to outdoor ambient PM2.5 each year (16, 17). Exposure
to wildfire smoke has also been linked to a wide range of cardiopulmonary health effects from
increased symptoms to increased risk of mortality (18-21), and the burden for health care
systems is increasing as well (22-25).
Most studies on the health effects of wildfire smoke have examined daily average (24-hour)
exposures, with few studies having examined the effects of sub-daily (1-hour) exposures. As a
result, it remains unclear whether the cardiopulmonary events associated with wildfire smoke are
due to short (i.e. hours) but extreme levels of exposure, or to cumulative exposures averaged
over longer (i.e. days) periods. Because the levels of wildfire smoke in a community can change
rapidly within a day, such evidence is needed to develop appropriate air quality standards and
public health strategies for timely mitigation of the health risks.
To generate evidence on the short-term health impacts of wildfire smoke, the first challenge is to
assess exposure with high spatial and temporal resolution. Most of the available studies on subdaily exposure have used hourly measurements from air quality monitoring stations in the
affected region (26). However, monitoring stations tend to be located in areas with high
population density, excluding the rural and remote areas that are more frequently and severely
impacted by wildfire smoke. In addition, assigning exposure from a central monitor assumes no
2

spatial variability over a large geographic area, where studies show that smoke levels can be
heterogeneous over very small areas (27). Under these conditions, using a single monitor
introduces non-differential exposure misclassification and likely biases the effect estimates
towards the null. Another issue with monitoring stations is that the measurement instrumentation
may fail when impacted by the heavy smoke or actual fire (28).
Remotely sensed fire and smoke products are promising alternatives to ground monitoring
stations given their broad spatial coverage at relatively high spatial resolution. Such products
have been used to directly or indirectly assess smoke exposure in many recent studies (29-33).
However, most remote sensing products provide information integrated from the top to the
bottom of the atmosphere, rather than information specifically at the surface where populations
are exposed. Better information about the vertical distribution of smoke in the atmosphere has
been identified as key to improving the utility of remote sensing products in air pollution
exposure modeling and public health research (34, 35). However, routine measurements of the
vertical distribution of air pollutants within the column are not yet feasible by surface monitoring
or remote sensing.
The second challenge is to measure population health outcomes at the sub-daily scale. Because
wildfire smoke events are usually sporadic, large populations and long time-series of data are
needed to provide enough statistical power to detect their effects. This is most feasible using
routinely collected administrative health data, such as hospital admissions, emergency room
visits, medical billings, and pharmaceutical dispensations. However, most such databases are
limited in their utility for studying sub-daily wildfire smoke exposures. First, they generally
3

provide the date of the health outcome, but not necessarily the exact time. Second, there may be
gaps between the time of the initiation of the health outcome and the recorded time of the
delivery of health care services, when available. For example, a physician visit appointment may
be scheduled days after a patient first experiences symptoms. Third, some measures, such as
medication dispensations, may not reflect actual disease exacerbations, but rather the preparation
of patients for conditions perceived as potentially harmful. Finally, many databases record
residential address, which may be different than the geographic location where the health
outcome occurs.
With this thesis, the aim was to add to the epidemiologic evidence on sub-daily wildfire smoke
exposure by (1) developing a spatially and temporally resolved statistical model to estimate subdaily exposure to PM2.5, and (2) assigning the modeled exposure to subjects in an administrative
health database that records the exact time and location of health events, and then assessing the
exposure-response relationship.
1.1.2

Overview

This manuscript-based thesis has five chapters and two appendixes. Chapter 1 provides the
background and critical review of relevant literature necessary for readers to understand the
rationale of the thesis. Chapter 2 describes a machine learning approach to improve the use of
remote sensing data in modeling human exposure to wildfire smoke. Chapter 3 uses data
identified in Chapter 2 in combination with other relevant data to develop a model to estimate
hourly population exposure to wildfire smoke across the province of British Columbia (BC).
These exposure estimates are used in Chapter 4 to assess their associations with ambulance
4

dispatches, paramedic assessments, and hospital admissions. Chapter 5 concludes the thesis by
discussing its contributions and implications.
1.1.3

Study area

BC is the westernmost province of Canada, with a total land area of 925,186 km2, and 2017
population of 4.8 million people (36). With almost two-thirds of the land surface covered by
forests, the province is prone to wildfires (37). As the global climate changes, the province has
experienced rising temperatures and more drought in the summer months (38). At the same time,
nearly 30% of trees were killed from 1990-2010 by the largest mountain pine beetle infestation
in the recorded history of the province (39, 40). Fire-favouring weather, high fuel loads, and the
compromised health of the forests have led to more extreme wildfire seasons in the past decade
(Figure 1.1). The interior region of the province has been the most impacted by large wildfires (
Figure 1.2).
1.1.4

Study period

The study period includes wildfire seasons from 2010 through 2015, during which data for both
exposure and health outcomes were available with relatively high quality. This study period
covers the 2010, 2014, and 2015 wildfire seasons, which were considered extreme compared
with previous decades (Figure 1.1). The 2017 and 2018 seasons were even more extreme, but
both occurred after the exposure assessment work and administrative health data application for
this thesis was largely complete. Smoke events impacted a large proportion of the population in
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the province in each of these years. Typical fire seasons in BC span from April to September,
with the most intense activity in July (Figure 1.3).

Figure 1.1 Annual area burned in British Columbia.
Created with data from National Forestry Database and BC Wildfire Service.

Figure 1.2 Maps of wildfires in British Columbia.
These maps show wildfires colour-coded by fire size in the first year of the study period (2010, left panel) and the
last year of the study period (2015, right panel). Both were extreme wildfire seasons, compared with the previous
decades. Created by BC Wildfire Service (https://www2.gov.bc.ca/gov/content/safety/wildfire-status/wildfirestatistics).
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Figure 1.3 Fire activity in British Columbia by month.
Monthly area burned (red bar) and total number of fires reported (black line), averaged from 2010 to 2015.

1.1.5

Air quality in the study area

Ambient air quality in BC is generally among the best in the world, even in large urban areas.
One of the most important indicators of ambient air quality is the mass concentration of PM2.5.
The annual average concentrations of PM2.5 ranged from 1.6 µg/m3 to 13 µg/m3 across BC in
2016, with most monitoring stations below the provincial objective of 8 µg/m3 and the World
Health Organization guideline of 10 µg/m3 (41). However, episodes of extremely high PM2.5
concentrations can occur, especially during wildfire seasons. For example, multiple fires were
burning north of the greater Vancouver area in early July of 2015. Under the meteorological
conditions at the time, smoke was dispersed to the densely populated area of greater Vancouver
and southern Vancouver Island (Figure 1.4). Daily average PM2.5 concentrations reached almost
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100 µg/m3, which was almost unprecedented for these regions. The hourly PM2.5 concentrations
were elevated to almost 200 µg/m3, with high temporal variability within each day (Figure 1.5).

Figure 1.4 Smoke impact in southwestern British Columbia in 2015.
Smoke dispersion over greater Vancouver and southern Vancouver Island from fires burning at multiple locations
(red dots). Satellite image captured by Moderate Resolution Imaging Spectrometer (MODIS) aboard the Aqua
Satellite on July 5th, 2015. Stars indicate the monitoring stations at Squamish (yellow) and Burnaby (blue).
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Figure 1.5 Time-series of fine particulate matter (PM2.5) concentrations during smoke event.
These figures show time-series of PM2.5 concentrations during a smoke event in 2015 at Burnaby (top) and
Squamish (bottom). The black line indicates the 1-hour average observations and grey bars indicate the
corresponding 24-hour average in the same calendar day. The red boxes show two days with the same 24-hour
average, but different variability in the 1-hour averages.

1.2

Rationale and objectives

Wildfire smoke exposure is unpredictable and episodic. It can last anywhere from a few hours to
a few weeks in the Canadian context. So far, there is limited evidence about whether a few hours
of smoke exposure can pose a significant public health risk, or whether the risk is higher during
9

peak hours of a more prolonged exposure. For example, the 24-hour average PM2.5 was just over
50 µg/m3 at Burnaby (blue star in Figure 1.4) on July 5th and at Squamish (yellow star in Figure
1.4) on July 9th, but these same 24-hour averages came from very different 1-hour average
concentrations within the day (Figure 1.5, indicated by red boxes). The 1-hour average PM2.5 was
below 25 µg/m3 for 15 out of the 24 hours on July 5th at Burnaby, while the elevated 24-hour
average was mostly attributable to the few hours of concentrations over 100 µg/m3. On the other
hand, the 1-hour PM2.5 was over 25 µg/m3 for 22 hours on July 9th at Squamish, with no
concentrations over 100 µg/m3. In studies using 24-hour PM2.5 averages, these two situations
would have been classified as the same exposure. However, it is largely unknown whether the
different distributions of 1-hour exposures within a day make any difference to the observed
population health effects. This is an important question to address, because it has implications for
how public health authorities should respond to smoke events.
The premise for my dissertation is that I can take advantage of recent advancements in machine
learning to improve the utility of remote sensing data for modelling population exposure to
wildfire smoke at the sub-daily scale. Using the modeled exposures and a unique administrative
health database with resolved spatial and temporal information, we can improve understanding
of the health effects of sub-daily exposure to wildfire smoke. This advancement in the
epidemiologic knowledge will be valuable for improving emergency responses and reducing
public health impacts from wildfire smoke in BC, as well as other regions with similar smoke
impacts nationally and internationally.

10

1.2.1

Improving the utility of remote sensing data for smoke modeling (Chapter 2)

The objective of Chapter 2 was to demonstrate a machine learning approach to estimate the
vertical distribution of smoke in the atmosphere at 1-hour intervals for all of BC at a 5 km2
resolution. Some satellites, such as the Cloud-Aerosol Lidar and Infrared Pathfinder Satellite
Observation (CALIPSO), can produce snapshots of the vertical profile of the atmosphere.
However, these satellite products have very limited spatial and temporal coverage, meaning that
they intersect with wildfires and smoke relatively rarely. Instead of using these data directly, I
developed a model to predict the vertical distribution of smoke observed by CALIPSO using
other spatially and temporally varying data about fire activity in the vicinity, geographic
location, and meteorological conditions.
1.2.2

Developing model to estimate 1-hour smoke exposure (Chapter 3)

The objective of Chapter 3 was to develop a statistical model to generate 1-hour smoke exposure
estimates for the population of BC at a 5 km2 resolution. In previous work, a statistical model
was developed to estimate the 24-hour averaged exposure for the same population using
remotely sensed fire and smoke, meteorological parameters, and ground-monitoring data (42).
Here, the 24-hour model was expanded to generate 1-hour estimates by (1) including more
temporally resolved data, (2) including variables predictive of the vertical distribution of smoke
identified in Chapter 2, and (3) applying more advanced modeling techniques. The model was
evaluated quantitively by comparing estimates with the observations at monitoring stations, and
qualitatively by visualizations in case studies.
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1.2.3

Assessing the health effects of sub-daily exposure (Chapter 4)

The objective of Chapter 4 was to assess the acute health effects of sub-daily exposure to
wildfire smoke. Hourly estimates of PM2.5 during wildfire seasons from 2010 to 2015 for all
populated areas in BC were generated from the model developed in Chapter 3 and linked to
ambulance dispatch data, which has information on the exact time and location where the health
emergency occurred. A case-crossover study design was applied to assess whether the odds of
dispatches for respiratory, cardiovascular, or diabetic complaints increased within hours of
smoke exposures. The reasons for calls were assessed by three measures including the
ambulance dispatch code, the subsequent paramedic assessment code (when available), and
subsequent hospital admission diagnosis (when applicable), to examine the consistency between
these somewhat different outcomes.
1.3
1.3.1

Review of critical literature on wildfire smoke exposure
Chemical and physical nature of smoke

Wildfire smoke is a complex mixture of gases and particles resulting from the incomplete
combustion of biomass. Some components known to be pertinent to human health include
particulate matter (PM), carbon monoxide (CO), oxides of nitrogen oxides (NOx), and nonmethane organic compounds (NMOC) such as polycyclic aromatic hydrocarbons (PAHs) and
other volatile organic compounds (VOCs) (43). Many of these pollutants can interact with
ultraviolet radiation to increase concentrations of ground-level ozone (O3), which has also been
observed during smoke episodes (44, 45). The composition of the smoke mixture can be
12

influenced by various factors including the fire and fuel characteristics, weather, and the
different stages and temperatures of combustion (43, 46-48). These factors can also influence the
chemical composition and size distribution of PM emitted from wildfires. For example, PM
emitted during the more efficient combustion of the flaming phase tends to be smaller in size
(with a peak diameter < 1µm) and to have higher proportions of elemental carbon, PAHs, and
heavy metals when compared with PM emitted during the less efficient combustion of the
smoldering phase (49, 50). These differences in chemical composition and size may contribute to
differences in the toxicity of the PM (50, 51).
Although wildfire smoke PM can vary in size, the majority falls into the PM2.5 range, and the
mass concentration is the most commonly used metric to represent the complex wildfire smoke
mixture in epidemiologic studies. There are a few different reasons for this: (1) PM2.5 is widely
measured for the purposes of ambient air quality assessment and regulation, and it is the most
consistently elevated such pollutant during wildfire smoke events (18); (2) particles in PM2.5
range can penetrate deep into the gas-exchange region of the lung (52) and are more likely to be
deposited in the lung and cause subsequent cytotoxic effects compared with larger particles (53);
and (3) PM2.5 remains suspended in the atmosphere for long periods, and can be transported to
regions distant from the fire, whereas other pollutants in the mixture volatilize and disperse more
rapidly. For example, elevated PM2.5 concentrations have been observed in BC due to wildfire
smoke originating within the province (31, 54), from the United States (55), and even across the
Pacific Ocean from Siberia (56, 57). Even so, some of the health effects associated with wildfire
smoke are likely attributable to the complex mixture, for which PM2.5 is currently the best proxy.
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1.3.2

Exposure assessment of smoke in epidemiology

Data from regulatory air quality monitoring networks is most widely used for assessing
population exposure to wildfire smoke in epidemiologic studies. PM2.5 concentrations measured
with gravimetric or optical instruments have typically been directly assigned to nearby
populations as the exposure (31, 58-64), or used to categorize smoke-impacted periods and
compare health outcomes within and outside of those periods (65-67). With routine maintenance
and calibration, these monitors generally provide accurate and reliable estimates of wildfire
smoke exposure at the surface of the earth, but they are spatially sparse, especially in rural or
remote areas, and they can be overloaded during extreme smoke events (68).
Satellite remote sensing can measure air pollutants in the atmosphere as well as fires on the
surface of the earth. For example, the visible channels of satellite sensors can measure the
presence of particles in the atmosphere, called aerosol optical depth (AOD), based on the fact
that particles can change the way the atmosphere reflects and absorbs light waves. On the other
hand, the thermal infrared channels can measure the surface temperature of the earth, which is
used to identify fire hotspots when thermal abnormalities are detected. Remote sensing products
of smoke and fire have been increasingly used in recent epidemiologic studies, either alone (28,
31, 69, 70) or in combination with monitoring data (22, 54), to identify smoke impacted time
periods or areas. They are also important inputs for deterministic and empirical modelling of
wildfire smoke (42, 71), as discussed in the Section 1.3.5. Remote sensing data can cover large
areas with different spatial and temporal resolutions, depending on the satellite orbit and
capabilities of the instruments. However, these products can be influenced or invalidated by
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cloud cover, leading to further uncertainty in the measurements. In addition, they measure air
pollutants in the total column of the atmosphere rather than at the surface, where most people are
exposed.
1.3.3

Measuring the vertical distribution of smoke

There are two remote sensing platforms commonly used to provide information about the
vertical distribution of atmospheric aerosols. The Multi-angle Imaging Spectro-Radiometer
(MISR) aboard the Terra satellite (72) can measure the altitude of the layer of maximum
contrast, which can be the land surface, cloud top, or smoke plume top. However, MISR does not
always provide the complete vertical profile of the smoke plume, especially for thin smoke or
smoke far from the source (73). On the other hand, products derived from the Cloud-Aerosol
Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) satellite can provide both aerosol
feature classifications (e.g. smoke, dust, etc.) and a complete picture of the vertical profile.
However, data from CALIPSO are limited by its extremely narrow swath of observations. Given
that CALIPSO passes over most locations only once every 16 days, it is unable to measure the
vertical profile of most smoke plumes. To achieve more spatially and temporally resolved
information on the vertical distribution of smoke we need to turn to models rather than
measurements.
1.3.4

Modeling vertical distribution of smoke

There are two major approaches of modeling: deterministic and empirical. Deterministic models
use fundamental mathematical descriptions of the physical and chemical process of fire behavior,
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smoke emissions, and atmospheric dispersion processes (74) to estimate the output of interest.
Deterministic models are the most commonly used in the field of air pollution modeling and
forecasting. However, these models tend to require intensive resources and expertise to develop
and maintain. For the vertical distribution of wildfire smoke, the initial maximum smoke plume
rise over the fire (injection height) and the subsequent vertical distribution of smoke (downwind
height) are modelled separately, with the former as an important input for the latter. Such models
are currently used for operational smoke forecasting systems, including the BlueSky (75, 76) and
FireWork (77) frameworks in Canada. So far, most studies have focused on using CALIPSO and
MISR data to evaluate and improve injection height estimates (78-81). However, the more
important estimate for public health is the downwind height, which describes smoke dispersion
to the surface where human populations can be exposed.
Empirical models estimate the outcome of interest as a function of the relevant measurements
that are currently available using the statistical relationship between those measurements and the
outcome derived from historical data (74). Empirical approaches typically rely on large volumes
of historical data for model training, but they require much less time and expertise to develop
and maintain than deterministic models. So far, there are no such models for injection height or
downwind height, although some studies have recognized their feasibility and have identified
potentially predictive variables related to fire intensity and meteorological conditions (72, 8286).
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1.3.5

Modeling wildfire smoke exposure

Both deterministic and empirical models can be used to model air pollution exposure.
Deterministic models have been used in epidemiologic studies to make spatially and temporally
resolved estimates of PM2.5 exposure during wildfire smoke events (28-31, 87-92). Information
about fire location and size, fuel type, and meteorological conditions is entered into the models,
which simulate the entire life-span of the particles: how many are emitted, how high and far they
reach and, ultimately, the ground-level concentrations in the geographic areas of interest (76, 77,
93). The accuracy of the estimates depends on the availability and quality of the relevant input
data and model parameterization. Deterministic models have been used to estimate and forecast
smoke impacts in several regions (75-77, 94), but the performance is variable (28, 77, 95).
Empirical models to estimate daily PM2.5 exposure from wildfires have been developed in North
America and Australia (42, 71, 96, 97). These models estimate ground-level PM2.5
concentrations using data sources including remotely sensed fires and smoke, meteorological
measurements, and output from deterministic models. The Optimized Statistical Smoke
Exposure Model (OSSEM-24h) developed to estimate 24-hour average PM2.5 exposure during
wildfire seasons for all populated areas in BC has been successfully used for public health
surveillance and epidemiologic research (29, 98).
1.3.6

Machine learning and random forests

Conventional approaches to empirical air pollution modeling have relied on linear regression, but
rapid developments in the fields of data mining, machine learning, and computation have made
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these alternative methods more widely available in recent years (96, 99). Machine learning is a
range of computational methods that produce predictions based on algorithms trained using
historical data, in an automated and iterative process without explicit programming (100-102).
Many machine learning approaches can accommodate complex relationships that are non-linear,
or that are best explained by high-dimensional interactions. These properties have made them
attractive for a wide range of applications, and several recent studies have used them to model air
quality and pollutant exposures (103). Unlike deterministic models, empirical models derived
from machine learning predict exposure based purely on the relationships between the response
and predictive variables, without explicit knowledge of the complex and inter-dependent
underlying physical processes. Although prior knowledge of the basic physical processes is
necessary to offer these models a relevant set of predictive variables, achieving the most
predictive model is the primary objective of machine learning approaches, not the interpretability
of the output. These models tend to produce estimates that agree better with observations than
their deterministic counterparts (104-107).
The random forests model is one commonly used machine learning approach. It is an ensemble
of regression trees, each of which was constructed with a random subset of observations and a
random subset of predictive variables. For each tree, predictions are made with the subset of data
that were not sampled for training, otherwise known as the “out-of-bag” data. Because each data
point falls into the out-of-bag subset multiple times, it has multiple predicted values for the
response variable. The average of these values is reported as the final out-of-bag prediction for
that data point, and the final out-of-bag predictions for all data points can be used to evaluate the
model performance. A unique feature of this modeling approach is that the importance of each
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variable can be calculated using a permutation test on the out-of-bag predictions (108). If a
predictive variable is important, a random permutation of the variable will considerably increase
the model prediction errors when compared with a model that uses the real values of the variable.
Thus, the increase in the error between the permuted and actual model predictions can be used to
rank the importance of the variables.
This thesis adds to the existing literature by using novel data sources and random forests models
to develop the first empirical model of the vertical distribution of wildfire smoke, as well as the
first empirical model to estimate 1-hour exposures to PM2.5 during wildfire seasons.
1.4
1.4.1

Review of critical literature on health effects
Short-term exposure to wildfire smoke

The epidemiologic evidence on short-term exposure to wildfire smoke, measured at the time
scale of days, has been summarized in several recent literature reviews (19-21, 109). These
reviews have all come to three similar conclusions. First, there is consistent evidence on the
association between wildfire smoke exposure and respiratory morbidity, including measures of
sub-clinical symptoms, medication dispensations, physician visits, emergency room visits, and
hospital admission. Specifically, exacerbations of asthma and chronic obstructive pulmonary
disease (COPD) are the most commonly found impacts, while evidence for the associations with
respiratory infections is inconsistent. Second, evidence on the association between wildfire
smoke exposure and mortality, as well as cardiovascular morbidity, is inconclusive but growing.
Among specific cardiovascular conditions, more evidence supported the association with out-of19

hospital cardiac arrest (OHCA) and myocardial infarction is available compared with other
cardiovascular outcomes. Third, children, the elderly, and those with pre-existing
cardiopulmonary diseases appear to be more susceptible to the health effects of wildfire smoke
exposure.
Recent studies have provided more evidence on the association between wildfire smoke exposure
and mortality from all causes. Shaposhnikov et al. estimated that exposure to air pollution from
wildfires and its interaction with high temperatures contributed to more than 3000 deaths in
Moscow in 2010 (110). Faustini et al. reported increases in all-cause, respiratory, and
cardiovascular mortality associated with elevated PM during smoky days (33). More evidence
has also emerged for the association with cardiovascular morbidity, such as OHCA, emergency
room visits and hospital admissions for ischemic heart diseases (IHD), and hypertension (26, 67,
111-113).
There is also emerging evidence related to other health outcomes. A recent study found that
wildfire smoke exposure was associated with paramedic assessments of hypoglycemia, a
condition commonly found in people with diabetes (114). This was one of the very few
population-based studies able to investigate the exacerbation of diabetic conditions from air
pollution, which are not well-captured by many administrative health records. Exposures in utero
have been associated with slightly reduced birth weight (70), while early life exposure may be
related to immune dysregulation and compromised lung function in adolescence (115). In
addition, some of the most recent studies have focused on health effects among vulnerable
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populations, and identified higher risks in relation to obesity, lower education level, lower
income, lower socioeconomic status, and minority ethnicity (30, 88, 116).
1.4.2

Sub-daily exposure to wildfire smoke

To date there has been only one study on the health effects of sub-daily exposure to wildfire
smoke. Dennekamp et al. (26) examined the association between hourly exposure to multiple air
pollutants and OHCA based on ambulance dispatch data during one wildfire season in
Melbourne, Australia. They found that the effects of PM2.5 and CO were significantly associated
with OHCA only when averaged over the previous 48-hour period, while the effect of elevated
O3 was observed within a 4-hour period. This demonstrated the feasibility of conducting
population-based epidemiologic research on sub-daily exposure to wildfire smoke using
ambulance dispatch data, but the study was limited by its short duration and constrained urban
area, which did not include rural populations with higher exposure and less access to care.
Furthermore, the study did not consider respiratory outcomes, which may be more sensitive to
sub-daily exposures than cardiovascular outcomes, possibly due to more direct physiological
impacts with shorter lag times.
1.4.3

Sub-daily exposure to PM2.5

Available reviews of studies on the effects of PM2.5 from other emissions sources have suggested
that PM2.5 inhalation can trigger cardiopulmonary events within hours after exposure (117-119).
A recent study found all-cause emergency department visits were increased within one hour after
elevated levels of PM2.5 in Beijing, with the lagged effects lasting up to 10 hours (120). Other
21

studies have observed increased airway inflammation and decreased lung function in children
with asthma and the elderly within one hour following exposure, with lagged effects lasting from
5 to 12 hours (121-124). In addition, results from epidemiologic studies have found that
myocardial infarction and cardiac arrest within a few hours following exposure, mainly among
the elderly and individuals with pre-existing cardiovascular diseases (125-129). Controlled
exposure studies in humans suggest there is an increase in subclinical indications of acute
cardiovascular responses within hours of elevated exposure to PM, including increased blood
pressure, arterial stiffness and thrombus formation (130-133). There is also an increase in
indicators of acute respiratory responses, including increased pulmonary inflammation and
decreased peak expiratory flow (134-136). However, the evidence is inconclusive with respect to
specific lag times between exposure and response, as well as the durations and magnitudes of
exposure needed to trigger the response (117, 119).
To further summarize the current evidence on sub-daily exposure to PM2.5 from all sources and
cardiovascular conditions, we conducted an evidence review for studies on myocardial infarction
(MI) and OHCA that used a case-crossover study design – the same study design that will be
used for the analysis in Chapter 4 of this dissertation (Table 1.1). Although some studies had null
findings (137-140), more found 11% to 48% increases in odds of cardiac events within a 2-hour
window after the exposure (126, 129, 141-145). The lag patterns were inconsistent among these
studies. While some found the effects disappeared right away after two hours, others found a
gradual decline over time.
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1.5

Use of ambulance data for epidemiologic studies

To study the health effects of sub-daily exposure to wildfire smoke, it is necessary to have health
data with resolved spatial and temporal resolution that cover a large population for a long period.
The BC Emergency Health Service (BCEHS) database provides a unique opportunity for such a
population-based study. The database includes records of all ambulances dispatched across the
province over the study period, with the exact time at which the dispatch call was made, the
exact location to which the ambulance was dispatched, and the medical reason for the call as
assessed by (1) the dispatcher in conversation with the caller and (2) the attending paramedics.
These features can overcome the limitations of other administrative data related to temporal and
spatial specificity, thus allowing better assessment of the very acute effects of smoke exposures.
The BCEHS database has been used in BC studies related to health care services, which made
use of the high temporal resolution to study the effects of travel time on patient care outcomes
(146).
As mentioned in Section 1.5.2, only one study has examined the effects of sub-daily exposure to
wildfire smoke using ambulance dispatches to date (26). Similar databases have also been used
in epidemiologic studies of 24-hour average exposure to wildfire smoke in other jurisdictions.
Salimi et al. (147) observed a positive association between increased PM2.5 from wildfire smoke
and ambulance dispatches for breathing problems on the same day and heart problems at a lag of
two days. Haikerwal et al. (111) identified a positive relationship between increased PM2.5 over a
2-day moving average during wildfire events and OHCA. In addition, ambulance dispatches
have also been used to study the health effects of ambient air pollution more generally. For
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example, Johnston et al. (114) found that increased PM2.5 on the same day or at a lag of one day
was associated with paramedic assessments of arrhythmia, heart failure, fainting, asthma, COPD,
croup and hypoglycemia. Youngquist et al. (148) found associations with diabetic symptoms and
fainting for same day exposures. Michikawa et al. (149) and Sajani et al. (150) found positive
associations between increased PM exposure and ambulance dispatches for non-traumatic
causes, especially those related to respiratory conditions.
Despite the strengths of ambulance dispatch data, there are some important limitations. First, as
with any other administrative datasets, the data are not collected for research purposes and their
quality may be variable with respect to sensitivity and specificity. For example, missing
variables are more common in these data compared with other administrative datasets. Second,
dispatch codes include broad categories of symptoms or health conditions that are not strictly
defined. For example, the dispatch code “breathing problems” may be assigned to callers
reporting shortness of breath, which can be a symptom for many different health conditions.
Thus, these codes are more symptomatic than diagnostic. Third, most people calling for an
ambulance have no medical training, meaning that their assessment of the medical emergency
may differ significantly from that of a trained professional. The uncertainty introduced by all
three of these limitations can be reduced by linking ambulance dispatches to any subsequent
assessments by attending paramedics, and diagnoses for hospital admissions as I have done in
Chapter 4.
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1.6

Summary

Wildfire smoke is a growing public health concern in BC, across Canada, and around the world,
and more evidence is needed on the health effects of sub-daily exposures. With recent
advancements in technology and methodology, I conducted this thesis to (1) develop tools for
estimating population exposure at sufficient spatial and temporal resolutions and (2) assess the
very acute health effect from these exposures. To the best of my knowledge, I have conducted
the first study to examine sub-daily exposure to wildfire smoke and its effects on wide range of
cause-specific health outcomes. The results of this study elucidate the lag structure of the
exposure-response relationship and have implications for the appropriate time scale of air quality
advisories and other public health actions during wildfire smoke events.
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Table 1.1 Summary of case-crossover studies on myocardial infarction (MI) and out-of-hospital cardiac arrest (OHCA)
Study

Bhaskaran
et al. 2011

Ensor et al.
2013

Evans et al.
2017

Gardner et
al. 2014

Setting and population

National register of
admissions for all
hospitals in England
and Wales from 2003
to 2006

Non–dead-onarrival adults from
Texas Houston Fire
Department emergency
calls from 2004 to
2011
Acute coronary
syndrome patients
treated at one medical
centre in Rochester,
NY from 2007 to 2012
Acute coronary
syndrome patients
treated at one medical
centre in Rochester,
NY from 2007 to 2010

Number
of cases

Outcome

79288

Discharge
diagnosis of MI,
both with and
without ST
segment
elevation, and
troponin positive
acute coronary
syndrome

Min / mean /
max hourly
PM2.5

Delta
PM2.5

OHCA

Effect estimate

single pollutant:

Multi-pollutant:

1-6

1.012 (1.003-1.021)

1.010 (1.000-1.020)

7-12

0.993(0.983-1.003)

0.998(0.986-1.010)

13-18

0.997(0.989-1.007)

0.997(0.985-1.009)

19-24

0.992(0.982-1.002)

0.998(0.987-1.008)

25-72

0.992(0.982-1.002)

0.996(0.982-1.010)

0

1.009 (0.986-1.034)

1

1.011 (0.987-1.035)

2

1.011 (0.988-1.035)

3

1.003 (0.980-1.027)

4

1.009 (0.985-1.033)

1

1.17 (0.99-1.39)

1-12

1.11 (0.93-1.33)

7.1

0

1.18 (1.01-1.38)

Mean = 8.0

6.8

0-2

1.15 (0.99-1.35)

IQR = 3.9-10.2

6.1

0-11

1.12 (0.95-1.31)

Max = 43

5.9

0-23

1.11 (0.93-1.32)

5.4

0-47

0.94 (0.79-1.13)

PM10:
Median = 21
Interquartile
range (IQR) =
14-30

PM10:
10

Mean = 11.42
11677

Hours
prior to
outcome

IQR = 7.3414.37

6

Mean = 7.62
362

ST elevation MI

IQR = 3.2010.30

7.1

Max = 79.20

338

ST elevation MI
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Study

Setting and population

Link et al.
2013

Patients with dual
chamber implantable
cardioverterdefibrillator recruited
at Tufts Medical
Center in Boston

Number
of cases

176
subjects,
328
events

Outcome

Min / mean /
max hourly
PM2.5

Daily averages:
Atrial Fibrillation

Mean = 8.4
IQR = 5.3-10.2

Delta
PM2.5

Hours
prior to
outcome

Effect estimate

6

1-2

1.26 (1.08-1.47)

5

1-24

1.14 (0.97-1.34)

Daily averages:
Mean = 15.09
Madsen et
al. 2012

Deaths in Oslo,
Norway from 1992 to
2001

48713

Cardiovascular
mortality

Range = 0.84145.09
Daily Peak:

10

Daily average:

Daily Peak:

1-24

1.027 (1.003-1.05)

1.017(1.003-1.031)

1-2

1.48 (1.09-2.02)

Mean = 22.96
Range = 0.93194.05
Peters et al.
2001

Patients living in
greater Boston area
between 1995 to 1996

Mean = 12.1
772

MI

5-95% = 2.629.6
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Study

Pradeau et
al. 2015

Setting and population

Adults with activation
of the medical
intensive care unit in
Gironde, France from
2007 to 2012.

Number
of cases

4558

Outcome

OHCA with
presumptive
cardiac etiology

Min / mean /
max hourly
PM2.5

Delta
PM2.5

Mean = 16.3
Range = 13.379

10.5

Hours
prior to
outcome

Effect estimate

0

1.11 (1.02 – 1.19)

1

0.89 (0.80 – 0.97)

2

0.96 (0.92 – 0.99)

3

1.01 (1.00 – 1.02)

4

1.05 (1.02 – 1.08)

5

1.05 (1.03 – 1.09)

6

1.04 (1.02 – 1.06)

7

0.99 (0.98 – 1.02)

8

0.94 (0.88 – 0.98)

1-2

0.99 (0.93 – 1.04)

1-24

0.99 (0.92 – 1.06)

Daily average:
Raza et al.
2014

EMS calls in
Stockholm, Sweden
from 2000 to 2010

5973

OHCA

Mean = 8.1
Range = 0.14161.7
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Study

Rosenthal et
al. 2008

Rosenthal et
al. 2013

Setting and population

EMS in Indianapolis,
US from 2002 to 2006

EMS in Helsinki,
Finland from 1998 to
2006

Number
of cases

511

2134

Outcome

Non-dead-onarrival OHCA
witnessed by
bystanders

All OHCA
without secondary
signs of death;
OHCA caused by
MI

Min / mean /
max hourly
PM2.5

Median = 13.8
IQR = 8.8-20.7

Mean = 8.7
IQR = 1–16.4

Delta
PM2.5

10

7.7

Hours
prior to
outcome

Effect estimate

0

1.12 (1.01-1.25)

1

1.09 (0.98-1.20)

2

1.03 (0.94-1.15)

3

1.03 (0.94-1.15)

4

1.03 (0.94-1.15)

5

0.98 (0.88-1.10)

6

1.00 (0.90-1.10)

7

1.03 (0.95-1.15)

0-3

1.09 (0.97-1.20)

0-7

1.05 (0.94-1.17)
All OHCA

MI-OHCA

0

1.07 (1.01-1.13)

1.14 (1.03–1.27)

1

1.06 (1.01–1.12)

1.14 (1.03–1.26)

2

1.04 (0.99–1.10)

1.11 (1.00–1.23)

3

1.05 (1.00–1.11)

1.08 (0.98–1.19)

0-7

1.06 (1.00–1.13)

1.12 (1.00–1.26)
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Study

Straney et
al. 2014

Sullivan et
al. 2005

Setting and population

Adults over 35 years
old covered by
Emergency ambulance
services in Perth,
Australia from 2000 to
2010

A database linking
EMS data with
hospital outcomes in
King County,
Washington State, US
from 1988 to 1994

Number
of cases

8551

Outcome

OHCA with
presumptive
cardiac etiology

Min / mean /
max hourly
PM2.5

Delta
PM2.5

Median = 6.80
IQR = 4.729.80

1

Mean = 12.8
5793

Subject with
discharge
diagnosis of acute
MI

Range = 2.0147

10

Effect estimate
Single pollutant

Multi-pollutant

0

0.999 (0.995-1.004)

0.997 (0.991-1.003)

1

1.001 (0.997-1.005)

1.001 (0.995-1.006)

2

1.001 (0.997-1.005)

1.003 (0.997-1.008)

3

1.002 (0.998-1.006)

1.003 (0.998-1.009)

0-1

1.000 (0.996-1.005)

0.999 (0.992-1.005)

0-2

1.001 (0.996-1.005)

1.001 (0.994-1.008)

0-3

1.001 (0.996-1.006)

1.002 (0.994-1.009)

0-4

1.003 (0.997-1.008)

1.005 (0.997-1.012)

0-8

1.006 (1.000-1.011)

1.011 (1.002-1.020)

0-12

1.007 (1.001-1.013)

1.010 (1.000-1.020)

1

Median = 8.6
IQR = 5.3-15.9

Hours
prior to
outcome

1-2
1-4

1.01 (0.98–1.05)
1.01 (0.97–1.05)
1.02 (0.98–1.04)
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Study

Wichmann
et al. 2013

Setting and population

600,000 residents
covered by Mobile
Emergency Care Unit
in Copenhagen from
1994 to 2010

Number
of cases

4657

Outcome

OHCA with
activation of
ambulance
services

Min / mean /
max hourly
PM2.5

Delta
PM2.5

Mean = 10.31
Median = 8.73
IQR = 6.2012.10

5.9

Hours
prior to
outcome

Effect estimate

0

1.01 (0.97-1.04)

1

0.98 (0.94-1.02)

2

0.98 (0.95-1.02)

3

0.97 (0.93-1.01)

4

0.97 (0.93-1.01)

5

1.00 (0.96-1.03)

6

0.98 (0.94–1.02)

7

0.95 (0.91–0.99)

0-4

0.98 (0.94-1.02)

0-8

0.97 (0.94–1.02)
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Chapter 2: Predicting the minimum height of wildfire smoke within the
atmosphere using machine learning and data from the CALIPSO satellite
2.1

Introduction

To improve the applicability of remote sensing data for assessing population exposure to wildfire
smoke, it is important to have information about the vertical distribution of smoke in the
atmosphere with high spatial and temporal resolution. In this chapter, we applied random forests
models to predict the minimum height of the smoke layer observed by the Cloud-Aerosol Lidar
and Infrared Pathfinder Satellite Observation (CALIPSO) using information about fire activity in
the vicinity, geographic location, and meteorological conditions. These data are typically
available in near-real-time, ensuring that the resulting model can be operationally applied. The
predictions can be 1) directly applied to smoke detections from the existing remote sensing
products; 2) incorporated into statistical models with inputs from remote sensing products; or 3)
used to inform estimates of injection height and downwind dispersion in deterministic models.
These potential applications are expected to improve the assessment of ground-level population
exposure to wildfire smoke for both epidemiologic research and public health surveillance.
2.2
2.2.1

Methods
The CALIPSO data and the response variable

The CALIPSO satellite was launched in April 2006, as part of the US National Aeronautics and
Space Administration (NASA) Afternoon Constellation (A-train), in a polar orbit with a 16-day
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repeat cycle (Figure 2.1A). The primary instrument carried by CALIPSO is the Cloud-Aerosol
Lidar with Orthogonal Polarization (CALIOP). The CALIOP instrument generates laser pulses at
two wavelengths (532 nm and 1064 nm) every 333 metres (m) along the satellite ground track,
and then collects the returned backscatter signals. Analysis of these signals allows for
discrimination between cloud and aerosol, and provides insight into the vertical distribution,
shape, size, and type of detected aerosols (151).
We obtained the CALIPSO Level 2 lidar vertical feature mask data (Version 3) from the
CALIPSO Search and Subsetting Web Application for all overpasses in British Columbia (BC)
during the study period. These data were stored in a block for each 5-kilometre (km) segment of
the footprint along the swath (Figure 2.1A-B), with data cells at different vertical and horizontal
resolutions depending on the altitude (Figure 2.1B-C). The vertical resolution is 30 m for all
altitudes below 8.2 km, which are the most relevant to human activity and exposure. A detailed
description of the algorithm used to classify features of the CALIPSO data can be found
elsewhere (152-156). In brief, each data cell is classified as cloud, aerosol, or other, with a
quality assessment (QA) of low, medium, or high. The distinction between cloud and aerosol is
primarily based on the scattering strength and the spectral dependence of backscattering. If a data
cell is classified as aerosol, its type is then further classified into clean marine, dust, polluted
continental, clean continental, polluted dust, smoke, or other (Figure 2.1), with a binary QA of
confident or not confident. Aerosol subtype classifications are primarily based on indicators such
as depolarization, geophysical location, and backscatter intensity.
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We defined our Minimum Height response variable as the minimum height of detected smoke
above the land surface. To construct this variable, the first step was to identify all the CALIPSO
data blocks that were impacted by smoke. A data block was considered to be smoke-impacted
when the following two conditions were met: 1) any data cell within the data block was
classified as aerosol with a high QA value, and as subtype smoke with a confident QA value; and
2) there were fire hotspots observed within 500 km of the data block within a 24-hour window of
the smoke classification, spanning 12 hours on either side of the overpass. The fire hotspots were
detected using data from the Moderate Resolution Imaging Spectroradiometer (MODIS), as
described in the following section. The second step was to find the minimum altitude of the
smoke layer. In each smoke-impacted data block, the Minimum Altitude variable was defined as
the altitude of the lowest cell classified as aerosol above sea level, regardless of its subtype
classification (Figure 2.1C). This approach was used because the subtype classification algorithm
requires aerosol to be lofted before it can be classified as smoke (153). As a result, any smoke in
the surface layer would have been classified as another type of aerosol. Given the limited sources
of summertime aerosol pollution in most of the province and the fire hotspots requirement, we
assumed that any aerosol underlying smoke in the 5-km data block was also smoke or a mixture
of smoke and other aerosols. Finally, the Minimum Height variable was created by subtracting
the elevation of the land surface at the location of the smoke detection from the Minimum
Altitude variable to reflect the distance of the smoke layer from the land surface instead of the
sea level.
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Figure 2.1 Illustration of the CALIPSO data.
An example of the footprint (A), the aerosol classification and vertical profile (B), and a data block (C) of the
CALIPSO data. Panel C also shows the definition of smoke impacted block and the minimum altitude of aerosol in
the block. Adapted from the CALIPSO product description (157).

2.2.2

Other data and the potentially predictive variables

Because the horizontal resolution of the CALIPSO data blocks was 5 km, all of the data for
deriving the potentially predictive variables were first rasterized into a base grid of 5 km2 over
the province, and then the value of the cell in which the specific smoke detection fell was
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extracted for analysis. We selected variables that were expected to be associated with the
outcome, commonly available near real-time, and easy to understand even for users outside field
of atmospheric science or meteorology. These variables were classified into four categories, as
described below.
Fire Activity: Information about active fires was retrieved from the MODIS active fire product
(MCD14ML, Collection 6), distributed by the file transfer protocol (FTP) server maintained by
the University of Maryland (158). The MODIS instruments measure thermal infrared brightness
temperature of the land surface, and active fires are identified where thermal abnormalities are
detected in 1 km pixels (159). There are MODIS instruments aboard the Terra and Aqua
satellites, each of which overpasses the province twice daily. The MODIS fire product provides
the latitude and longitude of the fire pixels, the date and time of the fire detection, and its fire
radiative power (FRP). The FRP is a quantitative measure of radiant heat output commonly used
to approximate fire intensity, which is proportional to its combustion rate and smoke emissions
(160-162). Fire hotspots were extracted from the database and rasterized to the 5km base grid if
they were (1) observed 12 hours before or after each CALIPSO smoke detection and (2)
classified as presumed vegetation fire in the fire product. Both the scan angle and the bowtie
effect can erroneously increase FRP near the edge of the satellite image swath (163, 164). To
account for this, we first calculated the scan angle and pixel size for each fire detection using the
number of sampled pixels provided in the fire product (165). The summed FRP assigned to each
5km grid was then adjusted for the scan angle and pixel areas using previously described
methods (166). The detailed methods for these adjustments are presented in 0.
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Five potentially predictive variables were derived from the rasterized FRP data for each smoke
detection (Table 2.1). The FRP Within 500km was calculated as summed FRP values for all fire
cells within 500 km of the smoke detection. This variable was also used to evaluate the second
criterion for defining smoke-impacted data blocks described in the previous section, where only
observations with FRP Within 500km larger than zero were included in the analysis. The Closest
FRP Cluster was the summed FRP value for the fire cell cluster closest to the smoke detection. A
fire cell cluster was defined as a patch of neighboring fire cells that shared any boundary using
the Queen’s case criterion (167). The IDW FRP applied the inverse distance weighted (IDW)
average to all fire cells within 500 km of the smoke detection, where each fire cell was given a
weight as the inverse of its distance to the smoke observation (168). This variable was created to
reflect the fact that closer fires may have a larger impact on local smoke than more distant fires.
The Minimum Distance and Direction variables indicate the distance and the direction in degrees
bearing from the smoke detection to the nearest fire cell, respectively.
Meteorology: Meteorology plays an important role in smoke emissions and dispersion. As we
were interested in developing an empirical model that could be operationalized in near real-time
with readily available data, we did not attempt to retrospectively simulate the complex processes
of fire behavior and pollutant transport as has been done in deterministic models. Instead we
used a limited set of meteorological parameters accessible in near real-time and applicable in our
machine learning approach.
The planetary boundary layer (PBL) is the lowest part of the atmosphere that is directly
influenced by the surface of the earth, where turbulent air flow and vertical mixing are usually
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strong. The height of the planetary boundary layer (PBLH) above the surface varies in space and
time, with a strong diurnal cycle over land (169). We retrieved hourly PBLH estimates from the
two-dimensional surface turbulent flux diagnostics produced by the NASA Modern Era
Retrospective-analysis for Research and Applications (MERRA) program (170) at a spatial
resolution of 2/3-degree longitude by 1/2-degree latitude. The raw data were averaged to the 5km
base grid to generate a PBLH variable value in each cell.
A similar approach was used for the eastward and northward wind components at 50 m above the
surface (E50m and N50m), respectively, to represent the wind patterns close to the surface. We
also created variables from the eastward and northwards components of winds at three different
air pressure levels: 850 hPa (E850hPa, N850hPa); 500 hPa (E500hPa, N500hPa); and 250 hPa
(E250hPa, N250hPa). These variables can represent wind patterns at the lower, middle and
upper troposphere, respectively. All wind data were retrieved from the two-dimensional
atmospheric single-level diagnostics in the MERRA product, also at a spatial resolution of 2/3degree longitude by 1/2-degree latitude.
Fire-Meteorology combined variable: The Wind-Weighted Minimum Distance and WindWeighted Closest FRP Cluster variables were created to link fire, smoke, and meteorological
conditions together. Because the movement of smoke can be facilitated or impeded by the wind
field, these two variables calculated (1) the minimum distance to the closest fire cluster and (2)
the FRP of that fire cluster, accounting for whether the relative locations of fire and smoke were
aligned with the wind direction. The calculations included the following steps: (1) for each
smoke observation, the direction from each fire cluster detected 12 hours before and/or after was
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calculated in degrees bearing; (2) trigonometry was used to construct a 5km × 5km wind
direction raster (in degrees bearing) using the two 850 hPa Cartesian wind components
(E850hPa and N850hPa) at the time of the smoke observation; (3) a cost surface was created
based on the difference between the fire-to-smoke direction and the wind direction in each grid
cell, where larger distances had a higher cost (i.e. differences of 0-30, 30-60, 60-90, 90-120, 120150, 150-180 degrees were assigned cost values of 1 through 6, respectively); and (4) the leastcost distance between the smoke observation and each fire was calculated using the costDistance
function in the gdistance package in R (171). The ultimate result is that FRP clusters upwind of
the smoke observation are closer in weighted distance than those that are downwind but at the
same geographic distance. The FRP of the fire cluster with the smallest cost-weighted distance
was assigned as Wind-Weighted Closest FRP Cluster, and the value of the cost distance was
assigned as the Wind-Weighted Minimum Distance for the smoke observation.
Daytime and Month variables were created to capture further diurnal and seasonal patterns in fire
activity and meteorology not covered by existing variables. Because CALIPSO only passes over
BC from 01:00 – 03:00 (night) or 12:00 – 13:00 (day) local time, the Daytime variable cannot
capture the full range of nighttime or daytime conditions under which smoke and fires occur.
Geographic Location: The elevation of the land surface was obtained from the GTOPO30
product, a global digital elevation model with a horizontal grid spacing of 30 arc seconds
(approximately 1 km at the equator), developed by the US Geological Survey Earth Resources
Observation and Science (EROS) Center (172). The raw data were assigned to the 5km base grid
as the average to generate values for the variable Elevation in each cell. The latitudes and
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longitudes of the smoke-impacted CALIPSO data blocks were used to create the Latitude and
Longitude variables, which could reflect other important geospatial information, such as terrain
features and land use.
Because our model was developed with the intention of future operational use in near-real-time,
we ensured that all variables we included could be derived in near-real-time. Although we used
meteorological variables from retrospective MERRA project for the model described here,
comparable variables could easily be derived from operational weather forecasting systems.
Similarly, the FRP data used in our model were derived from a product with retrospective quality
assurance procedures, typically available months after the actual retrieval date, but the Fire
Information for Resource Management System (FIRMS) maintained by NASA also provides a
near-real-time FRP product. To operationalize this model, we could simply replace the
retrospective data sources with their near-real-time substitutes, although further evaluation would
be needed to assess model performance with data of different quality.
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Table 2.1 Description and summary statistics of variables for minimum height model

CONTINUOUS VARIABLES
Variables

Median [Quartiles]

Description

Minimum Height (m) *

293 [59, 1416]

PBLH (m)

458 [138, 1310]

Elevation (m) *

1016 [749, 1293]

Response variable. Minimum height of
aerosol above land surface in smokeimpacted CALIPSO data block
Planetary boundary layer height above land
surface
Elevation of the land surface above sea
level

Latitude (degree) *

54.21 [50.795, 57.13]

Longitude (degree) *

-123.4 [-126.1, -121.1]

FRP Within 500km (MW) *

161 [33, 769]

Closest FRP (MW) *

15 [7, 38]

IDW FRP (MW) *

29 [13, 77]

The inverse distance weighted averaged
FRP for fire cells within 500 km

Minimum Distance (km)

214 [115, 340]

Distance to the closest fire cell

Wind-Weighted Closest FRP
(MW) *

13 [7, 35]

Wind-Weighted Minimum
Distance (cost unit)

51 [28, 84]

E50m (m/s) *

1.37 [-0.72, 2.93]

Eastward wind at 50 meter above surface

N50m (m/s) *

0.22 [-1.20, 1.70]

Northward wind at 50 meter above surface

E850hPa (m/s)

1.84 [-0.63, 4.10]

Eastward wind at 850 hPa pressure level

N850hPa (m/s) *

0.15 [-2.00, 2.37]

Northward wind at 850 hPa pressure level

E500hPa (m/s)

5.65 [1.35, 10.40]

Eastward wind at 500 hPa pressure level

N500hPa (m/s) *

0.52 [-4.49, 6.53]

Northward wind at 500 hPa pressure level

E250hPa (m/s) *

9.74 [1.73, 19.26]

Eastward wind at 250 hPa pressure level

N250hPa (m/s)

-0.94 [-10.48, 8.49]

Northward wind at 250 hPa pressure level

Latitude of the smoke-impacted data block.
Longitude of the smoke-impacted data
block
Summed FRP for all fire cells within 500
km
Summed FRP for the closest fire cell
cluster

Summed FRP for the fire cell cluster with
the shortest wind-direction cost-weighted
distance
The accumulative cost distance from the
closet FRP weighted to smoke
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CATEGORICAL VARIABLES
Variables

N (%)

Description

Direction†

[0, 90]
(90, 180]
(180, 270]
(270, 360]

4160 (26.6)
5129 (32.9)
3263 (20.9)
3065 (19.6)

Direction as degrees bearing to the closest
fire cell

Daytime

Day

3592 (23.0)

Night

12025 (77.0)

Binary variable indicating whether smoke
was detected in daytime or nighttime
overpass
Categorical variable indicating the month
of the smoke detection

Month*

April
1392 (8.9)
May
1867 (12.0)
June
1405 (9.0)
July
3892 (24.9)
August
4746 (30.4)
September 2315 (14.8)
* Variables included in the final model.

† Direction was calculated as degrees bearing (0 to 360) and used as a continuous variable in the model. It
is categorized here for a more sensible descriptive summary.

2.2.3

Statistical modelling

All data cleaning and analysis was conducted in the R Statistical Computing Environment (R
Core Team, Vienna, Austria). The data were fitted with a random forests model with 500
regression trees and a subset of four predictive variables sampled for each tree, using the
randomForest package in R (173). Each tree was trained with a selected subset of data, and
predictions were made with the subset of data that were not sampled for training, otherwise
known as the “out-of-bag” data.
Because each data point fell into the out-of-bag subset multiple times out of the 500 trees, it had
multiple predicted values for the Minimum Height response variable. The average of these values
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was reported as the final out-of-bag prediction for that data point, and the final out-of-bag
predictions for all data points were used to calculate the root mean square error (RMSE) and the
R-squared (percentage of variance explained by the model) against the observations. These
values were used to evaluate the model performance.
The importance of each variable was calculated using a permutation test on the out-of-bag
predictions (108). If a predictive variable is important, a random permutation of the variable will
considerably increase the model prediction errors when compared with a model that uses the real
values of the variable. Thus, the increase in the RMSE between the permuted and actual model
predictions, scaled by the standard deviation of the difference, was used to rank the importance
of the variables.
A backward selection process was applied to select the final model. All variables were included
in the initial model, then a reduced model excluding the least important variable would be fitted.
If the RMSE and R-squared values for the reduced model were not significantly different from
those for the initial model, the variable would be permanently excluded. The process was then
repeated with the least important variable in the new model, which was the reduced model from
the previous step. The process stopped, and the final model was determined when the removal of
the least important variable resulted in any reduction of R-squared values larger than 1% of the
highest R-squared achieved in the previous models. This process was aimed to obtain the most
predictive model with as few variables as possible, which will be useful for operationalizing the
model in near real-time.
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The out-of-bag predictions from the final model were also used to evaluate its accuracy,
sensitivity (true positive rate), and specificity (true negative rate) in predicting whether Minimum
Height was below or above thresholds of 100, 300, 500 and 1000 m. These thresholds cover the
range of possible human exposure. Accuracy, sensitivity and specificity were calculated as the
percentage of correct predictions among all observations, among observations below the
threshold, and among observations above the threshold, respectively.
2.3

Results

A total of 15,617 CALIPSO data blocks met our criteria for classification as smoke-impacted
and had complete information for all the potentially predictive variables. They were identified on
887 of the 1761 dates in the study period, and more than half (55.3%) occurred in July and
August (Table 2.1), which is the peak wildfire season in the province. Furthermore, more than
half (52.7%) had Minimum Height values below the PBLH at the corresponding time and
location, meaning that smoke was more likely to be mixed in the boundary layer and to be
affecting surface air quality.
The final random forests model after the backward selection process included 13 of the 21
variables (Table 2.1). The final model explained 82.1 % of the variance in the out-of-bag
Minimum Height observations, and the RMSE between the out-of-bag predictions and the
observations was 560 m (Figure 2.2), which was large compared with the vertical resolution of
the CALIPSO data (30 m at minimum). There were generally more over-predictions when the
observed Minimum Height values were below 500 m. A descriptive analysis of the data in the
cluster of over-predictions with observed Minimum Height below 500 m found that they tended
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to be at lower elevation, to be farther from fires, and to have lower PBLH values when compared
with the other observations (Table 2.2). On the other hand, under-predictions were more uniform
across the range of observed values.
In addition, the model predicted whether Minimum Height was below the 100 m, 300 m and 500
m thresholds with low to moderate sensitivity (0.31-0.80) and high specificity (0.90-0.96). This
means that when the observed Minimum Height was below the respective thresholds, the model
predicted correctly 31% to 80% of the time. Meanwhile, when the observed Minimum Height
was above the thresholds, the model predicted correctly 90 to 96% of the time. In general, the
accuracy and specificity increased considerably as the threshold increased, while the sensitivity
decreased slightly (Table 2.3). In other words, the model became more accurate at predicating
smoke below the threshold as the threshold height increased, and the model was quite accurate at
predicting smoke above the threshold for all threshold values. This indicates that the model is
especially useful for ruling out smoke that is not relevant to surface exposures.
The most important variable in the model was the speed of eastward wind at 50 m above the
surface. There was a 97 % increase in the normalized mean squared error when predictions were
made using the randomly scrambled version of this variable compared with predictions using the
actual values. The three most important variables in the model were all related to wind pattern,
followed by variables related to fire activity, including Month and FRP within 500km (Figure
2.3).
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Table 2.2 Descriptive analysis of the low altitude observations in the cluster of over-prediction
This table summaries statistics of the variables for observations in the cluster of over-prediction where the Minimum
Height values were smaller than 500 m.

Variable

Observations in the overprediction cluster

All other observations

P
value

PBLH (m)

628 [599, 657]

787 [775, 800]

<0.05

Elevation (m)

996 [976, 1015]

1020 [1014, 1027]

<0.05

IDW FRP (MW)

67 [63, 72]

65 [63, 66]

0.24

FRP Within 500km (MW)

707 [643, 771]

769 [739, 800]

0.08

Minimum Distance (km)

247 [241, 254]

227 [225, 230]

<0.05

Closest FRP (MW)

54 [47, 62]

61 [58, 65]

0.09

Wind-Weighted Closest FRP
(MW)
Wind-Weighted Minimum
Distance (cost unit)
E50m (m/s)

43 [39, 47]

51 [48, 54]

<0.05

67 [64, 69]

62 [61, 63]

<0.05

0.97 [0.86, 1.08]

1.08 [1.04, 1.12]

0.05

N50m (m/s)

0.18 [0.09, 0.27]

0.25 [0.21, 0.28]

0.20

E850hPa (m/s)

1.87 [1.71, 2.03]

1.77 [1.71, 1.84]

0.29

N850hPa (m/s)

6.34 [5.97, 6.71]

6.18 [6.05, 6.30]

0.41

E500hPa (m/s)

11.47 [10.8, 12.12]

10.92 [10.69, 11.14]

0.12

N500hPa (m/s)

0.33 [0.18, 0.49]

0.19 [0.13, 0.24]

0.08

E250hPa (m/s)

1.25 [0.87, 1.62]

0.76 [0.62, 0.90]

<0.05

N250hPa (m/s)

-0.42 [-1.12, 0.28]

-1.59 [-1.84, -1.33]

<0.05
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Figure 2.2 Scatterplot comparing observations and predictions for minimum height model.
This figure shows the comparison between observations of minimum height from CALIPSO and the out-of-bag
predictions from the model. The red line represents the 1:1 perfect match. When Minimum Height observations were
below 500 m, there were generally more over-predictions (data points above the red line), while under-predictions
(data points below the red line) dominate in other cases.

Table 2.3 Model performance for predictions of Minimum Height below thresholds

100 m

Minimum Height <
300 m
500 m

1 km

Accuracy

0.75

0.78

0.84

0.91

Sensitivity

0.31

0.65

0.80

0.94

Specificity

0.96

0.91

0.90

0.85

*Accuracy = Percent of correction predictions among all observations
Sensitivity = Percent of correct predictions among observations over the threshold
Specificity = Percent of correct predictions among observations below the threshold
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Figure 2.3 Dotchart of variable importance of minimum height model.
Variable importance was measured by the normalized percent increase in mean squared error (MSE) when the
variable was randomly permutated. Variables are grouped into four categories related to fire activity, geographic
location, meteorology and fire-meteorology combined. Only variables in the final model after the model selection
procedures were included in this figure.

2.4

Discussion

A machine learning approach was applied to predict the minimum height of smoke in the
atmosphere using variables that reflected fire activity, geographic location, and meteorology, and
the combination of fire activity and meteorology. The model explained 82% of the variability in
the observations. The comparison of predictions and observations with binary categories for
smoke under 100, 300, 500, and 1000 m (Table 2.3) indicated high specificity but low to
moderate sensitivity in predicting smoke height below a certain threshold. The most important
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variables in the model were wind components, followed by month of observations and fire
intensity within 500 km.
Several studies have used deterministic models of plume rise and evaluated them against remote
sensing measurements from MISR or CALIPSO (174) but, to the best of our knowledge, ours is
the first statistical model to be proposed. The R2 value for our model was 0.82 compared with
values from 0.10 to 0.30 for deterministic models of plume rise that were evaluated using
observations from MISR (78-80, 83). Most of these studies predicted the initial smoke injection
height over specific fires, so do not have directly comparable objectives. However, Raffuse et al.
also compared the downwind plume height with CALIPSO observations, and found weak
correlation for both the injection height (R2 = 0.10) and the downwind height (R2 = 0.22). The
improved performance in our model may be due to the following factors: (1) increased predictive
power due to the large dataset; (2) the application of the flexible random forests machine
learning approach; and (3) the inclusion of a wide variety of fire activity, geographic location,
and meteorological variables.
While the model explained much of the variability in the Minimum Height observations, the
RMSE for the out-of-bag estimates was 560 m, which was high relative to the zone of human
exposure given that the tallest building in the study area was less than 300 m. However, the
results for the 100, 300, 500, and 1000 m thresholds suggest that the continuous predictions from
the model also perform reasonably well when dichotomized to make binary predictions. To
further evaluate this, we also built a random forests model with the same input variables to
predict the binary outcome for the 300 m threshold, which resulted in more balance between the
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sensitivity (0.84) and specificity (0.83) when compared with those reported in here (0.65 and
0.91, respectively). This machine learning approach can be easily adapted to different types of
outcomes to achieve the optimal performance depending on the purpose.
The most important variables in the model were wind patterns at different altitudes, indicating
the critical influence of meteorological conditions on the vertical distribution of smoke. In this
study the smoke observed by CALIPSO could have been at any stage in the dispersion process
(initial emission, local dispersion, or regional transport) because the smoke-impacted data blocks
were not causally associated with specific fires prior to analysis. In fact, only 73 out of the 15617
observations were within 10 km of the closest MODIS detected fire, suggesting that most of the
smoke was observed during downwind dispersion instead of initial emission. It follows that
atmospheric conditions are more influential than fire intensity in our model, which is not
consistent with previous studies focusing only on initial injection height (81, 82). Another
contributor to the difference between this study and the previous studies might be that we
modeled the minimum height of the smoke layer, while most previous studies modeled the
average or the maximum height. The Month variable may be important because it reflects
seasonal changes in both fire behavior and meteorological conditions.
Our dataset included much larger proportion of observations made during nighttime overpasses
compared with daytime overpasses (Table 2.1). This seems inconsistent with previous studies
that found that either (1) fire intensity and smoke emissions peaked during the day (27, 175,
176), or (2) there was no obvious diurnal cycle during extreme forest fire events (166). However,
this imbalance between nighttime and daytime smoke observations has also been reported by
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other studies using CALIPSO data (177), and might be attributable to differences in data quality
between the nighttime and daytime products. Backscatter retrieval during daytime is
substantially influenced by solar background light, resulting in sub-optimal data quality in the
subsequent high-level products, such as feature classification (178). Because we included smoke
observations flagged with high data quality, a larger proportion of daytime data may have been
omitted.
Although the random forests approach offers good predictive power, the interpretability of
models is limited when compared with general linear regression. It is difficult to illustrate the
relationship between the predictors and the outcome within the model. The partial dependence
plot (179) is a common way to investigate that relationship in random forests, where the
marginal effect of a single predictor is shown by averaging the model predictions at each value
of the predictor. Partial dependence plots (Figure 2.4) for our model show some intuitive
relationships. For example, the minimum height tends to be lower when wind speed is small,
indicating more stable atmospheric conditions. However, these plots cannot depict any highdimensional interactions between predictive variables in the model (179) and any interpretation
should be cautious.
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Figure 2.4 Partial dependence plots for minimum height model.
These plots show the marginal effects of variables on predicting minimum height of the smoke, arranged in order of
variable importance. The x-axis indicates the values of the predictive variables, and the y-axis displays the average
Minimum Height of smoke observations corresponding to each value of the predictive variable.
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We imagine the results from this model being applied in three different ways. First, they could be
directly applied to existing smoke-related remote sensing products to provide another dimension
of information on ground-level impacts. For example, the widely used Hazard Mapping System
produces smoke plume outlines drawn by trained analysts after considering images from multiple
satellites near real-time (180). Our predictive model could add another layer to these data and
give the users a perspective on the relevance of the smoke in terms of population exposure
(Figure 2.5). Second, the model predictions or the variables in the model could be incorporated
into operational empirical models such OSSEM, which estimate or forecast ground-level smoke
concentrations using remote sensing data as the primary input. Several these models have been
developed over the past few years (42, 71, 96), and better information about smoke plume height
may improve their performance for public health and other applications. Finally, the predictions
can be used to validate or calibrate the estimates of injection height or downwind vertical
distribution from deterministic models such as BlueSky and FireWork.
There are several limitations with this study. First, the model included some meteorological
variables that are readily accessible in near-real-time, but we were unable to account for the
complete temporal and spatial aspects of atmospheric transport processes. However, the high
predictive power, simplicity of the modelling procedure, and easy access to the variables suggest
that it can be valuable for operational purposes and that it can complement conventional
modelling efforts. This approach is especially useful when resources and expertise are lacking to
develop and maintain a complex deterministic smoke model. It can also provide valuable
information from a purely data-driven perspective when our current understanding is limited or
inconclusive on some physical processes of smoke emission and transport. Second, the
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CALIPSO vertical feature mask product has associated uncertainties and errors. Any error in its
aerosol or smoke classifications would be translated into the minimum height estimates, and thus
propagated into our final model. However, several studies have suggested reasonable
performance of the CALIPSO classification algorithm, where the rate of correctly distinguishing
aerosols and clouds is approximately 90%, with occasional misclassification of dense smoke as
cloud (155, 181). Third, we used the minimum height of any aerosol in the smoke-impacted data
blocks as the minimum height of the smoke, regardless of its subtype classification. The
assumption that this aerosol included smoke may not have been valid in all cases, and thus may
have biased our minimum height estimates. However, this decision affected only 15% of the
observations used in the model, and excluding these observations resulted in a similar model
with respect to variance explained and variable importance ranking. Fourth, the training data
were restricted to smoke observations with MODIS fires detected within 500 km, so the model
could not account for smoke from continental transport or for smoke from small fires,
smoldering fires, or fires not detected by MODIS. Although BC has been affected by smoke
from continental transport, a recent study reported that most smoke in the province originated
from fires in the province (182). Small fires have always posed a challenge to models that rely on
remote sensing data, but recent developments in fire detection instruments and algorithms may
address this limitation in the near future (183). The limitations of MODIS fire detection could
also affect the quality of the variables involving FRP in this study. Finally, by using remote
sensing data to identify fires, we could not distinguish between different types of landscape fires,
such as forest fires and pile burning, which might have different dynamics with respect to smoke
emissions and dispersion. Hazard reduction burning of waste wood from the forest sector is
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common in the province, especially in the early spring and late fall, and the air quality impacts
can be pronounced under some conditions (184).

Figure 2.5 Illustration of potential application of the minimum height model.
The three smoke plumes outlines (1, 2, and 3) from the Hazard Mapping System on July 6, 2015, can be combined
with the minimum smoke height model estimates to better contextualize the vertical profile. The grey line indicates
the boundary of British Columbia.

We have presented a statistical model to estimate the minimum height of forest fire smoke in the
atmosphere using data on fire activity, geographic location, and meteorology. The model
estimates can be used to improve the relevance of operational smoke-related remote sensing
products and statistical or deterministic models intended for population exposure assessment.
The machine learning approach performed well, and could easily be applied in other smokeaffected regions or for predicting other measures of the vertical distribution, such as binary
indicators of smoke within the surface layer.
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Chapter 3: A machine learning approach to estimate hourly exposure to fine
particulate matter for urban, rural, and remote populations during wildfire
seasons
3.1

Introduction

To study the health effects of sub-daily exposure to wildfire smoke, there is a need to assess
population exposure at high spatial and temporal resolutions. The Optimized Statistical Smoke
Exposure Model (OSSEM) is an empirical model previously developed to estimate 24-hour
average concentrations of fine particulate matter (PM2.5) for the entire population of British
Columbia (BC). It applied linear regression to integrate data from multiple sources, including
remote sensing images of fire and smoke, routine air quality monitoring, and meteorological
models (42). It has been operationalized for public health surveillance since 2012 (98). Here, an
expansion of the 24-hour model (OSSEM-24h) is developed to build a 1-hour model (OSSEM1h) that estimates PM2.5 exposures for the same population at the same resolution using more
advanced statistical modeling techniques and data sources with higher temporal resolution. The
study in Chapter 2 provided a thorough assessment of factors associated with the presence of
smoke at the surface level, where populations are exposed, and identified relevant variables for
this work. The OSSEM-1h model will be useful for conducting epidemiologic studies on subdaily exposure to wildfire smoke, as well as informing public health actions if operationalized in
near-real-time.
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3.2
3.2.1

Methods
Data sources and variables

The following data sources were used to derive the response variable and potentially predictive
variables for the OSSEM-1h model, based on previous work to develop the OSSEM-24h (42)
and vertical height models in Chapter 2. The spatial resolutions of the input datasets described
below varied between 1 and 50 km, so a prediction grid with a resolution of 5 km2 was created for

the province. Values for each of the potentially predictive variables were assigned to each cell. If
more than one value was available for a single cell, the mean value was assigned for continuous
variables and the closest value to the cell centroid was assigned for categorical variables. If no
value was available within a cell, the value closest to the cell centroid was assigned.
PM2.5 measurements: We obtained 1-hour average PM2.5 measurements from 72 air quality
monitoring stations from the Provincial Air Data Archive Website maintained by the BC
Ministry of Environment and Climate Change Strategy. The total number of 1-hour observations
available at each station during the study period ranged from 2263 to 19325 out of the 26352
hours. These 1-hour average data were used as the PM 1-hour response variable for model
training, as well as the observations against which we compared the predictions for model
evaluation. The response variable PM 1-hour was log-transformed due to its right-skewed
distribution. The calendar month of the observation (Month) was included as a potentially
predictive variable based on results in Chapter 2.
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Ecozone: The provincial digital Biogeoclimatic Ecosystem Classification map (Version 10.0)
was obtained from the GeoBC Data Discovery Service. The province was classified into 16
ecozones named by the major vegetation species present in each (Figure 3.1), which have similar
growing conditions due to a broad, homogeneous macroclimate (185, 186). While not temporally
variable over the study period, these data may indicate how smoke emissions factors vary by fuel
type and climate (50, 187-189). The potentially predictive variable Ecozone was assigned to each
grid cell as the ecozone of the nearest fire.

Figure 3.1 Areal extent of Biogeoclimatic Zones in British Columbia.
This figure shows the percentage of area of each type of Biogeoclimatic Zones in BC, reported by Austin et al. in
2008 (190).

58

Fire activity: Data from the Moderate Resolution Spectroradiometer (MODIS) instruments
aboard the polar orbit Aqua and Terra satellites were used to assign fire locations and intensity.
Fire locations were taken as the centroids of all 1 km by 1 km fire pixels identified in the active
fire product (MCD14ML, Collection 6), and fire intensities were approximated by the fire
radiative power (FRP) variable. Because these two satellites only passed over the study area four
times daily, information was not available for every hour. As a result, hotspots caused by
presumed vegetation fires observed within the 12-hour window before or after the 1-hour
prediction period were rasterized to the prediction grid cells. Five potentially predictive variables
were derived from these data (Table 3.1): (1) FRP Within 500km as summed FRP values for all
fires within 500 km of the grid cell; (2) Closest FRP Cluster as the summed FRP value for the
closest fire cluster, where a cluster was defined as any group of grid cells with fire detections that
shared any boundaries using the Queen’s case criterion (167); (3) IDW FRP as the inverse
distance weighted (IDW) average to the centroids of all fires within 500 km, which would reflect
larger impacts from closer fires; and (4) Minimum Fire Distance as the distance to the nearest
detected fire; and (5) Fire Direction as the direction in degrees bearing from the grid cell to the
nearest fire. More details on the derivation of these variables can be found in Chapter 2 (191).
Meteorology: Hourly meteorological information was retrieved from the NASA Modern Era
Retrospective-analysis for Research and Applications (MERRA) program, available at a spatial
resolution of 2/3-degree longitude by 1/2-degree latitude. We used these data to generate
potentially predictive variables for the planetary boundary layer height (PBLH) and the eastward
and northward wind components at 50 m above the surface (E50m, N50m). We also extracted
eastward and northward winds at the 500 hPa (E500hPa, N500hPa) and 250 hPa (E250hPa,
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N250hPa) pressure levels. These variables were predictive of the dispersion of wildfire smoke in
previous studies (96, 191). More details about these variables can be found in Chapter 2 (191).
Elevation: The average elevation of the grid cell was calculated using data from the GTOPO30
product from the US Geological Survey Earth Resources Observation and Science Center. This
is a global digital elevation model with a horizontal grid spacing of approximately 1km by 1km.
3.2.2
3.2.2.1

Model building and evaluation
Data reduction

Given the large number of 1-hour PM2.5 observations available, using all observations for the
modeling would be computationally expensive. In addition, a large proportion of the
observations reflect low, background PM2.5 concentrations, which are not suited to the objective
of modeling the air quality impacts of wildfire smoke. In consideration of these factors, we chose
to train and evaluate OSSEM-1h using a reduced dataset. This included all observations with
PM2.5 concentration > 15 µg/m3, approximately the 95th percentile of all 1-hour PM2.5
observations, and twice as many randomly-selected observations with PM2.5 concentrations  15
µg/m3 (Figure 3.2).
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Table 3.1 Data sources and variables for OSSEM-1h.

Variable

Description

Data source

Response variable
PM 1-hour

1-hour PM2.5 from 72 monitoring stations BC Ministry of Environment

Potentially predictive variables
Month

Categorical variable indicating the
calendar month

Ecozone

Ecozone from the Biogeoclimatic
Ecosystem Classification map, where the
closest fire is observed

BC Ministry of Forests and
Range

FRP Within
500km

Summed fire radiative power (FRP) for
all fire within 500 km

Closest FRP

Summed FRP for the closest fire cluster

IDW FRP

The inverse distance weighted averaged
FRP for fire within 500 km

US National Aeronautics and
Space Administration (NASA)
data from the Moderate
Resolution Imaging
Spectroradiometer (MODIS)

Minimum Fire
Distance

Distance to the closest fire

Fire Direction

Direction as degrees bearing to the
closest fire

PBLH

Planetary boundary layer height above
land surface

E50m

Eastward wind at 50 meters above
surface

N50m

Northward wind at 50 meters above
surface

E500hPa

Eastward wind at 500 hPa pressure level

N500hPa

Northward wind at 500 hPa pressure
level

E250hPa

Eastward wind at 250 hPa pressure level

N250hPa

Northward wind at 250 hPa pressure
level

Elevation

Elevation of the land surface above sea
level

NASA Modern Era
Retrospective-analysis for
Research and Applications
(MERRA) program

US Geological Survey Earth
Resources Observation and
Science Center
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Figure 3.2 Flowchart of data reduction for OSSEM-1h model training.

3.2.2.2

Model training and out-of-bag evaluation

The reduced data were fitted with a Random Forests model, which is an ensemble of regression
trees (108). Each tree was trained with a random subset of the predictive variables on a random
subset of the reduced data. We constructed the Random Forests models with a total of 500 trees
using five predictive variables in each tree. To evaluate the model performance, predictions were
made with the unsampled data from each tree, otherwise known as the “out-of-bag” data.
Because a single observation could fall into the out-of-bag subset multiple times, all values
predicted for the same PM 1-hour observation were averaged to obtain the final out-of-bag
prediction. Four statistics were calculated to compare the out-of-bag predictions against the
observations: (1) Pearson’s correlation coefficient; (2) root mean squared error (RMSE); (3)
mean fractional bias (MFB); and (4) mean fractional error (MFE) (Table 3.2). The out-of-bag
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predictions were also examined on days with different fire activity levels. The provincial sum of
FRP was calculated for each day of the study period, and days with FRP in <40 percentile, 40-80
percentile and >80 percentile were categorized as low, moderate and high fire days, respectively.
Out-of-bag predictions from the model were compared with observations stratified by these
groupings.
Table 3.2 Statistics used for evaluation of the OSSEM-1h model.
These statistics evaluate the model predicted values (P) compared with the observations (O) over the entire dataset
(n).

Statistics
Pearson’s correlation coefficient (r)
Root mean squared error (RMSE)

Equation
r=

Range

𝑛 ∑ 𝑃𝑂−∑ 𝑂 ∑ 𝑃
√[𝑛 ∑ 𝑂 2 −(∑ 𝑂)2 ][𝑛 ∑ 𝑃 2 −(∑ 𝑃)2 ]
∑(𝑃−𝑂)2

RMSE = √
1

Mean fractional bias (MFB)

MFB = 𝑛 ∑

Mean fractions error (MFE)

MFE =

1
𝑛

∑

𝑛
(𝑃−𝑂)
𝑃+𝑂
)
2

(

|𝑃−𝑂|
𝑃+𝑂
)
2

(

[-1, 1]
[0, +∞]
[-200%, 200%]
[0, 200%]

The importance of each model variable was assessed by generating a random permutation of the
variable, calculating the increase in model prediction error with the new values, and comparing it
with the error in the model that used the real values. If a variable is important for prediction, the
error will be dramatically increased when that variable is replaced with random values. A
backward variable selection process was used based on variable importance. If a reduced model
without the least important variable performed better or the same as the full model in out-of-bag
prediction, that variable would be permanently removed from the final model. Otherwise, the
variable would be kept, and the full model was regarded as the final model.
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3.2.2.3

Leave-region-out cross-validation

To further test the model performance in areas away from the locations of the training data, a
leave-region-out cross-validation was conducted. For the 72 monitoring stations used in the
study, those within 50km of each other were clustered as a regional group. The 50km criterion
was chosen based on a previous study that found the median distance from the populated grid
cells of the model to the nearest monitor was approximately 50km (42). The clustering produced
a total of 30 groups, each of which included 1-4 stations, except for the regional group in the
greater Vancouver area, where 13 stations were clustered into one group. We then trained 16
models, 15 of which excluded data from a random selection of two regional groups, and one of
which excluded data from the greater Vancouver regional group. Then we used the models to
make predictions for the excluded stations. Using this spatial cross-validation design, we were
able to test model performance when none of the training stations were within 50km of the
testing locations. The same four evaluation statistics (Table 3.2) were calculated for each station
and overall.
3.2.2.4

Case studies

In addition to the province-wide quantitative evaluation, the final model was qualitatively
evaluated using two case studies. The first one examined an extreme fire and smoke event that
occurred in August 2010 across the central interior region of BC (28), which is frequently
affected by seasonal wildfires and smoke (54) (Figure 3.3). The second one focused on the
southwestern region around greater Vancouver, where more than half of the population of the
province resides (Figure 3.3). This region was more moderately impacted by smoke from
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wildfires burning north of the area in early July 2015 (192). The monitoring stations used for
evaluation in these case studies were chosen to represent impacts from the smoke events at
different extents and timing. Predictions were made for populated grid cells (Figure 3.3) in the
case study area during the case study period.

Figure 3.3 Map of British Columbia, Canada.
Grey squares indicate grid cells that cover the populated areas in the province, where predictions from the model are
made. Orange crosses indicate large fires with high radiative power (>1000 MW) that occurred during the study
period (2010-2015). The box with the dashed line indicates the central interior region for case study 1, while the box
with solid line indicates the area for case study 2, which included the greater Vancouver area. The locations of the
monitoring stations presented in case studies are also labeled. Base map data source: BC Stats and BC Ministry of
Health
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3.2.3
3.2.3.1

Sensitivity analysis
Inclusion of PM lag 24-hour

The OSSEM-24h model included PM2.5 concentrations from the previous day as its most
important predictor (42), but this limits its utility in areas without dense monitoring networks.
Here we chose to exclude lagged PM2.5 concentrations from the main analyses, but to evaluate in
a sensitivity analysis whether we could achieve a better model with these data. The 24-hour
average of the PM2.5 concentrations on each day were calculated using the 1-hour data. The
values from the closest stations on the previous day were assigned to grid cells as the potentially
predictive variable PM Lag 24-hour, to describe the general air quality in the time before the
prediction was made. Evaluation statistics were calculated for out-of-bag predictions from model
with PM Lag 24-hour and compared with those from the primary model.
3.2.3.2

Inclusion of GOES AOD

We originally intended to use the aerosol optical depth (AOD) product from the Geostationary
Operational Environmental Satellite (GOES) West as a potentially predictive variable, because it
was the only AOD product available at the timescale relevant to OSSEM-1h. These data are
available at a 30-minute interval and 4 km X 4 km spatial resolution during the sunlit portion of
the day, and have been correlated with ground-level PM2.5 concentrations in previous studies (96,
193-195). However, the variable was omitted because a large proportion (64%) of the data were
missing. Given that MODIS AOD was an important contributor to OSSEM-24h, we tested
OSSEM-1h models developed with and without GOES AOD using the subset of available data.
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We applied the cloud filter provided with the product to remove invalid retrievals and assigned
the average of the two retrievals for each hour to the prediction grid. If the value at a grid cell
was missing or invalid, the value from the closest cell with valid value within 50km was
assigned, which was the same approach used for OSSEM-24h (42).
3.3

Results

There were 789,337 1-hour observations with complete information for the response variable and
all potentially predictive variables, among which 31,688 (4%) had PM2.5 concentrations higher
than 15 µg/m3. The PM2.5 observations had a median [25%ile, 75%ile] of 4 [2, 7] µg/m3. After
the sampling procedure (Figure 3.2), a reduced dataset of 95,064 observations was used to train
the final model. The PM2.5 observations in the reduced data had a median of 6 [3, 17] µg/m3.
The final model included all 15 potentially predictive variables after the backward selection
process. The eastward wind component at 50 m above surface (E50m) was the most important
variable in the model, followed by Ecozone of the closest fire and other meteorological variables,
and FRP Within 500km, which reflected the intensity of fire activity in area (Figure 3.4). The
final model had an overall correlation of 0.93, RMSE of 9.34 µg/m3, MFB of -0.68%, and MFE
of 45% between the out-of-bag predictions and observations. Some of the evaluation statistics
were influenced by data reduction, where low PM2.5 values were under-represented relative to
the entire distribution (Figure 3.2). When we applied the model to make predictions to the
complete dataset (789,337 observations), the predictions had an overall correlation of 0.94,
RMSE of 3.2 µg/m3, MFB of -15.1%, and MFE of 44.7% compared with observations. The
model performed best on days with high fire activity (r = 0.94), compared with moderate fire
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activity (r = 0.90) and low fire activity (r = 0.77). The model tended to underestimate observed
concentrations in all of these categories (Figure 3.5).

Figure 3.4 Variable importance plot for the OSSEM-1h model.
Variable importance is ranked by the normalized percent increase in mean squared errors comparing the predictions
from the model with the actual values of the variable and the model with the permutated values of the variable.
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Figure 3.5 OSSEM-1h model performance stratified by fire activity.
These scatterplots compare the out-of-bag predictions from the OSSEM-1h model against observations on days with
low, moderate and high fire activity in the province. Red line indicates the 1:1 relationship.
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Figure 3.6 Spatial distribution of evaluation statistics for OSSEM-1h model.
The (a) correlation (r), (b) root mean squared error (RMSE), (c) mean fractional bias (MFB), and (d) mean fractional
error (MFE) between model predictions and observations in the leave-region-out cross-validation. The dashed box
indicates the central interior area in case study 1, and the solid box with inset indicate the area in case study 2, which
includes greater Vancouver. Base map data source: BC Stats and BC Ministry of Health

The leave-region-out cross-validation resulted in an overall correlation of 0.60 between
predictions and observations. Station-specific correlations ranged from -0.09 to 0.86, with an
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interquartile range from 0.48 to 0.70. Some spatial patterns were observed in the distribution of
the performance statistics across different stations (Figure 3.6). The model performed well
around the greater Vancouver region with high correlations, low RMSE and MFE, and MFB
close to zero. Stations in the central interior region also had high correlations, but they tended
have large RMSE, negative MFB, and high MFE values (Figure 3.6). This may have been due to
the higher PM2.5 concentrations and thus larger variability in the central interior region compared
with the greater Vancouver region. Stations with fewer observations and lower variability tended
to have lower correlation: all stations with correlation below 0.3 had < 500 observations and a
PM2.5 interquartile range (IQR) of < 6 µg/m3, compared with the median of 1326 observations
and 12 µg/m3 IQR among all stations.
3.3.1

Case study 1

Several large wildfires began burning near Williams Lake (Figure 3.3) in the central interior
region on 28 July 2010. These fires remained partially contained until 17 August 2010, when a
wind event caused rapid fire growth and wide smoke dispersion across the region. Three of the
PM2.5 monitoring stations in the area had distinctly different time series of observed 1-hour
concentrations between 17 and 19 August 2010, which were generally well-predicted by
OSSEM-1h (Figure 3.7 a-c). However, the model tended to overestimate when PM2.5
concentrations were low and to underestimate when PM2.5 concentrations were high. The spatial
distribution of OSSEM-1h predictions reflected the rapid dispersion of smoke from Williams
Lake to the surrounding area farther and farther removed from the fires (Figure 3.7 e-f).
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3.3.2

Case study 2

Starting 5 July 2015, the greater Vancouver area was affected by smoke from multiple fires at
the north of the case study boundary (Figure 3.3). The 24-hour averaged PM2.5 concentrations
across greater Vancouver were elevated over the provincial air quality objective (25 µg/m3) for
multiple days, which is rare for the region. Stations in both Squamish and Chilliwack observed
significant elevations in PM2.5 concentrations, but with the peaks occurring at different times,
while the Colwood station observed limited impacts (Figure 3.8). Similar to Case Study 1,
OSSEM-1h predictions generally agreed well with observed 1-hour PM2.5 concentrations but
consistently underestimated the high concentrations (Figure 3.8).
3.3.3

Sensitivity analyses

The model including the PM Lag 24-hour variable had a correlation of 0.93, RMSE of 9.41
µg/m3, MFB of -0.23%, and MFE of 44% between the out-of-bag predictions and observations.
The correlations on days with high, moderate and low fire activity were 0.94, 0.98 and 0.76,
respectively. This performance was very similar to the performance of the primary model
without PM Lag 24-hour.
There were 245,464 1-hour observations available across 66 monitoring stations with complete
data for GOES AOD and all other predictive variables. Using the same approach described
previously (Figure 3.2), 34,758 observations were sampled to train the models with and without
AOD. The distribution of the PM2.5 observations in this subset of data was similar to that of the
full reduced dataset, with a median of 7 [3, 17] µg/m3. The out-of-bag predictions made with the
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model including AOD had a correlation of 0.90, RMSE of 10.7 µg/m3, MFB of 0.12% and MFE
of 46% when compared with observations, while the model excluding AOD had a correlation of
0.91, RMSE of 9.7 µg/m3, MFB of 0.01% and MFE of 45%.
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Figure 3.7 Illustration of OSSEM-1h performance in Case study 1.
On the left, the time series of 1-hour PM2.5 model predictions (grey bars) are compared with observations (black
line) at monitoring stations in (a) Williams Lake, (b) Prince George, and (c) Burns Lake from 17 – 19 August 2010.
The maps on the right show model predictions at (d) 17:00 on 17 August, (e) 10:00 on 18 August, and (f) 17:00 on
18 August in all populated grid cells. The time points correlating to the right-hand panels are labeled on each of the
time series plots (color coded), and the locations correlating to the left-hand panels are labeled on each of the maps.
Base map data: Google.
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Figure 3.8 Illustration of OSSEM-1h performance in Case study 2.
On the left, the time series of PM2.5 model predictions (grey bars) are compared with observations (black line) at
monitoring stations at (a) Chilliwack, (b) Colwood, and (c) Squamish from 05 – 07 July 2015. Maps on the right
show model predictions at (d) 00:00 on 06 July 6, (e) 10:00 on 06 July, and (f) 05:00 on 07 July in all populated grid
cells. The time points correlating to the right-hand panels are labeled on each of the time series plots (color coded),
and the locations correlating to the left-hand panels are labeled on each of the maps. Base map data: Google.
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3.4

Discussion

A statistical model was developed to estimate 1-hour PM2.5 concentrations at 5 km2 resolution
during wildfire seasons over the entire province of BC, Canada using a Random Forests model
and multiple data sources. The two case studies also showed that the model identified the
temporal and spatial peaks in smoke exposures. Predictions from the final model had a high
correlation with observations, while spatial cross-validation revealed some variability in
prediction performance. Overall, the model performed best closer to the coast, especially around
the densely populated greater Vancouver area, where concentrations were generally lower.
Although correlations remained high in the interior region, the error and bias were increased
further from the coast. To the best of our knowledge, this is the first statistical model developed
for smoke-related PM2.5 at a temporal resolution of 1-hour.
All other models that produce 1-hour estimates of smoke-related PM2.5 use a deterministic
approach. One example is the BlueSky framework, which is an operational smoke forecasting
system run in both the US and Canada. An evaluation of BlueSky performance at the 1-hour
resolution in California reported MFB values of −84.4% and −1.3% and MFE values of 100.8%
and 91.8% for two case studies (95). Another example is the FireWork forecasting system
developed by Environment Canada. An evaluation of its performance during the 2015 fire season
found a correlation of 0.49 and RMSE of 18 µg/m3 compared with observations in western
Canada (77). Although the evaluation statistics for BlueSky and FireWork were less favorable
than OSSEM-1hr, these modeling systems were forecasting hours ahead of time while the
OSSEM-1hr model was retrospectively estimating concentrations using already-observed data.
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Deterministic and statistical models have been developed to estimate 1-hour PM2.5 concentrations
due to sources other than wildfire smoke. One study examined the PM2.5 estimates from ten
deterministic air quality modeling systems in regions of North America and Europe in 2006 and
found that their correlations with observations were between 0.53 and 0.66 (196). On the other
hand, a statistical regression model with remote sensing data built for southern Ontario, Canada
resulted in a correlation of 0.81 (197) in 2004, while a neural network coupled with K-mean
clustering approach developed in Auckland, New Zealand, had a correlation of 0.79 (198)
between 2008 and 2011. The out-of-bag evaluation suggests that OSSEM-1hr performed well
compared with these models, possibly due to the large training dataset, the choice of modeling
approach, the selection of relevant predictive variables, and the difference in distribution of
observations included in the analysis. The leave-region-out cross-validation analysis showed that
model performance can vary when applied to areas more than 50 km from the locations of the
training data. However, the model can still provide reasonable estimates for most of the exposed
population in BC, because 80% of people reside within 10 km of a monitoring station (42).
The inclusion of PM2.5 measurements from the previous day as a potentially predictive variable
did not improve the model performance in the out-of-bag evaluation, suggesting the potential of
the model to be applied in regions without large air quality monitoring networks. When the data
were subset to observations for which there were complete AOD data, the inclusion of AOD did
not improve the model performance. This was surprising, given the importance of AOD in
previously-developed 24-hour models (96, 193, 195). However, there are several factors to
consider. First, the quality of the GOES AOD data used here may be affected by the location of
the study area, where the larger solar zenith angle at high latitude can lead to larger bias in AOD
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retrieval (199). In addition, BC is at edge of the GOES-West image swath, and the larger satellite
viewing angle results in a larger scattering angle, which relates to larger bias compared with data
retrieved at the centre of the image (200). Second, the standard cloud filter from the product may
not be appropriate for the study period because heavy smoke may have been incorrectly
classified as cloud (96). Previous studies have shown that a less restrictive cloud filter derived
from local estimates of surface brightness could improve the utility of AOD products from other
satellites during smoke events (201, 202). Third, the mountainous terrain in the province may
result in more smoke aloft, leading to lower correlation between satellite AOD and surface
concentrations. Fourth, the variables used to represent fire activity and meteorological conditions
may adequately explain the response variable in the absence of AOD, leaving little room for
improvement.
The OSSEM-1h model has some unique strengths. First, all data sources are publicly available
and easy to acquire. Second, most of the data have global coverage such that these methods
could be locally adapted and expanded to other parts of the world, and could be especially useful
in fire-affected areas without sufficient PM2.5 data from existing air quality monitoring networks.
Third, the simplicity of the model makes it relatively straightforward to operationalize for nearreal-time surveillance. Finally, OSSEM-1hr could also serve as a tool for more spatially
comprehensive evaluation of smoke forecasting models.
The OSSEM-1h model also has some important limitations. First, errors and uncertainty in the
measurement of the predictive variables, such as those from satellite data retrieval or
meteorological modeling, will be inherited by the model, affecting the model performance.
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Second, the fire activity information is currently retrieved from MODIS, which is not updated
hourly. As a result, the fire information fed into the model may not reflect the situation at the
exact hour of prediction, especially when fire behavior is changing rapidly or there is active and
effective effort to suppress fires. We did explore the possibility of using the GOES fire product,
which is updated every 30 minutes, but the fire detection sensitivity is affected by the low spatial
resolution (203) and FRP measurements are not available in the archived data. However, the
launch of the GOES-R series of geostationary satellites since 2016 is expected to improve the
capacity of fire detection, potentially useful for developing similar models in the future. The
imaging instrument aboard of these satellites can provide three times more spectral information,
four times the spatial resolution, and more than five times faster temporal coverage than the
previous system (204). Third, this approach cannot fully account for smoke generated well
beyond the BC study area. Although smoke can travel to BC from other regions, especially the
western United States and Siberia, a recent study found that most smoke affecting the province
originated from fires within the province (182). Fourth, while the machine learning approach can
make good estimates of the response variable, the precise nature of the relationships between the
response and predictive variables are impossible to ascertain. As such, users must simply trust
the output in context of its performance, in the absence of specific information about the model
structure. In addition, the model output may not be interpreted with the physical process of
smoke dispersion. Finally, the model selection process based on variable importance may not be
adequate to select the optimal model, as the permutation-based variable importance calculation
may be influenced by correlated variables in the model (205).
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The OSSEM-1h model presented here can be used to temporally resolved estimates of
population exposure to PM2.5 during episodes of wildfire smoke. These can be useful for
epidemiologic studies on the very acute health effects of sub-daily exposure, given health
outcome measures with sub-daily time stamps such as ambulance dispatch data (26, 147). It can
also be used as a tool for public health surveillance of the exposure in near-real-time, which can
be used inform timely actions to mitigate the adverse population health impacts of wildfire
smoke exposure.
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Chapter 4: Association between sub-daily exposure to fine particulate matter
and ambulance dispatches during wildfire seasons
4.1

Introduction

The first challenge of assessing population exposure at high temporal and spatial resolution was
addressed in Chapter 3. The second challenge is to examine the health effects of these exposures
using British Columbia (BC) ambulance dispatch data, which uniquely provide the exact time
and location of emergency health events. Linking the ambulance dispatch data with subsequent
paramedic reports and hospital admissions allows more complete examination of the relationship
between wildfire smoke and all ambulances dispatches, as well as those subsets most likely to be
due to cardiovascular, respiratory, and diabetic conditions.
4.2
4.2.1

Methods
Health outcome data

We obtained data for all emergency ambulance dispatches during the study period from BC
Emergency Health Services, which is the sole provider of ambulance and emergency health
services across the province. The data included the date and time of the call, geographic
coordinates of the event, and the reason for the call recorded as one of 33 codes (Appendix B.1)
assigned by the dispatcher using the Medical Priority Dispatch System (MPDS). The MPDS is a
standardized set of protocols produced by the International Academies of Emergency Dispatch
(IAED). Calls without a dispatch location or calls from callers who made more than four calls
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during the study period (5% of all unique callers) were excluded (Figure 4.1). The latter was
done to minimize the occurrence of multiple calls within a short period of time, which may
violate the assumption in a case-crossover study. If there were multiple calls from the same caller
within a 24-hour period, only the first call was included in the analysis.
Each call in the dispatch database was provided with a linked patient care report as completed by
the attending paramedics. Key information retrieved from these reports included the Personal
Health Number (PHN, a lifetime unique identifier for health care in the province), the age and
sex of the patient, and any assessment of medical conditions by the paramedics, assigned as one
of the 180 Paramedic Impression (PI) codes (Appendix B.2). Although each patient had a care
report, not all patients had an impression code as it is not a mandatory field for the paramedics to
fill in.
We also obtained hospital discharge data from the BC Ministry of Health (206), which included
the date of hospital admission and the primary diagnosis, coded according to the International
Classification of Diseases, 10th Revision (ICD-10). The primary diagnosis reflects the primary
reason for the total length of the hospital stay, and so may or may not reflect the initial reason for
admission. Hospital diagnoses were included if they linked to a dispatch call by PHN if (1) the
admission occurred within a 7-day period of the ambulance dispatch; and (2) it was the
admission closest to the date of the dispatch for cases where multiple admissions were found
within the 7-day period.
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Figure 4.1 Flowchart of analytic data selection.

Given this chain of data linkage, we could have up to three measures of health outcome for each
dispatch call: (1) the MPDS code assigned by the dispatcher at the call centre (Ambulance
Dispatch); (2) the PI code assigned by the paramedics at the dispatched location (Paramedic
Assessment); and (3) the primary ICD-10 code associated with the hospital admission record
(Hospital Diagnosis). These three measures have different advantages and disadvantages for the
purposes of our study. The Ambulance Dispatch code was assigned to every single dispatch (no
missing data) and it was assessed at the time closest to the onset of the emergency event.
However, it was generally based on information self-reported by a lay caller and recorded as
broad categories of health problems. The Paramedic Assessment code was assigned by
professionals with medical training after a physical examination the patient, but the assessment
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can be constrained by time, equipment, and demand, and as noted is not available on every
record. The Hospital Diagnosis code provides the most robust medical assessment among the
three, but it was only available for the most severe cases (i.e. that were admitted), and it could be
made hours or even days after the initial call. Considering these different features, we decided to
first provide a summary of the relationship between these three measures to assess consistency,
and then to examine the dispatches related to cardiovascular, respiratory and diabetic conditions,
as identified by each of these three measures (Table 4.1).
4.2.2

Exposure assessment and assignment

Hourly exposures to fine particulate matter (PM2.5) during the study period for all subjects were
estimated with the 1-hour Optimized Statistical Smoke Exposure Model (OSSEM-1h) developed
in Chapter 3 (207). Exposure for each dispatch call was assigned based on the date and hour of
the call, as well as the dispatch location (latitude and longitude) which was matched to the
exposure model grid.
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Table 4.1 Definitions and number of cases for each health outcome measure.

Case groups

Definition

All

Number of Cases
676,401

Cause-specific cases identified by Ambulance Dispatch codes
based on the Medical Priority Dispatch System (MPDS)
Breathing Problems

MPDS = 6

46,277

Chest Pain

MPDS = 10

51,996

Arrest

MPDS = 9

3,527

Stroke

MPDS = 28

21,173

Heart Problems

MPDS = 19

12,039

Diabetic Problems

MPDS = 13

5,987

Cause-specific cases identified by Paramedic Assessment codes
based on Paramedic Impressions (PI)
Circulatory

PI starts with 08 or 1830

44,122

Respiratory

PI starts with 09

23,392

Stroke

PI = 0615

17,495

Asthma/COPD

PI = 0930

5,824

Myocardial Infarction

PI = 0860

1,724

Diabetic

PI = 0305 or 0315

4,722

Cause-specific cases identified by Hospital Diagnosis codes based on
International Classification of Diseases, 10th Revision (ICD-10)
Circulatory

ICD-10 = I00 to I99

37,078

Respiratory

ICD-10 = J00 to J99

22,038

Ischemic Heart Diseases

ICD-10 = I20 to I25

10,653

Stroke

ICD-10 = I60 to I69, G45, H341

10,373

Asthma/COPD

ICD-10 = J40 to J45

9,084

Lower Respiratory Infection

ICD-10 = J13 to J22

7,708

Diabetic

ICD-10 = E10 to E14

2,921
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4.2.3

Statistical analysis

A time-stratified case-crossover study design (208) was used to assess the association between
ambulance dispatches and estimated PM2.5 exposure during wildfire seasons. Exposure during
the case window was compared with exposures during a series of control windows. The case
window was defined as the hour immediately before the ambulance was dispatched, while the
control windows were defined as the same hour on the same day-of-week in the same calendar
month of the ambulance dispatch, to control for day-of-week effects and seasonal trends. Control
window exposures were assigned at the same location as the case window exposure. Using
conditional logistic regression, individual factors that do not vary over a short time period (i.e.
age, smoking status) can be controlled, because the exposures during the case and control
windows are compared within the same individual.
To examine the lag structure of the association between exposure and outcome, a distributed lag
non-linear model (DLNM) (209) was used. This type of model can simultaneously describe
complex exposure-response and lag-response relationships by combining the functions for both
relationships in the same model. This approach has been applied in studies on the acute health
effects of air pollution and ambient temperature (210-213). We allowed for delayed effects up to
48-hours (lag 1-48h) because most of previous studies using 24-hour average exposures to
wildfire smoke found the strongest association or best model fit at lags of 0 to 2 days (31, 54, 58,
62, 91, 214). A natural cubic B-spline with two or three degrees of freedom, depending on the
health outcome, was used for the lag-response relationship based on exploratory analyses to
minimize the Akaike Information Criterion (AIC). Other functions including polynomial
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functions and penalized splines, with varying degrees of freedom, were also tested to describe
the lag structure in the exploratory analyses, which produced similar results and less desirable
model fit compared with cubic splines based on AIC. Both the lag-specific and cumulative odds
ratios were calculated to evaluate the time course of the effect and the overall association,
respectively.
A linear exposure-response relationship was assumed in the analyses, after preliminary
evaluation of linear and non-linear options found the linear models fit the data best for most
health outcomes. This assumption could also simplify the presentation of the results, and allowed
us to focus on the lag-response relationship.
A sensitivity analysis was conducted with the subset of ambulance dispatches that were (1) not
linked hospital diagnosis, (2) linked to any hospital diagnosis, and (3) linked to hospital
diagnosis that categorically matched with the ambulance dispatch codes (Table 4.2). This
analysis was aimed to examine whether the lag-response relationship is different for cases of
different severity.
Table 4.2 Matched Hospital Diagnosis for Ambulance Dispatch codes.

Ambulance Dispatch Codes

Matched Hospital Diagnosis

Breathing Problems

ICD-10 = J00 to J99

Chest Pain

ICD-10 = I00 to I99

Arrest

ICD-10 = I00 to I99

Stroke

ICD-10 = I60 to I69, G45, H341

Heart Problems

ICD-10 = I00 to I99

Diabetic Problems
.

ICD-10 = E10 to E14
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All models were adjusted for the same-day and previous-day maximum apparent temperatures,
obtained from Environment and Climate Change Canada, using a natural cubic B-spline with
three degrees of freedom. All data preparation and statistical analyses were conducted using R
software (version 3.5.1). The dlnm package was used to fit DLNM (215). Cox regression with
Breslow ties was used to fit conditional logistic regression models, adopting the example code
provided in a previous publication (213). The study was approved by the Behavioural Research
Ethics Board at the University of British Columbia (H15-02269).
4.3

Results

A total of 676,401 dispatch calls from 500,302 unique individuals were included in the study,
among which 444,189 (65.7%) calls had a Paramedic Assessment code and 244,101 (36.1%)
calls were linked to Hospital Diagnosis codes (Figure 4.1). The mean (interquartile range) of
PM2.5 exposures during the case and control windows in the 1-hour window prior to dispatch
were 5.5 (3.1, 6.5) µg/m3 and 5.4 (3.0, 6.4) µg/m3, respectively. The mean of the maximum
apparent temperature on the case days and control days were 17.6 (13.5, 21.7) °C and 17.6 (13.4,
21.7) °C, respectively.
Paramedics arrived at the dispatched location within one hour of the call in 99% of the cases,
regardless of Paramedic Assessment code group. Hospital admissions occurred within the same
calendar day of the dispatch calls for 73% to 81% of cases, depending on the Hospital Diagnosis
code group.
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For each of the six Ambulance Dispatch codes groups (Table 4.1), 66% to 73% of the calls also
had a Paramedic Assessment code. For calls with the Ambulance Dispatch code Breathing
Problems, the most prevalent (45.8%) Paramedic Assessment code was Asthma/COPD or other
Respiratory conditions. Most of the calls with an Ambulance Dispatch code for Chest Pain,
Heart Problems, and Arrest (61.0%, 59.2% and 60.0%) had Paramedic Assessment codes for
Myocardial Infarction or other Circulatory conditions. On the other hand, only 44.2% of calls
with the Ambulance Dispatch code for Stroke had a Paramedic Assessment code for Stroke, and
only 51.2% of calls with an Ambulance Dispatch code for Diabetic Problems had the Paramedic
Assessment code for Diabetic (Figure 4.2A).
For each of the six Ambulance Dispatch codes groups assessed (Table 4.1), 24% to 52% were
linked to Hospital Diagnosis codes. Compared with the linkage between Ambulance Dispatch
and Paramedic Assessment codes, the linkage between Ambulance Dispatch and Hospital
Diagnosis codes had a larger proportion of cases in the Other Codes category (Figure 4.2B),
indicating a somewhat weaker correspondence. The strongest relationship was observed between
Paramedic Assessment codes and Hospital Diagnosis codes (Figure 4.2C). For example, there
were 14129 cases with a Paramedic Assessment code for Myocardial Infarction and a
subsequent hospital admission, of which almost 80% also had a Hospital Diagnosis code for
Ischemic Heart Disease, of which Myocardial Infarction was a primary subtype.
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Figure 4.2 Corresponding relationship between health outcome measures.
These figures show the distribution of (a) Paramedic Assessment code for each Ambulance Dispatch code; (b)
Hospital Diagnosis code for each Ambulance Dispatch code; (c) Hospital Diagnosis code for each Paramedic
Assessment code. Numbers at the top row indicate the number of calls included in the analysis and percentages at
the second row indicate the percentage of calls without missing data.
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The lag-response relationship varied by health outcome. There was a small increase in the odds
of any ambulance dispatch immediately following increased PM2.5 exposure (Figure 4.3). A
greater increase in the immediate effect was observed for respiratory conditions identified by the
Ambulance Dispatch code Breathing Problems and the Paramedic Assessment codes
Asthma/COPD and Respiratory. In all cases the increase was largest at the 1-hour lag interval.
However, the odds ratios for respiratory outcomes identified by the Hospital Diagnosis codes
(Respiratory, Asthma/COPD, and Lower Respiratory Infection) increased over time (Figure 4.4).
On the other hand, the Ambulance Dispatch codes for Chest Pain and Heart Problems did not
show any increase associated with PM2.5 exposure, but there was an immediate effect in the
Paramedic Assessment code for Myocardial Infarction and in the Hospital Diagnosis codes for
Ischemic Heart Disease. In addition, the Ambulance Dispatch code for Arrest suggests increased
risk over time (Figure 4.5). The lag-response relationship for Stroke varied by the outcome
measures: an immediate effect was observed in Ambulance Dispatch code, while the odds ratios
increased over time and became positive after 24-hours of exposure for the Paramedic
Assessment and Hospital Diagnosis codes (Figure 4.5). Finally, the odds of outcomes for the
Ambulance Dispatch and Paramedic Assessment codes for Diabetic conditions both began to
increase at approximately 24-hour after the exposure, but the same was not observed for the
Hospital Diagnosis codes (Figure 4.6).
Many outcomes reached their maximum cumulative odds ratios [95% confidence interval] at a
48-hour lag, including: 1.04 [1.01, 1.07] for the Ambulance Dispatch code Breathing Problems;
1.05 [1.00, 1.10] for the Hospital Diagnosis code Respiratory and 1.10 [1.01, 1.19] for Lower
Respiratory Infection; 1.07 [1.00, 1.15] for the Ambulance Dispatch code Diabetic Problems;
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and 1.10 [1.01, 1.20] for the Paramedic Assessment code Diabetic. On the other hand, the
Hospital Diagnosis code Ischemic Heart Disease reached a cumulative maximum of 1.07
[0.98,1.16] at a 24-hour lag, and the Paramedic Assessment codes for Myocardial Infarction and
Asthma/COPD both reached maximums of 1.19 [0.98, 1.44] and 1.10 [1.01, 1.20], respective, at
a 12-hour lag (Figure 4.4 – 4.6).
Results of the sensitivity analysis showed some interesting differences in lag-response
relationship for cases of different severity (Figure 4.7). For the Ambulance Dispatch code
Breathing Problems, the effect in cases without any hospital diagnosis was the largest in the first
hour after exposure and declined over time. However, the opposite trend was observed in cases
with matched Hospital Diagnosis. For Stroke, the elevated effect in the first few hours were not
observed in cases that had a matched Hospital Diagnosis, compared with those who did not.
Plausible explanations for these differences include: (1) cases that were more severe and thus
required hospital admission might take a longer time between exposure and the onset of the
conditions; and (2) cases in which the patients waited longer to call ambulance for medical
attention may lead to more severe outcomes. All results for calls with any linked Hospital
Diagnosis (the middle column in Figure 4.7) were null, possibly due to noise resulting from the
mix of different and non-specific reasons for the calls.
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Figure 4.3 Results for PM2.5 exposure and all ambulance dispatch calls during wildfire season
The plots show the lag-specific (red line) and cumulative (blue line) odds ratios for a 10 µg/m3 increase in PM2.5 for
all ambulance dispatch calls during wildfire season.

Figure 4.4 Results for PM2.5 exposure and respiratory health outcomes during wildfire season
These plots show the lag-specific (red line) and cumulative (blue line) odds ratios for a 10 µg/m 3 increase in PM2.5
for respiratory health outcomes during wildfire season. Panels are color coded by outcome measures.
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Figure 4.5 Results for PM2.5 exposure and circulatory health outcomes during wildfire season
These plots show lag-specific (red line) and cumulative (blue line) odds ratios for a 10 µg/m3 increase in PM2.5 for
circulatory health outcomes during wildfire season. Panels are color coded by outcome measures.
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Figure 4.6 Results for PM2.5 exposure and diabetic outcomes during wildfire season
These plots show lag-specific (red line) and cumulative (blue line) odds ratios for a 10 µg/m3 increase in PM2.5 for
diabetic outcomes during wildfire season. Panels are color coded by outcome measures.
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Figure 4.7 Results of lag-response relationship in sensitivity analysis with cases of different severity.
This figure shows the lag-response relationship for ambulance dispatches that were not linked to hospital diagnosis
(red), linked to any hospital diagnosis (green), and linked to hospital diagnosis that matched the dispatch codes
(blue).
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4.4

Discussion

In this study, we found that: (1) cause-specific Ambulance Dispatch codes matched to
subsequent Paramedic Assessment and Hospital Diagnosis codes agreed reasonably well,
providing more confidence in ambulance dispatches as a measure of health; (2) exposure to
elevated PM2.5 during wildfire seasons was associated with increased odds of ambulance
dispatches related to respiratory and cardiovascular conditions, and the strongest effects were
observed in the hour immediately after the exposure; and (3) exposure to elevated PM2.5 during
wildfire seasons was also associated with ambulance dispatches related to diabetic conditions,
with significant effects observed after a 24-hour lag in exposure.
The associations between respiratory outcomes and PM2.5 estimates were consistent with
previous reports. Studies using ambulance data in Australia found an association between daily
PM2.5 and breathing problems (RR=1.04, 95% CI 1.02 to 1.05) (147), as well as asthma/COPD
calls (OR = 1.06, 95% CI 1.01 to 1.11) (114), similar to the 24-hour and 48-hour cumulative
effects we report. These cumulative effects were also consistent with effects estimated for
respiratory medication dispensations (29, 54), physician visits (29), and hospital admissions (31)
from studies using daily PM2.5 measurements during wildfire events in the same region.
Increased airway inflammation and decreased lung function have been observed in children with
asthma and the elderly immediately following exposure to ambient PM2.5, with lagged effects
lasting from 5 to 12 hours (121-124). We also found an immediate increase in ambulance
dispatches for reparatory codes following exposure, with lagged effects lasting from 12 to 24
hours.
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Odds of myocardial infarction as measured by paramedic assessment were elevated immediately
following exposure, as were odds of ischemic heart disease as measured by hospital diagnosis.
Neither result was reported by the previous Australian study (114). However, a few studies using
a similar case-crossover design found immediate effects of similar magnitude for myocardial
infarction following exposure to elevated ambient PM2.5 (126, 129, 141, 142). Similar effects on
myocardial infarction have also been observed in epidemiologic studies with different designs as
well as experimental studies (119).
While previous studies have reported significant associations between out-of-hospital cardiac
arrests and wildfire smoke exposure (26, 147), we found elevated effects with wide confidence
intervals. Results from studies on ambient PM2.5 and out-of-hospital cardiac arrests have also
been inconsistent, where some found immediate effects following exposure (129, 144, 145) and
others found no association (137, 138, 140). These inconsistencies could be due to different risk
factors for cardiac arrest in different regions. For example, drug overdose was one of the major
paramedic assessments for cardiac/respiratory arrest calls in this study, but not in the Australian
study (147).
Although previous studies have found association between long-term exposure to PM2.5 and
diabetes incidence and prevalence (216, 217), few have looked at the association between shortterm exposure and acute diabetic clinical syndromes. Here we found that the association between
diabetic problems and smoke exposure increased over time and became statistically significant at
a 24-hour lag. Another recent study in Australia found daily PM2.5 exposure was associated with
increased same-day and next-day ambulance dispatches for hypoglycemia (114). When we
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modelled paramedic assessments for hypoglycemia and hyperglycemia separately, we also found
hypoglycemia to be the driver of the association for diabetic conditions (Figure 4.8).
This study has some unique strengths. The temporal resolution of the exposure and ambulance
dispatch data allowed the examination of the exposure-response lag structure on an hourly scale.
The linkage between ambulance dispatches, paramedic assessments, and hospital admissions
provided the opportunity to evaluate the quality of the data and the internal consistency of the
study results. In addition, having a single provider of ambulance services in BC enabled us to
conduct a population-based study over a very large geographic area.

Figure 4.8 Results for subtypes of diabetic conditions.
The figure shows odds ratio for 10µg/m3 increase in PM2.5 by lag for paramedic assessment code of hypoglycemia
(left) and hyperglycemia (right).

There were also several limitations. First, exposure misclassification was possible due to (1)
error in the exposure model, (2) uncaptured variability within the 5 km2 prediction grid, and (3)
the assumption that each subject was exposed at the dispatch location during the control
windows. As described in Chapter 3 (Figures 3.7 and 3.8), the exposure model tended to
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underestimate PM2.5 concentrations when exposures were high, which could lead to
overestimation of the effect estimates. In addition, the exposure model may misclassify exposure
in time, which could result in errors in the lag structure estimates. Based on the case studies in
Chapter 3 (Figures 3.7 and 3.8), the increase in exposure was sometimes predicted ahead of time
compared with observations. If such error was non-differential, it could lead to systematic
overestimation of the exposures around the time of the health outcomes, which would produce
underestimations of the effect estimates in the first hours. It could also affect the shape of the
overall 48-hour lag structure, given that concentrations in the early part of the window may have
been overestimated.
Second, some populations may be more likely to call ambulance services than others (218, 219).
With the case-crossover study design, we were able to control for the confounding effect of this
factor, but the results might not be generalizable to the general population. Third, there is still
uncertainty about the temporal relationship between PM2.5 exposure, symptom onset, ambulance
dispatch, and subsequent care for any given study subject. Although the ambulance dispatch data
have finer temporal resolution than many other administrative datasets, there may still be a lag
between the onset of symptoms and the action of calling an ambulance. Further, there was also a
lag between some ambulance dispatches and hospital admissions, the reasons for which are
unclear. In some cases, the subject may have been transported to hospital and held under
observation in the emergency room prior to admission. Unfortunately, the emergency room data
are disparately collected for each hospital and not available through an integrated database. All
of these uncertainties may impact the lag structure of the effect estimates.
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This study adds to the limited evidence on the acute health effects from sub-daily exposure to
PM2.5, especially during wildfire seasons. We found effects on respiratory and cardiovascular
codes immediately following exposure, while effects on diabetic codes were associated with
cumulative exposure over a 24-hour period. These results warrant further investigation into the
health effects of sub-daily exposures and may have implication for the appropriate time scale of
air quality standards and public health actions during air pollution events.
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Chapter 5: Conclusion
5.1

Research summary and contributions

This dissertation developed and applied models of sub-daily exposure to PM2.5 during wildfire
seasons in British Columbia (BC) to evaluate acute impacts on population health. A novel
machine learning approach was used to identify data relevant to the vertical profile of wildfire
smoke in the atmosphere, addressing one of the most important issues for improving the
application of remote sensing data for population smoke exposure assessment. With relevant data
identified, the hourly Optimized Statistical Smoke Exposure Model (OSSEM-1h) was developed
to estimate 1-hour exposure to fine particulate matter (PM2.5) for all populated areas in BC
during wildfire seasons from 2010 through 2015, including three severe seasons in 2010, 2014,
and 2105. This model can be applied in further epidemiologic studies and provincial public
health surveillance. It can also be expanded or transferred to other regions impacted by wildfire
smoke, as has been done for OSSEM-24h and transformed into a real-time forecasting model
across the United States (220). Finally, a unique administrative health dataset was established
with data collected and linked from ambulance dispatches, paramedic assessments, and hospital
admissions for the entire province. With modeled exposure assigned to subjects in this dataset,
the complex lag-response relationship between exposure and respiratory, circulatory, and
diabetic conditions was evaluated using the modern statistical approach of distributed lag nonlinear modelling.

102

5.1.1

Additions to the health literature

Despite the vast body of literature on the health effects of air pollution that has developed over
the past decades, epidemiologic evidence is still limited on the effect of sub-daily exposure,
especially for air pollution from non-urban sources. The specific lag-response relationships for
different health outcomes are largely unknown. Such evidence can provide insight on the
mechanism behind the relationship and is important for the design of public health policies.
Results from Chapter 4 add to this evidence, and suggest that exposure to PM2.5 during wildfire
seasons can lead to respiratory and cardiovascular health responses within one hour, while the
specific lag-response relationships differ for different health responses. It also provides evidence
that exposure to PM2.5 can exacerbate diabetic symptoms within 24 hours of the exposure, a
relationship that has rarely been studied before.
5.1.2

Advancement in exposure assessment

Accurate and precise assessment of exposure is a key component of environmental
epidemiology. The lack of adequate tools for exposure assessment is often the primary obstacle
for producing evidence on a specific research question. Conventionally, population-based
epidemiologic studies on air pollution have largely relied on exposure data from air quality
monitors, which are sparsely distributed outside urban areas. For wildfire smoke pollution
specifically, the restricted spatial coverage of air quality monitors may also contribute to
inconsistencies in the findings for associations with mortality and cardiovascular outcomes.
Exposure assessment tools with high spatial and temporal resolution, as well as sufficient spatial
coverage, are essential for addressing these issues.
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Remote sensing data have been used for air pollution studies for many years. Due to broad
spatial coverage, remote sensing data are often used as a supplement to air quality monitors for
population-based research (19, 221). One major challenge for applying remote sensing data in
population health studies is the uncertainty in the relationship between pollutants present in the
total column of the atmosphere and those present at the surface level, where populations are
exposed. This issue is even more important for wildfire smoke, which can be injected high into
the atmosphere, depending on the intensity of the fire and meteorology, whereas traffic and
industrial emissions are injected at a fixed height. Some studies have attempted to address this
issue by using ground-based or air-borne lidar to provide information about the vertical profile of
wildfire smoke events (11, 55, 56, 222, 223), but they could only focus on specific events
restricted to certain locations, given the limited spatial coverage of these instruments. The study
described in Chapter 2 illustrated a novel approach to address this limitation, generating
estimates of vertical distribution of wildfire smoke for a large geographic area and with high
temporal resolution. These estimates can be used to improve the use of remote sensing products
for public health research and surveillance, and the approach can also be expanded to other
regions. They may also be useful for improving the plume rise and injection height components
of deterministic models and forecasting systems, such as FireWork and BlueSky, as they rely
readily accessible data.
Modeling is a common way to obtain estimates of air pollution exposure with high spatial and
temporal resolution for population-based epidemiologic studies. Both deterministic and empirical
models have been used to estimate daily averaged exposure to wildfire smoke in previous studies
(29-31, 89, 96, 114), but none has yet refined these models to the hourly scale. Chapter 3 of this
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dissertation developed a statistical model using data on fire activity, meteorology, geographic
information, and air pollution measurements. It produced a complete set of multi-year hourly
exposure estimates for the entire population of BC, which enabled the analyses in Chapter 4 and
will also be useful for future studies in the region. With adequate optimization and automation,
the model could also be adapted as a surveillance tool for public health decision making, which
would complement information from forecasting models and would be especially useful in areas
without any air quality monitors.
5.1.3

Application of machine learning for public health

Chapters 2 and 3 demonstrated the potential of machine learning for exposure modeling in
environmental epidemiologic research. Conventionally, air pollution modeling has relied heavily
on deterministic models that simulate the physical and chemical process of pollutant emissions,
dispersion, and transportation. The performance of these models depends on our complete
understanding of the underlying processes, knowledge of which takes a long time and ample
resources to develop and accumulate. Rapid developments in the field of data science have
provided exposure scientists and epidemiologists with the option to go beyond conventional
regression approaches and into modern machine learning techniques for developing empirical
models.
The models developed in Chapters 2 and 3, as well as those developed in other regions (96, 104,
114, 198), demonstrate that machine learning techniques can provide exposure estimates
comparable with observations. These models can play an important role in exposure assessment
for public health research and surveillance, supplementing deterministic models while they
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continue to improve and evolve. In addition, studies have found that blending data from different
models and measurements tends to produce better predictions than any single metric in isolation
(224-226), and thus estimates from models such as OSSEM-1h can be combined with outputs
from deterministic models to produce more robust exposure assessment. For regions impacted by
wildfire smoke but lacking the resources to develop and maintain an expensive deterministic air
quality model, OSSEM-1h can be a template for an affordable and effective approach to provide
much-needed information for research and public health interventions.
5.1.4

Using symptomatic outcomes for epidemiologic studies

Administrative health databases have been an invaluable source of data for population-based
epidemiologic studies. Health outcomes with diagnosis codes (e.g. ICD-9 or ICD-10), including
outpatient physician visits, emergency room visits, hospital admissions, and vital statistics, have
been commonly used for wildfire smoke studies (19, 20, 214). Although imperfect, they are
generally considered to be reliable because the coding procedures are standardized and based on
physical examination, although threats to the accuracy of diagnoses still exist (227, 228). Even
so, the power achieved through use of such large and oftentimes population-based datasets
generally outweighs that lost to inaccuracies (229). In Chapter 4, we examined a range of
symptomatic outcomes from the ambulance dispatch database maintained by BC Emergency
Health Services. The novelty of our approach was the inclusion of cause-specific outcome
measures for dispatch codes, the validity of which were evaluated using subsequent paramedic
assessment codes and hospital diagnoses codes. This validation process addressed the concern of
data quality for these symptomatic outcomes. Results in Chapter 4 indicated that these different
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outcome measures agreed reasonably well with each other, but the lag-response relationship
presented for the symptomatic and diagnostic measures was not the same, highlighting the value
of including symptomatic outcomes in future studies, which may lead to new discoveries missed
by conventional diagnostic outcomes, such as those related to diabetic control (114).
5.1.5

Illustrating the lag-response relationship with distributed lag models

An important novelty of Chapter 4 was the focus on the lag-response relationship at the hourly
time scale, using a modern statistical method. Previous studies have examined such relationships
by including the averaged exposure in specific lag hours as multiple independent variables in one
regression model (230), or including exposure averaged over different lag windows in separate
models (126, 129, 137, 139-142). The biggest limitation of these methods was that they did not
account for the correlation between exposures at different lags. Pradeau et al. (144) addressed
this limitation by applying conventional distributed lag models, a methodology originally
developed in econometrics (231). However, these models relied on the assumption of a linear
effect between the exposure and outcome. Analyses in Chapter 4 applied the new modeling
framework of distributed lag non-linear models (DLNMs) which can describe non-linear and
lagged effects simultaneously (209). This framework has recently been adapted for casecrossover studies, and a few studies have used it for analyses at the hourly time scale (213). The
cumulative effects I found for a 24-hour period using DLNM were consistent with those found in
previous studies of 24-hour average exposures using conventional methods, which provides
additional evidence on the validity of DLNM, and should encourage the adoption of this method
for future studies.
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5.2
5.2.1

Implications for public health policy and future work
Methodological limitations

Although the primary goal of this dissertation was to examine the health effects of sub-daily
exposure to wildfire smoke, the exposure model developed in Chapter 3 and the subsequent
analyses in Chapter 4 were not exclusive to PM2.5 from wildfire smoke. The OSSEM-1h was
trained with total PM2.5 measured at air quality monitors regardless of the source, although it was
optimized to reflect smoke-related PM2.5 with predictive variables related to fire activity and data
restricted to wildfire seasons. To develop a truly smoke-specific empirical model, source-specific
PM2.5 measurements with sufficient temporal and spatial coverage would be needed, but these
measurements are rarely available. Some options to improve on this limitation include (1)
blending the data with outputs from deterministic models that can produce estimates from only
wildfire sources, and (2) identifying and restricting analyses to smoke-impacted times and
locations with remotely sensed fire and smoke data. However, this limitation may have less
impact in BC than in other locations, given that PM2.5 concentrations are typically very low in
summer in the absence of wildfire smoke.
Although empirical models can provide exposure estimates at much lower cost than deterministic
models, they also have limitations. Empirical models are developed based on past experience,
using relationships detected from historical data. Thus, they may not perform as well with new
data, especially if those data are drastically different from training data. For example, the
wildfire seasons of 2017 and 2018 were unprecedented in BC, but this work was complete before
they occurred. The exposure model in Chapter 3 was trained with data from the 2010 through
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2015 seasons, when the maximum annual area burned was approximately 0.35 million hectares
(Figure 1.1) and severe air quality impacts in the densely populated area of greater Vancouver
were rare. It is uncertain how the model would perform in 2017 and 2018, when total area
burned was greater than 1.2 million hectares in both years, and the greater Vancouver area was
under an air quality advisory for weeks. This limitation may affect the applicability of the model
in public health surveillance applications. An algorithm that continuously updates the model with
recent data and dynamically adapts to new patterns in the data could help to address this
limitation, as what has been done in a recently developed forecasting model in US based on the
OSSEM-24h model (220), but would be computationally intensive.
There were also limitations with the data of health outcomes used in Chapter 4. As with any
other administrative health data, ambulance dispatch data were not collected for the purpose of
research. For example, missing data on paramedic assessments following ambulance dispatches
were quite prevalent, and it remains unclear whether these data were missing at random. The
missingness may be related to the types or severity of patient conditions, or the requirements or
standards of practice for paramedics in different units. This issue could affect the generalizability
of study results specific to paramedic assessments, but not those for dispatches or hospital
admissions. In addition, there may still be a lag time between the onset of health conditions and
the time at which people made calls to the emergency services. This lag time may vary by
conditions and specific circumstances. For example, a patient who had a heart attack while
accompanied by someone might contact ambulance services immediately, as compared with a
patient who was alone at the time of the event. A condition that occurred abruptly might also
lead to a call sooner than a condition that progressed over time, while other conditions may have
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led to temporary loss of consciousness that delayed ambulance attendance. The sensitivity
analysis for calls with and without subsequent hospital admissions (Figure 4.7) also suggest that
the severity of the conditions may lead to different lag-response relationships. These different lag
times contribute to uncertainty in the assessment of the lag-response relationships I report. With
these limitations in mind, the results in Chapter 4 should warrant more studies to examine the
lag-response relationship at the hourly time scale, including population-based epidemiologic
studies and experimental studies.
5.2.2

Implications for public health policy

Public health agencies worldwide have developed guidelines and policies to address the health
impacts from wildfire smoke exposure (232-235). Many of these guidelines recommend specific
interventions based on evidence derived from studies on urban air pollution rather than wildfire
smoke. In addition, their utility may be constrained by the lack of quality evidence on sub-daily
exposures over short durations. This dissertation adds to the much-needed evidence for
developing and improving public health guidelines for wildfire smoke. The lag-response
relationship found in Chapter 4 suggests that the cardiopulmonary health effects were triggered
within one hour after exposure, indicating that interventions should be implemented quickly
based on 1-hour exposures rather than averages over a longer period of time. For example, in
BC, air quality advisories are issued by the Ministry of Environment or Metro Vancouver
Regional Government, on behalf of a multi-agency partnerships that involves public health
authorities (236, 237). Typically, the advisory will be issued when actual or forecasted air
pollutant concentrations exceed a trigger value over a 24-hour average period. However, for
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wildfire smoke, “there is no trigger value; instead a combination of information is used including
PM2.5 levels, presence of smoke plumes, and meteorological conditions to issue an advisory”
(237). Based on the results from Chapter 4, wildfire smoke forecasts should play a vital role in
this process, as actions based on near real-time air quality observations may already be too late.
This also highlights the importance of continuously improving our ability to forecast fire and
smoke activity in the future. Moreover, interventions such as setting up clean air shelters or
distributing portable air cleaners to communities should be planned and prepared before the
wildfire season begins. The public should also be aware that the health effects of wildfire smoke
can be immediate, and prepared to take action to reduce their exposures promptly once advised.
This would mean stocking up on emergency medications, knowing the location of the nearest
clean air shelter, and having a portable air cleaner at home if possible, before wildfire season
begins. During a wildfire smoke event, people should be encouraged to seek medical attention
promptly if feeling unwell.
In Canada, the Air Quality Health Index (AQHI) is the tool most commonly used to
communicate with the public about the health risks associated with air pollution. The AQHI is
calculated based on a formula that includes the 3-hour rolling averaged concentrations groundlevel ozone (O3), nitrogen dioxide (NO2), and PM2.5. The formula was derived from the
concentration-response relationship between daily all-cause mortality and these pollutants in
Canadian urban centers, and is more weighted towards the NO2 and O3 components than the
PM2.5 component, because the primary source of air pollution is motor vehicle exhaust in these
regions (238). The results reported in Chapter 4 highlight the limitations of the AQHI during
wildfire smoke events. First, health effects were observed within a 1-hour period, whereas the
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AQHI is calculated based on 3-hour rolling averages. Second, health effects were associated with
PM2.5 alone, whereas the AQHI is calculated using concentrations of three pollutants, and PM2.5
has the lowest of the three coefficients. To address these limitations, my related work at the
British Columbia Centre for Disease Control (BCCDC) has compared the 3-pollutant 3-hour
AQHI with a 1-pollutant 1-hour amendment during BC wildfire seasons and found that the latter
provides a better predictor of population respiratory risk (239). This amendment was
implemented across BC in May 2018, and was activated over 50% of the time in regions most
impacted by wildfire smoke in 2018 (unpublished report).
One important aspect of public health messaging during wildfire smoke events is to provide
advice to the most vulnerable populations. So far, these populations include people with preexisting cardiopulmonary conditions, the elderly, young children and pregnant women. People
with diabetes have sometimes, but not always, been included in these messages, but results from
our study, along with another recent study (114), suggest that they should be included.
In Chapter 4, we focused on the lag-response relationship between sub-daily exposure to wildfire
smoke and different health outcomes, and only presented results that assumed linear exposureresponse relationship. However, in the preliminary analysis, we found that some health outcomes
exhibited a non-linear exposure-response relationship. For example, the relationship between
PM2.5 concentrations and ambulance calls with an Ambulance Dispatch code for Breathing
Problems and Paramedic Assessment code of Asthma/COPD appeared to have thresholds in the
100-150 µg/m3 range (Figure 5.1). This result suggests that the health effects of exposure may
not increase much after the concentrations have passed a certain threshold, which may support
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the capping of indices such as the AQHI. Further investigation should be conducted to support
this implication, as the precision of the effect estimates is quite low for exposure higher than 100
µg/m3, due to much fewer data available at that range of exposure.

Figure 5.1 Examples of non-linear exposure-response relationship between PM 2.5 and ambulance dispatches.

5.2.3

Recommendations for future work

A number of further explorations arise from the work described in this dissertation. First, the
ambulance dispatch analyses could be restricted to smoke impacted regions and days identified
by remote sensing products or other sources of information about the fire activity (29, 54, 240)
so that we can examine the health impact of PM2.5 more specifically from wildfire smoke. With
sufficiently large datasets, analyses could also be stratified by sex, age, and other demographic
factors to assess potential differences in the health effects among different subgroups. In
addition, by linking the ambulance dispatch dataset with other administrative health data, such as
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the physician visit billing data, it would be possible to identify people with pre-existing health
conditions, and examine whether the lag-response relationship or magnitude of effects in these
subgroups is different.
So far, evidence has been convincing that wildfire smoke exposure is affecting public health.
While we need to continue the accumulation of this evidence, it is becoming more pressing to
understand what we can do to mitigate the health impacts. More studies on the effectiveness of
different public health interventions should be prioritized to support evidence-based advice for
the public during wildfire smoke events. We need to explore how the findings from this
dissertation can be incorporated into the public health decision-making process.
Based on this work an interactive online tool for public health professionals and the public could
be developed, with easy access to near-real-time estimates from OSSEM-1h, smoke forecasts,
and health risk assessment. Daily static reports including similar information have been produced
by the BCCDC during wildfire seasons via the BC Asthma Monitoring System (BCAMS) (98) to
2017, and the BC Asthma Prediction System (BCAPS) (192) thereafter. These reports are
distributed to public health officials, but the implementation of an interactive online tool is
underway. Another phase of the tool could allow the public to provide their own assessment or
perception of the smoke situation and their health responses in real time, as is being done using
smartphone applications elsewhere (241, 242). Such crowd-sourcing information would be
especially useful for regions without air quality monitors and can also be collected and used to
evaluate and improve the performance of smoke modelling, surveillance, and epidemiology in
these regions.
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In the future, interdisciplinary collaboration will be essential for advancement in understanding
and mitigating the health impacts of wildfire smoke. Collaboration between data scientists and
atmospheric modelers can improve exposure assessment via two paths: (1) by blending data from
empirical and deterministic models, and (2) by sharing insights gained with the two different
approaches. For example, blending estimates from OSSEM-1h with outputs from the FireWork
smoke forecasting system (77) developed by Environment and Climate Change Canada (ECCC)
may produce more accurate forecasts (224). Moreover, the collaboration between the remote
sensing communities, forest and wildfire specialists, and health researchers, can better design
and produce remote sensing products for wildfire smoke research and surveillance. A recent
example of such collaboration is the Multi-Angle Imager for Aerosols (MAIA) satellite
instrument that produces data specifically for studying the human health impact of air pollution,
a project resulted from the partnership of the US National Aeronautics and Space Adminstration
(NASA), epidemiologists, and health organizations (243). Meanwhile, the Canadian Space
Agency (CSA), the Canadian Forest Service (CFS), and ECCC are exploring the feasibility of
launching a new satellite to better support wildfire management and air quality forecasting in
Canada (244). More of these collaborative efforts will provide new opportunities for us to further
refine our ability to assess the exposure to wildfire smoke and its health impacts.
Wildfires are becoming a new normal in our lives under climate change, and wildfire smoke is a
growing source of air pollution and public health burden for more communities, in Canada and
globally. Unlike many other sources of air pollution, it is impossible to implement regulatory
top-down control measures for wildfire emissions, such as those used to control traffic and
industrial emissions. Reducing the health impacts of wildfire smoke will rely on (1) behavioural
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change in the general public to reduce exposure during smoke events and (2) modifications to the
built environment to limit the infiltration of wildfire smoke into indoor environments.
Environmental epidemiologists, public health professionals, forest and fire experts, atmospheric
scientists, toxicologists, and engineers must produce the necessary scientific evidence, and then
take the responsibility to mobilize the knowledge to the public and policy-makers, and advocate
for the necessary protective changes in behaviours and the built environment.
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Appendices
Appendix A Procedure for calculating summed fire radiative power (FRP) in each 5km
grid cell, adjusting for the scan angle and bow-tie effects.
1. (Giglio 2015) Calculate scan angle (θ) from sample number for each fire detection:
θ = s × (sample number − 676.5)
where s = 0.0014184397
2. (Giglio 2015) Calculate pixel area (A) for each fire detection:
∆S = Res (

cos θ
√(𝑅𝑒 /r)2 − sin2 θ

– 1)

∆T = rs (cos θ − √(𝑅𝑒 /r)2 − sin2 θ ),
A = ∆S × ∆T
where Re = 6378.137 km (Earth radius), r = Re + h, h = 705 km (satellite altitude), s =
0.0014184397, and θ is the scan angle
3. (Kaiser et al. 2012) For each 5-km grid cell j, within which there were i observed FRP
(Fi), and the total observed FRP <F>j and total satellite observed pixel area <A>j can be
expressed as

<F>j =

∑𝑖∈𝑗 𝐹𝑖 𝑐𝑜𝑠 2 𝜃𝑖
∑𝑖∈𝑗 𝑐𝑜𝑠 2 𝜃𝑖

<A>j =

∑𝑖∈𝑗 𝐴𝑖 𝑐𝑜𝑠 2 𝜃𝑖
∑𝑖∈𝑗 𝑐𝑜𝑠 2 𝜃𝑖

4. (Kaiser et al. 2012) The adjusted FRP areal density for grid cell j is calculated as

<D>j =

<𝐹>𝑗
<𝐴>𝑗

Giglio, L. (2015). MODIS Collection 6 Active Fire Product User’s Guide Revision
A.Unpublishedmanuscript, Department of Geographical Sciences, University
ofMaryland.[ftp://fuoco.geog.umd.edu/modis/docs/MODIS_C6_Fire_User_Guide_A.pdf]
Kaiser, J., Heil, A., Andreae, M., Benedetti, A., Chubarova, N., Jones, L., Morcrette, J.-J.,
Razinger, M.,Schultz, M., & Suttie, M. (2012). Biomass burning emissions estimated with a
global fire assimilationsystem based on observed fire radiative power.Biogeosciences, 9, 527
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Appendix B Codes for ambulance dispatches and paramedic assessments.
B.1

Medical Priority Dispatch System (MPDS) codes

1 Abdominal Pain

12 Convulsions / Seizures

2 Allergies (Reactions) /
(Stings, Bites)
3 Animal Bites / Attacks

13 Diabetic Problems

4 Assault / Sexual Assault

15 Electrocution / Lightning

14 Drowning (Near) / Diving /
SCUBA Accident

5 Back Pain (Non-Traumatic 16 Eye Problems / Injuries
or Non Recent Trauma)
6 Breathing Problems
17 Falls
7 Burns (Scalds) / Explosions 18 Headache
(Blasts)
8 Carbon Monoxide /
Inhalation / HAZMAT /
CBRN
9 Cardiac or Respiratory
Arrest / Death
10 Chest Pain (Non
Traumatic)
11 Choking

19 Heart Problems / AICD

20 Heat / Cold Exposure
21 Hemorrhage / Lacerations
22 Inaccessible Incident /
Other Entrapment (NonVeh)

23 Overdose / Poisoning
(Ingestion)
24 Pregnancy / Childbirth
/ Miscarriage
25 Psychiatric /
Abnormal Behavior /
Suicide Attempt
26 Sick Person (specific
diagnosis)
27 Stab / Gunshot /
Penetrating Trauma
28 Stroke (CVA)
29 Traffic /
Transportation
Incidents
30 Traumatic Injuries
(Specific)
31 Unconscious /
Fainting (Near)
32 Unknown Problem
(man down)
33 Transfer / Interfacility
/ Palliative Care
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B.2

Paramedic impression codes

Allergy
Genitourinary System (GU)
1706 Allergic Reaction - Anaphylaxis 1125 Renal Colic
1754 Allergic Reaction - Sensitivity 1130 Urinary retention
Circulatory System
1135 Urinary Tract Infection
0805 Suspected Cardiac Ischemia 1115 GU/Renal-Other
0815 Other Shock
Gynecologic/Pregnancy/Childbirth
0825 Cardiac Arrest:Treated
1105 GYN - Vaginal Hemorrhage
0830 Cardiac Rhythm Disturbance 1205 Obstetrical - Childbirth/Labour
0835 Hypovolemia
1210 Obstetrical - Complication of
0840 Cardiogenic Shock
Pregnancy
0845 Aortic Aneurysm
1220 Obstetrical - Complication
0850 Congested Heart Failure (CHF)
of Labour
0855 Peripheral Vascular Disease 1225 Eclampsia
0860 Acute Ml
1230 Post partum Hemorrhage
0880 Pericardial tamponade
1110 GYN - Other
0885 Chest Pain NYD
Infectious Disease
0890 Pulmonary Embolus
0100 Infectious Disease
1830 Cardiac Arrest: Untreated
0105 Localized Infection
0820 Circulatory System - Other
0115 Sepsis
Digestive System (Gl)
0120 Septic Shock
1005 Gl - Bleeding
Injury
1020 Diarrhea of unknown cause 1712 Burn - Minor
1060 Foreign body: Esophagus
1744 Burn - Major
1050 Gl-Other
1753 Traumatic cardiac arrest: treated
Endocrine
1755 Traumatic cardiac arrest: untreated
0305 Hyperglycemia
1718 Multitrauma
0315 Hypoglycemia
1736 Abdominal /Chest Trauma 0310 Endocrine-Other
Blunt
ENT/Eyes/Dental
1750 Abdominal /Chest Trauma
1905 Pharyngitis
-Penetrating
1910 Foreign Body: throat
1721 Amputation above wrist or
1915 Foreign Body: ear
ankle
1920 Foreign Body: eye
1725 Amputation foot or hand
1925 Ear Pain
(partial or full)
1930 Isolated Eye trauma
1758 Bleeding - Controlled
1935 Dental Pain
1760 Bleeding - Uncontrolled
1940 ENT/Eye/Dental-Other
1732 Spinal Cord Injury with deficits
Environmental
1752 Spinal Cord Injury without
1728 Exposure - Smoke Inhalation
deficits
1835 Hyperthermia
1720 Brain Injury
1840 Hypothermia
1730 Pneumothorax
1704 Environmental - Other
1734 Pelvis Fracture

1722

Isolated Spinal Fracture
without Deficits
1723 Isolated laceration
1719 Isolated sprain
1711 Isolated dislocation
1724 Isolated Head Trauma
1715 Isolated fracture
1738 Other Fractures
1735 Peripheral Injury (limbs only)
1740 Soft Tissue Injury
1710 Sexual Assault
1716 Electrocution
1717 Hanging
1714 Injury-Other
Neonate
1215 Neonate - Uncomplicated
1605 Neonate-Complication of Birth
Neoplasm/Cancer
0200 Neoplasm / Cancer
Nervous System
0615 CVA
0620 Altered Level of Consciousness
NYD
0625 Intracerebral Hemorrhage
0630 Sub Arachnoid Hemorrhage
0655 Seizure
0660 Syncope / Near Syncope /
Vertigo
0665 Peripheral Nervous System
Disorder
0610 Nervous System - Other
Poisoning / Overdose
1746 Alcohol Intoxication
1747 Alcohol Withdrawal
1780 Recreational Drug Overdose
1785 Recreational Drug Withdrawal
1765 Medication Overdose
1770 Medication Reaction
1742 Sting / Envenomation
1790 Toxic Inhalation
1708 Other toxic Ingestion
1775 Poisoning / Overdose - Other

Respiratory System
0905 Near Drowning
0910 Upper Airway Obstruction
0915 Pneumothorax (spontaneous)
0925 Respiratory Failure
0930 Asthma/COPD
0935 Acute Bronchitis
0955 Respiratory Arrest
0970 Mechanical Airway Obstruction
0975 Infectious Pneumonia
0940 Respiratory Distress - Other
Psychiatric / Behavioral
0510 Depression
0515 Psychosis
0520 Agitated Delirium
0505 Psychiatric/Behavioral - Other
Non Specific Symptoms
1815 Sick/Illness NYD
1820 Abnormal Vital Signs NYD
1845 Nausea/Vomiting NYD
1850 Abdominal Pain NYD
1855 Weakness NYD
1860 Headache NYD
1865 Back Pain NYD
1870 Other Pain NYD
1880 Limb Pain NYD
1885 Malaise/Fatigue NYD
1890 Rash/Itching NYD
Miscellaneous
1805 Medical Device Problem
1810 Public Assist
1811 Post Operative Pain
1812 Post Operative Bleeding
1875 Medication Request
1800 Other
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