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Abstract

Wildfire smoke is a major contributor to extreme particulate matter (PM) air pollution
events and has been associated with respiratory and cardiovascular health effects. With cli-
mate change, more frequent and intense wildfires are expected in the future and their impact
on public health will likely increase. The existing exposure assessment tools such as the
monitoring network and remote sensing platforms have limitations for measuring wildfire
smoke, including inadequate coverage and measuring total column instead of ground-level
concentrations. From the public health perspective, a system that can supplement these tools
and predict smoke concentrations will be valuable. The Western Canada BlueSky Smoke
Forecasting System, which can predict PM,s (PM <2.5um in diameter) from wildfires up to
60 hours in advance, has been developed since 2008. So far, there has not been any systemat-
ic and quantitative evaluation of its performance.

The first objective of this study was to evaluate the performance of BlueSky. We com-
pared its forecasting output with monitoring measurements and remote sensing images with
several different model evaluation statistics of temporal and spatial agreement. The second
objective was to assess the association between BlueSky predictions and respiratory health
indicators. Poisson regression was employed between BlueSky predictions and the health
outcome indicators, including counts of prescriptions dispensed to relieve respiratory health
symptoms and counts of physician visits for asthma.

Results suggested that BlueSky predicted smaller smoke plumes within the plumes ob-
served by remote sensing. It predicted PM,s concentrations comparable to monitor meas-
urements in the middle of the fire period and in areas consistently impacted by wildfire

smoke. More frequent and larger-scale overpredictions were observed.



A 30pg/m?® increase in BlueSky 24-hour PMys predictions was associated with 1% in-
crease in medication dispensations and physician visits for asthma. The relative risks were
smaller than those associated with monitoring measurements. Smoke plume coverage pre-
dicted by BlueSky was associated with relative risks comparable with those observed by re-
mote sensing.

In conclusion, BlueSky predictions were comparable with measurements from other
smoke assessment tools and they were significantly associated with respiratory health out-
comes. This study provides evidence to support the use of BlueSky in public health protec-

tion.



Preface

The Python codes and the R codes presented in Appendix A for BlueSky data prepara-
tion described in Section 2.1.1.1 were written by my thesis committee member Sarah Hen-
derson.

Methods used in the evaluation of the BlueSky prediction model and the preliminary re-
sults were presented in a poster during the 21st Annual Meeting of the International Society
of Exposure Science, Baltimore, Maryland, October 23 - 27, 2011. Similar materials were al-
so presented orally at the 51° meeting of the Pacific Northwest International Section (PNWIS)
of the Air and Waste Management Association in Harrison, British Columbia, November 8 —
11, 2011.

Summary of the BlueSky model evaluation results and preliminary results of the associ-
ation between BlueSky predictions and health outcomes were shared in an article entitled:
“Evaluation of the BlueSky Smoke Forecasting System and its utility for public health pro-

tection in BC” in the Canadian Smoke Newsletter.
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1. Introduction and literature review

1.1 Background

1.1.1  Introduction

Wildfire is a hazard for populations in many regions of the world. In Canada, about 40%
of the country is covered by forests or other wooded land (Stocks et al., 2002), and approxi-
mately 2.5 million hectares are burned annually on average (Government of Canada, 2010).
British Columbia (BC) is one region that is prone to extensive burning during the wildfire
season, which varies from year to year depending on weather conditions, but generally starts
in April and lasts until September. The forest fire season of 2010 was one of the worst on
record, with the most area burnt in the past ten years and more than 200 reported fires involv-
ing areas 5 hectares and larger (BC Forest Service, 2011). More widespread, frequent and se-
vere wildfires have occurred in North America during the last two decades, and this trend is
anticipated to continue in the future along with climate change (Westerling et al., 2006;
Flanigan and VVan Wagner, 1991; Wotton et al., 2010).

While wildfires can be a direct threat to property and life in nearby populations, they
can also impact on the health of populations in more extensive areas on a local, regional or
even global scale through the transport of the wildfire smoke. Significant elevated concentra-
tions of multiple air pollutants resulting from the emissions of fire smoke have been docu-
mented (Viswanathan et al., 2006; Phuleria et al., 2005; Keane, 2012). Many of these pollu-
tants, such as particulate matter (PM) and carbon monoxide (CO), have been associated with
adverse health effects. Among them, PM has been found the most elevated and the most per-

sistently elevated during fire periods, even in areas at great distances from the fire locations.



Phuleria et al. (2005) found that PM;q (particulate matter with a diameter smaller than 10 mi-
crometer) concentrations at Los Angeles during the massive wildfires in southern California
in 2003 were 3 to 4 times higher than nonfire periods, while the concentrations of CO, nitro-
gen oxides (NOy) and ozone (O3) were increased by a factor smaller than 2, unchanged, or
even reduced. In a study by Sapkota et al. (2005), as much as a 30-fold increase in ambient
PM s (particulate matter with a diameter smaller than 2.5 micrometer) was recorded in Bal-
timore City, a place located thousands of kilometers away from the wildfire source in Quebec,
Canada. In addition, PM_5 is one of the most widely monitored air pollutants, with well-
established reports of its impacts on human health. These characteristics have made it the
best exposure metric to access air quality and health impacts from wildfire smoke (Naeher et
al., 2007).

Measurement tools to assess smoke exposure in Canada include PM;s measurements
from regulatory air monitoring networks and products generated from remote sensing data.
These tools, however, have limitations. While wildfire smoke can impact large populations,
the available monitoring networks may not provide adequate coverage for estimation of
health impacts, and the instruments may fail during smoke events with extremely high con-
centrations. On the other hand, remote sensing data cover very large areas, but they represent
the smoke in the total column of the atmosphere, which can be different from the ground-
level conditions of most concern.

From the perspective of supporting public health actions to mitigate the health impacts
from wildfire smoke, another important limitation of these tools is that they can only provide
retrospective or near-real-time measurements, not prospective forecasts. Many other public

health hazards are routinely forecast, including high temperature, ultraviolet exposure, and



pollen levels. Such forecasts allow extra time for public health practitioners to inform the
public and take measures to help them mitigate the impacts, before the hazards actually take
place. These publicly available forecasts can also allow the public to self-monitor, taking ac-
tions according to their own sensitivity to these hazards. As wildfire smoke is a short-term
exposure with high concentrations, effective predictions will be invaluable for informing
timely public health actions.

A need for a smoke forecasting system in Canada was identified in 2007, with one of
the objectives to support public health decision making. The development of this new system,
called the Western Canada BlueSky Smoke Forecasting System (BlueSky), was started in
2008. This forecasting approach can supplement real-time regulatory monitoring and remote
sensing data and predict ground-level concentrations in advance.

So far, there has not been any quantitative and systematic evaluation of the system per-
formance. This thesis research aims to fill this gap and to assess the utility of this new system
for public health protection by (1) comparing BlueSky predictions with other measures of
smoke, and (2) evaluating the association between BlueSky predictions with health outcome

measurements.

1.1.2 Study area

Although the BlueSky prediction domain has now been expanded from the west coast to
north-western Ontario, the scope of this study focuses only on its performance in the Prov-
ince of BC. When the thesis was initiated, BlueSky only covered BC and Alberta, and BC

had one of the most dense air quality monitoring networks in Canada, providing sufficient



data for the study. Moreover, in collaboration with BC Center for Disease Control (BCCDC),
we were able to obtain health data within BC.

The total area of the province measures 944,735 square kilometers (km?). About two-
thirds of the province is covered by forests (BC Ministry of Forests, Mines and Lands, 2010)

and an average of 985km? was burnt annually in the last decade.

1.1.3 Study period

In 2010, massive wildfire events started around July 28™ when lightning storms hit the
central interior where forest fuels had been dried by the hot sunshine for the whole July. In
addition, forests in BC were widely attacked by mountain pine beetles in recent years, which
largely increased the flammability of the fuels (Kurz et al., 2008; Page et al., 2012). Numer-
ous fires rapidly burnt large areas of forest throughout, August with only a brief break in
mid-August. Cooler temperatures and precipitation drew an end to this fire season at the end
of August (Province of British Columbia, 2011). More than 330,000 hectares of forest were
burned in BC in 2010 and the most severely impacted areas were in the central interior (Prov-
ince of British Columbia, 2011). Figure 1.1 shows the locations of all fires and their sizes in
BC during 2010.

Accordingly, analyses in this study focused on the 35-day period between July 24™ and

August 29" to capture the whole active fire season in 2010.

1.1.4  Study population and local health areas
The total population in BC was estimated to be 4,529,674 in 2010 (BC Stats, 2011). For

the purposes of health administration, the smallest geographic units in BC are the 89 local



health areas (LHAs) (BC Stats, 2007). In this study, the LHA was used as the basic unit of
aggregation for all health outcomes. The outcomes included daily counts of physician
billings for asthma from the Medical Service Plan (MSP) database, and daily counts of
pharmaceutical dispensations for salbutamol (an inhaled medication to relieve the symptoms
of asthma) from the PharmaNet database. These outcomes were used to examine the associa-

tion between exposure assessment tools and population health responses.
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Figure 1.1 Locations of all wildfires in 2010 in British Columbia. (Province of British Columbia, 2011)

1.2 Rationale and objectives

1.2.1 Rationale

To evaluate the performance of a prediction model, observations from ground monitors

and satellites can act as references against which to compare the forecasts. While air quality



monitoring stations can measure relatively accurate surface concentrations of PM; s, they are
spatially sparse, with only 55 monitors to cover 944,735 km? during the study period. While
remote sensing data can provide spatially extensive images of forest fire smoke, they reflect
smoke in the total atmospheric column and not at the surface where people are exposed. By
using both of these two tools as references, we can provide a more comprehensive assess-
ment of the model performance. The better (1) the predicted PM, s concentrations agree with
the monitoring data, and (2) the smoke plume shapes agree with the remote sensing data, the
better the model performs. Correlation and difference between predicted and observed values
as well as spatial statistics comparing the intersection and union of the predicted and ob-
served smoke plumes are indicators of the agreement.

Wildfire smoke is one of the major contributors to extreme particulate matter pollution
events, and there is toxicological and epidemiological evidence supporting the link between
wildfire smoke and cardio-respiratory health impacts (Andreae and Merlet, 2001; Migliaccio
et al., 2010; Naeher et al., 2007). BlueSky, as a smoke forecasting system, provides advance
predictions of wildfire smoke PM exposure levels. If there is an association between BlueSky
predictions and health outcomes, such as MSP claims or pharmaceutical dispensations, it can
support the feasibility of using BlueSky as an indicator of health impacts expected from the
fire events, allowing public health authorities to prepare strategies in advance. In other words,
different mitigation strategies, ranging from staying indoors and reducing activities to using
air filter, to setting up clean air shelter, or even to evacuation, can be announced in advance
corresponding to the exposure levels predicted by BlueSky, to reduce the public health ef-

fects associated with those exposure levels.



1.2.2 Objectives

The first objective is to evaluate the day-by-day performance of BlueSky in BC during
the 2010 wildfire season (July 24™ — August 29", 2010), including the correlation and differ-
ence between BlueSky PM; s predictions and monitoring PM, s measurements (including the
spatial agreement at fixed times and the temporal agreement at fixed locations) as well as the
extent of overlap between BlueSky smoke plumes and HMS smoke plumes.

The second objective is to evaluate the association between BlueSky predictions (PM. s
concentrations and smoke plume coverage) and (1) the counts of MSP claims for respiratory
illnesses and (2) dispensations of salbutamol (used to relieve acute symptoms of asthma) dur-

ing wildfire periods.

1.3 Literature review

1.3.1 Physical, chemical and behavioral characteristics of wildfire smoke

Smoke emissions from wildfires include gases such as O3, CO, CO,, and NOy. They al-
so include solids in the form of PM of varying sizes and compositions. Andreae and Merlet
(2001) summarized literature describing emission factors of major pollutants from biomass
burning from non-tropical forest fires (Table 1.1). However, these emissions factors vary
largely at different stages of the combustion process. During the flaming phase of combus-
tion, when the temperature is high, major substances released include simple molecules such
as CO,, water, nitrogen monoxide (NO), and sulfur dioxide (SO;) and intermediate products
of flame radical chemistry such as methane (CH,), polycyclic aromatic hydrocarbons (PAH)
and soot particles (Andreae and Merlet, 2001). After the flaming phase, the combustion will

begin a smoldering phase, which is a process of low temperature burning. During this phase,



incompletely combusted products like CO dominate the emissions (Andreae and Merlet,
2001). This great variability in composition of wildfire smoke contributes largely to the com-
plexity in studying its impact on air quality and population health. Thus, it is vital to establish
a good metric for exposure assessment.

According to a systematic review on biomass burning emissions by Reid et al. (2005),
the majority of carbon content is released as CO, or CO and, typically, less than 5% is re-
leased as particulate matter. The particle formation process mainly occurs during flaming
combustion, beginning with the creation of condensation nuclei such as PAH from the emit-
ted gases, and growing through chemical and coagulative processes. During this process, in-
creased fire intensity is shown to increase particle size and production because the intense
flame reduces oxygen transport into the interior flame zone. The smoldering combustion
phase produces extremely small amount of soot particles. However, relatively larger particles
can be formed in this phase by condensation of volatilized organics on un-combusted parti-
cles (Reid et al., 2005).

Despite the fact that much less carbon is released as PM compared with gaseous emis-
sions, PM has been identified as the best exposure metric for wildfire smoke because it tends
to be the most elevated in ambient air among all of the regulatory air pollutants. In addition,
fine particles can remain suspended in the air for long periods, thus allowing smoke to travel
long distances between fire sites and human populations, impacting much larger population.

The most common measures of PM are the mass concentration of PMyo and PM, 5. The
measured daily maximum PMjo concentrations at locations influenced by wildfire events
around the world have ranged up to between 60 and 850pg/m® (Kochi et al., 2010). As

formed by combustion, the size distribution of PM originated from wildfires peaks between



0.1 pm and 1 pm (Sillanpaa et al., 2005; Samsonov et al., 2010; Pio et al., 2008). Laboratory
examination of wood burning emissions shows similar results, with the peaks in mass con-
centration of particles with diameters of around 0.1 pm (Hueglin et al., 1997). These findings
are consistent with the high PM;s/PM1o mass ratios observed in several wildfire smoke stud-
ies (Moore et al., 2006, Wu et al. 2006). This is the result of the dominant formation process

by condensation during flaming combustion.

Table 1.1 Emission factors for major pyrogenic species from fires in non-tropical forests. (Andreae and
Merlet ,2001)

Species | Emissions factors (g/kg dry fuel)” | Species | Emissions factors (g/kg dry fuel)
CO 1569 +131 NOy 3.0+14
CO; 107 =37 PM; s 13.0+7.0
CH, 4719 TPM™ 17.6 +6.4

"Emissions factor is defined as the amount of a compound released per amount of dry fuel
consumed.

““TPM: total particulate matter, airborne particulate matter with an upper size limit of ap-
proximately 100 pm in diameter

There are three principal components of PM from biomass burning: particulate organic
material (POM), black carbon, and trace inorganic species (Reid et al., 2005). In fresh dry
smoke particles, POM accounts for about 80% of the mass, followed by 5-9% for black car-
bon, and 12-15% for other trace inorganic species (Reid et al., 2005). Typical tracers regard-
ed as indicators of biomass burning include levoglucosan, potassium, and oxalate (Pio et al.,
2008; Okuda et al., 2002; Saarnio et al., 2010). While potassium and oxalate are plant nutri-
ents themselves, levoglucosan is commonly formed from the thermochemical decomposition

of carbohydrates in biomass, such as starch and cellulose (Lakshmanan & Hoelscher, 1970).



Compositions of PM vary by combustion efficiency and fuel type. Generally, particles from
the flaming phase have more black carbon and less organic carbon than particles from the
smoldering phase. Because the organic fraction of particles is mainly composed of unburned
material or incomplete combustion products, the composition of this fraction is largely de-
pendent on components of the fuel (Reid et al., 2005).

Wildfire smoke can be dispersed and transported on the regional, continental and inter-
continental scale. Small scale fires may impact surrounding areas, communities or cities
downwind, but smoke from large scale fires can be transported over vast distances. There
have been reports on long-range transport of Canadian wildfire smoke to places as far as
Greenland, the southeastern United States, and across the Atlantic Ocean to Europe (Hsu et
al., 1999; Formenti et al., 2002; Fiebig et al., 2002; Wandinger et al., 2002; Wotawa &
Trainer, 2000). With some even more extreme conditions, there have been hemispheric-scale
transports of smoke from forest fires in Russia and Australia, which travelled around the
world in about 15 days (Damoah et al., 2004; Dirksen et al., 2009). Generally, long-range
transport can occur when (1) intense heat in the smoke plume results in smoke being injected
high into the atmosphere, (2) strong convection from frontal or cyclone systems allow smoke
plumes to be lofted to the upper troposphere or even the lower stratosphere, resulting in rapid
transportation at high altitudes, and (3) rapid spread and persistent fires provide continuous

sources of smoke emissions.

1.3.2 Health impacts of wildfire smoke
Wildfire smoke can contribute to extensive air quality degradation, and poor air quality

is associated with many adverse human health effects. It follows that the public health im-
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pacts from wildfire smoke have been widely studied, especially in the past decade.

A recent study estimates that 339,000 deaths can be attributed to landscape fire smoke
exposure annually around the world and the most affected regions are Sub-Saharan Africa
and Southeast Asia where landscape fires can last for months in a year (Johnston et al., 2012).
In North America wildfires are mostly episodic, typically leading to very high smoke expo-
sures over short periods. Many of the constituents of wildfire smoke have been extensively
studied with respect to their adverse health effects. For example, CO is known to be highly
toxic to humans and animals because it can combine with hemoglobin, leading to ineffective-
ness for delivering oxygen to bodily tissues (Tikuisis et al., 1992). O3, another pollutant from
wildfire smoke, is a strong oxidant and can cause harm to lung function and the respiratory
system. Exposure to ozone has been associated with premature death, asthma, bronchitis,
heart attack, and other cardiopulmonary problems (Weinhold, 2008). However, these pollu-
tants are relatively short-lived and their health impacts are largely constrained to people in di-
rect contact with fires, such as firefighters and residents living very close to the fire source.
In addition, the health effects of these single gases are expected to be the same, regardless of
their source. Fine particulate matter (PM;5), on the other hand, can be suspended in the at-
mosphere for a long time and can be transported to large areas at great distances from a fire
source. Its size distribution and composition can vary considerably from different sources,
leading to potentially different health impacts. Thus, PM,s is the biggest concern from the
perspective of public health protection against wildfire smoke. Both toxicology experiments
and epidemiologic studies have associated wildfire smoke particulate matter exposure with a

range of health outcomes.
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1.3.2.1 Toxicological studies on health effects of woodsmoke

The size fraction of PM is one of the influential factors on its toxicology. It has been
demonstrated by in vitro toxicological studies that PM, s induces stronger cytotoxicity, muta-
genicity, DNA damage and stimulation of proinflammatory cytokine production than PMy,
This is mainly due to its deeper penetration into the lung and specific chemical compositions
(De Kok et al., 2006). Thus, PM emitted from sources such as biomass burning and mobile
vehicles, which have high PM;s/PM ratios, may be more toxic than PM generated from
sources such as dust storms with a larger fraction of coarse particles.

A review by Migliaccio et al. (2010) suggests that experimental studies involving dif-
ferent animal models have been conducted on the health concerns of episodic exposure to
wood smoke. Health effects of concern include general irritation, exacerbation of existing
cardiorespiratory conditions, and effects on immune system. Another review by Naeher et al.
(2007) concludes that the available toxicological studies indicate exposure to wood smoke
can significantly impact respiratory immune system, and can induce permanent impairment
in lung tissues at high doses. At the same time, wood smoke is genotoxic and potentially car-
cinogenic.

While both wood smoke and traffic-related PM are released from combustion process
and have similar size distributions, studies comparing the toxicity of the two have produced
inconsistent results. Several studies have found more DNA damage and higher genotoxicity
in wood smoke than in traffic-related PM (Danielsen et al. 2009; Forchhammer et al., 2012),
possibly due to the higher concentrations of PAHs in wood smoke (Danielsen et al. 2009,
Kocbach et al., 2008a; Samuelsen et al., 2008; Forchhammer et al., 2012). However,

Karlsson et al. (2006) and Kubatova et al. (2004) have found similar or lower genotoxicity in
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particles from wood smoke comparing traffic-related PM. In terms of the inflammatory po-
tential, traffic-related PM has been found more potent than wood smoke in studies where ex-
posure is longer than 12 hours (Kocbach et al., 2008b; Karlsson et al., 2006; Veronesi et al.,
2002). On the contrary, another study by Kocbach et al. (2008a) with exposures shorter than
12 hours, results in similar inflammatory response for traffic-related and wood smoke PM.
The inconsistency in these studies with different exposure time may indicate that the underly-
ing mechanisms for the two exposures to induce inflammation may be different and thus
have different patterns of effect with increasing exposure time. In a study on allergic effects,
wood smoke seems to exhibit less capacity of allergic sensitization than diesel exhaust parti-
cles (Samuelsen et al., 2008). These discrepancies in different studies may be attributed to
many factors, including the difference in the collected PM defined as "wood smoke" or "traf-
fic-related PM", different measurements of indicators and outcomes, different toxicological
behavior, and mechanisms of the particles from the two sources that may not be captured in
any specific experimental design.

Studies on wood smoke described above have mostly focused on wood smoke from
domestic heating instead of wildfire smoke. The characteristics and toxicity of PM from do-
mestic wood smoke and wildfire smoke may be different for a variety of reasons. Firstly, the
conditions of the fuel and the combustion environment are different for domestic heating and
wildfire. Secondly, the chemical components of the PM can be transformed to a large extent
during the transport of the wildfire smoke while most studies analyze exposure to domestic
wood smoke freshly produced. Only a few toxicological studies have examined the toxicity
of wildfire smoke PM specifically. Jalava et al. (2006) studied the inflammatory and cytotox-

ic effects of size-segregated PM from long-range transport of wildfire smoke in Finland. PM
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from wildfire smoke showed lower activity in cytokine production compared with PM of cor-
responding sizes from typical ambient air pollution. However, it suggested that enhanced cy-
totoxic activities per inhaled cubic meter of air were associated with wildfire episodes be-
cause of the greatly increased PM of accumulation size range, which was related to high
cytotoxixity. Wegesser et al. (2009) found that exposure to PM from wildfire in California
induced about 10-fold more damage to the lung in mice than normal ambient aerosols from
the same areas on an equal-dose basis, as measured by the evaluating several biomarkers of
lung function damage.

1.3.2.2  Epidemiologic studies on the population effects of wildfire smoke.

Epidemiologic studies are critical for evaluating the health impacts of wildfire smoke
because they investigate health responses in human populations. Naeher et al. (2007) re-
viewed epidemiologic studies on health effects from biomass burning in general. The work
summarized that several studies had found associations between wildfire and respiratory tract
illnesses, respiratory symptoms, and decreased lung function. Dennekamp & Abramson
(2011) conducted a review on respiratory health effects from vegetation fires in Asia-Pacific
region. They report that the association between respiratory morbidity and exposure to bush-
fire smoke was consistent with the associations found with urban air pollution. Henderson &
Johnston (2012) reviewed eight studies with varied approaches to wildfire smoke exposure
assessment and varied measures of respiratory outcomes and found consistent association be-
tween exposures and outcome. Table 1.2 provides a summary of selected studies that were
published since 2006. These studies suggests that sufficient evidence has been found to asso-
ciate wildfire smoke PM exposure with increased respiratory response symptoms, especially

in people with pre-existing respiratory diseases such as COPD and asthma, consistent with
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the three reviews mentioned previously. Evidence supporting the cardiovascular effects,
which is very limited in the previous reviews, has been reported in some recent studies. The
possibility and plausibility of the cardiovascular effects from wildfire smoke exposure is
based on studies of changes in biomarkers related to cardiovascular diseases, such as the
bone marrow response and systemic inflammation in forest firefighters as well as the general
population, after exposure to wildfire smoke PM (Tan et al., 2000; Swiston et al., 2008). A
recently published study reported that maternal exposure to wildfire events was associated
with slightly lower infant birth weights, but also suggested that more investigation was need-
ed in order to confirm this association as well as to assess alternative mechanistic pathways
besides exposure to wildfire smoke (such as impact of mental stress resulting from the fire

events) (Holstius et al., 2012).
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Table 1.2 Summary of epidemiologic studies of health effects from wildfire smoke published since 2006.

Endpoints meas-

Exposure assessment ured Results location Reference
Significant increase in relative risk for asthma,
Aeros_.ol optlca_l depth b)_/ Emergency De- cr_]ronlc obstructive p_u_lmonar_y disease, pneumo- North Carolina, | (Rappold et
satellite to decide peat fire - nia and acute bronchitis, cardiopulmonary symp-
. partment visits . . UsS al., 2011)
smoke density toms and heart failure were observed in smoke
exposed counties.
PMjo from nearest moni- . Elevated PM;, from forest fire smoke is associ-
. : : Physician o . N
toring stations and a dis- O ated with increased respiratory physician visits .
. ) Visits; . s British Colum- (Henderson
persion model; smoke : and hospital admissions. .
Hospital P : . bia, Canada etal., 2011)
coverage from remote .- Association with cardiovascular outcomes found
. admission
sensing data to be largely null.
Mortality; Hospi- | A 10 mg/m® increase in forest fire PM1o was as-
Monitoring stations PMy | tal sociated with a 1.24% (95% Cl: 0.22-2.27%) ;yd”ey’ Austral g'lv'ozrgfg)et

admission

increase in all respiratory hospital admissions.

Monitoring stations PM; 5

Emergency De-

No significant increase in emergency department
admission rate of patients with cardiac and pul-

San Diego, US

(Schranz et

to identify fire period partment visits monary morbidity after fire. al., 2010)
Emeraency De A9.1 mg/m3 increase in PM1o was associated Melbourne and
Monitoring stations PMyp, gency - . with a 1.8% (95% ClI: 0.4-3.3%) increase in res- ;
. ) partment visits; . L Gippsland (Tham et al.,
Airborne Particle Index for . . piratory-related ED presentations in Melbourne. .
. . Hospital admis- - . . - Region, Austral- 2009)
fine particles . No association with hospital admission was :
sion : ia
found after adjustment for confounders.
PMy level found to be a significant predictor for
.. ) 4 . : Hoopa Valley
L . Physician health care seeking for respiratory illness, circu- ; (Leeetal.,
Monitoring station PMjg . . . Indian Reserva-
visits latory illness, coronary artery disease and head- tion. CA. US 2009)

ache.
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Table 1.3 Summary of epidemiologic studies of health effects from wildfire smoke published since 2006. (Continued)

Exposure assessment el Results location Reference
measured
Zip-code level PM, 5 using Respiratory admissions strongly associated with
o . . . . Southern .
spatial interpolation from Hospital PM 5 level during than before and after fires. e (Delfino et al.,
: L < . . . California,
measured PM, s, satellite admission Limited evidence of impact on cardiovascular Us 2009)
smoke image and other factors admissions.
An increase of 10 pg/m® in same-day estimated
ambient PM;o was associated with a 4.81%
(95%Cl: -1.04%, 11.01%) increase in total res-
PMy, derived from visibility Hospital piratory admissions. Darwin, Aus- | (Hanigan et al.,
data by predictive model admission Negative association found for cardiovascular tralia 2008)
admissions for same day exposure while non-
significant positive association found two or
three days later.
Positive relationship found between PM10 and
. admissions for all respiratory conditions (OR: .
Monitoring station PMyg Hospltql 1.08, 95%CI: 0.98-1.18). Dar_wm, Aus- | (Johnston et al.,
admission o . tralia 2007)
No association between PM1g and cardiovascular
admissions overall.
Increased PM concentration above the federal
Monitoring stations PMxg, Emergency stand_ard resulted in a S|gn|f_|c_ant increase in San Diego, (Viswanathan et
Department hospital emergency room visits for asthma, res-
PM2s o ) L ) us al., 2006)
visits piratory problems, eye irritation, and smoke in-
halation.
Increased physician visits for respiratory diseas-
Monitoring stations PMyo, Physician es observed in one of the two communities im- Brltls:_h Co- (Moore et al.,
A . . pacted by smoke. lumbia, Can-
PM 5 to identify fire period visits . . . . 2006)
No increase in cardiovascular and mental dis- ada

gase Visits.
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1.3.3  Wildfire smoke PM exposure assessment and prediction
1.3.3.1  Monitoring network

Wildfire smoke exposure assessment is vital to both epidemiologic researchers and pub-
lic health practitioners. Conventional exposure assessment in epidemiologic studies relies
largely on air quality monitoring networks. Table 1.2 summarized the exposure assessment
methods used in some recent epidemiologic studies, and surface measurements were the most
common method used. In terms of public health protection, tools such as the Air Quality
Health Index (AQHI) in Canada and Air Quality Index (AQI) in the United States, monitor
and forecast air quality also based on surface monitoring networks, and they have been
commonly used to inform the public with advice on proper actions to protect their health dur-
ing air pollution events, including wildfire smoke episodes.

Although most commonly used, exposure assessment or public health communication
tools based on monitoring networks have two important limitations. First, they are not appli-
cable to places where monitoring stations are not available, which tend to be the more sparse-
ly populated areas where wildfires often burn. Second, PM measurements from monitors can
be invalid during heavy smoke periods due to high PM mass loadings, or due to stations be-
ing incapacitated from direct fire damage (Wu et al., 2006). Efforts have been made to devel-
op tools to supplement these limitations. For example, methods have been developed to esti-
mate AQHI during wildfire events using visibility measurements, which can be done simply
by observing visible landmarks at a wide range of distances with no special equipment and
minimal training. Such estimates can be made in areas where typical air quality monitoring
stations are not available (Taylor et al., 2012). Table 1.3 presents the PM,s concentrations

and AQHI that can be estimated by the corresponding visual range measurements.
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Table 1.4 The tool estimating PM, 5 concentrations and AQHI from visual range measurements (Taylor
et al., 2012).

Visual Range (kilometres) PM_ 5 (3-hr avg., pg/m®) AQHI
Greater than 35 O0to 15 1to 3 - Low risk
81035 15 to 65 4 t0 6 - Moderate risk
35t08 65 to 150 7 to 10 - High risk
<35 >150 11+ - Very high risk

1.3.3.2  Satellite remote sensing

Remote sensing can be defined as “the measurement of object properties on the earth’s
surface using data acquired from aircraft and satellites” (Schowengerdt, 2007, p.2). In other
words, remote sensing is measuring the object of interest at a distance, without physical con-
tact. Satellite remote sensing has been applied for atmospheric aerosol observation over the
past 30 years (Lee et al., 2009). The theory of aerosol observation by remote sensing is to
record radiation emitted either by the sun (passive sensor instruments) or by the sensor itself
(active sensor instruments) that is reflected back to the sensor. After decomposing the reflec-
tance signals emanating from atmospheric gases, aerosols, and the surface, information about
the aerosol thickness and other properties can be retrieved (Lee et al., 2009). Wildfire smoke,
consisting of high concentrations of aerosols, can also be observed by remote sensing tools.
Referring back to Table 1.2, there are some examples where exposure estimates incorporated
or were totally based on remote sensing techniques.

The Moderate Resolution Imaging Spectroradiometer (MODIS) is an instrument carried
by the Terra and Aqua satellites. The instruments can acquire data in 36 spectral bands,

measuring large-scale processes in the oceans, on land, and in the lower atmosphere (NASA,
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2012). Some of its products have been widely used for wildfire smoke observations, includ-
ing the MODIS true color images and the Aerosol Optical Depth (AOD). Figure 1.2 Shows
the MODIS true color image and AOD on 16 August, 2001, capturing widely dispersed wild-
fire smoke in the Lower Fraser Valley of BC.

Another widely used smoke identification and assessment tool based on remote sensing
data is the Hazard Mapping System (HMS) Fire and Smoke Product developed and main-
tained by the National Oceanic and Atmospheric Administration (NOAA) in the United
States (US). HMS is an interactive processing system in which trained analysts manually in-
tegrate data from various automated fire detection algorithms with images from different sat-
ellites and remote sensing instruments. Images are obtained from a total of seven satellites
operated by NOAA and the US National Aeronautics and Space Administration (NASA) to
provide continuous monitoring (Table 1.4). By incorporating the data from different satellites
and instruments, their individual limitations in spectral, temporal, or spatial resolution can be
largely overcome. Separate automated fire detection algorithms are applied to images ob-
tained from different instruments, while all of these algorithms are based on a certain tem-
perature threshold reached at a certain spectral channel within the infrared radiation band-
width of the sensor. In other words, if the temperature detected by a spectral channel at a cer-
tain wavelength is significantly increased, the associated pixel will be identified as hotspot,
indicating a potential fire event. Table 1.5 provides a summary of the algorithms used by dif-
ferent instruments. A standardized procedure is followed by trained NOAA analysts to delete
false detections resulting from heat sources other than fires, and to add hotspots missed by
automated detections. After this process is complete, visible imagery is used by analysts to

manually derive the outlines of smoke plumes. The final output is a display of the fire loca-
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tions and the outline of the smoke plumes over North America. A semi-quantitative estimate
of the smoke concentrations (in several concentration categories) is made for each smoke
plume based on the AOD data from the GOES Aerosol and Smoke Product (NOAA, 2011;
Ruminsk et al., 2006).

Remote sensing data can provide exposure estimates at a much finer spatial resolution
than monitoring networks, and are available for places not covered by monitoring networks.
On the other hand, there are some limitations for remote sensing data. First, they measures
the total column of air pollutants in the atmosphere rather than the ground level concentra-
tions of most concern to public health. At present there is no validated algorithm to convert
columnar measurements to the ground level fraction. The development of such an algorithm
is complex and location specific, requiring intensive research efforts. Second, clouds and

some specific land surfaces can affect the performance of remote sensing instruments.

Figure 1.2 MODIS true color image (left) and aerosol optical depth (right) on 16 August, 2001, showing a

widely dispersed smoke plume east of 121V longitude in Lower Fraser Valley of British Columbia
(Leithead et al., 2006).
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Table 1.5 Remote sensing data sources for Hazard Mapping System (HMS).

Data collected Satellite Instrument Features
High temporal
Geos;aa[t;;)nary ggggig 3.9m band and visible band sensors No:ﬁ?r?;lljtslggtial
resolution
NASA-
Terra Moderate Resolution Imaging Spectro- Hiah spatial )
y NASA.- radiometer (MODIS) 'gh spatial reso
Polar orbiting Aqua lution
data NOAA-15 Low temporal
Advanced Very High Resolution Radi- resolution
NOAA-L7 ometer (AVHRR)
NOAA-18
Table 1.6 Fire detection algorithms for remote sensing instruments used in HMS.
Instrument Algorithm Reference
WildFire-Automated Biomass Burning Algorithm:
If the observed brightness temperature for a pixel shows at least 4 | (Prins &

GOES [ Kelvin (K) and 1K increase over the background temperature for | Menzel,
the 3.9um and 11.2um spectral channels, respectively, it is identi- | 1992)
fied as hot spot.

Examine each pixel by exploiting the strong emission of infrared
radiation at the 4pum and 11um channel (i.e. the detected tempera-

MODIS ture T4 and T11). If T4>310 K, T4 -T11>10 K, a potential fire | (Giglio et
spot will be identified. More information from different channels | al., 2003)
will be included to assign classes of missing data, cloud, water,
non-fire, fire or unknown to each pixel.

Fire Identification, Mapping and Monitoring Algorithm:

AVHRR Use a threshold value of 320K for brightness temperature at the | (Li et al.,
3.7um channel images to identify potential fire pixels and use | 2000)
multi-channel information to remove false detects.
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1.3.3.3  Forecasting models

Both data from monitoring stations and remote sensing platforms can only provide ret-
rospective or near-real-time observations of air quality during wildfire events. From the per-
spective of public health protection, a tool that can effectively predict wildfire smoke in ad-
vance would be even more valuable. Forecasts have been implemented to communicate with
the public about many other potential health hazards, such as ultraviolet radiation, tempera-
ture, air quality, and pollen counts. By having tools to predict the hazard in advance, more
timely actions can be taken to inform the public and to provide information about mitigating
the adverse impacts before the exposure actually occurs. Given that wildfire smoke in North
America usually is a short-term exposure that can reach extremely high concentrations, the
timing of these actions is especially important. This is one of the motivations for developing
a wildfire smoke forecasting system.

In Europe, there is an operational wildfire-induced smoke forecasting framework

(http://silam.fmi.fi/, Sofiev et al., 2009) based on the combination of two systems: the Fire

Assimilation System (FAS), which evaluates the emission fluxes of primary PM from wild-
fires, and a chemical transport model called the System for Integrated Modeling of Atmos-
pheric Composition (SILAM). The FAS consists of two parallel branches based on the Tem-
perature Anomaly (TA) and Fire Radiative Power (FRP) measurements from the MODIS
Collection 4 and 5 Active Fire Products. The fire detection algorithm of MODIS has been
mentioned previously in Table 1.5, and Table 1.6 describes the algorithms used for these two
branches to convert fire information to PM, s emissions. Estimations of emissions will then

be input to the SILAM with meteorological information to compute the dispersion of fire
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smoke PM at a 25 km spatial resolution with 10 vertical layers up to 8 km of the altitude,
over the whole of Europe (Sofiev et al., 2009).

In the US, NOAA started to produce daily operational smoke particulate (PM,s) fore-
cast in 2007, using the NOAA Smoke Forecasting System (SFS) (Rolph et al., 2009). Table
1.7 provides brief descriptions of the models and databases used in this system. Fire hotspots
that may lead to continuous smoke emissions are identified by HMS, described in Section
1.3.3.2. Predictions of PM,5 emissions are made based on fire location and size, using the
emissions estimation module of the BlueSky smoke modeling framework. BlueSky is a fire
and smoke prediction tool originally developed to assist with wildfire containment and pre-
scribed burn decisions by considering information about fuel conditions and consumption
(Table 1.7). Emissions estimates and meteorological forecasts from the two models (Table
1.7) are both input for the Hybrid Single-Particle Lagrangian Integrated Trajectory
(HYSPLIT) dispersion model, which produces smoke forecasts over North and Central
America once daily. The output is a 15 km resolution grid of hourly (up to 60 hours in ad-
vance) averaged air concentrations of PM;s in the lowest 100 m layer, comparable with sur-

face air quality measurements (Rolph et al., 2009).

Table 1.7 Algorithms of converting fire information to PM, 5 emissions in the Fire Assimilation System.

Branch | Input fire data Conversion
Pixel bright- Multiplied with an empirical coefficient obtained from the calibra-
TA ness tempera- | tion between pixel brightness temperatures and surface observa-
ture tions of PM, s downwind of the fire in a fire episode in 2006.

Multiplied with empirical coefficients for three different land uses
obtained from the calibration between FRP and total column PM
derived from the aerosol optical depth (AOD) observed by
MODIS according to a study by Ichoku and Kaufman (2005).
Then relate the total PM to PM; s according to factors reported by
Andreae and Merlet (2001).

FRP FRP data”

"FRP is calculated as a function of the brightness temperature difference between the fire
pixel and the neighboring pixels.

24



Table 1.8 Descriptions of models/databases involved in the NOAA Smoke Forecasting System.

Model/Database

Description
(Reference)
Import fuel characteristics data directly from the Fuel Characteristic
CONSUME Classification System (FCCS), and output fuel consumption and

(FERA, 2011)

emissions by combustion phase. It can be used for most forest, shrub
and grasslands in North America.

NFDRS
(National Wildfire
Coordinating Group,

Provide ratings describing conditions that reflect the potential for a
fire to ignite and spread, taking into account factors including the ig-
nition temperatures of woody material, rates of combustion, the
moisture of extinction of various types of plant material, the chemical

2002) properties of woody debris, and heat energy potential.
NAMWRE A regional_, non-hydrostatic wegther forecast system for_North Amer-
(NCEP, 2012a) ica producing hourly forecasts in horizontal grid resolution of 12km
’ out to 84 hours.
GFS A global, spectral, hydrostatic weather forecast system producing

(NCEP, 2012b)

forecasts in horizontal grid resolution of 80km out to 384 hours.

HYSPLIT
(ARL, 2011; Rolph
et al., 2009)

A dispersion model calculating advection and diffusion within a La-
grangian framework following the transport, while calculating con-
centrations on a fixed grid in Eulerian approach.

Transport and dispersion calculation base on assuming:

e Puff dispersion: released puffs expand until they exceed the size
of the meteorological grid cell (either horizontally or vertically)
and then split into several new puffs, each with its share of the
pollutant mass.

e Particle dispersion: turbulent dispersal of an initial fixed number
of particles.

e Puff dispersion in horizontal and particle dispersion in vertical di-
rection.

1.3.4 BlueSky Western Canada Smoke Forecasting System

BlueSky is a modeling framework that was originally developed and maintained by the

US Forest Service AirFire Team for fire and smoke prediction. It is a tool that modularly
links different datasets and models. Basic modules within the framework include fuel loading,
total consumption, time rate of consumption, emissions, plume rise, and dispersion. New
modules can be added by users to suit their own needs. The determination of the specific
models and databases for each module depends on the region where the prediction is made,

the specific purpose, and the output requirements. This framework has been applied in a
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number of regional and national smoke and air quality prediction systems in North America
(AirFire, 2010).

The need for an operational smoke forecasting system in Canada was identified in 2007.
A pilot project to apply the BlueSky framework to BC and Alberta (BlueSky Western Cana-
da) was started in 2008. The conceptual outline of the system is illustrated in Figure 1.3. The
framework of this system is very similar to the NOAA SFS, with different inputs, such as a
different meteorological model and a different fire information processing system.

Fire information is obtained from the Canadian Wildland Fire Information System
maintained by Natural Resources Canada. The Fire Monitoring, Mapping and Modelling sys-
tem produces information about fire location and size derived from hotspots detected from
satellite sensors including AVHRR, MODIS, Satellite Pour I'Observation de la Terre Vegeta-
tion, Landsat's Thematic Mapper, and some thermal infrared scanners flown on board aircraft
for fire hotspots and fire intensity mapping over individual fires or small regions. The Cana-
dian Forest Fire Behavior Prediction system produces output including rate of fire spread, to-
tal fuel consumption, and head fire intensity based on the input of fuel type maps developed
by satellite image-based land cover classification and the National Forest Inventory. It also
includes weather, topography, foliar moisture, and other variables. (Sakiyama, 2011; Natural
Resources Canada, 2011) These data are input for the Fire Emission Production Simulator to
compute the plume rise and emissions of PM;s.

Meteorological information and prediction are produced by the Fifth-Generation
PSU/NCAR mesoscale model, known as MM5, run at the University of British Columbia
(UBC). MMS5 is “a limited-area, nonhydrostatic, terrain-following sigma-coordinate model

designed to simulate or predict mesoscale and regional-scale atmospheric circulation”
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(UCAR, 2008), and it can be relocated to support predictions globally by incorporating local
geographical characteristics and meteorological observations. The MM5 implementation at
UBC provides 4 km grid resolution hourly weather forecast two days in advance for BC and
Alberta. After the enhancement in 2011, forecasts in 12 km grid resolution for southern por-
tions of the Yukon, Northwest Territories and Nunavut and the northern US border States
(Washington, lIdaho, Montana, North Dakota, and Minnesota) are also available to support
the domain expansion. Data needed from MMS5 for HYSPLIT input include wind direction
and wind speed (Sakiyama, 2011). Emissions and meteorology information are then input to
the HYSPLIT model (see description in Tablel.7) to calculate dispersion and, ultimately,
ground level PM, 5 concentrations. The animation and Google Earth files of these hourly

PM. 5 concentration forecasts have been publicly available online* since 2010.

Daily Wildfire Location and Fuel Comsumption:
Canadian Wildland Fire Information System:
Fire Monitoring, Mapping and Modelling system,
National Forestry Inventory,

Fire Behavior Prediction (FBP) system,

Fire Emission Production Simulator

Hourly meteorological Forecast:
MMS Weather Forecast Model output for
B.C./Alberta at 4km grid resolution

HYSPLIT dispersion model:
University of British Columbia

Web Available Output:
wildfire location, animations of hourly smoke
plume trajectornies, ground-level PM, .
concentrations.

Figure 1.3 Conceptual outline of the BlueSky Western Canada smoke forecasting system (Sakiyama, 2011)

1 Smoke Forecasts for Western Canada: http://www.bcairquality.ca/bluesky/
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After its operation in the 2010 fire season, several improvements were made to Western
Canada Bluesky before the 2011 fire season. Firstly, the output of the enhanced system was
extended from 45N to 65N and from 85W to 145W in a latitude-longitude grid with 0.1 de-
gree spacing. Secondly, smoke from wildfires in the US border States was included in the
forecasts (Sakiyama, 2011). Thirdly, persistent smoke, which lasted through the forecast pe-

riod, was included.

1.3.5 Previous evaluation of wildfire smoke forecast system

A model needs to be evaluated with other comparable measurements to assess its per-
formance. Different statistical methods to evaluate model performance, both spatially and
temporally, were described by Mosca et al. (1998). In this thesis, two major aspects were
tested: the correlation and difference between the modeled and reference PM,s concentra-
tions (e.g. BlueSky PM, 5 estimates vs. monitoring station PM, s measurements), and the ex-
tent of spatial overlap between modeled and reference plume trajectories (e.g. BlueSky
plumes vs. HMS plumes). An indicator called the figure of merit in space (FMS) was used to
evaluate the extent of overlap, , which is defined as “the percentage of overlap between the

measured and predicted areas”:

App N Apr
FMS=——x 100%
Aop U Apr

Where Apr = area of the prediction, and Aog = area of the observation, Agg N Apg IS
the intersection of the plume areas of observation and prediction, and Agg U Apg IS the union
of the two plume areas.

Sofiev et al. (2009) evaluated the European fire assimilation system by comparing its

predictions during two fire episodes with total PM mass in atmospheric columns derived
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from MODIS observations and in-situ observations of PMjo at monitoring stations. Individu-
al mean values and correlation coefficients between observations and predictions were com-
puted as indicators of agreement. Predicted PM mass differed by approximately 30% from
the observations, and the correlation coefficients were 0.3 and 0.5 for the TA and FRP
branches, respectively.

The performance of the NOAA SFS in the 2007 fire season was evaluated by Rolph et
al. (2009). The FMS described by Mosca et al. (1998) and another indicator called measure
of effectiveness (MOE) were used as indicators of the spatial agreement between SFS predic-
tions, with the HMS plumes as the reference. MOE is a two-dimensional measure introduced

by Warner et al. (2004), described as:

A A Aqrr — A A — A A A
MOE — (X, ) — ov oV — OB FN OB Fp — _ FN ’ 1 _ ﬂ
Y Apg

Ao’ Apr Ao~ Am Aog
where Agn = area of false negative, Arp = area of false positive, Aoy = area of overlap, Apr =
area of the prediction, and Aog = area of the observation. FMS scores during three fire events
between the NOAA SFS 24-hour predicted and HMS observed plumes ranged from 0.02 to
0.40

Larkin et al. (2009) performed a case study evaluation of the BlueSky smoke modeling
framework applied in the United States at two locations. The focus of the study was inter-
model evaluation, primarily investigating the impact of model choices within the BlueSky
framework. The forecasting output was compared visually with plumes observed by satellites
(HMS and MODIS) and predicted values were compared with data from monitors using box-
plots. The results suggest that the output is sensitive to choices regarding different fuel load-
ing, consumption models, and assumptions about the fire behavior (number of fire plumes

derived from the released heat). Agreement between plume shapes was generally good, and
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estimated concentrations generally underpredicted the surface measurements, but no statisti-
cal results were reported. The highest FMS score for individual events was found to approach
60% and the average scores were around 10%.

An unpublished report by Klikach (2011) evaluated the performance of the BlueSky
Western Canada System in Alberta. It examined the magnitude, timing, and shape of the
monitoring observations versus the predictions from BlueSky, by simple time-series plotting
and comparison of the descriptive statistics. It concluded that BlueSky tended to underpredict
PM, 5 concentrations, and that estimates dropped off quickly while the smoke continued to
linger at the monitoring sites. In addition, the model tended to predict the peak of a fire event
too early. While this study provided many qualitative insights on the model performance, the
utility of its conclusions is limited by its lack of sophisticated statistical analysis.

Overall, there has been few systematic evaluations of BlueSky performanceto date, and
none in BC. This thesis research fills the knowledge gap, and provides valuable information
for the ongoing development of the system. More importantly, this study is the first to report
the association between wildfire smoke predictions and population health outcome measures.
To support the use of predictions from a forecasting model for advising public health actions,
evidence on this association is needed.

There are two main components in this thesis study: (1) evaluation of the BlueSky pre-
diction model and (2) assessment of the association between BlueSky predictions and health
outcomes. Chapters 2 and 3 will describe the methods and results for these two components,

respectively.
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2. BlueSky prediction model evaluation

This chapter describes the first part of the thesis study, which is to evaluate the perfor-
mance of the Western Canada BlueSky System in BC during the 2010 fire season by (1)
comparing the BlueSky PM,s predictions with ground-level monitoring stations measure-
ments, and (2) comparing the shape and size of BlueSky plumes with those recorded by the

Hazard Mapping System (HMS, described in Section1.3.3.2).

2.1 Methods

This section illustrates the methods used in the process of data collection and prepara-
tion, as well as the statistical analyses applied for model evaluation. Section 2.1.1 describes
the process of data collection and preparation. In this process, BlueSky predictions, HMS
smoke plume images, and monitoring PM,s measurements were retrieved. They were con-
verted to proper formats ready for display and manipulation. Hourly predictions and meas-
urements were used to calculate daily averages. Section 2.1.2 introduces the statistics used
for comparing locations, sizes, and shapes of smoke plumes predicted by BlueSky and ob-
served by HMS images. It also introduces the statistics for the three types of analyses used to

compare the agreement between BlueSky PM; s predictions and measured concentrations.
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2.1.1 Data collection and preparation
2.1.1.1  BlueSky predictions

The BlueSky data were retrieved in June, 2011 from the server in the Department of
Earth and Ocean Science, University of British Columbia, where the BlueSky model was run.
The data obtained were “rerun” predictions for July 24 to August 29", 2010, a time frame
covering the major wildfire events in 2010 season (see Section 1.1.3). By “rerun” predictions,
it is meant that the 2010 fire smoke emissions and meteorological data were used as input to
compute the predictions using the newly improved BlueSky system in 2011. As mentioned in
Section 1.3.4, after the official launch in 2010, the BlueSky system was improved for the
2011 season. Evaluating the new system was more appropriate for our goal. As shown in
Figure 2.1, predictions were run once daily for the next 60 hours, beginning with 00:00 Co-
ordinated Universal Time (UTC) time.

Hourly predictions were converted to formats that could be read and analysed, and then
the daily averages were calculated. When originally retrieved from the server, the output of
predictions from each run were contained in a single NetCDF file, a format that could not be
read and manipulated using conventional tools. Thus, the data were converted to 60 ASCII
files of hourly predictions and two ASCII files of daily average of these hourly predictions
by running scripts in Python 2.7 and R (version 2.13.0) (see Figure 2.2). These scripts are at-
tached in Appendix A. The daily average was calculated from hourly files from midnight to
midnight in Pacific Daylight Time (PDT), as the analysis was restricted in British Columbia.
The first daily average was calculated with the first 24 hours of a complete day in PDT time,
and the second daily average was calculated with the 24 hours in next complete day. For ex-

ample (see Figure 2.1), from the predictions made at 17:00 PDT on July 23rd, we would have
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a 24-hour prediction for July 24™ and a 48-hour prediction for July 25™.

The ASCII files of daily averages were imported in ArcMap 10.0 (ESRI, Redlands, Cal-
ifornia) and converted to raster files using the “ASCII to raster” conversion tool. The outline
of the raster pixels with values larger than zero was defined as BlueSky Plume, which could
then be compared with the HMS Plume defined in Section 2.1.1.2.

In order to compare the BlueSky PM;s estimates with the monitoring measurements,
values from the raster file at the selected monitoring locations (see Section 2.1.1.3) were ex-
tracted using the spatial analysis tool “Extract values to points”. This process is presented in

Figure 2.3.

00:00 Jul 24, UTC 00:00Jul 25, UTC | | 00:00 Jul 26, UTC |

.................................................. 5808
LB 0000000000000 00 ""-T ---------------------- o0

00:00 Jul 24, PDT | 24-hprediction for Jul 24 00:00 Jul 25, PDT 48-h prediction for Jul 25 | 00:00 Jul 26, PDT |

Figure 2.1 Example of the two daily averages computed from predictions made on July 24™.

Prediction made on each day includes 60 hourly predictions (the blue dots), beginning at 0:00 UTC time

Retrieve data from server

NetCDF file

l Execute codes in Python

CSV file

l ExecutecodesinR

ASClII files of hourly predictions and daily averages

Figure 2.2 Diagram of data format conversion process.
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Figure 2.3 Process diagram of extraction of BlueSky values for monitoring locations in ArcGIS.

Circles in blue indicate the input files. Squares in yellow indicate the ArcGIS tools used in the
process. Circles in green indicate the outputs of each step.

2.1.1.2  Hazard Mapping System (HMS) Images

The shape and size of smoke plumes predicted by BlueSky were evaluated using HMS
smoke plumes based on multiple satellite images. The daily images of smoke plumes from
HMS were retrieved from a public ftp site maintained by NOAA. The data retrieved were in
shapefile format, which could be imported directly into AcrMap for analysis. Each of the
HMS image files included different layers of smoke plumes drawn during different times of
the day, and a rough estimate of the smoke density assigned to each smoke plume layer by
the NOAA analysts. In order to compare the plume extent with BlueSky plume, all of the
HMS plume layers from a single day were dissolved into one combined plume, regardless of
the density estimates. This was done in ArcMap using the “Dissolve” tool (see Figure 2.4).

The semi-quantitative estimates of smoke density for the HMS plumes were not used in our
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analysis. Every HMS smoke plume was in fact the “footprint” of the smoke detected by one
or several instruments during multiple time periods in a day. In other words, smoke could be
travelling anywhere within the smoke plume outline during the period and the exact time dur-
ing which the smoke of a certain density actually covered a specific region was not recorded.
In addition, these observation time periods were varied between different smoke plumes rec-
orded on a same day. These characteristics of the HMS plume data made it difficult to calcu-
late a reasonable hourly or daily average of the smoke densities comparable with the BlueSky

smoke plumes.

Figure 2.4 Diagram of dissolving multiple HMS smoke plumes in a day into one.
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2.1.1.3  Monitoring Measurements

The accuracy of BlueSky PM; s predictions was evaluated using ground-level monitor-
ing station measurement. Hourly PM,s measurements from a total of 55 ground-level moni-
toring stations in BC were retrieved from BC Ministry of Environment and Metro Vancouver.
Locations of these monitoring stations in latitude and longitude were retrieved from the BC
air data archive website maintained by the BC Ministry of Environment. As some regions
had multiple monitors, 36 out of the 55 monitors were selected (see Figure 2.5). The selec-
tion was based on two criteria. First, only one monitor was selected for each place name (for
example, there were four stations with a name beginning with “Prince George” and only one
of them would be selected). The choice of specific monitor was based on the completeness of
the data, meaning the one with more complete data during the study period would be chosen.
Second, for a small geographical region with densely distributed monitors, such as the Lower
Mainland, monitors with more complete data and more sensitive to forest fire smoke were se-
lected. The sensitivity of the monitors to forest fire smoke was assessed using the study re-
sults by Keane (2012). This study compared PM, s concentrations observed by monitors in
Lower Mainland on days with and without forest fire smoke. Monitors with larger difference
in PM, 5 values on smoke and non-smoke days were considered to be more sensitive to fire
smoke.

Daily averages were computed from the hourly records from midnight to midnight, PDT.
The daily averages were set to missing if 6 hours or more of the hourly data in total, or 3
hours or more of the hourly data consecutively were missing on that day. Records of filter
pressure (FP), a measure of the filter’s loading, for the PM, s measurement in corresponding

monitoring stations were also retrieved from the BC Ministry of Environment website. When
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FP was larger than 60%, the filter could be considered overloaded and the PM, s measure-

ment during these periods might not be reliable. As a result, data measured with FP larger

than 60% were also considered missing. The FP data were not available for some of the mon-

itoring stations selected (see Figure 2.5), but this was considered unlikely to affect the results

because stations without FP records were in areas with limited wildfire smoke impact in 2010.

PM, 5 concentrations were measured by either a tapered element oscillating microbal-

ance (TEOM) or a Beta-Attenuation Mass (BAM) monitor. The instrument used in different

monitoring stations is shown in Figure 2.5.

A

> O

FP data availability, instrument

N, BAM_1020
N, TEOM
Y, BAM_1020
Y, TEOM

o
o0
© % ©

&)
e’

A

Figure 2.5 Monitoring stations selected to include in the evaluation and instrument used for PM meas-

urement.

Circles and triangles indicate the use of BAM-1020 and TEOM, respectively. Labels in blue are stations

without FP records (N) and those in red indicate stations with FP record available (Y).
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2.1.2  Statistical Analyses
2.1.2.1 Comparison between BlueSky and HMS

The sizes and locations of smoke plumes were compared between BlueSky and HMS.
BlueSky plumes were defined as the polygons of pixels with values larger than zero in the
BlueSky prediction raster file. This approach was analogous to the approach of dissolving all
HMS plumes into one plume, regardless of their density classifications.

As the scope of the study was set to be within BC, both the BlueSky and HMS plumes were
first intersected with the BC boundary. Then the two plumes were overlaid in ArcMap, and the
areas of the BlueSky plume (Agiuesky), HMS plume (Anwms), the intersection of the two (Agiuesky N

Anms) and the union of the two (Agiwesky U Anms) Were calculated for each day (Figure 2.6).

% Intersection

Union

BC boundary

Figure 2.6 Illustration of plume overlaying in ArcGIS to calculate area of BlueSky and HMS plumes as well

as their intersection and union.
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To quantitatively assess the extent of agreement, a spatial statistic called the figure of merit
in space (FMS) was applied (Equation 2.1). The FMS ranges from 0 to 1, with a higher FMS in-
dicating better agreement between the HMS and BlueSky smoke plumes. Daily FMS values were
plotted in time-series to show the spatial agreement between the two plumes at different time

points.

FMS = 2imstiBtuesky o 90005 Equation 2.1

AHMSYABluesky

2.1.2.2  Comparison between BlueSky and monitoring measurements

The daily averages of BlueSky predicted PM,5s concentrations were compared with the
monitoring station measured PM;s concentrations by computing model evaluation statistics in
three different analyses: global, temporal, and spatial. Together, these analyses showed the over-
all, temporal and spatial agreement between PM, 5 predictions and measurements, respectively.

A total of four model evaluation statistics, including Pearson’s correlation coefficient (r),
index of agreement (I0A), normalized root mean square error (NRMSE), and fractional bias (FB)
were calculated between values predicted by BlueSky and measured by monitoring stations. The
formulas for these statistics are presented in Table 2.1.

In the global analysis, all predicted and observed values at any time and location were in-
cluded in the calculation. The overall agreement and tendency to underpredict or overpredict was
examined. Bland-Altman plots (Altman & Bland, 1983), which indicate the difference between
prediction and measurement against the average of prediction and measurement, were also used
in this analysis to visualize the overall agreement.

In the spatial analysis, BlueSky predicted and monitoring station observed values were
compared at a fixed time for all locations. This analysis was used to examine whether locations

with high/low observed concentrations had high/low predictions at a specific time.
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In the temporal analysis, a whole time series of BlueSky predicted and monitoring station

observed values was compared for a fixed location. This analysis was used to examine whether

high/low predictions were made at a specific location when high/low concentrations were ob-

served.

Table 2.1 Model evaluation statistics.

Statistics Acronym Formula* JeLEUVEILE
(range)
N — J—
Correlation coefficient r Iilz(Oi —OXPi - P) 1
r=—iL [-1,1]
0,0,
N
>R -0;)
1 i=1 1
Index of agreement IOA I0A=1-— - — [0.1]
>p - P +‘o, —o)
i=1
. N 2
Normalized root mean NRMSE NZ(R -0,) 0
squared error NRMSE = = 5 [0,+00]
P-0
Fractional Bias FB FB = ( — l 0
05(P+0) [-2,2]

* Oj = the ith observation from monitor, P; = the ith prediction from BlueSky, O = the mean of
observations, P = the mean of predictions, Opax = the maximum value of observations, Opn =

.. . o .. .
the minimum value of observations, ~ © = standard deviation of observations,

viation of predictions.

standard de-
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2.2 Results

2.2.1  Plume comparison between BlueSky and HMS

Figure 2.7 presents the daily smoke plume areas observed by HMS and predicted by
BlueSky during the whole study period. The two peaks in smoke plume area clearly correspond-
ed with the two major fire events. HMS generally produced larger smoke plumes than BlueSky
during major fire events. This is also the conclusion from Table 2.2, which summarizes the
smoke plume sizes in terms of absolute area and the percentage of BC covered. BlueSky 24-hour
predictions produced slightly larger plumes than the 48-hour predictions, especially at the begin-

ning of the fire events.

BlueSky-24h
8e+05 - == BlueSky-48h
HMS
NE 6e+05 -
©
N
o 4e+05 -
E A
o . \
2e+05 - \
T I T I I
26-Jul 02-Aug 09-Aug 16-Aug 23-Aug

Date

Figure 2.7 Smoke plume areas observed by HMS and predicted by BlueSky daily during the study period.

Figure 2.8 shows the daily FMS scores calculated from BlueSky and HMS. Higher FMS in-
dicates better agreement in space between the observed and predicted smoke plumes. The mean
FMS score for the 24-hour predictions was 0.18, with a range between 0 to 0.59. The mean FMS

score for the 48-hour predictions was 0.21, with a range between 0 to 0.52. As indicated in the
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figure, high FMS scores were observed during the major fire event periods. FMS scores for the
24-hour predictions were generally higher than the 48-hour predictions, especially at the begin-

ning of the major fire events.

Table 2.2 Summary of smoke plume areas observed by HMS and predicted by BlueSky.

Mean (km?) Minimum (km?) Maximum (km?)
(% of BC area) (% of BC area) (% of BC area)
HMS 334,500 580 936,400
(35.22%) (0.06%) (98.59%)
212,500 111 474,400
ST (22.37%) (0.01%) (49.94%)
153,200 2,137 338,500
Bl (16.13%) (0.23%) (35.64%)
BlueSky-24h k
== BlueSky-48h
0.5 -
0.4 -
0N0.3
=
L
0_2 — F 5
0.1
0.0 -
26-Jul 02-Aug 09-Aug 16-Aug 23-Aug
Date

Figure 2.8 Daily Figure of Merit in space (FMS) comparing BlueSky predictions with HMS observations.
The orange background indicates the major fire events during the study period. The red and blue dots are
FMS computed from the BlueSky 24-hour and BlueSky 48-hour predictions, respectively.
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2.2.2 Comparison between BlueSky and monitoring measurements

Table 2.3 summarizes the descriptive statistics for the PM,s concentrations measured by
monitors and predicted by BlueSky 24-hour or 48-hour in advance, at 36 locations in British Co-
lumbia between July 24™ and August 25", 2010. As suggested in the table, a large proportion of
the BlueSky predictions were zeros (indicating no predicted smoke). Figure 2.9 shows the histo-
gram of the PM, 5 concentrations measured by monitors and predicted by BlueSky, excluding all

of the zero values.

Table 2.3 Descriptive statistics of PM, 5 concentrations measured by monitors and predicted by BlueSky.
Mean, median, maximum (Max), minimum (Min) and standard deviation (SD) are in pg/m>. n.valid is the

number of valid records, n.zero is the number of zero values in the records.

Exposure n. valid n. zero Mean Median Max Min SD

Monitor 1021 0 11.27 6.2 176.41 0.12 17.85
BlueSky-24h 1080 700 18.58 0 5483.00 0 177.87
BlueSky-48h 1050 772 7.67 0 1657.50 0 61.00
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Figure 2.9 Histograms of PM, s concentrations measured by monitors and predicted by BlueSky (excluding
Zeros).

The top figure for monitor had a different scale of y-axis from the ones for BlueSky predictions.
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2.2.2.1  Global analysis

Table 2.4 presents the results of the model evaluation statistics for the global analysis, cal-
culated with data from all times and all locations. Statistics for both the whole dataset and the da-
taset excluding the records with zero values in the BlueSky predictions were calculated and pre-
sented, in order to illustrate and eliminate the impact of the zero values on the results. Results
show that the zero values influenced the NRMSE and FB statistics, but not the IOA and correla-
tion statistics. All statistics indicated that BlueSky 48-hour predictions had better agreement with
the monitoring measurements than the 24-hour predictions. Figure 2.11 shows two Bland-
Altman plots with the 24-hour and 48-hour BlueSky predictions (excluding zeros) and monitor-
ing data. The extreme differences came from BlueSky overpredictions that occurred more fre-

quently in the 24-hour predictions than in the 48-hour predictions.

Table 2.4 Model evaluation statistics for global analysis with all data and data excluding records with zero
BlueSky predictions.

I0A = index of agreement, r = Pearson’s correlation coefficient, NRMSE = normalized root mean squared
error, FB = fractional bias.

All data included Data excluding zero

I0A r NRMSE FB I0A r NRMSE | FB

BlueSky-24h 0.35 0.29 27.2 0.49 0.32 0.27 44.9 1.03

BlueSky-48h 0.53 0.40 18 -0.45 0.51 0.40 32.6 0.25
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Figure 2.10 Bland-Altman plots of BlueSky 24-hour (top) and 48-hour predictions (bottom) comparing to
monitoring measurements.

The x-axis is the average of BlueSky predictions and monitor measurements and y-axis is the difference
between the two. The mean and confidence interval of the difference are indicated in the figures as well
as the corresponding overall fractional bias (FB). Points above the zero in vertical suggest
overpredictions from BlueSky compared with monitors.
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2.2.2.2  Spatial analysis

In the spatial analysis, model evaluation statistics were calculated for each day using predic-
tions and measurements from all locations. Table 2.5 summarizes the averages of these daily sta-
tistics. The 24-hour and 48-hour predictions had similar averaged 10A and correlations, but dif-
ferent NRMSE and FB values. Figures 2.11 to 2.14 show plots of the statistics calculated from
all selected locations on each day. Variability was clear in the IOA (Figure 2.11) and the correla-
tion coefficients (Figure 2.12) during the study period. Overall, better IOA and correlation values
were observed in the middle of the fire periods (time periods with orange background in the fig-
ure), and this trend was more consistent during the second fire period. Several extremely large
values of NRMSE were observed (Figure 2.13). When extreme values (greater than 100%) were
excluded, the range of NRMSE was between 20% and 80%. Days with extremely high NRMSE
will be described in the following paragraph. In Figure 2.14, the FB values are mostly negative,
indicating the BlueSky predictions were smaller than the measurements during periods without
major fire events. This is reasonable considering that BlueSky predictions at most locations were
zero, while monitors were still detecting PM, s from other local sources. In the middle of the fire
period, FB tended to be positive or negative to a lesser extent. Overall, all of the statistics sug-
gested that BlueSky produced forecasts in better agreement with monitoring measurements in the
middle of the major fire periods. More frequent and large-scale overpredictions from BlueSky

were observed.

Table 2.5 Averages (ranges) of the model evaluation statistics from spatial analysis.

Averages (ranges) of the statistics calculated from BlueSky predictions and monitoring measurements at dif-
ferent locations on each day.

I0A r NRMSE (%) FB

BlueSky-24h | 0.40 (0.01-0.84) | 0.31(-0.37-0.87) | 112 (20-1249) | -0.47 (-2.00-1.72)

BlueSky-48h | 0.41(0.02-0.82) | 0.32(-0.17-0.92) | 66 (16-538) | -0.91 (-2.00-1.03)
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According to Figure 2.13, there were six days (four days of BlueSky 24-hour predictions
and two days of BlueSky 48-hour predictions) with NRMSE larger than 200%, suggesting large-
scale disagreement between BlueSky predictions and monitoring measurements. Figure 2.15 and
2.16 visually compare the spatial agreement between BlueSky predictions (24-hour and 48-hour,
respectively) and HMS plumes as well as monitoring data on these six days. Specifically, on
most of these days, BlueSky produced smoke plumes with high concentrations in the Vancouver
Coastal region, which was not reflected by monitoring measurements and HMS plumes. Several
explanations are possible. Because this region is densely populated it has a dense air quality
monitoring network, so disagreement between predicted and observed smoke is more likely to be
captured by the analysis. At the same time, fires that develop in such a populated region are like-
ly to be extinguished quickly, so their real impact may be much smaller than that predicted by
BlueSky, which cannot account for human intervention. Finally, it could simply reflect poor
BlueSky performance during that period, where the models predicted some entrainment of

smoke from the layers aloft that did not actually occur.

08 1 4 BlueSky-24h
BlueSky-48h
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Date

Figure 2.11 Daily index of agreement (10A).
Orange background indicates the major fire events during the study period. Red and blue dots are IOA com-

puted from BlueSky 24-hour and 48-hour predictions, respectively, with monitoring measurements.
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Figure 2.12 Daily Pearson’s correlation coefficient (r).
Orange background indicates the major fire events during the study period. Red and blue dots are correla-

tions computed from BlueSky 24-hour and 48-hour predictions, respectively, with monitoring measurements.
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Figure 2.13 Daily normalized root mean squared error (NRMSE).
Orange background indicates the major fire events during the study period. Red and blue dots are NRMSE

computed from BlueSky 24-hour and 48-hour predictions, respectively, with monitoring measurements.
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Figure 2.14 Daily averaged fractional bias (FB).

The top and bottom figures are daily FB computed from BlueSky 24-hour and 48-hour predictions, respec-
tively, with monitoring measurements. The orange background indicates the major fire events during the
study period. FB larger than 0 indicates overprediction from BlueSky and FB smaller than 0 indicates

underprediction from BlueSky.
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Figure 2.15 Spatial comparison of BlueSky 24-hour predictions, HMS, and monitoring outputs on days with

normalized root mean squared error larger than 200%.
Colors in circles indicate concentrations measured by monitors, in the same color scale as the background of

the BlueSky output rasters. Grey dots indicate malfunctioning monitors.

Figure 2.16 Spatial comparison of BlueSky 48-hour predictions, HMS, and monitoring outputs on days with

normalized root mean squared error larger than 200%.
Colors in circles indicate concentrations measured by monitors, in the same color scale as the background of

the BlueSky output rasters.
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2.2.2.3  Temporal analysis

Table 2.6 summarizes the evaluation statistics calculated from the temporal analyses us-
ing all selected monitors in BC. Similar to the results of the spatial analysis (Section 2.2.2.2),
improved evaluation statistics were observed from the 48-hour predictions compared with the
24-hour predictions. In addition, agreement between the monitoring data and the BlueSky output
was more variable for the 24-hour predictions than for the 48-hour predictions. Figures 2.17
through 2.20 show the maps of the statistics resulting from the temporal analyses. Generally bet-
ter agreement was observed in the Central Interior of BC, where wildfire smoke had the most se-
vere and lasting impacts in 2010. This pattern was more obvious with the 24-hour predictions.
When referring to the distribution of FB for the 24-hour predictions in Figure 2.20 (left figure),
more overpredictions were observed in the Lower Fraser Valley and South Vancouver Island re-
gions while more underpredictions were observed in the Southern Interior.

In summary, smoke plumes predicted by BlueSky were generally smaller than those ob-
served by HMS. The agreement between the two was comparable with other existing smoke
forecasting systems and especially good agreement was observed during the middle of the fire
periods. PM;s predictions from BlueSky agreed well with monitoring measurements in areas se-
verely and consistently impacted by wildfire smoke during the middle of the fire periods.
BlueSky tended to overpredict high concentrations.

Table 2.6 Averages (ranges) of the model evaluation statistics from temporal analysis.

Averages (ranges) of the statistics calculated from BlueSKy predictions and monitoring measurements on dif-
ferent days at each location.

I0A r NRMSE (%) FB

BlueSky-24h | 0.7 (0-0.88) | 0.11(-0.17-0.83) | 109 (24-648) | -0.25 (-1.91-1.73)

BlueSky-48h | 0.46(0.02-0.80) | 0.31(-0.36-0.86) | 52 (20-224) | -1.06 (-1.97-1.30)
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Figure 2.17 Index of agreement (I0A) from temporal analysis at different locations in British Columbia.
10A for 24-hour predictions on the left and 10A for 48-hour predictions on the right. The color of the dots

corresponds to the value of I0A.
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Figure 2.18 Correlation coefficients (r) from temporal analysis at different locations in British Columbia.

Values of r for 24-hour predictions on the left and values of r for 48-hour predictions on the right. The color

of the dots corresponds to the value of r.
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Figure 2.20 Fractional bias (FB) from temporal analysis at different locations in British Columbia.
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3. Association between BlueSky predictions and
respiratory health outcomes

This chapter describes the second objective of the thesis study, which was to assess the
association between BlueSky predictions of PM, 5 concentrations with respiratory health out-
come indicators during the forest fire periods in 2010 summer in BC. As reference, the asso-
ciation between the health outcome indicators and ground-level monitoring station measured
PM, s concentrations as well as the smoke coverage indicated by HMS images are also pre-
sented. This is the first study to relate wildfire smoke predictions to public health outcomes

of any kind.

3.1 Methods

This section describes (1) the methods used to collect the respiratory health outcome da-
ta, (2) the methods used to assign exposure variables from the BlueSky model, monitoring
measurements, and HMS images to each of the local health areas, and (3) the statistical anal-
yses applied to assess the association between exposure and health outcomes.

The first step was to gather all data needed: (1) health outcome data, including salbuta-
mol dispensations for respiratory symptoms and MSP claims of physician visits for asthma;
(2) exposure data, including BlueSky predicted and HMS observed smoke plume coverage as
well as BlueSky predicted and monitoring measured PM, s concentrations assigned to each
LHA; and (3) data for other covariates included in the statistical model.

A total of twelve Poisson regressions were conducted to estimate the independent fixed
effects of the six exposure variables (three continuous and three binominal) on two health
outcome variables. In addition, four other covariates were included in each of the regressions.
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The coefficients of the exposure variables from the regressions were used to compute the rel-
ative risks of the health outcome from the increased exposure.

The following sections will describe these processes in detail.

3.1.1 Health outcome data

Data for two respiratory health outcome indicators were retrieved from Environmental
Health Services in the British Columbia Center for Disease Control (BCCDC):

(1) Medication dispensations, the daily counts of salbutamol sulfate prescriptions dis-
pensed in each of the 85 LHAs with available data in BC (see Figure 3.1). Salbutamol sulfate
is commonly used for the relief of bronchospasm caused by asthma or other chronic airways
diseases, and is usually delivered through an inhaler. Its daily counts during the study period
were extracted from the BC PharmaNet database. In BC, the law requires every prescription
dispensed in the province be recorded in this database.

(2) Physician visits, the daily counts of medical service plan (MSP) claims of general
services for asthma (ICD code 493) within each of the 73 LHAs with available data in BC
(see Figure 3.1). Data from LHASs on the Vancouver Island were not included in the dataset
because the Vancouver Island Health Authority chose not to participate in the surveillance
program for which the data were collected. This region was not heavily affected by smoke
during the summer of 2010.

These daily health outcome counts were divided by the total population of the corre-
sponding LHA, resulting in the daily health outcome rates for each of the LHAs. The total
population for each LHA was calculated from the Dissimilation Area population counts ob-

tained from the 2006 census collected by Statistics Canada.
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Figure 3.1 Local health areas (LHA) with pharmaceutical and MSP data.
Crosshatched areas are LHAs with pharmaceutical data and areas in pink are LHAs with MSP physician

visit data.

3.1.2 Exposure data

A total of six exposure variables (three binary and three continuous) were derived from
the BlueSky predictions, monitoring station measurements, and HMS images. The collection
of these data has been described previously in Section 2.1.1 and this section describes the
method used to assign values to LHAs.

Within each LHA, there are different numbers (ranging from 3 to 474) of dissemination
area (DA) centroids with population records (see Figure 3.2). These population centroids

were the units used to assign exposure values to the LHAs.
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Figure 3.2 Population centroids in British Columbia.

Two continuous variables were created from the BlueSky predictions (BlueSky 24-h
and BlueSky 48-h). The daily average BlueSky prediction raster was overlaid with the popu-
lation centroids, and the PM, 5 values of the pixels underlying the DA centroids were extract-
ed in ArcMap. Next, a population weighted average of the PM, s predictions was calculated

for the LHA using Equation 3.1:

3 X1p, +X2p, + o+ Xyp, _
X = Equation 3.1
p,+p,+ +p,

where X is the population weighted average prediction assigned to the LHA, X, is the concen-

tration assigned to the DA centroid and p,, is the population of the corresponding DA.
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In addition, two binary variables (BlueSky-cover-24h and BlueSky-cover-48h) were de-
rived from the BlueSky predictions. LHAs with a population weighted average BlueSky pre-
diction (24-hour or 48-hour) larger than zero on each day were assigned a value of 1 and oth-
erwise a value of 0. These two variables described if any population in the specific LHA on
the specific day was covered by the smoke plume predicted by BlueSky.

A continuous variable (Monitor) was derived from monitoring PM,5s measurements.
Each of the population centroids was assigned the daily PM, s concentrations from the near-
est monitoring station out of the 55 monitoring stations in British Columbia, described in
Section 2.1.2. The calculations were made using the “near” function of ArcMap. Then a pop-
ulation weighted average for each LHA was calculated using the Equation 3.1.

A binary variable (HMS) was derived from the HMS smoke plume images. The HMS
smoke plume images were overlaid on the study area with the DA population centroids. By
intersecting these layers in ArcMap, the population centroids that were covered by the HMS
could be identified. Any LHA with any DA population centroid that fell within the smoke
plume received a value of 1 and otherwise it received a value of 0. This binary variable de-
scribed if any population in the specific LHA on the specific day was covered by the smoke

plume observed by HMS.

3.1.3  Other covariates

In addition to the exposure variables and health outcome indicators, the following co-
variates were included in the analyses:

(2) Daily maximum temperature. Exposure to high temperature has been associated with

mortality and morbidity for respiratory causes. (Michelozzi et al., 2009; Shao et al., 2009) As
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hot and dry weather is one of the contributors for intense wildfire activity, wildfire seasons
are typically accompanied with high temperatures. Thus, we need to account for the potential
confounding effects by introducing this covariate in the statistical model. Daily maximum
temperature records were retrieved from the BC Ministry of Environment website and the
measurements were available in 56 locations in BC (see Figure 3.3). All of the DA popula-
tion centroids were assigned the daily maximum temperature values from the nearest meteor-
ological monitor. A population weighted daily maximum temperature for each LHA was cal-
culated using the Equation 3.1.

(2) A day-of-week indicator. A range of values from 1 to 7 were assigned to Monday to
Sunday (Monday=1, Tuesday=2, etc.) for all outcomes. As most of the pharmacies and clin-
ics were closed during weekends, a sharp decrease in counts of medication dispensations and
general physician visits was observed. Including this indicator in the model can account for
the weekday/weekend effect.

(3) A holiday indicator. Dates of public holidays were assigned a value of 1 and other-
wise a value of 0. Similar to the day-of-week indicator, including a holiday indicator can ac-
count for the influence from sharp decrease in health outcome counts on holidays, when most
pharmacies and clinics are closed.

(4) A time-trend indicator “number of week”. This covariate was applied to account for
unspecified time-varying trend, if there was any. The first week of the study period was as-

signed a value of 1 and the second week was assigned a value of 2, etc.
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Figure 3.3 Locations of temperature monitors used in the study.

3.1.4 Statistical analyses

Twelve Poisson regressions were constructed with the six exposure variables
(BlueSky-24h, BlueSky-48h, Monitor, BlueSky-cover-24h, BlueSky-cover-48h and HMS) as
independent variables and the two health outcome measures (Medication dispensation rates
and Physician visit rates) as dependent variables. As the health outcomes included in the
analyses came from different LHAs on different days, those that came from the same LHA
might be autocorrelated. To account for this correlation within individual LHAS, parameters
in the regression models were calculated with generalized estimation equation (GEE) using
the GEE package in R, assuming an exchangeable correlation structure. Equation 3.2 illus-

trates the model, where pj; is the count of the health outcome for LHA i on day t; p; is the
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2006 census population of LHA i; B is a fixed intercept; X;; is the exposure for LHA i on day
t; Kit is the maximum temperature for LHA i on day t, D; is the day of week on day t, H; is
the holiday indicator value on day t and N is the number of week on day t:
Log(E(ui/pi)) =Po + (Bazict P2Di+ PsHi+ PaNi) +PXit Equation 3.2
The coefficient p of exposure variable x;; was used to calculate the relative risk of the

health outcome.

3.2 Results

3.2.1 Descriptive statistics

Monitoring measured population-weighted 24-hour PM, s concentrations for each LHA
ranged from 0.025 to 176.4 pg/m® during the study period (July 24 — August 29). Over all
LHAs during the study period, the mean exposure was 10.0 pg/m®, with an interquartile
range between 3.0 and 10.1 pg/m®. Population-weighted 24-hour PM,s concentrations for
each LHA predicted by BlueSky 24 hours in advance ranged from 0 to 2334 pg/m®. The
mean was 10.6 pg/m® with an interquartile range between 0 and 0.4 pg/m®. Population-
weighted 24-hour PM, 5 concentrations for each LHA predicted by BlueSky 48 hours in ad-
vance ranged from 0 to 988 pg/m®. The mean was 4.0 ug/m® with an interquartile range be-
tween 0 and 0.1 pg/m®. The distribution of predictions from BlueSky was highly skewed due
to the large number of zero values in the output. This distribution is typical for air quality
model outputs (Mosca et al., 1998), especially for models that only account for one kind of
source (only wildfire smoke in our case). At the same time the small fraction of very large
values had great impact on the mean and they are expected to impact the estimate in the re-

gression analysis. This impact will be further discussed in Section 4.2.
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The number of days covered by smoke plumes observed by HMS for LHAS ranged from
6 to 26 (out of 35), with a mean of 15.8 days (Figure 3.4). The number of days covered by
smoke plumes predicted by BlueSky 24-hours in advance ranged from 5 to 26 (out of 33),
with a mean of 13.2. The number of days covered by smoke plumes predicted by BlueSky
48-hours in advance ranged from 3 to 24 (out of 34), with a mean of 11.7. LHAs that were
more constantly impacted by smoke plumes were in the northern and central interior regions.

Table 3.2 summarizes the overall outcome rates and outcome rates on weekdays and
weekends/holidays for respiratory medication dispensation and physician visits during the
study period. As expected, both outcome rates had sharp decreases during weekend and holi-
days compared with weekdays. A large range of outcomes rates was observed across differ-
ent LHAs. This might indicate potential influences from the variation in demographics, soci-
oeconomic statuses, and the availability of health facilities in different LHAs, as indicated by
the BC Health Atlas. It could also indicate their differences in the exposures to environmen-

tal hazards (such as wildfire smoke) during the study period.

Table 3.1 Summary of health outcome rates.

Outcome rates (events per 100 000 person-days) in British Columbia during the 37-day study period,
presented in categories of weekday and weekend/holiday.

Categories Medication dispensation Physician visits

Overall rate | Range of LHA rates | Overall rate | Range of LHA rates

Overall | 34.0 (n=56991) (17.7-72.2) | 9.3 (n=13080) (2.7-21.1)

Weekday 42.7 (21.1 - 105.7) 12.3 (0-29.2)
Weekend
& holiday 18.0 (0-31.0) 3.9 (0 - 23.0)
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Figure 3.4 Number of days covered by HMS smoke plumes for LHAs in British Columbia during the
study period.

3.2.2  Association between exposure and outcome

Table 3.3 summarizes the relative risks (RRs) associated with 30ug/m? increase in Mon-
itor, BlueSky-24h and BlueSky-48h (the three continuous exposure variables), calculated
from all of the LHAs with available data, as well as a subset of LHAS that had sufficient cas-
es (mean daily asthma visits>2 and medication dispensation >5). As some of the LHAs had
very small daily records of health outcome events, they might not be sufficient to reflect the
impact of the forest fire smoke (or any other air pollutants) which is typically associated with
small relative risks, requiring larger populations to detect. Figure 3.5 visually illustrates the

RRs from all LHAs. Most of the mean and the lower bound of the RRs were greater than 1.0,
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indicating significant associations between increased exposures and health outcomes. The
BlueSky 24-hour predictions had smaller RRs than the 48-hour predictions, and both
BlueSky predictions had smaller RRs than monitor measurements. There was no significant
difference between the results from all LHAs and the subset of LHASs.

Table 3.4 summarizes RRs associated with HMS, BlueSky-cover-24h and BlueSky-
cover-48h (the three binary exposure variables), calculated from all LHAs and the subset of
LHAs. Figure 3.6 visually illustrates the RRs calculated from all LHAs. Most of the mean
and the lower bound of the RRs were greater than 1 from the results of all LHAs. However,
results from the subset of LHAs indicated insignificant association between all exposure
measures and physician visits with large confidence intervals. The BlueSky-cover-48-h had
an RR essentially the same as HMS, and slightly larger than the BlueSky-cover-24h.

The Cariboo-Chilcotin local health area (LHA27) was covered by smoke plumes for the
longest time among all of the LHAs during the study period. Figure 3.7 plots of the daily
medication dispensation counts and physician visits against the PM, 5 concentrations meas-
ured by monitor and predicted by BlueSky plots in LHA27. It highlights the clear temporal
relationship between the exposures and health outcomes. The peaks of the exposure coincide
with the peaks of the health outcomes. Note that there were frequent missing values in moni-
toring measurements, especially in the middle of a fire event, mostly due to the malfunction
of the monitors when confronted with extreme PM concentrations from wildfires.

In summary, BlueSky predictions, monitoring measurements and HMS smoke plume
coverage were significantly associated with medication dispensations and physician visits for
respiratory diseases. In areas consistently impacted by wildfire smoke, there was a clear tem-

poral relationship between BlueSky predictions the respiratory health outcomes.
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Table 3.2 Summary of results for continuous exposure variables.

RRs (95% Confidence intervals) associated with 30pg/m? increase in monitor measured and BlueSky
predicted PM, 5 concentrations for the two health outcomes (n indicates the number of LHAs included).

All available LHAs Subset of LHASs"
Physician Medication Physician Medication
Visits Dispensations Visits Dispensations
(n=73) (n=85) (n= 37) (n =58)
p— 1.07 1.12 1.04 1.11
(1.00 - 1.15) (1.08 — 1.15) (0.98 — 1.11) (1.07 — 1.15)
1.01 1.01 1.01 1.01
EeEhar 2l (1.00 - 1.02) (1.00-1.01) | (1L.00-1.02) | (1.00—1.02)
1.04 1.04 1.04 1.04
BlueSky-48h | 101 107) | (1.02-105) | (1.02-107) | (1.02-1.05)

" Subset of LHAs with mean daily asthma visits>2 and medication dispensation >5.

Table 3.3 Summary of results for binominal exposure variables.

RRs (95% Confidence intervals) associated with being covered by smoke plumes observed by HMS and
predicted by BlueSky for the two health outcomes.

All available LHAs Subset of LHAs"
Physician Medication Physician Medication
Visits dispensation Visits dispensation
e 1.09 1.09 1.07 1.08
(1.00-118) | (L0A-113) | (0.97-118) | (1.03—1.12)
1.00 1.03 0.98 1.03
BlueSky-cover-24h | 493" 1 06) | (1.00-1.07) | (0.90-1.06) | (0.99- 1.06)
1.09 1.07 107 1.07
BlueSky-cover-48h | ;1371 17y | (1.03-1.11) | (0.99-1.16) | (1.03-1.11)

" Subset of LHAs with mean daily asthma visits>2 and medication dispensation >5.
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Figure 3.5 Relative risks (RRs) for physician visits and medication dispensations associated with 30pg/m?

increase in measured and predicted PM, 5 concentrations.
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Figure 3.6 Relative risks (RRs) for physician visits and medication dispensations associated with being

covered by observed and predicted smoke plumes.

67



450
400
350

7300

o250

2

®200
o~

£ 150
100

50
0

23/07

450
400
350
& 300
£
o 250
=
n 200
o~
E 150
100
50

0

23/07

I Asthma visits
——BlueSky-24h L
—#-BlueSky-48h

—&—monitor

28/07 02/08 07/08 12/08 17/08 22/08 27/08
" Medication dispensation
—4—BlueSky-24h

28/07 02/08 07/08 12/08 17/08 22/08 27/08

60

w sy w
o (@) (@s]
uonesuadsip uonedpaln

N
o

[
o

Figure 3.7 Asthma physician visit counts (top figure) and medication dispensation (bottom figure) vs.

PM, s concentrations from BlueSky 24-hour, 48-hour predictions and monitoring measurements in

LHAZ27 (Cariboo-Chilcotin).

S3UNo0d USIA uenisAyd

68



4. Discussion

The BlueSky model performance evaluation in Chapter 2 found that BlueSky predicted
smaller smoke plumes within the HMS observed plumes during the intense fire periods. On
the other hand, it predicted PM, s concentrations comparable with monitor measurements in
the middle of the fire period and in areas consistently impacted by wildfire smoke. More fre-
quent and larger-scale overpredictions were observed in the magnitude of PM,s concentra-
tions.

Chapter 3 found significant association between BlueSky predictions and health out-
comes. A 30ug/m?® increase in BlueSky 24-hour PM,;s predictions was associated with 1%
increase in medication dispensations and physician visits for asthma. The same increase in
48-hour predictions was associated with 4% increase in both medication dispensations and
physician visits for asthma. The relative risks are smaller than those associated with monitor
observed PM,s. On the other hand, smoke plume coverage predicted by BlueSky was associ-

ated with relative risks comparable with those estimated for smoke plumes observed by HMS.

4.1 Model performance evaluation

During the study period, the agreement between smoke plumes predicted by BlueSky
and observed by HMS compared well with those reported elsewhere for other smoke fore-
casting systems. The FMS scores between the BlueSky 24-hour predictions and HMS ranged
from 0 to 0.59 with a mean of 0.18. These scores were slightly better than the results from
the Stein et al. (2009) for their evaluation of the US NOAA smoke forecasting system (SFS),

where the FMS scores during three fire events between the NOAA SFS 24-hour predicted
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and HMS observed plumes ranged from 0.02 to 0.40, with a mean of 0.14. As illustrated in
Figure 2.9, the HMS produced larger plumes than BlueSky most of the time, similar to the
evaluation of the European Fire Assimilation System (FAS) by Sofiev et al. (2009), where
the predicted plumes were generally less efficiently dispersed than the ones observed by
MODIS. One possible explanation is that HMS was measuring PM_ 5 in the total column of
the atmosphere while BlueSky predicted only the ground-level PM,s. Because smoke dis-
persed at any height of the atmosphere could be captured by HMS as the observed smoke
plumes, it was reasonable that they were larger than those predicted by BlueSky, which could
only capture ground-level smoke. Also, the uncertainty in the BlueSky prediction for several
elements, such as the emissions rates, injection height and meteorological parameters, could
result in errors in smoke plume location and size. As BlueSky could only predict smoke from
wildfires located within its domain, it was not able to capture smoke transported from regions
like the southern United States and Asia.

Comparison between the BlueSky predicted and surface monitor observed PM, s con-
centrations indicated an overall correlation of 0.29 (Table 2.5). This result compared well
with correlations of 0.3 and 0.5 between predictions from the two branches of the European
FAS and the MODIS observations (Sofiev et al., 2009). Generally, stronger agreement was
observed during the peaks of major fire events and in areas consistently covered by smoke
plumes. Significant disagreement was observed in the densely populated Vancouver Coast
region, which was only mildly impacted by wildfire smoke in 2010. Similarly, larger relative
disagreement was observed for the European FAS in West Europe where anthropogenic
emissions were more influential than the impact of fire smoke. This is understandable be-

cause monitoring stations measure PM from all sources while the smoke forecasts predict
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PM from wildfires only. In areas not heavily and consistently impacted by wildfire smoke,
most of the predictions will be zeros, while monitors can still measure PM from other sources,
resulting in significant overall disagreement between predictions and measurements. The in-
ability for surface monitors to measure PM from a specific source prevents us from reliably
evaluating the BlueSky predictions in areas where wildfire smoke is not the dominant source
of PM.

The major differences between values predicted by BlueSky and observed by monitor
were driven by the overpredictions from BlueSky, which happened more often and to a much
larger extent than underpredictions. A similar finding was also reported by Sofiev et al. (2009)
and Stein et al. (2009) in their evaluations of the European and US smoke forecasting sys-
tems, respectively. The consistency of these results suggests a general tendency for over-
predictions during major fire events for these smoke emission and dispersion models. This
might be partly attributed to the inability of the monitors to reliably measure such a high con-
centrations. Another possible explanation is related to the characteristics of modeling. Most
air quality models consist of different statistical equations to compute different elements
needed. For example, the total emissions of PM are calculated from emissions factors of cer-
tain fuel and the total fuel consumption. However, when applying these equations with inputs
from the very intense fires, it can lead to results too large to be realistic. The available evi-
dence suggests that very high forecast concentrations should be scaled or truncated to better
reflect realistic measured concentrations.

Most of the model evaluation results suggest that the 48-hour predictions agree better
with the monitor observations than the 24-hour predictions. A possible explanation for this

observation is related to the dispersion of the smoke plumes. The BlueSky system we evalu-
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ate does not account for the dispersed smoke predicted in the previous forecast, which means
that every prediction starts from the source of fire at the very beginning of the predictions cy-
cle. As a result, smoke predicted in the first 24 hours might be less dispersed with higher
concentrations. If the trajectory of this less dispersed plume is accurately predicted, it can re-
sult in a day with very good agreement. If the trajectory of this less dispersed plume is inac-
curately predicted, the concentrated smoke prediction can result in great discrepancies when

comparing with the observations.
4.2 Association with health outcomes

Physician visits for asthma were significantly associated with most of the exposure met-
rics tested in the study. The results for a 30pug/m® increase in monitor-observed PMys
[RR=1.07; 95% confidence interval (CI), 1.00 — 1.15] and for the presence versus absence of
HMS smoke coverage (RR=1.09; CI, 1.00 — 1.18) compare well with the results from the
study by Henderson et al. (2011) on the 2003 forest fires also in British Columbia, the most
similar study recently published. In the Henderson et al. (2011) study, a 30-ug/m? increase in
monitor-observed PMi, was associated with a 16% increase in the odds of an asthma-specific
physician visit (OR = 1.16; 95% CI, 1.09-1.23) and being covered by HMS was associated
with 21% increase in odds (OR=1.21; 95% CI, 1.00-1.47). Although Henderson et al. (2009)
used measures of PMyq instead of PM,5 as in our study, the results can still be compared
since PMy 5 is the major fraction of PMy, from wildfire smoke (Moore et al., 2006, Wu et al.
2006). So far, only one study (Caamano-Isorna et al., 2011) has reported using medication
dispensation as health outcome. The result from our study suggests it has similar association
as asthma physician visit with the exposure metrics, even slightly more sensitive for some

exposure metrics.
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A 30-pg/m? increase in 24-hour and 48-hour BlueSky PM, s predictions was associated
with 1% and 4% increase in asthma physician visits. The same increase in predictions was al-
so associated with 1% and 4% increase in medication dispensations. The relative risks of the-
se associations were much lower when compared with those derived from monitor observa-
tions. In Henderson et al. (2011), a 60-ug/m® increase in PMys from forest fire modeled by
CALPUFF (a retrospective model rather than a forecast) was associated with 4% increase of
odds of asthma-specific physician visits (OR=1.04, 95% CI, 1.02 — 1.06). Correspondingly, a
60-ug/m° increase in PMy 5 by BlueSky for 24-hour and 48-hour forecast was associated with
1% (RR=1.01; 95% ClI, 1.00 — 1.03) and 8% (RR=1.08; 95% CI, 1.02 — 1.15) increase in rel-
ative risk of asthma physician visits, respectively, comparable with the CALPUFF result in
Henderson et al. (2001). In both of the studies, modeled exposures had much narrower confi-
dence intervals of OR/RR than monitor observations. These tight confidence intervals might
be related to the great variability in the modeled exposures. As described Section 3.2.1, the
BlueSky predictions had a much wider range compared with the monitoring measurements.
Figure 4.1 compares the RRs and their confidence intervals calculated using all of the
BlueSky predictions with those calculated using only the truncate of predictions smaller than
300pg/m?, excluding the extremely large data predictions. Generally larger confidence inter-
vals are found with the subset and the difference is more obvious in the BlueSky 24-hour
predictions, which has more extreme values than the 48-hour predictions.

Another similar study by Delfino et al. (2009) found that a 30-pug/m® increase in PMys
was associated with 5% increase in RR of asthma hospital admission (RR=1.07; 95%Cl, 1.04
— 1.11). The RR of medication dispensations associated with monitor observations in this

study was similar to results from Delfino et al. (2009) while other RRs were much smaller.
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The extremely large values in the BlueSky predictions may be one of the reasons for this dif-
ference. As shown in Figure 4.1, RRs calculated with subset of data excluding predictions
over 300pg/m? are larger than those calculated with all of the data. Other possible reasons in-
clude the differences in misclassification from different exposure assessment tools, as well as
in the sensitivity of the different health outcome measures to detect health responses. In addi-
tion, the difference in study design and sources of data could also play a role in this variation.

The results from Table 3.4 and Figure 3.7 suggest that coverage by BlueSky plumes is
associated with similar relative risk increase of the two health outcomes as covering by HMS
plumes, with slightly narrower confidence intervals. This indicates that coverage of BlueSky

plumes may have similar predictive power as HMS plumes.
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Figure 4.1 Relative risks of medication dispensations and physician visits associated with 30pg/m? in-
crease in BlueSky predictions.
Point range in red indicates RRs calculated with all the data and point range in blue indicates RRs calcu-

lated with the subset of BlueSky predictions smaller than 300pug/m?®.

74



The BlueSky 24-hour predictions were associated with slightly smaller RRs than the
BlueSky 48-hour predictions in all of the analyses. As mentioned previously in the model
evaluation section, BlueSky 48-hour predictions had better overall agreement with the refer-
ence tools and its performance was more stable than the 24-hour predictions. Also, the 45-
hour predictions had fewer extremely high values. Thus, BlueSky 24-hour predictions might
contribute to more frequent and larger-scale exposure misclassification, driving the associa-

tion towards null.

4.3 Strengths

This study is the first one to quantitatively and systematically examine the performance
of the BlueSky wildfire smoke forecasting system and also the first evaluation of the Canadi-
an version of this system. Multiple reference tools for wildfire smoke exposure assessment
and a variety of statistical methods were included to provide a more comprehensive evalua-
tion.

This is also the first study to associate wildfire smoke forecast results with respiratory
health outcome indicators. Respiratory health outcome measures such as physician visits for
asthma, which has the best established association with wildfire smoke exposure measure-
ments by other studies, is a good starting point for assessing their association with smoke
predictions. The results give confidence in using this prediction tool to inform actions to mit-
igate the adverse health effects from wildfire smoke.

Besides associating BlueSky predictions with the health outcomes, this study also asso-
ciates the two reference tools, monitoring observations and HMS plume coverage, with the

health outcomes. Not only does this help to compare the study results with other similar stud-
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ies, but also produces the opportunity to compare relative risks resulting from different tools.

Ground-level monitoring observations and HMS satellite smoke plume images were
used for the evaluation of the BlueSky predictions on different aspects. While monitoring ob-
servations can serve as a “gold standard” for absolute values of PM, 5 concentrations, satellite
images can be a good reference tool for plume sizes, shapes and locations. Satellite instru-
ments are not physically affected by smoke or fires during intense fire periods, while moni-
toring stations might be out of function.

Because the study covers the whole 2010 fire season and multiple locations in British
Columbia, evaluation of model predictions can be done both temporally and spatially. By do-
ing this, we can have a better idea of when and where the system tends to have good or poor
performance. A range of well-established and commonly used statistics for model evaluation
was applied, providing quantitative measurements of agreement on different aspects includ-
ing correlation, differences, and spatial agreement. The results from these statistically valid
methods indicate that BlueSky has performed comparably with other existing wildfire smoke

forecasting models.

4.4 Limitations

There are several limitations associated with this study. First, in the evaluation of the
BlueSky performance, the reference tools used were not exactly the “gold standards” because
what they were measuring was different from what was predicted by BlueSky. Monitor ob-
servations capture PM,s from all sources while BlueSky predicts only PM coming from
wildfire smoke. Because PM from wildfire smoke was extremely high compared with other

sources during the major fire events at areas close to the fire origins, it was reasonable to as-
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sume that the dominant source of monitor-observed PM;s was from fire smoke. However, in
areas where fire smoke only had mild effects, monitor observations might reflect a large frac-
tion of PM from other sources, thus affecting the agreement with BlueSky. This is also one of
the reasons why BlueSky predictions better agreed with monitor observations during specific
times and at specific locations. On the other hand, HMS images detect wildfire smoke in the
total column of the atmosphere, but BlueSky only predicts smoke dispersed at the ground-
level. This difference might be one of the reasons why HMS smoke plumes were much larger
than BlueSky predicted plumes most of the time.

Second, the BlueSky forecasting system is an ongoing research project, and changes
continue to be made. As a result, this study used the predictions from 2010 fire season data
that were rerun with improvements to the system implemented in 2011. In the 2012 fire sea-
son, some other changes, including incorporating a new fire information system which can
clump multiple fire hotspots, were made to the system again. These changes can potentially
affect the performance. Under the scope of this study, it is not possible to rerun all the data
and analyses with the newly improved system. Most importantly, as research on the system
continues and more changes will be implemented, additional evaluations should be conduct-
ed. This study has developed systematic methods with multiple quantitative analyses to as-
sess the system performance on different aspects, including the spatial and temporal agree-
ment, considering both the absolute PM, s concentration predictions and the smoke plume
coverage. These methods can be used in the future evaluations to assess the improvement of
revised systems.

Third, limited by the scope of this study, no in-depth investigation was done on the

BlueSky forecast system design. As a result, no technical advice can be drawn from this

77



study on possible causes for observed discrepancies. Further evaluations should be conducted
on the performance of the different components of the forecasting system, such as the calcu-
lation of the PM emissions, the estimation of the plume injection height, and the performance
of the meteorological forecast. However, this study provides knowledge of the general trends,
such as more frequent and severe overpredictions than underpredictions, which can serve as
clues for further investigation.

Fourth, health outcomes used in this study were aggregated counts based on the unit of
local health area (LHA), which was quite a large geographical area. Exposure to fire smoke
among populations within the same LHA can be very different, but one value was assigned to
the whole LHA. This can potentially lead to exposure misclassification and drive the associa-
tion results towards null.

Fifth, some potential factors that might influence the association were not included, such
as the basic demographics for populations in different LHAs. This might not have a great im-
pact on the reported association (because most of them were not changing over such a short
period of time), but it might influence the assessment of the strength of the association.

Sixth, although associations were identified between fire smoke and health outcome
measures, it was unclear if changes in the health outcome indicators were really driven by re-
sponses to smoke exposure. The possibility that more people were getting their medication
not because they had responses to the smoke exposure but just to get prepared for the smoke

events could not be ruled out.
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4.5 Future work

As mentioned before, the BlueSky system is an ongoing project and great efforts have
been made to improve its performance. Thus, evaluation of the model predictions should be
continued in the future as the system develops, helping to ensure their robustness. Other tools
for wildfire smoke exposure assessment, such as MODIS detected aerosol optical depth
(AOD), can also be included as references in future studies. As it is impossible to find a sin-
gle perfect gold standard, including more tools as references might provide a better and more
comprehensive evaluation.

Other health outcome indicators, such as hospital admission, can also be associated with
BlueSky predictions. As mentioned previously, the ultimate goal for associating smoke
measurement and predictions with health outcomes is to mitigate the impact of wildfire
smoke on public health. Thus, more research on establishing an applicable tool for decision
making based on these results, using multiple resources, should be conducted. Ideally, a tool
that can provide quantitative information, such as thresholds of PM predictions for taking
certain public health actions, with an implication of the magnitude health impact that can be

achieved by these actions.

4.6 Conclusions

The objectives of this thesis study have been realized: a systematic and quantitative
evaluation of the BlueSky smoke forecasting system has been conducted and associations be-
tween BlueSky predictions and health outcome measures have been found. The evaluation
found that agreement between BlueSky predictions and monitoring as well as remote sensing

data was reasonable compared with evaluations of other existing smoke forecasting systems.
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Good agreement was generally observed during intense fire periods and in areas heavily and
consistently impacted by fire smoke. Overall, BlueSky predicts smaller plumes than HMS
images but higher concentrations of PM,s than monitoring observations during intensive
smoky days. Significant relative risks of respiratory health outcomes were found associated
with BlueSky predictions, and the risks were consistent with those for the reference tools and
those reported by other epidemiological studies.

The results of this study suggest that the BlueSky smoke forecasting system produces
reasonably useful predictions of PM related to wildfire smoke, and those predictions can be

valuable for public health applications.
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Appendices

Appendix A Python and R scripts for BlueSky data preparation
A.1  Python scripts for converting NetCDF files of BlueSky outputs to csv files

import 0s
import csv

# function to dump the nc file to a text file
def dump_nc(infile):

PMvar ='PM25' # variable for PM infromation = PM25

Tvar = "TFLAG' # variable for Time flags = TFLAG

ncdump = 'C:/Users/ayao/Documents/ncdump/ncdump -v ' + PMvar # make text string of
the command necessary to dump the .nc file

textfile = infile.strip(.nc’)+".txt" # name of the file to dump to = name of file to be dumped
+ .txt instead of .nc

command = ncdump+' '+infile+' > '+textfile # create string variable of the whole command

0s.system(command) # send the command to the OS

print infile+' has been dumped to text'

# Function pulls the 60 hours of values out of the ugly .text files in a single vector
def get_values (infile):
dump_nc(infile)
textfile = infile.strip('.nc")+".txt'
f = open(textfile, 'r') # open a channel to the ascii file output by the dump
values = [] # empty list to be populated with all values
count = 0 # count the number of lines read so that we can skip the first
for line in f.readlines():
count = count + 1
line = line.strip()
if count <= 55:
continue
else:
line = line.split(’,")
for element in line:
element = element.strip()
element = element.strip(* ;") # strips the semicolon after the final zero
element = element.strip('}') # strips the curly brace at the very end
if element I=": # if the values isn't empty
values.append(round(float(element),2))
print "Values from '+infile+' have been collected'
return values

# Function converts vector to matrix-ready .csv format for further manipulation in R
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def write_values (infile, outfile):
vector = get_values(infile)
if len(vector) == 6645060:
print 'Length of collected data is correct'
os.remove(infile.strip('.nc’)+".txt’)
matrix =[]
for i in range(0, len(vector), 551): #create a stack of rows 601 colums wide
matrix.append(vector[i:i+551])
csvfile = csv.writer(open(outfile, ‘wb'), delimiter =',")
for row in (range(len(matrix),0,-1)):
csvfile.writerow(matrix[row-1])
print outfile+' was written’
HH R R R R R
date = '26jul2010'
infile = 'C:/Users/ayao/Documents/sorted_data/2010rerun/'+date+'/'+date+'.nc'
outfile = infile.strip('.nc")+".csv'
write_values(infile, outfile)

A.2 R scripts for splitting the csv files into 60 ASCII files of hourly predictions and
calculating the daily averages.

# function to import all of the pm data from the .csv file

import_data = function(smokedate){
smokefile = paste(basefolder, smokedate, /', smokedate, ".csv', sep =""")
pm = read.table(smokefile, sep =",", header = F)
assign('pm", pm, envir = .GlobalEnv)

# function to get the hour in the file as PDT
get_hours = function(smokedate){

filedate = as.Date(smokedate, "%d%b%Y") # get the dates of data in the file
filedate = as.POSIXIt(filedate)

hours = rep(filedate, 201)# get the hours in PDT (UTC - 7 hours) Note this is cur-
rently PDT because we are *in* PDT...need to fix at a later date
for (i in 1:59){
filedate = filedate + 3600
hours = c(hours, rep(filedate, 201))

¥

hours = as.character(hours)
return(hours)

}

# function to output the hourly files
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hourly_output = function(smokedate){
hours = get_hours(smokedate) # get the vector of hours
for (hour in unique(hours)){ # for every hour in the file output an arc ascii
hourdata = pm[hours == hour,] # select data for the hour from the overall pm file

headerdata = c("'ncols 551", "nrows 201", "xllcorner -145", "yllcorner 45", "cellsize 0.1",

"nodata_value -999.9") # header for the ASCI|I raster file
outfile = paste(basefolder, # make a sensible file name
smokedate, "/",
substr(hour,1,10), ' ', substr(hour,12,13), '00.txt', sep = ")
write(headerdata, outfile, sep = "/t")
write.table(hourdata, outfile, sep =" ", row.names = F, col.names = F, append = T)

k
ki

# get averages for the two complete calendar days (PDT) in the file
daily_output = function(smokedate){
firstday = as.Date(smokedate, "%d%b%Y")
secondday = firstday+1
dayl = make24hourAv(pm, 1)
headerdata = ¢(""ncols 551", "nrows 201", "xllcorner -145", "yllcorner 45", “cellsize 0.1",
"nodata_value -999.9")
outfilel = paste(basefolder, # make a sensible file name
smokedate, "/, firstday, '_average.txt', sep ="")
write(headerdata, outfilel, sep = "/t")
write.table(day1, outfilel, sep =" ", row.names = F, col.names = F, append = T)
day2 = make24hourAv(pm, 2)
outfile2 = paste(basefolder, # make a sensible file name
smokedate, "/", secondday, '_average.txt', sep =""")
write(headerdata, outfile2, sep = "/t")
write.table(day2, outfile2, sep =" ", row.names = F, col.names = F, append = T)

¥

# a function that takes the data table and calculates the 24-hour average
make24hourAv = function(pm, day){
hours = ¢()
starthour = -7
for (i in 1:60){
hours = c(hours, rep(starthour, 201))
starthour = starthour + 1
}
if (day == 1) {rows = which(hours == 0)}
if (day == 2) {rows = which(hours == 24)}
pm24 = matrix(0,201,551) # create an empty matrix for the 24-hour
average values
count = 0 # for every row in the domain get the 24-hour average
for (rowi in rows){
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count = count + 1
rowmean = pm[seq(rowi,(day*24*201),201),] # select the 24
rows needed and get first row for all 24 hours
pm24[count,] = as.numeric(apply(rowmean, 2, mean))
}
pm24 = round(pm24,2)
return(pm24)
}
HHH R R
source(""C:/Users/ayao/Documents/work_documents/bluesky functions.r™)
basefolder='C:/Users/ayao/Documents/sorted_data/2010rerun/'
smokedate = '26jul2010'
import_data(smokedate)
hourly_output(smokedate)
daily_output(smokedate
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Appendix B R script example for the Poisson regression model.

# dat is the dataframe with all the exposure variables, health outcome variables and covari-
ates for all LHA and all days)
# Order the dataset with LHA IDs.
LHA=order(as.integer(dat$LHA D))
dat <- dat[LHA]
# Fit the Poisson regression model using Generalized Estimation Equation (package gee in R)
fit=gee(datSoutcome~offset(log(dat$population))
+dat$exposure
+factor(dat$week)
+dat$temperature
+dat$holiday
+factor(dat$number_of week),
id=dat$LHA 1D, family=poisson, corstr = "exchangeable")
summary(fit)
b = as.numeric(fitScoeff[2]*30)
se = summary(fit)$coeff[2,2]*30
rr = exp(b)
Ici = exp(b- 1.96*se)
uci = exp(b+ 1.96*se)
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