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ABSTRACT
Background  Landscape fires (LFs) are the main source 
of elevated particulate matter (PM2.5) in Australian 
cities and towns. This study examined the associations 
between daily exposure to fine PM2.5 during LF events 
and daily emergency department attendances (EDA) for 
all causes, respiratory and cardiovascular outcomes.
Methods  Daily PM2.5 was estimated using a model 
that included PM2.5 measurements on the previous day, 
remotely sensed aerosols and fires, hand-drawn tracing 
of smoke plumes from satellite images, fire danger 
ratings and the atmosphere venting index. Daily PM2.5 
was then categorised as high (≥99th percentile), medium 
(96th–98th percentile) and low (≤95th percentile). 
Daily EDA for all-cause and cardiorespiratory conditions 
were obtained from the Western Australian Emergency 
Department Data Collection. We used population-based 
cohort time-series multivariate regressions with 95% 
CIs to assess modelled daily PM2.5 and EDA associations 
from 2015 to 2017. We estimated the lag-specific 
associations and cumulative risk ratios (RR) at lags 
of 0–3 days, adjusted for sociodemographic factors, 
weather and time.
Results  All-cause EDA and overall cardiovascular 
presentations increased on all lagged days and up to 5% 
(RR 1.05, 95% CI 1.03 to 1.06) and 7% (RR 1.07, 95% 
CI 1.01 to 1.12), respectively, at the high level. High-level 
exposure was also associated with increased acute lower 
respiratory tract infections at 1 (RR 1.19, 95% CI 1.10 
to 1.29) and 3 (RR 1.17, 95% CI 1.10 to 1.23) days lags 
and transient ischaemic attacks at 1 day (RR 1.25, 95% 
CI 1.02 to 1.53) and 2 (RR 1.20, 95% CI 1.01 to 1.42) 
days lag.
Conclusions  Exposure to PM2.5 concentrations during 
LFs was associated with an increased risk of all-cause 
EDA, overall EDA cardiovascular diseases, acute 
respiratory tract infections and transient ischaemic 
attacks.

INTRODUCTION
Landscape fires (LFs), which include wildfires 
(WFs) and prescribed/planned burns (PBs), are an 
important source of short-term increases in partic-
ulate air pollution.1 LFs, particularly WFs, are a 
growing concern globally as they are expected to 
increase in frequency and intensity due to climate 

change.2 3 Studies from Australian WF events 
reported that PM2.5 was the pollutant most signifi-
cantly elevated during LFs, and its levels exceeded 
the regulatory air quality standards compared with 
other contaminants.4 5 A study on biomass burning 
emissions over northern Australia reported that 
87% of PM10 due to WF consists of PM2.5.

6 PM in 
the air, particularly PM2.5, is of particular concern 
as it can penetrate deep into the alveolar region 
of the lung and enter the bloodstream, leading to 
a variety of manifestations of cardiorespiratory 
outcomes.7 8 An analysis of the global burden of 
disease due to outdoor air pollution estimated that 
PM2.5 causes about 3% of mortality from cardiopul-
monary disease.9

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ Research into the health effects of excessive 
levels of PM2.5 during severe landscape fires 
(LFs) has consistently found evidence for 
respiratory morbidity but has been limited 
and inconsistent for cardiovascular disease. 
Few studies assessed the effect of exposure 
to PM2.5 concentrations during LF events 
on cardiorespiratory emergency department 
attendances (EDA).

WHAT THIS STUDY ADDS
	⇒ This study is the first to find a significant 
dose–response relationship between exposure 
to elevated PM2.5 during LF events, and an 
increased risk of EDA due to transient ischaemic 
attacks. The largest effects occurred 1 and 2 
days after exposure. We also found a dose–
response relationship in most lag-specific effect 
estimates, which adds to the limited evidence 
in the studies on the acute health effects from 
daily exposure to PM2.5 during LF events.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ This study has implications for practical public 
health response actions for the appropriate 
preparedness prior to LF events and for health 
service and clinician alerts during LF events.
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Short-term increases in particulate air pollutants have been 
associated with many adverse health effects, including exacer-
bations of acute cardiorespiratory morbidity.2 8 10–12 Research 
into the health effects of excessive levels of PM during severe 
LFs has consistently found evidence for respiratory morbidity 
but has been limited and inconsistent for cardiovascular disease 
(CVD).2 4 11 13–24 The discrepancies between LF-related and 
urban PM2.5 could be due to differences in the constituents of 
the PM, limited power due to the small population size to detect 
the effect of LFs or difficulties in measuring exposure to LF 
smoke.25

Few studies assessed the effect of elevated PM2.5 during LF 
events on cardiorespiratory outcomes using routinely collected 
administrated data.8 12 14 In addition, the dose–response relation-
ships between the effect of PM2.5 during LF events and adverse 
health effects of CVD are rarely investigated. So far, most 
epidemiological studies on LFs have focused on estimating the 
population exposure to smoke-related PM2.5 with a prediction 
of grid resolution of at least 5 km × 5 km over the locations of 
interest.26 Thus, there is the possibility of uncaptured exposure 
variability within the prediction grid cells. There is also room 
for improvement in estimating the values of LF indicators more 
precisely using advanced methodologies such as inverse distance 
weighted (IDW) modelling. Hence, to detect changes in health 
outcomes associated with LF smoke, there is a need to address 
these questions through the improved exposure assessment on 
previously exposure modelling.

This study aimed to expand the understanding of acute expo-
sure to PM2.5 concentrations that are predominately elevated 
during LF events to a range of cardiorespiratory health effects. 
We used a recently developed empirical exposure model with 
some modifications to improve estimating PM2.5 concentrations 
exposure levels during LF events on emergency department 
attendances (EDA) for a range of respiratory and cardiovascular 
outcomes. We also assessed age, sex and socioeconomic status 
as modifiers of risk for cardiorespiratory effects following acute 
exposure to LFs.

MATERIALS AND METHODS
Study design, setting, period and participants
A population-based cohort time series design was used to esti-
mate the association between exposures to daily PM2.5 exposure 
during LF events and daily variations in health outcome rates 
in Perth, Western Australia (WA). Population data by 5-year age 
group, gender and Statistical Area 2 (SA2) for the study areas 
were sourced from the Australian Bureau of Statistics.27 SA2 is 
a medium-sized geographical area in the Australian Statistical 
Geography Standard28 and represents a community that inter-
acts together socially and economically. SA2s generally have 
a population range of 3000–25 000 persons, with an average 
population of 10 000 persons.

The monthly populations were computed using a linear inter-
polation of mid-year populations, and such populations were 
then applied to all days in the month. The daily estimates then 
served as the estimated populations at risk for calculating rates 
in the analysis. The study participants were individuals living in 
SA2. The analysis unit was SA2 with different population sizes.

The population cohort was assembled from all residents (N=1 
543 222) who attended WA emergency departments over the 
study period. A daily time series by gender, age group (0–14, 
15–60 and 60+ years) and SA2 for the Perth metropolitan 
area from 1 July 2015 to 31 December 2017 was constructed. 
The time-series database was then joined to environmental 

exposures, including the modelled PM2.5, seasonal and public 
holiday factors, and health outcomes of interest.

Air quality data
Air quality data were sourced from Western Australian Depart-
ment of Water and Environmental Regulation for the whole 
study period (1 July 2015 to 31 December 2017). The data for 
particulate matter with aerodynamic diameter  ≤2.5 microme-
tres (PM2.5) pollutants was available for all six stations, as shown 
in figure  1. Although two air quality stations (Bunbury and 
Busselton) were located outside the study area, their data were 
still used in spatial interpolation to ensure robust estimates at 
unsampled locations. The average of the top 8 hourly values of 
PM2.5 for a day was calculated and represented as a daily measure. 
We selected this approach for two main reasons: (1) the distribu-
tion of PM2.5 was skewed, and most values were minimal; (2) the 
top eight readings usually occurred during the working 8 hours 
of a day when people were exposed to air pollution, and during 
other time in a day, people would have much less chance to be 
exposed.Almost all variables in the model had zero or 0.1% 
missing. However, some air quality data had a low percentage 
of missing values (5.17%), such missing values were imputed by 
using the multiple imputation procedure in SAS enterprise Guide 
V.5.1 (SAS Institute). This low percentage of missing patterns 
was probably mainly due to measuring periodic equipment 

Figure 1  Study area and model estimate base grid cells. Inset map 
showing the study area and the state of Western Australia with respect 
to Australia. WA, Western Australia.
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maintenance. We also examined the patterns of missing values 
that followed a missing at the random way.

Exposure assessment
PM2.5 concentrations were used as a proxy measure for exposure 
to LF smoke. We hypothesised that PM2.5 concentrations are 
consistently elevated during LFs smoke events at locations near 
and far from the fire. To estimate PM2.5 concentrations over the 
study area, specifically PM2.5 associated with smoke from LFs, 
we adopted an empirical exposure model previously developed 
and described elsewhere,11 25 26 with some modifications to 
improve the modelling. Briefly, we used various observation data 
to evaluate the elevated PM2.5 concentrations during LF events. 
We built an empirical exposure model to estimate PM2.5 concen-
trations in the areas without the air quality monitoring stations. 
The model inputs included PM2.5 measurements from moni-
toring air quality stations, PM2.5lag1 (PM2.5 daily average from 
the previous day’s monitor measurements), remotely sensed fire 
radiative power (FRP),29 aerosol optical depth,30 smoke plume 
mask (SPM),31 which is similar with the well-known hazard 
mapping system data product over North America,32 fire danger 
rating and a Venting Index that indicated pollutant dispersion 
potential. All image processing and digitisation was completed 
using ESRI ArcGIS (V.10.7.1).

Similar to a previously developed model,26 we used a training 
dataset comprising grid cells containing air quality stations to 
generate prediction models, and assessed the goodness of fit of 
each model by calculating the root mean square error (a measure 
of the difference between predicted and observed PM2.5values) 
and Pearson’s correlation coefficient (r). However, we used 
hold-out cross-validation, with an 80/20 train/test split of the 
whole sample, instead of FRP distribution due to different FRP 
distribution in this study. A leave one out approach was used 
to evaluate its performance. The model prediction had a root 
mean squared error of 3.14 mg/m3 (table 1). There were posi-
tive correlations between the predicted PM2.5 and LF predictors, 
including the SPM from observed values, indicating high PM2.5 
is primarily due to LFs.

We used a resolution of 1.5 km by 1.5 km for grid cells instead 
of 5 km by 5 km.26 As such, we had 3898 grid cells as the base 
grids for modelling. These grid cells were defined by the Austra-
lian Bureau of Meteorology. The study location, model estimate 
base grid cells and the place of air quality monitoring stations 
are shown in figure  1. Another modification was the use of 
IDW modelling, a type of deterministic method for multivariate 

interpolation with a known scattered set of points throughout 
the study area to estimate the values of LF indicators,33 instead 
of using the nearest monitoring site. IDW assigns more weight 
to closer known points than distant ones when estimating data 
at an unknown point. The IDW was conducted using ArcGIS 
Desktop V.10.7.1. The inverse power used in this study was two. 
The allocated values to unknown points were calculated with a 
weighted average of the air quality values available at the known 
stations.34 We used the predicted PM2.5 concentrations during LF 
events to examine the adverse health effects on EDA.

Health outcome data
Daily EDA count for total presentations and selected respiratory 
and CVD were retrieved from the WA Emergency Department 
Data Collection. We used the major diagnostic block (MDB), 
major diagnostic category (MDC) and International Classi-
fication of Diseases-10th Revision to classify EDA. Respira-
tory diseases included the following conditions: all respiratory 
(MDB=3B, MDC=4), asthma (J45–J46), acute lower respira-
tory tract infections (ALRTI) (J20–J22, J10–J11, J16.8, J17–J18, 
J12, J15–J16, J1.4, J1.3, A48.1–A48.2, B59), chronic obstruc-
tive pulmonary disease (J40–J44, J47) and Croup (J05.0). 
CVDs include the following conditions: all CVDs (MDB=3A, 
MDC=5), arrhythmia (I44–I45, I47, I48.0–I48.4, I48.9, I49), 
angina (I20), stroke (I60–I64), heart failure (I50), acute coro-
nary syndrome (I21–I22) and transient ischaemic attack (TIA) 
(G45).

Statistical analysis
The values for estimated PM2.5 concentrations were categorised 
into three levels based on their distribution percentiles, that is, 
low (≤95th percentile, ie, ≤8.73), middle (96th–98th percen-
tile, >8.73 and <12.60) and high level (≥99th percentile, ie, 
≥12.60) to assess dose–response relationships. The high level 
(99th percentile) was chosen as it corresponds closely to Austra-
lian air quality standards and enables a clear delineation between 
background air quality and LFs. The 99th percentile cut-off 
has also been used in other Australian studies investigating the 
effect of bush fires on health outcomes.20 35 LF-related days were 
defined as those days when the predicated PM2.5 was equal or 
exceeded the 99th percentile of the entire time series.

The associations of estimated PM2.5 exposure on health service 
utilisation was also examined on the same day and cumulative 
for 1–3 days. We used distributed non-linear lag modelling for 
modelling lag structures. For instance, cumulative 3-day data 
were the sum of current day counts and population with subse-
quent 3 ‘days’ counts. The above classifications captured periods 
of high smoke days of varying intensity and lag effects relative 
to the expected PM2.5 concentrations in each of 3898 grid cells. 
We calculated the median of PM2.5 values from the gridded cells 
corresponding to a specific SA2. The database with the predicted 
PM2.5 during LFs at the SA2 level was used for health data anal-
ysis. Several independent risk factors were considered potential 
confounders, including age, sex, SEIFA, dewpoint temperature, 
woodfire, holiday, weekend and season (table 2). We also inves-
tigated interactions with effect modifiers of age, sex and socio-
economic status as a priori (additional risk due to interaction).

Univariate statistical analysis and multivariate Poisson regres-
sions were conducted to assess the health risks associated with 
elevated PM2.5. The Poisson model was applied to aggregated 
data at the SA2 level. We included all confounding factors in the 
multivariate regression models as described above. All variables 
were categorical except humidity, which we used as a continuous 

Table 1  Multiple linear regression results of LF predictors for PM2.5 
(final training model summary)

Predictor**† Estimate SE T value P value Partial R2**

PM2.5lag1 0.380 0.040 7.790 <0.001 0.175

AOD 4.404 0.860 5.110 <0.001 0.015

FRP 1.760 0.460 3.790 <0.001 0.031

FDR 0.524 0.080 6.550 <0.001 0.006

SPM 0.990 0.440 2.220 0.026 0.002

VI 0.830 0.050 16.040 <0.001 0.036

N=3660, R square = 0.245, RMSE (root mean square error) = 3.14.
**Importance calculated as the proportion of variance explained attributable to the 
variable without adjusting for other factors.
†** All predictor measures are at grid-cell level.
AOD, aerosol optimal depth; FDR, fire danger rating; FRP, fire radiative power in 
Gigawatts; PM2.5lag1, Previous day PM2.5 (mg/m3); SPM, smoke plume mask (whether 
smoke plume covered the centroid of a grid cell: 0=not covered and 1=covered) ; VI, 
Venting Index (m2/s).
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variable due to collinearity. The goodness-of-fit measure was 
used to identify the most optimal models. We also conducted a 
zero-inflated regression to control for the overdispersion issue.

The multivariate models were run on lagged effects of 
LF related to daily exposure to PM2.5 concentrations on the 
same day (lag0), cumulative 1 day (lag1=lag0+lag1), cumu-
lative 2 days (lag2=lag0+lag1+lag2) and cumulative 3 days 
(lag3=lag0+lag1+lag2+lag3) following exposure to esti-
mated PM2.5. We considered lagged periods of 1, 2 and 3 
days, as these periods are the most effects days consistent with 
previous studies. The lagged effect approach has been applied 
in similar studies previously.11 17 18 23 36 The risk ratio (RR) was 
calculated to assess the difference in health outcome measures 
associated with PM2.5. The model with the greatest RR for 
the PM2.5 exposure was considered the best model where the 
strong lagged effect of PM2.5 was demonstrated. The compar-
ison between different levels for a risk factor was considered 
statistically significant if the p value was less than 0.05. The 
statistical analysis was conducted using SAS Enterprise Guide 
V.5.1.

RESULTS
The total number of EDA during the study period was 1 543 
222. The number and percentage of records for each health 
condition, environmental exposures, sociodemographic factors 
and time/seasonal factors are presented in table 2. Acute lower 
respiratory tract infections (ALRTI) (N=36 859) from respira-
tory outcomes and arrhythmia (N=11 515) from cardiovascular 
outcomes were the most common cause of EDA.

In the multivariate analysis of total EDA (table 3), an increase 
of 1% to 5% was observed in all lagged effects with a maximum 
of 5% significant increase (RR 1.05, 95% CI 1.03 to 1.06), 
where the PM2.5 was at the high level ≥99 percentile) on the 
same exposed day (lag 0). In an interaction analysis with age, 
sex and SEIFA (Socio-Economic Indexes for Areas), the total 
EDA rates increased by 3% to 5% (p<0.05) in those aged 
60 years and above in all lagged effects. There was also an 
increased risk of lagged effect within 3 days for those in disad-
vantaged groups.

As demonstrated in table 4, the rate of asthma increased with 
the dose–response effect on all lagged days with a maximum 
cumulative risk of 10% within 1 day at a high level (RR 1.10, 
95% CI 0.96 to 1.25).The rate of acute lower respiratory tract 
infections increased within one and 3 days, with a maximum 
cumulative risk of 19% within 1 day (RR 1.19, 95% CI 1.10 to 
1.29) and 17% within 3 days (RR 1.17, 95% CI 1.10 to 1.23 
(table 4 and figure 2). In an interaction analysis with age, sex and 
SEIFA, the EDA rates on the same day for asthma significantly 
increased by about 85% (RR 1.85, 95% CI 1.14 to 3.00) in the 
disadvantaged group. There was also a 20% increased risk (RR 
1.20, 95% CI 1.02 to 1.41) of EDA due to acute lower respira-
tory tract infections in lagged effect within 3 days for disadvan-
taged groups.

The rate of overall CVD increased by 5% to 7% (p<0.05) at 
high-level PM2.5 exposure with dose–response effect at all lagged 
effects with maximum risk on the same day (RR 1.07, 95% CI 
1.01 to 1.12). TIA rate increased by 25% (RR 1.25, 95% CI 1.02 
to 1.53) and 20% (RR 1.20, 95% CI 1.01 to 1.42) with dose–
response effect within 1 and 3 days, respectively (table  4 and 
figure 2).In an interaction analysis with age, sex and SEIFA, the 
EDA rates on all lagged effects for total CVDs increased about 
5%–8% (p<0.05) in those aged 60 years and above.37

Table 2  Number (N) and percentage (%) of sociodemographic 
characteristics, environmental exposures and health outcomes for 
study participants, Perth metropolitan area, WA, July 2015–2017
Health outcomes N %

Total no of EDA* 1 543 222 100.00

Total respiratory 114 160 7.40

Asthma 10 196 0.66

Chronic obstructive pulmonary disease 10 902 0.71

Acute lower respiratory tract infections 36 859 2.39

Croup 10 322 0.67

Total cardiovascular 130 466 8.45

Arrhythmia 11 515 0.75

Heart failure 6745 0.44

Acute coronary syndrome 6447 0.42

Angina 6263 0.41

Stroke 2194 0.14

Transient ischaemic attack 3886 0.25

Sociodemographic conditions

Age

 � 0–14 376 554 24.40

 � 15–59 798 877 51.77

 � 60+ 367 791 23.83

Gender

 � Male 768 766 49.82

 � Female 774 456 50.18

SEIFA**

 � Disadvantaged 526 956 34.15

 � Middle 313 968 20.34

 � Less disadvantage 702 298 45.51

Smoke-related PM2.5

 � No smoke/low (<8.73 μg/m3) 1 465 782 94.98

 � Medium (8.73–12.60 μg/m3) 61 400 3.98

 � High (≥12.60 μg/m3) 16 040 1.04

Woodfire

 � Infrequent 459 767 29.79

 � Less frequent 409 684 26.55

 � Frequent 673 771 43.66

Dewpoint temperature***

 � Low (<16.32°C) 1 465 086 94.94

 � Medium (16.32°C–17.96°C) 46 680 3.02

 � High (>17.96°C) 31 456 2.04

Relative humidity

 � Low (<87.32) 1 497 554 97.04

 � Medium (87.32–92.25) 30 707 1.99

 � High (>92.25) 14 961 0.97

Seasonal/time and holiday factors

Public holiday

 � No 1 496 078 96.95

 � Yes 47 144 3.05

Weekend

 � No 1 087 816 70.49

 � Yes 455 406 29.51

Season

 � Summer 353 934 22.93

 � Autumn 310 212 20.10

 � Winter 414 500 26.86

 � Spring 464 576 30.10

*EDA, emergency department attendances;
**SEIFA, Socio-economic indexes for area;
***Dew temperature selected as an indicator of temperature. Dew temperature (in °C)=observed 
temperature (in °C) − (100- relative humidity (in %)/5. The values for dew point temperature were 
categorised into three levels based on their distribution percentiles, as shown in the table. The 98th 
percentile was chosen as it corresponds closely to the 21°C dew point in our database, where it has 
been used as a guide for human comfort (most people tend to feel uncomfortable when dew points get 
well into the 60s or 70s.
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DISCUSSION
We estimated PM2.5 concentrations exposure during LF events 
for Perth residents based on their area of residence. Exposure to 
elevated PM2.5 during LF events at high levels (≥99 th percen-
tile) was associated with increased EDA related to a range of 
adverse respiratory and CVDs. The largest point estimates were 
observed within 1 day after exposure. We also found a dose–
response relationship in most lag-specific effect estimates, which 
adds to the limited evidence on the studies on the acute health 
effects from daily exposure PM2.5 during LF events. Older adults 
aged 60 years and above and populations with lower socioeco-
nomic backgrounds were more vulnerable to the impact of air 
pollution due to LF smoke.

We found significant associations between elevated PM2.5 
during LF events with ALRTI and non-significant increased risk 

with asthma. A recent US study found evidence that an increase 
in respiratory outcomes is mainly due to lower respiratory 
tract infections, which is consistent with what we found in this 
study.38An ecological study39 found a significant 20% increase 
in asthma visits per 10 µg/m3 increase in PM10 and that risk 
of an emergency contact for asthma in Darwin was 2.4 times 
greater on days with PM10 >10 µg/m3 compared with days with 
PM10 <10 µg/m3. Some studies found no associations in asthma 
ED presentations.16 24 Studies using ambulance and hospital 
admission data have investigated the association between daily 
elevated PM2.5 during LF events and selected adverse respiratory 
outcomes.11 18 36 40 41

Few studies have found a relationship between exposure 
to PM2.5 during LF events and a wide range of cardiovascular 
morbidity associated with EDA. We found dose–response 

Table 3  Multivariate Poisson regressions for the association between emergency department attendance and exposure to estimated PM2.5 for 
same day (Lag0) and lags of 1–3 days

Lag 0 Lag 1 Lag 2 Lag 3

RR* 95% CI P value RR* 95% CI P value RR* 95% CI P value RR* 95% CI P value

Environmental Exposures

Smoke-related PM2.5

 � ≤95 (low) 1 1 1 1

 � 96–98 (medium) 1.02 1.01 to 1.03 <0.0001 1.02 1.01 to 1.03 <0.0001 1.02 1.01 to 1.02 <0.0001 1.01 1.01 to 1.02 <0.0001

 � ≥99 (high) 1.05 1.03 to 1.06 <0.0001 1.04 1.03 to 1.05 <0.0001 1.03 1.02 to 1.04 <0.0001 1.03 1.03 to 1.04 <0.0001

Dewpoint temperature

 � ≤95 (low) 1 1 1 1

 � 96–97 (medium) 1.03 1.02 to 1.04 <0.0001 1.03 1.02 to 1.04 <0.0001 1.02 1.01 to 1.03 <0.0001 1.02 1.01 to 1.02 <0.0001

 � ≥98 (high) 1.03 1.02 to 1.04 <0.0001 1.02 1.01 to 1.03 <0.0001 1.01 one to 1.02 0.0015 1.01 one to 1.01 0.0137

Wood fire

 � Infrequent 1 1 1 1

 � Less frequent 0.98 0.97 to 0.99 <0.0001 0.98 0.97 to 0.98 <0.0001 0.98 0.97 to 0.98 <0.0001 0.98 0.97 to 0.98 <0.0001

 � Frequent 1 0.99 to 1.01 0.9911 1 one to 1.01 0.5246 1 one to 1.01 0.9027 1 0.99 to 1 0.5712

Sociodemographic

Age

 � 15–59 1 1 1 1

 � 0–14 0.65 0.65 to 0.65 <0.0001 0.65 0.65 to 0.65 <0.0001 0.65 0.65 to 0.65 <0.0001 0.65 0.65 to 0.65 <0.0001

 � 60+ 1.01 1.01 to 1.02 <0.0001 1.01 1.01 to 1.02 <0.0001 1.01 1.01 to 1.02 <0.0001 1.01 1.01 to 1.02 <0.0001

Gender

 � Male 1 1 1 1

 � Female 1 one to 1.01 0.2278 1 one to 1 0.0847 1 one to 1 0.0333 1 one to 1 0.0119

SEIFA

 � Advantaged 1 1 1 1

 � Middle 1.19 1.18 to 1.19 <0.0001 1.19 1.18 to 1.19 <0.0001 1.19 1.18 to 1.19 <0.0001 1.19 1.18 to 1.19 <0.0001

 � Disadvantaged 1.5 1.49 to 1.5 <0.0001 1.5 1.49 to 1.5 <0.0001 1.5 1.49 to 1.5 <0.0001 1.5 1.49 to 1.5 <0.0001

Seasonal factors

Holiday

 � Not holiday 1 1 1 1

 � Holiday 1.09 1.08 to 1.1 <0.0001 1.09 1.09 to 1.1 <0.0001 1.07 1.06 to 1.08 <0.0001 1.05 1.05 to 1.06 <0.0001

Weekend

 � Weekday 1 1 1 1

 � Weekend 1.05 1.04 to 1.05 <0.0001 1.07 1.06 to 1.07 <0.0001 1.06 1.05 to 1.06 <0.0001 1.03 1.03 to 1.03 <0.0001

 � Season†

 � Summer 1 1 1 1

 � Autumn 1.02 1.02 to 1.03 <0.0001 1.02 1.02 to 1.03 <0.0001 1.02 1.02 to 1.03 <0.0001 1.03 1.02 to 1.03 <0.0001

 � Winter 1.03 1.02 to 1.04 <0.0001 1.03 1.02 to 1.04 <0.0001 1.03 1.03 to 1.04 <0.0001 1.03 1.03 to 1.04 <0.0001

 � Spring 1.05 1.04 to 1.06 <0.0001 1.05 1.04 to 1.05 <0.0001 1.05 1.04 to 1.05 <0.0001 1.05 1.04 to 1.05 <0.0001

*Risk Ratio, Adjusted for all variables in the table and humidity. The goodness-of-fit measures indented including dew temperature as well as humidity (continuous variable) as an optimal final 
model.
†The largest number of wildfires occurred in spring (ie, season 4, September to November) and summer (season1, December to February), while prescribed burns had the largest numbers in 
autumn (season 2, March to May) and winter (season 3, June to August). We could not distinguish between the landscape fires of wildfires and controlled burns for this study.
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Table 4  Multivariate poisson regression results for the association between EDA, a range of respiratory and cardiovascular diseases, and exposure 
to estimated PM2.5 for same-day (Lag0) and lags of 1–3 days

Health outcomes Lag RR* 95% CI P value

Total EDA 0(M†)§ 1.02 1.01 to 1.03 <0.0001

0(H‡)§ 1.05 1.03 to 1.06 <0.0001

1(M)§ 1.02 1.01 to 1.03 <0.0001

1(H)§ 1.04 1.03 to 1.05 <0.0001

2(M)§ 1.02 1.01 to 1.02 <0.0001

2(H)§ 1.03 1.02 to 1.04 <0.0001

3(M)§ 1.01 1.01 to 1.02 <0.0001

3(H)§ 1.03 1.03 to 1.04 <0.0001

Total respiratory 0(M) 0.96 0.93 to 0.99 0.021

0(H) 0.96 0.9 to 1.02 0.144

1(M) 0.96 0.94 to 0.99 0.001

1(H) 0.94 0.91 to 0.99 0.008

2(M) 0.97 0.95 to 0.99 <0.0001

2(H) 0.94 0.9 to 0.97 <0.0001

3(M) 0.97 0.95 to 0.99 <0.0001

3(H) 0.95 0.92 to 0.98 <0.0001

Asthma 0(M) 1.03 0.93 to 1.14 0.604

0(H)¶ 1.07 0.89 to 1.29 0.464

1(M) 1.03 0.96 to 1.11 0.442

1(H) 1.1 0.96 to 1.25 0.167

2(M) 1.02 0.96 to 1.08 0.517

2(H) 1.07 0.96 to 1.19 0.219

3(M) 1.03 0.98 to 1.08 0.268

3(H) 1.04 0.94 to 1.14 0.446

ALRTI 0(M) 0.91 0.86 to 0.96 0.001

0(H) 0.91 0.82 to 1.02 0.102

1(M) 1.08 0.99 to 1.18 0.07

1(H)** 1.19 1.1 to 1.29 <0.0001

2(M) 0.93 0.9 to 0.96 <0.0001

2(H) 0.83 0.78 to 0.89 <0.0001

3(M) 1.08 1.02 to 1.15 0.015

3(H) 1.17 1.1 to 1.23 <0.0001

COPD 0(M) 1.03 0.93 to 1.13 0.613

0(H) 0.99 0.82 to 1.19 0.883

1(M) 1 0.94 to 1.08 0.913

1(H) 0.98 0.86 to 1.12 0.747

2(M) 1 0.94 to 1.06 0.961

2(H) 0.96 0.86 to 1.07 0.438

3(M) 0.98 0.94 to 1.03 0.513

3(H) 0.98 0.89 to 1.08 0.674

Croup 0 (M) 0.86 0.76 to 0.96 0.006

0 (H) 1.1 0.91 to 1.33 0.31

1(M) 0.89 0.83 to 0.96 0.004

1(H) 0.97 0.84 to 1.11 0.644

2(M) 0.88 0.82 to 0.94 <0.0001

2(H) 0.91 0.81 to 1.03 0.133

3(M) 0.89 0.84 to 0.94 <0.0001

3(H) 0.89 0.8 to 0.99 0.029

Total cardiovascular 0(M)†† 1.02 0.99 to 1.05 0.154

0(H) 1.07 1.01 to 1.12 0.019

1(M) 1.02 one to 1.04 0.051

1(H)†† 1.06 1.03 to 1.11 0.001

2(M)†† 1.01 one to 1.03 0.118

2(H)†† 1.06 1.02 to 1.09 0.001

3(M)†† 1.01 0.99 to 1.02 0.23

3(H)†† 1.05 1.02 to 1.07 0.001

Continued
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associations between exposure to elevated PM2.5 at high concen-
tration (≥12.60 µg/m3) with total CVD outcomes within all 
lagged effects. This is consistent with the evidence for urban 

exposure to PM2.5.
10 42 43We also found up to a 25% increase 

in risk with dose–response relationship for the TIA within 1–2 
days after exposure, which is consistent with a study in Victoria, 

Health outcomes Lag RR* 95% CI P value

Arrhythmia 0(M) 1.08 0.98 to 1.18 0.107

0(H) 1.05 0.87 to 1.26 0.639

1(M) 1.01 0.95 to 1.08 0.74

1(H) 1.03 0.9 to 1.17 0.686

2(M) 1 0.95 to 1.06 0.99

2(H) 0.99 0.89 to 1.11 0.887

3(M) 1 0.95 to 1.05 0.902

3(H) 0.96 0.87 to 1.06 0.422

Angina 0(M) 0.9 0.78 to 1.03 0.116

0(H) 0.89 0.68 to 1.17 0.401

1(M) 0.85 0.77 to 0.94 0.002

1(H) 0.93 0.77 to 1.11 0.411

2(M) 0.87 0.8 to 0.94 0.001

2(H) 0.89 0.76 to 1.04 0.132

3(M) 0.9 0.84 to 0.96 0.002

3(H) 0.88 0.77 to 1.01 0.066

Stroke 0(M) 0.97 0.77 to 1.21 0.754

0(H) 0.79 0.49 to 1.28 0.346

1(M) 0.92 0.79 to 1.08 0.327

1(H) 0.93 0.68 to 1.27 0.642

2(M) 0.93 0.81 to 1.05 0.246

2(H) 1.06 0.84 to 1.35 0.623

3(M) 0.96 0.86 to 1.07 0.469

3(H) 1.04 0.85 to 1.28 0.69

Heart failure 0(M) 0.92 0.81 to 1.05 0.231

0(H) 0.87 0.67 to 1.12 0.286

1(M) 0.93 0.85 to 1.02 0.161

1(H) 0.75 1.07 to 1.04 0.242

2(M) 0.95 0.88 to 1.02 0.182

2(H) 0.92 0.8 to 1.06 0.301

3(M) 0.96 0.9 to 1.03 0.317

3(H) 0.93 0.82 to 1.05 0.256

ACS 0(M) 1.13 One to 1.28 0.045

0(H) 1.02 0.8 to 1.3 0.896

1(M) 1.06 0.98 to 1.16 0.163

1(H) 1.05 0.89 to 1.25 0.569

2(M) 1.03 0.95 to 1.1 0.474

2(H) 1 0.87 to 1.15 0.995

3(M) 1 0.93 to 1.06 0.891

3(H) 1 0.88 to 1.13 0.99

TIA 0(M) 1.01 0.86 to 1.19 0.876

0(H) 1.14 0.84 to 1.54 0.391

1(M) 1.02 0.91 to 1.15 0.685

1(H) 1.25 1.02 to 1.53 0.034

2(M) 1.02 0.93 to 1.12 0.681

2(H) 1.2 1.01 to 1.42 0.039

3(M) 1.02 0.94 to 1.11 0.66

3(H) 1.14 0.98 to 1.32 0.095

*Adjusted for dew temperature, humidity, SEIFA, age, sex, weekend, public holiday, wood fire use and season.
†M=Medium PM2.5.
‡H=High PM2.5.

§Total ED: Interactions with those aged above 60 years with significant 3%–5% increase. There was also an interaction with SEIFA in lag3 with the disadvantaged group.
¶Asthma: Interactions with SEIFA with 85% increase at a high smoke level for the medium disadvantaged group.
**ALRTI: Interactions with sex with 20% increase at a high smoke level for females.
††Total cardiovascular: Interactions with age above 60 years old with significant 5%–8% increase.
ACS, acute coronary syndrome; ALRTI, acute lower respiratory tract infections; COPD, chronic obstructive pulmonary disease; EDA, emergency department attendance; TIA, transient ischaemic 
attacks.

Table 4  Continued
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Figure 2  Risk ratio (RR) and 95% CIs for assessing of the effects of estimated PM2.5 at a high level on daily EDA for cardiorespiratory outcomes. In 
each graph, first to fourth bars show RR and 95% CI for lag 0 on the left to lag four on the right, respectively. 
A;Total EDA; B, All respiratory; C, Asthma; D, ALTRI; E, COPD; F, CROUP; G, All cardiovascular; H, Arrhythmia; I, Angina; J, Stroke; K, Heart failure; I, ACS; 
M, TIA.
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Australia, which found an increase in ischaemic heart disease 
(IHD) by 2.07% within 2 days after exposure to WFs. Studies 
of urban PM2.5 have reported a 2%–20% increase in the risk of 
acute IHD-related morbidity for a 10 mg/m3 increase in PM2.5 
levels.10 44 45 The sustained effects of elevated PM2.5 exposure 
during LF events and cumulative biological effects could be 
responsible for a delayed effect of PM2.5 exposure on acute CHD 
events.8 17 The influence of individual perceptions, the severity 
of symptoms, environmental conditions and decisions to seek 
medical care during LF events have been discussed in the litera-
ture as possible explanations for the delayed impact of elevated 
PM2.5 during LF events, which needs further exploration.8 14 17

There is limited research to address the question of popu-
lation subgroups at greater risk of adverse health effects from 
elevated PM2.5 during LF events. Our findings about cardiore-
spiratory related EDA are consistent with available evidence 
that the elderly15 17 and people from low socioeconomic back-
grounds14 22 36 are most likely to be susceptible to elevated PM2.5.
We also reported that women had a 20% increased chance of 
ALRTI compared with men, consistent with a previous study.18

This study has several strengths. The main strength was using 
temporally and spatially resolved modelled air pollution expo-
sure data for an entire city, including areas with no monitoring 
facilities. We designed air pollution with finer spatial resolu-
tion within 1.5 km by 1.5 km compared with 5 km by 5 km 
used by other studies using a similar methodology.11 26 46 This 
finer spatial resolution would reduce uncaptured variability 
within the prediction grid cells with greater accuracy and reduce 
exposure misclassification. We used the IDW method, which is 
a more reliable method to calculate the allocated values of LF 
indicators, compared with the nearest monitoring site used by 
previous studies.11 26 We used a comprehensive state-wide health 
dataset (EDA) with a wide range of respiratory and CVDs. We 
also obtained sociodemographic, socioeconomic, clinical data 
and other information relevant to this study. Finally, we assessed 
the dose–response relationship, which is a crucial aspect of the 
damage caused by pollution exposure.

There were also several limitations. It included a limited 
number of air quality monitoring stations in the Perth metropol-
itan area to establish a more robust model. We used the IDW to 
spatially interpolate air quality measures to address this limita-
tion. Despite this, there might be a possibility of some degrees 
of uncertainty in the accuracy of the predicted estimate of PM2.5 
during LF events. Second, we could not distinguish between the 
effect of WFs and PBs on daily smoke count as there was a possi-
bility of having both types of fire within the same day. However, 
WFs were more common than prescribed burns and accounted 
for about 80% of the total LFs in the study area during the study 
period. Thirdly, despite the modelling exposure to PM2.5 during 
LF events, there might be still likely to have exposure misclassi-
fication, as all persons would not have been exposed to the same 
levels of PM2.5, and there might be some missed periods/grids of 
elevated PM. However, our finer spatial resolution of 1.5 km by 
1.5 km grid cell would reduce this exposure misclassification.

Finally, we were unable to examine all confounding sources 
of PM2.5 that might exist inside people’s homes and immediate 
environments. However, we did consider the woodfire use in the 
analysis to capture it as one of the home air pollution sources.

CONCLUSION
We used an established empirical PM2.5 exposure model to assess 
the population’s exposure to LFs in WA. This study is the first to 
find a significant dose–response relationship between exposure 

to elevated PM2.5 during LF events and an increased risk of EDA 
due to TIA. The high PM2.5 during LF events is also accompa-
nied by an increase in the number of patients seeking emergency 
services, total CVD and some common health problems in the 
community such as asthma and acute lower respiratory infec-
tions. The results are consistent with the literature suggesting 
that older people aged 60 years and above, people with disad-
vantaged status and those with heart or lung problems are more 
susceptible in the affected communities to LF smoke. This study 
has implications for practical public health response actions for 
the appropriate time scale during LF events.
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