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Executive summary 

Australia's first National Climate Risk Assessment is being developed by The Australian Climate 

Service (ACS) with the Department of Climate Change, Energy, the Environment and Water 

(DCCEEW). This risk assessment identifies to what degree Australia's people, infrastructure, the 

economy, and landscapes are exposed and vulnerable to climate change this century.  It informs 

national priorities for climate adaptation and resilience actions and has the potential to inform a 

range of Australia Government policy areas. 

Drawing on capability across several Australian government agencies – including CSIRO, the 

Australian Bureau of Statistics (ABS) and the Bureau of Meteorology and Geoscience Australia – 

the National Climate Risk Assessment is developing a national evidence base which will be used to 

develop an Australia-wide picture of potential risks and adaptation options.  

In 2024, ACS contracted CSIRO to provide targeted risk assessments under the NCRA Health and 

Social Support Systems (NCRA Second Pass Assessment), specifically 1) bushfire impacts on air 

quality and 2) the emergence and increased transmission of communicable diseases. This 

document reflects the technical report associated with these two workstreams. The document 

discusses topics including mortality from bushfires and may be triggering or stressful for some 

audiences. 

Bushfire impacts on air quality and health 

The objective of the bushfire impact workstream was to quantify the impacts that bushfires may 

create on the health system under different future climate scenarios. Using the 2019/20 summer 

bushfires as an example of an extreme event scenario, the study attempts to quantify the smoke-

related health impacts if such an event were to occur in 2050. The air quality associated with this 

scenario would comprise changes between the present day and 2050 due to climate change, 

coupled with air quality levels estimated nationally for the 2019/20 bushfires.   

Standard population-level modelling approaches were used to model the impact of bushfires on 

air quality and health. Health impact functions assessed four outcomes: all-cause mortality, 

cardiovascular-related hospital admissions, respiratory-related hospital admissions, and 

emergency department (ED) presentations related to asthma. It is acknowledged that there are 

broader outcomes associated with bushfires including mental health and financial impacts, and 

the investigation was based on a quantitative approach rather than qualitative review which may 

uncover alternative insights. Also broad assumptions are made in this modelling using impacts 

derived via statistical attribution rather than confirmed coroner reports or chart audits of hospital 

records.  

Projections of climate to 2050 using 8 different global climate models indicate wide variation in 

estimates of air pollutants. To determine the health impacts of a severe bushfire in 2050, 

modelling comprised a bushfire component (based on the 2019/20 bushfire period) and a climate 

change component, with each having an expected impact on future air quality. Due to uncertainty 

between the climate change models, health impacts were quantified for all climate models and a 
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best and worst case identified. The results indicate that the health impacts due to climate change 

are between an eighth (12.5% - best base) and a quarter (25% - worst case) of the impacts 

estimated from the 2019/20 bushfires.  It is noted that while the health impacts from the 2019/20 

bushfires were substantial, they were less than 1% of broader mortality and inpatient admission 

impacts nationally for similar diagnoses, and approximately 4% of broader volume in the case of 

asthma-related ED presentations.   

The assessment uses relative risks largely based on World Health Organization (WHO) 

recommendations for assessing impact from air quality. As sensitivity analyses, we assessed other 

relative risks published from systematic reviews and consider the health impacts from three 

different pollutants identified in bushfire smoke. Of all the different global climate models and 

relative risks assessed, they all generate approximately the same ratios in terms of future air 

quality and health impacts. Although the modelling of the bushfire component was based on the 

most extreme fire event in Australia to date, our analysis did not consider bushfire size, intensity 

and duration which are expected to change in a future warmer environment with more extreme 

fire weather. 

To complement this assessment, the team generate new evidence assessing relative risks of health 

service use associated with bushfires, covering PBS, MBS as well as hospital datasets made 

available via the Australian Research Data Commons (ARDC) Bushfire Data Challenges program. It 

is understood that this is the first time this dataset has been used to generate Australian, 

nationally focused relative risks about health service use that compare well against published 

recommendations. 

This assessment establishes that climate change is increasing the frequency and extremity of fire 

weather when most fires tend to occur and exposure to bushfire smoke contributes towards 

Australia’s disease burden. The substantial evidence base suggests controlling fine particle 

pollution would result in fewer early deaths; however high particulate matter exposure occurs 

frequently for populations in central Australia. While concern about extreme events like bushfires 

is appropriate, there is not a way to remove dust as a risk factor from the country, and our future 

climate will contain all sources of particulate matter including those from non-anthropogenic 

emissions. 

Emergence and increased transmission of communicable diseases 

Routinely collected pathogens of concern 

To enable an improved understanding of the climate driven risks for communicable diseases, we 

investigated the impact of climate change on influenza notifications nationwide and methicillin-

resistant staphylococcus aureus (MRSA) in northern regional and remote Australia. We 

constructed prediction models to assess how variations in climate variables including, but not 

limited to, temperature, humidity, and precipitation might affect current and long-term future of 

influenza and MRSA prevalences. 

By 2050, we projected that the rate of influenza would be 116 and 300 cases per 10,000 people 

under the low and very high greenhouse gas emission scenarios of SSP1-2.6 and SSP5-8.5 

respectively, as a result of increasing maximum surface air temperature. This is an increase of 
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187% and 639% respectively compared to the average observed influenza rate in the 2010 – 2019 

period.  

By 2050, we projected that the rate of MRSA would be 87 and 102 cases per 10,000 people under 

the low and very high greenhouse gas emission scenario of SSP1-2.6 and SSP5-8.5 respectively, as 

a result of increasing maximum surface air temperature. This is an increase of 39% and 63% 

compared to the average observed MRSA rate in the 2014 – 2023 period.  

Our analysis highlights the importance of ongoing support for surveillance and assessment of the 

impact of climate change on communicable diseases. We note, however, the following limitations 

in our study. 

• We employed the output from one climate model 

• We consolidated the entire Australian influenza cases as a single cohort. Similarly, the entire 

north Australian MRSA cases were considered as a single cohort. 

• We analysed annual disease data. 

• We modelled the effect of each climate variable separately. 

• We considered only the effect of climate on health. 

Potential spillover risk with climate change 

To investigate how spillover risks across Australia might change with climate, we leveraged our 

existing estimate of spillover from 11 orders of animals in Australia under climate change. To 

perform a deeper assessment of how potentially high impact pathogens such as Japanese 

encephalitis virus (JEV) risks will change with climate change scenarios, ecological niche modelling 

for zoonotic climate sensitivity was undertaken. These projections should be interpreted 

cautiously. They are based on assumptions inherent in climate models and do not account for 

potential changes in human behaviour, land use, or wildlife movement.   

The results show an estimate of the environmental suitability of the 11 orders of animals (8 

mammals and 3 avian) and their corresponding viruses known to be able to cross to humans. It is 

important to note many of these would require introduction into Australia to actually be present. 

Although there is substantial variation between the models, some of the broader scale patterns in 

the changes remain largely consistent. The most consistent patterns were an increased potential 

zoonotic virus density in the west, reduced potential in the east, and substantial changes in 

Tasmania by 2050. This is a preliminary estimation based on simplified assumptions, intended to 

provide a rapid approximation. Further refinement and detailed analysis are required for more 

precise results. That is, there are many limitations to this study, with much caution needed in 

interpretation and use.  

For JEV, the results show the differences in combined presence probabilities of 3 mosquito vectors 

and any of the 12 waterbird species or feral pigs. It is important to note that this is not directly 

spillover or transmission risk, but simply where the necessary species for transmission to occur are 

likely to be present in combination. An actual transmission layer, including key information like 

viral suitability and vector abundance, would be needed for transmission risk. Results based on 

several of the eight individual climate models had patterns of increased presence probability of 

species associated with the transmission of JEV in the north of the country, and decreases in the 
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south. A region around southern Western Australia showed a consistent decrease even in the 

extreme model projection. The changes observed from 2025 to 2090 are larger than 2025 to 2050 

and appear to be driven largely by changes in the 3 mosquito populations.  

Climate change induced mutations 

To investigate how climate change induced mutations in a pathogen’s genome that could have 

potential adverse impacts on survival, replication, and virulence, an analysis was undertaken to 

understand how pathogens could evolve in response to a changing climate. This could in turn have 

an impact on survivability, pathogenicity and infectivity of various diseases. We investigated this 

using historical genetic data to determine if the emergence of mutations could be correlated with 

changing climate with particular focus on pathogens relevant to Australia (salmonella, influenza 

virus and JEV). 

Machine learning algorithms were used in the analysis to identify climate linked mutations where 

mutations associated with changes in minimum/maximum temperature and precipitation were 

identified. Analysis of the influenza identified a small subset of 4 mutations were common to all 

these climate conditions and mapping these mutations to high quality X-ray crystallography 

structures demonstrated that majority of mutations were outward facing, allowing them to 

interact with the environment. This work demonstrated the ability to identify mutations linked to 

changes in climate reinforcing the hypothesis that pathogens can adapt to changing conditions.  

This early evidence suggests that these mutations are linked to multiple climate changes (e.g. 

temperature and precipitation) and are in pathogenically important regions (e.g. the HA1 trimer in 

influenza virus). 

The JEV analysis revealed several variant combinations that were linked to the El Nino cycle. The 

preferential association of these variants in samples originating from El Nino years could be 

indicative of co-evolution, two variants emerging in tandem in response to climate variability and 

change. Climate change has been hypothesised to influence the El Nino/La Nina cycle, potentially 

intensifying the climate events. If these variants are associated with El Nino, then an intensifying 

of this weather cycle would lead to an increase in the frequency these variant combinations are 

observed. 

While this study highlights the importance of monitoring for these changes in the genomes of 

pathogens, there are limitations that need to be noted:  

• Poor quality JEV and salmonella datasets: Limited genomic data and poor-quality metadata 

restricts the strength of analysis. Links between mutations and high-level climate events (e.g. El 

Nino/La Nina) have been identified and continued refinement of methods and cleaning of data 

will continue to provide insight. 

• Correlation vs causation: Correlation of mutations with climate does not necessarily imply a 

direct functional link. Continued monitoring for emergence of these flagged mutations in the 

future will allow researchers to refine focus onto those mutations with significant evidence for a 

link to climate change. 

• Functional implications of mutations: Structural modelling of mutations can provide insight, but 

function must be determined experimentally in the future. 
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1 Introduction 

This work was undertaken for the National Climate Risk Assessment (NCRA, Second Pass 

Assessment) Health and Social Support System as risks to health and wellbeing from slow onset 

and extreme climate impacts from bushfires on air quality (Workstream 1) and from emergence 

and increased transmission of communicable diseases (Workstream 2). 

1.1 Bushfire impacts on air quality and health (Workstream 1) 

Activities undertaken in this workstream comprise quantification of the impacts that bushfires 

may create on health system demand and mortality under different future climate scenarios. 

Modelled air quality data is overlaid with existing health data from publications and public reports 

to describe the health system demand and mortality impacts under different scenarios.  

The aim is to understand the impacts that major bushfire and air quality events have on the health 

system (e.g. hospital demand). This is assessed from available reports and intelligence that 

describe health system demand and modelled climate change scenarios for 2050.  

Forecasts from CSIRO’s Air Quality Forecasting System (AQFx) are used to model air quality 

associated with the 2019/20 summer bushfires as an example of an extreme event scenario. 

Future projections of changes in air quality were obtained from the National Environment Science 

Program (NESP) air quality modelling runs available for 2048-2052. The model runs highlight 

changes in Australia’s air quality from climate change and includes dust storms, sea salt, summer 

urban smog events and emissions that increase with higher temperatures such as biogenic 

hydrocarbons. Air quality is mapped to affected populations to estimate exposure, and health 

system impacts quantified via health impact functions, which is aligned with the approach of 

global environmental agencies for informing air quality policy. 

1.2 Emergence and increased transmission of communicable 
diseases (Workstream 2) 

Activities undertaken in this workstream were focussed on assessing trends of a selected number 

of current diseases and their likely changes of overall spillover risk with climate variation. For 

potentially high impact pathogens such as Japanese encephalitis virus a deeper assessment was 

undertaken using future climate change to describe those climate scenarios which might develop 

concerning properties. This exploratory study was to enhance the understanding of potential 

impacts climate change could have on pathogens to evolve concerning properties beyond heat 

tolerant such as heat, humidity and rainfall influenced fitness, pathogenicity and transmissibility. 

The exploratory analysis focussed on high impact pathogens to develop concerning properties 

(transmissibility) under extreme climate conditions. Three areas of explorations were undertaken 

to determine the impact from climate change: 

a. Routinely collected pathogens of concern (influenza & MRSA). 
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b. Potential spillover risk with climate change (11 orders of animals, 8 mammals and 3 avian) 

including a deeper assessment of potentially high impact pathogen (Japanese encephalitis 

virus (JEV)). 

c. Climate change induced mutations (influenza, salmonella and JEV). 

These activities focused on how climate variation (e.g. temperature, humidity, rainfall, seasonality, 

El Nino and La Nina events) impacted disease prevalence of two pathogens using routinely 

collected surveillance data. We focussed on laboratory-confirmed influenza from the National 

Notifiable Diseases Surveillance System and methicillin-resistant staphylococcus aureus (MRSA) 

from a phenotypic passive CSIRO-based surveillance system called HOTspots. A prediction model 

was used to assess the future impact on disease prevalence of these two pathogens with changes 

in climate variables for 2050. 

To investigate how spillover risks across Australia might change with climate, we leveraged our 

existing estimate of spillover from 11 orders of animals in Australia under climate change to 

investigate potential change in zoonotic virus density across Australia from 2020 to 2050, using 

projections from eight different Global Climate Models under two climate scenarios, RCP 4.5 and 

RCP 8.5. A deeper assessment was undertaken to explore how a potentially high impact pathogen 

such as JEV change with future climate scenarios. Ecological niche modelling for zoonotic climate 

sensitivity was undertaken with JEV to investigate geographic transmission risks based on climate 

model projections for the future period of 2050 and 2090.  

To investigate how climate change induced mutations in a pathogen’s genome could potentially 

impact the survival, replication, and virulence, an analysis was undertaken to predict pathogen 

sensitivity to climate variables to understand how pathogens could change under different climate 

scenarios. The approach explored pathogen climate sensitivity by a machine learning and 

statistical approaches using genome sequence alignments of pathogen species from different 

climates around the world, over time. Influenza, JEV and salmonella genomes were explored and 

correlations between mutations of Influenza virus and climate changes were established. These 

findings for influenza virus were extended to understanding the direction and degree to which 

they might impact pathogen survival, replication and virulence. 
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2 Bushfire impacts on air quality and health 
(Workstream 1) 

Activities undertaken in this workstream are to quantify the impacts that bushfires may create on 

health system demand and mortality under different future climate scenarios. Analysis is prefaced 

with commentary on the pressure that climate change is exerting on fire globally and the evidence 

of health impacts from bushfire-related air quality. Modelling is then presented for estimating air 

quality associated with bushfires in 2050 and linking air quality with health impacts. 

2.1 Bushfires and health 

2.1.1 The planet is warming  

Every year, an authoritative, international, peer-reviewed summary of the global climate is 

published which provides a detailed update on global climate indicators, notable weather events, 

and other data collected by environmental monitoring stations and instruments located on land, 

water, ice, and in space. According to the most recent release based on contributions from 

scientists from around the world (The 34th annual State of the Climate Report), greenhouse gas 

concentrations, the global temperature across land and the ocean, global sea level and ocean heat 

content all reached record highs in 2023 (Blunden and Boyer, 2024). While the COVID-19 

pandemic led to a drop in global CO2 emissions of 5% in 2020, CO2 concentrations have risen again 

to record high levels and are now higher than at any time in the last two million years (UNEP, 

2021). 

The three dominant greenhouse gases in Earth's atmosphere — carbon dioxide, methane, and 

nitrous oxide — all reached new highs in 2023, where levels of these three gases in the 

atmosphere are now more than 50%, 166% and 25% respectively higher than pre-industrial levels 

(Blunden and Boyer, 2024). Human activities are estimated to have caused approximately 1°C of 

global warming above pre-industrial levels, and likely to reach 1.5°C between 2030 and 2052 

(IPCC, 2018). Specific to our region, Australia’s climate has warmed by an average of 1.51 ± 0.23 °C 

since national records began in 1910 (Bureau of Meteorology and CSIRO, 2024). 2024 was Earth’s 

warmest year since global records began in 1850 (NOAA, 2025). 

A 2021 report from the Intergovernmental Panel on Climate Change “Physical Science Basis” has 

been dubbed a “code red for humanity” by the United Nations Secretary-General, and documents 

in far greater detail and with higher certainty than previous assessments how climate change and 

extreme events can be attributed to the build-up of anthropogenic greenhouse gas emissions in 

the atmosphere (IPCC, 2021). It is unequivocal that human influence has warmed the atmosphere, 

ocean and land. It is virtually certain that hot extremes (including heatwaves) have become more 

frequent and more intense across most land regions since the 1950s, while cold extremes have 

become less frequent and less severe, with high confidence that human-induced climate change is 

the main driver of these changes. Global surface temperature will continue to increase until at 
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least mid-century under all emissions scenarios considered by the Intergovernmental Panel on 

Climate Change (IPCC, 2021). 

2.1.2 Heatwaves and droughts contribute to bushfire occurrences 

Severe drought, heat and low humidity are becoming more extreme as the climate warms. 

Bushfires have been a natural and geologically ancient feature of the Earth system (Johnston et al., 

2024). However, as climate change makes hot and dry conditions – often termed “fire weather” – 

more common and severe, vegetation dries out and landscapes become more flammable, pushing 

up the odds of bushfire occurrences (van Oldenborgh et al., 2021).  

In Australia, fire weather is largely monitored using the forest fire danger index which indicates 

the fire danger on a given day based on observations of temperature, rainfall, humidity and wind 

speed (Bureau of Meteorology and CSIRO, 2024). A recent study found that in many regions of the 

world, the pace at which fire weather conditions are increasing is accelerating faster than climate 

models predicted (Jones et al., 2022).  The length of the fire weather season (when most fires tend 

to occur) has already expanded significantly in many regions since the 1980s.  Increases in the 

frequency and extremity of fire weather have been globally pervasive due to climate change, 

meaning that landscapes are primed to burn more frequently (Bowman et al., 2017). Overall, 

climate change is exerting a pervasive upwards pressure on fire globally by increasing the 

frequency and intensity of fire weather, and this upwards pressure will escalate with each 

increment of global warming (Jones et al., 2022). Climate change projections suggest an increase 

in days conducive to extreme bushfire events by 20 to 50% in disaster-prone landscapes, with 

sharper increases in the subtropical Southern Hemisphere and European Mediterranean Basin 

(Bowman et al., 2017). 

However, climate change is not the only factor driving changes in bushfire activity.  Weather 

conditions affecting vegetation growth and the build-up of fuels, the presence of human ignitions 

in regions that are not naturally fire-prone, and the fragmentation of fire-prone landscapes by 

agriculture are examples of factors that can locally or regionally outweigh fire weather as controls 

on fire activity (Jones et al., 2022). 

2.1.3 Bushfire smoke 

Bushfire smoke is considered a significant emission source of gaseous pollutants and particulate 

matter (PM). Active trace gases (e.g. sulphur dioxide (SO2), nitrogen oxides (NOx), ammonia (NH3)) 

released from biomass burning are major precursors of secondary aerosols and tropospheric 

ozone in the atmosphere (Karanasiou et al., 2021). The combustion of biomass generates 

greenhouse gases emissions, such as methane (CH4) and carbon dioxide (CO2) roughly equivalent 

to the combustion of fossil fuels (IPCC, 2014: 877). The Australian bushfires from the summer of 

2019–20 emitted more CO2 than Australian annual fossil carbon emissions (van der Velde et al., 

2021). Particles emitted from and formed in bushfire smoke plumes are typically a mixture of 

black carbon, brown carbon and organic carbon and can also contain inorganic material (ash) and 

heavy metals from contaminated biomass fuel. Most of the particle emissions arising from 

biomass burning fall in the PM2.5 fraction (particulate matter with an aerodynamic diameter of less 

than or equal to 2.5μm) (Reid et al., 2005). 
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Although biomass burning is a relatively small source category with a global contribution to 

mortality by ambient fine particles (PM2.5) and ozone (O3) of about 5%, its areal range is large (e.g. 

in South America and Africa) and is the main source of air pollution in large parts of Canada, 

Siberia, Africa, South America and Australia (Karanasiou et al., 2021). Australian cities are 

frequently affected by bushfire smoke given their proximity to highly flammable native vegetation 

and hot dry weather conditions that favour combustion (Johnston et al., 2011).  

Methods for reducing the hazard of bushfires include prescribed burning of potential bushfire fuel 

by fire management agencies. As these burns use the same fuels as bushfires, smoke from such 

fires can also be considered bushfire smoke (Jegasothy et al., 2023). 

2.1.4 Health impacts  

Bushfires can have substantial impacts on human health directly and indirectly through exposure 

to heat (e.g. burns and destructive impacts), emissions (smoke-related health impacts), and 

altered ecosystem functioning (e.g. biodiversity, amenity, water quality, and climate impacts) 

(Johnston et al., 2024). This investigation focuses on smoke-related health impacts. Bushfire 

events can cause large emissions of gaseous and particulate matter (PM) air pollutants, with PM 

thought to be the main health risk from bushfire smoke – particularly PM2.5 which makes up 

around 90% of PM emitted from bushfires (Jegasothy et al., 2023). 

Ambient air quality in Australia is regulated by the National Environment Protection Measure 

(NEPM), which sets for example, a maximum 24-hour mean concentration of 50 μg/m3 for 

particulate matter less than 10μm in diameter (PM10) and 25 μg/m3 for PM2.5 (Department of 

Climate Change, 2021). Each state and territory are required by the NEPM to annually report all 

breaches of this standard, including the sources of pollution. 

The effects of bushfire smoke on population and occupational health and the gaps in research are 

highlighted below.  

Respiratory system impacts 

The major impact of bushfire smoke on the healthcare system comes from patients seeking care 

for respiratory symptoms (Black et al., 2017). Emergency visits for respiratory symptoms increase 

in smoke-affected areas, and more specifically, patients are more likely to visit hospital emergency 

departments for asthma, bronchitis, dyspnea, and chronic obstructive pulmonary disease (COPD) 

symptom (pooled effects have been estimated as 4.1% and 4.8% increased risk of respiratory 

emergency visits, per 10 μg/m3 increases in PM2.5 and PM10 respectively (Karanasiou et al., 2021). 

Hospital admissions and outpatient visits for respiratory symptoms also increase with bushfire 

smoke exposure. Bushfire smoke exposure is associated with increases in specific symptom scores 

and surrogate markers (e.g. significant increase in COPD symptom scores on days when ambient 

particulate counts spike due to bushfires). In asthma patients, bushfire smoke exposure is 

associated with increases in asthma symptoms, asthma hospitalisations, emergency department 

visits, and increased corticosteroid and rescue inhaler use (Borchers Arriagada et al., 2019; Elliot et 

al., 2013; Johnston et al., 2006). 

Studies performed on firefighters report a decline in forced expiratory capacity in 1 s (FEV1) 

following a full season of firefighting compared to preseason values but an eventual return to 
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baseline FEV1 in the post season, although the recovery period appears to be on the order of 

months following exposure (Black et al., 2017). Studies comparing pre-shift and post-shift values 

instead of preseason and postseason values, report no change in FEV1, suggesting that lung 

function decline is not an acute event but is rather associated with longer smoke exposures. 

Cardiovascular system impacts 

In contrast to respiratory health risks, the data on cardiovascular risks from bushfire smoke are 

mixed. Multiple studies report no increase in hospital admissions or ED visits for cardiovascular 

events during bushfire events, while other studies have shown increases in cardiac events during 

bushfires. Australian examples include a reported association between bushfire PM2.5 and risk of 

out of hospital cardiac arrest from the 2006–2007 bushfires in Victoria (Dennekamp et al., 2015; 

Haikerwal et al., 2015) and increased outpatient cardiovascular visits among Indigenous 

Australians following bushfires (Johnston et al., 2007). These studies raise the question whether 

bushfire smoke may be associated with cardiovascular health effects in specific populations or 

exposure conditions. In the future, discrepancies between studies may be explained by better 

characterising the exposure in question. 

Numerous epidemiological, biomedical and clinical studies indicate that ambient particulate 

matter in air pollution is strongly associated with increased cardiovascular disease such as 

myocardial infarction, cardiac arrhythmias, ischemic stroke, vascular dysfunction, hypertension 

and atherosclerosis (Du et al., 2016). The molecular mechanisms for PM-caused cardiovascular 

disease include direct toxicity to the cardiovascular system or indirect injury by inducing systemic 

inflammation and oxidative stress in peripheral circulation. 

Theoretically, PM10 particles preferentially deposit in the upper airways, meanwhile PM2.5 and 

ultrafine particles more easily reach the smallest airways and alveoli, and ultrafine particles may 

further penetrate the alveolar-capillary membrane and spread into systemic circulation (Du et al., 

2016). It has been reported that ultrafine particles can be found in remote organs which may 

indicate that they could induce specific organ toxic effects (Du et al., 2016). In addition, ambient 

aerosols appear when ambient particles interact with atmospheric gases (ozone, sulphur and nitric 

oxides and carbon monoxide). Each of those aerosols can have independent and potentially 

synergistic or antagonistic effects with each other and with PM. 

Several pathways have recognised that can explain the link between PM particles and 

cardiovascular diseases: a direct pathway, where PM2.5 and ultrafine particles directly translocate 

into the bloodstream and target remote organs; or indirect pathways including pulmonary 

oxidative stress and inflammatory response, which is less acute and occurs after several hours or 

days of inhalation, and interaction on the autonomic nervous system via specific lung receptors 

(Du et al., 2016). 

A recently published umbrella review covering 56 articles published between 2010 and 2020 

including 20 meta-analyses demonstrated a robust correlation between short-term exposure to 

PM10 and PM2.5 and an elevated risk of hospital admissions related to stroke (de Bont et al., 2022).  

The strongest evidence was found between higher short- and long-term ambient air pollution 

exposure and all-cause CVD mortality and morbidity, stroke, and ischemic heart diseases. Short-

term exposures to PM2.5, PM10, and nitrogen oxides (NOx) were consistently associated with 

increased risks of hypertension and triggering of myocardial infarction, and stroke. Long-term 
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exposures of PM2.5 were largely associated with increased risk of atherosclerosis, incident 

myocardial infarction, hypertension, and incident stroke and stroke mortality (de Bont et al., 

2022). Few studies evaluated other CVD outcomes including arrhythmias, atrial fibrillation, or 

heart failure but they generally reported positive statistical associations. Stronger associations 

were found in Asian countries and vulnerable subpopulations, especially among the elderly, 

cardiac patients, and people with higher weight status.  

From their systematic review and meta-analysis of 68 studies covering 23 million participants, Niu 

et al. (2021) also report that exposure to air pollution was positively associated with an increased 

risk of stroke hospital admission (from PM2.5, PM10, SO2, NO2, CO, and O3), incidence (PM2.5, SO2, 

and NO2), and mortality (PM2.5, PM10, SO2, and NO2). 

Mortality 

Data on overall mortality risk during a bushfire event are mixed. Too little data is available on the 

specific risks of bushfire smoke to make a conclusive comparison between bushfire smoke 

mortality and mortality from other air pollution sources. Many studies have found small 

associations between increased particulate matter due to bushfires and overall mortality. For 

example, when studying extreme air pollution events and mortality in Sydney from 1994-2007, 

Johnston et al. (2011) found a 5% increase in odds of non-accidental mortality in the day following 

a bushfire smoke event, and also that dust events were associated with a 15% increase in non-

accidental mortality at a lag of 3 days. However, at least one study suggests that the mortality rate 

observed during bushfire events is consistent with the increase in mortality from elevated PM2.5, 

regardless of source (Hänninen et al., 2009). Thus, it is difficult to determine whether any portion 

of the increased mortality risk observed during bushfire events is uniquely attributable to bushfire 

smoke. Also, as confounders to this problem, bushfires and dust storms tend to coincide with high 

ambient temperatures and higher maximum ozone concentrations, both of which have been 

independently associated with increased risk of mortality (Johnston et al., 2011).  Researchers in 

this field have also at times made a distinction between all-cause mortality and cardiovascular 

mortality and respiratory mortality. 

Jegasothy et al. (2023) examined the risk of mortality from bushfire-related PM2.5 in Sydney from 

2010-2020 and found a 10 μg/m3 increase in bushfire PM2.5 was associated with a 3.2% increase in 

risk of all-cause mortality in the 3 days following exposure. These effects were present in those 

aged 65 years and over, while no effect was observed in people under 65 years. Other studies 

report smaller and non-significant outcomes. Morgan et al. (2010) found a 0.8% increase in all-

cause mortality per 10 μg/m3 rise in PM10 during 32 bushfire days in Sydney but reported no 

association with cardiovascular mortality or respiratory mortality. Hänninen et al. (2009) found 

increases in mortality in the order of 1% per 10 μg/ m3 rise in PM10 associated with forest fires in 

Finland. 

Karanasiou et al. (2021) undertook a systematic review on the health effects of bushfire emissions 

in the framework of the WHO activities on air pollution. A total of 81 papers were considered as 

relevant for mortality and morbidity effects and WHO experts and external advisors were solicited 

for their critical analysis and consolidated expertise in the field. They report that PM10 and PM2.5 

concentrations originating from bushfires were associated with all-cause mortality, with pooled 

effects estimated at 1.3% and 1.9% increased all-cause mortality per 10 μg/m3 rise in PM10 and 

PM2.5 respectively. They also found the risk of cardiovascular mortality was increased by 3.3% for a 
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10 μg/m3 rise in PM2.5 concentration. A more recent examination of 21.6 million cardiovascular 

and 7.7 million respiratory deaths in 380 cities across 24 countries report lower effects: 0.9% for 

cardiovascular mortality and 1.3% for respiratory mortality per 10μg/m3 increase in PM2.5 (Schwarz 

et al., 2024). 

Studies in sub-population groups 

Multiple studies have assessed whether specific populations are more susceptible to bushfire 

smoke exposure than the general population. Health effects from bushfires are related to age, 

pre-existing health conditions, gender, ethnicity and socio-economic status (Karanasiou et al., 

2021). Larger positive associations between bushfire smoke and cardiorespiratory morbidities are 

observed for the elderly, middle-aged and older adults compared to other age groups.  

There is inconclusive evidence of increased vulnerability to adverse health effects from bushfire 

smoke exposure among children. Some studies report a higher risk of increased respiratory-

symptoms, asthma, and hospital contacts associated with bushfire smoke for children compared 

with other age groups (Karanasiou et al., 2021). For example, in a study assessing childhood 

asthma and air pollutants in Melbourne, Erbas et al. (2005) report consistent associations between 

childhood ED asthma presentations and PM10 concentrations, with a strongest association of RR = 

1.17 (95% CI 1.05 to 1.31) and associations also observed for asthma ED presentations following 

NO2 and ozone exposure. However, others (Johnston et al., 2006; Johnston et al. 2014; Jalaludin et 

al., 2000) report no associations present in children (<15 years) for any respiratory and 

cardiovascular outcome. 

Indigenous Australians have been reported to experience higher rates of hospitalisation for 

respiratory infections and ischaemic heart disease associated with exposure to bushfire smoke 

than non-indigenous people (Hanigan et al., 2008, Johnston et al., 2007). This effect may be 

explained by underlying health status, access to medical services, or other social characteristics of 

this group. Socioeconomic status is another factor that may influence health effects from bushfire 

exposure. Jones et al. (2020) reported that lower socioeconomic status may have increased the 

risk of out-of-hospital cardiac arrest due to smoke exposure during bushfires whereas others have 

reported no differences in health outcomes between different socioeconomic groups (Henderson 

et al., 2011). Some studies have also demonstrated links between bushfire smoke exposure and 

pre-term birth and decreased birth weights (Karanasiou et al., 2021).  

Hospital impacts 

Many of the studies referenced in the above commentary describe impacts on hospitals in terms 

of higher rates of ED presentations and hospital admissions.   

Haikerwal et al. (2016) analysed the 2006/2007 bushfire period in Victoria which, until that time, 

was the longest running collection of fires recorded in Victoria. The air quality during this period 

was substantially diminished with elevated surface concentrations of PM2.5 found for most of the 

bushfire season. The maximum daily PM2.5 concentration recorded across large parts of Victoria 

was greater than 200 μg/m3 which substantially exceeded the allowable air quality standards for 

PM2.5 as set by regulatory bodies (in Australia the advisory standard is 25 μg/m3 for a 24-h period). 

There were around 15–20 days when PM2.5 level was greater than 50 μg/m3 (twice the advisory 

standard). The study found that an interquartile range increase in PM2.5 levels of 8.6 μg/m3 was 
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associated with an increase in emergency department attendances for asthma by 2% on the day of 

exposure, with a stronger association for women >20 yrs. No associations were found for COPD.  

Johnston et al. (2014) investigated the association between forest fire smoke events and hospital 

emergency department visits in Sydney from 1996–2007. Fire smoke event days were associated 

with increases in emergency visits for all non-trauma conditions (3%), respiratory conditions (7%), 

asthma (23%), and COPD (12%). 

Morgan et al. (2010) also investigated bushfires in Sydney and noted associations between daily 

particle levels from bushfires and hospital admissions for respiratory problems. They found that a 

10 μg/m3 increase in bushfire PM10 was associated with a 1% increase in all respiratory hospital 

admissions, a 4% increase in in COPD admissions (at a 2-day lag), and a 5% increase in adult 

asthma admissions. 

For a study over the 7-month period of the dry season in Darwin, Johnston et al. (2002) found 

increased asthma emergency visits associated with PM10 (adjusted rate ratio of 1.2 per 10 μg/m3 

rise in PM10), especially when PM10 exceeded 40 μg/m3 (adjusted rate ratio, 2.4) compared with 

days when PM10 levels were less than 10 μg/ m3. A later study undertaken in the same city found 

associations for asthma symptoms (IRR 1.24) and oral steroid medication use (IRR 1.035) with a 10 

µg/m3 increase in PM10 concentrations over a 7-month period (Johnston et al., 2006). Still in 

Darwin, Johnson et al. (2007) found a positive, but not statistically significant, relationship 

between PM10 and all respiratory admissions (OR 1.08) for each 10 μg/m3 rise in PM10, with a 

larger effect in the indigenous sub-population (OR 1.17). When examining smaller subgroups of 

respiratory conditions, a significant association was found for COPD hospital admissions (OR 1.21), 

which was greater for Indigenous residents admitted for COPD (OR 1.98), and for asthma and 

COPD combined (OR 1.19) but not for asthma (OR 1.14) (Johnston et al., 2007).  For the same city, 

Hanigan et al. (2008) found that an increase of 10 μg/m3 PM10 was associated with a 5% increase 

in all-cause respiratory hospital admissions during bushfires. A stronger association was found for 

Indigenous people than non-Indigenous (RR 1.15 vs. 1.007).   

Martin et al. (2013) examined the association between bushfire smoke events and hospital 

admissions in Sydney, Newcastle and Wollongong from 1994 to 2007. They found that in Sydney, 

bushfire smoke events were associated with a 5% increase in all-cause respiratory-hospital 

admissions, COPD-hospital admissions increased 13%, and asthma 12%. Bushfire smoke events 

were also associated with increased admissions for respiratory conditions in Newcastle and 

Wollongong. Smith et al. (1996) also in Sydney, found no increase in asthma visits with PM10 

increase during episode of exposure to bushfire emissions. 

Hasnain et al. (2024) reviewed hospital admissions related to cerebrovascular disease (comprising 

ICD-10 diagnoses codes I60-I69) for an area comprising 7 local government areas around 

Newcastle NSW for the 2019–20 bushfire season in Australia. They found no significant increase in 

daily admissions for cerebrovascular disease over the entire bushfire period but found an 

association between particulate matter and high smoke days with increased hospital admissions 

for one specific cerebrovascular disease (ischaemic stroke). 

Tham et al. (2009) in 3 Victoria cities in Australia affected by PM from bushfires found the 

strongest associations between PM10 and daily respiratory emergency visits (RR 1.018) but no 

significant associations were identified for hospital admissions.  Chen et al. (2006) in Brisbane, 

Australia, found an increase of PM10 from low (<15 μg/m3) to high level (>20 μg/m3) was 
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accompanied by an increase of 19% in respiratory hospital admissions for bushfire days (RR 1.19) 

versus 13% for background days (RR 1.13). 

Mental health 

An increased rate of mental health disorders post-bushfire has been found in both the adult and 

paediatric population. Mental health impacts include increased rate of PTSD, depression, and 

generalised anxiety, from the time a bushfire occurs to years after (To et al., 2021). Behavioural 

changes in children following a bushfire event can include increased irritability and changes in 

concentration, sleep, and academic performance (To et al., 2021).  

Researchers studying the mental health impact of bushfires have typically used surveys 

administered to study participants to gain an appreciation of mental health outcomes.  When 

assessing the health impacts of prolonged exposure to bushfire smoke in the ACT and surrounding 

area during the 2019-20 bushfire season, Rodney et al. (2021) report that while almost all 

participants in their survey experienced at least one physical health symptom that they attributed 

to smoke (most commonly eye or throat irritation and cough), over half of responders self-

reported symptoms of anxiety and/or feeling depressed and approximately half reported poorer 

sleep. Approximately 17% of people sought advice from a medical health practitioner, most 

commonly a general practitioner, to manage their symptoms. This observation is relevant to the 

modelling of air quality and PBS and MBS items related to mental health which is presented later 

in this report (see Section 2.3.9). Other researchers assessing this same event in the ACT grouped 

interview responses into the themes of disruption to daily life, physical and psychological effects, 

and shifting social connectedness (Williamson et al., 2022). 

Other researchers report that while exposure to bushfire smoke may have mental health impacts, 

particularly in episodes of chronic and persistent smoke events, the evidence is inconsistent and 

limited (Eisenman and Galway, 2022). Qualitative studies disclose a wider range of impacts across 

multiple mental health and well-being domains and priorities for future research should include 

differentiating between mental illness and emotional well-being and identifying the causal 

processes that link bushfire smoke to mental health and well-being effects. This recommendation 

is also relevant to the statistical modelling presented in Section 2.3.9. 

Novel terms have appeared in the literature to describe emotional and mental health responses to 

natural disasters such as solastalgia, eco-anxiety, and ecological grief, which may become more 

prominent as a result of predicted changes to bushfire patterns (To et al., 2021). 

Medications 

Exposure to bushfire smoke has also been associated with increases in medication use but again 

the evidence is inconsistent. Borchers Arriagada et al. (2019) describe three studies which 

demonstrated a positive and statistically significant association between PM2.5 and salbutamol 

dispensations. Caamano-Isorna et al. (2011) reported a higher consumption of drugs for 

obstructive airway diseases among pensioners during the months following bushfires in regions 

affected by bushfires versus those unaffected by fire. Künzli et al. (2006) found increases in 

medication use and medical consultations with an increase in the duration of smoke exposure and 

in PM10 levels over 5 days in asthmatic individuals, however no associations were found for 

asthma attacks and use of medical services. Johnston et al. (2006) found no associations between 

PM2.5 and the use of reliever medication or the mean number of times reliever medication was 
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used each day, but a positive association was reported for commencing the use of reliever 

medication and oral steroids. When assessing the association between sugar cane burning and 

acute respiratory illness on the island of Maui, Mnatzanaganian et al. (2015) found no significant 

associations between pharmacy prescriptions filled for medications used to treat respiratory 

conditions or conjunctivitis and days when cane was burned. 

Gaps are assessing the long-term health impact of bushfire smoke 

Most of the evidence on smoke-related health impacts is collected for PM2.5 while other pollutants 

are less well understood and would benefit from more research since toxicity might differ. More 

research on multipollutant models, although methodologically challenging due to collinearity, 

might disentangle individual pollutant effects as well as explore the potential interaction between 

pollutants (de Bont et al., 2022).  

A better mechanistic understanding of the body’s response to bushfire smoke would lead toward 

health-relevant biomarkers of exposure, which are needed to track long-term effects of bushfire 

smoke exposure in the human population (Black et al., 2017). Studies in firefighters showing lung 

function decrements after a bushfire season suggest that lung function can return to baseline over 

a long follow-up period. However, the cumulative effect of repeated bushfire smoke injury and 

repair cycles on the lung is completely unknown. Similarly, it is unknown whether individuals with 

long-term sequelae and possible lung injury from COVID-19 have heightened risks from air 

pollution exposure (de Bont et al., 2022). 

Likewise, little is known about the long-term effects on children. Exposure to air pollution during 

susceptible periods in childhood is associated with an altered growth trajectory in the lung. A 

mechanism explaining the health effects of bushfire smoke would help to predict how bushfire 

smoke interacts with the developing lung and other long-term health considerations in specific 

populations (Black et al., 2017). 
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2.2 Air quality modelling  

Unfortunately, modelled air quality simulations that include bushfire smoke in the 2050 period do 

not exist. A work-around for this problem is proposed: to add the air quality forecast model (AQFx) 

data from the extreme bushfire period in 2019/2020 to the changes in air quality expected by 

2050. These expected changes come from the National Environment Science Program (NESP) air 

quality runs available for 2048-2052. The NESP model runs highlight changes in Australia’s air 

quality from climate change and includes dust storms, sea salt, summer urban smog events and 

emissions that increase with higher temperatures such as biogenic hydrocarbons. The air quality 

model runs use input meteorology from 4 Global Climate Models (GCMs) under 2 different 

socioeconomic pathways (SSPs) for 2048-2052. The changes by 2050 are ascertained by 

comparison to current day runs (2013-2017) for each of the GCMs.  

Baseline air quality is expected to change under a warming climate due to increased drought and 
higher temperatures impacting chemical reaction rates and emissions generation.  

Importantly, the approach does not consider that similar bushfires in a future warmer climate may 

be bigger and more intense than the 2019/20 fire. The Future Climate and Hazard Insights report 

(pending publication in review) shows an example where the coverage of dangerous fire weather 

related to the 2009 Victoria Black Saturday fire was expected to be about 3 times larger under 2°C 

of global warming. 

2.2.1 Climate change assessment method 

The CSIRO chemical transport model 

The chemical transport model (CTM) is a modelling framework designed to predict the 

concentrations of gases and aerosols due to emissions, transport, chemical reaction and 

deposition (Cope et al., 2009). To represent air quality in the future, emissions here are 

represented via a ‘bottom-up’ method where processes are related to input meteorology rather 

than based on ground and satellite-based observations like AQFx. 

Meteorological conditions are provided to the CTM by the Conformal Cubic Atmospheric Model 

(CCAM) (McGregor and Dix, 2008). CCAM can downscale meteorological data from any source to 

the CTM, be it from observations, or in the case of this project, using output from Global Climate 

Models (GCMs). It is the CTM that produces the pollutant concentrations for the NESP2 “air quality 

in a changing climate” project. 

The model chemistry scheme is MOZART-T1 (Emmons et al., 2019) incorporating the latest 

research on isoprene oxidation pathways via additional radical production under low NOx 

conditions. Background chemistry conditions at the boundaries of the CTM come from 

measurements from the Kennaook-Cape Grim Baseline Atmospheric Research Station on the 

northwest coast of Tasmania. Other boundary conditions are provided from a global chemistry 

version of the Australian Community Climate and Earth System simulator (Woodhouse et al., 

2015). 

The aerosol framework is a two-bin sectional scheme, processing organic species by the Volatility 

Basis Set (Shrivastava et al., 2008) and processing inorganic species via ISORROPIA_II (Fountoukis 
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and Nenes, 2007). The high and low NOx aerosol mass yields for the organic species, including 

isoprene, are provided by Tsimpidi et al. (2010). 

NESP2 “Air quality in a changing climate” model runs 

Four Global Climate Models (GCMs) were chosen from a group of CMIP6 models (Climate Model 

Intercomparison Project 6) being used in the Australian Climate Services project, based on the 

Grose et al. (2023) assessment of what the resulting impacts on Australia were going to be by 

2100 (Table 1). The four models chosen represent a wide geographical spread in where they are 

produced/developed. 

Table 1 Outcomes for Australia by 2100 from chosen Global Climate Models (GCM) for Australia. 
Taken from Grose et al. (2023). 

Table 1 Outcomes for Australia by 2100 from chosen Global Climate Models (GCM) for Australia 

MODEL GCM NAME DESCRIPTION 

ACC ACCESS-ESM1.5  A hotter and much drier future 

CNRM CNRM-ESM2-1  A much hotter future, much drier especially in the east, but wetter in the 
northwest 

NCAR NCAR CESM2  A hotter future, wetter in parts of the east and north 

NOR NorESM2-MM  Lower warming, mid-range changes in rainfall 

Taken from Grose et al. (2023) 

CCAM downscaled meteorology has been produced at a horizontal resolution of 20 km and a 1 

hourly time resolution for the years 2048-2052. Five years are chosen centred on 2050, as use of a 

single year may not be representative of the entire decade. Each of the four GCMs have been run 

for two socio economic pathways (SSPs): SSP1-2.6 and SSP3-7.0 (Figure 1). 
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Figure 1 Understanding SSPs. Taken from the NESP Climate Systems Hub’s SSP explainer factsheet (CSH, 2024). 

SSP1-2.6 is relevant to trying to keep under the 2°C target by 2100. The climate outcomes assume 

a high level of emissions reduction has been undertaken globally, e.g. no diesel. 

SSP3-7.0 is described as ‘regional rivalry’ where the climate outcomes assume some continued use 

of fossil fuels. It is a more moderate scenario than the worst case SSP585 scenario that results in 

an 8.5 W m-2 outcome in 2100. 

To be clear, the CTM only uses the meteorological outputs from the GCMs, not the emission 

pathways described by the SSPs. 

For the purposes of this report, NESP2 model runs will be referred to as the model and SSP 

number, e.g. ACC126 for the ACCESS-ESM1.5 model at SSP1-2.6.   

Comparison to the current years 

The data from the GCMs are considered to be ‘raw’ output, and thus contain a model bias. Thus, 

resulting concentrations of pollutants from one model cannot be directly compared to another 

unless biases are removed. Removal of biases was beyond the scope of the project. In consultation 

with the Climate Systems Hub, an acceptable work-around was to compare each future period 

(2048 to 2052) with a run from the current period (2013 to 2017) from the same GCM. This 
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removes the model bias. Thus, the differences between the future and current model runs can be 

compared directly. 

𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =  
∑ 𝑓𝑢𝑡𝑢𝑟𝑒2052

2048 −  ∑ 𝑐𝑢𝑟𝑟𝑒𝑛𝑡2017
2013

5
 

A positive difference indicates the future period is higher, whilst a negative difference implies the 

future period is lower than current conditions. 

2.2.2 Climate change assessment results 

Changes in meteorological variables by the 2050 period 

Data for the summer period is used (December to February). Each of the GCMs predict different 

outcomes by the 2048-2052 period (Figure 2), and these data are a good example why output 

from a single model cannot be used to study what might occur in future. It is much better to 

examine a range in outcomes. 

Of note is that each model is providing quite similar patterns of results at SSP1-2.6 and SSP3-7.0 by 

the 2050 period. This is because the majority of model divergence is expected to occur between 

2050 and 2100. However, there are differences which can be teased out here. 

The NCAR and NOR models predict increased temperatures of up to 8 K, particularly in southwest 

WA. Higher temperatures increase emissions of natural volatile organic compounds from 

vegetation and increase the likelihood of urban smog forming. There are some regions of ocean 

around Australia that are predicted to have lower temperatures in 2048-2052 than the current 

time period (coloured blue, down to -1 K). Only ACC126 and ACC370 predict lower temperatures 

of -0.2 K over the land – west WA for ACC126 and northern WA in ACC370. 

Western Australia is also subject to higher windspeeds (7-12 m/s) and reduced cloud cover (by 

0.44 units) in the NCAR and NOR models. Both ACC126 and ACC370 models predict lower wind 

speeds in the Southern Ocean (-20 m/2), whereas the CNRM models predict the opposite (12-18 

m/2). Higher oceanic wind speeds will increase the emission of sea salt to the air, whilst higher 

wind speeds over land could increase dust emissions. Dust emissions are also a function of soil 

moisture and vegetation coverage. 

Lower cloud cover is predicted in most of the models across all the model grid, which could 

increase photosynthesis and photolysis rates in the future. Both ACC models predict increased 

cloud cover (0.13-0.16 units) across the central and southern parts of Australia.  

Higher rainfall in the north of Australia is predicted by both ACC and NCAR models (4-9 mm/h), 

otherwise a decrease is predicted for the rest of Australia by most models (up to -10 mm/h). 

Lower rainfall is a factor in dust production, but also impacts the rainout rate of airborne particles. 
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Figure 2 Five-yearly average summer (DJF) differences in meteorological variables between future (2048-2052) and 

present (2013-2017) runs for the 8 GCMs across Australia. From top, temperature, wind speed, cloud cover and 

rainfall. 

Changes in airborne pollutants by the 2050 period (excluding bushfires) 

The impacts of climate change on airborne pollutants from the NESP2 runs are now discussed. The 

five yearly monthly differences for each pollutant are presented, noting that day to day variations 

could be higher. 

Differences in PM10 for December and January in all 8 models are shown in Figure 3. The legend 

shows differences in PM10 between -50 and +60 g/m3. Starting with models that predict mostly a 

decrease to PM10 in future are ACC and CNRM. ACC370 in particular has high rainfall predicted in 

northern Australia than other models, which would help to wash particles from the atmosphere. 

The reduction in PM10 over the land is of the order of 1 or 2 g/m3. The largest reductions are 

restricted to small locations in the dust driving regions, e.g. NOR370 in in central Australia, and 

ACC370 in WA in January. These are attributed to slightly lower windspeeds at these locations in 

the future. 

All models show some degree of increase in dust emissions in central and southern Australia. 

NCAR126 and NCAR370 are predominantly predicting increases to PM10 across all of Australia with 

peaks in southeastern WA and west WA. NOR126 and Nor370 are the only models to predict 

different patterns for December (increase) and January (decrease) in the mostly dust producing 

regions. 
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Figure 3 Five-yearly average differences in PM10 between future (2048-2052) and present (2013-2017) runs for the 8 

GCMs across Australia. Top row is December, bottom row is January. 

There are similarities in the patterns of PM2.5 difference predictions (Figure 4) as there were for 

PM10. This is because PM10 contains all particles smaller than 10 m, and thus by definition 

incorporates PM2.5 within it. The legend for the PM2.5 difference is between -10 and +10 g/m3. 

Larger decreases are observed in January for the ACC and CNRM models in the northeast oceanic 

regions, whilst increases occur in the Southern Ocean regions of these models. NCAR predicts the 

largest increase of all the models, with western WA prominent. The decrease in PM2.5 in NOR370 

during January in central Australia follows the same pattern as for PM10. 

 

Figure 4 Five-yearly average differences in PM2.5 between future (2048-2052) and present (2013-2017) runs for the 8 

GCMs across Australia. Top row is December, bottom row is January. 

Figure 5 shows the 5-yearly monthly differences in ozone for the 8 models. The legend shows 

changes between -4 and +6 ppb. Ozone is a secondary pollutant, produced via chemical reactions 

of primary pollutants such as biogenic volatile organic compounds and oxidants. Ozone is 

therefore sensitive to temperature induced changes in natural emissions from vegetation, which 

are set to increase under a warming climate. A 2 ppb increase in the dominant natural volatile 

organic compound isoprene caused up to a 20 ppb increase in peak hourly ozone in Sydney 

(Emmerson et al., 2020). Ozone is also very sensitive to photolysis rates, which themselves are 

dependent on levels of cloud cover. More ozone is expected in regions of higher temperatures and 

lower cloud cover. As tropospheric ozone has a lifetime of up to several weeks in non-polluted 

areas (Stevenson et al., 2006), it can be found in remote regional and oceanic locations. In 

polluted areas, ozone reacts much faster with a lifetime of a few hours, contributing to smog 

formation. All models but CNRM370 predict an increase of 2-4 ppb (as a monthly average) ozone 

in cities on the southeast coast. 
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Figure 5 Five-yearly average differences in ozone between future (2048-2052) and present (2013-2017) runs for the 

8 GCMs across Australia. Top row is December, bottom row is January. 

And finally, Figure 6 shows how concentrations of NO2 might vary in future according to the GCMs. 

The differences are +/- 2 ppb and the largest increases and decreases are highly localised near to 

Australia’s major coastal cities. This effect is solely caused by changes in the speed of chemical 

reactions due to changes in meteorology, as the anthropogenic emissions have not changed in any 

of our 2048 to 2052 runs. ACC126 and ACC370 are the only models predicting increased NO2 close 

to Sydney, Brisbane, Adelaide and Perth whilst all the other models predict decreases in NO2. 

NCAR370 predicts the greatest spread of increased NO2 concentrations across Australia than any 

of the GCMs, whilst the largest spread of decreased NO2 over the land occurs in ACC126 in 

December and NCAR126 in January. 

 

Figure 6 Five-yearly average differences in NO2 between future (2048-2052) and present (2013-2017) runs for the 8 

GCMs across Australia. Top row is December, bottom row is January 

2.2.3 Bushfire smoke assessment method 

As model data for 2050 that includes bushfire smoke does not exist, the 2019/2020 summer 

bushfires was used as an extreme event example. Forecasts from CSIRO’s Air Quality Forecasting 

System (AQFx - https://www.csiro.au/en/research/disasters/bushfires/Smoke-forecasting) are 

used to model air quality associated with these bushfires. 

AQFx was developed by CSIRO and used operationally at the Bureau of Meteorology to forecast 

smoke from prescribed burns and bushfires (Reisen, 2022). AQFx incorporates weather forecasts 

at 9km spatial resolution across Australia for up to 2-3 days ahead. Currently AQFx uses a layered 

approach to describe how the fire burns and spreads:  

1. A top-down approach which calculates the daily fuel burnt from satellite observations of fire 

radiative power (FRP), assuming persistence for the following day;  

https://www.csiro.au/en/research/disasters/bushfires/Smoke-forecasting
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2. A bottom-up approach where daily area burnt is determined from the near real-time bushfire 

boundaries in the digital atlas 

(https://digital.atlas.gov.au/apps/641aa0a80e254082bcf0d8cfeed3b56d/explore) or 

calculated from satellite hotspot density.  Daily fuel burnt is calculated from fuel load (fine and 

coarse) and burning efficiency;  

3. A prognostic approach where the area burnt is derived from a fire spread model (e.g., 

PHOENIX or SPARK) to estimate the likely areas burned for the following day. 

AQFx then uses smoke emission rates (combustion vs smouldering) and applies a dynamic plume 

rise algorithm (based on fire energy output) to transport the smoke. The energy output is derived 

from the SPARK fire spread model. The AQFx system also incorporates the Chemical Transport 

Model (CTM, described earlier) and uses other natural and anthropogenic emissions using 

inventories, aiming to produce as realistic a picture of air quality concentrations for Australia as 

possible, on an hourly basis. 

2.2.4 Bushfire smoke assessment results 

For this project, AQFx data was obtained from 1 December 2019 to 31 January 2020. This period 

incorporates the period known as the ‘black summer’ bushfires, acknowledged as the most 

extreme fire event in Australia to date (Binskin, 2020). During the final quarter of 2019 and the 

first of 2020, bushfires burned in many forested regions of Australia, and smoke affected large 

numbers of people in New South Wales, Queensland, the Australian Capital Territory and Victoria. 

The scale and duration of these bushfires was unprecedented in Australia (Borchers Arriagada et 

al., 2020) and smoke was so severe it affected cities in Argentina, 11,000 km away (Hasnain et al., 

2024). It also produced a wide-spread phytoplankton bloom in the Southern Ocean (Tang et al., 

2021). The likelihood of the extreme drought and fire weather associated with the Black Summer 

was estimated to be a 1 in 200-year event in the current climate from a large ensemble of climate 

simulations (Squire et al., 2021). 

Severe air pollution events from bushfires and dust are usually short-lived, but the resulting 

particulate matter (PM) can reach extreme concentrations, travel vast distances, and affect 

densely populated areas far from their source (Johnston et al., 2011). 

One of the worst days for smoke exposure in southeast Australia in this period was 1 January 

2020. Residents of Canberra were subject to PM2.5 levels more than 38 times the limit on this day, 

but extreme levels of smoke persisted for more than a week (Emmerson and Keywood, 2021). 

AQFx output for PM2.5 as a 24-hour average for 1st January 2020 is shown in Figure 7. 

https://digital.atlas.gov.au/apps/641aa0a80e254082bcf0d8cfeed3b56d/explore
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Figure 7 24-hourly PM2.5 on 1st January 2020 from AQFx 

Note that high levels of PM2.5 exist elsewhere in Australia due to components such as dust. 

Emissions of dust are a wind-blown process, and peak in summer when conditions are hot and dry. 

For similarity with the NESP2 climate change model runs, AQFx data was re-gridded to be the 

same 20km spatial resolution across Australia. 

2.2.5 Discussion 

Each of the GCMs have produced different outcomes for the 2050 period and confirms that it was 

necessary to spend the time running the CTM with the 8 different GCMs and SSPs. This work has 

examined changes by 2050 to meteorological inputs for the chemical transport model in terms of 

temperatures, wind speed, rainfall and cloud cover predictions. Meteorology is the main driver of 

natural emissions such as dust, sea salt and biogenic volatile organic compounds. In running the 

models for 2050 without changes to anthropogenic emissions, we estimate what the ‘climate 

penalty’ is for Australia – changes that will occur due to climate change alone. Changes to 

temperature and cloud cover will also impact the speed of chemical reactions causing differences 

in the concentrations of secondary pollutants such as ozone and NO2. Additional ozone is also 

produced from reactions of biogenic volatile organic compounds, which themselves are increased 

under higher temperature and photosynthetic conditions. 

2.2.6 Recommendations for air quality modelling 

We need to devise a strategy for how smoke emissions from bushfires can be modelled under 

future climate scenarios.  

An indication of when a fire might start is given by the forest fire danger index that considers 

vegetation dryness, air temperature, wind speed and humidity. These metrics are assessed every 2 

years by the State of the Climate report for Australia, who observed up to 25 additional dangerous 

fire weather days since the 1950s (Bureau of Meteorology and CSIRO, 2022). The trends suggest 

further increases to dangerous fire weather days by 2050 and beyond. An increase in fire intensity 

is also expected which will impact on plume rise and smoke dispersion/impacts. 
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Whilst the FFDI only considers one fuel type, the National Bushfire Intelligence Capability (NBIC) 

are working towards delivering an 8-fuel model ensemble for the Australian Fire Danger Rating 

System (AFDRS). The AFDRS will combine weather parameters with vegetation parameters to 

estimate fire spread and severity. We can incorporate the AFDRS projections into the prognostic 

approach within AQFx to derive smoke emissions in future. 

2.2.7 Data provision (air quality modelling) 

These model data (AQFx and NESP2 runs) were generated on a 24-hour average basis, at a spatial 

resolution of 20 km. The AQFx data was from 1st December 2019 to 31st January 2020. The NESP2 

data were presented as 5-yearly 24-hour averaged difference between the future (2048 to 2052) 

and current (2013 to 2017) time periods.  
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2.3 Health system demand and mortality impact  

2.3.1 Methods of impact assessment 

Quantitative estimates of air pollution health impacts have become an increasingly critical input to 

policy decisions. Methods of air pollution health risk assessment are well established and have 

been adopted in many global projects including the first global burden of disease (GBD) study 

(Cohen et al., 2005; Lopez 2013) and its later revisions which is the largest and most 

comprehensive effort to quantify health impacts from major risk factors. Health impacts 

associated with air pollution vary by duration (chronic or transient), degree (severe or minor) and 

temporality (caused shortly after exposures or lagged by several years) (Martenies et al., 2015). 

Estimation of health impacts associated with air pollution at a population level is based on 

statistical attribution. The primary measure of interest is the attributable fraction (AF), 

representing the fraction of cases or deaths that would not have occurred in the absence of 

exposure to a specific risk factor either in the exposed population or the population as a whole 

(Steenland and Armstrong, 2006).  

When exposure is dichotomous (exposed/nonexposed), the AF among the exposed (AFexp) may 

be calculated using relative risks: 

𝐴𝐹𝑒𝑥𝑝 =  
(𝑅1 − 𝑅0)

𝑅1
=  

(𝑅𝑅 − 1)

𝑅𝑅
 

where R1 is the risk of disease among the exposed, R0 is the risk among the nonexposed, and RR = 

R1/R0 is the risk ratio. This can be extended to define a population attributable fraction: 

𝑃𝐴𝐹 =
𝑝𝑒(𝑅𝑅 − 1)

𝑝𝑒(𝑅𝑅 − 1) + 1
 

where p_e= is the percentage of the total population exposed. Note this formula is valid only 

when there is no confounding and weighting individual AFs generated for each confounding 

variable is recommended (Steenland and Armstrong, 2006). Multiplying the PAF by the baseline 

rate in the population (y0, cases per person per year) and the number of people in the population 

(P) gives the number of attributable cases in the population. 

A simplified version of this is often modelled where the entire population of a region is considered 

exposed (i.e. p_e=1 in the formula above). This is referred to as a health impact function and has 

been the standard approach for most cost-benefit analyses of regulations affecting environmental 

quality. Health impact functions have been used to estimate the burden of disease associated with 

air pollution in many studies including within the US Environmental Protection Agency’s 

Environmental Benefits Mapping and Analysis Program (Davidson et al., 2007; Hubbell et al., 2005) 

and numerous studies in Australian settings (Broome et al., 2015; Borchers Arriagada et al. 2020a; 

Borchers Arriagada et al. 2020b; Johnston et al., 2021). 

The population attributable fraction and health impact functions require information including the 

size of the exposed population, incidence rates for the health outcomes of interest, baseline and 

exposure concentrations, and relative risks for each pollutant-outcome pair. Prospective 

applications also require projections of population size and incidence rates (Martenies et al., 

2015).  
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Effect estimates/relative risks are drawn from the epidemiological literature, including large 

observational studies, as well as smaller studies of targeted populations and can be chosen from a 

single study or pooled across multiple studies. Effect estimates are based on concentration-

response functions which statistically estimate the relationship between exposure to pollutants 

and health outcomes, with concentrations of pollutants acting as a surrogate for outdoor exposure 

(Ru et al., 2023). Concentration-response functions require regular evaluation and update to 

incorporate new developments in science, and the CRFs between exposure to ambient air 

pollution and mortality and some morbidity outcomes have been extensively studied, 

systematically documented and regularly updated. 

Most existing concentration-response functions for exposure to air pollution assume a fixed risk 

estimate as a log-linear function over an extrapolated exposure range. The log-linear 

concentration-response model can be expressed as:   

𝑅𝑅 = 𝑒𝛽∙∆𝑥 

where β is the coefficient of the concentration–response effect and ∆x is the change in pollutant 

above the counterfactual level, usually defined as the 5th percentile or the minimum of each 

study. However nonlinear functions exist which include additional parameters to allow for the 

curvature and shape of the CRF to change across the range of exposures. A recent systematic 

review of several health outcomes including cardiovascular and respiratory hospital admissions, 

and asthma emergency department visits relating to air quality identified that nonlinear CRFs 

produced more than doubled global estimates on average, depending on the outcome (Ru et al., 

2023). The review found that impact assessments are sensitive locally to which functional form is 

applied, and generally non-linear CRFs produce higher estimates in most regions of the world. 

Differences are also apparent when considering an ‘annual average’ exposure approach versus 

using a ‘daily’ exposure approach. The log-linear CRFs can closely approximate linear functions, 

especially over narrow ranges of pollutant levels. The nonlinear CRFs, however, can deviate more 

from a linear function form, and the extent of deviation depends on the distribution of daily 

exposures over the year, and on the shape of the specific CRFs. 

The intention of this investigation is to align with other Australian studies of health impact 

assessment from exposure to bushfire smoke and the approach adopted by European and US 

environmental agencies. Hence the form of the health impact function aligns also with that 

adopted by these studies (Borchers Arriagada et al. 2020a; Borchers Arriagada et al. 2020b; 

Johnston et al., 2021; Hubbell et al., 2005; Berman et al., 2012): 

∆𝑦 = 𝑃𝑜𝑝. 𝑦0. (𝑒𝛽∙∆𝑥 − 1) 

where ∆y is the change in the number of cases or deaths, Pop is the potentially affected 

population, y_0 is the baseline incidence rate; β is the effect estimate; and ∆x is the estimated 

change in the pollutant of interest. Using this approach, the delta changes of pollution exposure 

together with the population and effect estimates for selected health outcomes such as mortality, 

cardiovascular or respiratory related hospital admissions, can provide estimates of the health 

impacts associated with pollutant exposure. 

Note that this equation has been expressed in the literature in slightly different forms. For 

example, Martenies et al. (2015) and Sacks et al. (2018) describe the relationship as ∆𝑦 =  
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=  𝑃𝑜𝑝. 𝑦0. (1 − 𝑒−𝛽∙∆𝑥) which is derived from 𝑅𝑅 = 𝑒𝛽∙∆𝑥 where Δ𝑥 = (𝑥0 − 𝑥1), 𝑥0 > 𝑥1, whereas the 

form applied in this investigation is derived from 𝑅𝑅 = 𝑒−𝛽∙∆𝑥, −Δ𝑥 =  (𝑥0 − 𝑥1), 𝑥0 < 𝑥1. 

2.3.2 Pollutants of interest 

Section 2.1.3 of this report described how bushfire smoke is a source of particulate matter (PM), 

but also other gases such as sulphur dioxide, nitrogen oxides, ammonia, ozone, methane and 

carbon dioxide. Given that a) PM2.5 makes up around 90% of PM emitted from bushfires 

(Jegasothy et al., 2023); b) most of the particle emissions arising from biomass burning fall in the 

PM2.5 fraction (Reid et al., 2005); c) PM2.5 particles are able to penetrate deeply within the alveoli 

and are thought to have the greatest role in affecting human health in particular respiratory and 

cardiovascular morbidity (Pope and Dockery, 2006); and d) the Global Burden of Disease study - 

the largest and most comprehensive effort to quantify health impacts from major risk factors – 

uses PM2.5 as the basis for air pollution risk assessment (GBD, 2021), PM2.5 was the main focus of 

interest of this investigation. 

Numerous other studies also focus on PM2.5 as the main pollutant of intertest as there is growing 

understanding that fine particles are the most harmful for human health among the entire size 

distribution (U.S. Environmental Protection Agency, 2022; Carey et al., 2013) and there is a 

relatively high correlation between PM2.5 and PM10 (i.e., mostly above 70% (Zhou et al., 2016; 

Brook et al., 1997)). 

However, given the existence of other pollutants within bushfire smoke, additional analysis is 

presented on the health impacts from ozone (O3) and nitrogen dioxide (NO2). The relative 

contributions of health impacts from these other pollutants in the presence of PM2.5 are 

challenging to determine, and it is impractical to consider the impacts of ozone and NO2 exposure 

independently. A systematic review of mortality risks from NO2 and O3 exposure (Huangfu and 

Atkinson, 2020) found that in some studies, associations between NO2 and mortality was 

attenuated upon adjustment for co-pollutants (Beelen et al., 2014; Carey et al., 2013; Fischer et 

al., 2015; Turner et al., 2016) but not in others. 

2.3.3 Counterfactual concentrations 

Health impact functions can estimate the incidence attributable to pollution relative to 'pristine' or 

'background' levels (Fann et al., 2012) but are generally used to evaluate incremental impacts 

associated with a change in concentration, e.g., effects of a new standard relative to existing 

concentrations (Berman et al., 2012; U.S. Environmental Protection Agency, 2022).   

The quantitative characterisation of the risk of health effects attributed to specific air pollution 

concentrations is often challenging because the counterfactual concentration levels of pollutants 

(the background expected concentration if exceptional events did not occur) depend on the study 

question. 

For example, the large WHO project ‘‘Health risks of air pollution in Europe - HRAPIE’’ was 

implemented to provide evidence-based concentration-response functions for quantifying air 

pollution health impacts to support air quality policy for the European Union (WHO, 2013).  The 

project’s team of experts identified concentration-response functions linking mortality and 

morbidity with exposure to particulate matter, ozone and nitrogen dioxide to provide the scientific 
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basis for formulating policy actions to improve air quality and thereby reduce the burden of 

disease associated with air pollution in Europe. In terms of the health effects from exposure to 

PM2.5, the HRAPIE report recommended that quantification of the effects of PM2.5 on mortality be 

undertaken at all concentrations (Héroux et al., 2015). Similarly, Ru et al. (2023) in their systematic 

review of 93 studies of morbidity impacts associated with short term PM2.5 exposure, found that 

either the 5th percentiles or the minimum of each study turned out to be below 1µg/m3 for all 

outcomes and therefore did not consider the existence of meaningful counterfactual levels. 

Others have adopted non-zero counterfactual concentrations (e.g. between 5.8 and 8.8 µg/m3 of 

PM2.5 as comparison or baseline conditions to represent non-anthropogenic 'background' levels 

(Murray et al., 2003; Burnett et al., 2014; Krewski et al., 2009), or looked at the long term 

historical averages of PM2.5 for specific regions (Borchers Arriagada et al. 2020b) or the expected 

“Non-bushfire” concentrations (Jegasothy et al., 2023) when attempting to quantify the specific 

health impacts from bushfire smoke. 

For risk factors considered in the latest Global Burden of Disease study (GBD 2021) and the 

Australian version of this (AIHW, 2024a), the theoretical minimum risk exposure distribution 

(TMRED) used for PM2.5 is 2.4–5.9 μg/m3. This is in the context that for many risk factors, no 

exposure is not appropriate, either because it is physiologically impossible (for example, blood 

pressure or body mass index), or because there are lower limits beyond which exposure cannot 

feasibly be reduced (i.e. 2.4–5.9 μg/m3 in the case of PM2.5). 

The objective of this investigation is to quantify the impacts that bushfires may create on health 

system demand and mortality under different future climate scenarios. Using the 2019/20 

summer bushfires as an example of an extreme event scenario, the study attempts to quantify the 

health impacts if such an event were to happen again in 2050. The output from the 8 Global 

Climate Models described in Section 2.2 captured the change from present air quality levels to 

those estimated for 2050 using relative differences averaged across a 5-year period centred on 

2015 (present day) and 2050 (future). The health impacts from other pollutant sources (not just 

bushfire smoke) are ever present; dust and other sources of particulate matter cannot be 

eradicated as a risk factor from the country and it would likely be present in future scenarios. 

Further, there is evidence in the literature that the mortality rate observed during bushfire events 

is consistent with the increase in mortality from elevated pollutant levels, regardless of source 

(Hänninen et al., 2009) and also that any level of PM2.5 increases hazards of hospital admissions 

and mortality and that there is no lower threshold (Schwartz et al., 2002, Ru et al., 2023). For 

these reasons, we do not remove any baseline (e.g. non-anthropogenic) contributions as we are 

interested in outcomes associated with exposure to estimated air quality associated with a similar 

bushfire event in 2050 (i.e. the counterfactual concentrations are 0 μg/m3). 

2.3.4 Health outcomes and their relative risks 

The relative severity of health impacts following population-level exposure to air pollution have 

been described in a conceptual framework of an air pollution pyramid (Melody and Johnston, 

2015). Death is the ultimate health outcome, followed by hospital admissions, emergency 

department attendances and ambulance call outs, primary health care attendances, medication 

use, etc. with the base of the pyramid representing the proportion of people that are overall 

affected. In this framework, the largest proportion of people who experience impacts from 
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bushfire smoke and airborne particulate matter may not have significant symptoms or may not 

visit a health professional.  

Due to their importance and use in prior studies within the Australian setting, this investigation 

focuses on four health outcomes:  

1. all-cause mortality; 

2. cardiovascular-related hospital admissions; 

3. respiratory-related hospital admissions; and 

4. ED presentations related to asthma.  

While the estimated mortality burden is unquestionably important, it is also important to estimate 

morbidity, such as hospital admissions and emergency department visits, which allow for an 

accounting of non-fatal health impacts. 

A distinction exists between relative risks for short-term exposure versus long-term exposure. In 

longitudinal cohort studies, long-term average pollution exposures of individual cohort 

participants are estimated, and the contribution of the geographical variation among these 

exposures to the risk of adverse events over the entire follow-up period is determined by survival 

analysis, adjusting for characteristics that may affect disease risk (Beverland et al., 2012). In 

contrast, many studies of short-term exposure effects have examined relationships between daily 

counts of deaths in a given population and daily pollutant and meteorological variables recorded 

at central monitoring sites using regression modelling. This type of time-series study has limited 

capacity to take account of spatial variation in individual exposures or to investigate the possible 

modification of pollution effects by individual risk factors such as age, smoking history, and 

previous disease, although analysis using case-crossover methods (Carracedo-Martinez et al., 

2010) may reduce some of these difficulties. The estimates of air pollution effects from long-term 

exposure studies involving cohorts have generally been considerably larger than those from short-

term time-series studies even after adjusting for other individual risk factors (Pope 2007). It is 

plausible that larger magnitudes of association between long-term exposure and mortality may be 

attributable to cumulative effects that increase the sensitivity of highly exposed population 

subgroups. 

It is important to note that as bushfire smoke increases the yearly burden of air pollution, the 

long-term impacts will get more and more important. Short term (daily) effect estimates may 

underestimate prolonged impacts (e.g. the Hazelwood study). This investigation assesses short 

term impacts for a future bushfire scenario. For our main analysis, we apply short-term relative 

risks recommended by HRAPIE (Héroux et al., 2015) for mortality and hospital admissions and 

from a systematic review for asthma ED presentations (Borchers Arriagada et al., 2019) which 

have also been used in other Australian bushfire studies (Johnston et al., 2021; Borchers Arriagada 

et al., 2020a; Borchers Arriagada et al., 2020b). However other sources of relative risks for PM2.5 

exposure and for other pollutants are considered as a sensitivity analysis (Table 2). All sources are 

syntheses of multiple studies and therefore the range of uncertainty associated with any one 

model is reduced. 
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Table 2 Relative risks applied to selected health outcomes based on short-term exposure to selected pollutants 

 RELATIVE RISK PER 10 ΜG/M3 (95% CI); REFERENCE 

Estimated population 
level outcome 

PM2.5  
Main analysis 

PM2.5  
Sensitivity analysis 

O3 NO2 

Mortality 1.0123  
(1.0045–1.0201); 
Héroux et al., 2015 

1.0065  
(1.0044- 1.0086); 
Orellano et al., 2020 

1.0043  
(1.0034–1.0052); 
Orellano et al., 
2020 

1.0072 
(1.0059–1.0085); 
Orellano et al., 
2020 

Respiratory-related 
hospital admissions 

1.019  
(0.9982-1.0402); 
Héroux et al., 2015 
 

1.0135  
(1.0104-1.0166); 
Ru et al., 2023 

1.0044 
(1.0007–1.0083); 
Héroux et al., 2015 

1.0180 
(1.0115–1.0245); 
Héroux et al., 2015 

Cardiovascular-related 
hospital admissions 

1.0091 
(1.0017-1.0166); 
Héroux et al., 2015 

1.010 
(1.006-1.014); 
Ru et al., 2023 

1.0089 
(1.0050–1.0127); 
Héroux et al., 2015 

1.0066 
(1.0032-1.0101); 
Mills et al., 2015 

Asthma ED 
presentations 

1.066 
(1.038-1.094); 
Borchers Arriagada et 
al., 2019 

1.043 
(1.026-1.062); 
Ru et al., 2023 

1.005 
(0.999–1.011) 
Agache et al., 2024 

1.010 
(1.000–1.020); 
Agache et al., 2024 

An alternative relative risk for mortality from PM2.5 exposure (RR: 1.0065; 95% CI: 1.0044-1.0086) 

assessed in the sensitivity analysis is based on a systematic review and meta-analysis of 196 

articles relating to short-term exposure to PM2.5 and mortality (Orellano et al., 2020). WHO 

commissioned this systematic review to build on the HRAPIE exposure-response function from 

2013, and it uses a random effects model from 27 studies, including one in Australia. HRAPIE, on 

the other hand, relies on meta-analysis of 12 single-city studies and one multicity study, all in 

Europe. This alternative relative risk was adopted in a recent assessment of the mortality burden 

attributable to exceptional PM2.5 air pollution events in Australian cities (Hertzog et al., 2024). This 

same systematic review is also the source of the relative risks for mortality associated with 

exposure to O3 and NO2. 

The alternative relative risks for the hospital admission and ED presentation outcomes from PM2.5 

exposure are based on the systematic review undertaken by Ru et al. (2023). Their analysis 

considered both log-linear and non-linear concentration response functions, and here we adopt a 

fixed risk estimate as a log-linear function similar to other Australian studies and ease of 

interpretation given that the confidence intervals of nonlinear CRFs depend on the concentration 

and are thus only an approximation when considering a unit increase in pollutant concentration. 

The short-term relative risks recommended by HRAPIE (Héroux et al., 2015) are also adopted for 

other pollutant-outcome pairs where available. For NO2-associated CVD admissions, Mills et al. 

(2015) report percentage increases (0.66 (0.32-1.01)) associated with a 10 µg/m3 increase in NO2 

as opposed to relative risks. The relative risk presented in Table 2 (1.0066 (1.0032-1.0101)) is 

derived from this percentage increase, where beta is taken as log(1.0066)/10.   

Relative risks for asthma ED visits associated with NO2 and O3 exposure have been adopted from a 

recent systematic review specifically focused on asthma outcomes, where risks for pollutant 

exposure on ED visits were assessed over a 0-4 lag day period following exposure. The highest 

relative risks over the 5-day period were adopted for this investigation (lag3 for NO2 and lag4 for 

O3). Note the highest relative risk for asthma ED visits following exposure to PM2.5 from this meta-

analysis is 1.023 (1.007–1.039) for lag3 (3 days between exposure and ED visit). Adopting this 
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relative risk would result in fewer asthma ED visits than using the reference sources for PM2.5 

exposure adopted in this investigation. 

Epidemiological short-term studies used to assess health impacts have mostly assumed a constant 

health risk over time. Shifts in the underlying population distribution (e.g. longer life expectancy, 

ageing populations, and increased prevalence of chronic diseases) could further contribute to 

changes in effect estimates by different exposure-response functions for subpopulations. A recent 

study of over 21.6 million cardiovascular and 7.7 million respiratory deaths across 24 countries 

found there were no temporal changes in associations between ambient particulate matter and 

mortality over the 22-year study period (Schwarz et al., 2024). The study authors found that 

although air pollution concentrations decreased over the study period, the effect sizes per unit 

increase in air pollution concentration had not changed and there was no reduction in the slope of 

the exposure-response function. This supports an assumption in this investigation that there are 

no temporal changes in the risks from exposure to the individual pollutants (e.g. PM2.5) between 

now and 2050. 

2.3.5 Pollutant exposure  

Exposure to PM2.5, O3 and NO2 was obtained as described in Section 2.2.4. Daily PM2.5, O3 and 

NO2 estimates from 1 Dec 2019 to 31 January 2020 representing the 2019/20 bushfire period were 

obtained from the AQFx model as an example of an extreme event scenario.  Climate change daily 

differences between the present day (based on a 5-year average centred on 2015) and a future 

time period (based on a 5-year average centred on 2050) were obtained from 8 different Global 

Climate Models (‘ACC-126’, ‘ACC-370’, ‘CNRM-126’, ‘CNRM-370’, ‘NCAR-126’, ‘NCAR-370’, ‘NOR-

126’, and ‘NOR-370’).  

i.e. the difference for every day =  

future (
2048+2049+2050+2051+2052

5
)– base (

2013+2014+2015+2016+2017

5
) 

Air quality data was provided on the basis of a gridded ‘surfaces’ model comprising 178 x 210 cells, 

each covering an area 20 x 20km, some of which are ocean, unburnable areas, and many cells 

comprising no population. A surfaces model approach avoids the constraints of approaches based 

on air quality monitoring stations which are limited to population centres, industrial hotpots and a 

few rural air quality hotspots e.g. northern Tasmania. For example, the locations of air quality 

monitoring stations in 2019/2020 taken from the 2021 State of the Environment report 

(Emmerson and Keywood, 2021) are shown in Figure 8. 
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Figure 8 Air quality monitoring stations in Australia 

A surfaces model approach is aligned with methods used in the Australian Burden of Disease Study 

(AIHW, 2024a) and also avoids some of the following assumptions made by researchers assessing 

the health impacts of Australian bushfires of studies (e.g. Borchers Arriagada et al., 2020b; 

Johnston et al., 2021): 

• The population of a geographic area is exposed to the same quality of air at a monitoring station 

that is within a given radius (e.g. 100km). For every air quality monitoring station, the method 

involves assessing which region centroids are within the threshold radius. An assumption is 

made that the entire population of the region is exposed to the pollutant measured at the air 

quality station. With this condition, Johnston et al. (2021) when examining the impact of the 

2019/2020 Australian megafires, estimated that 74% of the state of Qld (5 million people), 95% 

of NSW (8 million people), 100% of ACT (420 thousand people), 93% of Victoria (6 million 

people) were exposed. 

• The 100km radius between region centroid and air quality station is arbitrary and maybe 50km, 

or even 10km might be more appropriate. 

• A region centroid can be within the threshold radius (e.g. 100km) of more than one air quality 

station. The method of determining exposure rates for each region is by the inverse distance 

rule, where monitoring stations closest to the region centroid are given highest weighting.  

Geographic correspondence files were used to convert the gridded air quality data (netCDF 

format) to SA2 geography. This was done using the raster package in R. Modelled air quality data is 

limited in that it estimates ambient air pollution levels rather than actual exposure to air pollution 

but has the advantage over previous methods using monitoring stations only in that estimates are 

based on measurements from larger areas of Australia and based on bottom-up emission 

inventories and vegetation maps. However, there are the same issues in that there can be 

variation in estimated levels of air pollution and actual levels experienced by the population. There 

is also likely to be a substantial amount of variation between regions in the amount of time that 

people generally spend outside, being exposed to air pollution. For simplicity, we assumed all 

persons were equally exposed to the same level of ambient air pollution at a given location. 
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Similar to the approach described by Johnston et al. (2021), the maximum daily concentrations of 

PM2.5 were constrained to 150 µg/m3 in recognition that bushfires can produce daily 

concentrations of PM2.5 well above usual background concentrations, and that concentration 

response relationships for extreme daily PM2.5 concentrations above this level have not been well 

characterised. 

2.3.6 Baseline incidence rates 

Baseline mortality rates were obtained from the Australian Bureau of Statistics (ABS) which 

provide counts of deaths in each SA2 region in 2019 and 2020 (ABS, 2023a). We used the annual 

number of deaths in each of these two years (divided by 365) to calculate the daily number of 

deaths. It is acknowledged that mortality rates in winter are likely to differ to summer periods and 

using seasonally adjusted rates would provide a more accurate representation of the underlying 

mortality patterns. 

Baseline hospital admission and ED outcome crude rates were sourced from the Australian 

Institute of Health and Welfare (AIHW) and reflected rates over a 6-month summer period (AIHW, 

2021a). Incidence rates could only be obtained for SA4 regions (so ‘child’ SA2 regions were all 

assigned the same crude rate as their ‘parent’ SA4). The source data contains crude rates for 

asthma ED presentations (Table S4 in the source dataset), respiratory admissions (Table S2 in the 

source dataset) and cardiovascular admissions represented by the sum of ‘Selected heart 

conditions’ and ‘Cerebrovascular conditions’ (Table S2 in the source dataset; note: as the 

population of each SA4 used as the denominator in deriving crude rates is the same, we can 

directly add crude rates together).  We used rates based on weekly observations over a 6-month 

summer period (1 Sept-1 Mar), where weekly averages were divided by 7 to get daily figures. For 

respiratory and cardiovascular-related admissions, we used a 5-year average (2014–15 to 2019–

20) of weekly observations over the same 6-month period (1 September - 1 March), and for 

asthma ED presentations, 6 months of weekly observations over 1 September 2018 – 1 March 

2019. 

When considering cardiovascular admissions related to PM2.5 and NO2 exposure, baseline 

incidence rates were derived from the sum of ‘Selected heart conditions’ and ‘Cerebrovascular 

conditions’ (Table S2 in the source dataset). However, when assessing cardiovascular admissions 

associated with O3 exposure, the source of the relative risks for CVD admissions (Héroux et al., 

2015) specified that the risk was for CVD admissions excluding stroke. Thus, for O3 exposure, 

because the relative risk excluded stroke, the baseline incidence rate was based on ‘Selected heart 

conditions’ only, and ‘Cerebrovascular conditions’ weren’t added, unlike for PM2.5 and O3 

exposure. 

An assumption made in this investigation was in the absence of reliable estimates, baseline 

incidence rates were also applied when considering health impacts for the future time period of 

2050. Speculation about future health status and incidence rates requires knowledge about 

societal change elements that are challenging to estimate. For example, changes in population age 

structure, demographic characteristics, health workforce issues, healthcare funding, availability of 

new treatments, emergence of new respiratory diseases etc. Future incidence rates of the 

outcomes assessed may differ from the baseline conditions applied here. 
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2.3.7 Population 

Baseline population by SA2 region was sourced from the Australian Bureau of Statistics (ABS, 

2024). 

As health impacts needed to be estimated at a future time point (2050), by necessity it was 

required to estimate the population for each SA2 region at that time point. Population projections 

by SA2 level have been generated out to 2032 by the Australian Bureau of Statistics for Geoscience 

Australia as part of the Digital Atlas of Australia (Geoscience Australia, 2024) and at national and 

state levels for 2071 (ABS 2023b). Population projections for 2050 were estimated by 

extrapolation of SA2 population projections from 2023 to 2032 outwards to 2050, and checking 

that when extrapolated further to 2071, estimates were within the range of 2071 projections by 

ABS (between 34.3 and 45.9 million people by 2071). In accordance with ABS methodology, some 

SA2 regions are unlikely to have any urban development (cemeteries, airports, heavily forested 

areas) so were held constant for the projection period.   

2.3.8 Results of statistical attribution via health impact functions 

Modelling framework  

To determine the health impacts of a severe bushfire in 2050, modelling comprised two 

components: 

1. Bushfire component: daily PM2.5, O3 and NO2 estimates were obtained for 1 December 2019 

to 31 January 2020 representing the 2019/20 bushfire period were obtained from the AQFx 

model as an example of an extreme event scenario. 

2. Climate change component: Daily PM2.5, O3 and NO2 estimates for 1 December to 31 January 

representing the climate change differences between 2050 and present day were obtained 

from the Global Climate Models. 

Gridded air quality data was converted to SA2 geography to match against population (2019 for 

the bushfire component and projections to 2050 for the climate change component) and baseline 

incidence rates. The modelling framework is presented in Figure 9 – which shows the bushfire 

component of the modelling (the climate change component was modelled similarly). 



Air Quality and Communicable Diseases Technical Report  |  39 

 

Figure 9 Modelling framework for determining health impacts from bushfire smoke exposure 

Since the baseline incidence rates applied in the health impact function are derived for each 

health outcome on a daily basis (e.g. deaths per day, hospital admissions per day etc.), the 

estimated number of additional cases are calculated for each day over the period 1 December 

2019 – 31 January 2020 for the bushfire scenario analysis, and 1 December – 31 January for the 

climate change scenario analysis that assesses differences between 2050 and present day. The 

total number of cases is the sum of daily estimates over the two months. 

It should be acknowledged that a limitation of this modelling is lagged effects of exposure. This 

means that for any given day, we use pollutant levels estimated for that day to derive health 

impacts associated with that exposure, but then for the next day, we use that next day’s pollutant 

levels to estimate health impacts from that exposure and so on across the analysis period. In 

reality, there are potentially additional impacts on days following exposure on the first day that 

persist (i.e. the day of exposure is considered to have health risks as presented in Table 2, but the 

following days conceivably have non-zero relative risks that add to the main effect from pollutant 

levels observed on those days). For example, Borchers Arriagada et al. (2019) report PM2.5 

associations with asthma-related hospital admissions for up to at least 3 days after exposure and 

with asthma-related ED visits on the same day of exposure.  

The plots of PM2.5 shown in Figure 9 show mean levels over December 2019 and January 2020. 

Whilst this is the bushfire period, PM2.5 levels have other sources including dust and the modelled 

values are not just due to bushfire smoke. Similarly while bushfire smoke is a source of ozone and 

nitrous oxides, nitrous oxides are also generated by car and truck exhausts and industry, and 

ozone forms when volatile organic compounds and nitrous oxides react together in the 

atmosphere during warm, sunny weather. Thus, these pollutants are also not just due to bushfire 

smoke.  

Mean PM2.5, O3, and NO2 levels per day by state/territory are shown in Figure 10 and Figure 11, 

and it can be seen there were high rates on particular days in December and January, especially 

for ACT and NSW.  

µg/m3  
 

Mean 
Dec’19 

Raw PM2.5 (20km grid) 

Mean 
Jan’20 

Converted to SA2 regions 
For each day 1 Dec – 31 Jan (62 days) and 
each SA2 region, apply the health impact 
function to determine the number of 
additional cases (e.g. deaths): 

∆𝑦 = 𝑃𝑜𝑝. 𝑦0 . (𝑒𝛽∙∆𝑥 − 1) 
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Figure 10 Mean levels of assessed pollutants per day by state/territory for Dec 2019  



Air Quality and Communicable Diseases Technical Report  |  41 

 

 

 

Figure 11 Mean levels of assessed pollutants per day by state/territory for Jan 2020  

Health impact estimates 

Results of the impact assessments for the selected health outcomes following PM2.5 exposure are 

presented in Table 3 and Table 4. These estimates all have a measure of uncertainty which is 

essential to include in this discussion, indicated by the 95% confidence intervals shown in brackets. 

It should be noted that the magnitude of the outcomes for the bushfire component do not exactly 

match other published estimates of the health impacts of the 2019/20 fire season which are 

presented later in Table 8. This is due to underlying differences in the model used (air quality 

monitoring station approach versus a surfaces model derived from the satellite-based AQFx 

model) and a different duration of analysis (December 19-January 20 versus October 19-March 

20). Nevertheless, the tabled estimates generated from the AQFx model output are within the 

confidence interval range of other published estimates.
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Table 3 Results of health impact estimates for a severe bushfire in 2050 - Main analysis for PM2.5
 

 

 

 

WORST CASE FUTURE  
(MODEL ‘NCAR370’ OUT OF 8 GCMS) 

BEST CASE FUTURE  
(MODEL ‘CNRM370’ OUT OF 8 GCMS) 

ESTIMATED POPULATION LEVEL 
OUTCOMES (ADDITIONAL CASES) 

RELATIVE RISK BUSHFIRE 
COMPONENT 

CLIMATE CHANGE 
COMPONENT 

RATIO BUSHFIRE: 
CLIMATE CHANGE 

CLIMATE CHANGE 
COMPONENT 

RATIO BUSHFIRE: 
CLIMATE CHANGE 

Deaths 1.0123  
(1.0045–1.0201) 

313  
(113-517) 

73  
(27-119) 

4 : 1 39  
(14-63) 

8 : 1 

Respiratory-related hospital 
admissions 

1.019  
(0.9982-1.0402) 

1368  
(0-2982) 

316  
(2-664) 

4 : 1 167  
(7-350) 

8 : 1 

Cardiovascular-related hospital 
admissions 

1.0091  
(1.0017-1.0166) 

634  
(117-1168) 

149  
(28-270) 

4 : 1 79  
(15-143) 

8 : 1 

Asthma ED presentations 1.066  
(1.038-1.094) 

935  
(512-1410) 

185  
(108-261) 

5 : 1 97  
(56-136) 

10 : 1 

Table 4 Results of health impact estimates for a severe bushfire in 2050 – Sensitivity analysis for PM2.5 
 

 

 

WORST CASE FUTURE  
(MODEL ‘NCAR370’ OUT OF 8 GCMS) 

BEST CASE FUTURE  
(MODEL ‘CNRM370’ OUT OF 8 GCMS) 

ESTIMATED POPULATION LEVEL 
OUTCOMES (ADDITIONAL CASES) 

RELATIVE RISK 
(95% CI) 

BUSHFIRE COMPONENT CLIMATE CHANGE 
COMPONENT 

RATIO BUSHFIRE: 
CLIMATE CHANGE 

CLIMATE CHANGE 
COMPONENT 

RATIO BUSHFIRE: 
CLIMATE CHANGE 

Deaths 1.0065  
(1.0044- 1.0086) 

164  
(111-218) 

39  
(26-51) 

4 : 1 21  
(14-27) 

8 : 1 

Respiratory-related hospital 
admissions 

1.0135  
(1.0104-1.0166) 

965  
(740-1191) 

225  
(174-276) 

4 : 1 119  
(92-146) 

8 : 1 

Cardiovascular-related hospital 
admissions 

1.010  
(1.006-1.014) 

698  
(417-982) 

163  
(98-228) 

4 : 1 87  
(52-121) 

8 : 1 

Asthma ED presentations 1.043  
(1.026-1.062) 

584  
(343-872) 

122  
(74-174) 

5 : 1 63  
(39-91) 

9 : 1 
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The relative risks defined earlier in Table 2 are included in the tables for reference.  These risks 

represent the probability of the event occurring in exposed persons versus the probability of the 

event occurring in the non-exposed persons. It can be observed that although, small, there are 

heightened risks for persons exposed to poor air quality. For all cases, the relative contribution 

from the bushfire component exceeds that due to climate change, with ratios essentially the same 

regardless of the choice of relative risks assessed via the sensitivity analysis. This means that both 

the best and worst case scenarios indicate minor health impacts are associated with air quality in 

2050 compared to present day conditions, and then adding the bushfire component contributes to 

additional adverse outcomes. 

As the relative risks each have associated uncertainty, so too do the estimated health outcomes 

and the expected range of each is also presented, derived from the lower and upper limits of the 

95% confidence interval of the relative risks.   

The results of health impacts associated with O3 and NO2 exposure are presented in Table 5 and 

Table 6. It can be observed that the health impacts from NO2 exposure are generally lower than 

from PM2.5 or O3 exposure, and cardiovascular-related hospital admissions is highest for O3 

exposure compared with PM2.5 and NO2.   

In this assessment, health impacts from O3 and NO2 are generated as a sensitivity analysis for 

comparison only and are not added to impacts attributed to PM2.5 exposure. This is due to the 

potential issue of overcounting effects as the pollutants do not exist in isolation from each other, 

although other studies have added health impacts from different pollutants together (e.g. Fann et 

al., 2012). As noted in Section 2.3.2, some studies report attenuation of the main effect upon 

adjustment for co-pollutants while others do not (Huangfu and Atkinson, 2020). When assessing 

mortality and air pollution exposure in Sydney, Hanigan and colleagues (2019) report that PM2.5 

and NO2 were highly correlated (0.73, P < 0.001) and hence were modelled separately. While the 

health impacts from each pollutant are tabled separately below, it can be seen that as with PM2.5, 

the relative contribution from the bushfire component exceeds that due to climate change for O3 

and NO2, with ratios between each component slightly higher than for PM2.5.
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Table 5 Results of health impact estimates for a severe bushfire in 2050 – O3 analysis 

 

 

 

Worst case Future (Model ‘NCAR370’ out 

of 8 GCMs) 

Best case Future (Model ‘CNRM370’ 

out of 8 GCMs) 

Estimated population level 

outcomes (additional cases) 

Relative Risk Bushfire 

component 

Climate change 

component 

Ratio Bushfire: 

Climate Change 

Climate change 

component 

Ratio Bushfire: 

Climate Change 

Deaths 1.0043  

(1.0034–1.0052) 

339  

(268-410) 

61  

(48-73) 

6 : 1 24  

(19-29) 

14 : 1 

Respiratory-related hospital 

admissions 

1.0044  

(1.0007–1.0083) 

997  

(158-1890) 

169  

(27-319) 

6 : 1 68  

(11-128) 

15 : 1 

Cardiovascular-related 

hospital admissions 

1.0089  

(1.0050–1.0127) 

1697  

(949-2431) 

285  

(160-406) 

6 : 1 112  

(63-160) 

15 : 1 

Asthma ED presentations 1.020  

(0.998–1.042) 

779  

(0-1676) 

137  

(2-286) 

6 : 1 51  

(3-107) 

15 : 1 

Table 6 Results of health impact estimates for a severe bushfire in 2050 – NO2 analysis 

 

 

 

Worst case Future (Model ‘ACC370’ 

out of 8 GCMs) 

Best case Future (Model ‘NCAR126’ out 

of 8 GCMs) 

Estimated population level 

outcomes (additional cases) 

Relative Risk Bushfire 

component 

Climate change 

component 

Ratio Bushfire: 

Climate Change 

Climate change 

component 

Ratio Bushfire: 

Climate Change 

Deaths 1.0072  

(1.0059–1.0085) 

114  

(93-134) 

23  

(19-27) 

5 : 1 9  

(8-11) 

13 : 1 

Respiratory-related hospital 

admissions 

1.0180  

(1.0115–1.0245) 

814  

(520-1109) 

154  

(99-209) 

5 : 1 62  

(40-85) 

13 : 1 

Cardiovascular-related 

hospital admissions 

1.0066 

(1.0032-1.0101) 

289  

(140-442) 

55  

(27-84) 

5 : 1 22  

(11-33) 

13 : 1 

Asthma ED presentations 1.010  

(1.000–1.020) 

72  

(0-144) 

13  

(0-26) 

6 : 1 5  

(0-11) 

14 : 1 
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Climate model findings 

For climate change impacts associated with PM2.5 and ozone exposure, model ‘CNRM-370’ 

consistently provided the best case scenario of cleaner air quality, whereas model ‘NCAR-370’ 

consistently provided the most pessimistic estimates. 

For NO2, model ‘NCAR-126’ consistently provided the best case, and model ‘ACC-370’ the worst 

case. NO2 titrates with ozone in the atmosphere, therefore it is expected that the order of models 

would change in the best/worst case scenario.  

A description of these climate models is provided in Section 2.2.1. It is also interesting to note that 

both the best and worst case climate scenarios for PM2.5 and O3 come from the same socio-

economic pathway SSP3-7.0 “Regional Rivalry” for which the climate outcomes are based on no 

emissions reduction and fossil fuels as the sole energy source. However, it is noted that the air 

quality models are only using the meteorological outcomes from each GCM and are not using the 

emissions prescribed by the SSPs.  

By 2050, the NCAR and NOR models are the hottest, particularly in the west, whilst ACC is the 

coolest overall. The temperatures and rainfall levels in the CNRM models by 2050 are the most 

similar to current conditions of all the models. The air quality response to the predicted climate 

outcomes is non-linear and is a product not only of emission but the level of dilution and 

atmospheric transport conditions those emissions go into.   

The major observation from these results is that each ‘family’ of models is more similar than when 

comparing results from inter-families. i.e. ‘ACC-126’ and ‘ACC-370’ tend to generate similar results 

but ‘ACC-126’ and ‘NOR-126’ are different.  The analysis demonstrates the importance of picking a 

range of global climate models and not just socio-economic pathways. 

2.3.9 Complementary statistical modelling of air quality and health service use 

To complement the assessment of health impacts using population-level health impact functions, 

additional modelling was undertaken on historic bushfire-related air quality and health service use 

data. 

This was to complement the statistical attribution approach to improve an Australian-centric 

understanding of the risks of bushfire smoke on service use. Statistical modelling was undertaken 

of the relationships between historical bushfire-related PM2.5, health outcomes and temperature 

as a confounder. 

Data sources 

Air quality 

Data on historical bushfire-related air quality was obtained from The Centre for Safe Air’s Clean Air 

and health Research Data and Analysis Technology (CARDAT) platform. This dataset was recently 

used by Hertzog et al. (2024) in their health impact assessment of the mortality burden 

attributable to exceptional PM2.5 air pollution events in Australian cities, which uses the same risk 

factor for mortality that was explored in the sensitivity analysis for this investigation (1.0065 per 

10 µg/m3, 95% CI: 1.0044- 1.0086, based on Orellano et al., 2020). 
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This dataset consists of daily PM2.5 predictions from a random forest model of the ‘Bushfire Smoke 

project V1.3’ and spans January 2001 – June 2020 (Hanigan et al., 2023).  The data was produced 

on a 5km Australia-wide grid and contains daily PM2.5 predictions from a random forest model 

developed by Ivan Hanigan and Nicolas Borchers Arriagada along with a daily decomposition of the 

predictions into trend, seasonal and remainder components. Values range from -12 to 720 µg/m3 

globally, and these extreme values occur in the early months of 2020. Monthly medians and 

means generally lie within 5 to 10 µg/m3.  

For interest, comparisons of mean PM2.5 levels for December 2019 and January 2020 between this 

CARDAT PM2.5 dataset and the AQFx model output for the same period are shown below.  Model 

output is shown converted to SA2 regions (left hand plots), and estimated mortality (right hand 

plots), generated from the health impact function and relative risk (1.0123, 95% CI: 1.0045–

1.0201) used in the main analysis. 

 

Figure 12 Comparison of modelled output of mean PM2.5 over Dec’19 and Jan’20 by SA2 region – top: AQFx model 

output (main analysis); Bottom: CARDAT model output (complementary investigation) 

Health service use 

Health service use data was obtained from AIHW’s publicly available dataset ‘Geography and time-

specific health data for environmental analysis’ (AIHW, 2024b) which is part of an Australian 

Research Data Commons (ARDC) Bushfire Data Challenges program. The dataset contains health 

service use data for health conditions that are potentially associated with or exacerbated by 

bushfire and bushfire smoke impact though no causal attribution is implied with its provision.   

The data only provide a partial picture of health. As described in Section 2.3.4, the largest 

proportion of people who experience impacts from bushfire smoke and airborne particulate 

matter may not have significant symptoms or may not visit a health professional. In addition, the 

data are reflective of health services provided and not the unmet need which may exist. Bushfires 

and other environmental events can be disruptive to health service facilities and staffing and may 

require people to move from their usual address. 
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The health service use data was provided with caveats from Australian Institute of Health and 

Welfare (AIHW) that it may not be appropriate or suitable for understanding patterns in health 

service requirements or prevalence over time and by geography, as a range of factors can lead to 

increases or decreases in service use. It’s important to note these caveats again here: 

• The data provide a partial snapshot of service provision for any particular condition and only 

show need that has been met. For example, natural disasters may affect people’s ability to 

reach services or the ability for services to operate normally, and in general, due to capacity 

constraints, the health system may not immediately be able to satisfy a surge in need. People 

may stay home to avoid exposure to environmental hazards (i.e. bushfire smoke).  

• The data is administrative and therefore can be subject to a range of factors such as variation in 

administrative processes, or changes in policy, diagnosis codes or diagnosis coding practices. 

• Data custodians apply a range of rules and principles to protect privacy and confidentiality and 

some elements are denoted as ‘not presented’. 

This release contains up to 20 years of weekly data of health service use relating to specific health 

conditions by SA4 region. Data are presented for respiratory, cardiovascular, and mental health 

conditions, including: 

• Hospitalisations (2002–03 to 2021–22) 

• Hospital emergency department presentations (2014–15 to 2021–22) 

• Medicare Benefits Schedule service claims (2002–03 to 2021–22) 

• Pharmaceutical Benefits Scheme (PBS) and Repatriation Pharmaceutical Benefits Scheme (RPBS) 

prescriptions dispensed (2002–03 to 2021–22). 

AIHW have grouped count data into health conditions (e.g. for hospitalisations these groupings are 

based on ICD10 diagnoses codes), and some of the groupings are subsets of broader conditions 

within the collection (as depicted in Figure 13).   
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Figure 13 Hierarchical groupings of health conditions represented in the AIHW ‘Geography and time-specific health 

data for environmental analysis’ (source: AIHW, 2024b) 

Of the data elements included in this collection, the following were identified as priorities for this 

analysis. 

ED presentations and Hospitalisations (inpatient admissions) datasets 

• 'Respiratory conditions' (RC); 

• 'Heart, stroke and vascular conditions' (HSVC); 

• ‘Burns’ (BC); 

• 'Mental and behavioural disorders' but excluding the smaller subset of ‘Mental and behavioural 

disorders due to psychoactive substance use' (i.e. the difference in counts between these two 

health conditions) (MBD). 

MBS Dataset 

Respiratory test items, Asthma cycle of care items, Cardiovascular diagnostic procedures and 
investigations, Cardiovascular diagnostic imaging services, and Mental health services items. 

PBS Dataset 

• 'Respiratory prescriptions'; 

• 'Cardiovascular prescriptions'; 

• 'Mental health prescriptions'. 
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Temperature 

As a confounder to the problem of exposure to ambient particulate matter, bushfires and dust 

storms tend to coincide with high ambient temperatures which has been independently 

associated with increased risk of mortality (Johnston et al., 2011). Therefore, historic estimates of 

maximum daily temperature were obtained for the period 2001-2020 from the Australian Gridded 

Climate Data collection via National Computational Infrastructure (NCI), a high-performance 

computing and data services facility, located at the Australian National University in Canberra and 

supported by the Australian Government's National Collaborative Research Infrastructure Strategy 

(NCRIS). The Australian Gridded Climate Data collection is the Bureau of Meteorology's official 

dataset for climate analyses covering the variables of rainfall, temperature as well as vapour 

pressure at daily and monthly timescales. The dataset provides consistent temporal and spatial 

analyses across Australia for each observed data variable. This accounts for spatial and temporal 

gaps in observations, and the gridded analysis techniques provide useful estimates in data-sparse 

regions such as central Australia. 

Statistical analysis  

Geographic correspondence files were used to convert the gridded daily air quality and 

temperature data (both provided as 5km x 5km grids in netCDF format) to SA4 regions to spatially 

match against the AIHW data relating to service use. Also, as the AIHW data is provided on a 

weekly time interval, daily values of PM2.5 and maximum temperature were aggregated to weekly 

values by averaging the seven days up to and including the start of the week of interest. For 

example, if the AIHW week start is 7 July, values of PM2.5 and maximum temperature would be 

averaged for 1 July, 2 July, 3 July, 4 July, 5 July, 6 July, and 7 July. This is referred to as Lag 0. 

Lagging the 7-day rolling mean by up to 3 days before the start of the week was considered to 

allow for insights concerning temporal differences between exposure and service use. 

AIHW health service use data has been provided as raw counts and crude rates (count per 100,000 

population). For the response variable, raw counts are used with an offset (modelled with a 

Poisson or negative binomial GLM) rather than crude rates (which would normally be fitted using a 

standard linear model). One limitation of using a linear model with crude rates is that the 

predictions can sometimes be negative, which is unrealistic in this context. 

All analyses were performed using R statistical software (version 4.4.0). A Generalised Additive 

Model (GAM) based on a Poisson distribution was used to examine the association between 

ambient PM2.5 and maximum temperature of a priori interest and counts of the response variable. 

Where data was overdispersed (higher variance than expected), Negative Binomial (NB) with a log 

link was used. Risk ratios (RR) and 95% confidence intervals were calculated.  

A single-pollutant model was considered as follows: 

E(Y) = g-1 (offset(log(Population)) + intercept + ∑I PM25_lagM(i) + ∑I  Temperature_lagM(i) + 

s(year, k=6) + s(month, k=6) + s(State, k=3, RE)), i = 1, … , 4,  

where Y indicates the count for a given week for the outcome of interest (e.g. visits to ED for a 

respiratory condition) and g indicates the link function (log). Based on the weekly PM2.5 

concentrations and maximum temperatures, three 7-day moving average of PM2.5 concentrations 
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and maximum temperatures (average of 0-,1-,2-, and 3-day lags relative to the visits to 7-day prior 

windows) were modelled. Long-term temporal trends (‘year’ and ‘month’) were accounted for by 

using smoothing splines with 6 degrees of freedom and spatial effects were accounted for using 

the random effect (‘State’). 

Relationships were assessed between health service use, air quality and temperature for the six 

financial years July 2014 – June 2020. 

Results of statistical modelling of air quality and health service use 

The results of the statistical modelling are presented in Appendix A for brevity with select results 

presented here. Relationships were assessed using Poisson and Negative Binomial Generalised 

Additive Models, and since all models showed overdispersion, NB GAM was used.  

Scatterplots show a weak relationship between the number of ED presentations and air quality, 

and the number of ED presentations was noted to be more dependent on the season rather than a 

direct effect from the pollutant level. The plot presented in Figure 14 indicates counts of ED 

presentations for two health condition groupings – Respiratory and Heart/stroke/vascular 

conditions - as a function of month and mean PM2.5 concentration (indicated by the size of the 

dot). The greater seasonality and winter peaks associated with respiratory ED presentations can 

be appreciated, and it can be seen that respiratory-related counts in winter are higher than 

months with larger PM2.5 concentrations at other times of the year (including December 2019 and 

January 2020). Unusually high counts for ACT heart conditions in 2015 and 2016 can also be 

observed which may be an artefact associated with the previously mentioned caveat that the 

health data is administrative and therefore can be subject to variation in administrative processes, 

or changes in policy. 



Air Quality and Communicable Diseases Technical Report  |  51 

 

Figure 14 Historic ED presentations relating to respiratory conditions (top) and heart, stroke and vascular conditions 

(bottom) 

The modelling of inpatient admissions due to burn conditions was excluded because of the small 

sample size (4624 cases over a 20-year period). Weekly admission counts for burn cases varied 

between 5 to 45, and the proportions of burn cases across the SA4 regions were too small to allow 

for a reliable model fit. Model diagnostic plots have been included in Appendix A. Weekly counts 

of national inpatient admissions for burns are presented over in Table 7 and Figure 15. The record 

associated with 23 burn admissions for week commencing 02 Feb 2009 in Melbourne was referred 

to as “Black Saturday” when 173 people perished. The high counts of 45 in June 2015 was 

recorded for the Cairns SA4 region. 
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Table 7 Frequency of weekly counts of national inpatient admissions for burns 

NUMBER OF CASES FREQUENCY 
(NUMBER OF WEEKS) 

5 2113 

6 1326 

7 611 

8 311 

9 134 

10 65 

11 31 

12 16 

13 8 

14 4 

15* 3 

23** 1 

45^ 1 

* 13 Jan 2003 ACT, 10 Apr 2006 Qld, 02 Feb 2009 VIC-Gippsland, ** 02 Feb 2009 VIC-Melbourne, ^ 08 Jun 2015 Qld-Cairns   

 

Figure 15 Weekly counts of national inpatient admissions for burns 

Another observation is that unlike ED presentation and inpatient admission data, long-term trends 

of PBS and MBS data reflect annual end of year patterns which for the case of MBS items may be 

related to a decrease in service activity over the Christmas/New Year period and for the case of 

PBS data, it may be an artefact associated with how that data gets captured and reported. A 

notable increase in mental health MBS items in 2007 and mental health prescriptions from around 

2012 can be observed which differs to other conditions that were assessed which generally have 

less abrupt year to year changes which may be administrative artefacts. 
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Figure 16 Long term trends in MBS items relating to mental health (top) and PBS mental health prescriptions 

(bottom) 

However, one of the most valuable contributions of this complementary investigation is the 

statistical model output in terms of the generation of Australian-centric relative risks for the 

selected indicators of health service use relating to bush-fire specific exposure to particulate 

matter.  

Figure 17 shows plots of derived relative risks of the modelled variables for four select outcomes: 

respiratory ED presentations, respiratory inpatient admissions, heart/stroke/vascular inpatient 

admissions and mental health prescriptions.  
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Figure 17 Derived relative risks for (a) Respiratory ED presentations, (b) Respiratory inpatient admissions, (c) Heart, 

Stroke, and Vascular inpatient admissions, and (d) Mental health prescriptions  

It can be observed that the effect of PM is stronger for lagged values (denoted as M1 for a 1-day 

lag, M2 for a 2-day lag, M3 for a 3-day lag) than on the same day (M0). The stronger impact of 

temperature on respiratory-related hospitalisations compared to air quality is apparent (higher 

relative risks). It can also be seen that after accounting for temperature, the relative risks 

associated with PM2.5_lagM1 are above 1, supporting an association between air quality and these 

outcomes.   

Also of note, the derived relative risk exposure to PM2.5 for respiratory admissions was 1.014 per 

10 µg/m3 (95%CI: 1.0052-1.0229). This compares well with the relative risk adopted in the health 

impact function (as recommended by WHO for short term exposure of PM2.5 -refer Section 2.3.4) 

to quantify impacts for this cohort which was 1.019 per 10 µg/m3 (95% CI: 0.9982-1.0402). 

The derived relative risk for PM2.5 exposure for Heart, Stroke, and Vascular inpatient admissions 

was 1.0137 per 10 µg/m3 (95%CI: 1.0055-1.022). This is slightly higher than the WHO relative risk 

used for the main analysis (1.0091, 95% CI: 1.0017-1.0166) and sensitivity analysis (1.010, 95% CI: 

1.006-1.014) but within the 95% confidence interval of each. 

2.3.10 Healthcare risks in context 

It is important to frame the health impacts from bushfires relative to exposure to other risk 

factors.   

(a) ED presentations for respiratory conditions (b) Inpatient admissions for respiratory conditions 

(c) Heart, Stroke, and Vascular inpatient admissions (d) Mental health prescriptions 
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The disease burden due to risk factors is known as attributable burden. It is the amount by which 

disease burden would be reduced if exposure to the risk factor had been avoided or reduced to 

the lowest possible exposure. Deaths can also be attributed to risk factors using the same 

methods. 

The Australian Burden of Disease Study 2018, published in 2021, estimated the disease burden 

and deaths due to 40 risk factor components or exposures that combine into 20 individual risk 

factors (AIHW, 2021b). Figure 18 shows these risk factors sorted in order of disease burden. In 

2018, 1.3% of the total disease burden in Australia and 2% of deaths was due to air pollution. 

These estimates reflect the amount of burden and deaths that could have been avoided if all 

people in Australia were not exposed to particulate matter 2.5μg/m3 (PM2.5). For generating these 

estimates, exposure was causally linked to six diseases - coronary heart disease, COPD, stroke, 

type 2 diabetes mellitus, lung cancer and lower respiratory infections.  Air pollution was 

responsible for 8.6% of coronary heart disease total burden, 8.3% of stroke burden, 6.7% of both 

COPD and type 2 diabetes burden, 5.7% of lower respiratory infections burden and 3.4% of lung 

cancer burden. Total disease burden attributable to air pollution was 2.2 times greater in the 

lowest (most disadvantaged) socioeconomic group compared with the highest (least 

disadvantaged) group. 

 

Figure 18 Percentage of disease burden (measured as Disability-Adjusted Life Years) and deaths attributable to air 

pollution in Australia in 2018; Data source: AIHW, 2021b 

Globally over the period 2010 to 2019, exposure to ambient particulate matter pollution was 

among the largest increases in risk to human health, although the risk of household air pollution 

has declined (GBD, 2019). The latest version of the GDB study (GBD, 2021) states that among the 

specific risk factors analysed, particulate matter air pollution was the leading contributor to the 

global disease burden in 2021, contributing 8.0% of total Disability Adjusted Life Years, followed by 
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high systolic blood pressure (7.8%), smoking (5.7%), low birthweight and short gestation (5.6%) 

and high fasting plasma glucose (5.4%).   

The changing trends in outdoor concentrations of PM2.5 air pollution from 1850 to 2021 have been 

visualised as air quality stripes (https://airqualitystripes.info/) with indicative air quality ratings 

provided such as "Very Good", "Fair", "Moderate" etc. While not yet developed for Australia apart 

from Canberra, they aim to raise awareness of the health effects of PM2.5 and have also inspired 

the creation of the biodiversity stripes which show biodiversity loss and ocean acidification stripes.  

The substantial evidence base briefly described in this investigation suggests that controlling fine 

particle pollution would result in thousands of fewer early deaths per year. In view that ambient 

fine particulate matter is the world’s leading environmental health risk factor, reducing the 

disease burden of PM2.5 requires specific strategies that target dominant sources. The Global 

Burden of Disease from Major Air Pollution Sources (GBD MAPS) project provided a 

comprehensive evaluation of contributions to the ambient PM2.5 disease burden from source 

sectors and fuels across 204 countries (McDuffie et al., 2021). The study estimated that 

approximately a million deaths worldwide (27% of the total mortality attributable to PM2.5) would 

be avoidable by eliminating fossil fuel combustion, with coal contributing over half of that burden. 

Residential (19%), industrial (12%, and energy (10%) sector emissions were among the dominant 

global sources of PM2.5. Regions with the largest anthropogenic contributions were generally 

found to have the highest numbers of attributable deaths, which clearly demonstrates the 

importance of reducing these emissions to realise reductions in global air pollution and its disease 

burden. 

In terms of local risk exposure, while concern about extreme events like bushfires is appropriate, 

there is high particulate exposure occurring all the time for populations in central Australia.  There 

isn’t a way to remove dust from the country, and our present and future environment will contain 

non-anthropogenic emissions too.  

The relative risks for mortality from short term PM2.5 exposure recommended by WHO and 

adopted for the main analysis of this study was 1.0123 per 10 µg/m3.  This means that for an 

increase in PM2.5 of 10µg/m3, the mortality risks of those exposed compared to those unexposed is 

1.2%. The study also assumes a log-linear concentration-response model (RR=e^(β∙∆x)), and so a 

relative mortality risk of 10% between exposed and unexposed would arise for an increase 

concentration level of PM2.5 of 78µg/m3. It should also be noted that this investigation and most 

current risk assessments assume that the excess relative risk does not vary with age, but the GBD 

2010 estimates incorporated age dependency of the air pollution relative risks. It is also noted that 

these risks are for short-term exposure, based on estimated average daily levels of PM2.5. It is 

intuitive that risks associated with longer term exposure representing sustained poor air quality 

are higher (e.g. 1.062 per 10 µg/m3, 95%CI 1.040–1.083, Heroux et al., 2015) based on average 

annual levels of PM2.5. 

Specific to bushfire-related impacts, Section 2.1.4 of this report described some of the many 

studies assessing the impact on emergency department presentations and hospital admissions. 

For example, Johnston et al. (2021) estimated that there were an additional 1138 hospital 

admissions for cardiovascular diseases, 2092 admissions for respiratory diseases and 1523 ED 

visits for asthma associated with the 2019 – 2020 wildfire season in Australia. These were 

estimated using the WHO relative risks from 24h exposure to PM2.5 (Héroux et al., 2015) which the 

https://airqualitystripes.info/
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present investigation also adopts. Fire season was defined as the 6 months 1 October – 31 March 

each year.  

An attempt is made here to frame these impacts in terms of overall volume of these outcomes for 

a similar period (Table 8). Notes on the data sources are listed below the table. 

Table 8 Published estimates of the health impacts of the 2019/20 fire season relative to national figures for that 

time period 

 NUMBER ATTRIBUTABLE 
TO 2019/20 BUSHFIRES 
(95%CI) 

TOTAL VOLUME OF 
SIMILAR DIAGNOSES 
AND TIME PERIOD 

PROPORTION  
(PROPORTION RANGE) 

Deaths – derived 429 (154–712) 78,940 0.5% (0.2%-0.9%) 

Deaths – confirmed 33 including 9 firefighters 78,940 0.04% 

Respiratory admissions 

derived from AIHW source A 

- or - 

derived from AIHW source B 

2092 (0–4638)  

 

241,100 

- or - 

226,626 

 

 

0.9% (0-1.9%) 

- or - 

0.9% 

Cardiovascular/Cerebrovascular 
admissions 

derived from AIHW source A 

 

derived from AIHW source B 

1138 (210–2113)  

 

242,026 

- or - 

288,951 

 

 

0.5% (0.09%-0.9%) 

- or - 

0.4% 

Asthma ED presentations – 

derived from AIHW source A 

1523 (750–2466) 35,022 4.3% (2.1%-7.0%) 

The number of cases attributable to the 2019 - 2020 bushfires was sourced from Johnston et al. 

(2021). Confirmed deaths are from Parliament of Australia (2020). It is to be noted that individual 

deaths are never coded as directly caused by air pollution and statistical attribution (derived 

deaths) is adopted for population impact assessments.   

Regarding AIHW Source A: AIHW have made available hospital count data for the period 1 

September 2019 – 1 March 2020 to accompany their report on the short-term health impacts of 

the 2019–20 Australian bushfires (AIHW, 2021a). This report includes analysis of relative changes 

in the 2019/20 season compared to the previous 5-year average. The source data contains counts 

of asthma ED presentations (Table S4 within the source data), respiratory admissions (Table S2 of 

the source data) and cardiovascular admissions represented by the sum of ‘Selected heart 

conditions’ and ‘Cerebrovascular conditions’ (Table S2 of the source data). There are a few 

distinctions between the diagnoses codes and time period used by Johnston et al. (2021) and 

AIHW analysis: 

a. The 6-month analysis period is offset by one month (1 September – 1 March) compared to 

the fire season considered by Johnston et al. (1 October – 31 March); 

b. While respiratory admissions are defined similarly (diagnosis codes J00-J99), Johnston et al. 

have additionally included counts for rheumatic heart diseases (diagnosis codes I00-I09), 

and diseases of arteries, arterioles, capillaries, veins, lymphatic vessels and lymph nodes 

(diagnosis codes I70-I89) in their analysis; 
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c. Johnston et al. excluded acute severe asthma (diagnosis code J46) when considering 

asthma-related ED presentations. 

Notes on AIHW Source B: Using the same definitions used to define respiratory (ICD10 diagnosis 

codes J00-J99) and cardiovascular (ICD10 codes I00-I90 admissions), AIHW report there were 

453,252 respiratory admissions and 577,902 cardiovascular admissions in public and private 

Australian hospitals over the 2019-20 financial year (AIHW, 2021c).  An alternative estimate of the 

admissions over the 6-month fire season considered by Johnston et al. (1 October - 31 March) is 

50% of these values (226,626 respiratory and 288,951 cardiovascular admissions) although it is 

possible that there are higher counts of these diagnoses over winter rather than the summer fire 

season. AIHW’s publicly accessible dataset capturing ED presentations in public hospitals for the 

2019-20 financial year (AIHW, 2020) report only counts for the full range of diseases of the 

respiratory system (diagnosis codes J00–J99, n= 618,619) and counts for the specific diagnosis of 

asthma are not discernible. 

While not an exact match in terms of diagnosis codes and time period, it is still a reasonable 

source from which to estimate proportional contributions of the impacts form bushfires. 

The table indicates that in the context of national figures for the same period, while indeed the 

health impacts from the 2019-20 bushfires are substantial, they are less than 1% of broader 

mortality and inpatient admission impacts for similar diagnoses, and approximately 4% of broader 

volume in the case of asthma-related ED presentations. It is acknowledged that the modelled 

outcomes (hospitalisations and deaths) represent the most severe but rarer outcomes from 

population exposure to smoke, so don’t capture the entirety of the public health burden. 

It is challenging to speculate about proportional contributions at a future time period such as 

2050. One view is that these proportional impacts on the health system may decrease, as 

hospitalisation rates in Australia are growing faster than the population. Over the last 10 years to 

2022–23, inpatient admissions have increased from 395 to 415 per 1000 population (AIHW, 

2024c), and ED presentations have increased from 296 to 334 per 1000 population (AIHW, 2023: 

8,800,919 ED visits in 2022-23, or 334 per 1000 pop; AIHW, 2013: 6,712,224 ED visits in 2012-13, 

or 296 per 1000 pop). However, the number of estimated cases due to air quality in the future is a 

function of both the population and also the incidence rate at the future time period (as well as 

potentially updated relative risks). As well as the population increasing, the incidence rate will 

possibly be higher too due to the population getting older and sicker, and thus those proportions 

won’t necessarily decrease. 

2.3.11 Summary and next steps 

This investigation provides a rigorous assessment of the evidence of mortality and health system 

impacts associated with an extreme bushfire event in 2050. The evidence is clear: climate change 

is increasing the frequency and extremity of fire weather when most fires tend to occur and 

exposure to bushfire smoke contributes towards Australia’s disease burden. The substantial 

evidence base suggests that controlling fine particle pollution would result in fewer early deaths, 

particularly in other global hotspots given that ambient fine particulate matter is the world’s 

leading environmental health risk factor. This ranking has many governments focused on reducing 

anthropogenic particulate matter as priorities for action. 
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This investigation also highlights there is high particulate matter exposure occurring all the time 

for populations in central Australia. While concern about extreme events like bushfires is 

appropriate, there isn’t a way to remove dust as a risk factor from the country, and our future 

climate will contain all sources of PM2.5 and PM10 including those from non-anthropogenic 

emissions. 

The narrative on bushfire risk also needs to evolve with allowance for adjustments as the 

evidence-base grows.  Risks change as the underlying population changes and globally, exposure 

to ambient particulate matter pollution is among the largest increases in risk to health, even given 

that air pollution concentrations have decreased in many regions. There are numerous 

assumptions made in population-level modelling and the academic and research sector are 

important voices in regard to being abreast of the evolving evidence to ensure that policy in this 

contentious area is informed by best practice.   

Future pathways to explore related to this investigation are as follows. 

This investigation has benefited from the prior efforts of personnel behind the creation of national 

data repositories made available by Australian Government initiatives, which ultimately assists in 

improving the lives of Australians through evidence-based climate-change policy. This aligns with 

Recommendation 15.4 of the 2020 Royal Commission into National Natural Disaster Arrangements 

(Binskin, 2020) around developing consistent and compatible methods and metrics to measure 

health impacts related to natural disasters and taking steps to ensure the appropriate sharing of 

health and mental health datasets.   

We recommend continued investment in open data lakes comprising deidentified health data and 

environmental data at a spatial resolution where local differences in demographics are key to 

providing targeted service delivery. Such information is valuable across sectors into both state and 

federal-responsibility areas of primary care, Aboriginal community controlled health organisations, 

residential aged care and disability support services. The dimension of these data collections 

should be driven by outcomes of interest which are likely to be the key health usage performance 

indicators of the government of the day. 

In the provision of these data collections, there needs to be security protocols agreed as standards 

to protect the privacy of individuals. This absolute requirement is essential given the 

sophistication of matching performance of linking between supposedly disparate datasets. The 

benefits of targeted service delivery described above are outweighed by a single adverse outcome 

following linkage. 

Cross agency collaboration in efforts to improve resilience against this risk is warranted, for 

example developing and deploying surveillance systems tracking critical signals of interest at a 

national level. Such a platform could bring statistical process control and anomaly detection 

methodology together on indexed and curated githubs where codebase can grow to support 

related broader applications. 

This investigation focused on PM2.5 in accordance with global agreement of it being the main 

contributor of air quality health risks. Estimates were also generated for ozone and NO2 exposure 

which also have known health impacts. However, the relative contributions of health impacts from 

simultaneous exposure to multiple pollutants need to be determined from statistical models 

incorporating these pollutants (it is impractical to add the impacts of exposure from each pollutant 
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as if these were independent risks, as there are overlapping exposure effects). The complementary 

statistical modelling described in Section 2.3.9 used temperature as a confounder, and future 

studies could add historical observations of other pollutants to account for simultaneous 

presence, similar to Johnston et al. (2011). Also, some of the AIHW data elements that were 

considered as response variables in the statistical modelling exercise could instead be considered 

as explanatory variables. For example, PBS 'Mental health prescriptions' could be considered as an 

explanatory variable in a model assessing ED presentations or inpatient admission related to 

‘Mental and behavioural disorders'. 

More broadly, extending the analysis of health impacts to thermal comfort impacts is also a logical 

next step. It is understood related work by the Australian Climate Service for the National Climate 

Risk Assessment has started assessing thermal comfort. 
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3 Emergence and increased transmission of 
communicable diseases (Workstream 2) 

Activities undertaken in this workstream will build on the soon to be published Climate and 

Communicable Disease Discussion Paper (CSIRO, 2024), focussing on assessing trends of a select 

number of current diseases, and the likely changes of overall spillover risk with climate variation. 

This workstream will perform a deeper assessment for potentially high impact pathogens using 

climate change scenarios and describe those scenarios under which these pathogens might 

develop concerning properties. 

The soon to be published Climate and Communicable Disease Discussion Paper identified three 

key areas of interest that were further explored in this workstream. The first area emphasised the 

importance of prioritising national investment in building resilience against communicable 

diseases, which includes ongoing support for surveillance and assessing the impact on vulnerable 

populations across Australia. To investigate this, we analysed national and subnational surveillance 

data to assess how climate change is affecting methicillin-resistant Staphylococcus aureus (MRSA) 

in northern regional and remote Australia, as well as influenza notifications nationwide. The 

second area focused on mosquito-borne diseases as the most climate-sensitive in Australia. We 

assessed the potential future impact of climate change and disease spillover on Japanese 

encephalitis. The third area demonstrated the value of new technologies, such as genome-wide 

evolutionary dynamics, to better understand the climate sensitivity of diseases and assess its 

impact on seasonal influenza. 

3.1 Investigating the impact of climate on high prevalence bacterial 
and viral pathogens of concern using routinely collected 
surveillance data  

Climate change is influencing the epidemiology of infectious diseases, including antimicrobial 

resistant (AMR) infections (e.g; methicillin-resistant staphylococcus aureus (MRSA)) and viral 

infections (e.g; influenza) (Patz et al., 1996; Dave and Lee, 2019; Fisman, 2017). Variations in 

climate factors including temperature, humidity, and precipitation can impact the prevalence and 

transmission dynamics of pathogens (Martinez, et al., 2019). The global warming-related changes 

in disease epidemiology are associated with changes in ecosystems, population susceptibility, and 

increased exposure to causative agents (Marani et al., 2021; McMichael et al., 2007; Altizer et al., 

2007).  

In particular, climate change may alter the incidence and severity of respiratory infections by 

affecting vectors and host immune responses. Young children and older adults appear to be 

particularly vulnerable to rapid fluctuations in temperature changes. For example, a small study 

showed an increase in the incidence in childhood upper respiratory infections in Australia has 

been associated with sharp temperature changes from one day to the next (Xu et al., 2014). 

Extreme weather events, such as heat waves, floods, major storms, drought, and wildfires, are 

also believed to change the incidence of respiratory infections (Lane et al., 2022). 
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Changes in AMR rates due to climate may be a result of multiple factors. For example, changes in 

environmental conditions may affect bacterial survival rate or the interaction between host and 

the environment (Magnano San Lio et al, 2023) and worsen the impact of existing antibiotic 

selective pressure. Evidence suggests that that climate, particularly, seasonal changes can 

influence AMR by affecting patterns of antibiotic use (Martinez, et al., 2019; Rahul et al., 2023).  

Analysing these interactions is essential for understanding how climate fluctuations contribute to 

infectious disease patterns and for informing public health actions. Surveillance, modelling and 

analysis are two approaches to assess the impact of climate change on infectious disease. Changes 

in the epidemiology of disease may reflect climate related factors, such as temperature changes. 

Modelling studies offer another approach to estimating the effects of climate change on infectious 

disease and are useful for future prediction.  

This work examines the impact of climate variations including temperature, humidity, and 

precipitation on infectious disease prevalence focusing on viral species (influenza) and high 

prevalence bacterial species (MRSA), employing routinely collected surveillance data. The two 

routinely collected pathogens include (i) laboratory-confirmed influenza from the National 

Notifiable Diseases Surveillance System (NNDSS) (DoHAC, 2023) and (ii) methicillin-resistant 

Staphylococcus aureus (MRSA) from a passive CSIRO-owned disease surveillance system 

(HOTspots) (hereafter referred to as HOTspots) (Australian e-Health Research Centre, 2023). The 

health impacts of climate variation on 2050, were built on projections of future exposures 

generated by global climate models.  

3.1.1 Methods 

Datasets 

Disease datasets 

We used two surveillance datasets: (i) influenza notifications from 01 January 2008 to 31 

December 2019 for all Australia, except the Australian Capital Territory (ACT) region, and (ii) MRSA 

counts for northern Australia from 01 January 2007 to 2023.  

NNDSS influenza dataset provides state and territory level notifications, on weekly basis, for four 

types of influenza (A, B, C, and untyped). We considered all four types in our analysis. Our analysis 

is based on the publicly available NNDSS database, which does not include the ACT region, hence it 

was excluded from our analysis. Although NNDSS database provides data beyond 2019, we only 

considered the pre-Covid-19 period, to most clearly illustrate the relationship between climate 

and human health factors.  

HOTSpots dataset contains laboratory confirmed phenotypic data for key pathogens (WHO, 2024) 

across 24 Statistical Area Level 3 (SA3) regions (Australian Bureau of Statistics, 2023) 

corresponding to three jurisdictions in northern Australia (far north Western Australia, Northern 

Territory and far north Queensland). HOTspots collate antimicrobial susceptibility test data from 

four main pathology providers for bloodstream infections, urinary tract infections, respiratory 

infections, and skin and soft tissue infections from patients attending primary healthcare clinics 

and hospitals. We considered both hospital and community acquired MRSA infection and all 

specimen types. The methodology of the HOTspots has been previously described in (Wozniak et 

al., 2022; Wozniak et al., 2020).  
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Population datasets 

Three population datasets were used, of which two were from the ABS and the remaining was 

from the National Aeronautics and Space Administration Socioeconomic Data and Applications 

Center (SEDAC, https://sedac.ciesin.columbia.edu).  

The two ABS population datasets were (i) the national state and territory population (ABS, 2023) 

and (ii) the region population at SA3 level (ABS 2022-2023). The first one provides quarterly 

growth of the Australian population between June 1981 to December 2023. We applied this 

dataset to compute the per-capita influenza rates. The second one offers annual region population 

between 2001 to 2023. We applied this second dataset to compute per-capita MRSA rates.  

From SEDAC, we obtained the Gridded Population of the World (GPW, v4) dataset, which led us to 

calculate the population density-weighted averages of the climate variables over a 1° ×1° grid 

spacing across Australia.  

Climate datasets 

We employed two climate datasets which include (i) the Bureau of Meteorology Atmospheric 

high-resolution Regional Reanalysis for Australia – Version 2 (BARRA2) (Su et al., 2022) for the 

period 01 January 2007 to 31 December 2023 (ii) the ACCESS-CM2 Global Climate Model (GCM) 

from a group of the sixth Coupled Model Inter- comparison Project (CMIP6) (Grose et al., 2023) for 

the period 01 January 2035 to 01 January 2064.  

BARRA2 comprises the retrospective regional atmospheric reanalysis over Australia and 

surrounding regions, spanning from 01 January 1979 to present day. It utilises existing historical 

atmospheric data to adjust a high-resolution computational model of the atmosphere, facilitating 

the retrieval of historically indicative gridded charts of the necessary variables for our analysis. We 

extracted six climate variables from BARRA2 including average surface air temperature, maximum 

surface air temperature, minimum surface air temperature, relative humidity, and precipitation.  

CMIP6 dataset contains bias-corrected and statistically downscaled future climate projections over 

Australia and surrounding regions, covering the period 01 January 2035 to 01 January 2064. We 

considered three specific Shared Socioeconomic Pathways (SSP) from the ACCESS-CM2 model. 

Each SSP characterises a possible future socioeconomic development and its impact on the 

climate. These pathways, which have been collectively approved by the international climate 

community, are labelled in order of escalating levels of greenhouse gas emission as SSP1-2.6 (low), 

SSP2-4.5 (intermediate), and SSP5-8.5 (very high). These pathways provide a means to understand 

the potential impacts of different climate actions or inactions. From the CMIP6 dataset, we 

obtained future projections for the same climate variables as the ones we derived from BARRA2 

dataset, except average surface air temperature which was not available in the ACS CMIP6 

dataset.  

Modelling 

We implemented modelling in three stages. Initially, we performed correlation analysis between 

individual historic climate variables and each disease dataset. We then constructed independent 

linear regression models for predicting each disease rate from the historic climate variables in 

BARRA2 dataset which depicted significant correlation with the respective disease rate by 

employing a non-parametric bootstrapped sampling technique. Subsequently, we derived future 

https://sedac.ciesin.columbia.edu/
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projected disease rate utilising CMIP6 dataset and the model which showed the strongest 

relationship between historic climate variable and the disease rate. This approach was previously 

applied for projecting the impact of climate on demand for respiratory-related ICU average length 

of stay in Australia (Poon et al., 2023). We detail these three stages in the following sections.  

Outcome variables 

We considered two independent outcome measures - annual influenza rate for the period 2008 to 
2019 and annual MRSA rate for the period 2007 to 2023. Each measure was computed by first 
summing the respective disease counts per year and then dividing by the respective population of 
Australia in that year to produce per capita rates. For influenza, the annual Australian population, 
except ACT, from the state and territory population dataset of ABS was used. For MRSA, the 
annual population corresponding to the north Australia from the region population dataset of ABS 
was applied.  

Predictor variables 

We studied seven historic climate variables relative to BARRA2 dataset: (i) average surface air 

temperature (ii) maximum surface air temperature (iii) minimum surface air temperature (iv) 

diurnal temperature range (v) wet-bulb-globe temperature (vi) relative humidity and (vii) 

precipitation. Diurnal temperature range was computed by subtracting the minimum surface air 

temperature from the maximum surface air temperature. Similarly, we calculated wet-bulb-globe 

temperature from the average surface air temperature and relative humidity as described in Poon 

et al. (2023).  

Each predictor variable was averaged over Australia, where the average was weighted by the local 

Australian population density corresponding to the geographic location of the health data. This 

population density weighting is required because changes in the climate to regions with no 

population is irrelevant to the geographic regions of Australia considered in this analysis. As 

outlined in Poon et al. (2023), we performed the following steps to derive population weighted 

climate variables.  

a. Extracted each climate variable from the monthly averaged BARRA2 dataset. As an 

example, Figure 19a illustrates the average annual maximum surface air temperature from 

BARRA2 for the period 2007 to 2023. Majority of Australian regions show maximum surface 

air temperature of above 25°C with the northern and central regions increasing to greater 

degrees.   

b. Interpolated the SEDAC population density grid (Figure 19b) onto the climate variable. 

c. Calculated the weighted average climate variable based on the SEDAC population density 

map. 
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Figure 19 Maps showing: (a) Average annual maximum surface air temperature (TASmax) from BARRA2 dataset for 

the period 2007 to 2023 and (b) logarithm of the population of Australia on 01 January 2020. Both maps illustrate 

the respective measure for all Australia, except the ACT region 

All predictor variables were annually averaged prior to analysis.  

Disease rate prediction model 

As a first step, we analysed the Pearson correlation between each outcome (O) variable and the 

annual population density-weighted climate predictor variables (CV). Only those predictors which 

showed significant correlation (positive or negative) were considered further. For each outcome 

variable, we then developed independent linear regression models for predicting it based on each 

significantly correlated climate variables. We further performed a non-parametric bootstrapping 

for each model to estimate the errors in the model as outlined in Poon et al. (2023):  

a. Estimated the parameters (slope (m) and intercept (β)) of the regression model (O=β+ m 

CV)  with n = 12 samples for influenza rates (and n = 17 samples for MRSA rates), using 

ordinary least square method. 

b. Derived the predicted disease rates (O ̂) based on the model in i) 

c. Computed the prediction errors (ϵ=O-O ̂  )   

d. Sampled with replacement from the prediction errors n = 12 times for influenza rates (or n 

= 17 times for MRSA rates) to produce the pseudo error set ( ϵ )̃  

e. Obtained a pseudo set of outcome samples ( O =̃ O+ϵ ̃) 

f. Computed the new slope, offset and correlation coefficients from the pseudo samples.  

Above steps were repeated 10,000 times to produce the probability density functions of the slope, 
intercept, and correlation coefficient for each CV. 

Future disease rate projections 

To derive future disease rate projections, we used monthly climate projections for three distinct 

standardised climate scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5) based on the ACCESS-CM2 climate 

model from CMIP6 dataset for the period 01 January 2035 to 01 January 2064. For each scenario, 

we computed annual population density-weighted climate variables where the weighting was 

done based on the local Australian population density corresponding to the geographic location of 

the health data. These annual population density-weighted climate projections were then used to 

derive potential future disease rate projections based on the established prediction models.  
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To estimate the projected disease rates by 2050, we averaged the decadal predictions for the 

period with mid-point being 2050. We then computed the percentage change in disease rate 

between 2050 estimate and the average disease rate observed in the last decade for which the 

disease data was modelled.  

% change in 2050=  

(average  future period (2045 to 2055)-average(last decade) )/(average(last decade ))  ×100 

In the above formular, the last decade for influenza and MRSA corresponds to 2010 to 2019 and 

2014 to 2023, respectively. 

3.1.2 Results 

In this report, we only provide results from the prediction models which showed the strongest 

predictive relationship between the outcome and predictor variables.  

Prediction model for influenza rates 

Between 01 January 2008 and 31 December 2019, there were 1,049,294 influenza cases reported 

in the NNDSS dataset, with average annual rate of 36 cases per 10,000 population. The climate 

variable which showed the strongest correlation with influenza rate was the average surface air 

temperature. However, CMIP6 dataset from ACS does not include this variable, hence we chose 

the second strongest correlated variable, the maximum surface air temperature, to construct a 

predictive model for influenza rate (Figure 20).  

Figure 20a depicts the significant relationship between the logarithm of the annual influenza rate 

and the annual population density-weighted maximum surface air temperature for all Australia, 

excluding ACT (r=0.785; p¡0.002). Corresponding probability density functions of the slope, 

intercept, and correlation coefficient for this relationship from 10,000 bootstrapped samples are 

illustrated in Figure 20b-d. We estimated that for a 1°C increase in annual maximum surface air 

temperature, the annual influenza rate will increase by 40,877 cases per 10,000 population in 

Australia, excluding ACT. 
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Figure 20 Model for predicting influenza rate based on maximum surface air temperature. (a) logarithm of raw 

influenza rate versus annual population density-weighted maximum surface air temperature along with the 

regression line (red); and results from non-parametric bootstrapping producing the probability density functions of 

(b) slope; (c) intercept; and (d) the corresponding correlation coefficient. 

Projected influenza rate by 2050 

On average, the projected annual maximum surface air temperature for the 2050 period (2045 to 

2055), from CMIP6 scenarios is above 25°C in most Australian regions (Figure 21, left panels), with 

the northern and central regions increasing to greater degrees. While the southern parts, including 

the coastal regions of Victoria, South Australia, south Western Australia, and Tasmania are 

projected to have maximum surface air temperature below 25°C. Compared to the baseline period 

of 2010 to 2019 (the last decade for the modelled influenza rates), the average annual maximum 

surface air temperature is projected to increase between 2°C to 4°C in in the northern and central 

parts of Australia, with increasing differences exhibiting in the order of increasing level of 

greenhouse gas emission scenarios (low, intermediate, and very high).   
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Figure 21 Maps showing average decadal maximum surface air temperature (TASmax) from CMIP6 scenarios for the 

period 2045 to 2055 (left-hand column) and the difference in average decadal maximum surface air temperature 

between CMIP6 scenarios and BARRA2 dataset, where the decade for the BARRA2 dataset corresponds the period 

2010 to 2019 (right-hand column). Rows correspond to the projected scenarios for low (SSP1-2.6, row 1), 

intermediate (SSP2-4.5) and very high (SSP5-8.5) greenhouse gas emissions. Each map shows the computed 

measure for all Australia excluding the ACT region.  

We applied the established model in Figure 20 to predict future projections for the period 2035 to 

2064, employing the population density-weighted maximum surface air temperature from CMIP6 

dataset. By 2050, we projected that the rate of influenza will be 116 cases per 10,000 population, 

165 cases per 10,000 population, and 300 cases per 10,000 population under SSP1-2.6, SSP2-4.5, 

and SSP5-8.5, respectively. In comparison to the average observed influenza rate for the decade 

2010 to 2019, these projected rates correspond to an increase of more than 100% under each SSP 

scenario (187%, 306%, 639% for SSP1-2.6, SSP2-4.5, and SSP5-8.5, respectively). Our projections 

indicate a widening difference in influenza rate between SSP1-2.6 and SSP5-8.5 (SSP5-8.5/SSP1-2.6 

= 2.6) compared to the difference between SSP1-2.6 and SSP2-4.5 (SSP2-4.5/SSP1-2.6 = 1.4).  

Prediction model for MRSA rate 

Between 01 January 2007 and 31 December 2023, there were 87,167 MRSA cases reported in 

HOTspots, with average annual rate of 48 cases per 10,000 population. Average surface air 

temperature showed the strongest correlation with MRSA rate. As previously noted, this variable 

is not available in the ACS CMIP6 dataset, and we used the second strongly correlated variable, the 

maximum surface air temperature, to build a predictive model for MRSA rate (Figure 22).  
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Figure 22a illustrates the significant relationship between MRSA rate and the annual population 

density-weighted maximum surface air temperature over north Australia (r=0.638; p¡0.005). 

Corresponding probability density functions of the slope, intercept, and correlation coefficient of 

the model are illustrated in Figure 22b-d. We estimated that a 1°C increase in the annual 

maximum surface air temperature will increase the annual MRSA rate by 26 cases per 10,000 

population in north Australia.  

 

Figure 22 Model for predicting MRSA rate based on maximum surface air temperature.   (a) raw MRSA rate versus 

annual population density-weighted maximum surface air temperature together with the regression line (red); and 

results from non-parametric bootstrapping producing the probability density functions of (b) slope; (c) intercept; 

and (d) the corresponding correlation coefficient.  

Projected MRSA rate by 2050 

Overall, the annual maximum surface air temperature from each SSP scenario is projected to be 

above 32°C in most parts of north Australia (Figure 23, left panels), except the coastal regions in 

Queensland, Northern Territory, and southwest of Western Australia. In comparison to the 

baseline period of 2014 to 2023, which corresponds to the final decade in which MRSA rate was 

modelled, the average annual maximum surface air temperature is projected to increase between 

0.5°C to 3.5°C in across all north Australia. Between the three greenhouse gas emission scenarios, 

the SSP5-8.5 (very high) showed the most increase in the difference in maximum surface air 

temperature, followed by SSP2-4.5 (intermediate), and lowest for SSP1-2.6 (low).  
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Figure 23 Maps showing the average decadal maximum surface air temperature (TASmax) in northern Australia. 

The left-hand column displays TASmax from CMIP6 dataset for the future period of 2045 to 2055. The right-hand 

column displays the difference of TASmax between future period (from CMIP6 dataset) and current period (from 

BARRA2 dataset).  Rows correspond to the projected scenarios for low (SSP1-2.6, row 1), intermediate (SSP2-4.5) 

and very high (SSP5-8.5) greenhouse gas emissions.   

We used the established model in Figure 22 to predict future projections for MRSA rate for the 

period 2035 to 2064, employing the population density-weighted maximum surface air 

temperature from CMIP6 dataset. We projected that the rate of MRSA will be 87 cases per 10,000 

population (under SSP1-2.6); 97 cases per 10,000 population (under SSP2-4.5), and 102 cases per 

10,000 population (under SSP5-8) in 2050. Compared to the baseline period of 2014 to 2023, these 

rates correspond to an increase of more than 30% under each SSP scenario (39%, 54%, 63% for 

SSP1-2.6, SSP2-4.5, and SSP5-8.5, respectively). Our projections indicate similar differences in 

MRSA rate between SSP2-4.5 (SSP2-4.5/SSP1-2.6 = 1.1) and SSP5-8.5 (SSP5-8.5/SSP1-2.6 = 1.2) 

with respect to that for SSP1-2.6.  

3.1.3 Discussion 

This work examined the projected changes due to variations in climate variables - average surface 

air temperature, maximum surface air temperature, minimum surface air temperature, diurnal 

temperature range, wet-bulb-globe temperature, relative humidity, and precipitation for influenza 

and MRSA by 2050. Influenza was modelled for Australia (excluding the ACT region) and MRSA was 

modelled for northern Australia. Using historic BARRA2 reanalysis data, we found that the average 
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surface air temperature was the strongest predictor for both disease rates. However, due to this 

variable not incorporated in the CMIP6 dataset generated by ACS, we used the maximum surface 

air temperature to construct predictive models, separately, for each disease rate. These models 

were applied to three potential future climate scenarios based on variations in greenhouse gas 

emission levels (SSP1- 2.6 (low), SSP2-4.5 (intermediate), SSP5-8.5(very high)), to estimate the 

impact of climate change on influenza and MRSA prevalence by 2050.  

By 2050, we projected that influenza will be 300 cases per 10,000 people under the extreme 

scenario of SSP5-8.5 (very high greenhouse gas emissions). This signifies an increase of 639% of 

influenza rate compared to the average influenza rate observed for the period 2010 to 2019 (40 

cases per 10,000 people). Similarly, under the same scenario (SSP5-8.5), we projected that rate of 

MRSA will be 102 cases per 10,000 people. This suggests an increase of 63% in comparison to the 

average observed MRSA rate for the period 2014 to 2023 (62 cases per 10,000 people).  

All these estimates are based on the output from one climate model. To do proper uncertainty 

analysis, we need to consider more climate models from CMIP6 dataset. We previously performed 

a similar analysis based on multi-model CMIP5 dataset, which provided future projections for 

influenza and MRSA accounting for uncertainty in the predictions (see Appendix C, Figure C1). 

However, the CMIP5 data was not bias-corrected nor statistically downscaled. There are other 

sources of uncertainty which we propose to address as detailed in the following section.  

3.1.4 Next steps  

This work has some limitations.  

Firstly, due to time constraint, we only considered a single climate model from the CMIP6 dataset. 

In the future, an uncertainty analysis should be conducted using the regional climate downscaling 

simulations of selected CMIP6 models produced by ACS (NCRA overview paper)  

Second, we considered both influenza and MRSA surveillance datasets as a single cohort (one for 

influenza and one for MRSA) and we did not explore specific geographical region, or certain 

demographics which may exhibit heightened vulnerability to specific climate variations. Future 

analysis should investigate if a particular geographic location, or specific demographic populations 

are more susceptible to certain climate variables by undertaking region-specific analysis.  

Third, we considered the annual time scale to model both influenza and MRSA. Future work 

should explore a range of time scales (e.g; weeks, months, seasons) to examine the influence of 

temporal variations in climate on disease prevalence.  

Fourth, due to ambiguities associated with influenza infection and related complications from 

Covid-19, such as the social distancing measures, changes to health seeking behaviour of the 

community, and focused testing response activities, we did not include data post-COVID-19 

period.  

Fifth, we constructed a separate predictive model for each climate variable. Future modelling 

should investigate a range of linear and nonlinear models linking multiple climate variables for 

predicting disease prevalence. This would allow us to account for interaction between predictor 

variables as well as explore potential multicollinearity. 
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Lastly, we focused only on the effect of climate on health. Future work should need to investigate 

the impact of non-climate factors such as aging population, access to healthcare, overcrowded 

housing on health. 
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3.2 Investigate spillover risk changes with climate variations   

Spillover occurs when a pathogen moves from one species to another, which may or may not 

result in a subsequent outbreak. In the case of zoonotic spillover, this refers to transmission of a 

pathogen from wildlife to humans. These represent future possible threats of lower probability 

but potentially higher impact than the previous section, which focused primarily on trends in 

current high priority communicable diseases. Since over 70% of emerging infectious diseases are 

zoonotic in origin, and all pandemics in the last 50 years have been, we start by considering a 

proxy for how spillover risk might change. In particular, we build on our existing estimate of the 

potential spatial density of viruses known to have crossed from animals to humans, and how this 

might change under eight different climate change models centred around 2050, for two different 

emissions scenarios. We refer to this as “spillover risk”, though we note this is the potential 

number of viruses that could be supported if the hosts are actually present and the virus is 

introduced, and we are also not explicitly incorporating any information about the human 

population. This is a correlative approach with climate variables, so should be taken with caution 

that there is substantial room for improvement in making the predictions more biologically 

sensible and reliable. 

We also use a case study to illustrate a more biologically robust approach, and how much more 

intensive they are to compute in terms of data requirements and computational power. Given we 

know mosquitoes are particularly climate sensitive, and that JEV was identified as a priority 

pathogen in the communicable disease discussion paper (CSIRO, 2024), we build spatial species 

distribution models for Australia, with a focus on climate features to describe each species' 

ecological niche. Since transmission requires the presence of hosts and vectors, we use this as a 

proxy for JEV risk. We then use the same eight climate models for two different scenarios to 

project how these species spatial distributions might change centred around 2050 and 2090. 

3.2.1 Method 

For both parts of this work, we use climate data from the Australian Government's Climate Change 

in Australia (CCiA) portal, which provides application-ready gridded datasets at a 5 km resolution. 

Both the spillover and JEV risk proxy estimates use 0.05 × 0.05 decimal degrees (approximately 

5km × 5km). This dataset includes various climate variables such as precipitation, evaporation, 

relative humidity, surface solar radiation, and near-surface air temperatures. The projection of 

these climate variables is provided under two Representative Concentration Pathway (RCP) 

scenarios, RCP 4.5 and RCP 8.5, and for eight climate models: 

• MIROC5 (Watanabe et al. 2010): Model for Interdisciplinary Research on Climate, version 5. 

• HadGEM2-CC (Martin et al. 2011): Hadley Centre Global Environment Model, version 2, Carbon 

Cycle. 

• GFDL-ESM2M (Dunne et al. 2013): Geophysical Fluid Dynamics Laboratory Earth System Model 

2M. 

• CanESM2 (Chylek et al. 2011): Canadian Earth System Model, version 2. 

• CNRM-CM5 (Voldoire et al. 2013): Centre National de Recherches Météorologiques Climate 

Model, version 5. 
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• CESM1-CAM5 (Neale et al. 2012): Community Earth System Model 1, with the Community 

Atmosphere Model, version 5. 

• NorESM1-M (Bentsen et al. 2013): Norwegian Earth System Model, version 1, medium 

resolution. 

• ACCESS1-0 (Bi et al. 2013): Australian Community Climate and Earth-System Simulator, version 

1.0. 

These models provide diverse projections of future climate conditions, helping to capture the 

range of possible changes in climate variables that could influence zoonotic virus density. By 

comparing outputs from multiple models, we can better understand the uncertainties and 

variations in future climate scenarios. 

Table 9 provides a summary of the data used and methods for both approaches, with more detail 

provided in the following sections. 

Table 9 Summary of data and analytical approaches for the two proxies studied for future spillover risks. 

SCENARIO DATA SOURCES ANALYTICAL MODEL 
APPROACH 

FEATURES (COVARIATES) 

Spillover 
risk proxy 

Climate change in Australia (CSIRO 
and Bureau of Meteorology 2011) 

Zoonotic virus counts per animal 
order (Mollentze and Streicker 2020)  

IUCN species distributions (‘IUCN’ 
2022)  

Extra Tree Regressor 
with baseline year 2020. 

Animals: 11 orders of 
avian and mammalian 
species. 

Temperature (min, max, 
mean) 

Relative humidity 

Evaporation 

Solar radiation 

Precipitation 

JEV risk 
proxy 

Climate Change in Australia(CSIRO 
and Bureau of Meteorology 2011) 

Atlas of Living Australia (Belbin et al. 
2021) 

AGCD/AWAP(Australian Bureau of 
Meteorology 2019; Jones, D., Wang, 
W., and Fawcett, R. J. W. 2009) 
/CSIRO(Donohue, R. et al. 2017) 

VectorMap 
(http://www.vectormap.si.edu) 

Species distribution 
(ecological niche) 
modelling using 
Maximum Entropy. 
Baseline year 2025. 

Animals: 

12 waterbird species  

3 mosquito vectors  

Feral pigs  

Temperature indices  

Precipitation indices 

Aridity indices 
(precipitation/ 
evaporation) 

Water deficit indices 
(precipitation/ evaporation) 

Evaporation indices 
(Morton’s areal pan 
evaporation) 

Spillover risk proxy: Potential zoonotic virus pathogen density estimate 

To investigate how spillover risks across Australia might change with climate, we leveraged our 

existing estimate (Golchin et al., 2024) of potential spatial virus density based on viruses known to 

cross to humans from 11 orders of animals in Australia (Mollentze and Streicker 2020). These 11 

orders are: Rodentia, Primates, Perissodactyla, Lagomorpha, Diprotodontia, Chiroptera, 

Cetartiodactyla, Carnivora, Passeriformes, Galliformes, Anseriformes. We used this estimate as the 

target variable to train Extra Trees Regressor (ETR) models for each of the eight models for the 

two climate scenarios (RCPs 4.5 and 8.5). ETR is an ensemble learning method, combining multiple 

decision trees to enhance predictive accuracy and stability. To generate training data, we used the 

climatic variables: 

• solar radiation,  

• relative humidity,  

https://www.iucnredlist.org/resources/spatial-data-download


Air Quality and Communicable Diseases Technical Report  |  83 

• rainfall,  

• minimum temperature,  

• mean temperature,  

• maximum temperature, and  

• evaporation. 

Pixels containing missing values in any of the climate variables and estimated zoonotic virus 

density were removed. We then developed 16 different models for each RCP and climate model 

combination by applying StandardScaler on the feature set and using Extra Trees Regressor. This 

comprehensive approach allowed us to assess the impact of different climate scenarios on 

estimated zoonotic virus density. Five other tree-based regression approaches were explored for 

the ACCESS1-0 climate model under RCP 4.5 scenario, but ETR was chosen for its combination of 

R-squared value (approx. 0.9), root mean square error value (approx. 0.8) and the computational 

ime (<45 seconds).  

To ensure a fair comparison between the 2020 and 2050 predictions, we used the trained models 

to predict results for both years and excluded the data obtained from Golchin et al. (2024). To 

compare the prediction results from 2050 and 2020, we calculated a difference map by 

subtracting the prediction values for the year 2020 from the prediction values for the year 2050 

(Table 10, column “Difference map 2050-2020”). Visualising the difference maps highlighted the 

spatial distribution of differences between the predictions of 2050 and 2020, providing insights 

into areas of significant change or stability. Positive (red) values on the maps show the increase in 

potential zoonotic virus density, whereas negative (blue) values on the difference maps show that 

the potential zoonotic virus density is decreased by 2050 in those areas.  

We also calculated the uncertainty of the outputs of eight different climate models under the RCP 

4.5 and RCP 8.5 scenarios. To do so, the median, 10th percentiles (the lower end), and 90th 

percentiles (the upper end) of the predictions were calculated to understand the distribution and 

variability of the potential zoonotic virus density.  

Japanese encephalitis risk proxy: Combined host and vector species presence probabilities 
based on ecological niches 

For the deeper and more biologically-based assessment of Japanese encephalitis virus (JEV), we 

use ecological niche modelling building on previous research identifying the distribution of JEV 

vectors (Furlong et al., 2022) and enzootic risk of JEV in Australia (Furlong et al., 2023), to 

investigate how spatial distributions of vectors and hosts shift under different climate change 

scenarios. Maximum Entropy (MaxEnt) modelling (Phillips, Anderson, and Schapire 2006; Phillips 

et al. 2017; Anderson 2023) was used to develop species distribution models across Australia for 

three mosquito species (Culex annulirostris, Culex sitiens, and Culex quinquefasciatus); 12 species 

of Australian waterbirds (Ardea intermedia, Ardea, Ardea pacifica, Bubulcus ibis, Butorides striata, 

Botaurus poiciloptilus, Egretta novaehollandiae, Egretta garzetta, Egretta sacra, Ephippiorhynchus 

asiaticus, Ixobrychus flavicollis, and Nycticorax caledonicus) and feral pigs (Sus Scrofa). Models 

were built using presence-absence observation records from 1950 to 2024 and 14 climatic 

variables based on the historic period 1986 – 2010. Details of the climatic indices are: 

• Temperature: 
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– Monthly minimum, minimum temperature 

– Monthly maximum, maximum temperature  

– Annual temperature range 

– Monthly maximum temperature range 

– monthly minimum temperature range 

• Precipitation: 

– Monthly maximum total precipitation 

• Aridity (precipitation/evaporation): 

– Mean annual aridity 

– Minimum monthly aridity 

– Maximum monthly aridity 

• Water deficit (precipitation – evaporation): 

– Annual water deficit 

– Maximum monthly water deficit 

• Morton’s areal pan evaporation: 

– Annual total evaporation 

– Minimum monthly evaporation 

– Maximum monthly evaporation 

Each model produced predictions of presence probability for the species across Australia and 

model performance was recorded based on spatial k-folds cross-validation.  

For mosquitos and water birds, presence probabilities were merged to produce an overall 

presence probability for any species as: 

𝑃𝑠 = 1 −  [∏ 1 − 𝑝𝑖,𝑠

𝑁

𝑖=1

] 

where〖 p〗_(i,s) are the estimated presence probabilities for species i, for the mosquito vectors 

(N=3) or water birds (N =12). We then combined the presence probabilities of species in an 

epidemiologically appropriate way for the potential transmission of JEV (referred to throughout as 

“combined JEV species probability”). Specifically, the combined JEV species probability is 

calculated as the presence probability of mosquitos AND water birds OR feral pigs: 

𝑃𝐽𝐸𝑉 = 𝑃𝑚𝑜𝑠𝑞𝑢𝑖𝑡𝑜 × ((𝑃𝑤𝑎𝑡𝑒𝑟 𝑏𝑖𝑟𝑑𝑠 + 𝑃𝑓𝑒𝑟𝑎𝑙 𝑝𝑖𝑔𝑠) − (𝑃𝑤𝑎𝑡𝑒𝑟 𝑏𝑖𝑟𝑑𝑠 × 𝑃𝑓𝑒𝑟𝑎𝑙 𝑝𝑖𝑔𝑠)) . 

To understand the potential changes in combined JEV species presence probabilities, the MaxEnt 

models were projected using CMIP5 climate change projections under the two scenarios (RCPs 4.5 

and 8.5) to 2050 and 2090. Specifically, we used climate data generated from the eight climate 

models, allowing us to assess the impact of different climate models and scenarios on the species 

presence probabilities of JEV in Australia. 
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3.2.2 Results 

We show the differences between our target year and 2050 for the eight different climate models 

under the two different scenarios (RCPs 4.5 and 8.5) for both the spillover and JEV risk proxies. For 

the JEV risk proxy, we also show the difference between 2025 and 2090 and show how the 

mosquito population presence predictions change at the Local Government Area (LGA) levels.  

To demonstrate the variance between the proxies, we also show the median and ranges spatially 

for each of the projections. To summarise the spatial information, we include tables summarising 

the number of LGA regions with median values in key bands (numbers of potential viruses for the 

spillover proxy, presence probability >0.5 for the JEV proxy).  

Spillover risk proxy (potential zoonotic virus density) 

We show the differences between the estimated spillover risk proxy, potential zoonotic virus 

density, for 2020 and the 2050 projection for the eight climate models and two scenarios in Figure 

24. The colour scale on the maps, ranging from -50 to +50, represents the change in zoonotic virus 

density. Blue areas indicate regions where potential zoonotic virus density is expected to 

decrease, while red areas highlight regions with a potential increase by 2050. Although there is 

substantial variation between the models, there is an increased potential for zoonotic virus 

density in the western portion of Australia and a reduction in the eastern portion. 

Table 10 provides an overview of the projected distribution of zoonotic virus density across 519 

LGAs in Australia for the years 2020 and 2050, under two climate scenarios (RCPs 4.5 and 8.5). The 

table categorises LGAs into five density brackets, ranging from 0 to 100, with the numbers in 

parentheses indicating the range across the eight climate models. In both 2020 and 2050, the 

majority of LGAs fall within the (40-60) and (60-80) projected value ranges. The projected number 

of LGAs in the higher range brackets (60-80) increases significantly from 2020 to 2050 under both 

scenarios, particularly RCP 4.5. In addition, by 2050, the number of LGAs with values in the lowest 

bracket (0-20) decreases to zero in both RCP scenarios, suggesting fewer LGAs will have very low 

values in the future. 

In Appendix B we show the results for all eight models and both RCP scenarios in full in Figure B1 

and the associated uncertainties between the climate models in Figure B2. 
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Figure 24 Change in potential density of zoonotic viruses under different climate model projections, with the colour bar  

 

Table 10 Number of LGA’s, out of 519 total, with projected values in each bracket range. Values represent the median while, parentheses indicate range (min, max) across the 

eight climate models 

YEAR RCP (0-20) (20-40) (40-60) (60-80) (80-100) 

2020 4.5 1 (5, 0) 154 (195, 103) 205 (191, 214) 151 (127, 167) 8 (1, 35) 

8.5 1 (5, 0) 154 (195, 104) 206 (192, 214) 150 (126, 166) 8 (1, 35) 

2050 4.5 0 (0, 0) 36 (120, 12) 274 (259, 215) 209 (140, 290) 0 (0, 2) 

8.5 0 (0, 0) 45 (123, 13) 276 (275, 230) 198 (121, 272) 0 (0, 4) 
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Japanese encephalitis risk proxy (combined JEV species presence probabilities) 

To investigate the combined JEV species presence probabilities, we considered the spatial trends 

in projected probabilities as the median change across the eight climate models. Large scale 

spatial patterns were consistent across climate change scenarios and periods (see Figure B3). 

Primarily, combined JEV presence probability was higher around the coastline of Australia (Figure 

25), except the coastlines of most of Western and Southern Australia. 

2025 2050 2090 

   

Figure 25 Combined JEV species presence probability for RCP 8.5. Probabilities (0 to 1) represent the median across 

the eight climate models for the 2025, 2050 and 2090 periods  

We then consider the projected change in presence probabilities from 2025 to 2050 and from 

2025 to 2090 for each climate model and climate change scenario. Spatial patterns and 

magnitudes of change were different for each climate model (Figure 26). Changes under the RCP 

4.5 scenario were low and inconsistent between 2050 and 2090 periods based on the median 

model projections. However, model medians highlighted stronger decreases in the southern half 

of Australia and increases in the northern half with little to no change along coastlines and in 

central Australia. This north-south divide was most evident in the median change of models under 

RCP 8.5, which had larger changes both in decreases and increases (Figure 26). While the 

variability in model projections could range from decreases to increase across Australia, there was 

a region in southern Western Australia that had projected decreases even in the higher range of 

model estimates (see Figure B4 of Appendix B). The variability of these differences for RCP 8.5 (see 

Figure 27) shows a consistent decrease in combined JEV species probabilities in the south-western 

corner of Australia.
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 RCP Median ACCESS1-0 NorESM1-M CESM1-CAM5 CNRM-CM5 CanESM2 HadGEM2-CC MIROC5 GFDL-ESM2M 
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Figure 26 Combined JEV species presence probability changes for individual models from 2025 to 2050 and 2025 to 2090 
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Figure 27 Variability across the eight climate models in the changes in combined JEV species presence probabilities 

for RCP 8.5 

Finally, we further processed the high-resolution projections of our most extreme scenario to the 

LGA level by taking the spatial average (Figure 28) and summarising the number of LGAs with 

combined JEV species presence probabilities greater than 0.5 for each period (Table 11). Spatial 

patterns in the change in presence probabilities at the LGA level were consistent with the higher 

resolution data. Mosquito spatial distribution and changes dominated the overall species presence 

maps, likely due to the spatially ubiquitous distribution of waterbirds across Australia (Figure 28). 

Changes in the number of LGAs with presence probabilities greater than 0.5 were larger for RCP 

8.5 than for RCP 4.5, with RCP 4.5 changes being minimal across projection periods. 
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Figure 28 Combined JEV species presence probability changes and vector-only changes for RCP 8.5 across years at 

the LGA level 

 

Table 11 Number of LGAs, out of 516 total, with greater than 0.5 combined JEV species presence probabilities for 

each climatic period. Values represent the median while, parentheses indicate range (min, max) across the eight 

climate models 

 RCP 2025 2050 2090 

Combined JEV species 
presence probability 

4.5 432.5 (394, 457) 426.5 (375, 458) 424.0 (377, 464) 

8.5 440.5 (400, 462) 417.5 (369, 442) 399.5 (323, 461) 

Mosquito presence 
probability 

4.5 435.0 (399, 459) 430.0 (378, 461) 427.0 (378, 466) 

8.5 443.5 (404, 464) 420.0 (373, 446) 401.0 (329, 463) 

3.2.3 Discussion 

These projections should be interpreted cautiously. They are based on assumptions inherent in 

climate models and do not account for potential changes in human behaviour, land use, or wildlife 

movement. 

Spillover risk proxy (potential zoonotic virus density) 

The 2020 virus density estimate is built on estimates by IUCN of host species presence, and their 

ability to potentially be infected and transmit pathogens known to cross to humans, per the 

Mollentze and Streicker (2020) results. It is important to note that these viruses are not necessarily 

currently present and may require introduction to become an actual transmission let alone 

spillover risk. Further, the projections under climate change require both the host species 

distributions to change accordingly, and subsequently any of the viruses to continue to be viable in 

the different climate and/or possibly to be introduced. The adaptation of the viruses is further 
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explored in Section 3.3. There has also been some criticism of the viruses identified by Mollentze 

and Streicker (2020), with their findings considered to be underestimates, meaning this is likely an 

underestimate of the virus density likely to be found in each spatial region. 

Another major caution about interpretation of these results is that a higher potential number of 

zoonotic viruses is only one axis of risk: the consequences of those viruses can vary drastically. As 

such, a higher number of (potentially) present viruses may not warrant more mitigation efforts 

than a lower number with potentially more severe outcomes. The method we have used does not 

allow for identification of the virus species, which needs to be explored to fully understand the 

actual risks. 

One of the major insights from these projections is that a homogenisation effect increases with 

the more extreme RCP 8.5 scenario compared with RCP 4.5. That is, there is less variation as the 

minimums increase and maximums decrease (Figure B1). The second major insight is how 

consistent the large scale spatial patterns are for the projected changes, with consistently 

increased potential virus density in the western portion of Australia, decreases in the east, and 

substantial changes in Tasmania (Figure 24). Under both RCP scenarios, we see a noticeable shift 

in the geographic distribution of zoonotic virus density, especially under the higher emission 

scenario RCP 8.5.  Future research may also consider alternative methods for downscaling climate 

data rather than the scaling approaches used by CCiA, which may affect differences in the 

projected spatial variability. 

While these findings offer valuable insights, further research is needed to refine these models and 

incorporate more dynamic ecological and epidemiological data, such as distributions and density 

of zoonotic viruses and their host species, their potential adaptations to changing environmental 

factors, and models for the transmission process. 

JEV risk proxy (combined JEV species presence probabilities) 

Combined JEV species presence probabilities were built from models of species probabilities for 

three mosquito vectors, 12 water birds and feral pigs, based on the climatic conditions of where 

these species have been seen before. Median projections suggest that the coastlines of Australia 

have the highest (close to 1) combined JEV species presence probabilities under all scenarios and 

time periods. This is reflected as a band of no change, even under the most extreme projected 

increases seen for the MIROC 5 model under RCP 8.5 for 2090 (Figure 25). This model suggested 

widespread moderate to high increases in JEV combined presence probability, however, on 

balance the median changes suggested moderate increase to northern Australia and decreases to 

southern Australia, with a region around southern Western Australia showing a more consistent 

decrease even in the extreme model projection. 

Regions of high change (either decreases or increases) tended to be in more inland regions of low 

to moderate probability, while coastal regions of high probability and central regions of very low 

to no probability, tended not to change. This is reflected in the number of LGAs with a probability 

of greater than 0.5 (Table 11). The majority of LGAs were greater than 0.5 for each period, with 

some decrease between 2025 and 2090. The majority of LGAs are also located in coastal regions, 

while areas such as central and Western Australia have fewer, larger LGAs. A key takeaway from 

these results is that regions of high presence probability are likely to remain high under climate 
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change projections and represent the majority of LGAs, while regions that are most likely to 

experience increases or decreases have lower probabilities.  

The spatial distribution of JEV combined presence probability appears to be largely driven by 

mosquito presence probability. This may be due to the ubiquitous distribution of Australian water 

bird species and highlights the importance of exploring the relative contribution of key 

epidemiologically relevant species to understand why we see the projected change patterns.  

The combined JEV species presence probability reflects where conditions are suitable but does not 

consider whether the species would need to be introduced or could feasibly drift into these 

locations. It also does not account for the presence of JEV itself. Converting presence probability 

into a more rigorous risk projection would require incorporating human populations and domestic 

piggery locations, estimates of vector abundance, and modelling the transmission process. 

3.2.4 Next steps  

The spillover risk proxy is actually potential zoonotic virus density, and we use a correlative 

approach to estimate climate effects. An updated estimate using more comprehensive sources of 

potential viruses could be used, and the approach could be extended to other forms of pathogens 

(bacteria, etc). For more ecologically and biologically realistic projections, ecological niche models 

should be developed for each of the viruses and species involved, as done for the JEV case study. 

This would enable a picture of both how many and which viruses, allowing for an estimate of the 

consequences of (potential) presence for a full risk estimation. Such models could subsequently be 

coupled with the adaptation estimates conducted in Section 3.3.  

Once a more nuanced picture of potential viruses present is built, transmission models should be 

used to understand the natural epidemic cycles, and transmission risks could be estimated 

through the likelihood of transmission to humans based on spatial proximity and human 

populations. This would be a step towards estimating human incidence risks. This would require 

knowledge on the natural transmission cycle of each virus, vector competence, cross species 

transmission probabilities, and some understanding of prevalence or incidence in each of the host 

types. Where human health outcomes are known, this could be used to more fully estimate risks. 

We have not considered what happens with human populations under climate change projections. 

This would need to be included in any transmission layers. Human population changes are likely to 

have substantial impact on how much these potential risks are realised, as it will change contact 

rates (and so exposure risks).  

We used the older climate models as they had the various indices we needed for biological 

reasons. This should be adapted to the more recent climate models, which will require the 

computation of these indices.  
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Data are available online on request for the spillover risk results presented in Figure 24, B1, and B2 

(Golchin et al. 2025) and the JEV presence probability results presented in Figures 25, 26 and 27, 

are available online, on request (Sexton et al. 2025). 
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3.3 Investigate climate change induced mutations in a pathogen’s 
genome 

Pathogens are constantly evolving through the accumulation of genetic mutations, allowing them 

to adapt to changing environmental conditions. Several studies have investigated the link between 

emerging mutations and climate, finding evidence of adaption amongst various species (Zhang et 

al, 2010; Akil et al., 2014; Dietrich et al., 2023). Investigating this potential link is critical to 

understanding the potential impact of changing climates.    

To understand how climate change induced mutations in a pathogen’s genome could have 

potential adverse impacts on survival, replication, and virulence, an analysis was undertaken to 

predict pathogen sensitivity to climate variables to understand how pathogens could change 

under different climate scenarios. The approach was to explore pathogen climate sensitivity by 

machine learning and statistical approaches using genome sequence alignments of pathogen 

species from different climates around the world, over time. JEV and influenza genomes from 

across the globe were explored and the correlations between pathogen mutations and climate 

changes established. 

3.3.1 Method 

Genomic dataset sources 

Genomic sequences were collected from multiple sources. For JEV, we collected 238 genomes 

from the Bacterial and Viral Bioinformatics Resource Centre (BVBRC) (https://www.bv-brc.org). 

These genomes spanned the years from 2000 – 2022 and were from 6 host groups: Human, Sea 

Mammal, Nonhuman Mammal, Lab, Insect and Avian.  

Influenza genomes spanning the years 2000 – 2020 were also collected from the BVBRC. Analysis 

was restricted to only the H1N1 strain of influenza, as it is a highly relevant pathogen that has 

shown evidence of adapting to climate change previously (Jiang et al., 2020). In total, only human 

sequences were considered, yielding 15,308 viral genomes in total for analysis. 

Alignment and processing of genetic data 

Genomic sequences were pre-processed to ensure only high-quality sequences were used and 

then aligned against each other using Multiple Alignment using Fast Fourier Transformation 

(MAFFT), a multiple-sequence alignment program (Katoh et al., 2002), producing a multi-sequence 

alignment. This alignment was then parsed with SNP-sites to identify all genetic variants before 

being converted to matrix form for processing by the machine learning algorithms. 

Climate data source 

Climate data was sourced from various sources across the globe for each pathogen. For influenza, 

which had high quality associated metadata providing more granular information about the 

sample location (in many cases down to the level of city), we sourced data from 

www.worldclim.org, which includes data from over 2 million weather stations with a spatial 

resolution of 5 minutes (~85km2). Samples were associated with climate data from their nearest 

weather station. 

https://www.bv-brc.org/
http://www.worldclim.org/
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For Salmonella and JEV, which did not have access to such fine grain metadata, average climate 

data for year of collection and country of collection was sourced from 

www.theglobaleconomy.com.  

Random forest analysis 

To investigate potential links of genetic variants and changes in the climate we utilised the random 

forest machine learning algorithm. Random forests are tree-based ensemble learning methods 

which provide interpretable information about the information contained within features with 

respect to a specific characteristic. In this case, we applied them to determine if there were 

specific genetic variants within our datasets that were linked to changes in climate conditions (e.g. 

changes in the minimum/maximum temperature or precipitation). Feature importance, as 

provided by the Random Forest algorithm, was used to determine the most informative/linked 

variants within each dataset which were then flagged for further analysis.  

Classification based on associations 

Classification Based on Associations (CBA) is a method of Association Rule Mining, which aims to 

determine the links between distinct features in a dataset and how they pertain to specific 

observations, e.g. the presence of a specific mutation or combination of mutations means the 

sample is more likely to be from a specific climate case. These methods allow for the identification 

of interactions between features, allowing for a better biological interpretation. This approach was 

applied to the JEV samples in order to extract more information from the otherwise limited 

dataset. 

Protein structure 

Protein structures were sourced from a database of x-ray crystallography determined structures 

(www.rcsb.org). 

3.3.2 Results 

Correlation of influenza mutations with changes in climate 

We first analysed linkage between influenza mutations and changes in climate between the years 

2000 – 2020. Due to the high granularity of the influenza dataset, we were able to associate 

influenza samples with specific locations and their associated minimum and maximum 

temperatures as well as precipitation.   

Association between genetic variations and changes in the minimum and maximum temperatures 

were first explored using Random Forest. By stratifying the samples into High, Medium or Low 

based on their associated minimum and maximum temperatures, a number of correlated variants 

were identified. In total, 674 variants which were linked to maximum temperature were identified 

and 663 linked to minimum temperature. Using these informative features, a predictive model 

could classify a sample as originating from a high-temperature environment with an approximate 

60% precision. The models were less accurate distinguishing between Medium and Low 

temperature samples (with precision scores of 49 and 46% respectively) suggesting the biggest 

difference was observed in the high temperature samples. 

http://www.theglobaleconomy.com/
http://www.rcsb.org/
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A similar analysis was conducted for association between genetic variants and precipitation. Of the 

variants, 711 were associated with precipitation levels but the overall power of the model was not 

as high as the temperature models (with an average precision for the different precipitation 

classes of 43%).  

Comparison of the important variants for the three climate conditions (minimum temperature, 

maximum temperature and precipitation) showed a substantial overlap, with some variants being 

informative for multiple climate conditions. Overlap for the top 10 features for each condition is 

shown in Figure 29a. As expected, minimum and maximum temperature showed the greatest 

overlap but there still was overlap with precipitation. Interestingly, 4 of the top 10 variants were 

common to all 3 climate conditions. 

 

Figure 29 The top 10 variants associated with different climate characteristics showed significant overlap, with 

some variants common to all investigated characteristics (A). These were flagged for structural analysis. By 

visualising the variants in the context of the protein structure (B).  

These variants were investigated further with three of them being present within the HA1 protein. 

The HA1 protein is a critical protein in influenza biology, forming a trimer on the surface of the 

virus and being heavily involved in infection and subsequent pathology (Aartse et al., 2021). In 

order to better understand the context in which these mutations existed; they were mapped to 

the structure of the HA1 trimer (Figure 29b). Visualisation of these variants revealed that all three 

are localised in the region of the protein that facilitate binding to human cells. Additionally, based 

on the structure all three mutations are facing and exposed to the surrounding environment 

suggesting they could interact and respond to changing environmental conditions. 

Analysis of JEV mutations in the context of global climate events 

Unlike influenza, the JEV dataset was significantly smaller with less than 300 high quality genomes 

available for analysis spanning 2000 - 2022. Due to the sparsity of the data, in-depth analysis of 

the relationships between genetic variations and granular climate variables such as temperature 

and precipitation was not feasible. Instead, the link to global El Niño and La Niña events were 

studied. 

El Niño and La Niño are global recurring warming and cooling events respectively that affect the 

global climate patterns and there is emerging evidence that climate change is impacting this cycle, 

making it more intense (Wenju et al., 2023). Samples were classified as El Niño and La Niña based 

on their year of collection (see Table 12) and then analysed using the Random Forest algorithm. 
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This approach identified 612 linked features. By modelling the samples using this approach it was 

possible to predict whether the sample originated from an El Niño or La Niña year with an 

accuracy of 77% suggesting the selected variants were highly informative.  

To investigate the link further, CBA was performed to identify interacting variants. This analysis 

was restricted to only the variants identified as informative. In total, 11 associations were 

identified linking multiple variants to El Niño (Table 12). These were all bi-variant associations, 

meaning a combination of two variants whose presence were highly suggestive of the sample 

originating during an El Niño year. These results could be indicative of the co-evolution of variants, 

but a more comprehensive dataset would be required to confirm. Additionally, 8 of the 11 

association rules involved at least one variant within the 3’ region of the JEV genome which is 

currently unannotated. If the link to this region can be confirmed with additional data than 

functional analysis could identify the method by which the virus is adapting to a changing climate. 

Table 12 Association Rules between JEV variants and El Niño 

VARIANT COMBINATION SUPPORT 

7013 and 12230 0.36 

9889 and 12275 0.33 

9217 and 19 0.33 

12230 and 1002 0.33 

9566 and 19 0.32 

8013 and 19 0.32 

12230 and 19 0.32 

12656 and 7058 0.31 

12230 and 1910 0.31 

12230 and 5659 0.31 

6231 and 10067 0.39 

3.3.3 Discussion 

The aim of this analysis was to investigate the link between genetic variations within pathogen 

genomes and changing climate conditions. Analysis of the influenza dataset identified several 

mutations that were linked to changes in temperature and precipitation, including several that 

were common across all climate categories. Additionally, structural analysis using high-quality X-

ray crystallography structures showed that these common variants were present on the surface of 

the HA1 trimer, meaning they have the capacity to interact with the surrounding environment. 
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While this analysis identifies several variants that should be monitored closely to see if they 

continue to spread, functional implications need to be determined experimentally. 

The JEV analysis revealed several variant combinations that were linked to the El Niño cycle. The 

preferential association of these variants in samples originating from El Niño years could be 

indicative of co-evolution, two variants emerging in tandem in response to the changing climate 

conditions. Climate change has been hypothesized to influence the El Niño/La Niña cycle, 

potentially intensifying the climate events. If these variants are associated with El Niño, then an 

intensifying of this climate cycle would lead to an increase in the frequency these variant 

combinations are observed. 

While the analysis here has highlighted several variants across Influenza and JEV that show 

evidence of being linked to changing climate conditions, care must be taken when interpreting the 

results as correlation does not also equate to causation. Viral evolution is a complex process with 

many competing forces and while the variants here may be true examples of evolution, the driving 

force may be a hidden factor rather than climate, e.g. changed host behaviour or spread of 

medicines. By continuing to monitor and collect data on these variants across the globe, more 

evidence for their association with climate can be collected. Additionally, functional studies could 

provide insight into their mechanism of action and whether they are providing an advantage to 

the pathogen with regards to a changing climate. 

The power of these association studies is also directly linked to the quality of data available. The 

Influenza dataset was comprised of high-quality genetic sequences from a diverse range of 

sources. Additionally, the associated metadata was highly granular providing an accurate location 

and time of sampling, in many cases down to the city and month. Many other pathogens lack this 

granularity of data. As an example, salmonella was also investigated. While there exist high quality 

genetic datasets for this bacteria, the associated metadata is poor with many samples lacking 

annotations or being limited to only the country and year of sampling. Such high-level annotations 

mean any analysis on climate variables such as temperature or precipitation must be done using 

averages from the whole country across the whole year. Such processing reduces much of the 

variation, making it challenging to determine any links or associations between genetic variations 

and climate. To address this, future work should focus on keeping accurate records of time and 

location of sampling. Collecting a proper representation across locations as well as over 

sufficiently long periods of time will add statistical power to the analysis methods, enabling a 

much more in-depth analysis of the correlation between specific mutations and changes in 

climate.  

3.3.4 Next steps  

The results presented here are suggestive of genetic adaptation but not definitive. Future work 

should focus on both methodical sampling of pathogen isolates ensuring high quality records of 

date and location of collection to enable better matching to climate conditions. A future avenue as 

well would be to extend the analysis to include not just the climate at the time of sampling but 

also during the preceding period. Adaptation events occur in response to external pressure and as 

such responses to a change in climate may not manifest immediately. Such a longitudinal analysis 

would require a more extensive dataset but would expand on the analysis here and also allow for 

modelling of how a pathogen could adapt in response to future climate scenarios.  
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 Extended results for statistical modelling 
of air quality and health service use: Section Error! 
Reference source not found. 

This appendix contains extended results of the statistical modelling exploring the relationship 

between air quality and health service use using national data collections (refer to Section Error! 

Reference source not found.). Acronyms used in this appendix include 'Respiratory conditions' 

(RC), 'Heart, stroke and vascular conditions' (HSVC), ‘Burns’ (BC), and 'Mental and behavioural 

disorders' (MBD). 

ED presentations 

A.1.1 Respiratory conditions (RC) and heart, stroke and vascular conditions (HSVC) 
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Figure A1 Time-series plots of counts of RC and HSVC, PM2.5 and temperature 
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Figure A2 Scatter plots of counts of ED visits for respiratory conditions vs. PM2.5 

The scatter plot shows a weak relationship between the number of ED presentations and the level 

of the PM2.5 concentration.  
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Figure A3 Scatter plots of Counts ED visits for HSV conditions vs. PM2.5 
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Respiratory Conditions 

The figure below shows the relative risks (RRs) for Respiratory conditions from Poisson GAM (left) 

and NB GAM (right) and diagnostic plots below these. As shown in the figure, the diagnostic plots 

for Poisson GAM shows the extent of overdispersion, and hence NB GAM was used to account for 

overdispersion.   

 

 

Figure A4 (Top) RR for Respiratory conditions and (Bottom) Diagnostic plots for Poisson GAM (left) and Negative 

binomial GAM (right)  
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Heart, stroke, and vascular conditions 

 

 

 

Figure A5 (Top) RR for Heart, Stroke and Vascular conditions and (Bottom) Diagnostic plots for Poisson GAM (left) 

and Negative binomial GAM (right) 
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A.1.2 Burns conditions and mental and behavioural disorders 

Scatter plots showing temporal and spatial trends by conditions. 

 

Figure A6 Time-series plots of counts of Burns and MBD 
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Figure A7 Scatter plots of counts of ED visits for burns conditions vs. PM2.5 
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Figure A8 Scatter plots of counts of ED visits for mental health disorders vs. PM2.5 
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Burns conditions 

 

 

Figure A9 (Top) RR for Burns conditions and (Bottom) Diagnostic plots for Poisson GAM (left) and Negative binomial 

GAM (right) 

Neither Poisson or negative binomial models fit well for Burns conditions due to very few non-zero counts 
or very small event counts.  
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A.1.3 Mental and behavioural disorders 

 

 

Figure A10 (Top) RR for Mental and behavioural disorders conditions and (Bottom) Diagnostic plots for Poisson 

GAM (left) and Negative binomial GAM (right) 
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Inpatient admissions 

A.1.4 Time series plots 

Time-series plots of air pollution (PM2.5), maximum temperature, and outcomes of interest.

 

Figure A11 Time-series plots of air pollution variable (PM2.5) and Temperature 
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Figure A12 Time-series plots of inpatient admissions for the health conditions of interest 
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A.1.5 Respiratory conditions 

 

 

 

Figure A13 (Top) RR for inpatient admissions for Respiratory conditions and (Bottom) Diagnostic plots for Poisson 

GAM (left) and Negative binomial GAM (right) 
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A.1.6 Heart, stroke, and vascular conditions 

 

 

 

Figure A14 RR for inpatient admissions for Heart, Stroke, and Vascular conditions and (Bottom) Diagnostic plots for 

Poisson GAM (left) and Negative binomial GAM (right) 
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A.1.7 Mental and behavioural disorders 

 

 

Figure A15 (Top) RR for inpatient admissions for Mental and behavioural disorders conditions and (Bottom) 

Diagnostic plots for Poisson GAM (left) and Negative binomial GAM (right) 

A.1.8 Burns conditions 

Note. Burn conditions were excluded from the analysis due to the limited sample size of 4624 cases over a 
20-year period. The hospitalisation counts for burn cases varied between 5 to 45, and the proportions of 
burn cases across the SA4 regions were too small to allow for a reliable model fit. Hence, the inpatient 
admission data for burn conditions is not suitable for modelling the outcome of interest. 
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PBS 

A.1.9 Time series plots of respiratory prescriptions, cardiovascular prescriptions, 
and mental health prescriptions 

 

Figure A16 Time-series plots of outcomes of interest for PBS prescriptions 
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A.1.10 Respiratory prescriptions 

 

 

Figure A17 (Top) RR for Respiratory prescriptions and (Bottom) Diagnostic plots for Poisson GAM (left) and Negative 

binomial GAM (right)  
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A.1.11 Cardiovascular prescriptions 

 

 

Figure A18 (Top) RR for Cardiovascular prescriptions and (Bottom) Diagnostic plots for Poisson GAM (left) and 

Negative binomial GAM (right)  
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A.1.12 Mental health prescriptions 

 

 

Figure A 19 (Top) RR for Mental health prescriptions and (Bottom) diagnostic plots for Poisson GAM (left) and 

Negative binomial GAM (right)  
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MBS 

A.1.13 Time series plots of respiratory test items, cardiovascular diagnostic imaging 
services, cardiovascular diagnostic procedures and investigations, asthma 
cycle of care items, and Mental health services items. 

 

Figure A20 Time-series plots of outcomes of interest for MBS services 
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A.1.14 Respiratory test items 

 

 

Figure A21 (Top) RR for MBS Respiratory test items and (Bottom) Diagnostic plots for Poisson GAM (left) and 

Negative binomial GAM (right)  
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A.1.15 Cardiovascular diagnostic imaging services 

 

 

Figure A22 (Top) RR for MBS Cardiovascular diagnostic imaging services and (Bottom) Diagnostic plots for Poisson 

GAM (left) and Negative binomial GAM (right)  
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A.1.16 Cardiovascular diagnostic procedures and investigations 

 

 

Figure A23 (Top) RR for MBS Cardiovascular diagnostic procedures and investigations and (Bottom) Diagnostic plots 

for Poisson GAM (left) and Negative binomial GAM (right)  
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A.1.17 Asthma cycle of care items 

 

 

Figure A24 (Top) RR for MBS Asthma cycle of care items and (Bottom) Diagnostic plots for Poisson GAM (left) and 

Negative binomial GAM (right)  
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A.1.18 Mental health services items 

 

 

Figure A25 (Top) RR for MBS Mental health services items and (Bottom) Diagnostic plots for Poisson GAM (left) and 

Negative binomial GAM (right)  
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Appendix B Extended results for spillover risk proxies: 
Section 3.2 

Spillover risk proxy: potential zoonotic virus density 

Figure B1 Potential zoonotic virus density predictions under different climate models and scenarios 

Climate 
Model RCP Zoonotic virus density prediction 2020 Zoonotic virus density prediction 2050 

M
IR

O
C

5 

4
.5

 

  

M
IR

O
C

5 

8
.5

 

  

H
ad

G
EM

2-
C

C
 

4
.5

 

  



 

Air Quality and Communicable Diseases Technical Report  |  129 

129 

Climate 
Model RCP Zoonotic virus density prediction 2020 Zoonotic virus density prediction 2050 

H
ad

G
EM

2-
C

C
 

8
.5

 

  

G
FD

L-
ES

M
2M

 

4
.5

 

  

G
FD

L-
ES

M
2M

 

8
.5

 

  

C
an

ES
M

2 

4
.5

 

  



130  |  CSIRO Australia’s National Science Agency 

Climate 
Model RCP Zoonotic virus density prediction 2020 Zoonotic virus density prediction 2050 
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Climate 
Model RCP Zoonotic virus density prediction 2020 Zoonotic virus density prediction 2050 
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Climate 
Model RCP Zoonotic virus density prediction 2020 Zoonotic virus density prediction 2050 
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Figure B2 Climate models uncertainty analysis for the potential zoonotic virus density prediction 
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B.2 JEV risk proxy: (combined presence probabilities of species associated with the transmission of JEV) 

Figure B3 Combined JEV species presence probability by scenario and period. Uncertainty in probabilities is captured by including the median (50th percentile) as well as the 

10th and 90th percentile of model projections for every location. 
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Figure B4 Changes in combined JEV species presence probabilities from 2025 to 2050 and 2090 under RCP 4.5 and RCP 8.5. Uncertainty in probabilities is captured by including 

the median (50th percentile) as well as the 10th and 90th percentile of model projections for every location. 
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Appendix C Investigating the impact of climate on 
high prevalence bacterial and viral pathogens of 
concern using routinely collected surveillance data   

We previously piloted this study using the historic Japanese Atmospheric Reanalysis (JRA55) 

(Kobayashi et al., 2015) and the fifth Coupled Model Inter-comparison Project (CMIP5) (Taylor et 

al., 2012) datasets. We used a collection of 25 climate models from the CMIP5 dataset and three 

specific Representative Concentration Pathways (RCP). Each RCP signifies a potential trajectory of 

future carbon emissions and its linked climate impacts. These pathways are labelled in order of 

escalating levels of warming as RCP2.6 (low carbon emission), RCP4.5 (intermediate carbon 

emission), and RCP8.5 (high carbon emission). It is important to note that while none of these 

scenarios may unfold precisely as projected, they do offer insights into how the Earth could react 

to a variety of potential future emission scenarios.  
Our analysis determined that the annual average population density-weighted surface air 

temperature from JRA55 dataset as the most significant predictor for the annual influenza rate 

and the annual MRSA rate, having positive relationships with these rates. Using the annual 

average population density-weighted surface air temperature from CMIP5 and the established 

predictive models we determined future projections for influenza and MRSA rates (Figure A1) for 

the period 2030 to 2090. 

Figure C1 Time-series of projected influenza and MRSA rates from 2030 to 2090 from CMIP5 climate scenarios 

RCP2.6 (blue), RCP4.5 (grey), and RCP8.5 (red). The solid line in each plot corresponds the mean rate of 25 different 

climate models and the range is bounded by the 10% and 90% quantile across the climate model ensembles in that 

year. 

 

 

(a) 

 

(b) 
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