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[bookmark: _Toc78443461]Abstract
[bookmark: _Toc430782150][bookmark: _Toc20831943]Recent shifts in the Australian climate including both higher temperatures and lower winter rainfall, have had significant effects on the agriculture sector. Despite these recent trends, there remains uncertainty over the future climate and its potential impacts on Australian farm businesses. In this study, a statistical model of Australian cropping and livestock farms is applied to simulate the potential effects of climate change on farm profits. This farm model is combined with a range of downscaled projections for temperature and rainfall by 2050. The results provide an indication of adaptation pressure: showing which regions, sectors and farm types may be under greater pressure to adapt or adjust to climate change. The future climate scenarios produce a wide range of outcomes, with simulated changes in average farm profits (without adaptation) ranging from -2% to -32% under an ‘intermediate’ global emissions scenario (RCP4.5) and -11% to -50% under a ‘high’ global emissions scenario (RCP8.5), relative to the reference period climate of 1950 to 2000. Generally, larger negative effects are simulated in the more in-land parts of the agricultural zone.  While the future capacity of the sector to adapt is uncertain, Australian farmers have adapted effectively to recent shifts in climate, both through improvements in technology and migration of cropping activity. In future, farm-scale modelling could help support adaptation by providing farm businesses with personalised risk analysis, measuring the potential effects of climate change on specific farm businesses given their location, size and other key characteristics
[bookmark: _Toc78443462]Introduction
Australian farms are highly exposed to climate variability and to the potential impacts of long-term climate change. Recent droughts across eastern Australia in 2018-19 and 2019-20 had dramatic effects on farm businesses (Martin and Topp 2019; Hughes, Galeano, Hatfield-Dodds 2019) adding to longstanding concerns around the emerging effects of climate change on Australian agriculture (Davis and Doyle 2019; Hambrett 2019).
In addition to higher temperatures, Australia has experienced significant changes in rainfall over the last 20 to 30 years. Average winter rainfall has declined in southern Australia, while summer rainfall has increased in north-western Australia (BOM and CSIRO 2020). These trends are at least partly related to global warming atmospheric changes (see Cai et al. 2014; Cai and Cowan 2013; Cai, Cowan and Thatcher 2012).
These changes have already had large effects on Australian agriculture. Hochman, Gobbett and Horan (2017) estimate that changes in climate have reduced Australian wheat yields by around 27% per cent since 1990. Hughes, Lawson and Valle (2017) found that changes in climate have negatively affected the productivity of Australian cropping farms since 2000 (Kingwell et al. 2014, Islam, Xayavong and Kingwell 2014 found similar effects for farms in south-western Australia). These studies also found evidence of adaptation, including changes in farm practices and migration of cropping activity helping to offset climate effects (Hughes et al. 2017, Kingwell et al. 2014).
Given the difficulty in separating long-term climate change from natural variability, there remains uncertainty over what these trends mean for Australian agriculture over the long-term. Simulating the future effect of climate change on agriculture, therefore remains a large and active area of research (Pearson et al. 2011, Hertel 2018 and Blanc and Reilly 2017).
Much of this research has focused on crop yields, using either statistical models or ‘process-based’ bio-physical simulation models. Recent studies of Australian wheat yields include Ghahramani et al. (2015) and Wang et al. (2019) (who both applied the APSIM model, see Keating et al. 2003). Statistical and process-based models have some obvious relative strengths and weaknesses (see for example Blanc and Reilly 2017). However, recent reviews (Lobell and Burke 2010; Lobell and Asseng 2017; Moore, Baldos and Hertel 2017) show both methods generate similar responses to climate change, at least after accounting for CO2 fertilisation effects (which are generally excluded from statistical models).
Less research has been focused on whole-of-farm outcomes, particularly farm profits. This is important in the context of Australian broadacre farms, which undertake a range of interrelated crop and livestock activities. Most Australian studies on farm-scale outcomes (Ghahramani, Kingwell and Maraseni 2020; Ghahramani and Bowran 2018; Thamo et al. 2017; Ghahramani and Moore 2016; Rodriguez et al. 2014) have applied process-based models to case-study farms (often using the AusFarm framework, drawing on the APSIM model). These studies generally find negative effects of climate change on Australian farm profits on average (Ghahramani and Bowran 2018; Ghahramani et al. 2020) with a wide range of simulated outcomes, due mostly to uncertainty over rainfall projections. 
An alternative way to simulate farm outcomes is to use statistical models which link panel data on farm economic outcomes with observed weather data (in keeping with the growing climate-economy literature, see Dell et al. 2014). Key examples in the United States include Fisher et al. (2012); Deschênes and Greenstone (2012); Segerson and Dixon (1999), while Nelson et al. (2010) applied a similar approach for Australian broadacre farms[footnoteRef:2]. Such models capture the responses of farms under real world conditions, dependent on both bio-physical and socio-economic factors (i.e., the behaviour of farm managers). They also tend to provide broader spatial coverage, supporting the simulation of national and industry-wide outcomes of relevance to policy makers. [2:  Another related yet distinct method involves the estimation of hedonic models of farm-land prices, often referred to as the ‘Ricardian’ approach, see Mendelsohn, Nordhaus and Shaw (1994). ] 

In this study, a new statistical model of Australian farms farmpredict (Hughes et al. 2019) is applied to simulate the potential effects of climate change on the profits of Australian farms. farmpredict is a data-driven model of Australian broadacre (extensive cropping / livestock) farms, which simulates the effects of weather conditions and prices on the production and financial outcomes of individual farm businesses. The model offers detailed estimates of output and revenue; input use and costs; changes in farm inventories and in-turn various measures of farm profit. farmpredict is based on Australian Bureau of Agricultural and Resource Economics and Sciences (ABARES) farm survey data and provides national coverage of the Australian broadacre sector.
Downscaled climate change projections for rainfall and temperature (produced by the CSIRO and BoM 2015) are applied to the farmpredict model. Farm outcomes are simulated under projected 2050 climate (for a range of greenhouse gas pathways and general circulation models) and compared to the historical reference period 1949-50 to 1998-1999. For contrast, results are also presented for the recently observed climate (1999-2000 to 2019-20).
Given the statistical approach, the results of this study do not account for the positive effects of long-run adaptation, technological advances and carbon dioxide fertilisation. Further, the scenarios also do not account for potential long-run changes in global supply and demand of agricultural commodities (and any related effects on world commodity prices) or the effects on Australian farms of domestic or international climate change mitigation policy.
In effect, the model results simulate how current day farmers, facing current technology and prices would perform under a sudden shift to 2050 climate conditions. Rather than projecting likely outcomes in 2050, the results provide an indication of ‘adaptation pressure’: identifying which regions, sectors and farm types may be under greater pressure to adapt or adjust to climate change effects.
[bookmark: _Toc78443463]Method
[bookmark: _Toc78443464]Study focus: Australian broadacre farms
Broadacre farms produce Australia’s main agricultural export commodities including wheat, beef, lamb and wool. Australian broadacre farms occupy around 450 million hectares of agricultural land (around 60% of Australia’s land mass). The industry generates a total annual production of around A$30-35 billion, of which 70-90% is typically exported depending on activity.
Cropping occurs mostly within the Australian ‘Wheat-Sheep zone’ (Figure 1), with livestock tending to dominate in the coastal ‘High-rainfall’ zones and the more in-land ‘Pastoral’ zones, where rainfall is generally too low for cropping. Australian broadacre farms are highly diverse, both in terms of their production systems and sizes. Central Australia is dominated by large grazing farms, some over 1 million hectares in size, while coastal areas are populated with large numbers of smaller properties (of 500 hectares or less).
[bookmark: _Toc78441974][bookmark: fig:farm_location]Figure 1 Spatial distribution of Australian broadacre farms by industry (AAGIS)
[image: J:/ProductivityAndWaterAndSocial/Water/_Projects/2019-03_farm_micro_sim_model/share/articles/climate_change/tables/farm_ind_20190919_allyrs_cbs1.png]
Note: Due to confidentiality issues this map does not show actual farm locations, rather it shows a sample of farm points with the same spatial distribution as the underlying data.
The Australian Agricultural and Grazing Industry Survey (AAGIS) collects detailed physical and financial information for around 1,600 broadacre farms across Australia each financial year. The survey is designed to provide representative coverage of all Australian broadacre farming regions and industries, including extensive cropping, livestock (beef and sheep) and mixed farming types.
In this study farms sampled in AAGIS between 2015-16 to 2018-19 are taken as the basis for all model simulations. This sample consists of 6,312 observations providing representative coverage of the broadacre farming sector across a wide range of locations and farm sizes (see Table 1). The model simulations take farm characteristics (e.g., land area, capital and opening stock holdings and other factors) as observed in the survey data during these years. Results are reported for the seven major farm industry / region groupings, shown in Figure 2.
[bookmark: _Toc78442044]Table 1 Summary statistics for sample farms by industry group
	Industry group
	Sample
	Area '000 ha

	
	
	5th percentile
	mean
	95th percentile

	Beef - Northern
	1,317
	0.3
	21.3
	863.1

	Beef - Southern
	738
	0.1
	0.8
	15.3

	Sheep - Lamb
	540
	0.3
	1.5
	18.0

	Sheep - Mixed
	1,005
	0.3
	1.7
	60.7

	Cropping - Northern
	993
	0.2
	2.2
	18.4

	Cropping - Southern
	1,216
	0.4
	1.8
	9.1

	Cropping - Western
	503
	1.1
	5.0
	18.4

	All farms
	6,312
	0.2
	2.4
	212.6




[bookmark: _Toc78441975]Figure 2 Broadacre farm industry / region groups
[image: J:/ProductivityAndWaterAndSocial/Water/_Projects/2019-03_farm_micro_sim_model/share/articles/climate_change/tables/Z_ind2.png]
Notes: The farm industry groupings draw on the Australian and New Zealand Standard Industrial Classification (ANSIC) which divides broadacre farming into five sectors: cropping specialists, mixed-cropping livestock, sheep, beef and sheep-beef. The Beef - Northern group includes all farms in the beef ANZSIC located in the Meat and Livestock Australia (MLA) Northern region (including the Northern Territory, Queensland and Western Australia north of the Tropic of Capricorn). The Beef - Southern region includes all of the remaining beef ANZSIC farms. The Cropping - Northern, Cropping - Southern, Cropping - Western groups include farms in the cropping specialists and mixed-cropping livestock ANZSIC, with the western region defined as Western Australia, the southern as Victoria, Tasmania and South Australia, and the northern region as New South Wales and Queensland. The Sheep - Lamb group includes all farms in the sheep ANZSIC, with baseline production of lamb of greater than 200 head, the Sheep - Mixed group includes all remaining farms in the sheep ANZSIC.
[bookmark: _Toc78443465]Farm micro-simulation model: farmpredict
farmpredict is a data-driven microsimulation model of Australian broadacre farming businesses (Hughes et al. 2019) based on AAGIS data. farmpredict consists of a series of input demand and output supply functions which predict—at a farm level— the production of outputs, the use of inputs and changes in stocks conditional on commodity prices, farm fixed inputs (e.g., land area, opening livestock holdings), climate conditions and other farm characteristics (Figure 3). The model simulates six crop outputs, four livestock outputs and seven stock (inventory) holdings including livestock numbers and on-farm crop and wool storage (Figure 3). These production outcomes are then combined with input and output prices to simulate farm financial results including various measures of profit. In this study we use the AAGIS profit at full equity measure (farm revenue less costs, adjusted for changes in inventory holdings and financing costs).
[bookmark: _Toc78441976][bookmark: fig:farm_predict]Figure 3 An overview of the farmpredict model
[image: J:/ProductivityAndWaterAndSocial/Water/_Projects/2019-12_Farm_drought/_Data/drought_indicators/fp.png]
The core of farmpredict is a statistical model estimated from historical data. A sample of 40,269 farms (drawn from the AAGIS over the period 1988-89 to 2018-19) is used to estimate the model, with each farm linked via point location geocoding to spatial climate data obtained from the Bureau of Metrology (BoM)[footnoteRef:3]. A large number of potential climate variables are included in the model across different time periods / seasons of relevance to broadacre farms (e.g., winter/summer crop growing seasons, see Hughes et al. 2019). For each of these time periods a range of climate measures are considered, including: rainfall volume, average maximum and minimum temperatures and exposure to upper and lower temperature extremes (see Hughes et al. 2019 for more detail). [3:  As noted above a smaller sample of farms 6,312 from the period 2015-16 to 2018-19 are used to generate climate simulation results, after the statistical models are estimated from the full sample.] 

The statistical model is estimated via a non-parametric machine learning based method, involving the xgboost regression algorithm (Chen and Guestrin 2016; Friedman 2002) with multi-target ‘stacking’ (Spyromitros-Xioufis et al. 2012). Hughes et al. (2019) demonstrate the performance of the model with out-of-sample validation tests.
Hughes et al. (2019) also demonstrate the responses of the model to variation in climate. As would be expected, growing season rainfall via its effect on crop yields is one of the key drivers of climate effects in the model. However, the estimated models identify a wide range of relationships with climate influencing: crop planting and storage decisions; input usage (particularly fertiliser and fodder); livestock turn-off, birth and death rates; and farm prices received (via quality effects on livestock and crop outputs). Temperatures play an important role in many of these responses, proving particularly important for livestock birth and death rates (Hughes et al. 2019).

[bookmark: _Toc78443466]Commodity prices
Farm input and output commodity prices are assumed to be held fixed at recently observed levels (consistent with related studies, see Ghahramani et al. 2020). While there are ongoing efforts to project long-run global agricultural commodity prices, much uncertainty remains. Based on an ensemble of models, the IPCC (2019) generally project higher real food prices by 2050, with increases of 1% to 29% (median 7%) for cereals and smaller (median 1%) increases for animal sourced foods. The latest medium-term forecasts from the OECD / FAO (2020) and World Bank (2020) suggest limited real change (and some slight decreases) for most agricultural commodity prices to 2030 and 2035. In practice, there remains much uncertainty over global commodity prices to 2050 for reasons beyond climate change including potential technology and consumer preference changes.
While global prices are assumed to be fixed at current levels (in real terms), grain output (wheat, barley and sorghum) and fodder input prices are adjusted in the model simulations to account for the effects of climate on domestic Australian grain and fodder markets. While prices for most broadacre commodities are determined in world markets (and are largely unaffected by Australian climate conditions) price gaps emerge between Australian and world prices of grain in years of widespread drought, as constraints on importing can lead to domestic shortages (Hughes, Soh, et al. 2020). These price spikes tend to soften the financial impacts of drought on cropping farms (as net producers of grain and fodder) and exacerbate them for livestock farms (as net consumers).
Following, Hughes, Soh, et al. (2020) a simple statistical model is applied to simulate the potential impact of future climate scenarios on Australian grain and fodder prices. These results assume fixed world prices for grain (as observed between 2015-16 to 2018-19) but allow for variation in Australian-world price spreads.
[bookmark: _Toc78443467]Climate scenarios
Climate projection data are taken from Climate Change in Australia (CSIRO and BoM 2015). Specifically, this study makes use of rainfall and temperature projections downscaled, using the delta change method with quantile scaling (CSIRO and BoM 2015). Daily time step data are obtained for a 24 year sequence centred on 2050.
CSIRO and BoM (2015) provide this ‘Application-ready’ data for 8 of the 40 GCMs in CMIP5, selected partly for their skill in representing historical Australian climate data. In this study, 6 of these 8 GCMs are included (ACCESS1.0, CESM1-CAM5, CNRM-CM5, GFDL-ESM2M, HadGEM2-CC, CanESM2) with NorESM1-M and MIROC5 omitted due to their low skill for historical Australian rainfall (see CSIRO and BoM 2015). Two RCPs are available for each GCM: RCP4.5 (where global emissions peak by 2040, and CO2 concentrations reach around 485 ppm by 2050) and RCP8.5 (where limited curbing of global emissions, such that CO2 concentrations reach around 540 ppm by 2050).
One concern with statistical models is that projected climate data may fall outside the range of historical data on which the models were trained on. In Appendix A, we show that on average only 0.06% to 0.09% of the observations in these projection scenarios lie outside of the training data ranges. Note that while climate variables (particularly temperatures) often move outside of historically observed values at a given point location, statistical models can still generalise from farms in other locations where such conditions have been observed.
Selecting an appropriate reference period is complicated given the dramatic shifts in Australian rainfall observed in recent decades (and uncertainty over the relative influence of climate change and natural variability). To account for this, we contrast our future climate scenarios against both a long-term historical reference period of 1949-50 to 1999-2000 and to the more recent period 2000-01 to 2019-20. We refer to the four climate scenarios in our study as: Historical (1950 to 2000), Recent (2001 to 2020), Future (RCP4.5 2050) and Future (RCP8.5 2050).
Table 2, Table 3 and Table 4 provide comparisons of these four climate scenarios for average winter (April to October) rainfall and average summer (November to March) rainfall and maximum temperatures, for key farm groups (as defined in Figure 2).
For most farm groups, reductions in winter rainfall over the Recent period relative to the Historical are larger than the mean projections for 2050 (-16.3% on average compared with mean -5.3% under RCP4.5 and -12.2% under RCP8.5). As BOM and CSIRO (2020) note, observed changes in rainfall to date have tended to track the dry end of the projected range (particularly in southern Australia). Under the driest GCM scenarios included in this study declines in winter rainfall on Australian farms of 21.4% (RCP4.5) and 30.6% (RCP8.5) are projected. For Western Australian cropping farms projections show a higher level of agreement, with large reductions in winter rainfall projected under most GCMs.
Increases in Australian summer rainfall have been observed over the last 20 years in some regions, particularly in parts of western and northern Australia (BOM and CSIRO 2020). However, on average Australian farmers have seen limited change in summer rainfall over the Recent period, with some slight increases among western Australian cropping farmers (+9.7%). Climate projections suggest declines in summer rainfall by 2050 for most farming groups (-7.4% and -10.8% under the mean RCP 4.5 and RCP8.5 projections on average). 
Climate models project increases in average summer maximum temperatures for farmers of +0.5 to +1.2C and +1.3 to +2.0C under the RCP 4.5 and RCP8.5 scenarios respectively. Increases in summer maximum temperatures over the Recent period have already been large relative to the future projections, particularly for southern Australian cropping farms. 


[bookmark: _Toc78442045]Table 2 Percentage changes in mean winter (April to October) rainfall relative to Historical (1950 to 2000)
	Industry group
	Historical
(mm/month)
	Recent
	Future (RCP4.5 2050)
	Future (RCP8.5 2050)

	
	
	
	min
	mean
	max
	min
	mean
	max

	Beef - Northern
	36.6
	-19.1
	-20.7
	-0.8
	+8.5
	-33.4
	-13.3
	+6.1

	Beef - Southern
	71.7
	-13.3
	-18.8
	-7.4
	-3.6
	-26.6
	-12.3
	-8.0

	Sheep - Lamb
	58.9
	-15.8
	-18.8
	-5.1
	-2.2
	-29.0
	-11.4
	-4.1

	Sheep - Mixed
	53.9
	-17.4
	-18.3
	-3.9
	-1.5
	-28.6
	-10.3
	-4.1

	Cropping - Northern
	41.9
	-21.1
	-17.0
	+0.1
	+3.0
	-28.7
	-8.2
	+0.6

	Cropping - Southern
	45.3
	-15.3
	-27.5
	-3.3
	+1.3
	-35.0
	-9.4
	-3.1

	Cropping - Western
	44.6
	-16.3
	-33.3
	-20.1
	-8.7
	-43.1
	-30.3
	-13.0

	All farms
	52.5
	-16.2
	-20.6
	-4.4
	-2.7
	-30.1
	-11.2
	-6.1



[bookmark: _Toc78442046]Table 3 Percentage changes in mean summer (November to March) rainfall relative to Historical (1950 to 2000)
	Industry group
	Historical
(mm/month)
	Recent
	Future (RCP4.5 2050)
	Future (RCP8.5 2050)

	
	
	
	min
	mean
	max
	min
	mean
	max

	Beef - Northern
	98.9
	-2.1
	-20.9
	-15.5
	-4.6
	-34.2
	-21.6
	-12.3

	Beef - Southern
	68.0
	-2.1
	-8.0
	-4.9
	-0.3
	-19.5
	-9.3
	+2.0

	Sheep - Lamb
	44.6
	+0.3
	-12.3
	-7.9
	-1.7
	-21.7
	-12.6
	-1.5

	Sheep - Mixed
	47.6
	-0.6
	-14.5
	-8.8
	-3.1
	-25.7
	-13.4
	-1.7

	Cropping - Northern
	55.5
	+0.0
	-20.9
	-12.3
	-5.3
	-33.6
	-18.1
	-6.8

	Cropping - Southern
	26.1
	+2.6
	-21.7
	-10.6
	+0.7
	-24.1
	-14.7
	-10.1

	Cropping - Western
	17.3
	+16.4
	+11.4
	+21.8
	+29.4
	-15.7
	+11.0
	+44.8

	All farms
	55.4
	-0.7
	-13.4
	-9.3
	-2.5
	-25.8
	-14.5
	-5.2



[bookmark: _Toc78442047]Table 4 Change in summer (November to March) average maximum temperatures (°C) relative to Historical (1950 to 2000)
	Industry group
	Historical
(°C)
	Recent
	Future (RCP4.5 2050)
	Future (RCP8.5 2050)

	
	
	
	min
	mean
	max
	min
	mean
	max

	Beef - Northern
	31.7
	+0.7
	+0.4
	+0.9
	+1.5
	+1.3
	+1.7
	+2.2

	Beef - Southern
	26.0
	+0.9
	+0.5
	+0.9
	+1.2
	+1.2
	+1.5
	+2.0

	Sheep - Lamb
	26.9
	+1.1
	+0.6
	+0.9
	+1.2
	+1.3
	+1.6
	+2.0

	Sheep - Mixed
	27.3
	+1.1
	+0.6
	+0.8
	+1.2
	+1.3
	+1.6
	+2.0

	Cropping - Northern
	30.4
	+1.1
	+0.3
	+0.7
	+1.1
	+1.3
	+1.6
	+2.0

	Cropping - Southern
	27.5
	+1.1
	+0.4
	+0.8
	+1.3
	+0.9
	+1.4
	+2.1

	Cropping - Western
	29.8
	+0.6
	+0.3
	+0.9
	+1.3
	+1.0
	+1.5
	+2.1

	All farms
	28.2
	+1.0
	+0.5
	+0.8
	+1.2
	+1.3
	+1.6
	+2.0



[bookmark: _Toc78443468]Results
Simulated changes in farm profits are presented in Table 5 and Figures 4, 5 and 6 (with further results presented in Appendix A).  These tables and charts present averages of farm-scale estimates. Note that farm specific results can vary considerably around these averages, even for farms within a given location or industry (particularly with respect to farm size, see Table 8).
Under the Recent (2001 to 2020) scenario simulated farm profits are 23% lower on average compared to the Historical (1950 to 2000) period (Table 5). As documented in past studies (Hughes, Galeano, Hatfield-Dodds 2019) recent climate effects have been felt most strongly amongst cropping farms particularly in south-western and south-eastern Australia (Table 5, Figure 6).
[bookmark: _Toc78442048]Table 5 Percentage change in farm profits relative to Historical (1950 to 2000)
	Industry group
	Historical
($)
	Recent
	Future (RCP4.5 2050)
	Future (RCP8.5 2050)

	
	
	
	min
	mean
	max
	min
	mean
	max

	Beef - Northern
	152,815
	-3.1
	-22.1
	-11.7
	-3.0
	-54.5
	-27.6
	-16.3

	Beef - Southern
	20,968
	-22.5
	-26.6
	+0.5
	+10.3
	-63.8
	-18.0
	-2.7

	Sheep - Lamb
	108,234
	-14.9
	-16.6
	-5.8
	-0.1
	-31.6
	-12.9
	-5.6

	Sheep - Mixed
	58,817
	-26.7
	-37.3
	-13.2
	-6.3
	-66.3
	-28.1
	-15.9

	Cropping - Northern
	212,491
	-36.2
	-23.7
	-9.8
	-3.6
	-43.1
	-20.1
	-4.8

	Cropping - Southern
	179,423
	-21.7
	-27.7
	-3.3
	+11.5
	-30.8
	-8.5
	+4.1

	Cropping - Western
	437,227
	-26.8
	-55.9
	-31.6
	-5.1
	-68.1
	-50.5
	-7.3

	All farms
	129,187
	-22.6
	-31.9
	-13.1
	-2.0
	-49.9
	-25.6
	-10.7



[bookmark: _Toc78441977]Figure 4 Percentage change in farm profits under the Future (RCP4.5 2050) scenario, relative to Historical (1950 to 2000)
[image: J:/ProductivityAndWaterAndSocial/Water/_Projects/2019-03_farm_micro_sim_model/share/articles/climate_change/tables/cc45.png]
Notes: Maps are generated by interpolating farm-level percentage changes, calculated using a Symmetric Mean Absolute Percentage Error (SMAPE) metric.


[bookmark: _Toc78441978][bookmark: fig:cc_rcp85]Figure 5 Percentage change in farm profits under the Future (RCP8.5 2050) scenario, relative to Historical (1950 to 2000)
[image: J:/ProductivityAndWaterAndSocial/Water/_Projects/2019-03_farm_micro_sim_model/share/articles/climate_change/tables/cc85.png]
Notes: Maps are generated by interpolating farm-level percentage changes, calculated using a Symmetric Mean Absolute Percentage Error (SMAPE) metric.


[bookmark: _Toc78441979][bookmark: fig:cc_historical]Figure 6 Percentage change in farm profits under the Recent (2001 to 2020) scenario, relative to Historical (1950 to 2000)
[image: J:/ProductivityAndWaterAndSocial/Water/_Projects/2019-03_farm_micro_sim_model/share/articles/climate_change/tables/ccrecent.png]
Notes: Map generated by interpolating farm-level percentage changes, calculated using a Symmetric Mean Absolute Percentage Error (SMAPE) metric.
Climate projections for 2050 show a wide range of outcomes across the 6 included GCMs. Simulated changes in average farm profits under the Future (RCP4.5 2050) scenario range from -31.9% to -2.0%, while RCP8.5 ranges from -49.9% to -10.7% (Table 5).
Western cropping farms show the largest mean reductions in average farm profits under the future scenarios (-55.9% to -5.1% under RCP4.5 and -68.1% to -7.3% under RCP8.5). This mainly reflects projected declines in winter growing season rainfall in this region and the resulting effects on crop yields (Table 9) and revenue (Table 6).
Beef farms in northern Australia also show significant reductions in average profit under the Future 2050 scenarios (-22.1% to -3% under RCP4.5 and -54.5% to -16.3% under RCP8.5). These changes are driven by projected declines in winter and summer rainfall along with increases in maximum temperatures. As discussed in Hughes et al. (2019) the climate response of livestock farms in the farmpredict model is relatively more sensitive to temperature than for cropping farms, explaining why simulated livestock farm profits are considerably worse under RCP8.5 than RCP4.5.
In south-eastern Australia Future 2050 scenarios show a very wide range of potential outcomes, due largely to differences in rainfall across the 6 GCMs. For cropping farms in the southern region (VIC, SA, TAS) changes in average simulated profits under Future (RCP8.5 2050) range from -30.8% to +4.1%. Beef farms in southern Australia also show a wide range of outcomes, with simulated change in average farm profits of -63.8% to -2.7% under the Future (RCP8.5 2050) scenario.
While the spatial pattern of the effects varies under each GCM, in general the largest changes in farm profits are simulated in the northern parts of the western cropping zone (WA:North and East Wheat Belt region, Table A2), along with parts of western NSW (NSW:Far West, NSW:Central West) and central QLD (QLD:West and South West, QLD:Charleville - Longreach regions). Similar to recent trends (and previous research), these results generally show larger climate change impacts in more marginal (lower-rainfall) areas. Compared with recent trends (Figure 6) future scenarios show generally smaller effects in south-eastern Australia and larger impacts in Queensland (see Figure 4, Figure 5).
In Tasmania, simulation results are highly consistent across the 6 GCMs with relatively modest declines in profit overall, and negative effects appearing to be concentrated in the south of the state. In contrast, extremely wide variation is observed in parts of South Australia. In the SA: Eyre Peninsula region, simulated changes in farm profits range from -76% to +41% under the future scenarios (Table A2).
While not directly comparable (due to differences in climate scenarios, reference periods, farm locations and profit measures) these results are broadly consistent with the recent literature. For example, Ghahramani, Kingwell and Maraseni (2020) simulated percentage changes in farm profits by 2030 of between -74% and +16% (mean -26%) across a range of farm sites in the southern Australian wheat belt (under a ‘Hot and dry’ RCP8.5 scenario). While Thamo et al. (2017) simulated larger changes in farm net returns by 2050 of -100 to -160% for farms in the Western Australian wheat belt. 
Table 6 and Table 7 show simulated changes in average farm revenues and costs. As discussed in Hughes et al. (2019), the effects of hotter and drier conditions on livestock farms tend to be transmitted more through herd (inventory) changes due to lower livestock net birth rates (along with some increase in costs due to higher fodder expenses). Under the Future (RCP8.5 2050) scenario (short-run) increases in revenue are actually observed for livestock farms due to increases in turn-off[footnoteRef:4]. In contrast, cropping farms show reductions in revenue and costs under most future climate scenarios (due to declines in crop production, see Table 9). [4:  This reflects the ‘short-run’ nature of the farmpredict model where livestock holdings are held fixed. In practice, changes in livestock herds would be expected under climate change (see the discussion section below). Consideration of livestock dynamics remains a subject for future research.] 

The results in Table 6 and Table 7 also illustrate how small changes in farm revenues and costs can have large effects on profits, particularly for farm groups with low profit margins. This is reinforced by Table 8, which shows changes in profits by farm size. These farm size groupings are based on farm capital holdings relative to farms in the same industry and region group (following Hughes, Galeano, Hatfield-Dodds 2019). In general, smaller farms tend to have lower profit margins than larger farms (Boult and Jackson 2019; Jackson, Hatfield-Dodds and Zammit 2020), as a result they show significantly higher percentage change in profits under future climate scenarios.

[bookmark: _Toc78442049]Table 6 Percentage change in farm revenue relative to Historical (1950 to 2000)
	Industry group
	Historical
($)
	Recent
	Future (RCP4.5 2050)
	Future (RCP8.5 2050)

	
	
	
	min
	mean
	max
	min
	mean
	max

	Beef - Northern
	634,004
	+2.38
	+3.13
	+4.65
	+6.39
	+6.05
	+8.23
	+13.94

	Beef - Southern
	256,699
	-0.08
	+0.15
	+0.49
	+1.00
	-0.00
	+0.65
	+2.38

	Sheep - Lamb
	551,558
	-0.80
	+0.39
	+1.04
	+1.47
	+0.12
	+0.68
	+1.26

	Sheep - Mixed
	332,995
	-0.80
	+0.53
	+1.29
	+1.79
	+0.04
	+0.72
	+1.43

	Cropping - Northern
	890,090
	-8.89
	-5.60
	-2.13
	-0.27
	-9.35
	-4.22
	-0.51

	Cropping - Southern
	735,279
	-6.23
	-9.30
	-1.82
	+2.57
	-10.64
	-3.56
	+0.54

	Cropping - Western
	1,636,559
	-8.30
	-19.49
	-11.30
	-2.83
	-24.37
	-17.57
	-3.28

	All farms
	590,105
	-4.08
	-4.81
	-1.71
	+0.44
	-5.34
	-3.03
	+0.11



[bookmark: _Toc78442050]Table 7 Percentage change in farm cost relative to Historical (1950 to 2000)
	Industry group
	Historical
($)
	Recent
	Future (RCP4.5 2050)
	Future (RCP8.5 2050)

	
	
	
	min
	mean
	max
	min
	mean
	max

	Beef - Northern
	399,791
	+1.60
	+0.95
	+2.23
	+4.41
	+2.70
	+4.69
	+9.98

	Beef - Southern
	174,313
	+0.74
	-0.49
	+0.01
	+1.42
	-0.52
	+0.31
	+2.75

	Sheep - Lamb
	326,247
	+0.84
	+0.08
	+0.54
	+1.83
	+0.11
	+0.98
	+3.36

	Sheep - Mixed
	230,312
	+1.28
	+0.10
	+0.67
	+2.45
	+0.21
	+1.50
	+5.03

	Cropping - Northern
	588,016
	-3.78
	-2.93
	-0.52
	+0.39
	-5.25
	-1.71
	-0.05

	Cropping - Southern
	482,816
	-3.13
	-7.13
	-2.50
	-0.12
	-9.27
	-3.84
	-1.14

	Cropping - Western
	1,083,363
	-3.38
	-9.75
	-5.65
	-2.29
	-13.79
	-8.67
	-2.28

	All farms
	386,662
	-1.36
	-2.35
	-1.10
	-0.25
	-2.50
	-1.57
	-0.10



[bookmark: _Toc78442051]Table 8 Percentage change in profit by farm size group relative to Historical (1950 to 2000)
	Farm size
	Historical
($)
	Recent
	Future (RCP4.5 2050)
	Future (RCP8.5 2050)

	
	
	
	min
	mean
	max
	min
	mean
	max

	Small farms
	17,688
	-96.0
	-130.9
	-52.8
	-9.4
	-197.9
	-100.4
	-41.5

	Medium farms
	171,877
	-22.6
	-32.2
	-14.6
	-4.1
	-49.6
	-26.8
	-12.2

	Large farms
	661,259
	-11.9
	-19.4
	-9.1
	-2.6
	-29.7
	-16.2
	-7.8



Finally, Table 9 presents the average simulated domestic grain (and fodder prices) under each climate scenario. Future scenarios show that increases in average Australian prices for major grain crops (wheat, barley and sorghum) are possible (of between 1 and 40%) with increases in prices for livestock fodder (hay) of between 3 and 24%.


[bookmark: tbl:cc_price][bookmark: X2685a1b468b1db3397a5936ec8ba9a244d8afb4]Table 9: Percentage change in average Australian grain and fodder prices by climate scenario
	Commodity
	Recent
	Future (RCP4.5 2050)
	Future (RCP8.5 2050)

	
	
	min
	mean
	max
	min
	mean
	max

	Wheat
	+6.1
	+1.5
	+4.0
	+13.0
	+3.0
	+8.3
	+26.9

	Barley
	+7.4
	+0.9
	+5.0
	+19.2
	+3.6
	+11.7
	+40.0

	Sorghum
	+4.1
	+3.1
	+6.8
	+16.1
	+5.5
	+12.6
	+33.5

	Fodder
	+7.6
	+3.3
	+6.2
	+14.9
	+6.0
	+10.5
	+24.3



[bookmark: _Toc78443469]Discussion
[bookmark: _Toc78443470]Climate change adaptation
While future projections are subject to much uncertainty, the above results show climate change has the potential to make conditions tougher for many Australian farmers. Under the most severe future scenario (RCP8.5 with the GFDL-ESM2M GCM) average Australian broadacre farm profits are simulated to decline by 50% (relative to the period 1950 to 2000).
Clearly, potential impacts of this magnitude would create strong pressure for adaptation. Already there is evidence of farm adaptation in response to the climate shifts in recent decades (see Hochman et al. 2017; Hughes et al. 2017). While many of the future scenarios are less severe than the Recent (2001 to 2020) period, long-term shifts in climate are likely to induce stronger adaptation responses, particularly where they lead farmers to update their expectations over future climate conditions [footnoteRef:5]. Recent trends and research provide some indication of the potential incremental and transformational changes that might occur in the sector in response long-term shifts in climate. [5:  Hughes, Soh, et al. (2020) provide evidence that the recent shifts in climate have already led to some updating in climate expectations by Australian farmers.] 

To begin, there are a number of structural adjustments possible with existing technology, such as changes in the mix of cropping and livestock activity, changes in the spatial distribution of crop types or livestock breeds across Australia or changes in farm scale. While such adjustments are not included in the above simulations, they have been considered in bio-physical modelling (Ghahramani and Bowran 2018; Ghahramani et al. 2020). Although these studies show potential benefits, adaptations are typically insufficient to fully offset climate change impacts, particularly under the more severe GCM projection scenarios (Ghahramani and Bowran 2018; Ghahramani et al. 2020).
One key response could be a shift away from cropping towards livestock and mixed farming, particularly in more ‘marginal’ lower-rainfall sections of the traditional Australian cropping zone. Farm modelling by Ghahramani et al. (2020) suggests that a shift toward sheep production could partly offset the effects of climate change in low rainfall areas. Analysis of weather data and bio-physical modelling indicates that a southward / coastal shift of the Australian cropping zone has already occurred in recent decades (Fletcher et al. 2020, Nidumolo et al. 2012). In addition, farm survey data (see Hughes et al. 2017, Hughes, Gupta, et al. 2020) show migration in farm cropping activity over the last 20 years, including an increase in cropping in higher-rainfall / coastal zones post 2000, and a recent decline in cropping in some inland / lower-rainfall zones (Figure 6).


Figure 6: Percentage change in farmland set-up for cropping, 2016-2020 relative to 2006-2010 
[image: ]
Notes: Excludes beef farms and farms with less than 10% of land area set-up for cropping. Average of 2015-16 to 2019-20 compared to 2005-06 to 2009-10. Areas in-land of the 220mm rainfall isoline received less than 220mm average rainfall per year during the period 1950 to 2020. 
Source: ABARES AAGIS data
Another response could be increases in farm size. Farm survey data consistently show higher productivity and profit levels among larger farm businesses, along with steady long-term increases in farm size and reductions in farm numbers (Boult and Jackson 2019; Jackson et al. 2020). Given their lower profit margins, smaller farms are likely to face greater adaptation pressure from climate change (Table 8) which could hasten underlying farm consolidation trends.
Increased investment in on and off-farm grain storage (and grain import supply chains) is also possible. Future scenarios show that increases in average Australian prices for major grain crops (wheat, barley and sorghum) are possible (Table 9) with climate change increasing the severity of drought induced grain shortages. These higher prices could have negative effects on grain consumers including the intensive livestock sector. However, an expansion in grain storage capacity (or grain import supply chains) could help to minimise these effects by limiting grain shortages in drought years. 
Over the longer-term, improvements in technology will act to offset the effects of climate change. For example, Hochman et al. (2017) showed that since 1990 improvements in technology have offset the negative effects of declines in rainfall and increases in temperatures, such that average Australian wheat yields have remained relatively constant. Similarly, Chancellor et al. (2021) showed that climate-adjusted Total Factor Productivity (TFP) across the broadacre sector has increased around 28% since 1989, with much larger (68%) gains in the cropping sector.  These gains have offset the negative effects of climate over the last 30 years, such that actual industry productivity and profit levels have still increased or at least remained stable (Chancellor et al. 2021).
Evidence also suggests that these recent productivity improvements have had a unique focus on adapting to drier and hotter conditions. For example, cropping farm productivity has increased faster under dry conditions over the last two decades, such that the gap between normal and drought conditions has narrowed over time (Hughes et al. 2017). These gains have been driven by a range of improvements in technology and management practices (including no-till cropping and soil amelioration) which seek to preserve soil moisture from summer fallow rainfall as an adaptation to reduced winter rainfall (see Hunt and Kirkegaard 2012)
A simple continuation of long-run productivity trends (average annual TFP growth of 1.6% since 1960, see Sheng et al. 2013) would be sufficient to prevent any absolute declines in Australian farm productivity or production levels by 2050 even under the most severe climate projections. However, climate change could still reduce Australia’s international competitiveness and farm profits, depending on the climate change impacts and productivity trends in other nations.
A key uncertainty is the extent to which future technologies can further reduce farm sensitivity to dry and hot conditions, both to offset climate change and to improve drought resilience. Here interest lies in genetic improvements in crops, pasture and livestock, new equipment and management practices (such as “precision”, “digital” and /or “regenerative” agriculture, see Leonard et al. 2017; Gosnell, Gill and Voyer 2019), along with advances in weather forecasting (Hayman et al. 2007; Parton, Crean and Hayman 2019). These future technological developments will also have a large bearing on any structural adjustment, including the mix of crop and livestock activity.
In the long-term, there may be pressure for more transformative change, at least where incremental adaptation is insufficient to fully offset climate change impacts. This could include the emergence of new land use activities such as: carbon abatement, biodiversity conservation, plantation forestry, biofuels, renewable energy or farm landscape tourism either as alternatives or complements to traditional farming activities. It remains difficult to predict the extent of such land use change, given uncertainties over climate, technological progress, global commodity prices and incentives associated with these new activities (such as carbon prices and biodiversity payments). Scenario analysis suggests that with strong incentives, large changes in Australian land-use may be possible by 2050 without major impacts on agricultural production (Bryan et al. 2016).
[bookmark: _Toc78443471]Policies to support adaptation
Policies to support adaptation include the provision of climate information to farmers, investment in agricultural research and development (R&D), effective drought policy and incentives for carbon abatement and biodiversity. In many cases, these responses involve a continuation of existing government efforts to help farmers manage climate variability and improve agricultural productivity (Stokes and Howden 2010, Asseng and Pannell 2013). For example, Australian governments support investment in new farm technologies to improve climate resilience, through long-standing initiatives such as the agricultural R&D corporations, along with the more recently developed Future Drought Fund (FDF).
Literature on drought policy has long documented the limitations of short-term drought relief, relative to a longer-term focus on preparedness, resilience and self-reliance (Freebairn 1983; Ha et al. 2007; PC 2009; Nelson, Howden and Smith 2008; Botterill and Hayes 2012; Wilhite, Sivakumar and Pulwarty 2014). Climate change increases the importance of effective drought policy, given that poorly designed drought relief programs can limit long-run adaptation, particularly in a changing climate (a key example being Australia’s past Exceptional Circumstances system, see PC 2009).
One alternative to drought relief, is the development of drought insurance markets, particularly for index-based insurance products (see Hertzler 2005; Barnett and Mahul 2007; Hughes, Soh, et al. 2020). Drought insurance has the potential to offer protection from short-run risk, while still providing long-term incentives to invest in drought preparedness, given insurance premiums can be updated in response to new information. Unfortunately, drought insurance markets have struggled to achieve commercial viability to date (both in Australia and internationally), and their long-run feasibility remains an open question (Hertzler 2005; Ha et al. 2007; Nelson et al. 2008; Wright 2014).
Another key role for government is the provision of climate information (Stokes and Howden 2010). Farm adaptation often requires long-term investment decisions to be made in the face of high uncertainty. As a result, farmers have an incentive to delay adaptation until more information becomes available (Stokes and Howden 2010; Ghahramani et al. 2020, Asseng and Pannell 2013). Here there is a role for government to provide up-to-date information on the potential extent and impacts of climate change, and to communicate this information in a meaningful way to farmers.  Recently established government programs including Climate Services for Agriculture (CSA) and the Australian Climate Service could play an important role in this regard. Farm-scale modelling, of the type presented in this paper, could also support these communication efforts (as detailed below).
[bookmark: _Toc78443472]Study limitations and future research
As with the previous literature these results show a wide range of potential outcomes largely reflecting uncertainty over projected rainfall. Of key importance are projections for Australian winter rainfall where there is a high level of disagreement among GCMs. While rainfall projections in south-eastern Australia are highly uncertain, recent data (particularly the last 20-25 years) show a strong negative trend, such that observed rainfall is now tracking the extreme dry end of the projected range in key parts of southern Australia (see BOM and CSIRO 2020). Any reduction in uncertainty over future rainfall will be valuable, both in refining farm scenario modelling, and in helping farmers to adapt earlier and more decisively.
The statistical approach applied in this study offers both farm-scale analysis and broad regional coverage, helping to identify how impacts could vary across regions, sectors and farm types.  The approach also accounts for recent industry trends including adaptation to date, and can be updated on an annual basis as new farm data become available. However, it is unable to account for future adaptation of any kind (or carbon dioxide fertilisation effects) and so may lead to larger estimated impacts than comparable bio-physical model-studies. 
This study provides estimates of change in average farm profits but does not consider effects on risk, particularly any change in the frequency of drought years. In practice, changes in farm risk exposure will have a large bearing on adaptation responses. In future, enhancements to the methodology (both to the downscaled temperature and rainfall projections and farm modelling assumptions) could enable a more detailed consideration of climate variability and risk. 
Another subject for future work is farm-specific climate change reporting. Here farm-scale simulation results could be used to generate customised reports for farmers, showing the potential impact of climate change on their farm business (given its specific location, size, characteristics etc.). These reports could play a role in supporting adaptation, by translating abstract rainfall and temperature data into meaningful information for farm business owners.

[bookmark: _Toc78443473]Appendix A: Additional detail
Table A1 shows the percentage of (farm location / year) observations where the climate projection data are outside of the range of the training data for each of the climate variables in farmpredict. For most variables there are very few observations outside the range of the training data. As would be expected measures of upper temperature extremes (particularly W_winter_gddh) have the largest percentage of observations above the historical maximum (although these variables have limited influence over model responses see Hughes et al. 2019).
[bookmark: _Toc78442052]Table A1 Percentage of observations where climate projection data are outside the maximum or minimum range of the farmpredict training data
	 
	Future (RCP4.5 2050)
	Future (RCP8.5 2050)

	W_aut_fr2_L1
	0.47
	0.27

	W_aut_gni_L1
	0.00
	0.00

	W_aut_hail_L1
	0.00
	0.00

	W_aut_pci_L1
	0.00
	0.00

	W_aut_rain
	0.00
	0.00

	W_aut_rain_L1
	0.00
	0.00

	W_aut_tmax
	0.24
	0.17

	W_aut_tmax_L1
	0.26
	0.17

	W_aut_tmin
	0.38
	0.20

	W_FY_rain
	0.00
	0.00

	W_FY_rain_L1
	0.00
	0.00

	W_FY_rain_L2
	0.00
	0.01

	W_spr_fr2
	0.00
	0.00

	W_spr_gni
	0.00
	0.00

	W_spr_hail
	0.00
	0.00

	W_spr_pci
	0.00
	0.00

	W_spr_rain
	0.06
	0.04

	W_sum_hail
	0.00
	0.00

	W_sum_tmax
	0.01
	0.06

	W_sum_tmax_L1
	0.01
	0.06

	W_summer_gdd
	0.00
	0.00

	W_summer_hgdd
	0.03
	0.11

	W_summer_rain
	0.02
	0.04

	W_summer_rain_L1
	0.02
	0.04

	W_win_fr2
	0.00
	0.00

	W_win_gni
	0.00
	0.00

	W_win_hail
	0.00
	0.00

	W_win_pci
	0.00
	0.00

	W_win_rain
	0.00
	0.00

	W_win_tmin
	0.22
	0.41

	W_winter_gdd
	0.00
	0.00

	W_winter_hgdd
	1.17
	2.26

	W_winter_rain
	0.00
	0.00


Table A2 Percentage change in average farm profits relative to the Historical (1950 to 2000) scenario, by farm survey region
	Region
	Historical
($/month)
	Recent
	Future (RCP4.5 2050)
	Future (RCP8.5 2050)

	
	
	
	min
	mean
	max
	min
	mean
	max

	NSW: Far West
	163,597
	-32.8
	-49.6
	-8.0
	+4.2
	-70.5
	-23.1
	-8.6

	NSW: North West Slopes and Plains
	131,163
	-33.7
	-22.5
	-2.3
	+9.1
	-50.9
	-15.8
	+7.1

	NSW: Central West
	90,165
	-52.5
	-37.6
	-16.7
	-3.4
	-70.8
	-30.8
	-15.5

	NSW: Riverina
	151,912
	-32.3
	-19.0
	-9.4
	+1.9
	-31.5
	-16.2
	-6.1

	NSW: Tablelands (Northern Central and Southern)
	58,307
	-20.2
	-19.2
	-5.4
	-0.5
	-45.2
	-17.3
	-2.1

	VIC: Mallee
	189,890
	-47.8
	-30.4
	-5.1
	+16.2
	-32.9
	-17.0
	-5.2

	VIC: Wimmera
	171,491
	-32.9
	-26.9
	-6.0
	+9.7
	-33.8
	-12.6
	+0.3

	VIC: Central North
	44,287
	-55.3
	-42.3
	-18.3
	+3.8
	-54.7
	-28.1
	-12.7

	VIC: Southern and Eastern Victoria
	54,353
	-11.5
	-11.9
	-5.1
	+1.7
	-21.7
	-10.4
	-4.1

	QLD: Cape York and the Queensland Gulf
	681,507
	+5.6
	-23.7
	-18.3
	-11.8
	-34.2
	-25.5
	-20.5

	QLD: West and South West
	259,569
	-8.7
	-38.7
	-21.5
	-6.9
	-85.7
	-44.4
	-27.6

	QLD: Central North
	311,333
	-2.3
	-13.3
	-4.6
	+4.7
	-44.9
	-18.5
	-7.3

	QLD: Charleville - Longreach
	175,423
	-15.3
	-50.8
	-21.2
	-5.4
	-94.9
	-43.3
	-17.2

	QLD: Eastern Darling Downs
	25,963
	-46.9
	-8.3
	+5.4
	+18.7
	-63.0
	-25.2
	+13.9

	QLD: Darling Downs and Central Highlands of Queensland
	187,539
	-18.0
	-29.6
	-11.6
	+0.3
	-55.5
	-26.4
	-5.9

	QLD: South Queensland Coastal - Curtis to Moreton
	22,855
	-22.4
	-50.0
	-25.1
	-2.8
	-126.5
	-66.0
	-30.3

	SA: North Pastoral
	230,793
	-19.0
	-45.8
	-3.1
	+17.4
	-74.0
	-19.0
	+6.3

	SA: Eyre Peninsula
	116,794
	-15.9
	-67.9
	-6.8
	+28.5
	-76.3
	-13.7
	+41.4

	SA: Murray Lands and Yorke Peninsula
	181,855
	-10.1
	-27.2
	+2.0
	+15.2
	-29.4
	-1.9
	+9.0

	SA: South East
	115,651
	-5.5
	-9.5
	-3.2
	+4.1
	-18.0
	-7.6
	-0.4

	WA: The Kimberley
	952,013
	+41.5
	-22.6
	-11.4
	+1.9
	-19.4
	-13.1
	-3.6

	WA: Pilbara and the Central Pastoral
	312,735
	+6.1
	-30.0
	-13.1
	+4.0
	-64.6
	-33.4
	+1.7

	WA: Central and South Wheat Belt
	348,678
	-18.3
	-46.8
	-27.0
	-5.9
	-56.9
	-42.7
	-7.0

	WA: North and East Wheat Belt
	302,883
	-48.9
	-77.2
	-40.8
	-2.2
	-97.8
	-67.7
	-7.9

	WA: South West Coastal
	62,286
	-5.6
	-15.3
	-6.9
	+0.9
	-29.4
	-21.2
	-2.6

	TAS: Tasmania
	96,413
	-7.5
	-11.2
	-9.3
	-7.4
	-12.5
	-9.0
	-6.7

	NT: Alice Springs Districts
	650,305
	+1.8
	-15.4
	+9.6
	+26.2
	-21.5
	+0.5
	+18.7

	NT: Barkly Tablelands
	3,353,650
	+11.4
	-36.6
	-23.2
	-16.6
	-52.1
	-39.4
	-18.6

	NT: Victoria River District - Katherine
	961,234
	+17.5
	-6.1
	-1.1
	+7.0
	-4.1
	-1.1
	+2.0

	NT: Top End Darwin and the Gulf of Northern Territory
	306,445
	+12.4
	-7.2
	-1.1
	+10.3
	-6.5
	-1.8
	+8.8

	All farms
	129,187
	-22.6
	-31.9
	-13.1
	-2.0
	-49.9
	-25.6
	-10.7
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