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Summary
This study considers the definition and measurement of drought using ABARES farm survey data
and the related farmpredict model. A new outcome-based drought indicator is developed for
Australian broadacre farms which determines whether a given farm is ‘in-drought’ or not at a
given point in time, based on the modelled effect of seasonal conditions on farm profits. This
outcome-based indicator is compared against more traditional rainfall-based measures and
farmer self-assessments of drought.
Farmer self-assessment data show differences in the perception of drought across farming types
and regions (even after controlling for differences in climate conditions). The results also show a
trend in drought perceptions over time, with current farmers less likely to self-assess as indrought (for a given level of rainfall) relative to farmers in the past. This trend likely reflects
farmers updating their expectations in-line with shifts in Australian rainfall related to long-term
climate change.
The results show that the new outcome-based drought indicator more accurately represents the
effects of climate on farm outcomes compered to simple rainfall measures. The farm profit
indicator accounts for the circumstances of individual farms, including their mix of cropping
versus livestock activity and their size and location. In particular, the farm profit indicator can
account for rainfall timing effects (relative to the local cropping season) and the effects of
drought on commodity markets (i.e., higher domestic grain and hay prices in drought years).
While these new drought indicators offer greater accuracy, they are more complex and careful
consideration needs to be given to how they would be applied and communicated in practice. In
particular, these indicators would require data and/or assumptions on farm characteristics and
seasonal weather forecasts. Further, they offer assessments of drought for a specific context
(Australian broadacre farms) and may not accurately reflect drought impacts in other farming
sectors or the wider community.
Regardless, these new outcome-based drought indicators have a range of potential applications
including serving as eligibility criteria or early warning systems for government drought
programs or supporting new index-based (parametric) drought insurance products.
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Abstract
Long-standing problems with defining and measuring drought constrain the development of
effective drought policy while also hampering drought research and adaptation. This study
examines drought from the perspective of Australian farmers, drawing on data from the
Australian Agricultural and Grazing Industry Survey and the related farmpredict microsimulation model. Farmer drought self-assessment data are used to identify a range of factors
beyond rainfall which influence farmers perception of drought. The data also show evidence of
trends in farmer drought perception over time related to long-term shifts in the Australian
climate. The farmpredict model is then applied to develop an outcome-based drought indicator
for Australian farms. This indicator measures the effects of seasonal weather conditions on farm
profits, accounting for the characteristics of individual farms, and for the effects of drought on
domestic commodity prices. The results show that this outcome-based drought indicator more
accurately represents the effects of drought on farm profits than simple rainfall percentiles. This
new indicator could help to address information problems which constrain both government
drought programs and private drought insurance markets.
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1 Introduction
Drought is a difficult concept to define and measure. While drought refers broadly to “a
prolonged period of abnormally low rainfall” (OED 2010), there remains long-standing
disagreement over the specifics (Wilhite & Glantz 1985, Mishra & Singh 2010, Parsons et al.
2019). Uncertainty over the definition of drought can be an obstacle both to drought research
and to the development of effective policy responses (Yevjevich et al. 1978, Wilhite & Glantz
1985).
For example, global climate models suggest that the frequency and intensity of drought will
increase, at least in dry sub-tropical regions (Trenberth et al. 2014). However, disagreements
over the definition of drought have made it difficult for researchers to detect changes in drought
in the observational record (Trenberth et al. 2014). Despite this, trends have still emerged in
particular regions such as southern Australia, where global warming has been linked to a longterm decline in winter rainfall (Cai & Cowan 2013) and to recent record drought events (Dijk et
al. 2013).
Discussion of drought policy usually centres on the limitations of short-term drought relief,
relative to a longer-term focus on preparedness, resilience and self-reliance (see Freebairn
1983, Ha et al. 2007, Nelson et al. 2008, PC 2009, Botterill & Hayes 2012, Wilhite et al. 2014).
However, another key problem is the presence of asymmetric information between potential
providers of drought relief (i.e., governments or insurers) and recipients (farms).
Asymmetric information leads to moral hazard / adverse selection problems which hamper
government drought support programs (Ha et al. 2007) in much the same way that they effect
drought insurance markets (Hertzler 2005, Quiggin et al. 1993). In response governments often
seek objective (climate based) drought indicators to serve as policy triggers, in keeping with the
ideas behind index-based weather insurance (Hertzler 2005, Barnett & Mahul 2007). However,
simplistic indicators can lead to problems of ‘basis risk’: where some non-drought affected farms
or regions receive assistance and vice versa. As such, accurate drought indicators can help to
improve the efficiency of drought relief programs, while in the longer-term also supporting the
development of index-based drought insurance markets.
In the literature, a distinction is commonly drawn between meteorological, agricultural and
socio-economic measures of drought (Wilhite & Glantz 1985). Here, meteorological drought
refers broadly to periods of low rainfall, agricultural drought to crop failure from lack of soil
moisture and socio-economic drought to adverse economic and social outcomes, such as
reductions in farm incomes (Nelson et al. 2007) or mental health impacts (OBrien et al. 2014). In
Australia, the work of Gibbs & Maher (1967) established rainfall percentiles as the de-facto
standard measure of meteorological drought. Given their simplicity and availability, these
measures were widely adopted by governments as triggers for drought support programs and
while their popularity has waned, they remain in active use (Hughes et al. 2016).
Economists have long been critical of narrow meteorological definitions of drought, particularly
when used to develop policy responses targeting social and economic outcomes (Nelson et al.
2007, Kokic et al. 2007, Thompson & Powell 1998). While simple and transparent, such
measures are imperfect proxies for agricultural impacts let alone economic and social effects.
Agricultural outcomes depend on a range of factors beyond annual rainfall volume including
temperature and evaporation, and rainfall timing, and can vary greatly with the context: the crop
or pasture type involved, soil type, farm technology, management skill etc. (Wilhite & Glantz
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1985). Economic and social effects also depend on the context, particularly the capacity of farm
businesses and communities to adapt to drought shocks (Nelson et al. 2010).
Ultimately, no single indicator can measure drought from the perspective of all people, locations
or time periods (Wilhite & Glantz 1985). Of more practical value are drought indicators
developed for specific applications which can measure the effects of drought on policy relevant
outcomes, such as farm incomes (Nelson et al. 2007).
This paper presents new economic indicators of drought relevant for Australian broadacre
farms. The study applies a micro-simulation model of Australian broadacre farm profits
farmpredict (Hughes et al. 2019) based on the Australian Agricultural and Grazing Industry
Survey (AAGIS). farmpredict is a statistical model which simulates production and profit at the
farm scale conditional on farm characteristics, commodity prices and prevailing climate
conditions. The model is used to generate a drought indicator reflecting the effects of multiple
climate variables on farm profits. This modelled ‘outcome-based’ indicator is contrasted with a
simple rainfall decile measure.
While models can establish more accurate relationships between weather data and farm
outcomes, they can’t address more subjective aspects of drought. In practice, other factors are
likely to influence a farmer’s perception of drought beyond profitability, including the economic
and social environment and a farmer’s own personal circumstances and background (Dunien et
al. 2015). Farmer perceptions are important because they often play a key role in motivating
changes in policy during droughts (see Botterill 2003).
One practical way to examine farmers’ perception of drought is with survey data. Farmer selfassessments of seasonal conditions (including the presence or absence of drought) have been
collected in the AAGIS since 1992-93. These results provide some insight into farmer
perceptions of drought and how they differ from more objective measures. The results also
indicate how Australian farmers’ perception of drought has changed over the last 30 years, as
trends towards hotter and drier conditions have started to emerge, adding to recent literature
concerned with farmer climate change beliefs (Niles & Mueller 2016, Prokopy et al. 2015).
This article proceeds as follows. Firstly, the data sources and methods are described including a
brief overview of the farmpredict model. Second, data on farmer drought perceptions are
presented, including estimates of trends in drought perception over time. Third, our new
outcome-based drought indicator is compared against both standard meteorological indicators
(rainfall / soil moisture percentiles) and farmer self-assessments. Finally, some thoughts are
offered on how these indicators might be applied in practice.
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2 Methods
This study makes use of farmpredict (Hughes et al. 2019): a data-driven micro-simulation model
of Australian farms based on the Australian Agricultural and Grazing Industry Survey (AAGIS).
The data sources, including AAGIS and climate data, are detailed below. A brief overview of
farmpredict is then provided, followed by a description of the drought indicators developed for
this study.

2.1

Data

2.1.1

Farm data

ABARES collects detailed physical and financial information from around 1,600 broadacre
(extensive non-irrigated cropping / livestock) farms across Australia each year. AAGIS data are
all collected through face-to-face interviews with the owner or manager of the farm. AAGIS
includes farms across five industry categories (as defined by ANZSIC 2006): Cropping specialists,
Mixed cropping-livestock, Beef, Sheep and Sheep-Beef. This study makes use of a sample of 43,581
farm observations from AAGIS over the period 1988-89 to 2018-19. For more detail on the
AAGIS data set constructed for the farmpredict model (and used throughout out this study) see
Hughes et al. (2019).
Of particular interest in this study are the seasonal conditions assessment data collected in
AAGIS since 1992-93. The survey asks farmers to categorise the conditions on their farm over
the preceding financial year, on a five-point scale ranging from: flood, above average, average,
below average to drought. Based on this data a binary variable for the assessment of drought 𝐷𝑖𝑡𝑍
(Z_conditions_4) is included as a target (dependent) variable in the farmpredict model (see
Hughes et al. 2019). Figure 1 shows the proportion of AAGIS farms which assessed themselves
as ‘in drought’ between 1992-93 and 2018-19.

Figure 1 : Proportion of AAGIS farms self-assessing as ‘in drought’, 1992-93 to 2018-19
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2.1.2

Climate data

Location specific climate data are matched to each of the farms in AAGIS. Climate data are
obtained from a number of sources: monthly rainfall and temperature data are sourced from the
Australian Water Availability Project (AWAP) (Raupach et al. 2009); soil moisture data from the
Bureau of Meteorology (BoM) Australian Water Resources Assessment Landscape model
(AWRA-L) (Frost et al. 2016) and daily rainfall and temperature data for Australian weather
stations from the Scientific Information for Land Owners (SILO) database (Jeffrey et al. 2001).
Both AWAP and AWRA-L provide spatial data for Australia on a 0.05 degree (around 5km) grid.
Monthly data for rainfall, average maximum and minimum temperatures and soil moisture were
matched to each farm using the spatial co-ordinates and land area. Daily rainfall and
temperature data were matched to farms on the basis of nearest weather station.
A range of climate variables are constructed for the farmpredict model, across a combination of
different climate measures (including rainfall volume, mean max. and min. temperatures, soil
moisture and temperature and rainfall extremes) and time periods / seasons (e.g., winter,
summer, spring etc.) of relevance to Australian broadacre farms (see Hughes et al. 2019 for
details).

2.2

farmpredict - a model of Australian broadacre farms

farmpredict Hughes et al. (2019) is a data-driven microsimulation model of Australian broadacre
farm based on historical data from the AAGIS. 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 prices, fixed inputs, climate conditions and other
farm characteristics (Figure 2).

Figure 2 An overview of the farmpredict model

Unlike other comparable models (see Kokic et al. 2007, Antle & Capalbo 2001), farmpredict links
farm production directly with observed climate data rather than bio-physical models, to create a
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statistical model of the joint farm economic and bio-physical system. Non-parametric regression
methods are used to estimate relationships between farm production and a range of climate
variables and other controls (e.g., farm fixed inputs, commodity prices). Machine learning
methods are used to select a subset of climate variables relevant for each equation in the model
(see Hughes et al. 2019).
A simulation model is then developed, applying standard farm accounting rules to derive
estimates of revenues, costs, changes in stock holdings and profits. Key financial outputs from
the model include farm cash income and farm business profit (in accordance with AAGIS
definitions). In brief, farm cash income is defined as farm revenue less farm costs for a given
financial year, while farm business profit is farm cash income less deductions for depreciation
and the value of family labour, plus changes in inventory / stocks (including changes in livestock
holdings). Here the model accounts for changes in key farm stocks including those of major
crops (e.g., wheat, barley, sorghum) and livestock (cattle and sheep).
Hughes et al. (2019) measure the performance of the model with out-of-sample validation tests.
The model accurately recreates variation in farm profits associated with climate including
decreases in drought years. The model establishes detailed relationships between climate
variables and farm outcomes, broadly consistent with prior expectations: such as links between
winter rainfall and winter crop yields, summer rainfall and summer crop yields. Stronger
temperature effects are observed on livestock farms (relative to cropping farms) particularly
with beef cattle birth and death rates (see Hughes et al. 2019).

2.3

Drought indicators

In keeping with the AAGIS data, the drought indicators presented in this study operate on a
financial year timescale. To produce up-to-date estimates of drought the model needs to
incorporate forecasts (combining year-to-date climate data with remainder of year forecasts) to
measure likely effects of drought for the financial year in progress.
To begin, we define a simple rainfall drought indicator 𝐷𝑖𝑡𝑅 for a given farm 𝑖 in year 𝑡 as:
𝑃𝑁
𝐷𝑖𝑡𝑅 = 1, if 𝑅𝑖𝑡 < 𝑅𝑖𝑡
𝑃𝑁
where 𝑅𝑖𝑡 is observed rainfall for financial year 𝑡 at farm location 𝑖, and 𝑅𝑖𝑡
is a percentile 𝑃 for
rainfall at that location calculated over the historical reference period 𝑡 − (𝑁 + 1) to 𝑡 − 1.

Here a moving reference period (based on the preceding 𝑁 years) is used as a way of accounting
(at least partially) for non-stationarity in temperature and rainfall data due to climate change.
Alternative options (which are left for future research) include the use of near-term climate
change projections or some combination of projections and recent historical data (see Hennessy
et al. 2008, Smith & McKeon 1998).
In addition to rainfall we also define an equivalent soil moisture indicator 𝐷𝑖𝑡𝑆 based on annual
root-zone soil moisture data (which itself is a function of rainfall data via the AWRA-L model,
Frost et al. 2016).
Next to define our outcome based drought indicator, we apply the farmpredict model to simulate
̂𝑖𝑡𝑠 with period 𝑡 farm fixed inputs, technology and (global) commodity
farm business profit 𝛱
prices, for a series of climate years 𝑠 ∈ 𝑠 = 𝑡 − (𝑁 + 1), . . . , 𝑠 = 𝑡.
Note that while (global) commodity prices are held fixed in these model simulations they do
account for the effects of climate variability on domestic grain and fodder prices. In years of
severe drought domestic production of grain falls and demand rises to the point where Australia
can become an importer of grain. As a result, price gaps can emerge between domestic and
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global prices given the transaction costs involved in reversing traditional supply chains
(including both logistical and regulatory / biosecurity constraints, see Xia et al. 2019). These
effects are represented via simple linear models of domestic-international grain price spreads
(detailed in Appendix B).
From these simulation results we can then define a model-based farm profit measure 𝐷𝑖𝑡𝛱 :
̂𝑖,𝑡,𝑡 < 𝛱
̂𝑖𝑡𝑃𝑁
𝐷𝑖𝑡𝛱 = 1, if 𝛱
̂𝑖𝑡𝑠 . Note that while this drought indicator is conditional on
where 𝛱𝑖𝑡𝑃𝑁 is a defined percentile of 𝛱
the characteristics of each farm and of other prevailing non-climate factors (such as commodity
prices) it is, for a given farm 𝑖 and time period 𝑡, a function only of climate data. Note that this
model-based indicator is farm rather than location specific, such that different results could be
obtained at the same location for different types of farms.
̂

Finally, the model predictions of farmer drought self-assessments 𝐷𝑖𝑡𝑍 provide something of an
alternative drought indicator. This indicator reflects the likelihood that a farmer would selfassess as in drought, given both their farm characteristics and the prevailing weather conditions.
Similar to our profit-based measure, this indicator is, for a given farm 𝑖 and time period 𝑡, a
function only of climate data.
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3 Results
3.1

Farmers’ perception of drought

Appendix A lists a range of variables identified by the farmpredict model as determinants of
farmer drought assessment (Table 4). These results are supported by a simple probit regression
of 𝐷𝑖𝑡𝑍 also presented in Appendix A (Table 5). As would be expected rainfall and temperature
(relative to expected / historical levels) are key drivers of drought from the perspective of
farmers. However, a number of other factors are also identified.
Firstly, clear regional differences emerge with farmers in NSW and QLD reporting drought more
often than farmers in other states (Vic., SA and WA) (controlling for differences in climate
conditions). Over the period 1992-93 to 2018-19 farmers in QLD and NSW reported drought
around 30% of the time, compared with an average of around 12% across the other states.
Under a statistical definition of drought, large regional differences in frequency should not
persist, although small differences can emerge where climate is non-stationary (see Table 1).
The results are suggestive of cultural differences amongst farmers in these states, which may be
partly related to the different approaches to drought policy historically adopted by state
governments.
Secondly, both models find a strong positive association between prices of livestock feed and
farmer drought assessment. The results point to an indirect drought mechanism: drought
conditions can reduce production of, and increased demand for, grain and hay and ultimately
lead to higher domestic prices (see Appendix B). As such, in years of wide-spread drought some
livestock farmers with near average weather conditions may still consider themselves to be
drought affected (and some grain farmers may consider themselves less drought affected). This
indirect transmission of drought via input prices is likely to be an even larger issue in nonbroadacre farming sectors such as irrigation (water prices) and dairying (feed prices).
Third, a number of farmer characteristics are also found to be correlated with drought
assessments. Farmers who are older and less educated are (all else held constant) more likely to
self-asses as in-drought, as are farmers with higher levels of debt and higher off-farm incomes
(which can be a proxy for less profit focused ‘hobby’ farmers).
Finally, both models find evidence of a negative trend in drought assessments over time: all else
held constant, current (2019) farmers are less likely to assess as in-drought compared with past
(1993) farmers (see, Figure 3, Figure 4 and Appendix A). These changes in drought perception
tend to be strongest in regions which have been more heavily affected by declines in rainfall
over the last 20 years, particularly in the south-western and south-eastern Australian cropping
regions. Conversely, opposite (increasing) trends in drought assessments have been observed in
a small number of regions in northern Australia where average rainfall has increased over the
last 20 years. The negative trend in drought assessments is also strongest during the years
immediately following the ‘Millennium Drought’ (2009-10 to 2014-15, Figure 3).
Overall, these results suggest that farmers have adjusted their drought expectations over time to
align with the shifting climate. These changes in drought perception could also reflect farmer
adaptation to the shifting climate (including, for example, adoption of new cropping practices
which have increased productivity under dry conditions, see Hughes et al. 2017). More generally
they support the idea that climate impacts can have some influence over farmer climate change
beliefs. For example, Prokopy et al. (2015) provide a cross-country comparison showing that
farmer beliefs in climate change (both its occurrence and its anthropogenic origins) are stronger
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in Australia where declines in rainfall have been more pronounced relative to either the US,
Europe or New Zealand. In contrast, concern over climate change in the general Australian
population is below the international median (and is well below that observed in Europe, see
Pew Research 2019).

Figure 3 Modelled average annual frequency of farmer drought self-assessment by farm
(management / technology) year 1992-93 to 2018-19 (for the fixed climate sequence 199293 to 2018-19)

̂𝑖𝑡𝑍 for
Note: Figure 3 presents scenario results from farmpredict showing the average simulated drought assessment 𝐷
farms in each (management / technology) year 1992-93 to 2018-19 for the same fixed climate sequence (1992-93 to
2018-19) (see Appendix A).

Figure 4 Trend in farmer drought self-assessments (1992-93 to 2018-19, left) and long-run
change in rainfall (2000-01 to 2019-20 relative to 1949-50 to 1999-2000, right)
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3.2

Drought indicator comparison

In this section we compare three candidate drought indicators: rainfall 𝐷𝑖𝑡𝑅 , soil-moisture 𝐷𝑖𝑡𝑆 and
farm profit 𝐷𝑖𝑡𝛱 . For each indicator we apply a 10th percentile threshold and use a 30-year
̂

reference period (𝑃 = 10, 𝑁 = 30). For now, we exclude 𝐷𝑖𝑡𝑍 as a candidate drought indicator,
although for comparison purposes we compare each of the above these indicators against
observed farmer self-assessment data for the period 1992-93 to 2018-191. Annual average
results are shown in Figure 5 and Table 7 (Appendix A). Results for key farm industry / region
groups are shown in Table 1.

Figure 5 Average annual occurrence of drought by indicator

Note that the average drought frequency over the period 1992-93 to 2018-19 is greater than
10% under all indicators, reflecting the non-stationary climate over the period (particularly the
downward trends in rainfall). The rainfall and profit indicators both result in an average drought
frequency of 17%. Farmer drought assessments are based on subjective judgments and do not
involve explicit percentile thresholds; however the average frequency is similar at 21%.
As shown in Figure 5 the major drought years over the period include 1994-95, 2002-03, 200607 and 2018-19 although most indicators find at least some farms to be ‘in-drought’ in all years.
Figure 5 shows a reasonable level of agreement between the different indicators at the
aggregate level, however some key differences exist.
For example, during the 1994-95 drought the rainfall and soil-moisture indicators
underestimate drought incidence relative to the profit indicator and farmer assessment data,
due largely to rainfall timing issues. Winter growing season rainfall (the key climate driver for

Observed farmer assessments are not a viable drought indicator in practice because they remain subject
to moral hazard. Moral hazard issues could be overcome by using model predictions of farmer selfassessments, however, as shown in the results farmer self-assessments (both observed and modelled)
appear to be subject to significant subjective bias.
1
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southern and western Australian cropping farms) was extremely low in this year, while rainfall
in the summer season and latter parts of the financial year were closer to average.

Table 1 Average drought occurrence (%) by farm group (1992-93 to 2018-19)
Rainfall, 𝐷𝑖𝑡𝑅

Soil moisture, 𝐷𝑖𝑡𝑆

Profit, 𝐷𝑖𝑡𝛱

Farmer assessments, 𝐷𝑖𝑡𝑍

Beef - Northern

17

15

17

31

Beef - Southern

17

19

15

19

Sheep - Lamb

22

21

17

19

Sheep - Mixed

18

19

18

23

Cropping - Northern

21

21

19

24

Cropping - Southern

14

17

15

21

Cropping - Western

12

15

17

9

All farms

17

18

17

21

These rainfall timing problems are a long-standing concern with annual rainfall percentile
measures2 . The profit indicator (given the estimated farmpredict climate relationships)
naturally puts more emphasis on the most relevant climate variables for each region / industry
(e.g., winter rainfall for winter crop farms and summer rainfall for summer crop farms). A
similar divergence is observed in 2017-18, where extremely hot and dry summer conditions
lead to a spike in drought incidence under the soil moisture measure, despite these conditions
having limited effect on 2017-18 farm financial outcomes.
As shown in Table 1, beef farms in northern Australia self-assess a higher frequency of drought
(greater than 30% on average) than estimated under any of our drought indicators (14 to 16%),
while western Australian cropping farmers report lower drought frequency (9% on average)
than the drought indicators (12 to 17%). As discussed, these differences are likely to at least
partly reflect subjective historical / cultural differences between farmers in these regions.
Table 2 compares the level of agreement between the three drought indicators at the farm level
on the basis of F-scores (see Chinchor and Sundheim 1993). While the indicators show strong
correlation at the aggregate level (Figure 5, Table 1), large differences exist at the farm level,
particularly between the farm profit indicator and rainfall / soil moisture measures.

While these might be addressed by the adoption of cropping season rainfall measures, implementing this
approach on a national basis (without a whole farm model) is difficult given variations in cropping
seasons across Australia, the presence of both summer and winter crops, and large numbers of mixed
farms engaged both in livestock and opportunistic cropping.
2
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Table 2 Farm-level agreement between drought indicators (F-score)
Rainfall

Soil
moisture Profit

Farmer
assessment

Farmer assessment
(modelled)

Rainfall, 𝐷𝑖𝑡𝑅

1.00

0.62

0.38

0.43

0.45

Soil moisture, 𝐷𝑖𝑡𝑅

0.62

1.00

0.41

0.44

0.46

Profit, 𝐷𝑖𝑡𝛱

0.38

0.41

1.00

0.47

0.48

Farmer assessment
(actual), 𝐷𝑖𝑡𝑍

0.43

0.44

0.47

1.00

0.90

Farmer assessment

0.45

0.46

0.48

0.90

1.00

̂
(modelled) 𝐷𝑖𝑡𝑍

Benchmarking results are shown in Figure 6 and Table 3 measuring the correlation between
each of the drought indicators and observed farm financial outcomes. These results compare
annual change in drought occurrence at a region level using AAGIS region boundaries with
annual changes in farm rates-of-return (profit over capital holdings) and in the percentage of
farms with negative profits.

Figure 6 Correlation between drought indicators and farm financial outcomes
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Table 3 Correlation between drought indicators (annual change in regional drought
occurrence) and farm profits (annual change in regional farm rate-of-return)
Profit

Rainfall

Soil moisture

Farmer assessment

Beef - Northern

0.25

0.05

0.09

0.21

Beef - Southern

0.23

0.11

0.08

0.30

Sheep - Lamb

0.15

0.11

0.09

0.21

Sheep - Mixed

0.15

0.02

0.03

0.10

Cropping - Northern

0.51

0.23

0.27

0.59

Cropping - Southern

0.59

0.16

0.16

0.45

Cropping - Western

0.46

0.21

0.26

0.50

All farms

0.40

0.14

0.18

0.36

Unsurprisingly, the profit-based indicator shows higher correlation with farm outcomes than
rainfall, however the magnitude of this difference is rather dramatic (Figure 6). Ultimately,
rainfall indicators are weakly related to farm outcomes (with soil moisture offering only a
marginal improvement).
The model-based indicator also manages to outperform farmer self-assessments of drought in
terms of overall correlation with farm profits. As farmer self-assessments are based on direct
observation, they have an obvious advantage in being free from modelling error (although this
also rules them out as drought indicators due to moral hazard issues). The ability of modelbased indicators to match and even outperform farmer self-assessments can be explained partly
by farmer subjective bias (particularly large regional differences) and by legitimate
consideration by farmers of other non-profit factors such as natural capital or mental health
impacts.
Figure 7 and Figure 8 present drought indicator (profit/rainfall percentile) maps for 2018-19 (a
year of wide-spread drought). These maps are generated by interpolating farm level results,
such that the resolution varies with the number / size of farms in the sample at each location.
There are important differences between indicators when results are examined at a regional
level. The model-based indicator generates a slightly lower average drought frequency for 201819 (44%) than the rainfall-based measure (47%). This difference occurs mostly in the cropping
sector, driven largely by rainfall timing effects but also grain / hay price effects (high domestic
grain and hay prices which lessen the financial impact of drought on cropping farms, see
Appendix B). This is seen most clearly in south-western WA where the profit-based indicator
shows average to above average conditions in 2018-19 (due largely to elevated grain prices).
Despite showing a lower incidence of drought overall, the model-based indicator finds more
severe conditions occurring in central NSW and south-western QLD.
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Figure 7 Model-based profit percentile map, 2018-19

Figure 8 Annual rainfall percentile map, 2018-19
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4 Conclusions
This study considers the measurement of drought from the perspective of Australian broadacre
farmers. Survey data recording farmer drought self-assessments were used to identify drivers of
drought beyond observed weather conditions. The results show systematic differences in farmer
perception of drought across regions and industries: farmers in NSW and QLD were more likely
to assess as in drought compared with other states, as were farms in the livestock sector
compared with cropping. Farms with higher farm debt, higher off-farm incomes and older and
less educated farm managers were also more likely to assess as in-drought.
The data show significant change in farmer drought perception over time, with current farmers
less likely to assess as ‘in-drought’ (for a given level of rainfall) relative to farmers in the past.
This could reflect farmers updating climate expectations in-line with observed shifts in rainfall
and temperature. Regions where average winter rainfall has declined significantly over the last
two decades (such as south-eastern and south-western Australia) show the strongest change in
drought perception. These results illustrate the challenges of defining drought in the context of
climate change, where history can become an unreliable benchmark for current conditions.
This study presents a new model-based drought indicator for Australian broadacre farms, based
on the farmpredict micro-simulation model (Hughes et al. 2019). The model is used to simulate
the effects of climate conditions on farm profits, holding all other factors constant. These
simulation results are then used to define a drought indicator which is evaluated against more
traditional meteorological measures based on rainfall data.
The results show this farm profit-based indicator more accurately represents the effects of
climate on farm outcomes compared with simple rainfall and soil moisture measures. The farm
profit indicator can account for the circumstances of individual farms, including their mix of
cropping versus livestock activity and their size and location. In particular, the farm profit
indicator can account for rainfall timing effects (relative to the local cropping season), a
limitation of annual rainfall measures.
The farm profit indicator is also able to account for indirect effects of drought transmitted
through commodity prices. In drought years, Australian grain and hay prices tend to increase
(above world market prices) increasing the profits of some farms (grain producers) and
decreasing the profits of others (livestock farmers). These price changes influence the nature of
drought year effects. For example, with high fodder prices some livestock farmers could be
considered drought affected even if their local rainfall levels would indicate otherwise.
While these new drought indicators offer greater accuracy than traditional measures, they are
more complex and careful consideration needs to be given to how they would be applied and
communicated in practice.
Firstly, unlike rainfall metrics these indicators are farm rather than location specific. Ideally,
they should be applied on a farm business basis which would require governments (or private
insurers) to obtain basic farm level information (e.g., location, land area, industry, number of
livestock, etc.). Alternatively, results could be generated for pre-defined farming groups (e.g., by
region, industry, size, etc.)
Secondly, these new indicators operate on a fixed financial year time step. While this is
important in addressing timing effects, it means that seasonal climate forecasts are required to
generate current estimates. While adding complexity, the use of forecasts means these
indicators could also support a Drought Early Warning System (Wilhite et al. 2014)
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Third, these model-based indicators are suited to broadacre farming systems and will be of
limited value for other farm sectors such as dairy or irrigation. Further, these indicators do not
measure regional or community drought exposure, which will depend on a wide range of factors
beyond farm business outcomes (see Nelson et al. 2010). As such, while suited to programs
focused on farm outcomes, programs with broader goals (for example community mental
health) would require alternative indicators.
While the indicators presented in this study could help to support existing and future
government drought-related programs, they also serve to reinforce the limitations of a shortterm approach to drought policy. For example, the results show that drought is a persistent
feature of the industry rather than a rare event, such that in almost all years at least some farms
are assessed as ‘in-drought’. Drought is also highly localised such that even in years of
widespread drought as many as half of all farms may not be considered drought affected.
Further, the indicators show that drought effects are highly farm specific such that outcomes can
vary greatly even for farms in the same region facing similar weather conditions.
The idiosyncratic nature of drought helps to illustrate the potential value of farm-specific indexbased insurance. While concerns remain over the viability of index-based insurance markets
given various practical constraints (including the potential for public drought programs to
‘crowd out’ private insurance, see Ha et al. 2007, Nelson et al. 2008) their feasibility should
improve over time as new technologies and data sources help to reduce basis risk.
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Appendix A: Additional results
4.1

Farmers perception of drought

Table A 1 shows the feature (explanatory variable) importance scores for the 𝐷𝑖𝑡𝑍
(Z_conditions_4) equation of farmpredict (variables with higher scores have larger effects on the
model predictions). The most important variables include winter growing season (AprilOctober) rainfall, farm longitude, long-run average rainfall, and fodder (livestock feed) prices.
For variable definitions see (Hughes et al. 2019).

Table A 1 farmpredict model variable importance scores for 𝑫𝒁𝒊𝒕
Importance
W_winter_rain

0.18

Z_long

0.08

Z_rain_avg

0.07

p_sorghum

0.06

p_fodder

0.05

W_FY_rain

0.04

W_win_tmin

0.04

Z_lat

0.04

W_FY_rain _L1

0.03

W_summer_gdd

0.03

W_sum_rain

0.03

p_sheep

0.02

W_summer_moist

0.02

W_aut_rain

0.02

W_sum_tmax_L1

0.02

W_aut_rain _L1

0.02

p_beef

0.02

W_summer_rain_L1

0.02

W_spr_rain

0.02

W_FY_moist

0.02
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Table A2 shows estimation results for a farm level probit regression of farmer drought
assessment 𝐷𝑖𝑡𝑍 against a range of explanatory variables. Here all explanatory variables are as
defined in Hughes et al. (2019) expect for W_rain_FY_dot (financial year rainfall relative to longrun average), Z_debt_op_dot (opening farm debt relative to total capital holdings) and
Z_nonfarmincome_dot (non-farm income relative total capital holdings).

Table A 2 Probit regression for farmer drought assessment 𝑫𝒁𝒊𝒕
Coefficient

Standard Error

P-value

Constant

4.563

5.94

0.44

Z_ind_2

0.069

0.03

0.02

Z_ind_3

0.146

0.03

0.00

Z_ind_4

0.205

0.03

0.00

Z_ind_5

0.271

0.04

0.00

Z_state_2

-0.403

0.03

0.00

Z_state_3

-0.074

0.03

0.02

Z_state_4

-0.451

0.04

0.00

Z_state_5

-0.483

0.04

0.00

Z_state_6

0.195

0.06

0.00

Z_state_7

-0.927

0.08

0.00

K_total_capital_op

-2.72E-09

0.00

0.02

S_beef_op

6.01E-06

0.00

0.06

S_sheep_op

-5.98E-06

0.00

0.01

p_fodder

1.127

0.06

0.00

p_wheat

-0.906

0.08

0.00

p_sorghum

1.204

0.09

0.00

p_sheep

-0.783

0.11

0.00

Z_debt_op_dot

0.297

0.06

0.00

Z_age

0.023

0.01

0.00

Z_age2

-2.00E-04

0.00

0.00

Z_edu_1

0.372

0.29

0.19
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Z_edu_2

0.17

0.05

0.00

Z_edu_3

0.064

0.02

0.00

Z_nonfarmincome_dot

0.691

0.34

0.05

year

-0.003

0.00

0.40

Z_rain_avg

0.051

0.00

0.00

W_FY_rain

-0.027

0.00

0.00

W_rain_FY_dot

-0.854

0.12

0.00

W_winter_rain

-0.024

0.00

0.00

W_summer_rain

0.001

0.00

0.45

W_FY_rain_L2

-0.025

0.00

0.00

W_FY_moist

-0.931

0.22

0.00

W_summer_tmax

0.007

0.01

0.19

W_winter_tmin

-0.074

0.01

0.00

Sample size

35,684

Psuedo-R2

0.31

LLR P-value

0.00

Table A 3 presents scenario results from farmpredict showing the average simulated drought
̂𝑖𝑡𝑍 for farms with current (2019) technology and historical technology (2013) for an
assessment 𝐷
equivalent climate sequence (1992-93 to 2018-19). For most regions, current farmers are
assessing as ‘in-drought’ less often than past farmers. The table also shows percentage change in
annual rainfall over the last 20 years (2000-01 to 2019-20 relative to 1949-50 to 1999-2000).

Table A 3 Change in farmer self-assessment of drought, 2019 relative to 1993 by AAGIS
region
̂ 𝒁𝒊𝒕
Modelled drought self-assessment, 𝑫

Rainfall change
since 2000

1993 farms

2018
farms

QLD: South Coastal

34.7

26.0

-8.7

-8.7

NSW: Riverina

27.9

20.4

-7.5

-10.0

VIC: Mallee

24.7

17.5

-7.3

-11.0
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QLD: Darling Downs /
Highlands

35.0

27.8

-7.2

-9.6

NSW: Far West

44.2

37.8

-6.4

-7.1

VIC: Central North

15.8

10.3

-5.5

-12.2

WA: North and East Wheat
Belt

10.6

5.2

-5.4

-9.3

QLD: Eastern Darling Downs

47.9

42.7

-5.3

-10.9

NSW: North West

33.1

28.6

-4.5

-8.2

NSW: Central West

33.8

29.3

-4.5

-8.1

QLD: North Coastal

17.1

13.0

-4.1

-3.4

SA: Eyre Peninsula

6.7

3.1

-3.6

-5.8

SA: North Pastoral

19.5

16.8

-2.7

-8.9

TAS: Tasmania

13.8

11.5

-2.3

-7.7

VIC: Wimmera

9.2

7.5

-1.7

-11.4

SA: Murray / Yorke
Peninsula

5.0

3.5

-1.5

-5.7

32.4

31.0

-1.4

-8.6

WA: Central South Wheat
Belt

2.1

1.1

-1.0

-8.1

VIC: Southern-Eastern

5.7

5.1

-0.5

-10.4

SA: South East

1.7

1.6

-0.1

-4.4

NSW: Coastal

10.6

10.7

0.1

-6.7

4.6

5.6

1.0

10.2

QLD: West and South West

32.8

34.1

1.3

1.3

QLD: Charleville - Longreach

33.2

35.5

2.3

-4.6

QLD: Central North

19.6

22.5

2.9

0.7

NSW: Tablelands

QLD: Cape York and Gulf

* Annual average rainfall change calculated for AAGIS farms within each region comparing the period
2000-01 to 2019-20 to 1949-50 to 1999-2000.
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4.2

Drought indicators

Table A 4 Average annual results for drought indicators and farmer self-assessment of
drought
Rainfall, 𝐷𝑖𝑡𝑅

Soil moisture, 𝐷𝑖𝑡𝑆

Profit, 𝐷𝑖𝑡𝛱

1988-89

0.01

0.00

0.07

1989-90

0.02

0.02

0.02

1990-91

0.15

0.06

0.09

1991-92

0.09

0.07

0.21

1992-93

0.15

0.13

0.13

0.18

1993-94

0.04

0.09

0.10

0.21

1994-95

0.29

0.30

0.42

0.50

1995-96

0.05

0.03

0.10

0.14

1996-97

0.06

0.04

0.03

0.08

1997-98

0.19

0.29

0.14

0.21

1998-99

0.05

0.05

0.09

0.05

1999-00

0.08

0.11

0.08

0.06

2000-01

0.11

0.13

0.10

0.09

2001-02

0.25

0.35

0.11

0.20

2002-03

0.59

0.59

0.58

0.52

2003-04

0.06

0.03

0.09

0.21

2004-05

0.06

0.14

0.13

0.31

2005-06

0.22

0.12

0.19

0.27

2006-07

0.50

0.58

0.53

0.72

2007-08

0.26

0.14

0.14

0.35

2008-09

0.12

0.23

0.17

0.28

2009-10

0.05

0.05

0.08

0.16

2010-11

0.07

0.08

0.09

0.05

2011-12

0.01

0.09

0.12

0.00

2012-13

0.27

0.08

0.08

0.06

2013-14

0.20

0.11

0.15

0.18
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2014-15

0.28

0.12

0.13

0.10

2015-16

0.09

0.18

0.16

0.15

2016-17

0.01

0.01

0.05

0.04

2017-18

0.25

0.43

0.14

0.25

2018-19

0.47

0.51

0.44

0.49
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Appendix B: Climate adjusted prices
As standard, farmpredict takes national prices for inputs and outputs as exogenous. While most
Australian commodity prices are determined in world markets, large differences between
domestic prices and world prices can emerge for some commodities (grain) in drought years. In
years of severe drought (such as experienced during 2019-20) domestic production of grain falls
(and demand largely for livestock feed increases) to the point where Australia can become an
importer of grain. Given the transaction costs involved in reversing traditional supply chains
(including both logistical and regulatory issues) large spreads can emerge between the domestic
and international prices.
For this study, a simple statistical model of Australian grain prices was developed which links
the spread between domestic and international prices with national climate conditions. Linear
models are estimated using annual historical data over the 31year period from 1988-89 to 201819 (drawn from AAGIS / farmpredict and ABARES commodity data). Models are estimated for
wheat, barley and sorghum price spreads, plus a model for domestic fodder (e.g., hay) prices as
outlined in Table B 1 and Table B 2 below. These simple models can explain the historical
variation in grain price spreads relatively well (see Figure B 1) including spikes in drought years
(1994-95, 2002-03, 2006-07 and 2018-19).

Table B 1 Variables used in grain price spread models
Label

Description

p_wheat_s

Ratio of average domestic farm wheat prices received to world indicator price (US
no. 2 hard red winter wheat, fob Gulf)

p_barley_s

Ratio of average domestic farm barley prices received to world indicator price
(France feed barley, fob Roeuen)

p_sorghum_s

Ratio of average domestic farm sorghum prices received to world indicator price
(US no. 2 Yellow sorghum fob Gulf)

p_wheat_s

Domestic fodder price index (in real terms)

S_hay_op_sum

Total opening farm hay stocks (1 July)

beef_rain

Average rainfall for last 24 months on Australian beef farms

crop_win_rain

Average April to October rainfall for Australian cropping farms in southern
Australia (Vic., NSW, WA, SA, TAS)

year

Financial year

crop_sum_rain

Average rainfall November to March on cropping farms in Northern Australia
(NSW, QLD).

p_sorghum_barley

Ratio of world sorghum to barley prices

p_wheat_barley

Ration of world wheat to barley prices

pw_hat

Simulated wheat price (world price times predicted price spread)
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Table B 2 Grain price spread regression results
Explanatory
variables
Intercept
S_hay_op_sum
beef_rain
beef_rain×crop_win_rain
crop_win_rain
crop_win_rain2
crop_win_rain×beef_rain
year
log_crop_sum_rain
p_sorghum_barley
p_wheat_barley
p_wheat_ex
pw_hat
Observations
R2
Adjusted R2

Dependent variable
p_wheat_s
p_barley_s
p_sorghum_s
p_fodder
3.381***
3.952***
4.653***
16.285***
-1.128e-07***
-0.033***
-0.047***
-0.04***
-0.002
0.001***
0.001***
-0.06***
-0.094***
-0.057***
-0.006**
0.0001
0.0002
0.001***
-0.007***
-0.204*
-0.284**
-0.14
0.41***
-0.0004*
0.198
31
0.74
0.684

31
0.76
0.713

31
0.63
0.56

Figure B 1 Actual and fitted wheat price spread (domestic/international)
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Given a set of world indicator prices the above models can be used to simulate domestic grain
and fodder prices for any given climate scenario. These ‘climate adjusted prices’ can then be
used in farmpredict simulations to account for both the direct effects of climate on farm
production and the indirect effects via changes in grain / fodder prices. These price changes tend
to slightly soften the effects of drought on cropping farms (by increasing prices received) and
slightly exacerbate the effects of drought on livestock farms (by increasing fodder costs).
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