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Executive summary 

Drought affects regions around the world, with potential long lasting social, economic, and 

environmental impacts.  Drought is a recurrent challenge for rural Australia, impacting the 

livelihood of farmers and rural communities, and these challenges are only increasing in frequency 

and severity with increasing climate change.  Mitigating the social and economic impacts of 

drought requires timely policy decisions.  Understanding the relationship between drought driving 

environmental conditions and key social and economic indicators in regions is therefore critical 

and creating policy using evidence-based data-driven tools is vital to appropriately assign 

resources fairly.  

Recently, the former National Drought and North Queensland Flood Response and Recovery 

Agency commissioned the Nous Group to develop a set of social, economic, and environmental 

drought indicators for Australia (Nous 2021). While that analysis succeeded in creating potential 

indicators of drought impacts and vulnerabilities, they were not able to link the environmental 

drivers intuitively associated with drought to predict the social and economic impact. In a previous 

study, we used the data produced by Nous to explore the possibility of predicting social and 

economic impacts as a function of environmental factors that influence drought. Highlighting the 

nonlinear, complex nature of drought, we succeeded in creating a prototype analysis using the 

machine learning model random forests and applied it to the irrigated and dryland cropping 

regions of NSW. That analysis showed a signal where some social and economic indicators may be 

predicted as a function of environmental and stable economic variables of a given region.  

WA’s Department of Primary Industries and Regional Development commissioned the team at 

CSIRO to explore the possibility of adapting the NSW random forest analysis for three participating 

agricultural regions of WA as a part of the Regional Drought Resilience Program. Here we report 

that analysis. Specifically, this report uses two machine learning methods, random forests and 

regression trees, to model 3 social and 5 economic indicators as a function of environmental and 

economic variables representative of a region at three spatial scales, reporting results at the 

Statistical Area 1 (SA1) level.  Environmental variables used for prediction include rainfall, 

temperature, forest fire danger index, soil moisture, vegetative cover, and proportion of bare soil.  

Economic variables for prediction include proportion of agriculture related employment, socio-

economic disadvantage, and economic diversity.   

These models showed robust predictive power for WA in 3 social impact indicators (mental health-

related emergency department visits, episodes of residential mental health-related care, and 

mental health-related community contacts) and 3 economic impact indicators (internet vacancies 

index, social security payments per person, and unemployment rate).  This analysis did not predict 

well the number of debtors in the past quarter and farm-based profit percentile as a function of 

the chosen covariates.   

This analysis highlighted how environmental variables, combined with relatively stable economic 

covariates, can be used to predict social and economic indicators at a given region. However, 

these models showed that while these indicators are climate related, the directional changes in 

the indicators are difficult to consistently attribute to biophysical conditions intuitively associated 
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with drought.  This is likely due to the complex, non-linear nature of drought as well as the fact 

that the social and economic impact indicators used in this research may be influenced by multiple 

factors, of which drought may not be dominant.   
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1 Introduction  

Drought is inherently complex, and impacts multiple environmental (e.g., Eslamian & Eslamian, 

2017), economic (e.g., Horridge et al., 2005; Edwards et al., 2009), and social (e.g., Fritze et al., 

2008; Edwards et al., 2019) factors.  The primary driving conditions of drought are environmental 

(e.g., Seneviratne, 2012), and include temperature, rainfall, and soil moisture, among others.  The 

impact of drought conditions affects farming (e.g., Hughes, 2021) and rural regions on a more 

human scale.   These include social impacts, such as mental health (e.g., Denchak, 2018) and 

reduction in social services (e.g., Edwards et al., 2019), and economic impacts, such as 

unemployment (e.g., Edwards et al., 2019).  Mitigating the human impact of drought is a key goal 

for policy makers.  To ensure objective and fair policy decisions, it is critical to understand how the 

various drivers of drought affect the social and economic impacts of drought.  Therefore, there is 

reason to investigate data-driven modelling methods to predict social and economic impacts 

based on the drivers of drought.   

Recently, the Nous group (Nous), commissioned by the former National Drought and North 

Queensland Flood Response and Recovery Agency (now reorganised into the National Recovery 

and Resilience Agency (NRRA) and the Department of Agriculture, Water and the Environment 

(DAWE), and herein referred to as the Agency), assembled a series of meteorological, hydrological, 

social, and economic drought indicators to aid policy decisions in response to drought and drought 

impacts (Nous 2021).  Their work consisted of creating multiple indices that account for social, 

economic, and environmental impact and vulnerabilities across Australia with the intent of 

providing a robust and granular outlook of drought.  They collected multiple sources of publicly 

available data and interpolated them onto a GIS based data system matched to the Australian 

Bureau of Meteorology’s (BOM) 5 km x 5 km data grid, referred to as the Australian Gridded 

Climate Data (AGCD), part of the Australia Water Availability Project (AWAP).  Nous, in creating 

their economic, environmental, and social indicators, avoided defining drought, noting the 

difficulty and lack of consistency in creating a definition.  While they did validate their indicators 

against potential droughts, they found either weak or no correlations in their indicator suite, 

particularly amongst the social and economic indicators.  Importantly, they were unable to predict 

the social and economic impacts of drought based upon the environmental drivers of drought, 

such as rainfall, temperature, or soil moisture.  

Machine learning methods have become dominant among data-driven prediction methods, 

particularly when the problem is inherently complex and non-linear such as that of drought. For 

example, in the context of drought, machine learning-based methods have been used to predict 

remotely sensed drought indices in the southern United States (Park et al., 2016), Iran (Alizadeh 

and Nikoo, 2018), Ethiopia (Belayneh et al, 2014), and the UK (Bachmair et al., 2016).  The 

algorithms used vary from random forests (Breiman, 2001), support vector machines (Cortes and 

Vapnik, 1995), and artificial neural networks (e.g., Zell et al., 1994), among others.  In Australia, 

Feng et al. (2019) used a version of all three of these machine learning methods to predict another 

remote sensed drought-based index, the Standardized Precipitation Evapotranspiration Index.  

Multiple other uses of machine learning applied to drought are within the literature, and Prodhan 

et al. (2022) recently provided a review of many of these methods.  However, while machine 
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learning has seen a lot of success in the context of predicting drought, most of these methods 

depend on predicting an index that defines drought, not necessarily the impacts of drought, such 

as the social and economic indicators we consider here.   

With the success of machine learning and the need to predict economic and social indicators as a 

function of environmental and economic predictors, in a previous study we explored a random 

forest model using the Nous data suite of indicators applied in New South Wales (NSW).  The focus 

in that exploratory analysis was on the importance of land use type distinguishing dryland from 

irrigated agricultural lands. While that exploratory analysis did not find irrigated farming different 

to dryland agriculture, that analysis showed potential in predicting social and economic indicators 

using environmental and economic predictors from the Nous data suite using random forests.  

Notably, that analysis showed promise with substantial improvements in model performance over 

simple linear models and warranted further exploration.  In response, interest was then in 

suitability of such analysis to areas beyond NSW.   

This analysis is an exploration of the recent CSIRO work modelling social and economic indicators 

in NSW, applied to three regions in the dryland cropping zone of Western Australia.  The 

remainder of the report proceeds as follows.  First, we describe the data created/collected by 

Nous and the subset of the data used for this analysis. Then, we describe the machine learning 

methods used to model the social and economic indicators as a function of environmental and 

economic covariates.  Next, we present the results and conclude with a discussion and 

interpretation of the results.   
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2 Data 

This study uses data collected into a database by the Nous Group who was commissioned by the 

Agency (Nous 2021). The Nous Group developed a set of indicators with the intent of highlighting 

the economic, climatic, social, and environmental impacts of drought.  They specifically set out to 

create indicators that did not rely upon geographical regions or boundaries, such as the Australian 

Bureau of Statistics (ABS) various statistical area (SA) levels.  For that purpose, they projected the 

available data onto the 0.05-degree (approximately 5.0 km) grid used by multiple projects, 

including the Australian Water Availability Project (AWAP) and the Australian Gridded Climate 

Data (AGCD) used by the Bureau of Meteorology (BOM).  This report relies upon the data collected 

by the Nous group.  This section briefly describes the data used and spatial area it was applied to. 

2.1 Spatial Extent 

The methods used for this study focus on three spatial scales: 

- Statistical Area Level 1 (SA1), geographic areas that maximise detail available from 

population census and housing data, as defined by ABS in 2016, 

- Statistical Areas Level 2 (SA2), medium-sized general-purpose areas aggregating SA1s into 

wholes each representing a community that interacts together socially and economically, 

as defined by ABS in 2016, 

- AWAP 0.05-degree (~5km) grid level. 

These three scales can be seen in Figure 1, where the red outline highlights the SA2 boundaries, 

blue shows SA1 boundaries, and black dots show the AWAP grid.  Participating shires for the 

Western Australia Regional Drought Resilience Planning focus in three regions: (i) western regions 

of the Mid West area; (ii) southern regions of the Wheatbelt area; and (iii) northern regions of the 

Great Southern area.  These three areas roughly equate to ABS Statistical Areas Level 3 (SA3) 

regions which cluster groups of SA2s with similar regional characteristics.   

The area of interest is primarily used for dryland agriculture, as defined by the catchment scale 

land use data for Australia (CLUM) from the Australian Bureau of Agricultural and Resource 

Economics and Sciences (ABARES).  Additionally, the land connecting all three regions of interest is 

of similar land use (Figure 2). Given the similarity in land use type extending from the Mid West 

south through the Great Southern Region, this study uses data available from all three regions, 

excluding the SA2 region Meekatharra, which is part of the eastern portion of the Mid West 

region.  This creates a continuous study region connecting all three participating shires as well as 

the rest of the Wheatbelt and Great Southern regions.   
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Figure 1 The full region of interest in this study (left) with subsets including the participating shires from the 

Midwest (top right) and Wheatbelt and Great Southern (bottom right).  Red boundaries indicate SA2 regions while 

blue boundaries indicate SA1 regions.  Black dots indicate locations on the 5 km AWAP grid.  Note that while only 

SA1 regions from the participating shires are shown, data from all SA1 regions in all included SA2s are used for 

analysis. 
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Figure 2 The land use of the area covered by this analysis, as defined by ABARES CLUM data.  The land use type is 

show in the colour key.  The boundaries are the included SA2 regions of interest.  

2.2 Social and Economic Indicators of Drought Impacts 

This section outlines the dependent variables used for the analysis, which we refer to as social and 

economic indicators of the impacts of drought.  This analysis uses 8 social and economic 

indicators. The names of the indicators, their observed data frequency, and years for which 

observed data are available are found in Table 1.   

2.2.1 Social Indicators 

Social indicators of the impacts of drought used for this analysis focus on mental health.  Data are 

obtained from the Australian Institute of Health and Welfare (AIHW).  Data are available at the 

SA3 level from the AIHW website (https://www.aihw.gov.au/reports-data/health-welfare-

services/mental-health-services/data) and are projected onto the AWAP grid using Generalised 

Additive Models (GAMs).  This analysis uses 3 specific social indicators: 

1. Mental health-related presentations to emergency departments per 10,000 population, 

2. Episodes of residential mental health-related care per 10,000 population, 

3. Mental health-related community contacts per 10,000 population,  

These indicators are all available on the annual scale, over multiple years generally since the latter 

half of the 2010 decade.  High values of mental health related variable may potentially showcase 

the impact of drought for an area.  Higher values may especially be expected after prolonged 

exposure to drought conditions.   

 

https://www.aihw.gov.au/reports-data/health-welfare-services/mental-health-services/data
https://www.aihw.gov.au/reports-data/health-welfare-services/mental-health-services/data
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Table 1 The eight social and economic indicators used for this analysis, along with the associated code used to refer 

to the indicator, frequency, and available years. 

TYPE INDICATOR CODE FREQUENCY YEARS 

Social Mental health-related presentations to 
emergency departments per 10,000 population 

mh_ed Annual 2015–2019  

Social Episodes of residential mental health-related 
care per 10,000 population 

mh_res Annual 2013–2019 

Social Mental health-related community contacts per 
10,000 population 

mh_comm Annual 2014–2018 

Economic Number of debtors in the past quarter per 

100,000 population  
debtors_q_pp Quarterly 2007–2019 

Economic Farm-based profit percentile rank score  farmprof_y Annual 2000–2019 

Economic Internet Vacancies Index, all occupations  ivi_tot Monthly 2010–2020 

Economic Social Security payments per person ss_payments_pp Quarterly 2015–2019 

Economic Unemployment rate  unemployment Quarterly 2010–2020 

 

2.2.2 Economic Indicators 

We use economic indicators that are indicators of a regions profit (for example, farm profit) or 

overall wealth (for example, number of debtors). The 5 different economic indicators are: 

1. Number of debtors in the past quarter per 100,000 population (available from 

https://www.afsa.gov.au/statistics/regional-statistics)  

2. Farm-based profit percentile rank score (available from 

https://www.awe.gov.au/abares/research-topics/working-papers/defining-drought) 

3. Internet Vacancies Index, all occupations (available from 

https://lmip.gov.au/default.aspx?LMIP/GainInsights/VacancyReport) 

4. Social Security payments per person (available from https://data.gov.au/data/dataset/dss-

payment-demographic-data) 

5. Unemployment rate (available from 

https://lmip.gov.au/default.aspx?LMIP/Downloads/SmallAreaLabourMarketsSALM/Estimat

es) 

The number of debtors in the past quarter per 100,000 is available quarterly at the SA3 level from 

Australian Financial Security Authority (AFSA).  Data are interpolated onto the grid using a GAM. 

The farm-based profit rank score is generated on an annual scale by ABARES using a model that 

predicts farm profitability as a function of climate amongst other farm data.  Data is generated on 

a 2 km resolution grid and aggregated to the 5 km AWAP grid through a nearest neighbour 

approach.   

The internet vacancies index is obtained from the Labour Market Information Portal (LMIP) as an 

index compared to the earliest observed date, May 2010.  It is a measure of the number of listed 

job ads in an area, and higher values may indicate less impacts from drought for that time.  A 

https://www.afsa.gov.au/statistics/regional-statistics
https://www.awe.gov.au/abares/research-topics/working-papers/defining-drought
https://lmip.gov.au/default.aspx?LMIP/GainInsights/VacancyReport
https://data.gov.au/data/dataset/dss-payment-demographic-data
https://data.gov.au/data/dataset/dss-payment-demographic-data
https://lmip.gov.au/default.aspx?LMIP/Downloads/SmallAreaLabourMarketsSALM/Estimates
https://lmip.gov.au/default.aspx?LMIP/Downloads/SmallAreaLabourMarketsSALM/Estimates
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higher value is indicative of more job listings, and thus may be indicative of that region recovering 

from drought.  Lower values may be indicative of impacts during and post drought.  

Social security payments are available on a quarterly scale from the Department of Social Services 

(DSS) and interpolated onto the AWAP grid from the SA2 level through a GAM model.  Data are 

reported on a per person scale. 

Unemployment rate comes from the LMIP and estimated via the ABS labour force survey.  Data 

are reported quarterly from 2010-2020.  Higher values may indicate that drought is affecting the 

area.  Data are reported on the SA3 and interpolated onto the AWAP grid via GAMs.  Values 

indicate a proportion of the total work force. 

2.3 Environmental, Terrestrial and Economic Indicators Used for 
Prediction 

Variables considered as covariates can be classified into three categories: (i) environmental; (ii) 

terrestrial; and (iii) economic variables.  

All variables are also either available or interpolated onto the 5 km resolution AWAP grid.  These 

variables, used for the prediction of social and economic drought indicators, are found in Table 2.  

Environmental variables are pre-interpolated by the BOM onto the 5 km AWAP grid are sourced 

from BOM and do not need interpolation.  Terrestrial variables are separated from environmental 

solely because they are remote sensed from MODIS satellite imagery.  These are at the 500 m 

scale and are interpolated via nearest neighbour onto the grid. Economic variables are obtained 

from ABS Census data.  Predictor variables are generally formulated in a way to consider historical 

context in order to account for the accumulative nature of drought conditions.   
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Table 2 The environmental, terrestrial, and economic variables included in the analysis as predictors, along with 

their associated code used to refer to the indicator, data frequency and available years. 

TYPE INDICATOR CODE FREQUENCY YEARS 

Environmental Daily average rainfall in past 12 months rain_y Monthly 2000-2020 

Environmental Mean maximum temperature over last 12 
months 

temp_max_y Monthly 2000-2020 

Environmental Average Forest Fire Danger Index over past 
12 months 

ffdi_y Monthly 2000-2020 

Environmental Root zone soil moisture for the past 12 
months as an absolute value 

soil_y_abs Monthly 2000-2020 

Terrestrial Growth in proportion of land that is 
vegetated as a percentile in overall 
distribution of growth over the years 

veg_cov_ygp Monthly 2002-2020 

Terrestrial Relative proportion of land that is vegetated 
in past 12 months as a percentile in overall 
distribution of years 

veg_cov_yp Monthly 2001-2020 

Terrestrial Monthly snapshot of proportion of land that 
is bare soil 

bare_soil_m Monthly 2001-2020 

Economic Hours of agricultural-related employment 
(including downstream manufacturing) as a 
proportion of all employment 

ag_related_empl_prop Quarterly 2001-2020 

Economic Economic Diversity Index (Hachman index 
based on employment by industry division) 

edi Assumed 
constant 

2016 

Economic Index of Relative Socio-Economic 
Disadvantage 

seifa Every 4 
years 

2001-2016 

 

We include 4 different environmental variables.  Rainfall is included by taking the average daily 

values over the preceding twelve months and recorded in mm/day.  Temperature is included by 

calculating the mean maximum temperature over the previous twelve months and reported in 

degrees Celsius.  Forest fire danger index (FFDI) is reported as an average over the preceding 

twelve months. FFDI is calculated by BOM using the Keetch-Byram Drought Index (Keetch and 

Byram, 1968), and combines variables such as temperature, relative humidity, and wind 

speed.  Root soil moisture is calculated using the mean absolute value over the previous twelve 

months using the Australian Water Resources Assessment-Landscape (AWRA-L) model.  Lastly, we 

further consider rainfall, temperature, and FFDI with a time lag.  Specifically, we include in the 

analysis the associated 12 month mean rainfall, temperature, and FFDI in the previous month, 3 

months, and 12 months prior to the observation.  These are indicated in the variable code of our 

analysis by “lag” followed by the number of months (e.g., rain_y_lag1 for average yearly rainfall as 

calculated for the prior month).   

Terrestrial variables provide monthly snapshots of characteristics of the region.  Two variables are 

included that reference vegetated cover: growth in proportion of land that is vegetated as a 

percentile in overall distribution of growth over the years and proportion of land that is vegetated 

in past 12 months as a percentile in overall distribution of years.  Both vegetated variables are 

reported as percentiles, with the first one reporting the growth in average yearly vegetated cover 

as a percentile in the overall distribution of growth over the 20 years while the second is a 

percentile of the average yearly vegetation over the 20 years of data.   
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We include three economic variables that we considered to be stable characteristics of the region, 

rather than ones that are influenced by more transitory droughts. We consider that these factors 

are likely to mitigate or exacerbate the effects of drought on other social or economic indicators of 

the drought and are therefore likely to help explain the resilience of social and economic drought 

indices in response to biophysical indicators of drought rather than attempt to predict how they 

may be influenced by drought themselves.  Agriculture related employment refers to the 

proportion of employment for a given area in relation to all other employment, as a function of 

the number of hours.  This is reported on the quarterly scale, with all months of that quarter 

assumed to have the same value.  The Hachman Economic Diversity index shows the diversity of 

employment for a given region and is assumed constant for a region across time.  Lastly, we 

include the SEIFA index of relative socio-economic disadvantage as defined by the ABS.  Higher 

values may indicate better resilience to drought.  Economic diversity and socio-economic 

disadvantage are more stable over time than the drought indicators we consider and may help 

explain the degree of resilience of a region to drought.  Agriculture related employment may be 

also considered as a drought indicator rather than a covariate, but it is also can represent the 

sensitivity of a region to drought as well (and so is reasonable to consider as a covariate).   

Data are also matched to the month observed and then aligned to the appropriate month of the 

social or economic indicator.   For example, an observation date of mental health-related 

emergency department visits listed in the database as January 2019 will have as covariates listed 

in this section also from January 2019, except the lagged variables.  In the case of rainfall, this 

means the “rain_y” variable (which we will also refer to as current rainfall) will be the average 

rainfall from the end of January 2019 over the previous year, through February 2018.  The 1-

month lagged variable will be from December 2018 through January 2018, and similar for 3-month 

and 12-month lagged rainfall.   
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3 Methods 

Two machine learning algorithms were used to describe the relationship between the 10 social 

and economic indicators of interest to the environmental, terrestrial, and economic predictors 

described above, a random forest model and a regression tree model.  Both models are tree 

based, non-parametric algorithms useful for determining which variables are important for 

prediction.  We briefly describe both approaches in this section as well as the overall modelling 

strategy.   

3.1 Regression Trees 

Regression trees (Breiman et al., 1984) are predictive models using decision trees to create a 

relationship between observations and explanatory variables.  The model successively partitions 

explanatory variables into splits on a tree to predict a value based on multiple predictors through a 

decision tree process.  Such models can create non-linear relationships between explanatory 

variables and the output without any need for distributional assumptions.  The advantage of a 

regression tree as opposed to the random forest model (described below) is the ability to interpret 

the single decision tree the model produces, allowing for ease of interpretation of the explanatory 

variables to the model output.   The disadvantage of single regression trees is that they are not 

particularly robust to changes in the training data.  That is, they can overfit the training data.  This 

means that they have a low bias but a high variance.  One way to combat such issues is known as 

pruning the tree after fitting to avoid overfitting to the training data.   

Broadly speaking, regression trees create successive binary partitions of the data (called nodes), 

where each node is a decision based on some explanatory variable (for example, go left if less than 

a value, right otherwise).  This process is repeated until a split no longer provides additional 

information, wherein the final node is a leaf of the tree.  The regression tree is usually fit based on 

minimizing the sum of squares between predicted and observed values of the dependant variable.  

Trees are generally grown to be as large as possible to prevent early stoppage of the algorithm.  

This usually results in a tree that overfits the data, and so pruning is needed.  Pruning is done by 

minimizing the sum of squares on a cross validation set by removing leaves.   

To fit the tree, we used the “rpart” package (Therneau and Atkinson, 2019) in the statistical 

programming language R (R Core team, 2020).   

3.2 Random Forests 

The random forest algorithm (Breiman, 2001) extends the regression tree model by creating an 

ensemble of trees (hence a forest).  Random forests have the added advantage of being more 

robust overall, reducing the overall variance by aggregating the prediction over many trees that 

are built upon random subsets of the data.  Like regression trees, random forests are non-

parametric in nature and do not require a distributional assumption. The disadvantage of a 
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random forest over a regression tree is the “black box” nature of the algorithm, wherein any one 

tree is not representative of the model.   

Mathematically, define a set of covariates 𝒙𝑖 ≡ (𝑥𝑖1, … , 𝑥𝑖𝑝)′ and response variables 𝑦𝑖, for 𝑖 =

1, … , 𝑛 where 𝑛 is the number of observations.  Then, generating a bootstrap random sample of 

data (𝑦𝑖, 𝒙𝑖), a regression tree 𝑓𝑏 is constructed.  Critically, each split in the tree is determined by 

this randomized subset of variables, known as random feature selection.  This process is repeated 

for a set number of B trees.  These trees are then averaged: 

𝑦 = 𝑓(𝒙) =
1

𝐵
∑ 𝑓𝑏(𝒙)𝐵

𝑏=1 . (1) 

For this analysis, we set B = 500 trees, noting that although the default tuning parameters (such as 

maximum depth of a tree, number of trees, etc.) may be adjusted to improve the model, the 

default settings many implementations of random forests are generally robust.  Critically, a 

measure of importance can be obtained for each variable, showcasing the most important 

explanatory variables in predicting the response.  For a more detailed description of the algorithm, 

we refer the reader to Breiman (2001). 

To estimate random forests, we use the “ranger” package (Wright and Ziegler, 2017), a recent 

implementation of random forests that has proven to be computationally efficient compared to 

other random forest packages, in the R statistical programming language (R Core Team, 2020).   

3.3 Validation 

In general, for machine learning algorithms, it is good practice to split the data into training and 

test sets to determine model performance.  For both the regression tree and random forest 

models, we use the same procedure for validation depending on the spatial scale of the analysis 

(e.g., AWAP grid, SA1, or SA2 levels).  For the AWAP grid level analysis, given the large nature of 

the data, we train the models on 70% of the data, using the remaining 30% for testing.  For the 

SA1 and SA2 level analyses, we incorporate a 10-fold cross validation approach. 

Preference is given to split the training across time points rather than randomly.  That is, for a 

given time point hold all data into the test set.  This works only if there are sufficient time points in 

the response variable.  With a desire to ensure at least two time points are in testing, we use a 

time-based split into training and testing when there were at least 9 separate time points 

available.  Enough time points were available for all economic indicators, but not for social 

indicators.  We do not claim this method is optimal, but in doing so we believe that insight can be 

gained (when possible) on the performance of the models over time and may be useful for 

forecasting in future iterations of the model.   
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4 Results 

In this section, we present the results from the random forest and regression tree models.  We 

note that, while there are slight differences between the three scales, there are considerable 

agreements at all 3 spatial scales.  Unsurprisingly, models that performed well at the SA1 scale 

also performed well at the SA2 and AWAP scales.  In general, the AWAP grid scale models 

performed the best while SA2 level models performed the worst.   For the sake of brevity, we 

present only the models at the SA1 scale.  We note that while all spatial scales provide valuable 

information, at the SA1 spatial scale, fine details on the spatial distribution of the potential social 

and economic impacts of drought can still be investigated while avoiding the potential correlation 

issues generated by the interpolated data onto the AWAP grid and still have a more reliable model 

than at the SA2 scale.   

We first present metrics on model performance for the 8 social and economic variables considered 

during training and testing.  Then we present the results of the social and economic indicator 

models individually.  For the random forest results, we present the variable importance plot and a 

two-way partial dependence plot.  For the partial dependence plot, we only present the two most 

important variables for prediction, provided the second variable is not a lagged version of the first 

one.  The exception is when economic variables were the most important predictors, and then we 

further look at partial-dependence plots that may include environmental covariates.  Additionally, 

first order partial dependence plots along with scatter plots of the data and associated range and 

median values can be found in the Appendix.   

4.1 Model Performance 

To evaluate model performance, we look at the mean squared error (MSE) and estimated R-

squared values between the predicted and observed values for each social and economic indicator 

for data used for training and testing of the models.  Table 3 shows the model performance of the 

regression tree models while Table 4 shows the results of the random forest models.  Amongst the 

8 different models, 6 showed promising model fit in both training and testing, particularly in the 

random forest model.   

In all cases, as expected, the random forest model performed better than the regression tree 

models with higher R-squared values in both testing and training as well as lower MSE.  Notably, 

all three social indicator models performed well with high R-squared values above 0.8 in both 

training and testing for the random forest model.  All regression tree models fared considerably 

worse in testing compared to training, while the random forest models fared on average well in 

both training and testing data sets.  

Two economic indicators did not fit the testing set well in either the regression tree or the random 

forest models, those being the number of debtors in the last quarter per 100,000 people and 

farm-based profit percentile rank score.  The number of debtors did not produce any reasonable 

signal in the testing set for the random forest model and only had an R-squared value of 0.455 for 

training.  The farm-based profit percentile rank score has a better R-squared value for the random 
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forest training set (0.652) but showed a low testing set value (0.172).  Further models were fit for 

the number of debtors and farm-based profit using a randomised training-test split as opposed to 

a temporal-based split with significant improvement in the testing R-squared values nearing that 

of the training set (0.430 and 0.650, respectively).   

Table 3 R-squared and mean squared error (MSE) values of the training set and testing set for regression tree 

models of the social and economic indicators at the SA1 spatial scale.   

 TRAINING TESTING 

INDICATOR R-SQUARED MSE R-SQUARED MSE 

mh_ed 0.725 520.676 0.577 802.573 

mh_res 0.758 0.217 0.481 0.466 

mh_comm 0.742 56255.739 0.634 80149.235 

debtors_q_pp 0.027 95.926 ~0 103.936 

farmprof_y 0.382 0.017 0.121 0.024 

ivi_tot 0.608 4050.774 0.583 4308.412 

ss_payments_pp 0.631 0.007 0.563 0.008 

unemployment 0.491 0.00019 0.377 0.00023 

 

Table 4 R-squared and mean squared error (MSE) values of the training set and testing set for random forest models 

of the social and economic indicators at the SA1 spatial scale.   

 TRAINING TESTING 

INDICATOR R-SQUARED MSE R-SQUARED MSE 

mh_ed 0.827 328.789 0.810 360.393 

mh_res 0.831 0.152 0.803 0.177 

mh_comm 0.863 29862.737 0.860 30578.921 

debtors_q_pp 0.455 53.681 ~0 102.135 

farmprof_y 0.652 0.010 0.172 0.023 

ivi_tot 0.941 606.793 0.909 939.520 

ss_payments_pp 0.916 0.0016 0.868 0.0024 

unemployment 0.851 0.000055 0.762 0.000088 

 

4.2 Social Indicators 

4.2.1 Mental health-related presentations to emergency departments 

Figure 3 shows the variable importance plot for the random forest model for mental health 

related presentations to emergency departments per 10,000 population.  Maximum average 

temperature was the driving variable for predicting the mental health presentations to the 

emergency department, with the previous year’s temperature (e.g., lag 12) the most important 

predictor while the current, 3-month lag, and 1-month lag temperatures were 2nd, 4th, and 5th 
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most important variables, respectively.  Only forest fire danger index with a 12-month lag was 

included as the 3rd most important variable.   

 
Figure 3 Variable importance plot for the random forest model of mental health presentations to the emergency 

department per 10,000 population   

 

Figure 4 shows the two-way partial dependence plot (Greenwell, 2017) between the average 

maximum temperature lagged by 12-months and the forest fire danger index with a 12-month lag.  

As with all partial dependence plots shown in this report, estimates of the mental health 

presentations to the ED are only shown for values in the range of the associated covariates in 

building the model (for example, there was no available combination between a forest fire danger 

index of 30 and temperature of 20).  The highest number of mental health related presentations 

to the ED were around a forest fire danger index of 7 and maximum temperature of 21, with the 

number of mental health related ED presentations decreasing as forest fire danger index and 

temperature increase.  This is counter intuitive to what would be expected if the number of 

presentations to the ED related to mental health were an indicator for drought, as higher 

temperatures and forest fire danger index are generally related to more drought.   

 

 

 



24  |  CSIRO Australia’s National Science Agency 

 

Figure 4 Two-way partial dependence plot for the random forest prediction of mental health related presentations 

to the emergency department per 10,000 population as a function of maximum average temperature with a 12-

month lag (x-axis) and forest fire danger index with a 12-month lag (y-axis).  Blue values indicate lower emergency 

department presentations while yellow indicates higher   

 

 

Figure 5 shows the estimated regression tree plot (Milborrow, 2021) for the number of mental 

health presentations to the ED per 10,000 population.  Counter-intuitively the highest number of 

mental health presentations to the emergency department (far right terminal node of  

Figure 5) occurred during lower temperatures, where temperatures below 23 with a 12-month 

and 1-month lag were the highest amount.  The second highest estimated node is when the 12-

month lagged temperature was above 23 degrees, average rainfall below 0.9 mm, proportion of 

land that is bare soil below 0.33 and average soil moisture below 0.068.  This branch of the 

regression tree may be related to drought.  The lowest value is the left most terminal node of  

Figure 5, where average 12-month lagged temperature resides between 23 and 26 degrees, 

proportion of agricultural related employment was above 0.37, forest fire danger index with a 12-

month lag was above 12, and average rainfall above 0.9 mm per day.   
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Figure 5 Regression tree for mental health related presentations to the emergency department per 10,000 

population.  White values indicate smaller values while blue values are higher.  Left at each node indicates the 

condition met while right indicates not met. Number in each node represents predicted value while percentage 

represents percentage of observations in the node 

4.2.2 Episodes of residential mental health-related care 

Figure 8 shows the variable importance plot for the random forest model for episodes of 

residential mental health-related care per 10,000 population.  Like mental health presentation to 

the ED, temperature was the most important variable, with the 1-month, 12-month, and current 

maximum average temperature the three most important variables, respectively.  Average rainfall 

was the 4th and average soil moisture the 5th most important variable in predicting episodes of 

residential mental health-related care.   



26  |  CSIRO Australia’s National Science Agency 

 

Figure 6 Variable importance plot for the random forest model of episodes of residential mental health-related care 

per 10,000 population 

Figure 7 shows the two-way partial dependence plot between maximum average temperature 

with a 1-month lag and average rainfall.  On average, increased temperature also saw an increase 

in the predicted number of episodes, which does support the idea that drought leads to more 

episodes of residential mental health-related care.  However, increasing rainfall also appears to 

increase estimated episodes of residential mental health-related care.  The relative increase is 

smaller than the increase between episodes and temperature, however.   

 

Figure 7 Two-way partial dependence plot for the random forest prediction of episodes of residential mental 

health-related care per 10,000 population as a function of maximum average temperature with a 1-month lag (x-

axis) and average rainfall (y-axis).  Blue values indicate lower episodes of residential mental health-related care 

while yellow indicates higher     

The regression tree plot for episodes of residential mental health-related care per 10,000 

population is found in Figure 8.  The right most terminal node is the highest estimated number of 

episodes.  This node is associated with a 1-month lagged maximum temperature above 25, 

average absolute soil moisture above 0.079 volumetric context (noting a very low, dry threshold), 

and forest fire danger index lagged by 3-months below 10.  Equal to that node is the second most 
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right node, forest fire danger with a 3-month lag is above 10, average temperature with a 12-

month lag is above 25 degrees, and the proportion of vegetated cover is below 0.49, which may be 

related to drought.  The lowest estimated number of episodes of residential mental health-related 

care is found when a 1-month lagged average temperature is below 24 degrees and the average 

measure of economic disadvantage (where lower values means higher disadvantage) is below 

1073.  These may support the idea of drought conditions driving increased number of episodes of 

residential mental health-related care.  However, one branch of the regression tree argues against 

that hypothesis, namely the estimated terminal node of 0.28.  This branch is associated with an 

average maximum temperature with a 1-month lag greater than 25 degrees, average soil moisture 

below 0.079, and average forest fire danger above 16, all conditions associated with drought.  The 

regression tree shows certain branches that one may expect drought conditions would be related 

to episodes of residential mental health-related care, but also shows branches that are not related 

as well.  This is unsurprising given that, while drought will have an effect on the mental health of a 

region, there are multiple other reasons related to rising episodes of mental health as well.  

 

 

Figure 8 Regression tree for episodes of residential mental health-related care per 10,000 population.  White values 

indicate smaller values while blue values are higher.  Left at each node indicates the condition met while right 

indicates not met.  Number in each node represents predicted value while percentage represents percentage of 

observations in the node 
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4.2.3 Mental health-related community contacts  

Figure 9 shows the variable importance plot for the random forest model estimating the mental 

health-related community contacts per 10,000 population.  Temperature once again is the most 

important variable in predicting mental health-related community contacts, like the previous two 

social indicators.  The average temperature with a 12-month lag was the most important, followed 

by the 3-month lag, 1 month, and finally the current average maximum temperature.  Average 

forest fire danger index was the 5th most important variable.   

 

 

Figure 9 Variable importance plot for the random forest model of mental health-related community contacts per 

10,000 population 

Figure 10 shows the two-way partial dependence plot, estimating mental health-related 

community contacts across values of the average maximum temperature with a 12-month lag and 

average forest fire danger index.  Forest fire danger index does not appear to significantly affect 

mental health-related community contacts., though there does appear to be a small positive trend 

in higher values of temperature.  The 12-month lag of average temperature resulted in a larger 

effect, with a decrease in estimated mental health-related community contacts with increasing 

temperature.  This again is unexpected if drought is the driver of mental health-related community 

contacts.   
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Figure 10 Two-way partial dependence plot for the random forest prediction of mental health-related community 

contacts per 10,000 population as a function of maximum average temperature with a 12-month lag (x-axis) and 

average forest fire danger index (y-axis).  Blue values indicate lower mental health-related community contacts 

while yellow indicates higher       

Figure 11 shows a plot of the fitted regression tree for mental health-related community contacts.  

The highest estimated terminal node is on the far right of Figure 11 and is associated with average 

temperature on a 3-month lag less than 25 degrees, the proportion of agriculture related 

employment greater than 0.24, and average rainfall lagged by 12-months less than 0.84 mm.  The 

second highest terminal node is associated with average temperature with a 3-month lag greater 

than 25 degrees, but the 12-month lag temperature less than 25 degrees and the proportion of 

bare soil greater than 0.23.  Other terminal nodes had similar values to the 2nd highest value 

following the path along to the proportion of agriculture related employment greater than 0.4 but 

temperature at a 1-month and 12-month lag below 26 degrees.  In general, higher estimates of 

mental health-related community contacts tend to be associated with splits where the preference 

is lower temperatures, again counterintuitive to if drought conditions were associated with 

increased mental health-related community contacts. The lower values tended to be associated 

with higher temperatures but also higher rainfall values.   
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Figure 11 Regression tree for mental health-related community contacts per 10,000 population.  White values 

indicate smaller values while blue values are higher.  Left at each node indicates the condition met while right 

indicates not met. Number in each node represents predicted value while percentage represents percentage of 

observations in the node 

 

4.3 Economic Indicators 

4.3.1 Number of debtors in the past quarter 

While the model performance for the number of debtors in the past quarter per 100,000 

population was poor, we still present the results here briefly noting that these results should be 

taken noting that prediction is not reliable outside the training set.  However, this poor 

performance in training is likely due to the temporal training-testing split criteria as the random 

forest model testing set was similar to that of the training test with a randomised test set.  The 

results for debtors presented here are also similar to that of the randomised split as well. 

The variable importance plot for the random forest model is found in Figure 12.  Temperature, 

rain, and vegetated cover all showed significance, with the average temperature and rainfall both 

at a 12-month lag the two most important variables, respectively.  The two vegetated cover 

variables were the third and fourth most important in predicting the number of debtors, with the 

fifth being average maximum temperature.  Interestingly, the economic variables were the least 

important, particularly given the number of debtors is also economic.   
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Figure 12 Variable importance plot for the random forest model of number of debtors in the past quarter per 

100,000 population 

Figure 13 show the two-way partial dependence plot of the number of debtors in the past quarter.  

Higher temperatures tended to result in more debtors, but more rainfall also tended to result in 

more debtors.  These are contradictory results if more debtors were related to conditions 

associated with drought.   

 

Figure 13 Two-way partial dependence plot for the random forest prediction of the number of debtors in the past 

quarter per 100,000 population as a function of maximum average temperature with a 12-month lag (x-axis) and 

average rainfall with a 12-month lag (y-axis).  Blue values indicate lower debtors in the past quarter while yellow 

indicates higher        

Figure 14 shows the regression tree for the number of debtors in the past quarter.  Only two 

variables showed up in the nodes of the tree, that being average temperature lagged 12-months 

and average rainfall with a 12-month lag.  These two variables were also the two most important 

variables in the random forest model.  The first split showed higher temperatures resulted in more 

debtors.  The second split though, which was only after the higher temperature, does not support 

debtors are related to drought as higher rainfall resulted in more debtors.   
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Figure 14 Regression tree estimating the number of debtors in the past quarter per 100,000 population.  White 

values indicate smaller values while blue values are higher.  Left at each node indicates the condition met while 

right indicates not met. Number in each node represents predicted value while percentage represents percentage 

of observations in the node 

4.3.2 Farm-based profit percentile rank score  

Like the estimated models to the number of debtors in the past quarter, the farm-based profit 

percentile rank score did not perform well in model performance metrics of the testing dataset.  

However, this is again likely due to the temporal training-testing split criteria used, noting that the 

R-squared value of the testing set for a randomised split was similar to that of the training set.  

The results presented here are like that for a randomised split as well. 

As such, these results are likely problematic for prediction.  However, the farm-based profit 

models may give some insight with a R-squared value of 0.652 for the random forest training 

dataset.  Figure 15 shows the variable importance plot for the random forest model.  Average 

rainfall with a 12-month lag and percentile of vegetated cover were the two most important 

variables.  Forest fire danger index with a 12-month lag and growth in vegetated cover were the 

next two most important variables and relatively close in importance.  The remaining variables 

showed similar importance measures, with again the economic variables the least important.   
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Figure 15 Variable importance plot for the random forest model estimating the farm-based profit percentile rank 

score.   

Figure 16 shows the two-way partial dependence plot of the estimated farm-based profit 

percentile rank score as a function between average rainfall on a 12-month lag and vegetated 

cover.  The higher the vegetated cover, the larger the farm-based profit is, and likewise for 

average rainfall.   The highest farm-based profit estimates are found at the highest values of 

rainfall and vegetated cover.  This is expected and comforting, particularly given that the farm-

based profit model produced by ABARES incorporates rainfall directly. 

 

Figure 16 Two-way partial dependence plot for the random forest prediction of the farm-based profit percentile 

rank score as a function of average rainfall with a 12-month lag (x-axis) and vegetated cover percentile (y-axis).  

Blue values indicate lower farm-based profit percentile rank score while yellow indicates higher          
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Figure 17 shows the estimated regression tree for farm-based profit percentile rank score.  The 

terminal node with the highest estimated value is associated with vegetated cover percentile 

greater than 0.71, growth in vegetated cover greater than 0.64, and average rainfall with a 12-

month lag greater than 0.78 mm.  The lowest value is associated with average rainfall with a 12-

month lag below 0.61 mm.  Average rainfall with different lags and vegetated cover as a percentile 

and growth were the two types of variables that showed in the tree splits, supporting the results 

of the random forest model.  Overall, these results make sense regarding farm-based profit in 

response to drought conditions.  However, it is important to remember these results are indicative 

of the data fit, with poor prediction results (as evidenced by the R-squared values in the training 

and testing sets).  Still, the results of the regression tree and random forest do provide valuable 

insight into how farm-based profit responds to variables that are correlated to drought.   

 

Figure 17 Regression tree estimating farm-based profit percentile rank score.  White values indicate smaller values 

while blue values are higher.  Left at each node indicates the condition met while right indicates not met. Number 

in each node represents predicted value while percentage represents percentage of observations in the node   

4.3.3 Internet vacancies index 

Figure 18 shows the variable importance plot for the random forest estimate of internet vacancies 

index. The four average temperature variables were the top 4 most important in predicting the 

internet vacancies index, with the current, then 1-month, 3-month, and finally 12-month lagged 

versions ranked 1 through 4, respectively.  The fifth most important variable is the 12-month 

lagged forest fire danger index.  Interestingly, unlike the previous two economic indicators, the 

economic predictor proportion of agricultural related employment was more important than other 

environmental variables, most notably average rainfall.  This could potentially have an influence 

on why the model performance for internet vacancies was significantly better than the number of 

debtors or farm-based profit.   
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Figure 18 Variable importance plot for the random forest model of internet vacancies index 

  

Figure 19 shows the two-way partial dependence plot for the random forest fit of internet 

vacancies index as a function of average temperature and forest fire danger index with a 12-

month lag.  There is a clear positive trend of increasing average temperature leads to an increase 

in estimated internet vacancies index.  There is also a positive trend for forest fire danger index, 

where increasing FFDI also increases the internet vacancies index estimate (meaning more job 

listings in the area), noting that the rate of increase is smaller than that of temperature. The 

maximum value appears around a FFDI of 29 and maximum temperature of 28 degrees.   

 

Figure 19 Two-way partial dependence plot for the random forest prediction of the internet vacancies index as a 

function of average maximum temperature (x-axis) and forest fire danger index with a 12-month lag (y-axis).  Blue 

values indicate lower internet vacancies index while yellow indicates higher           

Figure 20 shows the estimated regression tree for internet vacancies index.  The right most 

terminal node shows the highest estimate for internet vacancies index, and is associated with an 

average temperature greater than 24 degrees, a 1-month lagged temperature greater than 27 

degrees, and rainfall greater than 1.2 mm.  This is interesting in that while higher temperatures 

are generally associated with drought conditions, higher rainfall is not, and thus a high internet 
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vacancies index estimate depending on higher values of both temperature and rainfall gives 

somewhat contradictory results in the context of drought.  In general, lower temperature and 

lower FFDI values resulted in lower estimates of the internet vacancies index, but higher rainfall 

also resulted in higher estimates of IVI.  Agriculture related employment is also included in the 

regression tree estimate in the case where current average temperature is above 24 degrees, but 

the 1-month lagged temperature is below 27 degrees.  Under those specific conditions, a 

proportion of agriculture related employment higher than 0.53 resulted in lower estimates of IVI.  

This suggests that regions with a large proportion of the economy is dependent on agriculture will 

have lower IVI estimates at relatively high current average temperatures.   

 

Figure 20 Regression tree estimating internet vacancies index rank score.  White values indicate smaller values 

while blue values are higher.  Left at each node indicates the condition met while right indicates not met. Number 

in each node represents predicted value while percentage represents percentage of observations in the node    

4.3.4 Social Security payments per person 

Figure 21 shows the variable importance plot for the random forest estimate of social security 

payments per person.  Unlike the previous economic indicator models, the top three most 

important variables are the three economic predictors being the measure of socio-economic 

disadvantage, proportion of agriculture related employment and economic diversity index.  

Average maximum temperature with a 3-month and 12-month lag were the 4th and 5th most 

important variables, respectively.   
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Figure 21 Variable importance plot for the random forest model of social security payments per person 

Figure 22 shows the two-way partial dependence plots for estimating social security payments per 

person as a function of socio-economic disadvantage, average temperature with a 3-month lag, 

and the proportion of agricultural related employment.  All three show a non-linear trend.  Lower 

values of socio-economic disadvantage tended to result in higher estimated social security 

payments, though there is some interaction between this measure and the proportion of 

agricultural related employment.  Higher estimates of social security payments tended to occur 

alongside low SEIFA estimates, low proportions of agricultural employment and 3-month lagged 

average temperature values between 22 and 26 degrees.  There was a noticeable low area of 

social security payments in temperatures above 26 degrees.   
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Figure 22 Two-way partial dependence plot for the random forest prediction of the social security payments per 

person.  The top left plot shows social security as a function of measure of socio-economic disadvantage (x-axis) 

and average maximum temperature with a 3-month lag (y-axis).  The top right shows socio-economic disadvantage 

(x-axis) and agriculture related employment (y-axis).  The bottom left shows agriculture related employment (x-

axis) and average maximum temperature with a 3-month lag (y-axis).  Blue values indicate lower social security 

payments per person while yellow indicates higher        

Figure 23 shows the estimated regression tree plot for social security payments per person.  The 

highest estimated social security payments per person (second to right most terminal node) is 

associated with values of SIEFA (lower socio-economic disadvantage) below 1006, average 

temperature with a 3-month lag below 27 degrees, economic diversity index above 0.21, the 

proportion of agriculture related employment above 0.32, but FFDI with a 1-month lag below 8.9.  

However, also high estimates of social security payments are rated to low economic diversity 

index values above 0.21, where proportion of agricultural related employment is above 0.29, or 

0.32 when FFDI at a 1-month lag is above 8.9.  The lowest estimated social security payments are 

associated with high SEIFA, low average temperature (below 21 degrees), and high economic 

diversity (above 0.24).  The variables that appeared most in the splits in the tree tended to be 

SEIFA, economic diversity, and agriculture employment, agreeing with the random forest 

important variable results.   
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Figure 23 Regression tree estimating social security payments per person.  White values indicate smaller values 

while blue values are higher.  Left at each node indicates the condition met while right indicates not met. Number 

in each node represents predicted value while percentage represents percentage of observations in the node   

4.3.5 Unemployment rate 

Figure 24 shows the resulting variable importance plot for the random forest model of 

unemployment rate.  Like the social security payments per person random forest model, the three 

economic predictors are the most important variables.  The clear most important variable is 

proportion of agriculture related employment, followed by SEIFA.  Economic diversity was third, 

but barely more important than average temperature with a 12-month lag.  Current average 

temperature was the 5th most important variable.   

 



40  |  CSIRO Australia’s National Science Agency 

 

Figure 24 Variable importance plot for the random forest model of unemployment rate 

Figure 25 shows the two-way partial dependence plots between agriculture related employment, 

average temperature with a 12-month lag, and SEIFA for estimating unemployment.  The higher 

values of unemployment tended to be when temperature was high, particularly when SEIFA was 

low.  There appeared to be a non-linear relationship between agricultural employment and 

unemployment at high average temperature levels.  There also appeared to be a clear decrease in 

estimated unemployment at SEIFA values above 950 when in relation to agriculture related 

employment (top right plot of Figure 25).  This divide was also seen in the two-way plot between 

temperature and SEIFA at 950 (bottom left of Figure 25).  Notably, the highest estimates of 

unemployment are at SEIFA values below 950 and high temperature values above 26 degrees.   
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Figure 25 Two-way partial dependence plot for the random forest prediction of the unemployment rate as a 

function of the proportion of agriculture related employment, socio-economic disadvantage, and average 

temperature with a 12-month lag.  The top left plot shows unemployment as a function of agriculture related 

employment (x-axis) and average maximum temperature with a 12-month lag (y-axis).  The top right shows 

agriculture related employment (x-axis) and socio-economic disadvantage (y-axis). The bottom left shows socio-

economic disadvantage (x-axis) and average maximum temperature with a 12-month lag (y-axis).  Blue values 

indicate lower unemployment rate while yellow indicates higher        

Figure 26 shows the estimated regression tree for unemployment rate.  The highest estimated 

terminal node (second from right) is associated with the proportion of agricultural employment 

between 0.022 and 0.023, SIEFA above 946, and economic diversity index above 0.16.  This, 

however, is very specific and likely not much information may be inferred as this is likely referring 

to a specific SA1 area.  This may indicate that the regression tree is overfit, a common issue with 

regression trees.  The second highest, is with agriculture related employment below 0.09 and 

SEIFA below 946.  This terminal node, however, does not reflect the idea that drought may 

increase unemployment given the low proportion related to agriculture.  The terminal node 

estimated at 0.63 follows a potential drought induced unemployment line where the proportion of 

agricultural related employment between 0.28 and 0.34, 12-month lagged average temperature 

above 27 degrees, and 12-month lagged rainfall below 1.1 mm.   
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Figure 26 Regression tree estimating unemployment rate.  White values indicate smaller values while blue values 

are higher.  Left at each node indicates the condition met while right indicates not met. Number in each node 

represents predicted value while percentage represents percentage of observations in the node     
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5 Discussion 

5.1 Adaptation from NSW to WA 

In adapting the methods applied here from the previous exploratory analysis of the Nous dataset 

for New South Wales to Western Australia, a few changes were made.  The most notable was the 

absence of water storage, a variable that was critical and highly important over the NSW analysis.  

For these following reasons, the analysis and interpretation of the results for WA will differ from 

that of NSW.   

The critical reason for water storage absence in WA was the lack of quality water storage data for 

the state as compared with NSW.  Water storage, as created by the Nous group, is a collection of 

lakes, reservoirs, and weirs and collated by BOM in their water storage app 

(http://www.bom.gov.au/apps/water/).  Given that the eastern states of Australia use reservoirs 

for water capacity and delivery in the region, inclusion of water storage as a variable for the NSW 

analysis made sense, with most of the observations for water storage found in NSW, Victoria and 

Queensland.  For WA, however, this is not the case, particularly in the pilot study areas.  Even with 

the inclusion of additional spatial extent connecting the Mid West to Wheatbelt and Great 

Southern regions, water storage data is extremely sparse for WA.  For that reason, we excluded 

water storage from this analysis as it would likely skew much of the results, and interpretation of 

water storage may not be valid.  Given that water storage is a candidate for a good predictor of 

social and environmental indicators on the impacts of drought, we recommend more data should 

be sourced to account for accumulated water in a region that is more appropriate for WA.   

The motivation for the NSW exploratory analysis besides predicting social and economic indicators 

as a function of environmental drivers was also one of investigating the differences in irrigated and 

dryland cropping agriculture as a function of drought.  In the NSW study, percentage of irrigation 

along with proportions of land-use as defined by ABARES was included as predictor variables in the 

random forest model as well as the percentage of irrigation for a region.  We further restricted the 

analysis in NSW to only SA2 regions with more than 40% irrigation or dryland cropping. While this 

made sense for the NSW farming regions, that study found irrigation and land use type was not 

important to predicting most of the social and economic indicators.  Given that the amount of 

irrigation in WA is significantly lower, and the study region of interest is primarily dryland 

cropping, all irrigation and land use variables were excluded from this analysis.  We further did not 

subset the data for WA to a percentage of irrigation or dryland cropping, instead identifying SA2 

regions manually.   

Even with fewer covariates, on average WA model performance was comparable to that of NSW 

for the random forest model.  Mental health-related ED visits, episodes of mental health-related 

residential care, and internet vacancies index models performed better in WA than the NSW 

counterpart, while the remaining 5 performed better in NSW.  Only farm profitability and the 

number of debtors per person performed significantly better in NSW than WA (for example, farm 

profitability R-squared value for training was 0.852 in NSW compared to 0.652 for WA).  In both 

NSW and WA, however, testing R-squared values were poor for these two indicators as well (for 

http://www.bom.gov.au/apps/water/
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NSW, R-squared testing values of 0.198 and 0.313 for number of debtors and farm-based 

profitability, respectively, compared to ~0.000 and 0.172 for the same values in WA).  Excluding 

models for the number of debtors and farm-based profitability, the average absolute difference 

between NSW and WA random forest R-squared values was 0.033 for training sets and 0.051 for 

testing.   

A comparison of the range of data used for WA and NSW are found in the Appendix A2.  In 

general, there is less variation in the data for WA than for NSW.  NSW had 710 SA1 regions while 

WA only had 212 SA1 regions, meaning less variation in WA across the region of interest for the 

models to learn from.  The maximum rainfall for WA was considerably less than that for the NSW 

analysis as well as absolute soil moisture.  This means that there is less variability in rainfall data 

for WA than NSW, which means higher values of rainfall cannot be extrapolated in the data for 

WA.  The median soil moisture for WA was also noticeably lower than that of the NSW analysis.  

FFDI was slightly higher for WA than NSW, but the minimum in WA was below the minimum in 

NSW. Agriculture related employment was higher in WA than NSW, while socio-economic 

disadvantage was similar in both states, but NSW had a wider range.  The remaining variables 

were comparable between the two states.  Regarding social indicators, there are in general 

significantly higher values in all 3 mental health-related indicators in NSW than in WA.  Regarding 

the economic indicators, WA and NSW were comparable, noting a larger (and generally higher) 

range of values for WA’s internet vacancies index but lower values (and less variation) for the 

other economic indicators except farm profitability which was the same between the two states.  

Lastly, because only one year’s worth of data for the number of mental health-related 

prescriptions and the weekly jobs index were available in the Nous database, we decided to 

exclude these two indicators from this analysis.  This brought the total number of social and 

economic indicators modelled for WA from 10 to 8, but the interpretation of one years’ worth of 

data in the context of drought is problematic at best.   

5.2 Data Driven Modelling 

The machine learning approaches here are dependent upon the data they are trained on.  Random 

forests generally perform well “out of the box” and require little tuning for estimation, and 

machine learning methods may in fact have better predictive power than other statistical models 

such as a generalised linear model (e.g., Li et al., 2017).  It is important, however, to remember 

that prediction of a random forest model is sensitive to the training data (e.g., Hengl et al., 2018).  

For that reason, results are dependent on the quantity and quality as well as the scale of the data.  

While we aggregated to the SA1 level, the data was obtained from the Nous database who first 

interpreted the data onto the AWAP grid.  Data from this analysis therefore was available only as 

interpreted from the 5 km AWAP grid resolution, whether the associated indicator or 

environmental predictor was originally available at that resolution or not.  While it is reasonable to 

aggregate from the AWAP grid scale to the SA1 scale, information in the predictors or social and 

economic indicators may be lost, either in the interpolation from the original scales of the data to 

the AWAP grid resolution, or from the grid level to the SA1 level.  Therefore, it is important to 

remember that the results of the model presented here are dependent on the data it is trained on.   

Another note, particularly in interpreting the regression trees, is that the variables split on the 

nodes are chosen automatically by the regression tree algorithm.  As a result, the variables chosen 
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for specific lines may be repetitive (as was the case for some times that proportion of agriculture 

related employment was chosen) or result in decision rules near the minimum or maximum value 

(for example, soil moisture below 0.079 for episodes of residential mental health-related care).  

This is a consequence of the data the regression trees were trained on (noting that regression 

trees are highly sensitive to their training data) as well reducing computational costs built into the 

R package “rpart”.  This is an area that may be addressed in future analyses.  

Similar to that of the NSW analysis, the random forest modelling performed well in both training 

and testing datasets except for the number of debtors and farm-based profit.  However, these two 

models do perform well when considering a randomised test set as opposed to the temporal test 

set considered here.  This in part may be due to the seasonal trend in the data for the number of 

debtors and farm-based profit which a random split will benefit in prediction.  Overall, the random 

forest models have strong predictive power in relating environmental and economic predictors to 

the social and economic impact indicators.   

5.3 Social Indicators  

Random forest models fit all social indicator data well in both training and testing sets. Many 

times, the most important variable for these mental health-related social indicators was 

temperature related, while rainfall and FFDI from various month-lagged versions were secondary 

in nature.  In general, higher temperatures resulted in lower values of both mental health-related 

presentations to emergency departments and community contacts, which is not supportive of 

drought driving social impacts.  Episodes of residential mental health-related care did see a 

relationship with temperature that we may expect to be associated with drought, but it was not 

consistent throughout the temperature range.   

Rainfall saw a mixture of results amongst the social indicators.  Lower average rain generally 

resulted in higher mental health-related presentations to ED, but this is a marginal effect 

secondary to temperature and FFDI.  In some cases, low soil moisture also resulted in estimated 

higher mental health-related ED presentations.  Increase in rainfall resulted in small marginal 

increases in episodes of residential mental health-related care.  For mental health-related 

community contacts, rainfall was much lower on the order of importance compared to other 

variables, particularly temperature and FFDI, and likely does not contribute much to predicting 

mental health-related community contacts.   

5.4 Economic Indicators 

As with the social indicators, the economic indicators saw strong model performance for the 

random forest models for all indicators except for number of debtors in the past quarter per 

person and farm-based profit percentile rank score.  These last two did not perform well in 

predicting outside the training set when considering a temporal based test set.  However, they did 

perform reasonably well when considering a randomised test split and gave similar results to 

those presented here.  Among the remaining 3 economic indicators, the random forest model 

showed that economic related predictors such as SEIFA, economic diversity, and proportion of 

agricultural related employment ranked high in importance.  Temperature also ranked high in 

many models, the exception being farm profitability. 
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An increase in temperature, particularly with a 12-month lag, showed an increase in the number 

of debtors in the past quarter.  Temperature was the 4th most important variable for social 

security payments, but a clear directional signal in not noticeable.  This may be unsurprising, 

particularly given the relative importance of temperature compared to the three economic 

predictors.  Increasing temperature also generally saw an increase in unemployment rate.   

For internet vacancies index, temperature was the most important variable and an increase in that 

also saw an increase in internet vacancies.  However, the 2nd, 3rd, and 4th most important variables 

were temperatures with a 1-, 3-, and 12-month lag.  While the 1-month lag did show the same 

trend as with no lag, the 3- and 12-month lagged temperature values do show a decrease in 

internet job vacancies index.  These values, however, did not show up in the estimated regression 

tree.  This highlights the difficulty in discerning an intuitive drought signal for internet vacancies.   

Rainfall was not as important amongst the economic indicators save for number of debtors 

(second most important) and farm-based profit percentile rank score (most important).  In all 

cases, the most important rainfall variable was the 12-month lagged version.  An increase in 

rainfall generally saw an increase in the number of debtors as well, but this appeared to be 

constant at levels above 1.2 mm.  This appeared true for current, 1-, and 12-month lagged values 

with the exception being the 3-month lag which saw a decrease at higher rainfalls (though still 

highly non-linear).  Higher 12-month lagged rainfall values also saw an increase in internet 

vacancies index and social security payments, but lower unemployment rates.   

5.5  Conclusions 

This analysis has shown there is a clear signal in relating environmental predictors, such as rainfall, 

temperature, vegetated cover, and soil moisture amongst others, coupled with temporally stable 

economic predictors to social and more variable economic impact indicators.  The machine 

learning methods used for this analysis allow for non-linear relationships between these 

environmental and economic predictors in estimating the social and economic indicators analysed 

here, without the need for a distributional assumption of the data.  That is an interesting result 

where multiple environmental variables can be used to help predict social and economic impact 

indicators.  The difficulty arises in interrogating what the non-linear relationship to the social and 

economic indicators is.  Often, we would arrive at contradictory results where one pathway to 

negative impacts may be drought related but others are clearly not.   

We attempted to extract a few partial dependence plots as well as following different lines along 

the estimated regression tree but found it difficult to completely attribute drought driving 

conditions (such as low rainfall, high temperature, and low soil moisture) to social and economic 

indicators becoming more severe.  Indeed, the non-linear nature of the modelling would make 

extracting a consistent story difficult.  Importantly, these models only indicate correlation 

between variables, and not necessary causation.  Significant work would be required to 

understand further the link between the social and economic indicators and the environmental 

and economic predictors in the context of drought.  For example, a decrease in temperature 

leading to more mental health-related emergency department visits could be attributed to 

decreased mental health possibly due to a cooler than average climate.  These suggest that, while 

environmental indicators associated with drought can reliably predict social and economic 

impacts, the regression trees and two-way partial dependence plots suggest that the predictive 



Investigating the Application of Drought Indices to Western Australia  |  47 

pathway is not consistent with drought as the main driver of these impacts. It seems that the 

environmental and economic indicators used in this analysis are not fit for purpose in the context 

of informing the social and economic impacts of drought, when considering what we may 

intuitively associate with drought, in the pilot regions for Western Australia.    

Understanding the social and economic impacts of drought is critical to informing policy to provide 

the appropriate aid in drought affected regions.  To make informed decisions as well as providing 

aide in a timely manner, it is important to understand the data behind the drivers of drought.  It is 

established that decreasing historical rainfall and increasing temperature, along with multiple 

other factors, cause drought conditions for a given region.   Critical to understanding the social and 

economic impacts of drought is determining how the drivers of drought, such as rainfall, 

temperature, soil moisture, among others, influence key social and economic indicators.  This 

work built upon previous work by the Nous group, first applied to New South Wales as an 

exploratory analysis, using machine learning to determine if there is a relationship between the 

environmental and social/economic indicators.  While this work did determine a strong predictive 

model using these variables, the non-linear nature and complexity made it difficult to effectively 

attribute the relationship to drought and several relationships are counterintuitive if drought were 

a driver of the measured social and economic impacts.   

While replicating the NSW analysis for WA, with the suggestions in consolations with the 

Department of Primary Industries and Regional Development, the direction of the drought drivers 

and their influence on the social and economic indicators has generated multiple other lines of 

inquiry as we progress this research further.  One key issue is that of geographic influence on 

environmental predictors.  For instance, it is reasonable that colder temperature will likely be 

more common in the south than north of the region of interest.  While we used the average 

temperature over the previous year directly, a better implementation would likely be comparison 

of relative temperature for a given region.  This is similar to some definitions of drought that we 

sought to avoid in this analysis, where drought is declared if temperature or rainfall fell below a 

certain percentile of historical data. Given the importance of temperature in these models, we 

believe this line of research holds merit as we progress these models further.  Another issue may 

be in the trend of the economic indicators.  For instance, the seasonality of job listings through a 

year may influence the internet vacancies index.  While we have not had the time to fully 

investigate these lines of inquiry for this report, we have attempted some controls for trends in 

the social and economic indicators by considering the change in indicators over time.  We have 

also investigated geographic influence by controlling for the specific region as an added covariate 

(noting that this was different to the relative temperature change mentioned here).  Both lines of 

inquiry have shown promise.  As we progress this research further in our own analysis, we will 

share any promising results with the Department of Primary Industries and Regional 

Developments.   
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A.1 Source of Predictor Variables 

Apx Table A.1 Source websites of Environmental, Terrestrial, and Economic predictor variables.   

VARIABLE CODE WEBSITE 

rain_y http://www.bom.gov.au/climate/maps/rainfall/?variable=rainfall&map=totals&period=daily&region=nat 

temp_max_y http://www.bom.gov.au/jsp/awap/temp/archive.jsp?colour=colour&map=maxave&year=2019& 

month=12&period=12month&area=nat 

ffdi_y http://www.bom.gov.au/vic/forecasts/fire-map.shtml 

soil_y_abs  http://www.bom.gov.au/water/landscape/ 

water_storage_q http://www.bom.gov.au/water/dashboards/#/water-storages/summary/state 

veg_cov_ygp https://dapds00.nci.org.au/thredds/catalog/tc43/modis-fc/v310/tiles/monthly/cover/catalog.html 

veg_cov_yp https://dapds00.nci.org.au/thredds/catalog/tc43/modis-fc/v310/tiles/monthly/cover/catalog.html 

bare_soil_m https://dapds00.nci.org.au/thredds/catalog/tc43/modis-fc/v310/tiles/monthly/cover/catalog.html 

ag_related_empl_prop https://www.abs.gov.au/websitedbs/censushome.nsf/home/tablebuilder 

seifa https://www.abs.gov.au/websitedbs/censushome.nsf/home/seifa 

A.2 Range of Data 

In this section, we show the minimum, median, and maximum values of the data used for this 

analysis. 

Apx Table A.2 Minimum, median, and maximum values of the social and economic indicators for WA (left side) and 

NSW (right side) for comparison purposes   

 WA NSW 

INDICATOR MINUMUM MEDIAN MAXIMUM MINUMUM MEDIAN MAXIMUM 

mh_ed 18.498 102.379 247.255 46.644 187.130 1662.126 

mh_res 0.000 0.000 4.466 0.000 0.000 54.446 

mh_comm 1805.984 3201.946 4381.720 552.820 4542.099 11744.938 

debtors_q_pp 6.929 27.894 73.320 7.237 35.946 94.572 

farmprof_y 0.050 0.500 0.950 0.050 0.500 0.950 

ivi_tot 32.922 145.155 581.377 41.552 110.521 303.420 

ss_payments_pp 0.000 0.624 0.917 0.310 0.715 1.264 

unemployment 0.010 0.036 0.134 0.005 0.046 0.197 

 

https://www.abs.gov.au/websitedbs/censushome.nsf/home/seifa
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Apx Table A.3 Minimum, median, and maximum values of the environmental and economic covariates for WA (left 

side) and NSW (right side) for comparison purposes   

 WA NSW 

INDICATOR MINUMUM MEDIAN MAXIMUM MINUMUM MEDIAN MAXIMUM 

rain_y 0.339 1.144 3.848 0.342 1.819 7.713 

temp_max_y 18.303 24.880 30.046 15.807 24.004 30.300 

ffdi_y 0.000 13.156 32.317 2.136 9.728 28.272 

soil_y_abs 0.026 0.095 0.455 0.026 0.228 0.838 

veg_cov_ygp 0.000 0.495 1.000 0.000 0.494 1.000 

veg_cov_yp 0.000 0.469 1.000 0.000 0.564 1.000 

bare_soil_m 0.000 0.177 0.684 0.000 0.100 0.663 

ag_related_empl_prop 0.009 0.300 0.780 0.003 0.209 0.656 

edi 0.020 0.130 0.900 0.014 0.326 0.917 

seifa 843.770 978.555 1081.266 698.703 955.698 1159.025 

 

A.3 Scatterplots 

This section shows scatterplots of the economic and social indicators against average temperature 

and rainfall, two key environmental variables associated with drought conditions. 

 

 

Apx Figure A.1 Scatterplot and smoothed GAM fit line of mental health-related presentations to the emergency 

department vs average rainfall (a) and average temperature (b). 
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Apx Figure A.2 Scatterplot and smoothed GAM fit line of episodes of residential mental health-related care vs 

average rainfall (a) and average temperature (b). 

 

 

 

Apx Figure A.3 Scatterplot and smoothed GAM fit line of mental health-related community contacts vs average 

rainfall (a) and average temperature (b). 
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Apx Figure A.4 Scatterplot and smoothed GAM fit line of number of debtors in the past quarter per person vs 

average rainfall (a) and average temperature (b). 

 

 

Apx Figure A.5 Scatterplot and smoothed GAM fit line of farm-based profit percentile rank score vs average rainfall 

(a) and average temperature (b). 
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Apx Figure A.6 Scatterplot and smoothed GAM fit line of internet vacancies index vs average rainfall (a) and average 

temperature (b). 

 

 

Apx Figure A.7 Scatterplot and smoothed GAM fit line of social security payments per person vs average rainfall (a) 

and average temperature (b). 
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Apx Figure A.8 Scatterplot and smoothed GAM fit line of unemployment rate vs average rainfall (a) and average 

temperature (b). 

 

A.4 Partial Dependence Plots 

In this section, we show the first order partial dependence plots for the random forest model for 

each of the 3 social and 5 economic indicators as a function of average rainfall currently, 1-month, 

3-month, and 12-month lagged, average temperature currently, 1-month, 3-month, and 12-month 

lagged, forest fire danger index, and absolute soil moisture.   
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Apx Figure A.9 First order partial dependence plot random forest prediction of mental health related presentations 

to the emergency department per 10,000 population as a function of average rainfall (a) currently, (b) 1-month 

lagged, (c) 3-month lagged, and (d) 12-month lagged; average maximum temperature (e) currently, (f) 1-month 

lagged, (g) 3-month lagged, and (h) 12-month lagged; (i) forest fire danger; and (j) absolute soil moisture 
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Apx Figure A.10 First order partial dependence plot random forest prediction of episodes of residential mental 

health-related care per 10,000 population as a function of average rainfall (a) currently, (b) 1-month lagged, (c) 3-

month lagged, and (d) 12-month lagged; average maximum temperature (e) currently, (f) 1-month lagged, (g) 3-

month lagged, and (h) 12-month lagged; (i) forest fire danger; and (j) absolute soil moisture 
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Apx Figure A.11 First order partial dependence plot random forest prediction of mental health-related community 

contacts per 10,000 population as a function of average rainfall (a) currently, (b) 1-month lagged, (c) 3-month 

lagged, and (d) 12-month lagged; average maximum temperature (e) currently, (f) 1-month lagged, (g) 3-month 

lagged, and (h) 12-month lagged; (i) forest fire danger; and (j) absolute soil moisture 
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Apx Figure A.12 First order partial dependence plot random forest prediction of number of debtors in the past 

quarter per 100,000 population as a function of average rainfall (a) currently, (b) 1-month lagged, (c) 3-month 

lagged, and (d) 12-month lagged; average maximum temperature (e) currently, (f) 1-month lagged, (g) 3-month 

lagged, and (h) 12-month lagged; (i) forest fire danger; and (j) absolute soil moisture 
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Apx Figure A.13 First order partial dependence plot random forest prediction of farm-based profit percentile rank 

score as a function of average rainfall (a) currently, (b) 1-month lagged, (c) 3-month lagged, and (d) 12-month 

lagged; average maximum temperature (e) currently, (f) 1-month lagged, (g) 3-month lagged, and (h) 12-month 

lagged; (i) forest fire danger; and (j) absolute soil moisture 
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Apx Figure A.14 First order partial dependence plot random forest prediction of internet vacancies index as a 

function of average rainfall (a) currently, (b) 1-month lagged, (c) 3-month lagged, and (d) 12-month lagged; average 

maximum temperature (e) currently, (f) 1-month lagged, (g) 3-month lagged, and (h) 12-month lagged; (i) forest fire 

danger; and (j) absolute soil moisture 
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Apx Figure A.15 First order partial dependence plot random forest prediction of security payments per person as a 

function of average rainfall (a) currently, (b) 1-month lagged, (c) 3-month lagged, and (d) 12-month lagged; average 

maximum temperature (e) currently, (f) 1-month lagged, (g) 3-month lagged, and (h) 12-month lagged; (i) forest fire 

danger; and (j) absolute soil moisture 
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Apx Figure A.16 First order partial dependence plot random forest prediction of unemployment rate as a function of 

average rainfall (a) currently, (b) 1-month lagged, (c) 3-month lagged, and (d) 12-month lagged; average maximum 

temperature (e) currently, (f) 1-month lagged, (g) 3-month lagged, and (h) 12-month lagged; (i) forest fire danger; 

and (j) absolute soil moisture 
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Shortened forms  

Acronyms 

ABARES ............ Australian Bureau of Agricultural and Resource Economics and Sciences 

ABS ................... Australian Bureau of Statistics 

AFSA ................. Australian Financial Security Authority 

AGCD ................ Australian Gridded Climate Data 

AIHW ................ Australian Institute of Health and Welfare 

AWAP ............... Australian Water Availability Project 

AWRA-L ............ Australian Water Resources Assessment - Land 

BOM ................. Bureau of Meteorology 

CSIRO ............... Commonwealth Scientific and Industrial Research Organisation  

CLUM ............... Catchment Scale Land Use Data for Australia 

DAWE ............... Department of Agriculture, Water, and the Environment 

DSS ................... Department of Social Services 

ED ..................... Emergency Department 

FFDI .................. Forest Fire Danger Index 

GAM ................. Generalised Additive Models 

IVI ..................... Internet Vacancies Index 

LMIP ................. Labour Market Information Portal 

MODIS .............. Moderate Resolution Imaging Spectroradiometer 

MSE .................. Mean Squared Error 

NRRA ................ National Recovery and Resilience Agency 

NSW ................. New South Wales 

SA ..................... Statistical area 

SIEFA ................ Socio-Economic Indexes for Areas 

WA ................... Western Australia 

Abbreviations 

e.g. ................... for example 

et.al. ................. and others 

km .................... kilometres 

m ...................... metres 

mm ................... millimetres 
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