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Executive Summary 

The Murray-Darling Basin Authority (MDBA) is currently reviewing the science and socio-economic 
analysis underpinning the sustainable diversion limits for the Northern Basin. The purpose of the 
Northern Basin review is to re-visit the recommended water recovery target of 390 GL per year 
established in the Basin Plan. Several optional targets are under consideration, ranging from 278 GL 
per year to 415 GL per year, with 390 GL per year being the water recovery strategy as currently 
legislated in the fully-implemented Basin Plan. 

The modelling work presented in this report focuses on the economic impacts of the different water 
recovery scenarios on five key sectors in 21 communities within the Northern Basin. Availability of 
data has been a significant limitation of this analysis. Detailed economic data, sufficient to conduct the 
assessment for each community and sector, has been available only for employment. Accordingly, 
the main indicator of economic impact in the modelling comprises changes in jobs relative to the 
baseline equivalents. Other key inputs to the modelling include the number of irrigated hectares, 
which are sourced from MDBA by applying the Northern Basin Hydrology-Land Use Model to 
translate water availability into areas of irrigated production. 

The community model is designed to estimate the effects on the 21 selected communities in the 
Northern Basin of recovering water for the environment. Each of the 21 communities are modelled 
separately and simulations quantify the impact on community’s jobs following a change to that 
community’s surface water availability. The model for each community uses a historical baseline 
extending from 1999-00 to 2013-14, which is used to quantify the impact on jobs in a particular 
community over the period 2001-02 to 2013-14 if the recovery of water for the environment led to a 
change in irrigated agricultural production in the context of climate variability, productivity 
improvements and other factors affecting each community. 

The impact of the water recovery scenarios on aggregate employment is relatively small for most 
communities. In proportional terms Dirranbandi, Collarenebri and Warren record the largest reductions 
in aggregate employment. For Collarenebri the reduction in irrigated production is the same in all 
scenarios, hence the reduction in aggregate employment, which averages about 20.8% over the wet 
years, is the same in all scenarios. The average reduction in aggregate employment in Dirranbandi 
ranges from -9.3% in scenario 278GL to -19.4% in scenario 415GL. For Warren the range is tighter 
with the average reduction in aggregate employment projected to range from -6.1% in scenario 
321GL to -11.7% in scenario 415GL. 

The size of the employment results for each community are highly correlated with the size of the 
shocks to irrigated cotton production. Walgett and Gunnedah are examples where the proportionate 
aggregate employment response is muted relative to the proportionate size of the reductions in 
irrigated cotton production. For these two communities the irrigated farm sector in terms of job 
numbers appears to be a relatively small share of their economy as they record the two lowest shares 
of irrigated farm workers to aggregate employment in the baseline. 

In this study data limitations restricted severely the theoretical modelling on how the local economies 
in the Northern Basin operate. A high priority should be thus placed on expanding the existing 
database to include the 2016 Census data when it becomes available in 2017. This will help ensure 
that the critical relationships captured in the current model are measured as robustly as possible. In 
addition, an expanded database will facilitate exploration of non-linear responses to changes in water 
entitlements and of the role of additional community specific factors. Good pay-offs are also expected 
for future research effort that focusses on incorporating inter-dependencies between the 
communities (e.g., over-lapping labour markets) and on exploring the role of prices (including wages) 
and profits in the local economies.   
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Disclaimer 

Inherent Limitations 

This report has been prepared as outlined in the Introduction Section. The services provided in 
connection with this engagement comprise an advisory engagement, which is not subject to 
assurance or other standards issued by the Australian Auditing and Assurance Standards Board and, 
consequently no opinions or conclusions intended to convey assurance have been expressed.  

No warranty of completeness, accuracy or reliability is given in relation to the statements and 
representations made by, and the information and documentation provided by, the Murray-Darling 
Basin Authority’s management and personnel consulted as part of the process. 

KPMG have indicated within this report the sources of the information provided. We have not sought 
to independently verify those sources unless otherwise noted within the report. 

KPMG is under no obligation in any circumstance to update this report, in either oral or written form, 
for events occurring after the report has been issued in final form. 

The findings in this report have been formed on the above basis. 

Third Party Reliance 

This report is solely for the purpose set out in the Introduction Section and for the Murray-Darling 
Basin Authority’s information, and is not to be used for any other purpose. 

This report has been prepared at the request of the Murray-Darling Basin Authority in accordance with 
the terms of the Contract 127074-32 dated 17 August 2016. Other than our responsibility to the 
Murray-Darling Basin Authority, neither KPMG nor any member or employee of KPMG undertakes 
responsibility arising in any way from reliance placed by a third party on this report. Any reliance 
placed is that party’s sole responsibility.
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1 Introduction 

In accordance with the Commonwealth Water Act (2007), the Murray-Darling Basin Authority (MDBA) 
is responsible for developing a plan for managing the water resources of the Murray-Darling Basin 
(the Basin). MDBA is currently reviewing the science and socio-economic analysis underpinning the 
Sustainable Diversion Limits (SDLs) for the Northern Basin. The purpose of the Northern Basin 
Review is to re-visit the recommended water recovery target of 390 GL per year established in the 
Basin Plan. Several optional targets (scenarios) are under consideration, ranging from 278 GL per year 
to 415 GL per year. 

MDBA is required to recommend to the Ministerial Council whether a change in the original target is 
deemed desirable. A triple-bottom-line approach, aimed at optimising social, economic and 
environmental outcomes, is applied by MDBA to reach a recommendation.1 The modelling work 
presented in this report focuses on the economic impacts of the different water recovery scenarios 
on five key sectors in 21 communities within the Northern Basin. 

Key inputs to the modelling are the number of irrigated hectares, which are sourced from MDBA’s 
Northern Basin Hydrology-Land Use Model, which translates water availability into areas of irrigated 
production.2 In the Northern Basin, cotton is the dominant agricultural commodity produced, and the 
modelling places a strong emphasis on economic changes associated with cotton production. 
However, other economic sectors are also affected by changes in irrigated agricultural production, and 
assessing these effects is another aspect of the modelling undertaken. 

Economic impacts of recovering water for the environment are assessed at a local community scale 
based on the ABS standard geography of the Urban Centre and Locality (UCL), which is the smallest 
geography available in the Australian Statistical Geography Standard (ASGS) for which population 
census data are available. Twenty-one local communities have been selected accounting for all of the 
Northern Basin water entitlements affected by Commonwealth water recovery. The level of 
dependence on water for irrigation varies between these communities. Some of the communities are 
highly dependent on water availability, and others have no dependence, acting as a benchmark for 
comparative purposes. In addition, the relative degree of economic diversification in the communities 
plays an important role in attenuating the impacts as it allows alternative local employment 
opportunities. 

As a guide to the likely magnitude of the economic impacts of the different water recovery scenarios 
on the different communities, changes are assessed retrospectively relative to an historical baseline 
scenario. Specific to each community, it represents the best available estimation of water 
management operations prior to the Basin Plan and extends from 1999-00 to 2013-14.  

Availability of data has been a significant limitation of this analysis. Detailed economic data, sufficient 
to conduct the assessment for each community and sector, has been available only for employment. 
Accordingly, the main indicator of economic impact in the modelling comprises changes in jobs 
relative to the baseline equivalents. 

More comprehensive socioeconomic information relating to each of the communities has been 
compiled and are presented in a related set of community profiles prepared by NATSEM at the 
University Canberra.3 The UC community profiles provide a useful indication of the potential 

                                                      
1  MDBA (2016). Northern Basin Review – Technical overview of the socioeconomic analysis, Draft Report. 

Canberra: MDBA. 
2  MDBA (2016). Documentation for the hydrology-landuse modelling, Draft Report. Canberra: MDBA. 
3  MDBA (2016). Social and economic condition reports, Draft Report. Canberra: MDBA. 



 

Page  |  2 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

vulnerability of each of the communities to changes in water availability, and represent thus an 
appropriate complement to the modelling work undertaken in this study. 

The remainder of this report is organized as follows. Section 2 offers an overview of the community 
model that has been developed for the economic analysis of water recovery. Section 3 outlines the 
different methodological approaches that were explored. The final specification of the community 
model is described and the limitations of the model are summarised. Section 4 focuses on the 
assessment of alternative water recovery scenarios. A description of the simulation model is provided 
before the simulations results are reported. The final section concludes with recommendations for 
further work. 
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2 Overview of the Community 

Model 

This section provides an overview of the community model that has been developed for the 
assessment of different water recover options at the community level. The community model is a 
quantitative economic model that specifies relationships between economic variables representing 
the salient features of the link between employment and areas of irrigated production in different 
sectors of the community. 

The model covers the 21 communities listed in the first two columns of Table 2.1. In terms of 
sectors, the 720 industry classifications of employment in the census data were allocated to the eight 
sectors listed in the last two columns of Table 2.1. The eight sectors were chosen to represent the 
main economic activities in the local communities and to distinguish separately sectors that were 
likely to be significantly impacted by water recovery policies. 

 

Table 2.1:  Primary dimensions in the community model 

 Communities Sectors  

Direct water recovery impact No direct water recovery impact Direct water recovery impact No direct water recovery impact 

Boggabri Bingara Irrigated Farms Non-irrigated Farms 

Bourke Brewarrina Agricultural Supply Manufacturing 

Collarenebri Chinchilla Ginning Production Mining 

Dirranbandi Coonabarabran Other Private Businesses Government Services 

Goondiwindi Gilgandra   

Gunnedah Nyngan   

Moree  Non Other Private Businesses 

Mungindi  Irrigated Farms Non-irrigated Farms 

Narrabri  Agricultural Supply Manufacturing 

Narromine  Ginning Production Mining 

St George   Government Services 

Trangie    

Walgett    

Warren    

Wee Waa    

 

The community model is comprised of a set of equations that relate sectoral employment in each 
community to a selection of explanatory variables. The majority of these equations are estimated 
using econometric techniques, and is termed as the econometric model. The simulation model 
combines the individual equations in a deterministic framework. The first step in applying the 
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simulation model involves establishing a baseline representation of how the local economies will 
evolve under current water recovery policies. The impact of alternative water recovery policies are 
then simulated by perturbing exogenous variables and parameters away from their baseline values in 
a way that is designed to capture the direct impacts of the water recovery scenario. In the following 
two subsections we first describe the constituent equations that make up the econometric model 
before providing an overview of the simulation model. 

2.1 The econometric model 
The equations that make up the econometric model quantify key relationships in the local economies. 
Details of how these equations were formulated and estimated are provided in section 3.2. Here we 
provide an overview of the key steps that we followed in the modelling process, including the 
economic, statistical and practical issues that we had to confront. 

Employment was deemed to be the key summary measure of economic and social conditions in the 
local communities. To build a model of annual economic activity for each of the 21 communities 
based on employment we required employment data at the sectoral level for each of these 
communities. Given that such a data set did not exist, the first step in the modelling process was to 
construct a database using the 4-digit industry employment data from the Census for the years 2001, 
2006 and 2011. To utilise the census employment data it was necessary to transform the postal area 
data, available from the Australian Bureau of Statistics, to align with the community area boundaries 
employed by the MDBA. In the cases of Dirranbandi and St George, those community areas are the 
same as the postal areas. The full-time and part-time employment statistics were converted to full-
time employment equivalents (FTEs) across all the industry classifications. The 720 industry 
classifications of employment in the 2006 and 2011 censuses, and over 300 industry classifications in 
the 2001 census, were allocated to one of the 8 industry sectors for each community. This task was 
undertaken jointly by the MDBA, University of Canberra and KPMG. 4 

Our employment database has cross-sectional and time series dimensions. That is, we have 
observations of employment in 8 sectors in each of the 21 communities at 3 non-contiguous points in 
time. For estimation purposes we use regression techniques appropriate for cross section data 
pooled across time.  For the irrigation-dependent communities, listed in the first column of Table 2.1, 
the explanatory variables for sectoral employment were the following: 

1. The number of hectares of irrigated cotton production for each community; 
2. A community-specific index of grazing production that is the product of the number of hectares of 

grazing land for a particular community (that does not change over time) and a grazing-specific 
rainfall index for that community; 

3. A community-specific index of cropping production that is the product of the number of hectares 
of cropping land for a particular community (that does not change over time) and a cropping-
specific rainfall index for that community; and 

4. Employment in all sectors except other private businesses (i.e. non other private businesses in 
Table 2.1) which influences employment in the remainder sector of the local economy (i.e. other 
private businesses, which includes among other things retailing, accommodation and food 
services). 

For the communities not directly impacted by water recover policies (listed in column 2 of Table 2.1), 
the latter three explanatory variables are used. An important feature of the explanatory variables listed 
above is that a relevant historical time series with an annual frequency was available (or could be 
easily constructed). As will be discussed later this feature allowed us to simulate historical 
counterfactual scenarios on an annual basis even though we did not have historical annual 
employment observations. 

                                                      
4  Tanton R., VidyattamaY., & Peel D. (May 2016). MDBA Community Profiles data extraction. Canberra: 

NATSEM, University of Canberra. 
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The pooled cross-sectional regression approach allowed us to quantify the relationship between 
community-specific sectoral employment and the explanatory variables listed above. That is, for the 
relevant communities we quantified the relationship between employment in the: 

• irrigated farm sector and the number of hectares of irrigated production;  
• non-irrigated farm sector and indicators of cropping and grazing activities;  
• ginning sector and the number of hectares of irrigated production;  
• agriculture supply sector and the number of hectares of irrigated production and indicators of 

cropping and grazing activities; and 
• other private business sector and employment in the remainder of the economy.  

The estimated relationships together with annual time profiles of the explanatory variables are 
sufficient for us to generate annual profiles of community specific sectoral employment.  For 
example, we are able to use the estimated relationships and historical values of the explanatory 
variables to infer values for community specific sectoral employment in the non-census years. 

Within the general modelling framework summarised in the previous dot points we explored a range 
of variations in the model specifications. Preliminary statistical analysis of the historical data helped fix 
ideas and guide model selection. As a result of this preliminary statistical analysis, a total of 20 
different models were short-listed as potential candidates for the five sectors that are affected by 
water recovery policies. In selecting the preferred models we analysed the performance of candidate 
models for each community at each of the three time points for which we have historical realisations 
(i.e., the Census years 2001, 2006 and 2011). We also compare the community-specific time-profile 
projected by each model to a benchmark profile that is based on a linear interpolation of the three 
historical realisations we have for each dependent variable. The model selection process is 
necessarily judgmental but we can summarise the hierarchy of model characteristics that disciplines 
this process by noting that, other things equal, we preferred models that:  

• performed well across most communities; 
• performed well across the three Census years in our sample; 
• were least complex; 
• exhibited variation around the benchmark profile that is plausible in terms of the variation of the 

explanatory variable and the size of the model errors in the Census years; and 
• exhibited plausible simulation properties in the sense that the model responses are 

commensurate with the shocks to the policy variables and consistent with the intuition of subject 
matter experts. 

Table 2.2 reports the result of the model selection process. Except one model specification in the 
non-irrigated farms sector and one in the agricultural supply sector, all the different model 
specifications have been selected at least once. 

2.2 The simulation model 
In this section we explain how the sectoral employment models selected for each community are 
used to simulate the impacts on employment of alternative water recovery policies. Technical details 
about how the simulation model is formulated are discussed in section 4.1 and simulation results of 
water recovery scenarios are reported in section 4.2. 

In general form, the simulation model consists of six functional relationships and two identities. The 
two identities aggregate the number of jobs as follows: 

• Employment in the farm and farm-related sectors is defined as the sum of jobs in irrigated farms 
(permanent and seasonal workers), non-irrigated farms, agricultural supply and in ginning 
production; and 

• Employment in all sectors other than in other private businesses is defined as the sum of jobs in 
farm and farm-related activities, manufacturing, mining and in government services. 
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Table 2.2: Selected model for each sector in each community 

Community 
Irrigated Farms 

(2 specifications) 

Non-irrigated Farms 

(6 specifications) 

Ginning Production 

(2 specifications) 

Agricultural Supply 

(6 specifications) 

Other Private Business 

(4 specifications) 

Boggabri 1B 2A 3A 4F 5B 

Bourke 1A 2B 3B 4C 5A 

Collarenebri 1B 2A 3B 4E 5D 

Dirranbandi 1B 2C 3B 4F 5A 

Goondiwindi 1A 2C 3B 4E 5A 

Gunnedah 1A 2A 3A 4C 5B 

Moree 1B 2B 3B 4E 5B 

Mungindi 1B 2D 3B 4D 5C 

Narrabri 1B 2B 3B 4A 5B 

Narromine 1B 2A 3B 4D 5D 

St George 1A 2B 3B 4A 5B 

Trangie 1B 2D 3B 4A 5C 

Walgett 1B 2B 3A 4F 5A 

Warren 1B 2F 3A 4C 5D 

Wee Waa 1B 2C 3A 4E 5B 

Bingara - 2C - 4F 5B 

Gilgandra - 2F - 4E 5D 

Coonabarabran - 2D - 4C 5B 

Chinchilla - 2F - 4F 5D 

Brewarrina - 2A - 4F 5A 

Nyngan - 2F - 4E 5B 

 

As listed in the previous section, employment in all sectors other than in other private businesses is 
an explanatory variable and thus has to be calculated as it enters the functional form of the other 
private business sector. 

Eight scenarios of recovering water for the environment were simulated and compared to a historical 
baseline so that percentage deviations of variables from their baseline values capture only the impact 
of water recovery. The key exogenous variable in the simulation model through which changes in 
water recovery policies are modelled is the number of hectares of irrigated cotton production, which 
enters four of the six functional relationships. Projections for this variable are obtained from the 
Northern Basin Hydrology-Land Use Model. The baseline projections for this variable represent the 
best available estimation as to what would have happened to irrigated cotton production (measured in 
hectares) under current water recovery policies. Each of the eight scenarios represents an alternative 
water recovery policy. The simulation model translates changes in irrigated hectares of cotton 
production into changes in employment by sector in each community over the period 2001-02 to 
2013-14. 

In addition to the simulation of the eight water recovery options which are reported in section 4.2, a 
sensitivity analysis was performed in three communities around the water recovery strategy as 
currently legislated in the fully-implemented Basin Plan (390 GL water recovery scenario). The 
objective is to assess the sensitivity of the central scenario to local factors not included in the model 
so that their impacts on employment can be inferred on the other potential scenarios. 

One of the sensitivity scenario is with regard to the Wee Waa community as it relies on both surface 
and ground water resources. The scenario involves ground water recovery in addition to surface water 
recovery, which implies a total reduction between 20% and 30% of irrigated production in dry years. 
Figure 2.1 reports the impact on employment of the 390 GL water recovery scenario with and without 
ground water recovery in the farm and farm-related sector as well as in the other private business 
sector. 
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Figure 2.1:  Central scenario with/without ground water recovery (percentage deviations from baseline) 

 

Relative to the central scenario, the flow-on effects to employment in the farm and farm-related 
sector are a further reduction up to 2% (top panel) and up to 1.5% for the other private business 
sector (bottom panel). 

The other two sensitivity scenarios are related to Moree and St George. In these two communities, 
some of the people that were identified as being employed in Moree or St George would have had 
their jobs tied to irrigated production in Collarenebri and Dirranbandi, respectively. This potential 
underestimation of employment impacts in Moree and St George is addressed by transferring some 
of the impact of the decreased area of irrigated production in Collarenebri and Dirranbandi to the 
community of Moree and St George, respectively. 
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For the Moree community, the effects of transferring either 30% or 60% of the reduced irrigation 
area from Collarenebri was examined. Figure 2.2 shows the impact on employment of the 390 GL 
water recovery scenario with and without transfer from Collarenebri in the farm and farm-related 
sector as well as in the other private business sector. Relative to the central scenario, the flow-on 
effects to employment in the farm and farm-related sector are a further reduction up to 4% (top 
panel) and up to 3% for the other private business sector (bottom panel). 

 

Figure 2.2: Central scenario with/without people’s jobs tied to production in Collarenebri (percentage deviations from baseline) 
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Regarding the St George community, the effects of transferring either 20% or 40% of the reduced 
irrigation area from Dirranbandi was examined. Figure 2.3 shows the impact on employment of the 
390 GL water recovery scenario with and without transfer from Dirranbandi in the farm and farm-
related sector as well as in the other private business sector. Relative to the central scenario, the 
flow-on effects to employment in the farm and farm-related sector are a further reduction up to 10% 
(top panel) and up to 6.5% for the other private business sector (bottom panel). 

 

Figure 2.3: Central scenario with/without people’s jobs tied to production in Dirranbandi (percentage deviations from baseline) 
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3 Development of the Model 

3.1 Initial modelling 
The initial objective of this project was to develop models for 21 communities in the Northern Basin 
that would be used to simulate the impact of water recovery policies on employment, wages and 
population for each community. A key model input for each community is the number of hectares of 
irrigated farmland that would be supported by different water recovery scenarios. These inputs were 
to be sourced from a separate hydrology-land use model. The simulation model for each community 
was to be designed so that it could use a historical baseline extending from 1999-00 to 2013-14. The 
baseline was to consist of historical values for key variables, including the number of hectares of 
irrigated farmland, wages, jobs and population. Ideally, simulations using this baseline would be 
designed to answer the following question: how different would the outcomes for wages, jobs and 
population have been for a particular community over the period 2000-01 to 2013-14 if recovery of 
water for the environment led to a change in irrigated agricultural production in the context of 
underlying climate variability, underlying productivity improvements and other factors affecting each 
community? 

A cursory examination of the available data at the outset of this project established two key 
guidelines: 

1. The available data would not support the development of the ideal structural model that identifies 
and quantifies the demand and supply chains within and between communities, including making 
explicit the relationships between businesses, households and government (see Appendix A for 
an overview of our initial methodological approach); and 

2. Data limitations also rendered as unviable a reduced form econometric approach where potential 
relationships between variables are postulated and then statistical techniques are employed to 
determine the exact form of the relationships. 

The initial econometric approach that we proposed to use relied on basic time series econometric 
techniques. That is, we had in mind specifying models of the following form:5 

 ln 𝐿𝐿𝑗𝑗,𝑐𝑐,𝑡𝑡 = 𝛼𝛼𝑗𝑗,𝑐𝑐 + 𝛽𝛽𝑗𝑗,𝑐𝑐 ∙ ln𝐻𝐻𝑐𝑐,𝑡𝑡 + 𝛾𝛾𝑗𝑗,𝑐𝑐 ∙ ln𝑿𝑿𝑡𝑡 + 𝜀𝜀𝑗𝑗,𝑐𝑐,𝑡𝑡  (2.1) 

where 𝐿𝐿𝑗𝑗,𝑐𝑐,𝑡𝑡 denotes the number of FTE jobs in sector 𝑗𝑗 located in community 𝑐𝑐 at time 𝑡𝑡, 𝐻𝐻𝑐𝑐,𝑡𝑡 denotes 
the number of hectares of irrigated production in community 𝑐𝑐 at time 𝑡𝑡, and 𝑿𝑿𝑡𝑡 is a vector of other 
potential explanatory variables at time 𝑡𝑡. In a well-specified model the residual 𝜀𝜀𝑗𝑗,𝑐𝑐,𝑡𝑡 captures non-
systematic movements in the relevant employment variable and measurement errors in the variables 
and parameters. This residual would have properties (independently and identically distributed with a 
mean of zero) that allows us to assume it has an expected value of zero in simulations. If our vector 
𝑿𝑿𝑡𝑡 misses some important variables or if our parameter estimates are inaccurate or the functional 
forms assumed (e.g., non-linearities) are misspecified then the residual 𝜀𝜀𝑗𝑗,𝑐𝑐,𝑡𝑡 will not display the ideal 
properties. Our strong priors were that the residuals in our estimated equations would not display the 
ideal properties for two main reasons: 

                                                      
5  The equation is presented in log form for illustration purposes only. 
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1. The historical data sample was extremely short with only 13 annual observations for employment 
in each sector and each community; and 

2. Relevant historical data was available for only a very small range of potential explanatory variables. 

In light of these limitations we recognised the econometric work would need to be heavily 
supplemented with significant inputs of judgement. In particular, the approach that we proposed 
aimed to blend theory, available data, anecdotal evidence and expert knowledge of the communities 
and the operation of the local economies in a simulation model. The available data appeared to be 
consistent with a 5-sector representation of each local economy: Farms; Agricultural Supply; Retail; 
Government Services; and Other Businesses. For each of the five sectors within each community we 
proposed a hierarchical top-down model of employment and wage flows as illustrated in Figure 3.1 
(see Appendix B for the formalisation of such an approach). For example, the Farms sector was 
placed at the top of the hierarchy with employment and wages in this sectors specified to be a 
function of the area of irrigated production. Farms sector income was then assumed to cascade down 
and drive employment and wages in the Agricultural Supply sector. Similarly, employment and wages 
in the non-agricultural and non-government sectors was posited to be related to wage income in the 
agricultural sector (Farms and Agricultural Supply), to measures of socio-economic resilience, and to 
the degree of community dependence on irrigated agriculture from surface water. Employment and 
wages in the Government Services sector was to be specified as a function of population and to 
measures of socio-economic disadvantage. Changes in population were to be related to employment 
opportunities and to measures of socio-economic disadvantage. 

 

Figure 3.1: Hierarchical modell ing design 

 

 

The Dirranbandi community was used to demonstrate the suitability of our modelling approach (see 
Appendix C for model specification and estimation as well as simulation results). Dirranbandi stood 
out as test-case because of the existence of a detailed hand-collected database for that community. 
The Dirranbandi database included annual estimates of full-time and part time employment in the 
Farms, Agricultural Supply, Ginning, Retail, and Government Services sectors over the period 1999-00 
to 2013-14. The database also included annual estimates of the number of full-time equivalent 
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seasonal farm workers over the same sample period. In the process of developing the model for 
Dirranbandi two important issues became apparent: 

1. Reliable data for wages corresponding to the employment data for the five sectors and for 
seasonal farm workers was difficult to obtain; and 

2. Comparable reliable employment data for the other 20 communities was not available. 

In response to the first issue we respecified the model in terms of employment only. Thus, for 
example, the driver of employment in the Retail sector was employment in the rest of the community 
rather than income in the rest of the economy. The implicit assumption behind this specification is 
that changes in employment are a reasonable proxy for changes in income. 

With regards to the second issue the initial data provided by MDBA for the 21 communities, which 
involved using Census employment data for 2001, 2006 and 2011 and using various techniques to 
infer values for all the non-Census years in the 1999-00 – 2013-14 sample, was deemed to be 
unreliable. The allocation of employment across the sectors appeared to be misallocated for each of 
the 21 communities, highlighted by the unrealistic employment data for the Agricultural Supply sector. 
To deal with this issue we settled on an alternative sectoral aggregation of the data involving 
combining the Farms and Agricultural Supply sectors into a single Agriculture sector. This work-
around was based on the assumption that the main miss-allocation of sectoral employment was 
between the Farms and Agricultural Supply sectors for each community. Subsequent analysis 
indicated that this was only part of the sectoral misallocation problem and contributed to the final 
decision to abandon this initially-provided database altogether.  

An additional difficulty with this initial dataset, that ultimately proved to be intractable, was that the 
synthetic employment data inferred for the non-Census years appeared to have been generated by a 
technique that produced data that is similar to what would have been produced by a linear 
interpolation. The lack of plausible variation in the intra-Census years employment data, coupled with 
a very short sample period, meant that this dataset could not reliably support time series modelling. 
For example, we did not think it would be productive to attempt estimating a relationship across time 
between the number of hectares of irrigated cotton (for which a 13-year historical time series is 
available) and employment in the farm sector (based on a synthetically generated time series 
anchored by three historical observations spanning a 10-year horizon – 2001, 2006 and 2011). This 
point is worth elaborating because it heavily influenced the modelling strategy that we finally settled 
on. The perfect model of the synthetic employment time series is whatever model was used to 
generate this data. If this data-generating model represents our best guess of how employment 
evolves over time then there is nothing further to be gained by re-modelling this data – we already 
have the best model of this variable.6 If the data-generating model does not represents our best 
guess of how employment evolves over time (i.e., it does not concord with our priors about residuals 
displaying the ideal properties) then there is nothing to be gained by trying to model this data.  

To deal with the synthetic data issue we explored the option of abandoning the initial set of 
employment data for the non-Census years and exploiting the dynamic relationships estimated on the 
Dirranbandi dataset to infer values for employment in the non-Census years for the other 
communities. Put crudely, the idea was to borrow the shape of the employment paths for the 
Dirranbandi sectors and to super-impose these on the corresponding sectors in the other 
communities as closely as possible while preserving the employment numbers for the Census years. 
This process focussed attention on the employment data for the Census years and it became 
apparent that the allocation of employment across the sectors was problematic. The aggregation of 
the Farms and Agricultural Supply sectors reduced the extent of the problem but significant anomalies 
remained, leading to a loss of confidence in the integrity of the aggregated employment data for the 
three Census years. This loss of confidence resulted in the abandonment of the initial database 
altogether. 

 

                                                      
6  We would expect that the best model would contain those variables (or their close proxies) that our priors 

suggest are the key drivers of employment (e.g., number of hectares of irrigated production or climate 
conditions). If this was not the case then either our priors were wrong or the model does not really represent 
our best guess of how employment evolves over time. 
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3.2 Formulation of the econometric model 
For all the reasons described in the previous section, a new employment database was developed in 
a co-operative effort with MDBA and NATSEM.7 The new database used the 4-digit industry 
employment data from the Census for the years 2001, 2006 and 2011. For most of the 21 Northern 
Basin communities we used the industry data collected by postal area and transformed to align with 
the community area boundaries employed by MDBA.8 For several communities a modified 
geographical catchment area was defined to better match the concept of a community linked to 
irrigation activity in the Northern Basin.9 In its raw form the 4-digit industry employment data for each 
of the Census years identified full-time and various categories of part-time employment. The first task 
was to convert all the part-time jobs into full-time equivalents and then add these to the full time jobs 
so that for each of the 21 appropriately defined communities we had an estimate of the total number 
of full time jobs at the 4-digit industry level (which consists of 720 industry categories). The second 
task was to aggregate the data to a manageable number of meaningful sectors and involved mapping 
each of the 4-digit industries to 8 broad industry categories listed in Table 3.1. 

The new database constructed in the manner described above provides us with consistent estimates 
for each of the 21 communities of the number of full-time equivalent (FTE) jobs in each of the 8 broad 
industry categories for each of the 2001, 2006 and 2011 Census years.  

The initial objective of the project, described in the previous section, needed to be revised to reflect 
the data limitations. One of the key data limitations is not having access to time series data to support 
our modelling work. Our final data set comprised cross-sectional data captured at three non-
contiguous points in time. Before describing how we dealt with this issue, the original objectives of 
the project were revised as follows: 

• Focus exclusively on modelling employment, which means that variables such as wages and 
population were not modelled; 

• The drivers of employment were confined to irrigation production, climate conditions and to 
employment in other sectors. Other potential drivers, such as measures of socio-economic 
resilience, were not included in the modelling; 

• Focus on modelling employment in the Irrigated Farms, Non-irrigated Farms, Agricultural Supply, 
Ginning and Other Private Businesses sectors for the 15 communities with significant exposure 
to irrigated farming whereas employment in the remaining sectors (Manufacturing, Mining and 
Government Services) for the non-Census years was determined using linear interpolation 
techniques and was assumed to remain unaffected by water recovery policies. 

 

 

 

                                                      
7  Tanton R., VidyattamaY., & Peel D. (May 2016). MDBA Community Profiles data extraction. Canberra: 

NATSEM, University of Canberra. 
8  Postal areas are defined using the smallest geography available in the ASGS, the Statistical Areas Level 1 

(SA1) for which a wide range of Population Census data are released by ABS. It implies that the use of 
Statistical Local Area (SLA) is not appropriate, since for example, the community of Trangie is in the same SLA 
as the community of Narromine. In addition, the breakdown of employment into local, inbound and outbound 
employment is not feasible as ABS statistics on place of work (POW) are based on Statistical Areas Level 2. 

9  This included dealing with communities made up of non-contiguous postal areas, overlaps where part of the 
postal area associated with one community is more geographically and economically integrated with another 
community and where the postal area associated with a community overlaps with a community that does not 
have strong links to the irrigation activity of the Northern Basin. 
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Table 3.1:  Model dimensions 

Communities Sectors Mnemonic Core Variables Mnemonic Variable Dimension 

Group 1 Farm & Farm-related  Endogenous   

Boggabri Irrigated Farms IrrFarm FTE permanent jobs  COMxSEC 

Bourke Non-irrigated Farms NonIrrFarm FTE seasonal jobs  FFR 

Collarenebri Agricultural Supply AgSup    

Dirranbandi Ginning Production Gin Exogenous   

Goondiwindi Other  Irrigated hectares IrrHa COM 

Gunnedah Other Private Businesses OPBus Grazing Production Index GrazeInd COM 

Moree Manufacturing Man Crop Production Index CropInd COM 

Mungindi Mining Mining    

Narrabri Government Services Gov where COM = Communities 

Narromine    SEC = Sectors 

St George Non Other Private Businesses NonOPBus  FFR = Farm & 

Trangie Irrigated Farms    Farm-related 

Walgett Non-irrigated Farms     

Warren Agricultural Supply     

Wee Waa Ginning Production     

Group 2 Manufacturing     

Bingara Mining     

Brewarrina Government Services     

Chinchilla      

Coonabarabran      

Gilgandra      

Nyngan      

 

The dilemma that we had to confront was how to use this data to calibrate models that captured the 
behaviour of employment over time. Our solution to this issue was to use cross-sectional 
econometric techniques to measure the relationship between employment and explanatory variables 
at a point in time. Importantly, we confined ourselves to using only those explanatory variables for 
which we had annual historical observations for the sample period extending from 1999-00 to 2013-
14. This restriction was important because it allowed us to use the static model to infer a time path 
for employment (the dependent variable). This modelling strategy can be illustrate with a stylised 
example. We estimate an equation of the form: 

 ln 𝐿𝐿𝑗𝑗,𝑐𝑐,𝑇𝑇 = 𝛼𝛼𝑗𝑗 + 𝛽𝛽𝑗𝑗 ∙ ln𝑋𝑋𝑐𝑐,𝑇𝑇 + 𝜀𝜀𝑗𝑗,𝑐𝑐  (2.2) 

where the subscript T denotes a specific year and the variable 𝑋𝑋𝑐𝑐,𝑇𝑇 denotes an explanatory variable for 
community 𝑐𝑐 in year 𝑇𝑇. For example, ln 𝐿𝐿𝑗𝑗,𝑐𝑐,𝑇𝑇 denotes the number of FTE jobs in sector 𝑗𝑗 located in 
community 𝑐𝑐 in year 𝑇𝑇. In our case 𝑇𝑇 refers to one of 2001, 2006 or 2011. Note that the estimated 
parameters are not community specific. Once we have estimates for 𝛼𝛼𝑗𝑗 and 𝛽𝛽𝑗𝑗 we can exploit the fact 
that we have historical time series data for 𝑋𝑋 to infer estimates of the time profile for employment, 
which is specified as follows: 

 𝐿𝐿�𝑗𝑗,𝑐𝑐,𝑡𝑡 = exp�𝛼𝛼�𝑗𝑗 + �̂�𝛽𝑗𝑗 ∙ ln𝑋𝑋𝑐𝑐,𝑡𝑡�  (2.3) 

where the carat indicates an estimated value and 𝑡𝑡 ranges from 1999-00 to 2013-14. Note that we 
have assumed that the expected value of 𝜀𝜀𝑗𝑗,𝑐𝑐 is zero. 

Because we have cross-sectional data for three years we are able to pool these cross-sectional 
observations to increase the size of our estimation sample and to allow us to exploit the information 
in the historical data more fully. Specifically, we estimate pooled cross-sectional regressions of the 
form (or the analogous log representation): 
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𝐿𝐿𝑗𝑗,𝑐𝑐,𝑡𝑡 = � 𝛼𝛼𝑗𝑗,𝑚𝑚 ∙ 𝐷𝐷𝑚𝑚,𝑐𝑐,𝑡𝑡

𝐶𝐶𝐶𝐶𝐶𝐶

𝑚𝑚=1

+ 𝛽𝛽𝑗𝑗 ∙ 𝑋𝑋𝑐𝑐,𝑡𝑡 + � 𝛾𝛾𝑗𝑗,𝜏𝜏 ∙ 𝑑𝑑𝑐𝑐,𝜏𝜏
𝜏𝜏∈{06;11}

+ 𝜀𝜀𝑗𝑗,𝑐𝑐,𝑡𝑡 

  (2.4) 

where 𝑗𝑗 ∈ {𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝑁𝑁𝑁𝑁𝑁𝑁𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑂𝑂𝑂𝑂𝑂𝑂𝐴𝐴𝑂𝑂}, the variable 𝐷𝐷𝑚𝑚,𝑐𝑐,𝑡𝑡 represents a dummy matrix with 
elements having a value of 1 when 𝐼𝐼 = c and 0 otherwise, and the variable 𝑑𝑑𝑐𝑐,𝜏𝜏 is a dummy vector 
that takes on the value of 1 when 𝜏𝜏 = 𝑡𝑡. The inclusion of cross-sectional and time-specific dummies 
means that we are estimating a fixed effects form of the regression equation. Loosely speaking, 
these dummies are designed to minimise the impact on our estimates of omitting relevant 
explanatory variables, specifically those that are constant over time but may vary across communities 
and those that are constant across communities but may vary across time. 

In our modelling work we have used 4 explanatory variables (the X’s in the above equations), which 
are the following:  

1. The number of hectares of irrigated cotton production for each community (IrrHa); 
2. A community-specific index of grazing production that is the product of the number of hectares of 

grazing land for a particular community (that does not change over time) and a grazing-specific 
rainfall index for that community (GrazeInd); 

3. A community-specific index of cropping production that is the product of the number of hectares 
of cropping land for a particular community (that does not change over time) and a cropping-
specific rainfall index for that community (CropInd); and 

4. The number of full-time equivalent jobs in a community for all sectors except OPBus (NonOPBus). 

The first three explanatory variables listed above were chosen because they met two basic criteria: 
first, a relevant historical time series was available (or could be easily constructed); and second, within 
the project’s budget and time constraints we judged that these variables gave us the best chance of 
understanding the relationship between agricultural production and employment in the Northern Basin 
communities. The second criterion was the key reason behind the use of the specific measure of jobs 
listed as the fourth explanatory variable. In the particular case of the OPBus sector we have assumed 
that the best available driver of jobs in that sector was the number of jobs in the remaining sectors of 
the local economy. The OPBus sector includes a wide range of activities such as retail, food and 
accommodation, legal, accounting, banking and building and associated trades. A component of 
expenditure on these types of activities will be non-discretionary and will move in line with population. 
Although we have not modelled population for the communities, it is reasonable to assume that there 
will be a relationship between the number of jobs the local economy can support and the 
community’s population, especially over the longer term. The discretionary component of such 
expenditures is likely to vary with the fortunes of the other sectors of the local economy. Our best 
available measure of the fortunes of these other sectors is the number of jobs. A historical time series 
of sector-specific jobs at the community level was not readily available. However, we are able to 
exploit the hierarchical nature of our modelling framework to cascade down time series projections 
generated by our models of jobs for the non-OPBus sectors and use these to drive the projections of 
jobs in the community-specific models of jobs in the OPBus sector.  

To estimate our regressions represented by equation 2.4 we have used a Generalised Least Squares 
methodology to deal with potential cross-sectional heteroskedasticity. Because of the nature of the 
sample data, particularly the limited number of observations and potentially large measurement 
errors, we do not rely heavily on traditional statistical diagnostics to select our preferred model and to 
draw inferences about the robustness of our estimates. We follow several basic rules and overlay 
judgment that draws on our own modelling and subject matter expertise as well as that of 
professionals from the project sponsor (MDBA). As a rule we discarded any model with parameter 
estimates that did not accord with our firm priors about sign. A negative sign was expected on 
parameters associated with the four explanatory variables listed above (IrrHa, GrazeInd, CropInd and 
NonOPBus). The time dummies included in the regressions are assumed to capture improvements in 
productivity over time. Under this assumption the sign on the associated parameters must be 
negative and consistent across time. In almost all cases models with positive parameters on any of 
the time dummies were discarded. After discarding models on the basis of these rules we are 
generally left with several viable candidate models for each dependent variable. We analyse the 
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performance of viable candidate models for each community at each of the three time points for 
which we have historical realisations (i.e., the Census years 2001, 2006 and 2011). Our main 
quantitative diagnostic is the in-sample absolute percentage error generated by the model at each of 
the Census years. We also compare the community-specific time-profile projected by each model to a 
benchmark profile that is based on a linear interpolation of the three historical realisations we have for 
each dependent variable.  The model selection process is necessarily judgmental but we can 
summarise the hierarchy of model characteristics that disciplines this process by noting that, other 
things equal, we prefer models that:   

• perform well across most communities; 
• perform well across the three Census years in our sample; 
• are least complex; 
• exhibit variation around the benchmark profile that is plausible in terms of the variation of the 

explanatory variable and the size of the model errors in the Census years; and 
• (related to the previous dot point) exhibit plausible simulation properties in the sense that the 

model responses are commensurate with the shocks to the policy variables and consistent with 
the intuition of subject matter experts.  

As indicated in Table 3.1 we split the 21 communities into two groups. The 15 communities listed 
under the heading Group 1 are assumed to have a significant exposure to irrigated cotton production. 
The remaining 6 communities have relatively small exposures to irrigated production. For this reason 
models for the 15 Group 1 communities are estimated using pooled cross sectional data for those 15 
communities only. Models for the 6 Group 2 communities are estimated using pooled cross sectional 
data for all 21 communities. 

Special case for ginning production 

Attempts to use the statistical techniques described above to estimate models for ginning jobs were 
unsuccessful.  Modelling jobs in the ginning sector proved difficult because features of the sector, 
including potentially complex operational behaviour, small numbers of jobs and geographical 
disconnect between place of work and place of residence, could not be adequately modelled with the 
available data.  Fifteen of the communities recorded jobs in the ginning sector for one or more of the 
three census years (2001, 2006 and 2011) but not all of these communities had local ginning 
operations. This may reflect the possibility of workers travelling to other communities for work. In any 
case, modelling ginning jobs in a particular community as a function of local cotton production may be 
problematic. We also note that for almost half of the communities that had ginning jobs, the number 
of ginning jobs recorded was less than 10 with several communities recording 1 or 2 such jobs. For 
three communities, the number of ginning jobs was positive in two of the census years and zero for 
the third. This may reflect mothballing decisions due to a lack of through-put, permanent closure of 
ginning operations or the start-up of new operations. Similar operational issues may be present in the 
data for the other communities with ginning operations although the larger job numbers make it less 
obvious.  

Our approach to modelling the number of permanent FTE jobs in the ginning sector started with a 
simple model where the number of ginning jobs in each community was specified as a fixed share of 
hectares of cotton production in that community. The share that we used was common across all 
communities and calculated as the trimmed mean of the ratio of ginning jobs to hectares of cotton 
production for each of the 15 group 1 communities. In all we had 45 observations (15 communities by 
3 census years) for this ratio. To calculate the trimmed mean we discarded the 11 largest 
observations and the 11 smallest observations, and calculated the mean of the middle 23 
observations. For 9 communities this simple specification generated more volatile projections than 
seemed plausible and/or unacceptably large model errors at the three available historical time points 
(i.e., the census years where we had observations on the number of ginning jobs). For these 9 
communities we specified a model of the form: 

 𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝑐𝑐,𝑡𝑡 = 𝛼𝛼𝐺𝐺𝐺𝐺𝐺𝐺,𝑐𝑐 + 𝛽𝛽𝐺𝐺𝐺𝐺𝐺𝐺,𝑐𝑐 ∙ 𝐻𝐻𝑐𝑐,𝑡𝑡 − 𝛾𝛾𝐺𝐺𝐺𝐺𝐺𝐺 ∙ 𝑇𝑇  (2.5) 



 

Page  |  18 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

where 𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝑐𝑐,𝑡𝑡 denotes the number of FTE jobs in the cotton ginning sector located in community 𝑐𝑐 at 
time 𝑡𝑡, 𝐻𝐻𝑐𝑐,𝑡𝑡 denotes the number of hectares of irrigated cotton in community 𝑐𝑐 at time 𝑡𝑡, and 𝑇𝑇 is a 
time trend. The parameters 𝛼𝛼, 𝛽𝛽 and 𝛾𝛾 in equation 2.5 were calibrated rather than estimated 
econometrically. The calibration procedure involved two steps. First, a reference time path for ginning 
jobs in each community was generated by linearly interpolating the three historical observations of 
this variable. Second, we selected values for the parameters that produced projections for ginning 
jobs that fit reasonably the reference time path. In this second step we placed a premium on using 
values for 𝛽𝛽 that were similar across communities and on the accuracy of the model at the three 
census years. We also restricted the value of the parameter 𝛾𝛾 to be positive and the same across the 
communities. A literal interpretation of this later assumption is that all ginning operations use the 
same technology, which has become less labour intensive over time. The reality is that without 
considerable additional research, it is difficult to distinguish between technical change for other 
factors (e.g., mothballing of a processing plant and high utilisation of capacity in remaining active 
plants). 

Cross-section analysis, model estimation and backcasting analysis are given in Appendix D for the five 
sectors under consideration, namely, irrigated farm, non-irrigated farm, ginning production, agricultural 
supply, and other private business sector. 

Seasonal employment in irrigated farms 

We do not have historical data on seasonal jobs in the Northern Basin communities apart from that 
contained in the hand-collected data for Dirranbandi. Our understanding is that a large proportion of 
seasonal jobs in the Northern Basin communities are related to cotton growing and ginning activity. 
For St George, a significant number of seasonal jobs are associated with grape growing. To model 
seasonal jobs we use technical relationships based on estimates of the number of FTE seasonal jobs 
supported by 1000 ha of production (cotton for cotton growing communities and, where relevant, 
grapes). 

Figure 3.2 shows the estimates of the number of FTE seasonal jobs per 1000 ha of cotton production 
at each of the three census years in our sample and the linear interpolation that we adopted for our 
modelling. 

 

Figure 3.2: Seasonal jobs in cotton production 

 

Source:  MD BA a nd KPMG. 
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For seasonal jobs in the cotton ginning sector we have used an estimate of 0.5 FTE seasonal jobs per 
1000 ha of cotton production for all communities and for all years. For seasonal jobs in the St George 
grape growing sector we have used an estimate of 54 FTE seasonal jobs per 200 Ha of grape 
production. 

3.3 Limitations of the current approach 
At a high level we can best highlight the limitations of the modelling approach that we have 
implemented by reference to an ideal modelling approach. In Appendix A we outlined what we 
regarded as an ideal modelling approach. For convenience, we repeat part of this outline below. 

Figure 3.3 is a highly stylised representation of the economy of a community in the context of the 
broader economy. The left hand panel (shaded grey) represents the local community, which is made 
up of households and 5 sectors that produce and sell goods and services. The community interacts 
with the government sector directly through local provision of government services and indirectly 
through links to all levels of government (local, state and federal) potentially located outside of the 
region. 

The local sectors sell goods and services to each other and to households in the local community. The 
economy beyond the local community is represented by the right hand panel in Figure 3.3. It is 
represented in a similar form to the local economy although it is clear that in terms of industrial 
structure and size, the economy external to the local community may be very different. The local 
economy interacts with the rest of the economy in a variety of ways: local businesses buy and sell 
(import and export) goods and services to businesses outside of the region; households in the local 
economy import goods and services; people move to and from the local economy (either permanently 
or on a commuting basis for work); and local residents pay taxes to governments and receive goods 
and services as well as transfers form the government (e.g., welfare payments). Local residents 
generate income from working (wages) and from owning assets (profits). Productive assets in the 
local economy may be owned by people or entities domiciled outside of the local economy (and vice 
versa). 

Figure 3.3 gives us an idea about the types of relationships and interactions in the economy that 
might be important in analysing a change to water entitlements. Such a shock would directly impact 
the farm sector and flow through to other parts of the local economy through the linkages described. 

Importantly, the structure set out in Figure 3.3 provides a reference point for understanding the 
limitations of our modelling approach. That is, we can be transparent about what assumptions we 
have made about those parts of the local economy which are not modelled explicitly. Similarly, we 
can recognise the potential limitations of using reduced form representations of relationships. For 
example, in a structural sense jobs in the agricultural supply sector depend on activity in the farm 
sector, which in turn depends (among other things) on the amount of irrigated farmland. In the 
absence of a direct measure of activity in the farm sector, we might use a reduced form approach 
that relates jobs in the agricultural supply sector to the amount of irrigated farmland.  
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Figure 3.3: Stylised representation of the community economy in the conceptual framework 

 

 

There are two very important practical advantages in understanding the limitations of the modelling 
approach by referencing an ideal conceptual framework. Firstly, it provides a template for improving 
the model over time. Secondly, it helps us design experiments to test the sensitivity of the model 
results to key assumptions and parameter settings 

Figure 3.4, which depicts the same stylised economy as that in Figure 3.3, can be used to identify the 
key relationships explicitly captured in the simulation model and those that are not. Relationships that 
are indicated by broken red lines or covered by the shaded red box are not modelled explicitly. Thus, 
for example, in modelling a particular community its relationships with the rest of the economy are 
not captured explicitly. Relationships indicated by solid yellow lines are modelled in limited form. For 
example, the connection between the community labour market and the labour market outside the 
community is confined to the influx of seasonal farm workers only. Similarly, because we do not 
model wages explicitly, income flows from wages are implicitly assumed to move with employment 
only. Without explicit specifications of wages and labour force growth (population dynamics, including 
and immigration) the supply of labour is assumed to passively accommodate the demand for labour. 
The yellow shading of the local economy sectors indicates that the relationships between these 
sectors are not modelled in detail. As explained above, we have adopted a top-down hierarchical 
approach to modelling employment in each sector. 

It is evident from Figure 3.4 that the simulation model captures only a very small fraction of the 
economic relationships within the local communities and impacts of water recovery on employment 
give thus only a partial representation of the full economic impact on the community. It is important to 
reiterate that this outcome reflects data and resource limitations rather than a limited understanding 
about how local economies operate. Having said that, we believe that significant information about 
how the local economy operated is contained in the jobs data.  
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Figure 3.4: Stylised representation of the community economy in the proposed approach 

 

 

Role of wages and profits 

As indicated in Figure 3.3 there are two main sources of income: wage income and profits (or losses) 
from the use of non-labour factors of production (e.g., fixed capital such buildings, structures and 
plant & equipment, land, natural resources, etc.). Our inability to model wages and profits means that 
we are likely to be missing potentially important mechanisms that influence the way the local 
economy will react to water policy shocks. For example, wage flexibility in the farm sector might 
mean that the impact on farm jobs of a negative shock is cushioned by a fall in wages and/or a 
contraction in profits. In such situations farm employment will be a crude proxy for labour and non-
labour income generated by the farm sector. This may be important for upstream businesses, such as 
those in the Agriculture Supply sector, that depend on the profitability of the farm sector. Similarly, 
reductions in the labour income of farm workers is likely to negatively impact downstream businesses 
such as those operating in the retail sector.  

This issue is likely to be complicated in relatively small local economies like those in the Northern 
Basin because many farm and non-farm businesses are run by owner-operators and the distinction 
between labour and non-labour income is likely to be blurred and also to change over time. The 
Census data reveals some of these complexities. For example, we find many instances of individuals 
self-reporting their employment status as “employed full time” and their income as nil (or some very 
low number).  

A less obvious issue with profits at the local economy level is where the profits end up. If the owners 
of the assets that generate profits are domiciled in the local area then it is likely that some portion of 
these profits will be spent on local goods and services. If the owners of profit-generating assets are 
domiciled outside of the local community then it is likely that there will be few flow-on benefits to the 
local economy from those profits. In the context of water recovery that involves the purchase of 
water entitlements by the government, the issue of where the owner of those entitlements is 
domiciled may be important.  
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Because we have been unable to model wage and profit behaviour we cannot capture the possibility 
that certain economic activities will be boosted or will emerge in the communities if wages fall and/or 
if land previously under irrigation becomes available at low cost. That is, the model does not recognise 
that to varying degrees productive resources have the potential to be used in alternative activities. For 
example, land used for cotton production may also be suitable for other cropping or grazing activities. 
Similarly, cotton farm workers or cotton-related agricultural supply workers may be suitable for jobs 
on non-cotton related farming and agricultural supply activities or, indeed, in non-agricultural activities 
altogether (e.g., mining). Note that if productive resources are currently engaged in the activity to 
which they are best suited, any re-allocation is likely to reduce their productivity (or value add) and, 
consequently, their remuneration10. 

The degree to which productive resources can be substituted depends on technological possibilities 
(e.g., a tractor may be easily redeployed from cotton farming to wheat farming whilst it is more 
difficult for a farm worker to become a veterinarian). The cushioning effect that we described above 
involves the interplay of the technical substitution possibilities with price signals (price and profit 
adjustments), which induce the re-deployment of resources from one part of the economy to another. 
The net impact on the economy may still be negative but significantly less than would be the case if 
wages and profits were unable to adjust and/or the technical substitution possibilities were limited. In 
that context impact on employment in our modelling may be overestimated in the long run, as we 
know that over longer sweeps of history the economic structures of communities change – induced 
by policy changes, technical innovation, entrepreneurship, etc. As a matter of fact it is known that the 
communities of interest have not always been reliant on irrigation for their economic success. 

Calibration Issues 

We have already detailed how data limitations have impacted our modelling approach. However, it is 
worth stepping back and re-considering the data issues in a broader context. We have used the hand-
crafted database for Dirranbandi to highlight the main points. The first point is that even if we had 
comparable data for all the other 20 communities in the Northern Basin study our modelling approach 
may not have been significantly different. That is, it is unlikely that we would have been in a position 
to model more of the relationships in figure 1 that are likely to matter in assessing the impacts of 
reductions in water entitlements. The data required to model the detailed relationships, such as data 
on wages and profits, simply do not exist. Of course, if data of similar quality as that for Dirranbandi 
existed for the remaining communities it would have been possible to devote less of the project’s 
resource budget to building a database and more to thinking laterally about how to build a model that 
best exploited the information content in the available data and to exploring various data sources for 
potentially useful information. However, the main advantage of Dirranbandi-style database for all the 
communities is that we would have been able to measure the relationships that we did model more 
precisely. Short historical samples for a limited number of variables means it is difficult to estimate 
models that can disentangle how much of the observed changes in communities are related to a 
particular activity (such as irrigation) and how much is related to other events, including commodity 
price shocks, broader economic shocks (e.g., growth in the economy, government support for 
schools, hospitals, transport, etc.), technology (including ability to run large farm businesses 
remotely), availability of other opportunities locally or within commuting distance (including mining 
opportunities in the region or viable as fly-in-fly out). 

By pooling the time series and cross sectional data we were at least able to use basic regression 
techniques to obtain estimates of parameters in the models. However, the small size of our sample (3 
annual observations across 15 communities for key variables) meant that the usual diagnostics for 
these regressions were not very useful. It is important to recognise that from a modelling point of 
view it is not just the number of observations that matters. What matters critically is the information 
content in the data sample. For example, having data for 100 communities at a single point in time (or 
indeed for multiple contiguous points in time that span a short horizon) is not very helpful if the key 
issues being analysed have important temporal dimensions (e.g., the impact of technical change or of 

                                                      
10  This idea of allocative efficiency does not take into account the implications of negative externalities. That is, 

water recovery policy aimed at environmental goals implies that the current allocation of resources is sub-
optimal from a societal point of view.   
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changes in government policy). Although we had only 3 annual observations coinciding with census 
years, these observations spanned a horizon extending from 2000-01 to 2010-11. The snap-shots of 
the local economies in 2001-01, 2005-06 and 2010-11 are likely to capture reasonably diverse 
economic conditions. A strength of our modelling approach is that when the 2015-16 census data 
becomes available it will be possible, at relatively low cost, to increase the size of our sample by 1/3 
and extend the horizon covered to 2015-16.  

While it is evident that there is reasonable cross-sectional diversity in our database, it contains only 
limited information about historical reductions to water entitlements. This is because the only 
significant water recovery event captured in the database is reduction in water for Collarenebri 
implemented in 2009-10 and 2010-11which was partly captured in the 2010-11 census year. This 
means that our estimates cannot accurately capture the impact of such policies. We can estimate 
how sensitive jobs are to normal variations in water availability (due to climate conditions) but not how 
the economy would react to policy-induced reductions in water availability. It is reasonable to assume 
that the reaction of employers and employees confronting permanent reductions in water availability 
will be very different compared to business-as-usual temporary reductions in water availability due to 
climate variations, even if the latter are large and persist for some time. An interesting question is 
whether local economies have already changed in anticipation of water policy reform.  

The limitations of our database mean that we cannot easily quantify mechanisms that capture non-
linear and asymmetric responses. Anecdotal evidence (and economic reasoning) suggest that the 
impact on a local economy of a reduction in irrigated hectares is unlikely to be proportional. For 
example, other things equal, the reduction in local employment from a 40% reduction in irrigated 
hectares is likely to be more than 4 times greater than would be the reduction in local employment of 
a 10% reduction in irrigated hectares. However, other things are not equal and the ability to absorb a 
particular shock will vary across local economies and across time. For example, a local economy that 
is dealing with the closure of a significant local business may find it more difficult to absorb a 10% 
reduction in irrigated hectares than another local economy that is not dealing with an additional 
negative shock. Similarly, a more diverse local economy may find it less difficult to absorb such a 
shock than a local economy that is more heavily reliant on irrigated agriculture.  

Analogously, an “overnight” 40% reduction in irrigated hectares is likely to have a larger negative 
impact on a community than a 40% reduction in irrigated hectares spread evenly over several years. 
The phased reduction in irrigated hectares gives a local economy some time to adjust to at least part 
of the shock by re-deploying resources to other activities (e.g., expansion of existing activities or 
attraction of new businesses opportunities to the region). 

Water recovery approaches that are focused on one or a small number of large farm operations are 
likely to have different impacts on the local community than approaches that recover the same 
amount of water from a much wider spread of farms. 

The non-linearities and asymmetries described above suggest key parameters may be related to the 
size, location and nature of the shock and that lag structures capturing dynamic responses may be 
important. In our modelling we have not been able to explore these possibilities. We have assumed 
that the estimated marginal effects (i.e., slope coefficients in the levels models) and elasticities (i.e., 
slope coefficients in the log models) are invariant across communities and invariant with respect to 
the size or nature of the water recovery shock. It was not feasible to use time-series techniques to 
explore potential dynamic responses in our modelling because our database contained observations at 
three data points only and these were five years apart. 
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4 Water Recovery Assessment 

4.1 Formulation of the simulation model 
To describe the capabilities of the simulation model we start by providing a consolidated summary of 
the model equations and variables. In general form, the simulation model consists of six functional 
relationships and two identities. These are: 

 𝐿𝐿𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 = 𝑓𝑓�𝛼𝛼�𝑐𝑐
(1), 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼� 𝑐𝑐,𝑡𝑡 ,𝜔𝜔�𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑡𝑡

(𝑇𝑇) �  (4.1) 

 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 = 𝑓𝑓�𝐺𝐺𝐼𝐼𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼𝑁𝑁𝑑𝑑� 𝑐𝑐,𝑡𝑡 ,𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑� 𝑐𝑐,𝑡𝑡 ,𝜔𝜔�𝑁𝑁𝑁𝑁𝐺𝐺𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑡𝑡
(𝑇𝑇) �  (4.2) 

 𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 = 𝑓𝑓�𝛼𝛼�𝑐𝑐
(3), 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼� 𝑐𝑐,𝑡𝑡 ,𝐺𝐺𝐼𝐼𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼𝑁𝑁𝑑𝑑� 𝑐𝑐,𝑡𝑡 ,𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑� 𝑐𝑐,𝑡𝑡�  (4.3) 

 𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝑐𝑐,𝑡𝑡 = 𝐴𝐴�𝛼𝛼�𝑐𝑐
(4), 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼� 𝑐𝑐,𝑡𝑡 ,𝜔𝜔�𝐺𝐺𝐺𝐺𝐺𝐺,𝑡𝑡

(𝑇𝑇) �   (4.4) 

 𝐿𝐿𝐴𝐴𝑆𝑆𝐼𝐼𝑆𝑆,𝑐𝑐,𝑡𝑡 = ℎ�𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼� 𝑐𝑐,𝑡𝑡 ,𝐺𝐺𝐼𝐼𝐼𝐼𝐴𝐴𝐺𝐺𝐻𝐻𝐼𝐼� 𝑐𝑐,𝑡𝑡�   (4.5) 

 𝐿𝐿𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡 = 𝑓𝑓�𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡 ,𝜔𝜔�𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑡𝑡
(𝑇𝑇) �   (4.6) 

 𝐿𝐿𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 = 𝐿𝐿𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 + 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 + 𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 + 𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝑐𝑐,𝑡𝑡 + 𝐿𝐿𝐴𝐴𝑆𝑆𝐼𝐼𝑆𝑆,𝑐𝑐,𝑡𝑡  (4.7) 

 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡 = 𝐿𝐿𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 + 𝐿𝐿�𝐶𝐶𝐼𝐼𝐺𝐺,𝑐𝑐,𝑡𝑡 + 𝐿𝐿�𝐶𝐶𝐺𝐺𝐺𝐺𝑆𝑆,𝑐𝑐,𝑡𝑡 + 𝐿𝐿�𝐺𝐺𝑁𝑁𝐺𝐺,𝑐𝑐,𝑡𝑡  (4.8) 

 

We have used the carat to indicate that the value of a variable is determined exogenously (outside of 
this system). The variables contained in the model denote the following:  

𝐿𝐿𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 number of FTE persons employed permanently in the Irrigated Farm sector, domiciled 
in community 𝑐𝑐 in year 𝑡𝑡; 

𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 number of FTE persons employed permanently in the Non-irrigated Farm sector, 
domiciled in community 𝑐𝑐 in year 𝑡𝑡; 

𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 number of FTE persons employed permanently in the Agricultural Support sector, 
domiciled in community 𝑐𝑐 in year 𝑡𝑡; 

𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝑐𝑐,𝑡𝑡 number of FTE persons employed permanently in the Ginning sector, domiciled in 
community 𝑐𝑐 in year 𝑡𝑡; 

𝐿𝐿𝐴𝐴𝑆𝑆𝐼𝐼𝑆𝑆,𝑐𝑐,𝑡𝑡 number of FTE persons employed in the Agriculture sector (i.e. Farm and Farm-
related sector) on a seasonal basis in community 𝑐𝑐 in year 𝑡𝑡; 

𝐿𝐿𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 number of FTE persons employed in the Agriculture sector (i.e. Farm and Farm-
related sector) in community 𝑐𝑐 in year 𝑡𝑡; 
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𝐿𝐿𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡 number of FTE persons permanently employed in the Other Private Business sector 
in community 𝑐𝑐 in year 𝑡𝑡; 

𝐿𝐿𝐶𝐶𝐼𝐼𝐺𝐺,𝑐𝑐,𝑡𝑡 number of FTE persons permanently employed in the Manufacturing (excluding 
ginning) sector in community 𝑐𝑐 in year 𝑡𝑡; 

𝐿𝐿𝐶𝐶𝐺𝐺𝐺𝐺𝑆𝑆,𝑐𝑐,𝑡𝑡 number of FTE persons permanently employed in the Mining sector in community 𝑐𝑐 
in year 𝑡𝑡; 

𝐿𝐿𝐺𝐺𝑁𝑁𝐺𝐺,𝑐𝑐,𝑡𝑡 number of FTE persons permanently employed in the Government Services sector in 
community 𝑐𝑐 in year 𝑡𝑡; 

𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡 number of FTE persons employed in all sectors other than the Other Private Business 
sector in community 𝑐𝑐 in year 𝑡𝑡 

𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡 the number of hectares of irrigated cotton production in community 𝑐𝑐 in year 𝑡𝑡; 

𝐺𝐺𝐼𝐼𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡 an index of grazing production in community 𝑐𝑐 in year 𝑡𝑡; and 

𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡 an index of cropping production in community 𝑐𝑐 in year 𝑡𝑡.    

 

In the general representation of the simulation model set out above we have identified explicitly a set 
of time-dependent variables derived from estimated time dummies. These variables, denoted 𝜔𝜔𝑗𝑗,𝑡𝑡

(𝑇𝑇)  for 
𝑗𝑗 ∈ {𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝑁𝑁𝑁𝑁𝑁𝑁𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐺𝐺𝐺𝐺𝑁𝑁,𝑂𝑂𝑂𝑂𝑂𝑂𝐴𝐴𝑂𝑂}, are assumed to remain unchanged in simulations. They have 
been flagged here because they are determined in a non-standard way and will be discussed in more 
detail below. We have also identified three specific parameters, denoted by 𝛼𝛼, corresponding to the 
constants in the estimated equations for jobs in the Irrigated Farm, Agricultural Supply and Ginning 
sectors. These particular parameters are highlighted because in simulations we treat them in a non-
standard way. Again, this will be discussed in more detail below. 

A simulation involves assigning values to all the parameters and exogenous variables in the simulation 
model summarised by equations 4.1 to 4.8 and then computing the values of the endogenous 
variables (i.e., the variables on the left hand sides of equations 4.1 to 4.8). Table 4.1 contains a list of 
the exogenous variables and the treatment of these variables in the simulations. The parameters in 
the models are typically assigned the values determined in the model development process – either 
through econometric estimation or numerical calibration. Parameters that are treated in a non-
standard way are listed in Table 4.2 and the approach that we take for each of these is summarised. 

 

Table 4.1: Treatment of exogenous variables in the simulation model 

Exogenous variables Treatment in the scenarios 

𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰� 𝒄𝒄,𝒕𝒕  Values sourced directly from the Northern Basin Hydrology-Land Use Model for the baseline 
and policy scenarios. 

𝑮𝑮𝑰𝑰𝑰𝑰𝑮𝑮𝑮𝑮𝑰𝑰𝑮𝑮𝑮𝑮� 𝒄𝒄,𝒕𝒕  Computed from local rainfall data.  Values do not change across scenarios. 

𝑪𝑪𝑰𝑰𝑪𝑪𝑪𝑪𝑰𝑰𝑮𝑮𝑮𝑮� 𝒄𝒄,𝒕𝒕  Computed from local rainfall data.  Values do not change across scenarios. 

𝑮𝑮𝑰𝑰𝑰𝑰𝑪𝑪𝑮𝑮𝑰𝑰𝑰𝑰� 𝒄𝒄,𝒕𝒕  Values for the baseline sourced from MDBA. Values do not change across scenarios.  

𝑳𝑳�𝑴𝑴𝑰𝑰𝑮𝑮,𝒄𝒄,𝒕𝒕  Taken from Census for 2001, 2006 and 2011. Remaining years based on linear interpolation of 
Census data. Values do not change across scenarios.  

𝑳𝑳�𝑴𝑴𝑴𝑴𝑮𝑮𝑮𝑮,𝒄𝒄,𝒕𝒕  Taken from Census for 2001, 2006 and 2011. Remaining years based on linear interpolation of 
Census data. Values do not change across scenarios. 

𝑳𝑳�𝑮𝑮𝑪𝑪𝑮𝑮,𝒄𝒄,𝒕𝒕  Taken from Census for 2001, 2006 and 2011. Remaining years based on linear interpolation of 
Census data. Values do not change across scenarios. 
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Table 4.2: Treatment of special parameters in the simulation model 

Special parameters Treatment in the scenarios 

𝜶𝜶�𝒄𝒄
(𝟏𝟏)  Econometric estimate used for the baseline. Values scaled in the scenarios based on the 

permanent percentage change in water availability. 

𝜶𝜶�𝒄𝒄
(𝟑𝟑)  Econometric estimate used for the baseline. Values scaled in the scenarios based on the on 

the permanent percentage change in water availability weighted by the share of cotton 
production in agricultural production.  

𝜶𝜶�𝒄𝒄
(𝟒𝟒)  Econometric estimate used for the baseline. Values scaled in the scenarios based on the 

permanent percentage change in water availability. 

𝝎𝝎�𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰,𝒕𝒕
(𝑻𝑻)   Econometric estimates for 2001, 2006 and 2011 and linear interpolation of these estimates 

for remaining years. Values do not change across scenarios. 

𝝎𝝎�𝑵𝑵𝑪𝑪𝑮𝑮𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰,𝒕𝒕
(𝑻𝑻)   Econometric estimates for 2001, 2006 and 2011 and linear interpolation of these estimates 

for remaining years. Values do not change across scenarios. 

𝝎𝝎�𝑮𝑮𝑴𝑴𝑮𝑮,𝒕𝒕
(𝑻𝑻)   Econometric estimates for 2001, 2006 and 2011 and linear interpolation of these estimates 

for remaining years. Values do not change across scenarios. 

𝝎𝝎�𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶𝑶,𝒕𝒕
(𝑻𝑻)   Econometric estimates for 2001, 2006 and 2011 and linear interpolation of these estimates 

for remaining years. Values do not change across scenarios. 

 

The simulations presented in this report estimate the impact alternative water recovery scenarios are 
expected to have on the Northern Basin communities. One of these scenarios is designed to be the 
reference (or baseline) scenario against which the remaining scenarios will be compared. For the 
baseline simulation the values for IrrHa generated by the Northern Basin Hydrology-Land Use Model 
represent the best available projections of irrigated cotton production under the current water policy 
settings. When combined with our baseline projections for the remaining exogenous variables in the 
model we obtain a set of projections for the endogenous variables. In summary, the baseline 
projections represent our best guess at how the endogenous and exogenous variables will evolve 
under current policy, economic and social settings (business as usual).  

Each of the policy scenarios is designed to model an alternative water recovery approach. The 
alternative water recovery approaches are captured as shocks to IrrHa, the number of hectares of 
irrigated cotton production, which are sourced from the Northern Basin Hydrology-Land Use Model. In 
the policy scenarios the values of all other exogenous variables remain unchanged from their baseline 
values. As indicated in Table 4.2, a sub-set of the model parameters (i.e., the 𝛼𝛼‘s, which represent 
constants) are scaled to reflect the permanent percentage change (almost always a reduction) in 
availability of water underpinning each of the water recovery scenarios. This will be explained in more 
detail below. 

Simulation results are reported as percentage deviations of variables from their baseline values. That 
is: 

 𝑙𝑙𝑗𝑗,𝑐𝑐,𝑡𝑡
(𝑆𝑆) = 100 × �

𝐿𝐿𝑗𝑗,𝑐𝑐,𝑡𝑡
(𝑠𝑠)

𝐿𝐿𝑗𝑗,𝑐𝑐,𝑡𝑡
(𝐵𝐵) − 1� 𝑂𝑂 = 1, … ,𝑁𝑁  (4.9) 

where 

𝐿𝐿𝑗𝑗,𝑐𝑐,𝑡𝑡
(𝑆𝑆)  is the scenario 𝑂𝑂 number of FTE persons employed in sector 𝑗𝑗, located in community 𝑐𝑐 in year 𝑡𝑡; 

𝐿𝐿𝑗𝑗,𝑐𝑐,𝑡𝑡
(𝑃𝑃)  is the baseline scenario number of FTE persons employed in sector 𝑗𝑗, located in community 𝑐𝑐 in 

year 𝑡𝑡; and 

𝑙𝑙𝑗𝑗,𝑐𝑐,𝑡𝑡
(𝑆𝑆)  is the percentage deviation between the scenario 𝑂𝑂 and scenario 1 (baseline) number of FTE 

jobs in sector 𝑗𝑗, located in community 𝑐𝑐 in year 𝑡𝑡.  

 

Inspection of equations 4.1 to 4.9 reveals that changes (or shocks) to the projected values of IrrHa will 
have a direct impact on permanent jobs in the Irrigated Farm, Agricultural Supply and Ginning sectors 
as well as on seasonal jobs in the Agricultural sector. Jobs in the Other Private Business sector will be 
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indirectly impacted by the IrrHa shocks via the response of Non-Other Private Business jobs. With 
jobs in the Manufacturing, Mining and Government Service sectors exogenously determined, 
equation 4.8 implies that changes in Non-Other Private Business jobs are driven by changes in 
Agricultural jobs. 

Translation of time dummies 

As explained in Section 3.2 we used time dummies in our pooled regressions to test whether we 
were omitting any relevant explanatory variables that vary across time but are constant across 
communities. We considered productivity improvements to be a potentially important explanatory 
variable that might be captured by these time dummies. In our regressions we introduced time 
dummies for the Census years 2006 and 2011. The time dummy for 2001 was subsumed in the 
constant specified for the model. As explained above, we discarded any regressions where the sign 
of the parameter estimated for any of the time dummies was positive. In the models that we qualified 
as viable, and that included time dummies, we used piece-wise linear function to infer implicit time 
dummy parameters for each year. Specifically, we use the following pair of equations: 

 𝜔𝜔𝑗𝑗,2006−𝑡𝑡
(𝑇𝑇) = 𝜔𝜔�𝑗𝑗,2006

(𝑇𝑇) × �1 − 𝑡𝑡
5
�  𝑡𝑡 = 0,1, … , 5   (4.10) 

 𝜔𝜔𝑗𝑗,2006+𝑡𝑡
(𝑇𝑇) = 𝜔𝜔�𝑗𝑗,2006

(𝑇𝑇) + 𝑡𝑡
5

× �𝜔𝜔�𝑗𝑗,2011
(𝑇𝑇) − 𝜔𝜔�𝑗𝑗,2006

(𝑇𝑇) � 𝑡𝑡 = 1, … , 7  (4.11) 

where the tilde is used to indicate that the parameter has been derived from the econometric 
estimation or numerical calibration process. The reason for including parameters on implicit time 
dummies for each year is to avoid situations where similar values for inputs of exogenous variables in 
adjacent years lead to significantly different projections for the endogenous variables because of the 
influence of a time dummy variable for which we have explicit estimates at the Census years only. An 
economic interpretation of our approach is that the explicit time dummy estimates are picking up 
evidence of productivity improvements and that these occur smoothly through time. 

Treatment of constants 

One of the issues that must be confronted when using a reduced form model like that represented by 
equations 4.1 to 4.9 to simulate policy scenarios is how to handle constants.  For marginal changes in 
the exogenous variables it is probably reasonable to treat constants as parameters that are unaffected 
by shocks to exogenous variables. For large shocks (in a historical sense) that are temporary it may 
still be reasonable to assume that constants are unaffected. This assumption is unlikely to be 
appropriate for permanent shocks, particularly if they are large. To emphasise this point we can use 
the following candidate model of jobs in the irrigated farm sector:  

 𝐿𝐿𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 = 𝛼𝛼�𝑐𝑐
(1) +  𝛽𝛽�(1) × 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼� 𝑐𝑐,𝑡𝑡     (4.12) 

The model represented by equation 4.12 indicates that a number of jobs in the irrigated farm sector 
are not related to the number of irrigated hectares of cotton production. This may reflect an element 
of labour hoarding and/or owner-operators who maintain operations in seasons of low or zero 
production. Although not evident from the historical data, we know that if water was permanently 
withdrawn there would be little or no irrigated cotton production and economics logic suggests that in 
such a case there would be no jobs in that sector. That is, permanent reductions in water availability 
are likely to result in permanent reductions in the fixed number of jobs in the sector (as captured by 
the constant). Our approach is to scale the constant by a factor that represents the permanent 
reduction in water availability. That is:  

 𝛼𝛼�𝑐𝑐
(1,𝑆𝑆) = 𝛼𝛼�𝑐𝑐

(1) × 𝑊𝑊𝑐𝑐
(𝑠𝑠)

𝑊𝑊𝑐𝑐
(𝐵𝐵)   (4.13) 

where 𝑊𝑊 denotes the maximum available water for irrigation (measured in gigalitres), 𝑂𝑂 denotes 
scenario and 𝑂𝑂 denotes the baseline. The absence of a time subscript in scalar reveals that the 
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approach we have used is not sensitive to the timing of the policy change. We have implicitly 
assumed that farm operators have perfect foresight and that they react immediately and fully in 
adjusting the fixed component of their workforce to a permanent shock to water availability. With 
some additional work it will be possible to develop a more flexible approach to scaling the constant 
that recognises timing issues associated with the implementation of new water policies (e.g., 
announcements, phased implementation, delayed implementation, etc.).  

The approach described above is applied to constants in the models for jobs in the irrigated farm and 
the ginning sectors. We use a modified approach in the case of the agricultural supply sector to 
recognise the fact that this sector services the non-irrigated and irrigated farm sectors.  

 𝛼𝛼�𝑐𝑐
(3,𝑆𝑆) = 𝛼𝛼�𝑐𝑐

(3) × 𝐻𝐻𝑐𝑐 × 𝑊𝑊𝑐𝑐
(𝑠𝑠)

𝑊𝑊𝑐𝑐
(𝐵𝐵)   (4.14) 

where 𝐻𝐻𝑐𝑐 denotes the share of irrigated farm production in total farm production in community 𝑐𝑐. 
Specifically, for each community we divide an estimate of the potential number of hectares of cotton 
production by the sum of estimates of the hectares of cropping land and hectares of grazing land. 

4.2 Results of water recovery scenarios 
Eight water recovery options were simulated. Table 4.3 summarises the nature of these water 
recovery options. A detailed description of these scenarios is provided in the MDBA overarching 
report.11 

 

Table 4.3: Water recovery options 

Scenario Description 

Baseline Best estimate of water management operations prior to the Basin Plan 

Scenario 415GL Similar approach to the Basin Plan but with 25 GL more water recovery 

Scenario 390GL Water recovery strategy as currently legislated in the fully-implemented Basin Plan 

Scenario 350GL 40 GL less recovery than the Basin Plan as a result of the amount of water already recovered 

Scenario 278GL Current water recovery (amount of water recovered and being recovered) 

Scenario 320GL(a) 70 GL less recovery than the Basin Plan with default apportionment 

Scenario 320GL(b) 70 GL less recovery than the Basin Plan with pro-rata apportionment 

Scenario 345GL 45 GL less recovery than the Basin Plan as a result in more efficient environmental outcomes 

Scenario 321GL 69 GL less recovery than the Basin Plan as a result in more efficient environmental outcomes 

 

As explained in the previous section the key exogenous variable in the simulation model through 
which changes in water recovery policies are modelled is IrrHa, the number of hectares of irrigated 
cotton production. For each community and for each period the simulation model requires a value for 
IrrHa. Projections for this variable are obtained from the Northern Basin Hydrology-Land Use Model. 
The baseline projections for this variable represent the best available estimation as to what would 
have happened to irrigated cotton production (measured in hectares) prior to the Basin Plan. 
Deviations from the baseline projections of IrrHa quantify the impact of alternative water recovery 
policies on irrigated cotton production. Each of the eight scenarios listed in Table 4.3 represents an 
alternative water recovery policy. Thus, the projections for IrrHa in each scenario, derived from the 
Northern Basin Hydrology-Land Use Model, represent the best available estimation as to what would 
have happened to irrigated cotton production under alternative water recovery policies. Deviations 

                                                      
11  MDBA (2016). Northern Basin Review – Technical overview of the socioeconomic analysis, Draft Report. 

Canberra: MDBA 
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between the values of IrrHa in the baseline and a particular scenario quantify the direct impact of 
differences in the water recovery policy in the scenario relative to the baseline.  

Figures 4.1 to 4.15 summarise the projections of IrrHa that were obtained from the Northern Basin 
Hydrology-Land Use Model and used in the simulation model. Each figure presents the projections of 
IrrHa for a community with the left hand side panel showing the projections in the levels and the right 
hand side panel showing the percentage deviations of the projections in the scenarios from their 
counterparts in the baseline. 

 

Figure 4.1: Hectares of irrigated cotton in the baseline and scenarios – Moree 

 

 

Figure 4.2: Hectares of irrigated cotton in the baseline and scenarios – Goondiwindi 

 

 

Figure 4.3: Hectares of irrigated cotton in the baseline and scenarios – Wee Waa 
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Figure 4.4: Hectares of irrigated cotton in the baseline and scenarios – Dirranbandi 

 

 

 

Figure 4.5: Hectares of irrigated cotton in the baseline and scenarios – Mungindi  

 

 

 

Figure 4.6: Hectares of irrigated cotton in the baseline and scenarios – St George 
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Figure 4.7: Hectares of irrigated cotton in the baseline and scenarios – Warren 

 

 

 

Figure 4.8: Hectares of irrigated cotton in the baseline and scenarios – Collarenebri 

 

 

 

Figure 4.9: Hectares of irrigated cotton in the baseline and scenarios – Narrabri 
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Figure 4.10: Hectares of irrigated cotton in the baseline and scenarios – Narromine 

 

 

 

Figure 4.11: Hectares of irrigated cotton in the baseline and scenarios – Bourke 

 

 

 

Figure 4.12: Hectares of irrigated cotton in the baseline and scenarios – Trangie 
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Figure 4.13: Hectares of irrigated cotton in the baseline and scenarios – Walgett 

 

 

 

Figure 4.14: Hectares of irrigated cotton in the baseline and scenarios – Boggabri  

 

 

 

Figure 4.15: Hectares of irrigated cotton in the baseline and scenarios – Gunnedah 

 

 

 

The levels charts in Figures 4.1 to 4.15 suggest that for most communities the alternative water 
recovery scenarios have relatively modest impacts on the number of hectares of irrigated cotton 
production, particularly when viewed in the context of the variation in production in the baseline. This 
characterisation is confirmed by the charts showing deviations from the baseline. For most 
communities the eight alternative water recovery policies reduce the number of hectares of irrigated 
cotton production by around 5% to 10%. For Dirranbandi, Collarenebri, Warren, Bourke and St George 
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the percentage reductions are larger. The time profile of percentage deviations may be deceptive 
because of base effects. That is, a 10% reduction in irrigated cotton production off a base of 1,000 is 
very different to a 10% reduction off a base of 100. Table 4.4 provides an alternative view of the size 
of the deviations in irrigated cotton production under the different scenarios by relating the average 
deviation for each community to the maximum number of hectares of irrigated cotton production for 
that community in the baseline. By this metric Table 4.4 shows that the biggest reduction in irrigated 
cotton production is in Collarenebri, followed by Dirranbandi, Warren and St George. The communities 
whose irrigated cotton production is least impacted are Narromine, Goondiwindi and Mungindi. 
Indeed those three communities record a modest increase in production in at least one scenario. 

 

Table 4.4: Average change in hectares of irrigated cotton as a percentage of maximum in the baseline 

Community 
Scenario 

415GL 

Scenario 

390GL 

Scenario 

350GL 

Scenario 

278GL 

Scenario 

320GL(a) 

Scenario 

320GL(b) 

Scenario 

345GL 

Scenario 

321GL 

Moree -4.5% -4.0% -4.0% -2.8% -2.8% -3.2% -2.6% -2.6% 

Goondiwindi -1.9% -1.3% -1.5% 1.4% 0.2% -0.7% -1.0% 0.3% 

Wee Waa -4.5% -3.6% -3.6% -0.9% -2.6% -2.6% -3.6% -2.6% 

Dirranbandi -23.5% -21.4% -18.0% -12.0% -14.4% -17.3% -16.3% -18.8% 

Mungindi -10.1% -10.1% -3.7% -3.8% -5.6% -7.2% -7.0% -7.2% 

St George -1.8% -1.3% -1.6% 0.8% -0.2% -0.5% -2.1% -0.3% 

Warren -16.6% -15.3% -15.3% -15.3% -15.3% -13.8% -13.0% -8.2% 

Collarenebri -37.9% -37.9% -37.9% -37.9% -37.9% -37.9% -38.0% -38.0% 

Narrabri -2.4% -1.8% -1.8% 0.0% -0.6% -0.9% -0.8% -0.5% 

Narromine -6.7% -5.9% -5.9% -6.1% -6.1% -3.8% -5.0% -1.8% 

Bourke -6.2% -6.2% -6.2% -6.8% -6.8% -2.6% -7.9% -7.9% 

Trangie -7.0% -6.3% -6.3% -6.3% -6.3% -5.5% -5.1% -2.5% 

Walgett -2.9% -2.1% -2.1% -0.2% -1.5% -0.4% -2.6% -1.8% 

Boggabri -2.3% -1.7% -1.7% -0.2% -1.2% -1.2% -1.7% -1.2% 

Gunnedah -4.6% -3.5% -3.5% -0.4% -2.4% -2.4% -3.5% -2.4% 

 

Detailed simulation results by aggregated sector are presented in Appendix E. Below we report 
simulation results for aggregate employment in each community. Figures 4.16 to 4.23 show that the 
impact of the water recovery scenarios on aggregate employment is relatively small for most 
communities. In proportional terms Dirranbandi, Collarenebri and Warren record the largest reductions 
in aggregate employment. For Collarenebri the reduction in irrigated cotton production is the same in 
all scenarios, hence the reduction in aggregate employment, which averages about 14.5%, is the 
same in all scenarios. Table 4.5 reports the average aggregate employment response for each 
community and for each scenario. The average reduction in aggregate employment in Dirranbandi 
ranges from -8.0% in scenario 278GL to -17.1% in scenario 415GL. For Warren the range is tighter 
with the average reduction in aggregate employment projected to range from -4.1% in scenario 
321GL to -7.9% in scenario 415GL.  

The size of the employment results for each community are highly correlated with the size of the 
shocks to irrigated cotton production. The rank correlations between the average size of the water 
recovery shock as reported in Table 4.4 and the average employment response as reported in Table 
4.5 are 0.83, 0.88, 0.88, 0.98, 0.94, 0.90, 0.93 and 0.95 for the eight scenarios. Walgett and 
Gunnedah are examples where the proportionate aggregate employment response is muted relative 
to the proportionate size of the reductions in irrigated cotton production (i.e., there is a wide disparity 
between the rank of the shock to irrigated cotton production and the rank of the employment 
response). For these two communities the irrigated farm sector appears to be a relatively small share 
of their economy (measured in terms of job numbers). Walgett and Gunnedah record the two lowest 
shares of irrigated farm workers to aggregate employment in the baseline. 
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Figure 4.16: Simulation results for aggregate employment – Scenario 415GL 

 

 

 

Figure 4.17: Simulation results for aggregate employment – Scenario 390GL 
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Figure 4.18: Simulation results for aggregate employment – Scenario 350GL 

 

 

 

Figure 4.19: Simulation results for aggregate employment – Scenario 278GL 
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Figure 4.20: Simulation results for aggregate employment – Scenario 320GL(a) 

 

 

 

Figure 4.21: Simulation results for aggregate employment – Scenario 320GL(b) 
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Figure 4.22: Simulation results for aggregate employment – Scenario 345GL 

 

 

 

Figure 4.23: Simulation results for aggregate employment – Scenario 321GL 
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Table 4.5: Average percentage deviation in aggregate employment 

Community 
Scenario 

415GL 

Scenario 

390GL 

Scenario 

350GL 

Scenario 

278GL 

Scenario 

320GL(a) 

Scenario 

320GL(b) 

Scenario 

345GL 

Scenario 

321GL 

Moree -2.1% -1.9% -1.9% -1.4% -1.4% -1.6% -1.3% -1.3% 

Goondiwindi -0.6% -0.5% -0.5% 0.5% 0.1% -0.2% -0.4% 0.1% 

Wee Waa -3.1% -2.5% -2.5% -0.6% -1.8% -1.8% -2.5% -1.8% 

Dirranbandi -17.1% -15.6% -13.1% -8.0% -9.5% -12.1% -11.4% -13.7% 

Mungindi -5.4% -5.4% -2.0% -2.0% -2.9% -3.7% -3.3% -3.7% 

St George -1.2% -0.8% -1.0% 0.8% -0.1% -0.4% -1.5% -0.1% 

Warren -7.9% -7.3% -7.3% -7.3% -7.3% -6.6% -6.3% -4.1% 

Collarenebri -14.5% -14.5% -14.5% -14.5% -14.5% -14.5% -14.6% -14.6% 

Narrabri -0.8% -0.6% -0.6% 0.0% -0.2% -0.3% -0.3% -0.2% 

Narromine -3.1% -2.8% -2.8% -2.8% -2.8% -2.4% -2.2% -1.0% 

Bourke -3.1% -3.1% -3.1% -3.1% -3.1% -3.1% -3.5% -3.5% 

Trangie -3.4% -3.1% -3.1% -3.1% -3.1% -2.7% -2.5% -1.2% 

Walgett -0.2% -0.2% -0.2% 0.0% -0.1% -0.1% -0.2% -0.1% 

Boggabri -0.6% -0.5% -0.5% -0.1% -0.3% -0.3% -0.5% -0.3% 

Gunnedah -0.6% -0.5% -0.5% -0.1% -0.3% -0.3% -0.5% -0.3% 

 

One question of interest is whether the proportional employment deviations are larger in the years 
where water availability is relatively high, i.e. the wet years which are identified for each community in 
Table 4.6. Table 4.7 shows for each community the average percentage deviation in aggregate 
employment in the wet years. Comparing the results in Table 4.6 and Table 4.7, we find that the 
percentage reductions in aggregate employment are larger in the wet years. 

 

Table 4.6: Wet years in the baseline 

Community Wet Years 

Moree 2001, 2005, 2011-2013 

Goondiwindi 2001, 2004, 2005, 2011-2013 

Wee Waa 2001, 2002, 2004, 2005, 2010-2013 

Dirranbandi 2001, 2010-2013 

Mungindi 2001, 2004, 2010-2013 

St George 2001, 2010-2013 

Warren 2001, 2011, 2012 

Collarenebri 2001, 2010-2013 

Narrabri 2001, 2005, 2010-2013 

Narromine 2001, 2011, 2012 

Bourke 2001, 2004, 2005, 2011-2013 

Trangie 2001, 2002, 2011, 2012 

Walgett 2001, 2004, 2005, 2010-2013 

Boggabri 2001, 2010-2013 

Gunnedah 2010, 2011 
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Table 4.7: Average percentage deviation in aggregate employment in wet years 

Community 
Scenario 

415GL 

Scenario 

390GL 

Scenario 

350GL 

Scenario 

278GL 

Scenario 

320GL(a) 

Scenario 

320GL(b) 

Scenario 

345GL 

Scenario 

321GL 

Moree -2.2% -2.0% -2.0% -1.4% -1.4% -1.6% -1.4% -1.4% 

Goondiwindi -0.7% -0.5% -0.6% 0.6% 0.1% -0.2% -0.5% 0.1% 

Wee Waa -3.4% -2.7% -2.7% -0.7% -1.9% -1.9% -2.7% -1.9% 

Dirranbandi -19.4% -18.0% -14.9% -9.3% -11.1% -13.8% -13.4% -15.6% 

Mungindi -1.2% -1.1% -1.2% 0.6% -0.3% -0.2% -1.6% -0.3% 

St George -6.3% -6.3% -2.2% -2.2% -3.2% -4.2% -3.9% -4.2% 

Warren -11.7% -10.9% -10.9% -10.9% -10.9% -9.9% -9.3% -6.1% 

Collarenebri -20.8% -20.8% -20.8% -20.8% -20.8% -20.8% -20.8% -20.8% 

Narrabri -0.7% -0.5% -0.5% 0.0% -0.2% -0.3% -0.3% -0.2% 

Narromine -3.6% -3.3% -3.3% -3.3% -3.3% -2.7% -2.7% -1.2% 

Bourke -3.0% -3.0% -3.0% -3.3% -3.3% -1.3% -3.9% -3.9% 

Trangie -4.2% -3.8% -3.8% -3.8% -3.8% -3.3% -3.1% -1.5% 

Walgett -0.2% -0.2% -0.2% 0.0% -0.1% -0.1% -0.2% -0.1% 

Boggabri -0.6% -0.5% -0.5% -0.1% -0.3% -0.3% -0.5% -0.3% 

Gunnedah -0.5% -0.4% -0.4% 0.0% -0.3% -0.3% -0.4% -0.3% 

 

Comparison of Dirranbandi results 

As explained in section 3.1 we developed a model for the Dirranbandi community based on a hand-
collected data set. This original model is described in detail in Appendix C. The simulation results 
reported above have been derived from an alternative model of the Dirranbandi economy that is 
consistent with the models for the remaining communities (see Appendix D). The original model of 
the Dirranbandi community differs from the version in the Community Module in two key respects:  

1. The former is based on hand-collected annual data for the period 1999 to 2013 while the latter is 
based on ABS Census data for 2001, 2006 and 2011; and 

2. The former is based on a time-series modelling approach while the latter is based on a pooled 
cross-sectional approach.  

Figure 4.24 presents aggregate employment results generated by the original Dirranbandi model 
while Figure 4.25 presents analogous results generated by the version of the Dirranbandi model 
contained in the Community Module. Note that the baseline and scenario values for the number of 
hectares of irrigated cotton production are identical in the two models. The results generated by the 
two alternative models are qualitatively similar but there are significant quantitative differences. 

There are several key differences in the models that drive the differences in the results. Firstly, in the 
original model permanent jobs in the farm sector and the farm supply sector are modelled in 
aggregate (permanent agriculture jobs). The model is specified in the levels with jobs in the 
agriculture sector responding to shocks in the number of hectares of irrigated cotton production and 
to changes in a lagged dependent variable. The levels form of the model is consistent with the 
variability of the employment responses - in periods where the baseline level of irrigated cotton 
production is relatively low (e.g., 2007) the employment responses are compressed and vice versa. In 
the Community Module we model jobs in each of the irrigated farm, non-irrigated farm and 
agricultural supply sectors separately. The model for jobs in the irrigated farm sector is specified in 
the logs which means that the elasticity of jobs in this sector with respect to irrigated cotton 
production is constant. This means that the percentage deviations generated by this model are not 
dependent on the baseline levels. It is also worth noting that for Dirranbandi the number of 
permanent agriculture jobs (farm jobs plus farm supply jobs) is significantly higher in the Census 
database relative to the hand-collected database. 

A second key difference between the two sets of results relates to the way we treat constants in the 
Community Module. As explained above we scale the constants in the models for irrigated farm jobs 



 

Page  |  42 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

and for agricultural supply jobs to reflect permanent changes in irrigated cotton production under each 
scenario. This type of adjustment has not been done in the original Dirranbandi model. 

 

Figure 4.24: Aggregate employment results for Dirranbandi – original model 

 

 

Figure 4.25: Aggregate employment results for Dirranbandi – community-consistent model 
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5 Further Developments 

Limitations in data and in economic theory must be confronted in most modelling exercises. Ideally, 
there is sufficient data to challenge alternative economic theories and to distinguish between them. In 
this study data limitations meant that we did not push the boundaries on theories about how the local 
economies in the Northern Basin operate. In section 3.3 we detailed the limitations of our modelling 
approach in the context of an ideal conceptual framework that sets out the types of relationships and 
interactions in the economy that might be important in analysing a change to water entitlements in 
the local community. We have used reduced form models of employment in six broad sectors to 
capture the impact on local economies of changes in water entitlements. As it is clear from the ideal 
conceptual framework, we have abstracted from many potentially important economic linkages and 
interactions. Below we set out several areas where future research effort is likely to be highly 
productive.   

We believe that there should be a high priority placed on expanding the existing database to include 
the 2016 Census data when it becomes available in 2017. At a minimum, re-estimating the models 
presented in this report with a data set that is one-third larger will increase confidence in the 
relationships modelled or highlight areas of weakness. Beyond this, the expanded database may be 
sufficient to support exploration within the current models of three additional mechanisms. Firstly, 
non-linear responses to changes in water entitlements could be explored through the use of higher 
order transformations of the explanatory variables, particularly hectares of irrigated cotton production. 
Secondly, inertia in the responses of employment to changes in the explanatory variables could be 
explored through the use of lagged explanatory variables. Thirdly, additional flexibility could be 
introduced into the models to better capture community specific factors by exploring the use of 
dummies on the slope coefficients. These dummies may be community specific or they may be 
defined in terms of groups of communities that share particular characteristics.   

Examination of the data indicated that there may be some over-lap in the labour markets of the local 
communities in the Northern Basin. For example, people indicated that they lived in Walgett and 
worked in the Cotton Ginning sector even though there is no cotton ginning activity in Walgett. 
Several communities in our sample of 21 Northern Basin communities are less than 100 km apart, an 
additional few are less than 140 km apart and several more are around 140 km apart. It may be the 
case that commuting to work, whether on a daily, weekly or seasonal basis, is an important 
mechanism that links the prospects on the local communities. More generally, testing inter-
dependencies (in labour markets and other markets) across the communities may be warranted, 
especially those that are close in proximity (e.g., Collarenebri and Moree or Dirranbandi and St 
George) or those that are in proximity to larger communities (e.g., Narrabri, Goondiwindi, Gunnedah 
and Moree). The economic resilience of a local community may be under- or over-estimated if it has 
strong links to surrounding local economies. 

We believe that the modelling work could be significantly enhanced with the inclusion of some price 
and profits data. It may be possible to utilise census data on incomes to get some information about 
wages into the models. As discussed in section 3.3 wage and price flexibility are natural cushions for 
economic shocks and income, rather than jobs per se, which is the mechanism that transmits direct 
shocks from the irrigated farm sector to other parts of the economy. The prevalence of owner-
operators and the presence of large corporate operations complicates matters because profits (or 
returns to non-labour factors of production) may be an important shock absorber as well as 
transmission mechanism for the local economy. It may be feasible to conduct a targeted survey of 
major businesses in the local communities to obtain information about profits, including size, variation 
over time and the extent to which profits are retained in the local communities (as opposed to being 
distributed to equity holders domiciled elsewhere). 
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A Initial Methodological Approach 
  

This appendix reproduces the initial methodology as reported on 25 February 2016 to MDBA. It was 
developed for assessing the economic impacts of recovering water for the environment at the 
community level. A cursory examination of the available data at the outset of the project established 
however that these data would not support the development of the proposed approach as outlined in 
section A.3.2. 

A.1. Introduction 
The community model is designed to estimate the effects on 21 communities in the Northern Basin 
of recovering water for the environment. Each of the 21 communities will be modelled separately.  In 
each model, surface water recovery is translated to a change in hectares of irrigated farmland. 
Simulations will quantify the impact on community’s wages, jobs and population following a change 
to that community’s irrigated hectares of farmland. The model for each community will use a 
historical baseline extending from 2000-01 to 2013-14. The baseline consists of historical values of 
key variables, including the number of hectares of irrigated farmland, wages, jobs and population. 
Simulations using this baseline will answer the following question: how different would the outcome 
for wages, jobs and population have been for a particular community over the period 2000-01 to 2013-
14 the recovery of water for the environment led to a change in irrigated agricultural production in the 
context of climate variability, productivity improvements and other factors affecting each community? 

A.2. Model dimensions 
Conditional on data availability, 5 sectors will be distinguished for each of the 21 communities. The 
latter are listed in the first column of Table A.1 and the former are listed in the second column. The 
core variables that will be determined by the model are listed in column 3 of Table A.1 under the sub-
heading “Endogenous”. The corresponding labels in column 4 indicate the dimensions of each 
variable. The labels “COM” and “SEC” refer respectively to the 21 communities and 5 sectors. The 
core “Exogenous” variables listed in the table refer to variables that will be imposed on the model. 

It is anticipated that local economies will take some time to fully adjust to the recovery of water for 
the environment and changes in irrigated hectares of farmland. The speed and nature of the 
adjustment process is likely to differ across communities and is likely to be partially dependent on the 
size, speed and type of water recovery approach implemented.  Consistent with the frequency of the 
available data, the model will be specified on an annual basis with lag structures specified to capture 
the adjustment dynamics of key variables. 

The number of irrigated hectares of farmland in each community is the primary input to the 
community modelling and is exogenous in the model – that is, the value of this variable is determined 
outside the model. Water recovery approaches will be modelled as shocks to the number of irrigated 
hectares of farmland.  The matrix in Table A.2 summarises the water recovery options amenable to 
analysis in the community model. The water recovery options are distinguished on the basis of timing 
and type. Timing refers to whether the recovery option is implemented in one period (within 1 year 
given the annual frequency of the model) or phased in over a number of periods. Type refers to 
whether water recovery occurs through buy-backs of water entitlements from farmers, through 
foregoing entitlements in return for infrastructure improvements, or a combination of buyback and 
infrastructure investment. 
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Table A.1: Model dimensions 

Communities Sectors Core Variables Variable Dimension 

Bingara Farm Endogenous  

Boggabri (L) Agricultural supply Permanent employment  COMxSEC 

Bourke Processing & Retail Seasonal ag employment COM 

Brewarrina Government services Wages for permanent jobs COMxSEC 

Chinchilla Other businesses Wages for seasonal ag jobs COM 

Collarenebri (L)  Total income COM 

Coonabarabran  Income for permanent jobs COMxSEC 

Dirranbandi (L)  Income for seasonal ag jobs COM 

Gilgandra  Population COM 

Goondiwindi    

Gunnedah  Exogenous  

Moree  Irrigated hectares COM 

Mungindi (Part) (L)  Max. irrigated hectares COM 

Narrabri  SEIFA COM 

Narromine    

Nyngan    

St George    

Trangie (L)    

Walgett    

Warren    

Wee Waa    

 

A matrix analogous to the template in Table A.2 will be required for each community. The information 
contained in each matrix will effectively quantify the dimensions of the water recovery approach that 
are relevant to the model by recovery type, recovery timing, and recovery concentration. In the matrix 
the quadrants labelled Q1 will contain pre and post policy values of irrigated hectares of farmland. 
Quadrants Q2 and Q4 will contain time profiles of pre and post policy values of irrigated hectares of 
farmland. A water recovery option that involves a mix of buy-back and infrastructure improvements 
will be represented by quadrants Q4 and will be dispersed on several different farms. On the other 
hand, buy-backs policy options will distinguish between water recovery options implemented in a 
concentrated fashion (i.e. impacting just one or a small number of the larger farms) and water 
recovery options implemented more broadly (impacting a larger number of farms). 

 

Table A.2: Community-specific matrix of water recovery policy options 

Recovery type 

Recovery timing 

Short term (less than 1 year) Medium term (5-8 years) 

Buy-backs of water entitlements 
Concentrated 

recovery 
Dispersed 
recovery 

Q1 

Concentrated 
recovery 

Dispersed 
recovery 

Q2 

Mix of buy-backs and 
infrastructure improvements Not Applicable 

Dispersed recovery 

Q4 

 

Table A.3 contains examples of input that represent different water recovery approaches. The first 
quadrant in the matrix represents a buy-back of water entitlements that is implemented at a point in 
time and has the effect of reducing the number of irrigated hectares of farmland from 100 to 50 (a 
50% reduction in irrigated hectares). The second quadrant in the matrix represents a buy-back of 
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water entitlements that is phased in over 5 years and has the effect of reducing the number of 
irrigated hectares of farmland by 10 hectares in each year. 

 

Table A.3: Representation of the different water recovery policy options 

Recovery type 

Recovery timing 

Short term (less than 1 year) Medium term (5-8 years) 

Buy-backs of water 
entitlements 

Concentrated 
recovery 

Dispersed 
recovery 

 

Time 1 
Pre 100 
Post 50 

 

Concentrated 
recovery 

Dispersed 
recovery 

 

Time 1 2 3 4 5 
Pre 100 100 100 100 100 
Post 90 80 70 60 50 

 

Mix of buy-backs and 
infrastructure 
improvements 

Not Applicable 

Dispersed recovery 
 

Time 1 2 3 4 5 
Pre 100 100 100 100 100 
Post 91 82 73 64 55 

 

Time 1 2 3 4 5 
Pre 91 82 73 64 55 
Post 91 84 76 68 60 

 

 

A water recovery approach that involves a mix of buy-back and foregone entitlements in return for 
infrastructure improvements is represented in the fourth quadrant in the matrix of Table A.3. The 
policy is phased in over 5 years in this example and involves a sequence of buy-backs that reduce 
irrigated hectares by 9 each year (cumulating to 45 in total) and an infrastructure program that involves 
the net gain of 5 hectares at the end of the last year. The infrastructure program leads to a sharing of 
the water savings where water is recovered for the environment and there is an increase in the 
potential irrigated hectares. 

A.3. Methodology 
A.3.1. Conceptual framework 
Figure A.1 is a highly stylised representation of the economy of a community in the context of the 
broader economy. The left hand panel (shaded grey) represents the local community, which is made 
up of households and 5 sectors that produce and sell goods and services. The community interacts 
with the government sector directly through local provision of government services and indirectly 
through links to all levels of government (local, state and federal) potentially located outside of the 
region. 

The local sectors sell goods and services to each other and to households in the local community. The 
economy beyond the local community is represented by the right hand panel in Figure A.1. It is 
represented in a similar form to the local economy although it is clear that in terms of industrial 
structure and size, the economy external to the local community will be very different. 

The local economy interacts with the rest of the economy in a variety of ways: local businesses buy 
and sell (import and export) goods and services to businesses outside of the region; households in 
the local economy import goods and services; people move to and from the local economy (either 
permanently or on a commuting basis for work); and local residents pay taxes to governments and  



 

Page  |  A-6 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

Figure A.1: Stylised representation of the community economy in the conceptual framework 
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receive goods and services as well as transfers form the government (e.g., welfare payments).  Local 
residents generate income from working (wages) and from owning assets (profits). Productive assets 
in the local economy may be owned by people or entities domiciled outside of the local economy (and 
vice versa). 

Figure A.1 gives us an idea about the types of relationships and interactions in the economy that 
might be important in analysing a change to water entitlements owned in the local community. Such a 
shock would directly impact the farm sector and flow through to other parts of the local economy 
through the linkages described. Importantly, the structure set out in Figure A.1 provides a reference 
point for understanding the limitations of our modelling approach. That is, we can be transparent 
about what assumptions we have made about those parts of the local economy which are not 
modelled explicitly. Similarly, we can recognise the potential limitations of using reduced form 
representations of relationships. For example, in a structural sense jobs in the agricultural supply 
sector depend on activity in the farm sector, which in turn depends (among other things) on the 
amount of irrigated farmland. In the absence of a direct measure of activity in the farm sector, we 
might use a reduced form approach that relates jobs in the agricultural supply sector to the amount of 
irrigated farmland. There are two very important practical advantages in understanding the limitations 
of the modelling approach by referencing an ideal conceptual framework. Firstly, it provides a 
template for improving the model over time. Secondly, it helps us design experiments to test the 
sensitivity of the model results to key assumptions and parameter settings. 

 

A.3.2. Proposed approach 
It is clear the available data will not support the development of a model that identifies and quantifies 
the economic structure and relationships depicted in Figure A.1. Data limitations also make unviable a 
reduced form econometric approach where the analyst postulates potential relationships between 
variables and then uses statistical techniques to determine the exact form of the relationships. 

The approach that we will use blends theory, available data, anecdotal evidence and expert 
knowledge of the communities and the operation of the local economies in a simulation model. The 
simulation model will consist of a set of mathematical equations that capture key relationships in each 
local community relevant to assessing the impact of changes in irrigated hectares due to water 
recovery. The structure set out in Figure A.2 provide guidance on the key relationships to be explicitly 
captured in the simulation model (indicated in black in the Figure). 

Relationships that are indicated by broken red lines or covered by the shaded red box will not be 
modelled explicitly. Thus, for example, in modelling a particular community we will not be considering 
relationships with the rest of the economy explicitly. Relationships indicated by solid gold lines will be 
modelled in limited form. For example, the connection between the community labour market and the 
labour market outside the community will be confined to the influx of seasonal workers only. 
Similarly, specification of population flows between the community and the rest of the economy will 
be confined to any additional emigration from the community due to reductions in irrigated hectares. 

The explicit relationships modelled for the producing sectors will be confined to top-down 
employment and wage flows. The agricultural sector (Farm, Agricultural supply and Agricultural-
related support businesses) is at the top of the hierarchy. Employment and wages in these sectors 
will be related to the area of irrigated production. Where there are local processing facilities, such as a 
cotton ginning, the manufacturing jobs and wages will be identified as a separate sector related to 
irrigated agriculture. Employment and wages in the non-agricultural and non-government sectors will 
be related to wage income in the agricultural sector, to measures of socio-economic resilience, and to 
degree of community dependence on irrigated agriculture from surface water. Employment and 
wages in the government services sector will be specified as a function of population and to 
measures of socio-economic disadvantage. Changes in population will be related to employment 
opportunities and to measures of socio-economic disadvantage. It should be noted that the 
specification of a hierarchy in the way changes move through the local economies implies that not all 
changes in employment are directly attributable to the changes in the area irrigated. 
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Figure A.2: Stylised representation of the community economy in the proposed approach 
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We also note that the relationships that we do not model explicitly will be accounted for in the 
simulation model either through reduced-form parameters or in the form of residuals in equations. 
The following example should provide a better understanding of this idea. Suppose the equation 
below captures the complete relationship between employment 𝐿𝐿𝑗𝑗,𝑐𝑐,𝑡𝑡 in sector 𝑗𝑗 located in community 
𝑐𝑐 at time 𝑡𝑡 and the rest of the economy: 

 𝑑𝑑 ln 𝐿𝐿𝑗𝑗,𝑐𝑐,𝑡𝑡 = 𝛼𝛼𝑗𝑗,𝑐𝑐 + 𝛽𝛽𝑗𝑗,𝑐𝑐 ∙ 𝑑𝑑 ln𝐻𝐻𝑐𝑐,𝑡𝑡 + 𝛾𝛾𝑗𝑗,𝑐𝑐 ∙ 𝑑𝑑 ln𝑿𝑿𝑡𝑡 + 𝜀𝜀𝑗𝑗,𝑐𝑐,𝑡𝑡  (A.1) 

The variable 𝐻𝐻𝑐𝑐,𝑡𝑡 is the number of hectares of irrigated production in community 𝑐𝑐 in period 𝑡𝑡. The 
vector 𝑿𝑿𝑡𝑡 contains other variables that systematically explain movements in employment in that 
specific sector. In a well-specified model the residual 𝜀𝜀𝑗𝑗,𝑐𝑐,𝑡𝑡 captures non-systematic movements in the 
variables and measurement errors in the variables and parameters. This residual would have 
properties (independently and identically distributed with a mean of zero) that allow us to assume it 
has a value of zero in simulations. If our vector 𝑿𝑿𝑡𝑡 misses some important variables or if our 
parameter estimates are inaccurate or the functional forms assumed (e.g., non-linearities) are 
misspecified then the residual 𝜀𝜀𝑗𝑗,𝑐𝑐,𝑡𝑡 will not display the ideal properties. 

As far as is practical, each community-specific model will have a common mathematical structure. 
Community-specific information will be captured in the numerical values assigned to the parameters 
in the model. We will use whatever data is available to quantify the relationships and, where 
necessary use calibration techniques to overcome data limitations. Calibration techniques involve 
supplementing historical data with anecdotal evidence and expert knowledge to quantify 
relationships. In this process we will rely heavily on the community specific social and economic 
profiles compiled by the University of Canberra. 

The simulation model will make transparent all the assumptions that underpin the results and will be 
amenable to testing the sensitivity of the results to each assumption. The fitness for purpose of the 
model will be assessed against its simulation properties, and through consultation with the respective 
communities. Ideally, the simulation properties of the model will be tested against the outcome of a 
historical water recovery event. This will require historical data that captures the impacts of such a 
shock unencumbered by the impacts of other significant non-water recovery shocks. 

 

A.3.3. Key considerations 
Anecdotal evidence (and economic reasoning) suggest that the impact on the local economy of a 
reduction in irrigated hectares is unlikely to be proportional. For example, other things equal, the 
reduction in local employment of a 40% reduction in irrigated hectares is likely to be more than 4 
times greater than would be the reduction in local employment of a 10% reduction in irrigated 
hectares. However, other things are not equal and the ability to absorb a particular shock will vary 
across local economies and across time. For example, a local economy that is dealing with the closure 
of a significant local business may find it more difficult to absorb a 10% reduction in irrigated hectares 
than another local economy that is not dealing with an additional negative shock. Similarly, a more 
diverse local economy may find it less difficult to absorb such a shock than a local economy that is 
more heavily reliant on irrigated agriculture. 

Analogously, an “overnight” 40% reduction in irrigated hectares is likely to have a larger negative 
impact on a community than a 40% reduction in irrigated hectares spread evenly over several years. 
The phased reduction in irrigated hectares gives a local economy some time to adjust to at least part 
of the shock by re-deploying resources to other activities (e.g., expansion of existing activities or 
attraction of new businesses opportunities to the region). 

Water recovery approaches that are focused on one or a small number of large farm operations are 
likely to have different impacts on the local community than approaches that recover the same 
amount of water from a much wider spread of farms. 

Mechanisms that capture non-linear and asymmetric responses, such as those described above, will 
be specified in the model. The challenge will be to calibrate the parameters in these mechanisms to 
reflect community-specific differences. 
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A.3.4. Linkages with the communities 
We anticipate the baseline data alone will be of limited use in quantifying the relationships that will be 
included in the model. Although we have not yet had the opportunity to examine the Dirranbandi 
survey data, we anticipate that it will prove useful in quantifying relationships in that community and 
for giving us guidance on quantifying similar relationships in other communities. That is, we expect 
we will be able to use the parameter estimates for the Dirranbandi model as starting points for 
estimating the values of parameters in the models of the other communities.  This will involve 
recognising Dirranbandi as a benchmark community and then using the community-specific social and 
economic profiles compiled by the University of Canberra, together with anecdotal evidence and 
expert knowledge, to identify and quantify major differences between the Dirranbandi community and 
each of the other 20 communities. 

 

A.3.5. Limitations 
The purpose of the simulation model is to estimate the impact on individual communities of a 
reduction in surface water entitlements. 

The calibration period is very short from a modelling point of view. We have limited data about the 
economic relationships in each community over a limited period (just over a decade). Moreover, the 
data contains only limited information about historical reductions to water entitlements. We are 
relying heavily on the more detailed Dirranbandi database to benchmark the economic relationships in 
other communities. The data limitations mean that we cannot model explicitly all the economic 
relationships that are likely to matter in assessing reductions in water entitlements. For example, we 
do not directly capture any feedback effects on the communities of payments made to the owners of 
water entitlements. We also do not capture the possibility that alternative economic activities will 
emerge in the communities if wages fall and if land previously under irrigation becomes available at 
low cost. We know that over longer sweeps of history the community economic structure changes – 
induced by policy changes, technical innovation, entrepreneurship, etc. For example, we know that 
communities of interest have not always been reliant on irrigation for their economic success.  

The short historical horizon and the paucity of data also make it difficult to disentangle how much of 
the observed changes in communities are related to a particular activity (such as irrigation) and how 
much is related to other events, including commodity price shocks, broader economic shocks (e.g., 
growth in the economy, government support for schools, hospitals, transport, etc.), technology 
(including ability to run large farm businesses remotely), availability of other opportunities locally or 
within commuting distance (including mining opportunities in the region or viable as fly-in-fly out). 
However, we are aware that these changes will be represented in the shifting baseline information 
for the respective communities. Reflecting on how water recovery for the environment intersects 
with these changing conditions will be something the MDBA builds upon by using the outputs of this 
modelling work. 

The limitations described above mean that we will need to exercise considerable judgement in using 
the available data to calibrate enough of the important relationships relevant to capturing the impacts 
on communities of further changes in surface water entitlements. Success in this endeavour will not 
be measurable by conventional statistical techniques. Rather, the simulation properties of the model 
will need to be reconciled with the priors of experts through consultation for example with the 
respective communities and MDBA. Major differences between the expectations of experts and the 
projections of the model will either point to an insight that the expert had not considered or a sub-
optimality of the model that needs to be re-considered. 
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A.4. Data 
Baseline data 

For each of the 21 communities we have census data for wages and employment for each of the 5 
sectors listed in Table 1. The census data points are for 2001, 2006 and 2011, so secondary data 
sources will be used to fill out the database so that it extends from 2001 to 2013 with annual 
frequency. 

Detailed survey data collected for Dirranbandi 

Additional data specific to Dirranbandi collected by MDBA. 

Community-specific social and economic profiles 

Social and economic profiles for each community are being compiled by the University of Canberra. 
These profiles will include information on the following key indicators and how they have changed 
over time:  

• the population size of each community and proportion of residents under and over 45 years of age 
• SEIFA measures 
• proportion Indigenous people 
• main economic sectors 
• community dependence on irrigated agriculture 
• area and types of irrigated crops grown 
• dryland cropping and grazing characteristics 
• water entitlements held 
• unemployment 
• education 
• information on the number of jobs in different sectors 
• number of seasonal workers and changes in the numbers of seasonal workers employed 
• community condition prior to, and at, the time of water recovery, which has to include lags 

between changes in types and numbers of jobs in the agriculture sector leading to changes in 
jobs more broadly in the community and subsequent changes in the population 

• water recovery to date (if water recovery has occurred) and effects of that water recovery, as well 
as water reform more broadly 

• description of community confidence which relies on the information above and takes into 
account the period of drought, major changes in other policy or government programs (e.g. flood 
recovery funding and when that funding finished) 

• description of the capacity of communities to adapt to change 
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B Formalisation of Initial Approach 
 

This appendix reproduces the hierarchical approach as reported on 17 March 2016 to MDBA. It 
formalises our proposed approach aiming to blend theory, available data, anecdotal evidence and 
expert knowledge of the communities and the operation of the local economies in a simulation model. 

The idea behind this approach is depicted in Figure B.1 and makes clear the causal relationships that 
will be captured (and by implication those that will not). The “cascade” approach assumes a hierarchy 
and then articulates the major direct relationships in a top-down fashion. There are no simultaneous 
(or contemporaneous) feedback loops in such a system. 

 

Figure B.1:  Hierarchical modell ing design 

 

 

For each community, the Farm sector is assumed to be at the top of the economic hierarchy. Activity 
in that sector impacts directly what happens in the Agricultural Processing and Agricultural Supply 
sectors. We assume that jobs and wages paid are adequate measures of activity. The income 
generated in the agricultural sector determines the prospects of the local retail sector (here assumed 
to be the Non-agricultural and Non-service Activities). The availability of jobs in the agricultural and 
retail sectors determines the population level. This in turn determines the size of the Services sector. 
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B.1. Farm sector 
B.1.1. Permanent employment 
The number of permanent workers employed within the farm sector is assumed to be the sum of 
permanent workers employed on irrigated and non-irrigated farms. 

 𝐿𝐿𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝐿𝐿𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡

𝑃𝑃 + 𝐿𝐿𝐷𝐷𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃   (B.1.1) 

𝐿𝐿𝐼𝐼𝐼𝐼,𝑐𝑐
𝑃𝑃  number of FTE persons employed permanently on irrigated farms located in community c; 

𝐿𝐿𝐷𝐷𝐼𝐼,𝑐𝑐
𝑃𝑃  number of FTE persons employed permanently on non-irrigated farms located in community 

c. 

Permanent employment in the non-irrigated farm sector is assumed to be exogenous. A feature of 
permanent employment in the irrigated farm sector is that it is significantly less volatile than the 
number of hectares of farmland under irrigation. Farm operators appear to hoard permanent workers, 
who have specialised skills. That is, we do not observe a close relationship between movements in 
the number of hectares of farmland under irrigation and the number of permanent workers in the 
sector. We postulate that farm operators put together teams mainly on the basis of the maximum 
number of hectares that can be irrigated and that actual number of hectares under irrigation is of 
secondary importance. The general form of our proposed specification is as follows:  

 𝐿𝐿𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝑓𝑓�𝐻𝐻𝑐𝑐,𝑡𝑡

𝐼𝐼𝑚𝑚 ,𝐻𝐻𝑐𝑐,𝑡𝑡
𝐼𝐼 ,𝐴𝐴𝑡𝑡𝐼𝐼�  (B.1.2) 

𝐿𝐿𝐼𝐼,𝑐𝑐
𝑃𝑃  number of FTE persons employed permanently in the farm sector located in community c; 

𝐻𝐻𝑐𝑐𝐼𝐼𝑚𝑚 the maximum number of hectares farmland that can be irrigated in community c; 

𝐻𝐻𝑐𝑐𝐼𝐼 the actual number of hectares of irrigated farmland under crop in community c; 

𝐴𝐴𝐼𝐼  measure of the productivity of persons employed on irrigated farms (not community 
specific). 

The productivity variable is included in equation (B.1.2) to capture labour saving technical change. 

Assumptions/considerations 

• Community modifiers: relative degree of economic diversification in the community allowing 
alternative local employment opportunities. 

• Response of permanent employment in the farm sector to a water entitlement shock is linear 
with respect to the size of the shock. 

• A phased implementation is no different to a sequence of abrupt shocks. 

Preliminary analysis 

• Maximum number of hectares that can be irrigated appears to be about 31,000 
• The farmland under irrigation over the four years spanning 2010-11 to 2013-14 was close to the 

maximum.  
• There are six years of where the number of hectares under irrigation is less than 5,000, including 

one year, 2002-03 where there are no hectares under irrigation. 
• Part-time workers, aggregated into Full Time Equivalents (FTEs), are a small and relatively stable 

component of farm workers. 
• The maximum number of FTE farm workers (79) coincides with the first year in the sample where 

hectares under irrigation is at its maximum (31,000 ha). Interestingly the number of FTE farm 
workers falls to 75 in the following two years where hectares under irrigation are very close to the 
maximum (30,000 ha and 30,965 ha respectively). 
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• It is evident that farm operators hoard workers. The lowest number of FTE farmworkers in the 
sample is 42, which occurs in 2006-07 where there were only 500 ha under irrigation. In 2002-03 
when there was no farmland under irrigation, there were 54 FTE farm workers employed.  

• The observations that are most challenging in the sample period are 2008-09 and 2009-10. In 
2008-09 the number of irrigated hectares increased to 12,210 from 50 in the previous year and 
employment increased to 55 from 45 the previous year. It is not clear why 10 additional FTE 
workers were required in 2008-09 given that 45 workers seemed to have been sufficient in 2004-
05 when 20,000 ha were under irrigation. In 2009-10 the number of hectares under irrigation fell 
from 12,210 the previous year to 2000 yet the number of workers increased by 14 FTEs to 69. 

• Another way to view the same information is presented below. Here we have depicted the ratio 
of hectares under irrigation to the maximum number of hectares that can be irrigated against the 
ratio of FTE farm jobs to the maximum number of FTE farm jobs in the sample. Note that ratio is 1 
for both series in 2010-11 when irrigated hectares is at the maximum and FTE jobs are at their 
maximum. 
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• One possibility is to recognize that there seems to be a floor and a ceiling on the number of FTEs 
employed in the farm sector. Other things equal, it seems that 2.5 FTEs per 1000 ha is the 
maximum labour intensity (i.e., 1000xMax FTEs/Max ha). We could argue that any shock to the 
maximum ha reduces the maximum number of FTEs required on a pro-rata basis. Similarly, it 
appears that something like 42 FTEs is the minimum labour requirement in a regime where 
31,000 ha is the maximum that can be irrigated (minimum labour intensity of 1.35 FTEs per 1000 
ha). Again, any shock to the maximum hectare reduces the minimum number of FTEs required on 
a pro-rata basis. For example, suppose the maximum number of hectares was halved then the 
maximum number of FTEs required would be 39.5 and the minimum number of FTEs required 
would be 21.  

• So far we have pinned down the min and max by relating them to the exogenous maximum 
hectares number and to historical intensities (technology). Now we need to have some theory 
that relates the number of FTEs between the min and max to movement in the number of 
hectares under irrigation. Other things equal, as the number of hectares under irrigation increase 
we expect the farm operators to add FTEs to their core team (i.e., the minimum number of 
workers that they employ). It would be reasonable to assume that the additions to the core team 
would be modest below some threshold of irrigated hectares (say 50% of the maximum 
hectares) because there is excess capacity and that by the time some higher threshold is hit (say 
80% of maximum) the team is close to the maximum number of FTEs.  

• The chart below shows a possible model that relates the number of FTE farm workers to a 
weighted average of the maximum number of workers and the minimum number of workers 
where the weights are a logistic function of the ratio of hectares under irrigation to the maximum 
number of hectares that can be irrigated. 

 

 

 

 𝐿𝐿�𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝑤𝑤𝑐𝑐,𝑡𝑡 × 𝐿𝐿𝐼𝐼,𝑐𝑐,𝑡𝑡

𝐶𝐶𝐼𝐼𝑀𝑀 + �1 − 𝑤𝑤𝑐𝑐,𝑡𝑡� × 𝐿𝐿𝐼𝐼,𝑐𝑐,𝑡𝑡
𝐶𝐶𝐺𝐺𝐺𝐺   

 𝑤𝑤𝑐𝑐,𝑡𝑡 = 1

�1+𝛼𝛼×𝑆𝑆−𝛽𝛽×𝑅𝑅𝑐𝑐,𝑡𝑡�
1 𝛾𝛾�

  

𝑅𝑅𝑐𝑐,𝑡𝑡 =
𝐻𝐻𝑐𝑐,𝑡𝑡
𝐼𝐼

𝐻𝐻𝑐𝑐,𝑡𝑡
𝐼𝐼𝑚𝑚 

 

• The correlation between the number of hectares of irrigated land and full time farm workers and 
total FTE farm workers are 0.62 and 0.64. 
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B.1.2. Wages of permanent farm workers 
Wages are defined as the annual rate of pay for a full-time worker. It is worth making a distinction 
between permanent farm workers that have no equity in farm operations (i.e., they are salaried 
employees) and farm owner-operators (i.e., those that draw a salary from the operation as well as a 
share of profits). Anecdotal evidence suggests that the wages of salaried permanent farm employees 
are competitive and relatively inert. Farm operators tend to hoard permanent workers, who have 
specialised skills, by paying competitive salaries and by maintaining workforces in lean periods. The 
costs of rebuilding teams of skilled farm workers is prohibitive and farm owners will reduce profit 
margins and draw on savings to maintain their workforce during lean periods. We assume that the 
wages paid to salaried permanent workers on irrigated and non-irrigated farms are the same.  

Wages drawn by owner-operators are likely to be significantly more volatile than the wages paid to 
salaried workers. In lean periods owner-operators may draw low or no wages. The pattern of wages 
drawn by owner-operators may also be driven by tax considerations.  

Wages are assumed to be the same for permanent workers employed on irrigated and non-irrigated 
farms. 

Wages for permanent salaried farm workers are specified as follows:  

 𝑊𝑊𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆 = 𝑊𝑊𝐼𝐼,𝑐𝑐,𝑡𝑡−1

𝑃𝑃𝑆𝑆  × 𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆   (B.1.3) 

𝑊𝑊𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆  wage paid to permanent salaried workers in the farm sector located in community c;  

𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆  an exogenous community-specific shifter that is equivalent to 1 plus the annual rate of wage 

growth. A value of 1 for this shifter means that wages are constant.   

Wages drawn by owner-operators of irrigated farms are assumed to be responsive to the number of 
hectares of irrigated farmland under crop.  

 𝑊𝑊𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁 = �𝐻𝐻𝑐𝑐,𝑡𝑡

𝐼𝐼

𝐻𝐻𝑐𝑐,𝑡𝑡
𝐼𝐼𝐼𝐼� × 𝑊𝑊𝐼𝐼𝐼𝐼,∗

𝑃𝑃𝑁𝑁 × 𝐼𝐼𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁   (B.1.4) 

𝑊𝑊𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁  wage drawn by owner-operator of an irrigated farm located in community c;  

𝑊𝑊𝐼𝐼𝐼𝐼,∗
𝑃𝑃𝑁𝑁  wage drawn by owner-operator of an irrigated farm when the number of irrigated hectares 

under crop is at maximum (pooled average across communities and/or time);  

𝐼𝐼𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁  an exogenous community-specific shifter. 

Wages drawn by owner-operators of non-irrigated farms are assumed to be exogenous. 

Assumptions/considerations 

• Wages do not feed back into employment in the farm sector – does not contemplate the idea that 
workers can take a pay cut to keep their job.  The stickiness of wages in the farm sector should 
be related to job opportunities in other sectors. Other things equal, the more economically diverse 
is a community the stickier wages in any one sector will be. Workers have more options so 
downward pressure on wages is dissipated. At the extreme, if everyone works in the farm sector 
and there are no alternative job opportunities, then the trade-off between jobs and wages will be 
relatively strong. At the other extreme, in a very diverse economy where the farm sector is 
relatively small, a reduction in activity in the farm sector will have a relatively subdued impact on 
farm wages because workers can move to another sector – adding supply to that sector so 
dissipating the negative impact on wages across a broader pool of workers.  

• The “wage” data that we have is pre-tax. 
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B.1.3. Income for permanent farm workers 
Income for permanent farm workers can be expressed as follows:  

 𝑌𝑌𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝑊𝑊𝐼𝐼,𝑐𝑐,𝑡𝑡

𝑃𝑃𝑆𝑆 × �𝐿𝐿𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆 + 𝐿𝐿�𝐷𝐷𝐼𝐼,𝑐𝑐,𝑡𝑡

𝑃𝑃𝑆𝑆 � + 𝑊𝑊𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁 × 𝐿𝐿�𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡

𝑃𝑃𝑁𝑁 + 𝑊𝑊�𝐷𝐷𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁 × 𝐿𝐿�𝐷𝐷𝐼𝐼,𝑐𝑐,𝑡𝑡

𝑃𝑃𝑁𝑁  (B.1.5) 

𝐿𝐿�𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁  number of owner-operators in the irrigated farm sector; and 

𝐿𝐿�𝐷𝐷𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁  number of owner-operators in the dry farm sector. 

Assumptions/considerations 

• 𝐿𝐿�𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁  and  𝐿𝐿�𝐷𝐷𝐼𝐼,𝑐𝑐,𝑡𝑡

𝑃𝑃𝑁𝑁  are exogenous. 
• The only source of income for permanent workers is labour income.  
• Farm profits are not captured – bumper year may result in additional expenditure on Ag supply 

and other goods and services (and vice versa). 
• Need to consider assumption on buy-back money, i.e. what/where will farmers put the money 

they receive from buy-backs of water entitlements? 

B.1.4. Seasonal farm workers 
There are two broad categories of seasonal farm workers: (1) those that live outside the community 
but work for short periods of time in the farm sector; and (2) those that live in the community but 
work for short periods of time in the farm sector. We assume that the drivers of seasonal 
employment are common across the local and itinerant workers. A key driver of seasonal 
employment in the irrigated farm sector is the number of irrigated hectares under crop. Technological 
innovations have also had an important impact on the number of seasonal workers required per 
hectare of irrigated crop. Employment of seasonal workers in the irrigated farm sector is specified as 
follows: 

 𝐿𝐿𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝐴𝐴 = 𝑓𝑓�𝐻𝐻𝑐𝑐,𝑡𝑡

𝐼𝐼 ,𝐴𝐴𝑡𝑡𝐴𝐴�  (B.1.6) 

𝐿𝐿𝐼𝐼𝐼𝐼,𝑐𝑐,𝑡𝑡
𝐴𝐴  number of FTE seasonal workers employed in the irrigated farm sector located in 

community c;  

𝐴𝐴𝐼𝐼,𝑡𝑡𝐴𝐴  measure of the productivity of seasonal workers employed on irrigated farms (not 
community specific). 

We assume that local and non-local climate factors that impact water availability within the 
community are captured in the estimates of irrigated hectares under crop.  

Seasonal employment in the non-irrigated farm sector is assumed to be exogenous.  

Assumptions/considerations 

• Locals that work on a seasonal basis are included but we assume that the drivers of seasonal job 
opportunities for local and non-locals are the same. 

• Are the numbers of seasonal workers in the non-irrigated farms significant for any communities? 

Preliminary analysis 

• The below chart plots the number of total seasonal jobs and number of hectares of irrigated farm 
land. 

• The full sample correlation between seasonal workers and irrigated farm land is approximately 
0.6, while the correlation between 1998/99 – 2008/09 is approximately 0.99.  

• The current specification of using irrigated farm land to explain the employment of seasonal farm 
workers, together with a time trend to explain the impact of productivity from 2009/10, appears to 
be appropriate. 
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• The below chart plots the log level of total seasonal jobs and hectares of irrigated farmland.  
• The correlation on a log level basis is at 0.85, suggesting modelling the seasonal employment at a 

log level basis could be an option. 

 
 

B.1.5. Wages of seasonal farm workers 
Our priors are that wages for seasonal workers are likely to be similar across communities because a 
large share of these workers are mobile. Other things equal, the general tightness of the labour 
market at the National or State level is likely to be a key driver of wages for seasonal farm workers. 
These mechanisms may be less evident than expected because of government policy, particularly as 
it relates to short-term work visas. Short term work visas provide farms with a pool of workers that 
may not be particularly sensitive to wages, especially if fulfilment of the original visa conditions results 
in sought-after modifications to visa conditions [e.g., work 100 days then get a visa to stay for a year]. 
This, together with the assumption that seasonal workers are reasonably substitutable, means that 
wages are likely to be similar across communities and across local and non-local workers.  
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We specify the growth in wages for seasonal workers as a function of general tightness in the labour 
market.  

 𝑊𝑊𝐼𝐼,𝑡𝑡
𝐴𝐴 = 𝑊𝑊𝐼𝐼,𝑡𝑡−1

𝐴𝐴 × �𝐴𝐴𝑡𝑡
𝐴𝐴∗
�
−𝛾𝛾

  (B.1.7) 

where 𝐴𝐴𝑡𝑡 = 1 − 𝐿𝐿𝑡𝑡
𝐿𝐿𝑡𝑡
∗   

𝑊𝑊𝐼𝐼,𝑡𝑡
𝐴𝐴  wage paid to seasonal workers in the farm sector (not community specific);  

𝐴𝐴𝑡𝑡 rate of national unemployment; 

𝐴𝐴∗  natural rate of unemployment; 

𝐿𝐿𝑐𝑐,𝑡𝑡 demand for labour at the National or State level;  

𝐿𝐿𝑐𝑐,𝑡𝑡
∗  supply of labour at the National or State level;  

𝛾𝛾 parameter that measures the sensitivity of wages to cyclical deviations in unemployment. 

Note that if wages are particularly inert the parameter 𝛾𝛾 will be close to zero.  

Assumptions/considerations 

• Tightness in national labour market or regional/State labour markets? 
• Are local factors important for seasonal wages? 

B.1.6. Income of seasonal farm workers 
 

Income for seasonal farm workers is the product of the wage paid to seasonal farm workers and the 
number of seasonal farm workers employed.  

 𝑌𝑌𝐼𝐼,𝑐𝑐,𝑡𝑡
𝐴𝐴 = 𝑊𝑊𝐼𝐼,𝑡𝑡

𝐴𝐴 × 𝐿𝐿𝐼𝐼,𝑐𝑐,𝑡𝑡
𝐴𝐴   (B.1.8) 

Assumptions/considerations 

• Tightness in national labour market or regional/State? 
• Are local factors important for seasonal wages? 
• Spending patterns of local seasonal versus non-local seasonal workers are likely to be different. 

 

B.2. Agricultural processing sector 
B.2.1. Permanent employment 
The number of permanent workers employed within the agricultural processing (AP) sector is 
determined by production levels of raw inputs. For irrigated crops this, in turn, depends on the 
number of irrigated hectares under crop. For example, the chart below shows for the Dirranbandi 
community the relationship between employment in the cotton ginning sector and hectares of 
irrigated land. 
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Permanent employment in agricultural processing sector is assumed to be a function of the number 
of hectares of irrigated farmland under crop.  

 𝐿𝐿𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝑓𝑓�𝐻𝐻𝑐𝑐,𝑡𝑡

𝐼𝐼 �  (B.2.1) 

𝐿𝐿𝐴𝐴𝑃𝑃,𝑐𝑐
𝑃𝑃  number of FTE persons employed permanently in the agricultural processing sector located 

in community c. 

Assumptions/considerations 

• Presumably these processing plants have a threshold through-put below which they shut down. 
This would require some discontinuity – i.e., L = 0 if H < Hmin. 

Preliminary analysis 

• In the graph below, the correlation between hectares of farm land irrigated and full time ginning 
workers for Dirranbandi is actually quite strong at 0.79. 
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B.2.2. Wages of permanent agricultural processing workers 
We assume that wages growth for permanent agricultural processing worker is relatively inert across 
time.  

 𝑊𝑊𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝑊𝑊𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡−1

𝑃𝑃 × 𝐼𝐼𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃   (B.2.2) 

A shift term is included in the wage specification to accommodate exogenous shifts in the rate of 
wage growth. 

Assumptions/considerations 

• What about processing of non-irrigated crops/produce? Likely to be of second order importance.   

B.2.3. Income of agricultural processing workers 
Income for agricultural processing workers is specified as follows:  

 𝑌𝑌𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃𝐴𝐴 = 𝑊𝑊𝐴𝐴𝑃𝑃,c,𝑡𝑡

𝑃𝑃 × 𝐿𝐿𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃   (B.2.3) 

Assumptions/considerations 

• Owner operators? 

B.3. Agricultural supply sector 
B.3.1. Permanent employment 
The Agricultural Supply (AgSup) sector includes business that directly supply goods and services to 
the farm sector. This includes: machinery dealerships, rural supply stores, agronomists and agriculture 
transport businesses. We assume that this sector services irrigated farms and non-irrigated farms. 
This means that a component of this sector is not directly exposed to the irrigated farm sector. 
Employment in the AgSup sector is assumed to be the sum of jobs exposed to the irrigated farm 
sector and those exposed to the non-irrigated farm sector.  

 𝐿𝐿𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝐿𝐿𝐴𝐴𝐴𝐴𝐼𝐼,𝑐𝑐,𝑡𝑡

𝑃𝑃 + 𝐿𝐿𝐴𝐴𝐴𝐴𝐷𝐷,𝑐𝑐,𝑡𝑡
𝑃𝑃   (B.3.1) 

𝐿𝐿𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃  number of FTE workers in the AgSup sector located in community c. 

The subscripts ASI and ASD are used to identify jobs exposed to irrigated and non-irrigated farms. 

 𝐿𝐿𝐴𝐴𝐴𝐴𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝑓𝑓�𝐻𝐻𝑐𝑐,𝑡𝑡

𝐼𝐼𝑚𝑚 ,𝐻𝐻𝑐𝑐,𝑡𝑡+1
𝐼𝐼𝑚𝑚 , … . . ,𝐻𝐻𝑐𝑐,𝑡𝑡+𝐺𝐺

𝐼𝐼𝑚𝑚 ,𝐴𝐴𝐴𝐴𝐴𝐴,𝑡𝑡�  (B.3.2) 

𝐻𝐻𝑐𝑐,𝑡𝑡
𝐼𝐼𝑚𝑚 the maximum number of hectares farmland that can be irrigated in community c; 

𝐴𝐴𝐴𝐴𝐴𝐴,𝑡𝑡 technical change associated with the consolidation of agricultural supply businesses that 
results in fewer jobs.   

Permanent jobs in the agricultural supply sector that are related to dry farming activities are assumed 
to be exogenous.  

Assumptions/considerations 

• Community modifiers: relative degree of economic diversification in the community allowing 
alternative local employment opportunities. 

• Need to split out owner operators. 
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• The concentration of businesses in the agricultural supply sector has led to a downward trend in 
the number of people employed over time.  

• The outlook and confidence of businesses in this sector also indirectly influences the employment 
levels in this sector.  

• Response of employment in the AgSup sector to a water entitlement shock is dependent on: 
- the size of the shock. 
- whether it is dispersed or concentrated. 
- whether implementation is abrupt or phased. 
- 10% reduction in hectares in 1 year leads to a 10% reduction in jobs. 
- 20% reduction in hectares in 1 year leads to a >20% reduction in jobs. 
- 10% reduction in hectares spread evenly across 10 years, etc. 
- 20% reduction in hectares spread evenly across 10 years, etc. 

• 100% reduction in hectares in 1 year results in 100% decrease in jobs. 

The less abrupt the shock the more time the community has to adjust – and for these types of 
businesses to identify new opportunities. So if we start with 20 workers and we halve the maximum 
number of irrigated hectares overnight we may lose 12 workers within the year. If on the other hand 
that shock is spread over 3 years we may only lose 10 jobs. 

The reduction in jobs is not linear with respect to the size of the shock – abrupt or phased. 

A concentrated shock will have a bigger impact than a dispersed shock of the same size. 

Preliminary analysis 

• The below chart plots the log level of hectares of irrigated farm land against the log levels of full-
time, part-time (in FTEs) and total FTE employment in the agricultural supply sector. 

• Part-time employment is significantly more volatile than full-time employment and tends to co-
move relatively closely with irrigated hectares. 

 

 
 
 
• The chart below shows that full-time employment in this sector consistently trended down from 

2000-01 to 2007-08 before partially recovering in more recent years. In 2000-01 there were 34 full 
time jobs in the sector. Between then and 2007-08 full time employment gradually fell to 17 jobs. 
Over the next 4 years employment gradually rose to 25 jobs. In the last year of the sample, 2013-
14, 3 full time jobs were lost relative to the year before. 

• In the sample period part-time jobs in the sector peaked at 19 FTEs in 2000-01 and troughed at 1 
FTE over the period 2006-07 to 2007-08. The pattern of part-time jobs in this sector follows the 
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pattern in irrigated hectares. Part-time employment picked up after 2007-08 reaching 18 in the 
period 2011-12 to 2012-13 before falling back to 15 in 2013-14.  

 

 

• The chart above shows that the number of irrigated hectares that a full-time worker supports is 
now significantly higher than in the past. This may reflect one or more of the following: (a) 
genuine productivity improvements; (b) over-optimism in the early part of the sample leading to 
an oversupply of Agricultural Supply service; and/or (c) pessimism in recent years about the longer 
term prospects for the farm sector.  

• It is likely that a significant number of full-time workers in this sector are owner-operators.  
• There is no evidence in the data for Dirranbandi about how this sector responds to reductions in 

local water entitlements. Have there been any reductions in local water entitlements? What does 
the 42 recovered mean in the spreadsheet?  

• If irrigated hectares reduces to zero do we expect employment in this sector to be zero? 
- Other non-irrigated farm activities? 

• What are the implications of buy-backs versus infrastructure investment? 
- Buy-backs permanent reductions in Ag supply 
- Infrastructure investments – short run increase in Ag supply? What about longer term – more 

or less intensive use of Ag supply? 
• The correlation between hectares of irrigated land and agricultural supply FTE workers on a log 

level basis is 0.78, suggesting that a relatively good relationship exists between the both. 
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B.3.2. Wages for AgSup workers 
We distinguish between AgSup workers that have no equity in AgSup businesses (i.e., they are 
salaried employees) and owner-operators (i.e., those that draw a salary from the business as well as a 
share of profits). Anecdotal evidence suggests that the wages of salaried AgSup workers are 
competitive and relatively inert. We assume that the wages paid to salaried workers in the AgSup 
sector are the same, irrespective of whether they are exposed to the irrigated or non-irrigated farm 
sectors.  

Wages for salaried AgSup workers are specified as follows:  

 𝑊𝑊𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆 = 𝑊𝑊𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡−1

𝑃𝑃𝑆𝑆  × 𝐼𝐼𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆   (B.3.3) 

𝑊𝑊𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆  wage paid to salaried workers in the AgSup sector located in community c;  

𝐼𝐼𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆  an exogenous community-specific shifter that is equivalent to 1 plus the annual rate of wage 

growth. A value of 1 for this shifter means that wages are held constant.   

Wages drawn by owner-operators in this sector are likely to be more volatile than the wages paid to 
salaried workers. Owner-operators may draw low or no wages in lean periods if they value the option 
of maintaining operations (i.e., they are sufficiently confident of adequate profits in the future). The 
pattern of wages drawn by owner-operators may also be driven by tax considerations.  

Wages drawn by owner-operators of AgSup businesses are assumed to be responsive to the number 
of hectares of irrigated farmland under crop.  

 𝑊𝑊𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁 = �𝐻𝐻𝑐𝑐,𝑡𝑡

𝐼𝐼

𝐻𝐻𝑐𝑐,𝑡𝑡
𝐼𝐼𝐼𝐼� × 𝑊𝑊𝐴𝐴𝐴𝐴,∗

𝑃𝑃𝑁𝑁 × 𝐼𝐼𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁   (B.3.4) 

𝑊𝑊𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁  wage drawn by owner-operator of an AgSup business in community c;  

𝑊𝑊𝐴𝐴𝐴𝐴,∗
𝑃𝑃𝑁𝑁  wage drawn by owner-operator of an AgSup business when the number of irrigated 

hectares under crop is at maximum (pooled average across communities and/or time);  

𝐼𝐼𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁  an exogenous community-specific shifter.  

Assumptions/considerations 

• Need to split out jobs for salaried workers from jobs for owner-operators (as per wages) 
• Jobs for owner operators are dependent on the number of businesses in operation 
• The idea here is that something like – wages are more or less fixed for salaried workers and jobs 

adjust while jobs are fixed for owner operators with their wages adjusting 
• Is there some measure of labour market tightness that needs to be introduced? How inert are the 

wages of workers in this sector? 

B.3.3. Income for AgSup workers 
Income for AgSup workers is the product of the wage paid and the number of AgSup workers. 

 𝑌𝑌𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝑊𝑊𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡

𝑃𝑃𝑆𝑆 × 𝐿𝐿𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆 + 𝑊𝑊𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡

𝑃𝑃𝑁𝑁 × 𝐿𝐿𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁   (B.3.5) 

Assumptions/considerations 

• Number of jobs for owner-operators needs to be modelled – may be exogenous – it is really a 
function of shut-down or consolidation. 

• The only source of income for AgSup workers is labour income. 
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B.4. Non-agricultural private sector 
B.4.1. Employment 
The non-agricultural private (NAP) sector includes retail, food and accommodation, construction, and 
private sector services. Employment in the NAP sector is assumed to depend on the income 
generated by permanent workers in the agriculture sector and by income generated by seasonal 
workers. Income generated by permanent workers in the agriculture sector is the sum of farm 
income and AgSup income. 

 𝑌𝑌𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝑌𝑌𝐼𝐼,𝑐𝑐,𝑡𝑡

𝑃𝑃 + 𝑌𝑌𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃 +𝑌𝑌𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡

𝑃𝑃   (B.4.1) 

Employment in the NAP sector is specified as follows: 

 𝐿𝐿𝑁𝑁𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝑓𝑓�𝑌𝑌𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡

𝑃𝑃 ,𝑌𝑌𝐼𝐼,𝑐𝑐,𝑡𝑡
𝐴𝐴 �  (B.4.2) 

Assumptions/considerations 

• Community modifiers: relative degree of economic diversification in the community allowing 
alternative local employment opportunities. 

• Employment in the NAP sector is likely to include a significant component of permanent part-time 
work.  

• Many businesses in this sector are likely to be small owner-operated concerns – do we need to 
split salaried operators from owner-operators?  

• Employment in the NAP sector, especially in retail, food and accommodation businesses, is also 
likely to be seasonal. Given that the seasonality will reflect the pattern of seasonal farm workers 
we will pick up this effect through the income of seasonal farm workers. That is, in years where 
there are lots of seasonal farm workers there will be more jobs in the NAP sector. Given we have 
an annual model we will only be able to capture this as an increase in FTE jobs.  

• Population feedback only flows through number of workers in the agricultural sector.   
• Mixing a real variable – number of workers in the NAP sector with nominal variables – incomes of 

agricultural workers. 

Preliminary analysis 
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• The above chart shows that employment in the NAP sector has been trending down over the 
sample period. The number of FTEs in the sector more than halves over the sample period. Part-
timers (in FTE terms) halve with full-timers more than halving. This is despite the fact that there 
has been no reduction in the maximum number of hectares that can be irrigated and the fact that 
in between 2010-11 and 2013-14 the number of irrigated hectares has been at or close to the 
maximum. 

• The chart below shows that the number of FTE jobs in the NAP sector supported by an FTE job in 
the Agricultural sector has roughly halved over the sample period from around 0.5 FTE jobs to 
0.25 FTE jobs. 

 

 

• There is more variation in the part time jobs, as expected, and it seems that increased activity in 
the irrigated farm sector over the period 2010 – 2013-14 has been accommodated by a pick-up in 
part time employment. 

• The chart below show that there is a strong relationship between annual growth in FTE jobs in 
the NAP sector and the Agricultural sector (i.e., the combined FTEs in the Farm, Farm Supply and 
Farm Processing sectors). 

 

 

• The problematic observation in the sample period is 2009-10 where Agricultural sector FTE jobs 
grow by almost 13% while FTE jobs in the NAP sector contract by over 24%. As mentioned in 
the context of Farm sector jobs, it is the growth in FTEs in the Agricultural sector that is 
problematic. 
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Preliminary analysis 

• As expected, the correlation between hectares of irrigated farmland and other local services/retail 
services FTE workers on a log level basis is quite low at 0.52. 

• The current specification assumes that employment in this sector will be explained by income 
generated by permanent workers in the agricultural sector and farm sector.  

 

 
 
 
• However, the growth rate of retail FTE workers and growth rate of hectares of irrigated farmland 

appear to move in line with one another, with the correlation between both series at 0.82. 
• This suggest that retail FTE workers employment may be modelled with hectares of irrigated 

farmland on a growth rate basis. 
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B.4.2. Wages for NAP workers 
We assume that for salaried workers in the NAP sector wage growth is exogenous:  

 𝑊𝑊𝑁𝑁𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆 = 𝑊𝑊𝑁𝑁𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡−1

𝑃𝑃𝑆𝑆 × 𝐼𝐼𝑁𝑁𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆   (B.4.3) 

𝑊𝑊𝑁𝑁𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆  wage paid to salaried workers in the NAP sector located in community c; 

𝐼𝐼𝑁𝑁𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑆𝑆  exogenous shift variable that set the rate of wage growth for salaried workers in the NAP 

sector located in community c. 

 𝑊𝑊𝑁𝑁𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁 =  𝑓𝑓 �𝑊𝑊𝑁𝑁𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡−1

𝑃𝑃𝑁𝑁 ,
𝑌𝑌𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡

𝑌𝑌𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡−1
, 𝑌𝑌𝐹𝐹,𝑐𝑐,𝑡𝑡

𝑆𝑆

𝑌𝑌𝐹𝐹,𝑐𝑐,𝑡𝑡−1
𝑆𝑆 �  (B.4.4) 

𝑊𝑊𝑁𝑁𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃𝑁𝑁  wage paid to owner-operators in the NAP sector located in community c. 

Assumptions/considerations 

• Community modifiers: relative socio-economic conditions based on socio-economic indexes for 
areas (e.g., index of relative socio-economic disadvantage, index of economic resources) 

B.5. Population 
We assume that in the longer term the population in a community depends on the number of 
permanent jobs and on preferences of individuals to reside in rural areas. Factors such as the diversity 
and strength of economic, social and cultural relationships may influence the rate of secular 
population decline associated with changes in the preferences of individuals to reside in rural areas as 
well speed with which the population adjusts in response to changes in job opportunities. 

 𝑁𝑁𝑐𝑐,𝑡𝑡 = 𝑓𝑓�𝑁𝑁𝑐𝑐,𝑡𝑡
𝑇𝑇 ,𝑁𝑁𝑐𝑐,𝑡𝑡−1, 𝐿𝐿𝑐𝑐,𝑡𝑡 , 𝐿𝐿𝑐𝑐,𝑡𝑡−1, … … 𝐿𝐿𝑐𝑐,𝑡𝑡−𝑆𝑆,𝜑𝜑�  (B.5.1) 

 𝐿𝐿𝑐𝑐,𝑡𝑡 = 𝐿𝐿𝐼𝐼,𝑐𝑐,𝑡𝑡
𝑃𝑃 + 𝐿𝐿𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡

𝑃𝑃 + 𝐿𝐿𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡
𝑃𝑃 + 𝐿𝐿𝑁𝑁𝐴𝐴𝑃𝑃,𝑐𝑐,𝑡𝑡

𝑃𝑃 + 𝐿𝐿𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃   (B.5.2) 

𝜙𝜙 a constant that may be interpreted as an equilibrium jobs-to-population ratio. 

Assumptions/considerations 

• Community modifiers: relative proportion of local indigenous population. 
• Equilibrium jobs-to-population ratio is something like a participation rate. 
• Secular decline, not associated with job declines, will be captured by a trend. May not be enough 

data to disentangle population decline that would happen independently of permanent job losses.  
• Does it make sense to include some measure of community “attractiveness” or confidence? 

How do we measure confidence? 
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Preliminary analysis 

• The below chart plots the percentage of indigenous population in each community. The 
Brewarrina community appears to have the highest percentage of indigenous population, while 
the Bingara community appears to have the lowest percentage.  

• An issue to consider is the impact of indigenous population on population numbers over time. 
 

 
 

B.6. Government services sector 
The government services sector depends primarily on government external socio-economic policies 
and on changes in the local population lagged by a few years. At the same time, changes in the local 
population is also a function of the level of government service provided to the community. The 
approach currently adopted recognises that government services are for more related to external 
policy decisions than to the recovery of water for the environment. In that context, this section is kept 
at a theoretical level only. 

B.6.1. Permanent employment 
Employment in the government services sector is assumed to depend on population levels in the 
recent past and on a measure of community disadvantage. 

 𝐿𝐿𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃 = 𝑓𝑓�𝑁𝑁𝑐𝑐,𝑡𝑡

𝑇𝑇 ,𝐷𝐷𝑐𝑐,𝑡𝑡−1,𝐷𝐷𝑐𝑐,𝑡𝑡−2, … . .𝐷𝐷𝑐𝑐,𝑡𝑡−𝑆𝑆�  (B.6.1) 

𝐿𝐿𝐴𝐴,𝑐𝑐,𝑡𝑡
𝑃𝑃  permanent jobs in the services sector located in community c;  

𝑁𝑁𝑐𝑐,𝑡𝑡
𝑇𝑇  trend population level of community c;  

𝐷𝐷𝑐𝑐,𝑡𝑡 an index of disadvantage for community c.  

The index of disadvantage is included to capture jobs associated with the provision of government 
services.  

Assumptions/considerations 

• Income generated in the services sector should feed back into the NAP sector. This feedback 
loop will be exogenous in this version of the model.   
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• Maybe a trend disadvantage index will capture the idea that government action take some time to 
feed through to employment in this sector? 

Preliminary analysis 

• The below chart plots the number of hectares of irrigated farm land, full time government 
services workers and total FTE government services workers.  

• The relationship between the amount of irrigated land and government services permanent 
employment does not appear to be strong.  

• In particular, the non-variability in the total FTE government services workers series appears to be 
caused by the constant number of full time government services workers employed between 
1999-00 to 2007-08. 

• The current specification proposes to use the trend population level and SEIFA index to explain 
government services employment.  

 

 
 

B.6.2. Wages for workers in the services sector 
Wages in the government services sector are determined by factors outside of the local community, 
including agreements on wages and conditions between the relevant unions and government 
departments. We assume that wage growth in this sector is related to inflation and to an exogenous 
community-specific shift variable. 

 𝑊𝑊𝐴𝐴,𝑐𝑐,𝑡𝑡 = 𝑊𝑊𝐴𝐴,𝑡𝑡−1 × �1 + 𝐶𝐶𝑂𝑂𝐼𝐼𝑡𝑡−1� × 𝐼𝐼𝐴𝐴,c,𝑡𝑡  (B.6.2) 

𝑊𝑊𝐴𝐴,𝑐𝑐,𝑡𝑡 wage paid to workers in the services sector located in community c; 

𝐶𝐶𝑂𝑂𝐼𝐼𝑡𝑡  a measure of inflation that is not community specific; 

𝐼𝐼𝐴𝐴,𝑐𝑐,𝑡𝑡 a community-specific shift variable.  

Assumptions/considerations 

• What measure of inflation is appropriate?  
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C A Preliminary Community Model 

for Dirranbandi-Hebel 
 

In this appendix we reproduce the Dirranbandi economic model as reported on 31 May 2016 to 
MDBA. It is intended to demonstrate key ideas and to identify issues that are under investigation. For 
this exercise we have effectively aggregated the Dirranbandi economy into the following five sectors: 

1. Farm and farm supplies  
2. Seasonal employment 
3. Agricultural processing 
4. Non-agricultural private 
5. Government services 

C.1. Dirranbandi employment 
C.1.1. Non-seasonal employment in the farm and farm supply sector 
The chart below plots permanent (i.e., non-seasonal) FTE employment in the farm and farm supply 
sector against the number of hectares of irrigated cotton for Dirranbandi.  

 

 

 

Observations 

• Maximum number of hectares that can be irrigated appears to be about 31,000. 
• The farmland under irrigation over the four years spanning 2010-11 to 2013-14 was close to the 

maximum.  
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• There are six years of where the number of hectares under irrigation is less than 5,000, including 
one year, 2002-03 where there are no hectares under irrigation. 

• The maximum number of FTE farm workers (79) coincides with the first year in the sample where 
hectares under irrigation is at its maximum (31,000 ha). Interestingly the number of FTE farm 
workers falls to 75 in the following two years where hectares under irrigation are very close to the 
maximum (30,000 ha and 30,965 ha respectively). 

• It is evident that farm operators hoard workers. The lowest number of FTE farmworkers in the 
sample is 42, which occurs in 2006-07 where there were only 500 ha under irrigation. In 2002-03 
when there was no farmland under irrigation, there were 54 FTE farm workers employed.  

• The observations that are most challenging in the sample period are 2008-09 and 2009-10. In 
2008-09 the number of irrigated hectares increased to 12,210 from 50 in the previous year and 
farm employment increased to 55 from 45 the previous year. It is not clear why 10 additional FTE 
farm workers were required in 2008-09 given that 45 farm workers seemed to have been 
sufficient in 2004-05 when 20,000 ha were under irrigation. In 2009-10 the number of hectares 
under irrigation fell from 12,210 the previous year to 2000 yet the number of farm workers 
increased by 14 FTEs to 69.  

• The number of FTE workers in the farm supply sector follows the pattern of hectares of irrigated 
cotton reasonably closely (we know it is the part time workers in the farm supply sector that are 
absorbing the volatility in the number of irrigated hectares).  

• There is evidence of a downward trend in employment of farm supply workers – hectares are 
higher in the latter part of the sample but full time workers are lower (we know this is mainly to 
do with full time workers in the sector). 

• There is evidence that a core workforce is maintained in the sector even during periods where the 
number of hectares of irrigated cotton is low. This suggests some combination of three factors at 
play in the farm supply sector (a) a significant exposure to dry farming activities; (b) a degree of 
labour hoarding; and/or (c) a significant number of owner-operators in the sector. 

• The more important (b) and (c) are the more likely the sector will respond negatively to a water 
recovery shock – hanging in there for the “good” years is less compelling. 

Below we present two models of aggregate non-seasonal FTE employment in the farm and farm 
supply sector (FFS). The first model relates employment in the FFS sector to a constant, hectares of 
irrigated cotton and a time trend. 

 

Model 1A 𝐿𝐿𝐼𝐼𝐼𝐼𝐴𝐴,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 = 78.81 + 1.61 × 𝐻𝐻𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 − 1.03 × T
                 (6.94)  (0.28)                  (0.79)

 R2=0.74 (C.1A) 

𝐿𝐿𝐼𝐼𝐼𝐼𝐴𝐴,𝐷𝐷𝐺𝐺𝐼𝐼 number of non-seasonal FTE persons employed in the Dirranbandi farm and farm supply 
sector; 

𝐻𝐻𝐷𝐷𝐺𝐺𝐼𝐼  thousands of hectares of irrigated cotton in Dirranbandi; and 

𝑇𝑇 time trend.  

 

The constant picks up on the idea that farm operators hoard workers and farm supply businesses 
maintain a core number of workers even when the hectares of irrigated cotton are zero or small. In 
using this model for simulations we will need to handle this constant explicitly. For example, 
permanent recovery of water will impact the constant – in the limit, if all water was recovered the 
constant would be significantly lower (perhaps picking up a stable component of farm supply workers 
exposed to non-irrigated farm activities). The time trend in equation C.1A is designed to pick up any 
productivity impacts.    

The chart below shows that the model represented by equation C.1A does a reasonable job of fitting 
the historical data. There appears to be some persistence in the errors and the errors in 2004-05 and 
2009-10 are large. 
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The evidence points to 2009-10 being an unusual year for the Dirrandandi farm sector. The rain came 
too late for the cotton planting, but it persisted. Thus, while there wasn't an increase in the area 
irrigated, there was a sharp spike in the demand for full-time farm workers as the agricultural 
production systems (late summer crops, winter crops, grazing) geared up after a period of drought. To 
accommodate the unusual nature of 2009-10 for the Dirranbandi agricultural sector we introduce a 
dummy variable into the model for that year. 

 

Model 1B 
𝐿𝐿𝐼𝐼𝐼𝐼𝐴𝐴,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 = 77.80 + 1.86 × 𝐻𝐻𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 − 1.61 × T + 31.23 ∗ 𝐷𝐷𝑡𝑡

                (5.55)  (0.24)                  (0.66)         (11.15) 
 

  R2=0.85 (C.1B) 

𝐷𝐷  a dummy variable that has a value of 1 in 2009-10 and 0 in all other years.  

 

The chart below shows that the dummy variable improves the overall fit of the model. 

 

 

 

However, there still appears to be persistence in the errors produced by model 1B. To deal with this 
we examined an alternative model that includes a lagged dependent variable. This is presented below 
as model 1C. 
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Model 1C 
𝐿𝐿𝐼𝐼𝐼𝐼𝐴𝐴,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 = 37.45 + 1.21 × 𝐻𝐻𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 + 0.44 × 𝐿𝐿𝐼𝐼𝐼𝐼𝐴𝐴,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡−1 + 26.64 × D − 0.63 × T

                 (8.64)  (0.19)                  (0.09)                               (6.46)          (0.48)
 

  R2=0.96 (C.1C) 

 

Relative to model 1B, equation C.1C has a significantly smaller constant and coefficient on the 
number of hectares of irrigated cotton. The impact of the lagged dependent variable is relatively 
strong and the inclusion of the time trend is marginal. The chart below shows that the historical fit of 
model 1C is better than that of model 1B.  

 

 

 

C.1.2. Seasonal employment in the farm sector 
Seasonal employment in the farm sector is plotted against hectares of irrigated cotton in the char 
below. The relationship is very strong with an obvious break occurring in 2010-11. This is largely 
related to a technological change that meant cotton chippers were no longer required to produce 
cotton. 
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We model FTE seasonal employment in the farm sector as a function of hectares of irrigated cotton 
and a dummy variable to capture the specific technology change relating to chippers. 

 

Model 2A  𝐿𝐿𝐼𝐼𝑆𝑆𝑆𝑆𝐼𝐼𝑆𝑆,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 = 3.235 × 𝐻𝐻𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 − 72.01 × 𝐷𝐷𝑡𝑡
(𝐼𝐼)

              (0.19)                      (6.86)
 

  R2=0.96  (C.2A) 

𝐿𝐿𝐼𝐼𝑆𝑆𝑆𝑆𝐼𝐼𝑆𝑆,𝐷𝐷𝐺𝐺𝐼𝐼 number of non-seasonal FTE persons employed in the Dirranbandi farm and farm supply 
sector; and 

𝐷𝐷 dummy variable that takes on the value of 0 from 1999-00 to 2009-10 and 1 thereafter.  

 

The chart below shows that this model fits the historical observations closely. The model error in 
2008-09 is relatively large, warranting further investigation. 

 

 

 

A variation on the above model is to include a time trend to capture labour-saving technical change (in 
addition to the specific technical change relating to chippers). 

 

Model 2B 𝐿𝐿𝐼𝐼𝑆𝑆𝑆𝑆𝐼𝐼𝑆𝑆,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 = 11.94 + 3.01 × 𝐻𝐻𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 − 1.88 × T − 51.83 ∗ 𝐷𝐷𝑡𝑡
(𝐼𝐼)

                  (6.46)  (0.26)                  (0.75)          (10.61) 
  

  R2=0.96 (C.2B) 

 

The chart below shows that model 2B fits the historical observations closely but there is no 
compelling reason to prefer it to model 2A. Indeed model 2A would be preferred on the basis that it is 
less complex.  
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The model error in 2008-09 remains relatively large. It is instructive to examine the impact on the 
model of a dummy variable in 2008-09. 

 

Model 2C 𝐿𝐿𝐼𝐼𝑆𝑆𝑆𝑆𝐼𝐼𝑆𝑆,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 = 3.45 × 𝐻𝐻𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 − 76.53 × 𝐷𝐷𝑡𝑡
(𝐼𝐼) − 27.64 × 𝐷𝐷𝑡𝑡

(𝑏𝑏) − 0.15 × T
                   (0.05)                  (0.09)                   (2.33)                 (0.11)

 

  R2=0.99 (C.2C) 

𝐷𝐷𝑡𝑡
(𝐼𝐼) dummy variable that takes on the value of 0 from 1999-00 to 2009-10 and 1 thereafter; 

and 

𝐷𝐷𝑡𝑡
(𝑏𝑏) dummy variable that takes on the value of 1 for 2008-09 and 0 for all other years.  

 

The chart below shows that if a dummy variable for 2008-09 can be justified the historical fit of the 
model can be further improved. 
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C.1.3. Agricultural processing – cotton ginning 
The chart below plots FTE employment in the cotton ginning sector against the number of hectares of 
irrigated cotton for Dirranbandi. The relationship between these two variables is very strong. Some 
break-down in the relationship is evident in the three years bounded by 2010-11 and 2012-13 where 
employment in cotton ginning is less than would be suggested by the relationship up to that point.   

• Productivity shock? Last observation is not consistent with a productivity improvement.  
• May have been a productivity shock and the last observation reflects exports of ginning services 

to other community (i.e., ginning closed down in another community and the Dirranbandi 
operation takes up the slack).  

 

 

 

We model FTE employment in the cotton ginning sector as a function of hectares of irrigated cotton. 

 

Model 3A 𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 = 0.50 × 𝐻𝐻𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡

              (0.03)         
 R2=0.94 (C.3A) 

𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝐷𝐷𝐺𝐺𝐼𝐼 number of FTE persons employed in the Dirranbandi cotton ginning sector. 

 

The chart below shows that the model represented by equation C.3A does a reasonable job of 
explaining employment in the cotton ginning sector. Note that if the estimation sample is truncated to 
2009-10 the relationship up to that point is very strong. In recognition of the special circumstances 
confronting the cotton sector in 2009-10 we introduce a dummy variable into the model for that year.  
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Model 3B 
𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 = 0.50 × 𝐻𝐻𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 + 4.01 × 𝐷𝐷𝑡𝑡

             (0.03)                 (2.31)  
 R2=0.95 (C.3B) 

 

 

 

As the chart above shows the model is missing something in the last few years of the sample. Our 
understanding is that ginning operations in Dirranbandi began exporting services to another 
community, where ginning operations closed down. To accommodate this change we introduce a 
dummy variable for 2013-14. 

 

Model 3C 𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 = 0.47 × 𝐻𝐻𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 + 4.05 × 𝐷𝐷𝑡𝑡 + 4.61 × 𝐷𝐷𝑡𝑡
(𝑐𝑐)

           (0.03)                 (2.06)             (2.23) 
 R2=0.96 (C.3C) 

𝐷𝐷𝑡𝑡
(𝑐𝑐) dummy variable that takes on the value of 1 in 2013-14 and 0 in all other years. 
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The chart below shows that the improvement in the model’s historical fit is marginal with the 
inclusion of the dummy variable for 2013-14. The model’s persistent under-prediction in the pre-2009-
10 period and over-prediction in the post 2009-10 period suggests that there may be a role for a trend 
variable. 

 

 

 

Model 3D 𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 = 2.77 + 0.48 × 𝐻𝐻𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 + 5.17 × 𝐷𝐷𝑡𝑡 + 6.92 × 𝐷𝐷𝑡𝑡
(𝑐𝑐) − 0.36 × T

               (0.91)  (0.04)                 (1.76)              (1.81)               (0.11)
 

  R2=0.96 (C.3D) 

 

The chart below shows that model 3D fits the historical data well. It is worth noting that model 3B is 
less parsimonious than model 3A and the improved historical fit is relatively marginal. 

 

 

 

 

 

 

 

 (5.00)

 -

 5.00

 10.00

 15.00

 20.00

Actual and Modelled Ginning Employment - Model 3  

model error Ginning FTEs (est) fn(a,H,D1,D2) Ginning FTEs

 (5.00)

 -

 5.00

 10.00

 15.00

 20.00

Actual and Modelled Ginning  Employment - Model 4  

model error Ginning FTEs (est) fn(a,H,D1,T,D2) Ginning FTEs



 

Page  |  C-42 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

C.1.4. Non-agricultural private sector 
The non-agricultural private (NAP) sector includes retail, food and accommodation, construction, and 
private sector services. Employment in the NAP sector is assumed to depend on the income 
generated by workers in the agriculture sector. In the chart below we plot FTE employment in the 
NAP sector against FTE employment in the agriculture sector (sum of farm, farm supply, seasonal and 
ginning employment). We also include a time trend that shows employment in the NAP sector 
trending down.  

 

 

 

The relationships suggested by the above chart are captured in the following model of employment in 
the NAP sector. 

 

Model 4A 
𝐿𝐿𝑁𝑁𝐴𝐴𝑃𝑃,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 = 36.65 + 0.14 × 𝐿𝐿𝐴𝐴𝐴𝐴,𝐷𝐷𝐺𝐺𝐼𝐼,𝑡𝑡 − 1.86 × T

                 (2.73)  (0.02)                      (0.18) 
 R2=0.95 (C.4A) 

𝐿𝐿𝑁𝑁𝐴𝐴𝑃𝑃,𝐷𝐷𝐺𝐺𝐼𝐼 number of FTE persons employed in the Dirranbandi NAP sector; and 

𝐿𝐿𝐴𝐴𝐴𝐴,𝐷𝐷𝐺𝐺𝐼𝐼 number of FTE persons employed in the Dirranbandi agriculture sector. 

 

The chart below shows that the model provides a reasonable fit with the historical data.   
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C.1.5. Government service sector 
Employment in the government services sector is depicted in the chart below together with 
Dirranbandi’s population.  There is no obvious relationship between these two variables. In 7 out of 
the 15 years, including the last year in the sample, 52 FTE workers are employed in the government 
services sector. A peak of 57 FTEs were employed in 2010-11. 

 

 

C.2. Indicative results 
In this section we present some preliminary results for a range of water recovery scenarios for 
Dirranbandi. The table below reports the projected number of hectares of irrigated cotton in the 
baseline from 1999 to 2013 the projected number of hectares of irrigated cotton under the Northern 
Standard scenario and under 4 additional water recovery scenarios. 

 

Plant in Baseline Nth Std Existing 

recovery 

(50GL) 

Scenario A —

415GL 

Scenario B —

390GL 

Scenario C —

350GL 

Scenario D — 

278 GL 

Scenario E — 

320 GL 

1999 26,570 13,085 16,995 9,554 10,287 12,415 16,995 15,426 

2000 28,795 19,617 22,901 18,702 19,339 20,364 22,901 22,111 

2001 11,544 5,409 7,055 4,622 4,970 5,725 7,055 6,351 

2002 3,558 741 1,134 633 680 784 1,134 869 

2003 1,838 597 664 440 473 611 664 628 

2004 11,846 7,441 9,009 5,830 6,524 8,309 9,009 8,336 

2005 4,788 2,398 3,780 2,479 2,687 2,871 3,780 3,699 

2006 3,019 1,517 2,333 1,557 1,647 1,680 2,333 2,347 

2007 1,039 352 837 511 528 440 837 856 

2008 14,473 9,361 11,235 7,323 8,164 10,185 11,235 10,325 

2009 4,342 2,247       

2010 28,926 13,135       

2011 36,761 11,181       

2012 28,610 10,622       

2013 34,802 10,266       

Scenar io  D:  65  GL Recover y in t he Conda mine–Ba lonne;  Scenario E :  90 GL Recover y in t he Condamine–Ba lonne.  
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The information in the above table is presented in the following chart.  

 

 

 

The aggregate FTE employment results for Dirranbandi in the baseline and scenarios are presented in 
the following two charts – the first reports the results in terms of numbers of FTE workers and the 
second reports the results as percentage deviation from the baseline. 
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The baseline shows FTE employment in Dirranbandi generally falling over the projection period. The 
more aggressive the water recovery scenario the bigger the reduction in FTE employment relative to 
baseline. As is clear in the two charts when the baseline number of hectares of irrigated cotton is low 
the water recovery scenarios have less scope to impact employment (e.g., 2003 and 2007). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

0.0

5.0

10.0

15.0

20.0

25.0

30.0

35.0

1998 2000 2002 2004 2006 2008 2010 2012 2014

Percent reduction in FTE relative to baseline

Nth Std Existing recovery (50GL)
Scenario A - 415GL Scenario B - 390GL
Scenario C - 350GL Scenario D — 278 GL — 65 GL Recovery in the Condamine–Balonne
Scenario E — 320 GL — 90 GL Recovery in the Condamine–Balonne



 

Page  |  C-46 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

 



 

Page  |  D-47 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

D Technical Details of the 

Community Model 
 

This appendix reports the cross-section analysis, model estimation with associated statistics and 
backcasting analysis for each of the five sectors that are affected by water recovery policies in the 
Community model. These sectors are the following: 

1. Irrigated farms;  
2. Non-irrigated farms; 
3. Ginning production; 
4. Agricultural supply; and 
5. Other private businesses. 

D.1. Irrigated farms 
Analysis of the detailed Dirranbandi database supported the hypothesis that permanent employment 
in the irrigated farm sector is significantly less volatile than the number of hectares of farmland under 
irrigation. Farm operators appear to hoard permanent workers, who have specialised skills. This 
means that we should not expect to observe a close relationship between movements in the number 
of hectares of farmland under irrigation and the number of permanent workers in the sector. 

D.1.1. Cross-section analysis 
Figure D.1 shows the relationship between the number of irrigated hectares and the number of jobs 
in the irrigated farm sector for each community. This relationship is shown separately for each of the 
three most recent Census years (2001, 2006 and 2011). The lower panel on the right of Figure D.1 
pools the data for these three years. 

 

Figure D.1: Levels relationship between irrigated hectares and number of irrigated farm jobs 
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Observations 
• There appears to be a linear relationship but it is not strong. 
• In 2001 the linear relationship is a good fit for three communities (Moree, Wee Waa and 

Dirranbandi) of the top 7 (defined in terms of maximum irrigated hectares); in 2006 the fit is 
reasonable only Moree out of the top 7; and in 2011 the fit is poor for all of the top 7. 

 

Figure D.2 shows the relationship between the log levels of irrigated hectares and the number of jobs 
in the irrigated farm sector for each community. This relationship is shown separately for each of the 
three most recent Census years (2001, 2006 and 2011). The lower panel on the right of Figure D.2 
pools the data for these three years. 

 

Figure D.2: Log-levels relationship between irrigated hectares and number of irrigated farm jobs 
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Observations 
• The log-levels relationship looks stronger than levels relationship for 2001 and 2011 but the scale 

may be deceptive. 

 

Figure D.3 shows the relationship between the number of jobs per thousand hectares of irrigated land 
and the ratio of actual irrigated hectares to maximum irrigated hectares for each community. This 
relationship is shown separately for each of the three most recent Census years (2001, 2006 and 
2011). The left and right panels of the first three pairs of charts show the same information in 
different ways. The panel at the bottom of the figure pools the data for the three years. 

 

Figure D.3: Relationship between number of jobs per irrigated hectares and the ratio of actual to maximum irrigated hectares 
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Observations 
• When capacity utilization is close to 1 we expect to see bunching of jobs per 1000 ha around 

some technically efficient benchmark. In 2001 this ranged from 2 to 6.5 jobs per 1000 ha for the 
communities with capacity utilization over 0.9. In 2011 it ranged from just over 1 (for Dirranbandi, 
which is an odd result) to almost 8. 

• When capacity utilization is low we expect to see the number of jobs per 1000 ha to be relatively 
high reflecting hoarding. 

• It appears to have been some productivity gains from 2001 to 2011. 

 

D.1.2. Model estimation 
The specification of the levels model is given by the below equation and model estimation statistics 
are reported in Table D.2. Estimated parameters for the 15 communities are listed in Table D.3 after 
taking into account the community-specific constant that needs to be added to all other communities 
as well as the time-varying parameter as explained in section 4.1 on the translation of time dummies. 

Model 1A 𝐿𝐿𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 = (Κ𝑐𝑐 + Γ𝑡𝑡) + Φ ∙ 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡
1000

  (D.1A) 

where 

𝐿𝐿𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 number of FTE persons employed permanently in the Irrigated Farm sector, domiciled in 
community 𝑐𝑐 in year 𝑡𝑡; 

Κ𝑐𝑐 community-specific constant; 

Γ𝑡𝑡 time-varying parameter that is uniform across communities; 

Φ parameter that is uniform across communities measuring the marginal impact of IrrHa on 
jobs in the Irrigated Farm sector; and 

𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡 the number of hectares of irrigated cotton production in community 𝑐𝑐 in year 𝑡𝑡. 

 

Table D.1 reports the mapping between @CROSSID and communities. Note that the missing 
@CROSSID for the estimations based on the 15 Group 1 communities is Boggabri (represented by 
the constant) and for the 21 community estimations the missing @CROSSID is Bingara. 
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Table D.1: Mapping communities and @CROSSID 

Communities @CROSSID Communities @CROSSID Communities @CROSSID 

Bingara 1 Dirranbandi 8 Narromine 15 

Boggabri 2 Gilgandra 9 Nyngan 16 

Bourke 3 Goondiwindi 10 St George 17 

Brewarrina 4 Gunnedah 11 Trangie 18 

Chinchilla 5 Moree 12 Walgett 19 

Collarenebri 6 Mungindi 13 Warren 20 

Coonabarabran 7 Narrabri 14 Wee Waa 21 

 

 

Table D.2: Model estimation statistics for Model 1A in the Community model based on the 15 Group 1 communities 

 

 

 

Dependent Variable: IRRAGPROD  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 32.96314 13.48826 2.443840 0.0213 

IRRHEC 0.001692 0.000287 5.899901 0.0000 
@CROSSID=3 42.10351 15.52578 2.711845 0.0115 
@CROSSID=6 -2.600256 18.63709 -0.139521 0.8901 
@CROSSID=8 16.01546 14.60146 1.096840 0.2824 

@CROSSID=10 116.0801 21.22042 5.470208 0.0000 
@CROSSID=11 60.95362 23.72192 2.569506 0.0160 
@CROSSID=12 226.0305 28.73055 7.867253 0.0000 
@CROSSID=13 35.11896 14.17030 2.478350 0.0197 
@CROSSID=14 123.2454 16.48811 7.474801 0.0000 
@CROSSID=15 52.03024 17.73864 2.933159 0.0068 
@CROSSID=17 126.4633 26.11596 4.842375 0.0000 
@CROSSID=18 12.04028 14.72352 0.817759 0.4207 
@CROSSID=19 7.777359 17.71121 0.439121 0.6641 
@CROSSID=20 34.99860 14.28588 2.449874 0.0211 
@CROSSID=21 112.3836 21.36755 5.259547 0.0000 
DATEID=732311 -21.20674 4.533985 -4.677285 0.0001 
DATEID=734137 -51.86870 1.744979 -29.72455 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.984158     Mean dependent var 213.9944 

Adjusted R-squared 0.974183     S.D. dependent var 337.4109 
S.E. of regression 22.78467     Sum squared resid 14016.81 
F-statistic 98.66616     Durbin-Watson stat 2.503067 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.952750     Mean dependent var 99.50556 

Sum squared resid 15107.28     Durbin-Watson stat 2.177262 
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As an example, the community-specific constant for Bourke is its estimated coefficient of 42.1 in 
addition of the model constant (represented by the coefficient of Boggabri) of 32.96, which equals to 
75.1 as reported in Table D.3. Regarding the time-varying parameter, its value increases from zero in 
2001 by a uniform amount between 2001 and 2006. The coefficient for 2006 is estimated by the 
dummy DATEID=732311 in Table A.2. A similar calculation applies for time-varying parameters after 
2006, using the estimated coefficients for 2006 (DATEID=734137) and for 2011 (DATEID=734137). 

 

Table D.3: Estimated parameters for Model 1A in the Community model 
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33.0 75.1 30.4 49.0 149.0 93.9 259.0 68.1 156.2 85.0 159.4 45.0 40.7 68.0 145.3 

Φ 

Γ𝑡𝑡  

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 

1.69 0.0 -4.2 -8.5 -12.7 -17.0 -21.2 -27.3 -33.5 -39.6 -45.7 -51.9 -58.0 -64.1 

 

The specification of the log-levels model is given by the following equation and model estimation 
statistics are reported in Table D.4. Similar to the transformation of the parameters estimated in the 
levels model, estimated parameters in the log-levels model for the 15 communities are listed in Table 
D.5. 

Model 1B ln 𝐿𝐿𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 = (𝜅𝜅𝑐𝑐 + 𝛾𝛾𝑡𝑡) + ϕ ∙ ln 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡
1000

  (D.1B) 

Where the notation is the log analogous of that set out above for equation (D.1A). Note that 𝜙𝜙 is an 
elasticity in the log-levels model. 
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Table D.4: Model estimation statistics for Model 1B in the Community model based on the 15 Group 1 communities 

 

Table D.5: Estimated parameters for Model 1B in the Community model 
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2.4 4.1 2.6 3.8 5.1 4.4 5.5 4.2 4.9 4.2 5.0 3.2 3.0 4.2 5.0 

𝜙𝜙 

𝛾𝛾𝑡𝑡  

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 

45.05 0.0 -0.08 -0.16 -0.24 -0.32 -0.40 -0.44 -0.47 -0.51 -0.54 -0.58 -0.61 -0.65 

Dependent Variable: LOG(IRRAGPROD)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 2.431238 0.287396 8.459547 0.0000 

LOG(IRRHEC) 0.045047 0.024484 1.839818 0.0768 
@CROSSID=3 1.619635 0.311286 5.203042 0.0000 
@CROSSID=6 0.210127 0.341881 0.614619 0.5440 
@CROSSID=8 1.348001 0.212486 6.343947 0.0000 

@CROSSID=10 2.677956 0.264352 10.13025 0.0000 
@CROSSID=11 1.923567 0.327113 5.880427 0.0000 
@CROSSID=12 3.117857 0.227779 13.68810 0.0000 
@CROSSID=13 1.746907 0.214423 8.146993 0.0000 
@CROSSID=14 2.470037 0.215834 11.44413 0.0000 
@CROSSID=15 1.813636 0.247565 7.325895 0.0000 
@CROSSID=17 2.519172 0.240148 10.49008 0.0000 
@CROSSID=18 0.818558 0.304291 2.690052 0.0121 
@CROSSID=19 0.563284 0.207913 2.709227 0.0116 
@CROSSID=20 1.723694 0.231621 7.441857 0.0000 
@CROSSID=21 2.544673 0.217527 11.69819 0.0000 
DATEID=732311 -0.403228 0.040192 -10.03266 0.0000 
DATEID=734137 -0.578218 0.023911 -24.18203 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.996846     Mean dependent var 12.02850 

Adjusted R-squared 0.994860     S.D. dependent var 11.99530 
S.E. of regression 0.265149     Sum squared resid 1.898202 
F-statistic 501.9784     Durbin-Watson stat 2.973003 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.952337     Mean dependent var 4.184527 

Sum squared resid 2.147696     Durbin-Watson stat 2.915959 
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D.1.3. Backcasting analysis 
The charts below show backcasts for permanent FTE jobs in the irrigated farm sector. The lines on 
the chart refer to the following: 

• Model 1A – Blue line; 
• Model 1B – Grey line; and 
• Linear interpolation of the three historical data points – Orange line. 

The red dots are used to identify the selected model. 
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D.2. Non-irrigated farms 
D.2.1. Cross-section analysis 
Figures D.4 to D.7 show the relationship in levels and log-levels between cropping/grazing indicators 
and the number of jobs in the non-irrigated farm sector for each community. This relationship is 
shown separately for each of the three most recent Census years (2001, 2006 and 2011). The lower 
panel on the right of each figure pools the data for these three years. 

 

Figure D.4: Levels relationship between cropping indicator and number of non-irrigated farm jobs 

  

  

Figure D.5: Log-levels relationship between cropping indicator and number of non-irrigated farm jobs 
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Figure D.6: Levels relationship between grazing indicator and number of non-irrigated farm jobs 

  

  

 

Figure D.7: Log-levels relationship between grazing indicator and number of non-irrigated farm jobs 
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D.2.2. Model estimation 
The specification of the different models is given by the following equations and model estimation 
statistics are reported in Tables D.6 to D.11 for the estimation based on the 15 Group 1 communities 
and in Tables D.12 to D.14 for the estimation based on the 21 communities (Groups 1 and 2). Similar 
to the irrigated farm sector, estimated parameters are transformed before being used in the 
simulation model. 

Model 2A 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 = �𝐾𝐾𝑐𝑐
(1) + Γ𝑡𝑡

(1)� + Φ𝐺𝐺
(1) ∙ 𝐺𝐺𝐼𝐼𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐 ,𝑡𝑡  (D.2A) 

Model 2B 𝑙𝑙𝑁𝑁 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 = �𝜅𝜅𝑐𝑐
(1) + 𝛾𝛾𝑡𝑡

(1)� + ϕ𝐺𝐺
(1) ∙ 𝑙𝑙𝑁𝑁 𝐺𝐺𝐼𝐼𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡  (D.2B) 

Model 2C 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 = 𝐾𝐾𝑐𝑐
(2) + Φ𝐶𝐶

(2) ∙ 𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡  (D.2C) 

Model 2D 𝑙𝑙𝑁𝑁 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 = 𝜅𝜅𝑐𝑐
(2) + ϕ𝐶𝐶

(2) ∙ 𝑙𝑙𝑁𝑁 𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐 ,𝑡𝑡  (D.2D) 

Model 2E ln 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 = �𝜅𝜅𝑐𝑐
(3) + 𝛾𝛾𝑡𝑡

(3)� + ϕ𝐺𝐺
(3) ∙ 𝑙𝑙𝑁𝑁  �𝐴𝐴𝑐𝑐

(𝐺𝐺) × 𝐺𝐺𝐼𝐼𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡� 

   + ϕ𝐶𝐶
(3) ∙ 𝑙𝑙𝑁𝑁 �𝐴𝐴𝑐𝑐

(𝐶𝐶) × 𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡� (D.2E) 

Model 2F 𝑙𝑙𝑁𝑁 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 = �𝜅𝜅𝑐𝑐
(4) + 𝛾𝛾𝑡𝑡

(4)� + ϕ𝐶𝐶
(4) ∙ 𝑙𝑙𝑁𝑁 𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡  (D.2F) 

where 

𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑐𝑐,𝑡𝑡 number of FTE persons employed permanently in the Non-irrigated Farm sector, 
domiciled in community 𝑐𝑐 in year 𝑡𝑡; 

𝐺𝐺𝐼𝐼𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡 an index of grazing production in community 𝑐𝑐 in year 𝑡𝑡;  

𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡 an index of cropping production in community 𝑐𝑐 in year 𝑡𝑡; 

𝐴𝐴𝑐𝑐𝐺𝐺  share of grazing hectares in the sum of grazing and cropping hectares in community 𝑐𝑐; 
and 

𝐴𝐴𝑐𝑐𝐶𝐶  share of cropping hectares in the sum of grazing and cropping hectares in community 𝑐𝑐. 

 

The parameters 𝐾𝐾, 𝜅𝜅, Γ,𝛾𝛾,Φ and ϕ have analogous interpretations to the parameters in the equations 
for the Irrigated Farm sector. The superscripts and subscripts distinguish analogous parameters 
across models and across explanatory variables respectively. 
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Table D.6: Model estimation statistics for Model 2A in the Community model based on the 15 Group 1 communities 

 

 

 

 

Dependent Variable: NONIRRAGPROD  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 151.4352 24.22022 6.252430 0.0000 

GRAZEIND4*GRAZEAR 3.15E-05 1.36E-05 2.320984 0.0281 
@CROSSID=3 -16.60150 25.84468 -0.642357 0.5261 
@CROSSID=6 -28.56626 24.05808 -1.187387 0.2454 
@CROSSID=8 -57.30733 27.76347 -2.064127 0.0487 

@CROSSID=10 573.0772 46.99269 12.19503 0.0000 
@CROSSID=11 563.0031 24.34244 23.12846 0.0000 
@CROSSID=12 867.9030 47.91163 18.11466 0.0000 
@CROSSID=13 51.68204 34.08285 1.516365 0.1410 
@CROSSID=14 256.9955 31.43248 8.176111 0.0000 
@CROSSID=15 149.0629 27.19546 5.481169 0.0000 
@CROSSID=17 46.80965 28.80235 1.625202 0.1157 
@CROSSID=18 5.769653 26.93743 0.214187 0.8320 
@CROSSID=19 46.45938 25.64486 1.811645 0.0812 
@CROSSID=20 124.3472 26.35157 4.718778 0.0001 
@CROSSID=21 149.7798 26.72290 5.604921 0.0000 
DATEID=732311 1.853430 3.164231 0.585744 0.5629 
DATEID=734137 -37.75757 2.755938 -13.70044 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.999131     Mean dependent var 729.4788 

Adjusted R-squared 0.998584     S.D. dependent var 1070.347 
S.E. of regression 34.26796     Sum squared resid 31705.91 
F-statistic 1826.364     Durbin-Watson stat 2.216336 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.989247     Mean dependent var 333.9889 

Sum squared resid 34595.95     Durbin-Watson stat 2.192707 
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Table D.7: Model estimation statistics for Model 2B in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

Dependent Variable: LOG(NONIRRAGPROD)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 16:07  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 4.536919 0.384096 11.81195 0.0000 

LOG(GRAZEIND4*GRAZEAR) 0.034034 0.024068 1.414062 0.1688 
@CROSSID=3 0.035548 0.253261 0.140361 0.8894 
@CROSSID=6 -0.151784 0.258031 -0.588241 0.5613 
@CROSSID=8 -0.353100 0.260471 -1.355623 0.1865 

@CROSSID=10 1.652549 0.266435 6.202456 0.0000 
@CROSSID=11 1.649501 0.251389 6.561544 0.0000 
@CROSSID=12 1.991655 0.249890 7.970124 0.0000 
@CROSSID=13 0.383545 0.272526 1.407372 0.1707 
@CROSSID=14 1.086538 0.250272 4.341431 0.0002 
@CROSSID=15 0.788652 0.252473 3.123705 0.0042 
@CROSSID=17 0.356205 0.260455 1.367624 0.1827 
@CROSSID=18 0.119030 0.253464 0.469613 0.6424 
@CROSSID=19 0.364757 0.251209 1.452005 0.1580 
@CROSSID=20 0.705216 0.249997 2.820903 0.0089 
@CROSSID=21 0.783429 0.253291 3.093003 0.0046 
DATEID=732311 0.003112 0.017904 0.173836 0.8633 
DATEID=734137 -0.151986 0.016256 -9.349699 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.997775     Mean dependent var 14.71816 

Adjusted R-squared 0.996374     S.D. dependent var 18.32092 
S.E. of regression 0.149627     Sum squared resid 0.604480 
F-statistic 712.1350     Durbin-Watson stat 2.428868 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.970503     Mean dependent var 5.546573 

Sum squared resid 0.657473     Durbin-Watson stat 1.999568 
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Table D.8: Model estimation statistics for Model 2C in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

 

Dependent Variable: NONIRRAGPROD  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>3 AND 
        @CROSSID<>4 AND @CROSSID<>5 AND @CROSSID<>7 AND 
        @CROSSID<>9 AND @CROSSID<>16  
Periods included: 3   
Cross-sections included: 14  
Total panel (balanced) observations: 42  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 138.5627 34.06652 4.067416 0.0004 

CROPIND4*CROPAR 0.000145 7.59E-05 1.914053 0.0663 
@CROSSID=6 -40.63474 37.02827 -1.097398 0.2822 
@CROSSID=8 -45.15187 34.06236 -1.325565 0.1961 

@CROSSID=10 570.5976 43.55791 13.09975 0.0000 
@CROSSID=11 542.0188 37.79109 14.34250 0.0000 
@CROSSID=12 798.5577 76.19108 10.48099 0.0000 
@CROSSID=13 42.33174 36.63757 1.155419 0.2580 
@CROSSID=14 253.8541 44.93050 5.649928 0.0000 
@CROSSID=15 141.7200 37.76358 3.752822 0.0008 
@CROSSID=17 55.61295 40.32147 1.379239 0.1791 
@CROSSID=18 1.768531 34.69637 0.050972 0.9597 
@CROSSID=19 35.62409 35.97364 0.990283 0.3308 
@CROSSID=20 130.9194 36.79529 3.558047 0.0014 
@CROSSID=21 134.1060 36.63518 3.660580 0.0011 

     
      Weighted Statistics   
     
     R-squared 0.995025     Mean dependent var 545.1651 

Adjusted R-squared 0.992445     S.D. dependent var 397.6375 
S.E. of regression 38.41386     Sum squared resid 39841.87 
F-statistic 385.7003     Durbin-Watson stat 2.625357 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.984341     Mean dependent var 347.4631 

Sum squared resid 48576.04     Durbin-Watson stat 2.425666 
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Table D.9: Model estimation statistics for Model 2D in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: LOG(NONIRRAGPROD)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/21/16   Time: 17:54  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>3 AND 
        @CROSSID<>4 AND @CROSSID<>5 AND @CROSSID<>7 AND 
        @CROSSID<>9 AND @CROSSID<>16  
Periods included: 3   
Cross-sections included: 14  
Total panel (balanced) observations: 42  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 4.178119 0.395789 10.55643 0.0000 

LOG(CROPIND4*CROPAR) 0.067819 0.024952 2.718028 0.0113 
@CROSSID=6 -0.225767 0.319126 -0.707456 0.4853 
@CROSSID=8 -0.293497 0.296573 -0.989630 0.3311 

@CROSSID=10 1.603252 0.298947 5.362996 0.0000 
@CROSSID=11 1.559864 0.298463 5.226315 0.0000 
@CROSSID=12 1.850577 0.308834 5.992143 0.0000 
@CROSSID=13 0.320565 0.304065 1.054265 0.3011 
@CROSSID=14 1.052573 0.305629 3.443958 0.0019 
@CROSSID=15 0.742468 0.306642 2.421284 0.0225 
@CROSSID=17 0.392519 0.317858 1.234888 0.2275 
@CROSSID=18 0.090541 0.296440 0.305426 0.7624 
@CROSSID=19 0.298225 0.298517 0.999025 0.3267 
@CROSSID=20 0.692676 0.300886 2.302119 0.0293 
@CROSSID=21 0.703263 0.298587 2.355304 0.0260 

     
      Weighted Statistics   
     
     R-squared 0.996344     Mean dependent var 14.87949 

Adjusted R-squared 0.994448     S.D. dependent var 11.86371 
S.E. of regression 0.174566     Sum squared resid 0.822779 
F-statistic 525.5960     Durbin-Watson stat 2.667422 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.960648     Mean dependent var 5.587518 

Sum squared resid 0.834239     Durbin-Watson stat 2.115517 
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Table D.10: Model estimation statistics for Model 2E in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: LOG(NONIRRAGPROD)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>3 AND 
        @CROSSID<>4 AND @CROSSID<>5 AND @CROSSID<>7 AND 
        @CROSSID<>9 AND @CROSSID<>16  
Periods included: 3   
Cross-sections included: 14  
Total panel (balanced) observations: 42  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 4.244697 0.589964 7.194842 0.0000 

LOG(CROPIND4*CROPAR*CROPSHARE) 0.037370 0.045168 0.827359 0.4162 
LOG(GRAZEIND4*GRAZEAR*GRAZESHARE) 0.029887 0.024619 1.213973 0.2366 

@CROSSID=6 -0.213124 0.275569 -0.773397 0.4468 
@CROSSID=8 -0.301259 0.269360 -1.118424 0.2745 

@CROSSID=10 1.599807 0.277760 5.759673 0.0000 
@CROSSID=11 1.573643 0.278344 5.653599 0.0000 
@CROSSID=12 1.877795 0.303434 6.188471 0.0000 
@CROSSID=13 0.323823 0.288092 1.124029 0.2721 
@CROSSID=14 1.053877 0.259351 4.063522 0.0004 
@CROSSID=15 0.749760 0.268658 2.790757 0.0101 
@CROSSID=17 0.388072 0.273929 1.416690 0.1694 
@CROSSID=18 0.093838 0.258282 0.363318 0.7195 
@CROSSID=19 0.302601 0.269651 1.122197 0.2729 
@CROSSID=20 0.682928 0.256505 2.662435 0.0136 
@CROSSID=21 0.713722 0.274688 2.598298 0.0158 
DATEID=732311 0.026636 0.032995 0.807276 0.4274 
DATEID=734137 -0.143551 0.018456 -7.778212 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.998023     Mean dependent var 15.59913 

Adjusted R-squared 0.996622     S.D. dependent var 19.95296 
S.E. of regression 0.156257     Sum squared resid 0.585990 
F-statistic 712.5971     Durbin-Watson stat 2.308975 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.970178     Mean dependent var 5.587518 

Sum squared resid 0.632201     Durbin-Watson stat 1.973122 
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Table D.11: Model estimation statistics for Model 2F in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: LOG(NONIRRAGPROD)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 16:01  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>3 AND 
        @CROSSID<>4 AND @CROSSID<>5 AND @CROSSID<>7 AND 
        @CROSSID<>9 AND @CROSSID<>16  
Periods included: 3   
Cross-sections included: 14  
Total panel (balanced) observations: 42  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 4.602726 0.537230 8.567518 0.0000 

LOG(CROPIND4*CROPAR) 0.032339 0.043865 0.737241 0.4678 
@CROSSID=6 -0.182349 0.261433 -0.697497 0.4919 
@CROSSID=8 -0.305187 0.256018 -1.192051 0.2444 

@CROSSID=10 1.656772 0.266876 6.208019 0.0000 
@CROSSID=11 1.619797 0.261827 6.186523 0.0000 
@CROSSID=12 1.947206 0.274629 7.090325 0.0000 
@CROSSID=13 0.367021 0.273885 1.340055 0.1923 
@CROSSID=14 1.078031 0.252182 4.274814 0.0002 
@CROSSID=15 0.762544 0.257354 2.963015 0.0066 
@CROSSID=17 0.390331 0.264839 1.473843 0.1530 
@CROSSID=18 0.098988 0.251001 0.394374 0.6966 
@CROSSID=19 0.348909 0.256828 1.358531 0.1864 
@CROSSID=20 0.720519 0.249433 2.888632 0.0079 
@CROSSID=21 0.760608 0.260935 2.914930 0.0074 
DATEID=732311 0.003697 0.032449 0.113945 0.9102 
DATEID=734137 -0.152586 0.016581 -9.202309 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.997645     Mean dependent var 16.38831 

Adjusted R-squared 0.996138     S.D. dependent var 21.12492 
S.E. of regression 0.152849     Sum squared resid 0.584067 
F-statistic 662.0318     Durbin-Watson stat 2.241426 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.970107     Mean dependent var 5.587518 

Sum squared resid 0.633713     Durbin-Watson stat 1.984399 
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Table D.12: Model estimation statistics for Model 2A in the Community model based on the 21 communities 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: NONIRRAGPROD  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample (adjusted): 2001 2011  
Periods included: 3   
Cross-sections included: 21  
Total panel (balanced) observations: 63  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 181.8251 18.79746 9.672854 0.0000 

GRAZEIND4*GRAZEAR 2.67E-05 9.84E-06 2.709631 0.0100 
@CROSSID=2 -24.47310 30.07352 -0.813776 0.4207 
@CROSSID=3 -38.40189 19.89149 -1.930569 0.0608 
@CROSSID=4 -94.89035 18.92692 -5.013511 0.0000 
@CROSSID=5 210.1644 21.15908 9.932587 0.0000 
@CROSSID=6 -52.79206 18.90404 -2.792634 0.0081 
@CROSSID=7 115.9268 33.49377 3.461144 0.0013 
@CROSSID=8 -80.19826 23.99457 -3.342350 0.0018 
@CROSSID=9 170.9831 32.74415 5.221789 0.0000 

@CROSSID=10 551.4738 44.27917 12.45448 0.0000 
@CROSSID=11 539.3736 19.41221 27.78527 0.0000 
@CROSSID=12 845.4848 46.59431 18.14567 0.0000 
@CROSSID=13 28.09147 31.13950 0.902117 0.3725 
@CROSSID=14 232.9438 26.80465 8.690426 0.0000 
@CROSSID=15 124.4603 23.82714 5.223468 0.0000 
@CROSSID=16 62.64897 26.38039 2.374831 0.0226 
@CROSSID=17 23.59736 23.58176 1.000662 0.3232 
@CROSSID=18 -18.89516 22.08452 -0.855584 0.3975 
@CROSSID=19 23.15788 21.22379 1.091129 0.2819 
@CROSSID=20 101.9580 20.46718 4.981533 0.0000 
@CROSSID=21 126.3935 22.83479 5.535131 0.0000 
DATEID=732311 -7.141219 3.483838 -2.049814 0.0471 
DATEID=734137 -44.21075 3.129448 -14.12733 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.997863     Mean dependent var 553.7461 

Adjusted R-squared 0.996603     S.D. dependent var 605.8447 
S.E. of regression 34.46987     Sum squared resid 46338.69 
F-statistic 791.9103     Durbin-Watson stat 2.314657 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.986326     Mean dependent var 309.4698 

Sum squared resid 48112.27     Durbin-Watson stat 2.227181 
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Table D.13: Model estimation statistics for Model 2C in the Community model based on the 21 communities 

 

 

 

 

 

 

Dependent Variable: NONIRRAGPROD  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>3  
Periods included: 3   
Cross-sections included: 20  
Total panel (balanced) observations: 60  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 164.5618 9.500743 17.32094 0.0000 

CROPIND4*CROPAR 0.000117 7.61E-05 1.537628 0.1322 
@CROSSID=2 -24.84301 36.18167 -0.686619 0.4964 
@CROSSID=4 -85.30155 15.50558 -5.501344 0.0000 
@CROSSID=5 205.5647 21.19673 9.697944 0.0000 
@CROSSID=6 -62.80557 18.28942 -3.433984 0.0014 
@CROSSID=7 118.8470 20.80407 5.712682 0.0000 
@CROSSID=8 -70.34925 9.745121 -7.218920 0.0000 
@CROSSID=9 170.2635 38.51280 4.420958 0.0001 

@CROSSID=10 549.9012 30.00372 18.32777 0.0000 
@CROSSID=11 522.3499 20.02587 26.08375 0.0000 
@CROSSID=12 789.8780 70.67417 11.17633 0.0000 
@CROSSID=13 20.44083 17.37643 1.176354 0.2466 
@CROSSID=14 230.1623 31.83904 7.228933 0.0000 
@CROSSID=15 118.1456 19.54689 6.044213 0.0000 
@CROSSID=16 63.22237 30.55002 2.069471 0.0452 
@CROSSID=17 30.66001 24.27853 1.262845 0.2141 
@CROSSID=18 -22.53786 12.14221 -1.856158 0.0710 
@CROSSID=19 14.39207 15.98053 0.900600 0.3733 
@CROSSID=20 107.4525 17.58767 6.109535 0.0000 
@CROSSID=21 113.7107 17.53197 6.485905 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.992614     Mean dependent var 468.6707 

Adjusted R-squared 0.988827     S.D. dependent var 353.8211 
S.E. of regression 39.61929     Sum squared resid 61217.85 
F-statistic 262.0780     Durbin-Watson stat 2.513597 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.980203     Mean dependent var 317.6758 

Sum squared resid 67960.67     Durbin-Watson stat 2.266509 
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Table D.14: Model estimation statistics for Model 2D in the Community model based on the 21 communities 

 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: LOG(NONIRRAGPROD)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>3  
Periods included: 3   
Cross-sections included: 20  
Total panel (balanced) observations: 60  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 4.783313 0.246727 19.38710 0.0000 

LOG(CROPIND4*CROPAR) 0.032986 0.023470 1.405480 0.1678 
@CROSSID=2 -0.237057 0.303690 -0.780590 0.4398 
@CROSSID=4 -0.716157 0.185263 -3.865623 0.0004 
@CROSSID=5 0.794716 0.086555 9.181675 0.0000 
@CROSSID=6 -0.420198 0.141613 -2.967221 0.0051 
@CROSSID=7 0.546643 0.093497 5.846664 0.0000 
@CROSSID=8 -0.542031 0.068658 -7.894695 0.0000 
@CROSSID=9 0.679064 0.133067 5.103181 0.0000 

@CROSSID=10 1.418738 0.082540 17.18843 0.0000 
@CROSSID=11 1.381646 0.079576 17.36271 0.0000 
@CROSSID=12 1.708386 0.111827 15.27701 0.0000 
@CROSSID=13 0.129116 0.096966 1.331560 0.1907 
@CROSSID=14 0.840509 0.102258 8.219465 0.0000 
@CROSSID=15 0.525121 0.094489 5.557448 0.0000 
@CROSSID=16 0.301424 0.144726 2.082725 0.0439 
@CROSSID=17 0.153313 0.130649 1.173476 0.2477 
@CROSSID=18 -0.138223 0.074709 -1.850143 0.0719 
@CROSSID=19 0.110927 0.081745 1.356989 0.1826 
@CROSSID=20 0.482954 0.086254 5.599202 0.0000 
@CROSSID=21 0.522504 0.080783 6.467959 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.994413     Mean dependent var 12.36386 

Adjusted R-squared 0.991548     S.D. dependent var 11.68670 
S.E. of regression 0.179307     Sum squared resid 1.253884 
F-statistic 347.0712     Durbin-Watson stat 2.580502 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.953634     Mean dependent var 5.527374 

Sum squared resid 1.262035     Durbin-Watson stat 2.022521 
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D.2.3. Backcasting analysis 
The charts below show backcasts for FTE jobs in the non-irrigated farm sector. The lines on the chart 
refer to the following: 

• Model 2A – Light blue line; 
• Model 2B – Grey line; 
• Model 2C – Yellow line; 
• Model 2D – Blue line; 
• Model 2E – Green line; 
• Model 2F – Dark blue line; and 
• Linear interpolation of the three historical data points – Orange line. 

The red dots are used to identify the selected model. Models 2E and 2F are more and less identical. 
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D.3. Ginning production 
D.3.1. Cross-section analysis 
Figure D.8 and Figure D.9 shows the relationship, in levels and in log-levels respectively, between the 
number of irrigated hectares and the number of jobs in the ginning production for each community. 
This relationship is shown separately for each of the three most recent Census years (2001, 2006 and 
2011). The lower panel on the right of each figure pools the data for these three years. 

 

Figure D.8: Levels relationship between irrigated hectares and number of ginning jobs 

  

  

 

Figure D.9: Log-levels relationship between irrigated hectares and number of ginning jobs 
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D.3.2. Model calibration 
As described in the methodology section, there are two models only and these models are not 
estimated econometrically. Parameters ρ, 𝜇𝜇, 𝜃𝜃 and 𝛿𝛿 are calibrated as described in section 3.2 and are 
reported in Table D.15. 

Model 3A 𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝑐𝑐,𝑡𝑡 = ρ × 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡  (D.3A) 

Model 3B 𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝑐𝑐,𝑡𝑡 = 𝜇𝜇𝑐𝑐 + 𝜃𝜃𝑐𝑐 × 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡 + 𝛿𝛿𝑐𝑐 𝑇𝑇   (D.3B) 

where  

𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺,𝑐𝑐,𝑡𝑡 number of FTE persons employed permanently in the Ginning sector, domiciled in 
community 𝑐𝑐 in year 𝑡𝑡; and 

𝑇𝑇 is an index of time measured in years. 

 

Table D.15: Calibrated values for parameters in the ginning production sector 

Communities ρ 𝜇𝜇 𝜃𝜃 𝛿𝛿  

Bingara 0.0000 - - - 

Boggabri 0.0011 - - - 

Bourke - 6.0 0.00019 -0.50 

Brewarrina 0.0000 - - - 

Chinchilla 0.0000 - - - 

Collarenebri 0.0011 - - - 

Coonabarabran 0.0000 - - - 

Dirranbandi - 8.4 0.00019 -0.13 

Gilgandra 0.0000 - - - 

Goondiwindi - 19.0 0.00019 -0.50 

Gunnedah 0.0011 - - - 

Moree - 30.0 0.00063 0.00 

Mungindi - 9.0 0.00019 -0.50 

Narrabri - 19.4 0.00000 -0.24 

Narromine - 2.7 0.00021 0.00 

Nyngan 0.0000 - - - 

St George - 8.8 0.00013 0.00 

Trangie - 6.3 0.00029 0.00 

Walgett 0.0011 - - - 

Warren 0.0011 - - - 

Wee Waa 0.0011 - - - 



 

Page  |  D-70 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

D.4. Agricultural supply 
D.4.1. Cross-section analysis 
Figures D.10 to D.15 show the relationship in levels and log-levels between cropping/grazing 
indicators and the number of jobs in the non-irrigated farm sector for each community. This 
relationship is shown separately for each of the three most recent Census years (2001, 2006 and 
2011). The lower panel on the right of each figure pools the data for these three years. 

 

Figure D.10: Levels relationship between irrigated hectares and number of agricultural supply jobs 

  

  

 

Figure D.11: Log-levels relationship between irrigated hectares and number of agricultural supply jobs 
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Figure D.12: Levels relationship between cropping indicator and number of agricultural supply jobs 

  

  

 

Figure D.13: Log-levels relationship between cropping indicator and number of agricultural supply jobs 
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Figure D.14: Levels relationship between grazing indicator and number of agricultural supply jobs 

  

  

 

Figure D.15: Log-levels relationship between grazing indicator and number of agricultural supply jobs 
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D.4.2. Model estimation 
The specification of the different models is given by the following equations and model estimation 
statistics are reported in Tables D.16 to D.21 for the estimation based on the 15 Group 1 communities 
and in Tables D.22 to D.27 for the estimation based on the 21 communities (Groups 1 and 2). Similar 
to the irrigated farm sector, estimated parameters are transformed before being used in the 
simulation model. 

Model 4A 𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 = 𝐾𝐾𝑐𝑐
(1) + Φ𝐼𝐼

(1) ∙ 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡 + Φ𝐶𝐶
(1) ∙ 𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡 + Φ𝐺𝐺

(1) ∙ 𝐺𝐺𝐼𝐼𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡 (D.4A) 

Model 4B 𝑙𝑙𝑁𝑁 𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 = 𝜅𝜅𝑐𝑐
(1) + ϕ𝐼𝐼

(1) ∙ 𝑙𝑙𝑁𝑁 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡 + ϕ𝐶𝐶
(1) ∙ 𝑙𝑙𝑁𝑁 𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐 ,𝑡𝑡 + ϕ𝐺𝐺

(1) ∙ 𝑙𝑙𝑁𝑁 𝐺𝐺𝐼𝐼𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡 (D.4B) 

Model 4C 𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 = 𝐾𝐾𝑐𝑐
(2) + Φ𝐼𝐼

(2) ∙ 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡 + Φ𝐶𝐶
(2) ∙ 𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡  (D.4C) 

Model 4D 𝑙𝑙𝑁𝑁 𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 = 𝜅𝜅𝑐𝑐
(2) + ϕ𝐼𝐼

(2) ∙ 𝑙𝑙𝑁𝑁 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡 + ϕ𝐶𝐶
(2) ∙ 𝑙𝑙𝑁𝑁 𝐶𝐶𝐼𝐼𝑁𝑁𝐴𝐴𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐 ,𝑡𝑡  (D.4D) 

Model 4E 𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 = 𝐾𝐾𝑐𝑐
(3) + Φ𝐼𝐼

(3) ∙ 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡 + Φ𝐶𝐶
(3) ∙ 𝐺𝐺𝐼𝐼𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐,𝑡𝑡  (D.4E) 

Model 4F 𝑙𝑙𝑁𝑁 𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 = 𝜅𝜅𝑐𝑐
(3) + ϕ𝐼𝐼

(3) ∙ 𝑙𝑙𝑁𝑁 𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐼𝐼𝑐𝑐,𝑡𝑡 + ϕ𝐶𝐶
(3) ∙ 𝑙𝑙𝑁𝑁 𝐺𝐺𝐼𝐼𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼𝑁𝑁𝑑𝑑𝑐𝑐 ,𝑡𝑡  (D.4F) 

where 

𝐿𝐿𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴,𝑐𝑐,𝑡𝑡 number of FTE persons employed permanently in the Agricultural Support sector, 
domiciled in community 𝑐𝑐 in year 𝑡𝑡. 
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Table D.16: Model estimation statistics for Model 4A in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: AGSUPPSRVC  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 12.88931 2.599822 4.957766 0.0000 

IRRHEC 0.000165 0.000123 1.347080 0.1892 
CROPAR*CROPIND4 0.000211 2.26E-05 9.333989 0.0000 

GRAZEAR*GRAZEIND4 3.33E-05 4.26E-06 7.814333 0.0000 
@CROSSID=3 13.83533 18.30209 0.755943 0.4562 
@CROSSID=6 -34.37818 4.369816 -7.867191 0.0000 
@CROSSID=8 -11.00139 6.904142 -1.593448 0.1227 

@CROSSID=10 354.6169 13.15655 26.95364 0.0000 
@CROSSID=11 281.1838 4.943691 56.87729 0.0000 
@CROSSID=12 395.7467 23.54697 16.80669 0.0000 
@CROSSID=13 -25.58092 4.044305 -6.325172 0.0000 
@CROSSID=14 387.1651 33.04996 11.71454 0.0000 
@CROSSID=15 144.6286 4.050276 35.70833 0.0000 
@CROSSID=17 106.9189 17.27915 6.187744 0.0000 
@CROSSID=18 27.73659 5.628740 4.927672 0.0000 
@CROSSID=19 -10.63647 9.527262 -1.116425 0.2741 
@CROSSID=20 67.91774 3.202394 21.20843 0.0000 
@CROSSID=21 94.00924 11.13476 8.442865 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.998576     Mean dependent var 440.0264 

Adjusted R-squared 0.997679     S.D. dependent var 626.4406 
S.E. of regression 22.60499     Sum squared resid 13796.61 
F-statistic 1113.732     Durbin-Watson stat 2.916938 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.989611     Mean dependent var 177.3422 

Sum squared resid 14357.57     Durbin-Watson stat 2.083951 
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Table D.17: Model estimation statistics for Model 4B in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

Dependent Variable: LOG(AGSUPPSRVC)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 0.299121 0.482087 0.620471 0.5402 

LOG(IRRHEC) 0.036172 0.030780 1.175200 0.2502 
LOG(CROPAR*CROPIND4) 0.057417 0.040906 1.403636 0.1718 

LOG(GRAZEAR*GRAZEIND4) 0.176636 0.038709 4.563157 0.0001 
@CROSSID=3 0.786287 0.371373 2.117244 0.0436 
@CROSSID=6 -0.789875 0.218826 -3.609598 0.0012 
@CROSSID=8 -0.248711 0.166050 -1.497808 0.1458 

@CROSSID=10 2.319140 0.081277 28.53396 0.0000 
@CROSSID=11 2.291010 0.078065 29.34750 0.0000 
@CROSSID=12 2.545105 0.099262 25.64033 0.0000 
@CROSSID=13 -0.117630 0.110497 -1.064555 0.2965 
@CROSSID=14 2.577373 0.084197 30.61137 0.0000 
@CROSSID=15 1.857163 0.077477 23.97060 0.0000 
@CROSSID=17 1.437319 0.129718 11.08033 0.0000 
@CROSSID=18 0.748012 0.140577 5.321019 0.0000 
@CROSSID=19 0.395094 0.112012 3.527249 0.0015 
@CROSSID=20 1.172252 0.067126 17.46343 0.0000 
@CROSSID=21 1.471736 0.083611 17.60221 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.995947     Mean dependent var 11.53845 

Adjusted R-squared 0.993395     S.D. dependent var 9.703846 
S.E. of regression 0.187875     Sum squared resid 0.953016 
F-statistic 390.2480     Durbin-Watson stat 2.518963 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.982775     Mean dependent var 4.595007 

Sum squared resid 1.033280     Durbin-Watson stat 2.252442 
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Table D.18: Model estimation statistics for Model 4C in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

 

Dependent Variable: AGSUPPSRVC  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 18.01651 2.720175 6.623289 0.0000 

IRRHEC 0.000232 0.000234 0.993010 0.3292 
CROPAR*CROPIND4 0.000211 2.81E-05 7.516470 0.0000 

@CROSSID=3 32.01863 12.98662 2.465510 0.0201 
@CROSSID=6 -33.10195 4.884962 -6.776296 0.0000 
@CROSSID=8 -0.822656 7.567363 -0.108711 0.9142 

@CROSSID=10 371.6223 16.77251 22.15663 0.0000 
@CROSSID=11 286.4005 6.168974 46.42596 0.0000 
@CROSSID=12 406.9238 27.77397 14.65127 0.0000 
@CROSSID=13 -20.70330 6.042212 -3.426443 0.0019 
@CROSSID=14 389.4466 32.80905 11.87010 0.0000 
@CROSSID=15 143.2013 4.251084 33.68582 0.0000 
@CROSSID=17 114.7247 17.74068 6.466759 0.0000 
@CROSSID=18 26.09505 5.979652 4.363975 0.0002 
@CROSSID=19 -2.673542 10.49253 -0.254804 0.8007 
@CROSSID=20 81.12018 7.501273 10.81419 0.0000 
@CROSSID=21 99.58732 12.22359 8.147140 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.997716     Mean dependent var 310.2603 

Adjusted R-squared 0.996411     S.D. dependent var 419.8339 
S.E. of regression 22.63371     Sum squared resid 14343.97 
F-statistic 764.4441     Durbin-Watson stat 3.048229 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.988813     Mean dependent var 177.3422 

Sum squared resid 15461.62     Durbin-Watson stat 2.245634 
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Table D.19: Model estimation statistics for Model 4D in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: LOG(AGSUPPSRVC)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 2.102205 0.271964 7.729725 0.0000 

LOG(IRRHEC) 0.062525 0.031877 1.961449 0.0598 
LOG(CROPAR*CROPIND4) 0.067827 0.032527 2.085234 0.0463 

@CROSSID=3 1.098522 0.313396 3.505215 0.0016 
@CROSSID=6 -0.777533 0.225009 -3.455557 0.0018 
@CROSSID=8 -0.075807 0.180008 -0.421132 0.6769 

@CROSSID=10 2.502483 0.103068 24.27991 0.0000 
@CROSSID=11 2.365610 0.079331 29.81947 0.0000 
@CROSSID=12 2.667728 0.106751 24.99028 0.0000 
@CROSSID=13 -0.053253 0.129956 -0.409776 0.6851 
@CROSSID=14 2.604276 0.102088 25.51000 0.0000 
@CROSSID=15 1.774137 0.073239 24.22401 0.0000 
@CROSSID=17 1.561059 0.141587 11.02543 0.0000 
@CROSSID=18 0.655836 0.149009 4.401315 0.0001 
@CROSSID=19 0.539999 0.111473 4.844224 0.0000 
@CROSSID=20 1.321443 0.094918 13.92196 0.0000 
@CROSSID=21 1.540283 0.102547 15.02021 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.992586     Mean dependent var 9.700109 

Adjusted R-squared 0.988350     S.D. dependent var 8.185153 
S.E. of regression 0.194216     Sum squared resid 1.056151 
F-statistic 234.3048     Durbin-Watson stat 2.715181 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.982368     Mean dependent var 4.595007 

Sum squared resid 1.057715     Durbin-Watson stat 2.497906 
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Table D.20: Model estimation statistics for Model 4E in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: AGSUPPSRVC  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 20.33615 1.391919 14.61015 0.0000 

IRRHEC 0.000737 9.06E-05 8.135687 0.0000 
GRAZEAR*GRAZEIND4 3.26E-05 3.94E-06 8.274988 0.0000 

@CROSSID=3 2.851143 15.36459 0.185566 0.8541 
@CROSSID=6 -17.55793 1.653401 -10.61928 0.0000 
@CROSSID=8 -19.97812 10.83290 -1.844208 0.0758 

@CROSSID=10 362.6071 10.92543 33.18926 0.0000 
@CROSSID=11 315.7175 12.40815 25.44437 0.0000 
@CROSSID=12 494.0856 25.51627 19.36355 0.0000 
@CROSSID=13 -13.27370 4.733890 -2.803972 0.0091 
@CROSSID=14 390.6512 32.55542 11.99958 0.0000 
@CROSSID=15 149.7894 7.967668 18.79965 0.0000 
@CROSSID=17 98.47743 17.60016 5.595258 0.0000 
@CROSSID=18 29.12236 8.092442 3.598711 0.0012 
@CROSSID=19 16.04844 3.220831 4.982704 0.0000 
@CROSSID=20 68.48296 2.292613 29.87114 0.0000 
@CROSSID=21 111.7268 5.759697 19.39803 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.997340     Mean dependent var 339.8861 

Adjusted R-squared 0.995820     S.D. dependent var 412.6974 
S.E. of regression 23.62682     Sum squared resid 15630.34 
F-statistic 656.2070     Durbin-Watson stat 2.554813 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.987548     Mean dependent var 177.3422 

Sum squared resid 17209.87     Durbin-Watson stat 2.050505 
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Table D.21: Model estimation statistics for Model 4F in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: LOG(AGSUPPSRVC)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 0.570941 0.473260 1.206401 0.2378 

LOG(IRRHEC) 0.051715 0.024549 2.106648 0.0442 
LOG(GRAZEAR*GRAZEIND4) 0.194649 0.046352 4.199397 0.0002 

@CROSSID=3 0.371042 0.243685 1.522631 0.1391 
@CROSSID=6 -0.737167 0.207848 -3.546671 0.0014 
@CROSSID=8 -0.301446 0.159604 -1.888706 0.0693 

@CROSSID=10 2.332844 0.082011 28.44549 0.0000 
@CROSSID=11 2.352885 0.066292 35.49255 0.0000 
@CROSSID=12 2.633894 0.080985 32.52335 0.0000 
@CROSSID=13 -0.089140 0.106926 -0.833658 0.4115 
@CROSSID=14 2.586078 0.081528 31.72014 0.0000 
@CROSSID=15 1.872195 0.075659 24.74514 0.0000 
@CROSSID=17 1.391019 0.119227 11.66701 0.0000 
@CROSSID=18 0.753091 0.155319 4.848678 0.0000 
@CROSSID=19 0.462390 0.081754 5.655871 0.0000 
@CROSSID=20 1.164065 0.069853 16.66444 0.0000 
@CROSSID=21 1.509168 0.076476 19.73390 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.996041     Mean dependent var 10.91800 

Adjusted R-squared 0.993778     S.D. dependent var 8.718616 
S.E. of regression 0.184097     Sum squared resid 0.948964 
F-statistic 440.2340     Durbin-Watson stat 2.279633 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.982232     Mean dependent var 4.595007 

Sum squared resid 1.065849     Durbin-Watson stat 2.302681 
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Table D.22: Model estimation statistics for Model 4A in the Community model based on the 21 communities 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: AGSUPPSRVC  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample (adjusted): 2001 2011  
Periods included: 3   
Cross-sections included: 21  
Total panel (balanced) observations: 63  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 12.86155 1.541612 8.342922 0.0000 

IRRHEC 0.000219 0.000119 1.843970 0.0728 
CROPAR*CROPIND4 0.000201 2.30E-05 8.745471 0.0000 

GRAZEAR*GRAZEIND4 3.23E-05 3.88E-06 8.320176 0.0000 
@CROSSID=2 0.465351 2.698905 0.172422 0.8640 
@CROSSID=3 14.21873 17.13306 0.829900 0.4116 
@CROSSID=4 -14.68607 3.020874 -4.861530 0.0000 
@CROSSID=5 119.8799 3.852299 31.11906 0.0000 
@CROSSID=6 -33.24382 3.915229 -8.490899 0.0000 
@CROSSID=7 69.73190 8.558375 8.147797 0.0000 
@CROSSID=8 -10.93571 6.806220 -1.606722 0.1162 
@CROSSID=9 71.53199 6.129376 11.67035 0.0000 

@CROSSID=10 354.9154 12.93486 27.43868 0.0000 
@CROSSID=11 283.2022 4.899967 57.79676 0.0000 
@CROSSID=12 400.0508 23.69012 16.88682 0.0000 
@CROSSID=13 -24.84440 3.760565 -6.606562 0.0000 
@CROSSID=14 387.6282 32.64508 11.87402 0.0000 
@CROSSID=15 145.0967 3.726603 38.93537 0.0000 
@CROSSID=16 25.53824 5.798072 4.404609 0.0001 
@CROSSID=17 106.8826 17.04234 6.271594 0.0000 
@CROSSID=18 28.10072 5.397833 5.205926 0.0000 
@CROSSID=19 -8.727652 9.104032 -0.958658 0.3436 
@CROSSID=20 68.35806 2.560723 26.69483 0.0000 
@CROSSID=21 94.75702 10.57071 8.964110 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.998214     Mean dependent var 316.8778 

Adjusted R-squared 0.997160     S.D. dependent var 434.4817 
S.E. of regression 19.42185     Sum squared resid 14711.13 
F-statistic 947.5651     Durbin-Watson stat 2.785028 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.990227     Mean dependent var 147.7817 

Sum squared resid 15290.17     Durbin-Watson stat 2.129643 
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Table D.23: Model estimation statistics for Model 4B in the Community model based on the 21 communities 

 

 

 

 

 

Dependent Variable: LOG(AGSUPPSRVC)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample (adjusted): 2001 2011  
Periods included: 3   
Cross-sections included: 21  
Total panel (balanced) observations: 63  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 0.991414 0.343923 2.882666 0.0064 

LOG(IRRHEC) 0.048550 0.028294 1.715927 0.0941 
LOG(CROPAR*CROPIND4) 0.007999 0.015331 0.521732 0.6048 

LOG(GRAZEAR*GRAZEIND4) 0.156652 0.028299 5.535499 0.0000 
@CROSSID=2 -0.025680 0.119639 -0.214647 0.8312 
@CROSSID=3 0.447327 0.296064 1.510914 0.1389 
@CROSSID=4 -0.904889 0.197946 -4.571401 0.0000 
@CROSSID=5 1.733811 0.091331 18.98387 0.0000 
@CROSSID=6 -0.759973 0.237630 -3.198142 0.0027 
@CROSSID=7 1.253778 0.144825 8.657175 0.0000 
@CROSSID=8 -0.280022 0.186738 -1.499546 0.1418 
@CROSSID=9 1.353703 0.088502 15.29571 0.0000 

@CROSSID=10 2.363408 0.136474 17.31759 0.0000 
@CROSSID=11 2.345983 0.116534 20.13138 0.0000 
@CROSSID=12 2.644195 0.127615 20.72016 0.0000 
@CROSSID=13 -0.089744 0.157262 -0.570667 0.5715 
@CROSSID=14 2.576099 0.144651 17.80903 0.0000 
@CROSSID=15 1.837666 0.151234 12.15111 0.0000 
@CROSSID=16 0.790367 0.088820 8.898477 0.0000 
@CROSSID=17 1.406949 0.171392 8.208943 0.0000 
@CROSSID=18 0.714806 0.197141 3.625866 0.0008 
@CROSSID=19 0.458893 0.099476 4.613095 0.0000 
@CROSSID=20 1.183983 0.130371 9.081630 0.0000 
@CROSSID=21 1.511535 0.142067 10.63963 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.996087     Mean dependent var 13.45806 

Adjusted R-squared 0.993779     S.D. dependent var 18.24311 
S.E. of regression 0.183480     Sum squared resid 1.312928 
F-statistic 431.6068     Durbin-Watson stat 2.624455 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.982894     Mean dependent var 4.414301 

Sum squared resid 1.382878     Durbin-Watson stat 2.596764 
     
      



 

Page  |  D-82 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

Table D.24: Model estimation statistics for Model 4C in the Community model based on the 21 communities 

 

 

 

 

 

 

Dependent Variable: AGSUPPSRVC  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample (adjusted): 2001 2011  
Periods included: 3   
Cross-sections included: 21  
Total panel (balanced) observations: 63  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 16.47268 1.856937 8.870891 0.0000 

IRRHEC 0.000262 0.000235 1.113377 0.2722 
CROPAR*CROPIND4 0.000203 2.61E-05 7.764517 0.0000 

@CROSSID=2 1.829489 3.076361 0.594693 0.5554 
@CROSSID=3 33.34982 12.95398 2.574484 0.0138 
@CROSSID=4 -6.032901 3.050440 -1.977715 0.0549 
@CROSSID=5 122.2376 5.582055 21.89831 0.0000 
@CROSSID=6 -30.62027 4.733372 -6.469019 0.0000 
@CROSSID=7 71.69703 7.955703 9.012030 0.0000 
@CROSSID=8 0.555092 7.593247 0.073103 0.9421 
@CROSSID=9 73.75897 6.327016 11.65778 0.0000 

@CROSSID=10 373.4982 17.08591 21.86002 0.0000 
@CROSSID=11 289.5925 5.958662 48.60025 0.0000 
@CROSSID=12 412.5160 27.56992 14.96254 0.0000 
@CROSSID=13 -18.48581 6.153640 -3.004045 0.0046 
@CROSSID=14 391.3582 33.01241 11.85488 0.0000 
@CROSSID=15 145.1949 4.131219 35.14578 0.0000 
@CROSSID=16 31.60819 3.979853 7.942049 0.0000 
@CROSSID=17 116.1125 17.85691 6.502386 0.0000 
@CROSSID=18 27.95348 5.847740 4.780219 0.0000 
@CROSSID=19 0.236948 10.39597 0.022792 0.9819 
@CROSSID=20 82.84700 7.594991 10.90811 0.0000 
@CROSSID=21 101.9603 12.37339 8.240286 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.997451     Mean dependent var 243.4545 

Adjusted R-squared 0.996048     S.D. dependent var 312.5399 
S.E. of regression 19.78393     Sum squared resid 15656.16 
F-statistic 711.3493     Durbin-Watson stat 2.891717 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.989594     Mean dependent var 147.7817 

Sum squared resid 16280.75     Durbin-Watson stat 2.246246 
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Table D.25: Model estimation statistics for Model 4D in the Community model based on the 21 communities 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: LOG(AGSUPPSRVC)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample (adjusted): 2001 2011  
Periods included: 3   
Cross-sections included: 21  
Total panel (balanced) observations: 63  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 2.486213 0.230016 10.80885 0.0000 

LOG(IRRHEC) 0.080520 0.030246 2.662174 0.0111 
LOG(CROPAR*CROPIND4) 0.027689 0.028099 0.985417 0.3303 

@CROSSID=2 -0.097903 0.146469 -0.668420 0.5077 
@CROSSID=3 0.730697 0.349624 2.089952 0.0430 
@CROSSID=4 -0.741541 0.258439 -2.869313 0.0065 
@CROSSID=5 1.690090 0.121064 13.96033 0.0000 
@CROSSID=6 -0.841121 0.252745 -3.327949 0.0019 
@CROSSID=7 1.254551 0.146811 8.545364 0.0000 
@CROSSID=8 -0.203256 0.230269 -0.882687 0.3827 
@CROSSID=9 1.351273 0.108844 12.41475 0.0000 

@CROSSID=10 2.413197 0.189350 12.74462 0.0000 
@CROSSID=11 2.310126 0.149857 15.41555 0.0000 
@CROSSID=12 2.627625 0.175820 14.94494 0.0000 
@CROSSID=13 -0.136835 0.197251 -0.693711 0.4919 
@CROSSID=14 2.506559 0.178735 14.02388 0.0000 
@CROSSID=15 1.673950 0.162264 10.31618 0.0000 
@CROSSID=16 0.861458 0.103317 8.337999 0.0000 
@CROSSID=17 1.430865 0.210635 6.793102 0.0000 
@CROSSID=18 0.549979 0.210984 2.606730 0.0128 
@CROSSID=19 0.500982 0.137838 3.634560 0.0008 
@CROSSID=20 1.218321 0.182238 6.685323 0.0000 
@CROSSID=21 1.461193 0.183026 7.983517 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.992916     Mean dependent var 9.056850 

Adjusted R-squared 0.989019     S.D. dependent var 6.888882 
S.E. of regression 0.192168     Sum squared resid 1.477139 
F-statistic 254.8316     Durbin-Watson stat 2.590820 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.981556     Mean dependent var 4.414301 

Sum squared resid 1.491047     Durbin-Watson stat 2.831816 
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Table D.26: Model estimation statistics for Model 4E in the Community model based on the 21 communities 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: AGSUPPSRVC  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample (adjusted): 2001 2011  
Periods included: 3   
Cross-sections included: 21  
Total panel (balanced) observations: 63  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 18.45307 1.506689 12.24743 0.0000 

IRRHEC 0.000790 7.21E-05 10.95615 0.0000 
GRAZEAR*GRAZEIND4 3.08E-05 2.76E-06 11.14591 0.0000 

@CROSSID=2 2.053367 1.969315 1.042681 0.3034 
@CROSSID=3 5.637942 15.88148 0.355001 0.7245 
@CROSSID=4 -18.60417 2.682927 -6.934282 0.0000 
@CROSSID=5 130.6329 9.617871 13.58231 0.0000 
@CROSSID=6 -15.69399 1.847567 -8.494412 0.0000 
@CROSSID=7 67.33846 8.619300 7.812520 0.0000 
@CROSSID=8 -17.94597 11.16354 -1.607552 0.1158 
@CROSSID=9 75.93985 4.012992 18.92350 0.0000 

@CROSSID=10 363.5798 10.98771 33.08969 0.0000 
@CROSSID=11 317.7166 12.65017 25.11559 0.0000 
@CROSSID=12 494.8783 25.78234 19.19447 0.0000 
@CROSSID=13 -11.79244 4.835576 -2.438684 0.0193 
@CROSSID=14 392.3875 33.12607 11.84528 0.0000 
@CROSSID=15 151.4029 8.122838 18.63916 0.0000 
@CROSSID=16 33.38184 2.193357 15.21952 0.0000 
@CROSSID=17 100.2762 17.95887 5.583657 0.0000 
@CROSSID=18 30.86679 8.241531 3.745274 0.0006 
@CROSSID=19 18.51197 3.230425 5.730506 0.0000 
@CROSSID=20 70.38968 2.121249 33.18312 0.0000 
@CROSSID=21 112.7549 5.730182 19.67737 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.997406     Mean dependent var 309.3970 

Adjusted R-squared 0.995980     S.D. dependent var 446.5865 
S.E. of regression 20.97798     Sum squared resid 17603.02 
F-statistic 699.1499     Durbin-Watson stat 2.537004 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.988314     Mean dependent var 147.7817 

Sum squared resid 18282.98     Durbin-Watson stat 2.082961 
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Table D.27: Model estimation statistics for Model 4F in the Community model based on the 21 communities 

 

 

 

 

 

 

 

 

Dependent Variable: LOG(AGSUPPSRVC)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample (adjusted): 2001 2011  
Periods included: 3   
Cross-sections included: 21  
Total panel (balanced) observations: 63  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 0.963924 0.325453 2.961788 0.0051 

LOG(IRRHEC) 0.055105 0.017543 3.141195 0.0032 
LOG(GRAZEAR*GRAZEIND4) 0.163818 0.031663 5.173731 0.0000 

@CROSSID=2 -0.049776 0.093465 -0.532557 0.5973 
@CROSSID=3 0.362272 0.249580 1.451528 0.1544 
@CROSSID=4 -0.933937 0.190295 -4.907843 0.0000 
@CROSSID=5 1.715766 0.075221 22.80957 0.0000 
@CROSSID=6 -0.781570 0.223746 -3.493106 0.0012 
@CROSSID=7 1.231648 0.133528 9.223910 0.0000 
@CROSSID=8 -0.320543 0.164842 -1.944545 0.0589 
@CROSSID=9 1.342292 0.081581 16.45340 0.0000 

@CROSSID=10 2.321302 0.103123 22.51001 0.0000 
@CROSSID=11 2.320906 0.098075 23.66455 0.0000 
@CROSSID=12 2.613934 0.107266 24.36866 0.0000 
@CROSSID=13 -0.122730 0.129872 -0.945007 0.3503 
@CROSSID=14 2.544225 0.112670 22.58112 0.0000 
@CROSSID=15 1.810636 0.117198 15.44941 0.0000 
@CROSSID=16 0.777232 0.082825 9.384066 0.0000 
@CROSSID=17 1.364734 0.137844 9.900603 0.0000 
@CROSSID=18 0.688836 0.176483 3.903138 0.0004 
@CROSSID=19 0.440398 0.090392 4.872063 0.0000 
@CROSSID=20 1.144224 0.096007 11.91808 0.0000 
@CROSSID=21 1.477390 0.109043 13.54868 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.996020     Mean dependent var 11.42556 

Adjusted R-squared 0.993831     S.D. dependent var 11.16757 
S.E. of regression 0.180264     Sum squared resid 1.299808 
F-statistic 455.0027     Durbin-Watson stat 2.619622 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.982742     Mean dependent var 4.414301 

Sum squared resid 1.395187     Durbin-Watson stat 2.607265 
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D.4.3. Backcasting analysis 
The charts below show backcasts for FTE jobs in the agricultural supply sector. The lines on the chart 
refer to the following: 

• Model 4A – Light blue line; 
• Model 4B – Grey line; 
• Model 4C – Yellow line; 
• Model 4D – Blue line; 
• Model 4E – Green line; 
• Model 4F – Dark blue line; and 
• Linear interpolation of the three historical data points – Orange line. 

The red dots are used to identify the selected model. 
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D.5. Other private businesses 
D.5.1. Cross-section analysis 
Figure D.16 shows the relationship between the number of jobs in the other private business (OPBus) 
sector and the number of jobs in all other sectors (i.e., agriculture, including seasonal workers, 
agriculture support, mining, manufacturing and government services) for each community. This 
relationship is shown separately for each of the three most recent Census years (2001, 2006 and 
2011). The lower panel on the right of Figure D.16 shows the relationship pooled across the three 
Census years. 

 

Figure D.16: Levels relationship between other private business sector jobs and jobs in all  other sectors 
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Figure D.17 is analogous to Figure D.16 except that the data is plotted in the log-levels. 

 

Figure D.17: Log-levels relationship between other private business sector jobs and jobs in all  other sectors 

  

  

 

Both figures above suggest that there is reasonably strong relationship between the number of jobs 
in the OPBus sector and the number of jobs in the remaining sectors of the economy. 

 

D.5.2. Model estimation 
In this section we set out four general modelling specifications that relate the number of jobs in the 
OPBus sector to the number of jobs in the non-OPBus sectors for each community. Each of the levels 
and log-levels models is specified with and without an adjustment factor designed to pick up 
productivity effects. 

The specification of the levels model with productivity effects is given by the following equation and 
model estimation statistics are reported in Table D.28. Estimated parameters for the 15 communities 
are listed in Table D.29 after taking into account the community-specific constant and the time-varying 
parameter. 

Model 5A 𝐿𝐿𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡 = �𝐾𝐾𝑐𝑐
(1) + Γ𝑡𝑡

(1)� + Φ(1) ∙ 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡  (D.5A) 

where 

𝐿𝐿𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡 number of FTE persons employed permanently in the Other Private Business sector, 
domiciled in community 𝑐𝑐 in year 𝑡𝑡; and 

𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡 number of FTE persons employed in all sectors other than the Other Private Business 
sector in community 𝑐𝑐 in year 𝑡𝑡. 
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Table D.28: Model estimation statistics for Model 5A in the Community model based on the 15 Group 1 communities 

 

 

Table D.29: Estimated parameters for Model 5A in the Community model 
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24.1 54.4 -25.5 -12.6 520.5 674.2 773.4 -58.9 660.0 286.6 161.3 -24.6 11.9 -6.9 -24.8 

Φ 

Γ𝑡𝑡  

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 

0.336 0.0 -4.7 -9.4 -14.0 -18.7 -23.4 -25.0 -26.5 -28.1 -29.6 -31.2 -32.7 -34.2 

Dependent Variable: NONAGPRIV  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 24.09051 27.42399 0.878447 0.3875 

NONNAPJOBS 0.336361 0.060033 5.602968 0.0000 
@CROSSID=3 30.34240 25.89114 1.171922 0.2515 
@CROSSID=6 -49.61982 18.48811 -2.683878 0.0123 
@CROSSID=8 -36.71810 22.10074 -1.661397 0.1082 

@CROSSID=10 496.3803 124.6709 3.981524 0.0005 
@CROSSID=11 650.1312 140.2242 4.636371 0.0001 
@CROSSID=12 749.3039 192.4662 3.893171 0.0006 
@CROSSID=13 -83.03004 18.07584 -4.593426 0.0001 
@CROSSID=14 635.9361 95.46264 6.661623 0.0000 
@CROSSID=15 262.5026 55.14665 4.760083 0.0001 
@CROSSID=17 137.1769 43.90448 3.124439 0.0042 
@CROSSID=18 -48.66011 19.58326 -2.484781 0.0195 
@CROSSID=19 -12.14448 22.22212 -0.546504 0.5892 
@CROSSID=20 -31.01716 32.03665 -0.968177 0.3415 
@CROSSID=21 -48.85741 49.56874 -0.985650 0.3331 
DATEID=732311 -23.40914 10.85330 -2.156869 0.0401 
DATEID=734137 -31.15115 9.509846 -3.275673 0.0029 

     
      Weighted Statistics   
     
     R-squared 0.997772     Mean dependent var 663.1929 

Adjusted R-squared 0.996370     S.D. dependent var 633.0792 
S.E. of regression 41.54651     Sum squared resid 46605.03 
F-statistic 711.3979     Durbin-Watson stat 2.656108 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.995947     Mean dependent var 558.4767 

Sum squared resid 65308.99     Durbin-Watson stat 2.804655 
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The specification of the log-levels model with productivity effects is given by the following equation 
and model estimation statistics are reported in Table D.30 while estimated parameters for the 15 
communities are listed in Table D.31. 

Model 5B 𝑙𝑙𝑁𝑁 𝐿𝐿𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡 = �𝜅𝜅𝑐𝑐
(1) + 𝛾𝛾𝑡𝑡

(1)� + ϕ(1) ∙ 𝑙𝑙𝑁𝑁 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡  (D.5A) 

 

Table D.30: Model estimation statistics for Model 5B in the Community model based on the 15 Group 1 communities 

 

 

 

 

 

Dependent Variable: LOG(NONAGPRIV)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C -1.186581 0.948305 -1.251265 0.2216 

LOG(NONNAPJOBS) 1.036681 0.161949 6.401284 0.0000 
@CROSSID=3 0.080348 0.159074 0.505098 0.6176 
@CROSSID=6 -0.902891 0.181129 -4.984798 0.0000 
@CROSSID=8 -0.559535 0.307614 -1.818948 0.0800 

@CROSSID=10 0.371845 0.341887 1.087625 0.2864 
@CROSSID=11 0.436449 0.357280 1.221589 0.2324 
@CROSSID=12 0.369022 0.399651 0.923361 0.3640 
@CROSSID=13 -0.784796 0.139639 -5.620160 0.0000 
@CROSSID=14 0.582814 0.310753 1.875488 0.0716 
@CROSSID=15 0.458954 0.235897 1.945568 0.0622 
@CROSSID=17 0.259143 0.218542 1.185778 0.2460 
@CROSSID=18 -0.503630 0.114784 -4.387639 0.0002 
@CROSSID=19 -0.117551 0.151126 -0.777835 0.4434 
@CROSSID=20 -0.193713 0.182043 -1.064110 0.2967 
@CROSSID=21 -0.242122 0.222344 -1.088950 0.2858 
DATEID=732311 -0.073501 0.038080 -1.930183 0.0642 
DATEID=734137 -0.105451 0.033320 -3.164821 0.0038 

     
      Weighted Statistics   
     
     R-squared 0.996600     Mean dependent var 11.06312 

Adjusted R-squared 0.994459     S.D. dependent var 5.927566 
S.E. of regression 0.170150     Sum squared resid 0.781674 
F-statistic 465.4813     Durbin-Watson stat 2.793556 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.984366     Mean dependent var 5.631483 

Sum squared resid 1.139373     Durbin-Watson stat 2.488293 
     
      



 

Page  |  D-91 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

Table D.31: Estimated parameters for Model 5B in the Community model 
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-1.2 -1.1 -2.1 -1.7 -0.8 -0.8 -0.8 -2.0 -0.6 -0.7 -0.9 -1.7 -1.3 -1.4 -1.4 

𝜙𝜙 

𝛾𝛾𝑡𝑡  

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 

1.037 0.00 -0.01 -0.03 -0.04 -0.06 -0.07 -0.08 -0.09 -0.09 -0.10 -0.11 -0.11 -0.12 

 

The specification of the levels model without productivity effects is given by the following equation 
and model estimation statistics are reported in Table D.32 while estimated parameters for the 15 
communities are listed in Table D.33. 

Model 5C 𝐿𝐿𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡 = 𝐾𝐾𝑐𝑐
(2) + Φ(2) ∙ 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡  (D.5C) 

 

The specification of the log-levels model without productivity effects is given by the following 
equation and model estimation statistics are reported in Table D.34 while estimated parameters for 
the 15 communities are listed in Table D.35. 

Model 5D 𝑙𝑙𝑁𝑁 𝐿𝐿𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡 = 𝜅𝜅𝑐𝑐
(2) + ϕ(2) ∙ 𝑙𝑙𝑁𝑁 𝐿𝐿𝑁𝑁𝑁𝑁𝐺𝐺𝐶𝐶𝑃𝑃𝑃𝑃𝐴𝐴𝑆𝑆,𝑐𝑐,𝑡𝑡  (D.5D) 

 

Model estimation statistics are reported in Tables D.36 to D.39 for the estimation based on the 21 
communities (Groups 1 and 2). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Page  |  D-92 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

Table D.32: Model estimation statistics for Model 5C in the Community model based on the 15 Group 1 communities 

 

 

 

Table D.33: Estimated parameters for Model 5C in the Community model 
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-24.8 -24.4 -68.0 -57.0 275.8 405.5 427.7 -122.4 458.7 164.3 45.6 -78.7 -61.3 -100.4 -138.5 

Φ 

Γ𝑡𝑡  

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 

0.434 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Dependent Variable: NONAGPRIV  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C -24.79254 11.29554 -2.194897 0.0363 

NONNAPJOBS 0.434108 0.020239 21.44936 0.0000 
@CROSSID=3 0.345112 12.72765 0.027115 0.9786 
@CROSSID=6 -43.16450 10.63793 -4.057603 0.0003 
@CROSSID=8 -32.21902 21.41564 -1.504462 0.1433 

@CROSSID=10 300.6389 57.17182 5.258515 0.0000 
@CROSSID=11 430.3185 64.38457 6.683564 0.0000 
@CROSSID=12 452.4927 90.50136 4.999844 0.0000 
@CROSSID=13 -97.59799 10.89349 -8.959298 0.0000 
@CROSSID=14 483.5011 38.72176 12.48655 0.0000 
@CROSSID=15 189.0922 28.13905 6.719922 0.0000 
@CROSSID=17 70.39440 18.67025 3.770405 0.0007 
@CROSSID=18 -53.92781 11.59688 -4.650199 0.0001 
@CROSSID=19 -36.47604 21.63652 -1.685855 0.1026 
@CROSSID=20 -75.58127 13.24406 -5.706807 0.0000 
@CROSSID=21 -113.7367 27.85632 -4.082976 0.0003 

     
      Weighted Statistics   
     
     R-squared 0.996974     Mean dependent var 857.7392 

Adjusted R-squared 0.995409     S.D. dependent var 857.0778 
S.E. of regression 45.31141     Sum squared resid 59540.59 
F-statistic 636.9681     Durbin-Watson stat 2.836373 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.995677     Mean dependent var 558.4767 

Sum squared resid 69659.68     Durbin-Watson stat 2.853260 
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Table D.34: Model estimation statistics for Model 5D in the Community model based on the 15 Group 1 communities 

 

 

 

Table D.35: Estimated parameters for Model 5D in the Community model 
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-3.3 -3.5 -4.1 -3.8 -3.7 -3.7 -3.8 -4.3 -3.4 -3.3 -3.5 -3.9 -3.7 -3.9 -4.0 

𝜙𝜙 

𝛾𝛾𝑡𝑡  

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 

1.401 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Dependent Variable: LOG(NONAGPRIV)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 15:17  
Sample: 2001 2011 IF @CROSSID<>1 AND @CROSSID<>4 AND 
        @CROSSID<>5 AND @CROSSID<>7 AND @CROSSID<>9 AND 
        @CROSSID<>16   
Periods included: 3   
Cross-sections included: 15  
Total panel (balanced) observations: 45  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C -3.341272 0.326159 -10.24431 0.0000 

LOG(NONNAPJOBS) 1.401157 0.054587 25.66824 0.0000 
@CROSSID=3 -0.166859 0.101701 -1.640692 0.1117 
@CROSSID=6 -0.808065 0.185092 -4.365747 0.0001 
@CROSSID=8 -0.498892 0.388142 -1.285334 0.2088 

@CROSSID=10 -0.356224 0.150330 -2.369618 0.0247 
@CROSSID=11 -0.327950 0.155283 -2.111955 0.0434 
@CROSSID=12 -0.493758 0.158535 -3.114496 0.0041 
@CROSSID=13 -0.925467 0.147658 -6.267637 0.0000 
@CROSSID=14 -0.067978 0.134159 -0.506696 0.6162 
@CROSSID=15 0.014029 0.117187 0.119711 0.9055 
@CROSSID=17 -0.160383 0.114927 -1.395526 0.1735 
@CROSSID=18 -0.555778 0.091780 -6.055515 0.0000 
@CROSSID=19 -0.330777 0.140374 -2.356405 0.0254 
@CROSSID=20 -0.519506 0.101719 -5.107252 0.0000 
@CROSSID=21 -0.655577 0.134691 -4.867256 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.998499     Mean dependent var 21.99314 

Adjusted R-squared 0.997723     S.D. dependent var 25.13834 
S.E. of regression 0.209015     Sum squared resid 1.266934 
F-statistic 1286.248     Durbin-Watson stat 3.230504 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.981910     Mean dependent var 5.631483 

Sum squared resid 1.318312     Durbin-Watson stat 2.600680 
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Table D.36: Model estimation statistics for Model 5A in the Community model based on the 21 communities 

 

 

 

 

 

 

Dependent Variable: NONAGPRIV  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 17:04  
Sample (adjusted): 2001 2011  
Periods included: 3   
Cross-sections included: 21  
Total panel (balanced) observations: 63  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C 7.797574 28.70850 0.271612 0.7874 

NONNAPJOBS 0.395227 0.059684 6.622017 0.0000 
@CROSSID=2 -14.64419 18.83094 -0.777667 0.4415 
@CROSSID=3 -2.366910 24.88552 -0.095112 0.9247 
@CROSSID=4 -38.51866 17.91076 -2.150588 0.0378 
@CROSSID=5 462.2422 152.8141 3.024866 0.0044 
@CROSSID=6 -60.37645 18.81572 -3.208830 0.0027 
@CROSSID=7 143.1050 39.63504 3.610569 0.0009 
@CROSSID=8 -48.65283 26.04285 -1.868183 0.0693 
@CROSSID=9 80.07859 33.76337 2.371759 0.0227 

@CROSSID=10 363.8557 129.2104 2.815993 0.0076 
@CROSSID=11 503.1103 144.6398 3.478367 0.0013 
@CROSSID=12 555.9126 185.7837 2.992256 0.0048 
@CROSSID=13 -106.4474 18.33186 -5.806689 0.0000 
@CROSSID=14 529.4917 94.24029 5.618528 0.0000 
@CROSSID=15 203.6489 49.69891 4.097653 0.0002 
@CROSSID=16 18.45972 27.90520 0.661515 0.5122 
@CROSSID=17 82.31460 44.52325 1.848800 0.0721 
@CROSSID=18 -66.47664 19.97415 -3.328134 0.0019 
@CROSSID=19 -41.44175 28.34195 -1.462205 0.1517 
@CROSSID=20 -72.49898 31.12932 -2.328961 0.0251 
@CROSSID=21 -102.5735 47.42670 -2.162780 0.0368 
DATEID=732311 -9.073299 7.811993 -1.161458 0.2525 
DATEID=734137 -8.133841 7.734419 -1.051642 0.2994 

     
      Weighted Statistics   
     
     R-squared 0.996135     Mean dependent var 857.6195 

Adjusted R-squared 0.993856     S.D. dependent var 681.7146 
S.E. of regression 67.55561     Sum squared resid 177986.7 
F-statistic 437.0671     Durbin-Watson stat 2.429683 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.983309     Mean dependent var 506.8484 

Sum squared resid 305877.2     Durbin-Watson stat 1.778085 
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Table D.37: Model estimation statistics for Model 5B in the Community model based on the 21 communities 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: LOG(NONAGPRIV)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 17:04  
Sample (adjusted): 2001 2011  
Periods included: 3   
Cross-sections included: 21  
Total panel (balanced) observations: 63  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C -1.235889 0.567439 -2.178012 0.0355 

LOG(NONNAPJOBS) 1.067266 0.095723 11.14951 0.0000 
@CROSSID=2 -0.120792 0.125959 -0.958978 0.3435 
@CROSSID=3 -0.061188 0.103708 -0.590001 0.5586 
@CROSSID=4 -0.451083 0.139821 -3.226147 0.0025 
@CROSSID=5 0.528616 0.257673 2.051501 0.0470 
@CROSSID=6 -1.015726 0.169541 -5.991040 0.0000 
@CROSSID=7 0.281435 0.114394 2.460222 0.0184 
@CROSSID=8 -0.675238 0.353783 -1.908621 0.0637 
@CROSSID=9 0.151713 0.127672 1.188307 0.2419 

@CROSSID=10 0.189958 0.200825 0.945886 0.3500 
@CROSSID=11 0.251514 0.207623 1.211397 0.2330 
@CROSSID=12 0.175831 0.232647 0.755785 0.4543 
@CROSSID=13 -0.917392 0.117079 -7.835668 0.0000 
@CROSSID=14 0.407412 0.182249 2.235465 0.0312 
@CROSSID=15 0.300827 0.143066 2.102705 0.0420 
@CROSSID=16 0.027337 0.098629 0.277167 0.7831 
@CROSSID=17 0.103147 0.133342 0.773549 0.4439 
@CROSSID=18 -0.628798 0.075628 -8.314344 0.0000 
@CROSSID=19 -0.256236 0.112333 -2.281042 0.0281 
@CROSSID=20 -0.341844 0.108753 -3.143291 0.0032 
@CROSSID=21 -0.397608 0.147625 -2.693362 0.0104 
DATEID=732311 -0.087146 0.022420 -3.886969 0.0004 
DATEID=734137 -0.108914 0.020154 -5.403953 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.997639     Mean dependent var 14.57454 

Adjusted R-squared 0.996247     S.D. dependent var 10.99745 
S.E. of regression 0.191358     Sum squared resid 1.428101 
F-statistic 716.5225     Durbin-Watson stat 2.992869 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.981915     Mean dependent var 5.620701 

Sum squared resid 1.563065     Durbin-Watson stat 2.474545 
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Table D.38: Model estimation statistics for Model 5C in the Community model based on the 21 communities 

 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: NONAGPRIV  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 17:04  
Sample (adjusted): 2001 2011  
Periods included: 3   
Cross-sections included: 21  
Total panel (balanced) observations: 63  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C -16.32065 21.55744 -0.757077 0.4533 

NONNAPJOBS 0.449081 0.047201 9.514183 0.0000 
@CROSSID=2 -13.17403 17.52694 -0.751645 0.4566 
@CROSSID=3 -17.42399 22.07955 -0.789146 0.4346 
@CROSSID=4 -34.34702 16.64284 -2.063772 0.0454 
@CROSSID=5 416.8974 151.6808 2.748518 0.0089 
@CROSSID=6 -55.34969 17.77004 -3.114776 0.0034 
@CROSSID=7 116.0439 33.47223 3.466872 0.0012 
@CROSSID=8 -44.70386 24.43428 -1.829555 0.0746 
@CROSSID=9 55.07144 28.63718 1.923075 0.0614 

@CROSSID=10 257.4806 106.4125 2.419647 0.0201 
@CROSSID=11 383.4729 118.6261 3.232619 0.0024 
@CROSSID=12 393.8523 149.3461 2.637179 0.0118 
@CROSSID=13 -113.0036 16.35807 -6.908125 0.0000 
@CROSSID=14 446.9766 75.25098 5.939812 0.0000 
@CROSSID=15 164.6730 41.62836 3.955789 0.0003 
@CROSSID=16 5.484282 24.41185 0.224657 0.8234 
@CROSSID=17 46.99045 37.00158 1.269958 0.2113 
@CROSSID=18 -67.90876 19.33912 -3.511471 0.0011 
@CROSSID=19 -53.37725 25.00780 -2.134424 0.0388 
@CROSSID=20 -95.58176 26.39261 -3.621535 0.0008 
@CROSSID=21 -136.8491 41.22171 -3.319831 0.0019 

     
      Weighted Statistics   
     
     R-squared 0.996100     Mean dependent var 854.6220 

Adjusted R-squared 0.994103     S.D. dependent var 714.7294 
S.E. of regression 67.73012     Sum squared resid 188082.1 
F-statistic 498.6773     Durbin-Watson stat 2.522907 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.984045     Mean dependent var 506.8484 

Sum squared resid 292379.9     Durbin-Watson stat 1.821345 
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Table D.39: Model estimation statistics for Model 5D in the Community model based on the 21 communities 

 

 

 

 

 

 

 

 

 

 

Dependent Variable: LOG(NONAGPRIV)  
Method: Panel EGLS (Cross-section weights) 
Date: 08/19/16   Time: 17:04  
Sample (adjusted): 2001 2011  
Periods included: 3   
Cross-sections included: 21  
Total panel (balanced) observations: 63  
Linear estimation after one-step weighting matrix 

     
     Variable Coefficient Std. Error t-Statistic Prob.   
     
     C -3.155846 0.351784 -8.970981 0.0000 

LOG(NONNAPJOBS) 1.385486 0.057362 24.15319 0.0000 
@CROSSID=2 -0.095345 0.141325 -0.674653 0.5037 
@CROSSID=3 -0.251576 0.119165 -2.111152 0.0409 
@CROSSID=4 -0.368202 0.155875 -2.362168 0.0230 
@CROSSID=5 0.133982 0.218546 0.613060 0.5432 
@CROSSID=6 -0.907487 0.197777 -4.588440 0.0000 
@CROSSID=7 -0.007876 0.131551 -0.059871 0.9525 
@CROSSID=8 -0.596844 0.395110 -1.510577 0.1386 
@CROSSID=9 -0.122848 0.124993 -0.982836 0.3315 

@CROSSID=10 -0.420265 0.163908 -2.564028 0.0141 
@CROSSID=11 -0.390428 0.168673 -2.314709 0.0257 
@CROSSID=12 -0.552006 0.172399 -3.201908 0.0026 
@CROSSID=13 -1.014764 0.161093 -6.299227 0.0000 
@CROSSID=14 -0.135341 0.148747 -0.909873 0.3682 
@CROSSID=15 -0.062186 0.132819 -0.468203 0.6421 
@CROSSID=16 -0.144010 0.134894 -1.067582 0.2920 
@CROSSID=17 -0.237690 0.130679 -1.818889 0.0762 
@CROSSID=18 -0.648881 0.111688 -5.809751 0.0000 
@CROSSID=19 -0.416954 0.153901 -2.709244 0.0098 
@CROSSID=20 -0.600843 0.119219 -5.039819 0.0000 
@CROSSID=21 -0.733145 0.148609 -4.933375 0.0000 

     
      Weighted Statistics   
     
     R-squared 0.997859     Mean dependent var 17.48455 

Adjusted R-squared 0.996762     S.D. dependent var 19.94889 
S.E. of regression 0.201633     Sum squared resid 1.666888 
F-statistic 909.8338     Durbin-Watson stat 3.050993 
Prob(F-statistic) 0.000000    

     
      Unweighted Statistics   
     
     R-squared 0.980344     Mean dependent var 5.620701 

Sum squared resid 1.698837     Durbin-Watson stat 2.604111 
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D.5.3. Backcasting analysis 
The charts below show backcasts for FTE jobs in the non-agriculture private sector. The lines on the 
chart refer to the following: 

• Model 5A – Light blue line; 
• Model 5B – Grey line; 
• Model 5C – Yellow line; 
• Model 5D – Blue line; and 
• Linear interpolation of the three historical data points – Orange line. 

The red dots are used to identify the selected model. 

 

     

     

     

     

     

 

 

 



 

Page  |  E-99 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

E Sectoral Results of Water 

Recovery Simulations 
 

Detailed impacts by aggregated sectors are presented for all water recovery scenarios in each 
community individually. The following section focuses on the farm and farm-related sector 
employment that includes employment in irrigated farms, non-irrigated farms, ginning production and 
agricultural supply, as well as seasonal employment. The next section is relative to the other private 
business employment. 

E.1. Agricultural sector 

 

 

-1.40%

-1.20%

-1.00%

-0.80%

-0.60%

-0.40%

-0.20%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Boggabri - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 321GL 345GL

-14.00%

-12.00%

-10.00%

-8.00%

-6.00%

-4.00%

-2.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Bourke - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL



 

Page  |  E-100 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

 

 

 

 

 

 

-40.00%

-35.00%

-30.00%

-25.00%

-20.00%

-15.00%

-10.00%

-5.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Collarenebri - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-35.00%

-30.00%

-25.00%

-20.00%

-15.00%

-10.00%

-5.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Dirranbandi - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-2.00%

-1.50%

-1.00%

-0.50%

0.00%

0.50%

1.00%

1.50%

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Goondiwindi - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL



 

Page  |  E-101 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

 

 

 

 

 

 

-1.60%

-1.40%

-1.20%

-1.00%

-0.80%

-0.60%

-0.40%

-0.20%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Gunnedah - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-5.00%

-4.00%

-3.00%

-2.00%

-1.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Moree - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-3.00%

-2.50%

-2.00%

-1.50%

-1.00%

-0.50%

0.00%

0.50%

1.00%

1.50%

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Mungindi - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL



 

Page  |  E-102 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

 

 

 

 

 

 

-1.80%

-1.60%

-1.40%

-1.20%

-1.00%

-0.80%

-0.60%

-0.40%

-0.20%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Narrabri - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-8.00%

-7.00%

-6.00%

-5.00%

-4.00%

-3.00%

-2.00%

-1.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Narromine - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-12.00%

-10.00%

-8.00%

-6.00%

-4.00%

-2.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

St George - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL



 

Page  |  E-103 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

 

 

 

 

 

-7.00%

-6.00%

-5.00%

-4.00%

-3.00%

-2.00%

-1.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Trangie - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-0.70%

-0.60%

-0.50%

-0.40%

-0.30%

-0.20%

-0.10%

0.00%

0.10%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Walgett - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-18.00%
-16.00%
-14.00%
-12.00%
-10.00%

-8.00%
-6.00%
-4.00%
-2.00%
0.00%

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Warren - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL



 

Page  |  E-104 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

 

 

E.2. Non-agricultural private sector 
 

 

-6.00%

-5.00%

-4.00%

-3.00%

-2.00%

-1.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Wee Waa - Farm & Farm-related Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-1.20%

-1.00%

-0.80%

-0.60%

-0.40%

-0.20%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Boggabri - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL



 

Page  |  E-105 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

 

 

 

 

 

-4.00%
-3.50%
-3.00%
-2.50%
-2.00%
-1.50%
-1.00%
-0.50%
0.00%

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Bourke - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-30.00%

-25.00%

-20.00%

-15.00%

-10.00%

-5.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Collarenebri - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-25.00%

-20.00%

-15.00%

-10.00%

-5.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Dirranbandi - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL



 

Page  |  E-106 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

 

 

 

 

 

-0.80%

-0.60%

-0.40%

-0.20%

0.00%

0.20%

0.40%

0.60%

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Goondiwindi - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-0.80%

-0.70%

-0.60%

-0.50%

-0.40%

-0.30%

-0.20%

-0.10%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Gunnedah - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-3.00%

-2.50%

-2.00%

-1.50%

-1.00%

-0.50%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Moree - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL



 

Page  |  E-107 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

 

 

 

 

 

-2.50%

-2.00%

-1.50%

-1.00%

-0.50%

0.00%

0.50%

1.00%

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Mungindi - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-1.20%

-1.00%

-0.80%

-0.60%

-0.40%

-0.20%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Narrabri - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-7.00%

-6.00%

-5.00%

-4.00%

-3.00%

-2.00%

-1.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Narromine - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL



 

Page  |  E-108 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

 

 

 

 

 

-8.00%

-7.00%

-6.00%

-5.00%

-4.00%

-3.00%

-2.00%

-1.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

St George - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 345GL

-9.00%

-8.00%

-7.00%

-6.00%

-5.00%

-4.00%

-3.00%

-2.00%

-1.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Trangie - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-0.40%

-0.35%

-0.30%

-0.25%

-0.20%

-0.15%

-0.10%

-0.05%

0.00%

0.05%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Walgett - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL



 

Page  |  E-109 
© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG  
International Cooperative (“KPMG International”), a Swiss entity. All rights reserved.  The KPMG name and logo are registered trademarks  
or trademarks of KPMG International. Liability limited by a scheme approved under Professional Standards Legislation. 

 

 

 

 

-14.00%

-12.00%

-10.00%

-8.00%

-6.00%

-4.00%

-2.00%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Warren - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL
320GL(a) 320GL(b) 345GL 321GL

-4.50%

-4.00%

-3.50%

-3.00%

-2.50%

-2.00%

-1.50%

-1.00%

-0.50%

0.00%
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Wee Waa - Other Private Business Sector Jobs

415GL 390GL 350GL 278GL

320GL(a) 320GL(b) 345GL 321GL



  

KPMG does not make any statement in this report as to whether any forecasts or projections included in this report will be achieved, or whether the assumptions 
and data underlying any prospective economic forecasts or projections are accurate, complete or reasonable. KPMG does not warrant or guarantee the 
achievement of any such forecasts or projections. Any economic projections or forecasts in this report rely on economic inputs that are subject to unavoidable 
statistical variation. They also rely on economic parameters that are subject to unavoidable statistical variation. While all care has been taken to account for 
statistical variation, care should be taken whenever considering or using this information. There will usually be differences between forecast or projected and 
actual results, because events and circumstances frequently do not occur as expected or predicted, and those differences may be material. Any estimates or 
projections will only take into account information available to KPMG up to the date of this report and so findings may be affected by new information. Events 
may have occurred since this report was prepared, which may impact on it and its findings. KPMG has no obligation to update this report for events occurring 
after the report has been published. 

The information contained in this document is of a general nature and is not intended to address the objectives, financial situation or needs of any particular 
individual or entity. It is provided for information purposes only and does not constitute, nor should it be regarded in any manner whatsoever, as advice and is not 
intended to influence a person in making a decision, including, if applicable, in relation to any financial product or an interest in a financial product. Although we 
endeavour to provide accurate and timely information, there can be no guarantee that such information is accurate as of the date it is received or that it will 
continue to be accurate in the future. No one should act on such information without appropriate professional advice after a thorough examination of the particular 
situation. 

To the extent permissible by law, KPMG and its associated entities shall not be liable for any errors, omissions, defects or misrepresentations in the information 
or for any loss or damage suffered by persons who use or rely on such information (including for reasons of negligence, negligent misstatement or otherwise). 

© 2016 KPMG, an Australian partnership and a member firm of the KPMG network of independent member firms affiliated with KPMG International Cooperative 
(“KPMG International”), a Swiss entity. All rights reserved. 

The KPMG name and logo and are registered trademarks or trademarks of KPMG International. 

Liability limited by a scheme approved under Professional Standards Legislation. 

 

 

Contact us 

 

Dr Laurent Cretegny 
KPMG Economics 
+ 61 2 6248 1454 
lcretegny@kpmg.com.au 
 
Dr Michael Malakellis 
KPMG Economics 
+61 7 3233 9592  
mmalakellis@kpmg.com.au 
 
kpmg.com.au 


	Executive Summary
	Disclaimer
	Inherent Limitations
	Third Party Reliance

	1 Introduction
	2 Overview of the Community Model
	2.1 The econometric model
	2.2 The simulation model

	3 Development of the Model
	3.1 Initial modelling
	3.2 Formulation of the econometric model
	Special case for ginning production
	Seasonal employment in irrigated farms

	3.3 Limitations of the current approach
	Role of wages and profits
	Calibration Issues


	4 Water Recovery Assessment
	4.1 Formulation of the simulation model
	Translation of time dummies
	Treatment of constants

	4.2 Results of water recovery scenarios
	Comparison of Dirranbandi results


	5 Further Developments
	A Initial Methodological Approach
	B Formalisation of Initial Approach
	C A Preliminary Community Model for Dirranbandi-Hebel
	D Technical Details of the Community Model
	Observations
	Observations
	Observations
	E Sectoral Results of Water Recovery Simulations



