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ABSTRACT 

Climatic variability represents a major cost to agriculture. Farmers worldwide are 

forced to make many management decisions on the basis of uncertain future climate. 

This ‘moving target’ of climate leads to losses as management decisions must be 

tailored to suit a wide spectrum of possible climatic outcomes.  Seasonal climate 

forecasts can narrow down the range of expected outcomes, allowing farmers to 

focus and improve climate-related decisions.  

While forecast technology has developed rapidly, it is only through corresponding 

advances in our ability to understand and to use these forecasts that these advances 

will become valuable (Meinke et al., 2006). This thesis builds upon existing research 

on the value of seasonal forecast information value by analysing the economic 

potential of new seasonal forecasts for sugarcane farmers. Cane, one of the world’s 

major tropical crops, has been little considered in this field of study.  

The specific problem I address is the use of new long-lead seasonal climate forecasts 

to reschedule the annual harvesting operations. By forewarning the industry of 

potentially heavy spring rainfall, harvesting of crops can be shifted earlier, avoiding 

potential damage. The case study for this research is the Herbert River cane growing 

district which surrounds the town of Ingham, in North Queensland. Due to the 

volatility of climate and price, and the presence of precursors for non-rational farmer 

psychology, the region offers a particularly good locale in which to compare 

biophysical, economic and psychological influences on information value.  

The research employs a bio-economic decision model, which was developed and 

tested in three stages. First, I constructed an expected profit decision model for the 

farmer’s annual choices regarding the harvest. Feeding into this model was data on 

farm outcomes derived from extensive crop simulations (using APSIM: an 

Agricultural Production Simulation Model, developed by the CSIRO in Australia), 

and a financial model of farmer profit (developed for this thesis). Second, the model 

was extended into an expected utility model that allowed for farmer risk aversion. 
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This model was used to examine the sensitivity of information value to a range of 

other factors, including price and uncertain future climate.  

Forecast values were modest, though comparable with other similar studies. Perfectly 

accurate forecasts gave only slightly higher information values than the existing 

forecast, indicating that prediction of ENSO phase is of secondary concern to the 

high degree of intra-phase volatility in the ENSO signal. Results indicate that 

information value varies with soil type and will thus be spatially disaggregated 

across the region and even within farms. The value of information was relatively 

invariant to the risk attitude of the farmer and to input and output price fluctuations. 

Both these results appear to be the natural consequence of the relatively flat profit 

function faced by the farmer in this decision problem. This highlights the importance 

of considering flat profit functions when analysing on-farm decision problems; a fact 

which has been generally ignored by the forecast valuation literature.    

Finally, I undertook a comprehensive review of the different assumptions that 

researchers often make about biophysical, economic and psychological factors when 

assessing information values. Several of these assumptions were then varied in 

realistic ways – the primary aim being to determine which types of factors had the 

most/least significant impact on information values. The findings indicated that 

introducing even a relatively minor non-rational element into the farmer’s decision 

behaviour in certain years produced larger deviations in information value than did 

alterations in assumptions about other biophysical or economic factors. In addition, 

when the farmer engages in non-rational behaviour information value is often 

negative. 

The research is unique in at least four aspects: (1) it develops an agronomic-

economic model specific for sugar cane which is further integrated with a wet 

weather model to simulate resource-constraint costs (2) it provides the first decision 

model estimates of forecast value in sugar cane, (3) it simulates forward looking 

forecast use, thus identifying situations in which forecasts may have negative 

information values, and  (4) it considers a realistic psychological bias induced by the 

forecast itself and compares the resulting changes in forecast value to changes 

induced by biophysical and economic factors.  
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1  INTRODUCTION 

 

 

 

 

1.1 Background 

We have long sought means of controlling our climate. For tens of thousands of 

years the attempts at control were little more than illusions of control: a sacrifice to 

appease the sky gods, a red sky portends certain weather, or a cold winter follows a 

warm summer. And for almost all of human history we remained highly vulnerable 

to shifts in climate; shifts that brought feast and famine. People adapted to the 

uncertainty through institutions, through land use practices such as selecting the right 

crops and separating them, through technological innovation, and through developing 

social and cultural structures that shared and minimised risk (Stern and Easterling, 

1999 p.40). The common thread between these adaptations was that the only climatic 

knowledge possessed by the decision maker was of past climate.  It has only been in 

the last half a century that breakthroughs in our understanding of the earth’s climatic 

systems have given us, for the first time, a chance at seeing into our climatic future 

(Goddard et al., 2001). 

The discovery of quasi-periodic climatic cycles has provided the basis for seasonal 

climate prediction. The El-Niño Southern-Oscillation (ENSO) cycle involves the 

interaction of the atmosphere with sea temperatures in the Equatorial Pacific, 

producing behaviour with the potential to drive climate in many parts of the world 

across multiple seasons (Stone and Auliciems, 1992). This phenomenon is 

particularly conducive to long-lead climate forecasts, as ENSO changes can presage 

climate shifts by one to 12 months depending how correlated the local climate is with 

ENSO (Everingham et al., 2008). The different ENSO phases – El Niño, Neutral and 
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La Niña – are now almost household names and have been used as the basis of many 

different seasonal forecasts. 

What do I mean by the terms ‘weather’ and ‘climate’?  The daily occurrence of 

weather, with which we are all familiar, can be categorized in neat measures such as 

total daily rainfall or average daily temperature. Weather is predicted using 

atmospheric and surface measurements of temperature and pressure collected from 

weather stations and meteorological balloons. Weather encompasses daily 

atmospheric conditions including temperature, radiation and rainfall. What I will call 

‘climate’ refers to the averages of these weather variables over a longer time period - 

usually one month or longer (Meza, 2008). The difference between weather and 

climate is therefore the longer time scale used for measurement. Climate deals with 

broad changes in the condition of the atmosphere over time. Henceforth I will define 

climate as the average of weather over several weeks.  

Climate forecasts involve greater uncertainty than weather forecasts. Because in a 

climate forecast we are predicting average quantities spread over a certain period of 

time, there is greater uncertainty regarding the distribution that forms that average. 

For example, the predicted monthly rainfall in a climate forecast could be equally 

spread across 31 days, or it could occur in two days of heavy rainfall. Obviously, the 

difference between the two outcomes is markedly different from the standpoint of 

one using the forecast.   

Agriculture has been one of the human enterprises most critically impacted by 

climatic uncertainty. Since the advent of permanent farming, climatic variation has 

forced farmers to aim for a moving climatic target when formulating management 

decisions. The unknowability of climatic fluctuations forces farmers to revert to 

historical averages in their decision-making (Stern and Easterling, 1999 p.12). This 

often leads to management decisions that are ill suited to the eventual climate. For 

example, pastoral farmers in India require relatively precise information about the 

onset of monsoon rains to aid their decision on when to plant (Stern and Easterling, 

1999 p.40). Farmers of sugar cane in the semi-arid tropics are often disrupted in their 

attempts to harvest an entire crop due to excessive rains later in the year 

(Everingham et al., 2011). This can leave them vulnerable to low-probability, high-
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consequence climatic outcomes. It also reduces their capacity to capitalise on 

unusually good growing conditions.  

When compared to developing countries, advanced nations have the additional buffer 

of technology that has raised farm productivity and provided some degree of 

insurance against climatic variability - if only in the form of increased net wealth or 

liquidity. However, despite these advantages developed nations are still, to a large 

degree, held hostage to climate. Stern and Easterling (1999 p.14) state, “Modern 

production agriculture and those whose livelihoods depend on it remain sensitive to 

variability in temperature and precipitation despite decades of technical and social 

innovation aimed at reducing sensitivity by controlling access to water; limiting 

infestations of pests, weeds and diseases; insuring against catastrophic loss; 

developing drought tolerant and disease-resistant seed varieties; and the like.”  

The uncertainty relating to future climate will thus always impose some cost on 

society in general, and agriculture in particular, as complete ex-ante or ex-post 

mitigation is impossible. Over the last few decades scientists have removed some of 

this uncertainty, developing highly sophisticated meteorological models that are 

capable of predicting the evolution of different climatic cycles, sometimes with 

significant skill. But it is only through corresponding advances in our ability to 

understand and to use these forecasts that these advances will become valuable 

(Meinke et al., 2006). This issue thus defines the overarching aim of the thesis, 

namely to investigate the extent to which new advances in climate forecasting 

technology may be able to alleviate some of the costs associated with climatic 

variability.  That is, it seeks to build upon current understanding about the value of 

climate forecasts, and also to identify ways of improving the value of climate 

forecasts within the agricultural sector.  

Attempting to generate meaningful quantitative figures about the ‘value’ of climate 

forecasts in the midst of complex social, environmental and economic systems – not 

to mention the complexity of the decision maker themself – is a task which 

necessitates simplification.  And researchers often do this by isolating particular 

aspects of the farmer’s decision world. These studies draw upon earlier work 

examining the theoretical value of information (Hilton, 1981) and  also on literature 
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relating to rational decision making, namely expected utility theory (von-Neumann 

and Morgenstern, 1944)..  

Research that seeks to generate estimates of the economic value of seasonal climate 

forecasts in the agricultural sector now comprises a relatively large corpus, and 

covers a wide range of climatic zones.  These studies consider various possible 

climate indicators (with ENSO being the most commonly used) and various possible 

farmer management decisions (Meza, 2008, Hill and Mjelde, 2002).   A number of 

methods have been employed to generate estimates of the value of forecasts in 

agriculture, including (but by no means limited to): aggregate methods such as partial 

equilibrium models (Hill et al., 2000); empirical studies using advanced econometric 

techniques (Easterling and Mendelsohn, 2000);  and decision models {Marshall, 

1996 #228; Messina, 1999 #229}. Rubas et al. (2005) even used game theory to 

analyse international forecast adoption.   Most research approaches use a rational 

decision making approach, and overall, it seems that researchers have preferred 

model simulations to empirical studies.  This is probably due to the difficulties 

involved in disentangling the effect of forecast information from other complex 

environmental/agronomic/social effects. Comprehensive field trials of forecast 

information are practically nonexistent (Stern and Easterling, 1999) with most ex-

post studies relating to assessments of one-off events (Glantz,1982), simulation-

interview type assessments (Antony et al., 2002) or decision-making experiments. 

That there have been few field trials is likely due, at least in part, to the nascent 

nature of the technology – comprehensive field trials would take many years.  It is 

also likely due in part to difficulties involved in resolving the counterfactual – that is, 

accurately estimating what outcomes would have been if the forecast had not been 

implemented.  

A few common messages emerge from this literature. First, the estimated forecast 

values are often positive.  Second, it is clear that the value of a forecast is likely to be 

highest where activities are most sensitive to climatic variability and where climate is 

most predictable (Stern and Easterling, 1999 p.113). In addition, previous research 

clearly demonstrates that forecast values vary from farmer to farmer depending on 

their individual preferences and decision-making styles. For example, forecasts may 

generate additional benefits for those farmers who are risk averse by allowing them 
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to relax protective management strategies that are designed to limit the variation in 

their returns (Meza, 2008).   

But even though most published valuation studies (which focus on the agricultural 

sector) have found that forecasts have positive value, there are a number of reasons 

to be cautious about over-optimism in relation to ENSO. These notes of caution are 

important to understand within the context of the present investigation as they fuel 

some of my research questions. Firstly, a forecast of ENSO is not the same as a 

forecast of local climate, and there may often be significant deviations between the 

two. ENSO phenomena are broad events with coarse spatial resolution, and climate 

at a particular location can vary significantly under the same ENSO phase (hereafter, 

this is termed ‘intra-phase variation’ after other authors (Letson et al., 2005)). 

Relatively few agricultural areas demonstrate a strong correlation between local 

impact variables (such as rainfall) and ENSO strength (Stone and Auliciems, 1992), 

Consequently, intra-phase variation may reduce the value of ENSO forecasts.  

Second, even if local climate could be accurately predicted, this would not 

necessarily translate into useful information for the farmer. It may not, for example, 

be useful for a farmer to know that the probability of above average rainfall during a 

three-month period is 70%, because he still does not know whether this rainfall will 

occur all in a single week, or spread out over the three months. Effectively, there can 

be a disconnect between what farmers want and what climate science can provide. 

Barret (Barrett, 1998) states that the forecast will only produce value if it “shifts 

farmers’ subjective probabilities in relation to stochastic variables which influence 

choice.” If the forecast is irrelevant to the available decision variables, or if climate is 

of only minor concern in the decision, the farmers’ subjective probabilities relating to 

different outcomes may remain largely unchanged. And if their decision is not 

altered by the forecast, then the forecast value will be zero. Therefore, the above 

factors, combined with imperfection of existing forecasts, could lead real world 

decision makers to ignore the forecast. 

A final reason for caution when considering empirical estimates of the ‘value’ of 

forecasts relates to the fact that we do not have a comprehensive understanding of 

how forecasts can best be designed and communicated to the end-user. This is a field 
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of study which has lagged behind the meteorological development of forecasts. 

Mienke et al. (2006) highlights three factors which need to be considered for forecast 

success: salience (perceived relevance of information), credibility (perceived 

technical quality) and legitimacy (perceived objectivity of the process by which the 

information is shared). Each of these areas contains numerous complexities, many of 

which are yet to be investigated in the literature. For example, building credibility 

may well involve training farmers in understanding the probabilistic nature of 

forecasts, as people do not seem to think probabilistically in general (Gigerenzer and 

Stern, 1996).  If this cannot be done, then forecast information may not be used 

correctly, thus reducing its value.   As such, there is a need for research that looks 

beyond investigations of simple forecast skill or expected value to improve our 

understanding of the messy interface between a forecast and its user.  

To briefly summarise the important point from the preceding paragraph, it seems that 

early enthusiasm about the value of climate forecasts has been tempered somewhat 

by realization of the ‘implementation gap’ common to many decision support 

systems (McCown, 2002). This gap arises from the difference between the nature 

and assumptions used by researchers/modellers in developing and disseminating a 

seasonal forecast and the intuitive and complex decision making framework of the 

decision maker (McCown, 2002). It is widely held that this implementation gap 

contributes to the low adoption rates of seasonal forecasts (Ascough et al., 2002, 

Ascough and Deer-Ascough, 1994, Stephens and Middleton, 2002). And it appears 

likely that previous forecast valuation studies that have focused primarily upon 

narrow concepts such as forecast skill and/or expected values, may have at least 

partly contributed to the implementation gap in seasonal forecasting. 

Fortunately, research on forecast use is now moving into a mature phase which 

emphasizes the need to design forecasts which aid farmer intuition and assist the 

farmer in searching for decision solutions, rather than presenting optimized 

approaches (Hochman and Carberry, 2011). Such an approach assumes a bounded 

rationality framework for farmer thought rather than a strict maximizing framework 

(Simon, 1955). Many researchers and farm bodies around the world are now looking 

at forecasts in a more holistic light that acknowledges the difficulties of forecast 

development, communication, implementation and continued use and understanding 
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(Hansen, 2002, Marx et al., 2007, Nicholls, 1999, Glantz, 2002, Meinke et al., 2006). 

However, quantitative valuations have lagged behind these practical realisations and 

advancements. No recent studies have considered the possibility of non-rational 

farmer behaviour when they provide their estimates of forecast value. 

These are important and significant research gaps which this thesis seeks to (at least 

partially) redress – using the sugar industry as a case study.  This choice of crop also 

helps fill an information gap: despite the growing body of research of seasonal 

climate forecasts, very few have examined sugar cane. This is despite sugar being a 

major crop in tropical regions worldwide. These tropical regions feature a high 

degree of climatic variability, and sugar cane farmers are both sensitive and 

vulnerable to climatic variability. Note here that the words ‘sensitive’ and 

‘vulnerable’ have been used in the sense defined by the National Academy of 

Sciences (Stern and Easterling, 1999 p.12), where sensitivity relates to the degree to 

which important outcomes (e.g. crop yield) change as a function of climate variation, 

and vulnerability relates to the extent to which a group can incur severe losses as a 

result of extreme climatic events.  

A prime example of cane farmer vulnerability is the 1998 sugar cane harvesting 

season in northeastern Australia. Intense and sustained spring rainfall flooded many 

farms through the Mackay, Herbert, Burdekin and Tully growing regions. The 

estimated industry-wide loss, which accrued through incomplete harvesting, soil 

compaction, failed plantings, and lost time, was $175m (Australian Canegrower, 

1999). While a large proportion of this loss was doubtless unavoidable, authors have 

claimed that an earlier start to the annual harvesting season would have allowed a 

larger portion of the crop to be harvested, potentially saving the industry millions in 

increased sugar production and avoided soil damage (Antony et al., 2002).  A long-

lead seasonal climate forecast that warned of wet conditions in spring could have 

signalled the industry to finish harvesting earlier.  

Yet new seasonal climate forecasting technology developed by Everingham et al. 

(2008) specifically for use in North Queensland provides an opportunity for 

productivity advancement in the Australian sugar industry in general, and in the 

Herbert in particular. This technology uses the ENSO phenomenon to predict 
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seasonal climate relevant to the eastern seaboard of Australia.  The forecast augments 

the traditional predictors of ENSO with measurements of sub-surface sea 

temperatures and trade winds, and is thus a more accurate forecast than those 

utilising solely pressure differences and sea surface temperatures (Clarke and Van-

Gorder, 2003). But there is a great deal of uncertainty on the part of industry and 

farmers as to whether these forecasts have sufficient accuracy to make an economic 

impact and whether they should be considered when making decisions about when to 

start the crushing/harvest season.   

Given this background, the farm management problem considered throughout this 

research is that of scheduling the annual sugar cane harvesting season in the Herbert 

District. Specifically, the thesis seeks to determine whether conditioning the crushing 

start date on a seasonal climate forecast yields benefits to farmers, millers and sellers 

(that exceed those obtainable if not conditioning start dates on forecasts) over the 

medium to longer term. The Herbert region offers a unique case study for several 

reasons. Firstly, it is an area of high climatic volatility in which growers are both 

sensitive and vulnerable to extreme climate. Psychological factors come into play 

here. Anecdotal evidence suggests that many of these farmers place great emphasis 

on the financial consequences of recent very wet years. The local media has also 

sensationalized the effects of La Niña when in reality the majority of La Niña years 

do not bring damaging rainfall. This sets the scene for farmer over-reactions to La 

Niña forecasts, which we simulate in our psychological bias investigation.  Secondly, 

growers face volatile price conditions. Sugar prices are highly sensitive to external 

events around the world, having fallen to levels as low as USD 5cents/pound in the 

early 1980’s, only to rise to levels as high as USD 35cents/lb in 2011, due to 

shortages in Brazil and the impact of Cyclone Yasi in 2011 (Tasker, 2011).  Due to 

the volatility of climate and price, and the potential for non-rational farmer 

psychology, the region offers a particularly good locale in which to compare 

biophysical, economic and psychological influences on information value. 

In addition to contributing to the general literature on forecast value, by focusing on 

harvest start days, this thesis thus also makes a practical contribution to an important 
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regional industry by providing information that may help them navigate some of the 

uncertainty faced by cane growers in the Herbert1.  

This is a problem which has received much discussion in industry and which needs 

to be answered. At present, the season start date in the Herbert sugar cane region is 

currently decided via a series of negotiations between growers and millers, with 

factors such as mill maintenance, crop progress, crop size and price expectations 

featuring heavily in the discussions. These discussions must take place in January 

because the mills require significant time and resources to prepare for the chosen 

start date. They do not have the flexibility to begin harvesting two or three weeks 

early at short notice. In the harvest board meetings little if any attention has 

historically been given to expected rainfall in the crucial final months of the harvest 

from September-December (SOND). This makes sense because previously there has 

been no reliable forecast available to predict end of year rainfall as early as January 

or February. 

Initial research on the long lead forecast indicates that it may yield value for farmers. 

Everingham et al. (2011) used historical industry data to estimate the expected value 

of ENSO information to the Herbert River district as a whole. However, this study 

was an economically-limited climatology study, aimed at providing only initial and 

very approximate estimates. The topic is clearly worthy of more comprehensive 

investigation, grounded within a solid theoretical framework, and utilising state-of-

the-art methodological (e.g. crop-simulation) approaches.  A more complete 

overview of the research and its contribution to the literature is provided below – 

with details given in the later chapters. 

1.2 Aims and objectives 

The introduction above has identified the following pertinent gaps in the literature: 
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•   There is a dearth of quantitative studies on the value of seasonal forecasts in 

sugarcane.  

•   The existing studies in sugarcane do not use economic decision making 

models and crop simulation. 

•   Existing forecast valuations focus overwhelmingly on perfect forecasts, and 

thus the value of existing imperfect forecasts is not well known.  

•   Forecast valuation studies in general tend to adopt a fairly rigid ‘standard’ set 

of assumptions. Thus the changes in information value that are due to 

changes in the farmer’s economic/biophysical environment, and/or to his 

(her) psychology, are not well understood.  

Due to all the above, the implementation of forecasts appears to be occurring under 

the general assumption that forecasts have at least some value (and at worst do no 

harm). Yet given non-rational behaviour or major changes in the farmer’s decision 

environment it seems feasible that forecasts could do more harm than good, at least 

in some cases.  

The thesis thus aims to address each of the above gaps through the development of a 

rigorous economic decision model and the testing of its major assumptions.  

Moreover, there is a clear need to utilise a comprehensive economic framework to 

value the seasonal climate forecasts that are used to reschedule the annual sugarcane 

harvesting season. The scope of this study is thus to develop a suitable model for 

assessing forecast value at an academic/general level and to then utilise this model in 

determining the conditions under which forecasts are likely to have the most value in 

a specific applied context (i.e. sugar cane harvest start dates in the Herbert).  As such, 

the thesis makes both an academic and an applied contribution to the literature. It 

addresses the need for forecast valuation studies in sugarcane, as well as addressing 

deeper questions relating to the appropriate use and funding of forecast technology. 

This is achieved by developing a decision model for an individual producer in the 

case study region of the Herbert River district – which blends data, models and 

insights from a range of disciplines including meteorology, agronomy, economics 

and psychology.  



 

 11 

Following the lead of other key researchers(Letson et al., 2005, Messina et al., 2006, 

Mjelde et al., 1997) this thesis uses crop simulation technology (refer to Chapter 4), 

rather than historical data (as was done in Everingham et al., (2011)).  This allows 

one to capture important agronomic characteristics of the sugar cane, rather than 

being constrained to data-filling procedures as required when using historical data. 

By including a more sophisticated picture of crop growth and dynamics in different 

climatic conditions, it is thus possible to gain a clearer picture of forecast value.   

But this study uses more than just an agronomic model.   The study also develops, 

and uses, a financial model that describes the farmer’s costs and revenues (and thus 

profits).  The only way to gauge properly assess incentives is to develop a viable 

model of the individual producer and his/her financial position.  Everingham et al. 

(2011) looked at the potential revenue gains associated with the use of forecasts in 

the Herbert, but this study is the first forecast valuation study of the sugar industry 

that is grounded in decision theory, and that considers in detail the financial position 

of the average grower.   Amongst other things, this allows for an exploration of many 

different hypothetical forecasts, in conjunction with and price and cost volatility.  

In short: the decision model used within this thesis blends meteorological, 

forecasting, agronomic and financial information.  It thus allows one to simulate 

farm outcomes (profit, and/or utility) with and without forecast information, the 

estimated forecast value being the difference between the two.  

Two assessments of forecast value are conducted. The first assumes that growers 

seek to maximise expected profit and must choose between a range of strategies:  one 

which incorporates forecast information when determining harvest start date, and one 

which follows the current standard industry strategy. The second assessment extends 

the first, assuming that growers seek to maximise utility (rather than profit).  This 

assessment also includes a sensitivity analysis which seeks to determine how forecast 

value changes with uncertain input and output prices, and with differences in grower 

attitudes towards risk.  

After assessing forecast values using these relatively ‘orthodox’ approaches, the 

analysis is extended to look at the sensitivity of estimates of forecast value to other, 
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external factors across the physical, economic, and social ‘realms’ (specifically: 

forecast accuracy; price/cost volatility; risk aversion and non-rationality in the 

decision making framework).  This is done by changing key assumptions within a 

standard forecast valuation framework and observing the range (and level) of 

forecast values that occur. 

With this in mind, the specific objectives of this thesis are: 

1. To develop an economic model of cane grower behaviour in order to generate 

estimates of the value of seasonal forecast information relevant to the Herbert 

River cane-growing district. 

2. To examine the sensitivity of information value to relevant economic and 

agronomic factors in order to gauge the usefulness of the forecast to different 

groups and under different situations. 

3. To examine the effect of varying major assumptions on the forecast value, 

such as introducing a more realistic farmer psychology, and interpret the 

results in light of the field of forecast valuation and the future of forecast use 

in cane growing regions.  

1.3 Thesis overview 

This thesis guides the reader from the general to the specific and spans seven 

chapters. The section below describes what is in each chapter and how it contributes 

to the over-arching aims of the thesis. 

Chapter 2 outlines the various complexities of how climate affects human activity 

and how we have harnessed the power of science to make possible climate 

prediction. Also discussed is the particular context of the sugar industry and the risk 

management required by cane farmers in relation to climate. This chapter will prove 

valuable to the reader in understanding how climate forecasts work, and how they are 

currently used in the case-study region.  

Chapter 3 provides the reader with necessary background on the economic 

assessment of seasonal climate forecasts. The economic theory of information is 
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discussed, along with the underlying decision theory and the important topic of 

expected utility theory. A survey of relevant literature in psychology and other fields 

is undertaken in order to demonstrate the need for economists to expand their view 

beyond expected value models when considering forecasts. The chapter concludes 

with a collection and synthesis of relevant studies that have sought to value climatic 

information under a variety of assumptions about crop type, location and 

management decisions. The chapter provides the necessary background for 

understanding the methodology developed later and also gives the reader a sense of 

the complexities involved using world-scale oceanic-atmospheric climate indicators 

to control management decisions at a farm level.  

With the theory established, Chapter 4 comes in the form of a paper published in the 

Proceedings of the Australian Society of Sugar Cane Technologists, which provides 

an initial assessment of forecast value for an average farmer in the Herbert River 

district using maximisation of expected profit.  It discusses the results and highlights 

their relevance to the industry and also provides directions that future research might 

follow. This paper serves as a brief introduction to the decision-modeling problem 

expounded later, and is designed to be read by an intelligent but not economically 

specialised audience. As the audience of this journal is composed mainly of 

researchers familiar with the Australian sugar industry, the reader of this thesis may 

note that certain facts, such as descriptions of the study area, are excluded for 

brevity. In essence, this paper serves as introduction to ideas developed in greater 

detail in Chapter 5. 

Chapter 5 consists of a paper in review at Agricultural Systems. This paper 

describes in greater depth the development of an expected utility model to assess the 

potential value of using seasonal forecasts to schedule harvesting operations. It 

considers two historical periods: 1951-1978 and 1981-2008, and describes, in detail, 

the process of calibrating and exercising the crop simulation model and determining 

farm profitability. It also discusses a new methodology developed as part of this 

thesis, to represent various rigidities that constrain the farmer’s choices in relation to 

the harvest. The results are discussed in light of other economic valuation studies, 

and are also subject to sensitivity analysis to gauge the possible effects of risk 

aversion and prices on the value of the forecast. The paper provides an initial 
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estimate for the potential value of forecasting in sugar – a crop that has received 

almost no attention in the forecast valuation literature.  

Chapter 6 consists of a paper in review at Climatic Change. This chapter analyses 

the affect of changing major assumptions that were used when generating the 

estimates of Chapters 4 and 5. This makes an important contribution to the literature 

because forecast valuation studies must make assumptions about a range of 

biophysical, economic and psychological variables, and do not always consider how 

changes in those assumptions might affect forecast value.  The results of this analysis 

allow one to identify factors which have the capacity to substantially influence 

forecast value and which thus stand as priorities for future research efforts.  

Chapter 7 summarises the outcomes of the research in regards to the stated thesis 

objectives (Section 1.2). It highlights for the reader how these findings represent a 

unique contribution to the existing literature on the economics of seasonal 

forecasting. The research is unique in at least four aspects: (1) it develops an 

agronomic-economic model specific for sugar cane which is further integrated with a 

wet weather model to simulate resource-constraint costs (2) it provides the first 

decision model estimates of forecast value in sugar cane, (3) it simulates forward 

looking forecast use, thus identifying situations in which forecasts may have negative 

information values, and (4) it considers a realistic psychological bias induced by the 

forecast itself and compares the resulting changes in forecast value to changes 

induced by biophysical and economic factors.  
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2 SEASONAL CLIMATE FORECASTING IN SUGAR 

 

 

Abstract: This chapter outlines the various complexities of how climate affects 

human activity and how we have harnessed the power of science to make possible 

climate prediction. Also discussed is the particular context of the sugar industry and 

the risk management required by cane farmers in relation to climate. This chapter 

will prove valuable to the reader in understanding how climate forecasts work, and 

how they could apply to cane growing.  

2.1 Introduction 

Humans have complex interdependent relationships with climate that affect the value 

of any seasonal climate forecast. Firstly, climatic cycles influence each location in 

slightly different ways, with such cycles having greater bearing on local climate in 

some cases, and less in others (Stone and Auliciems, 1992). The degree to which a 

group of people is sensitive and vulnerable to climate also plays an important role 

(Stern and Easterling, 1999 p.14). So too, do the coping strategies and human 

institutions available to assist in combating variable climate. Understanding the 

complex interplay of human decision making with these different environmental 

factors is a difficult task often requiring a large degree of simplification. It is all the 

more important then, in dealing with forecast valuation studies subject to these 

assumptions, to understand these complex structures that lie behind, and influence, 

any such estimate of information value. The canegrowers of the Herbert River 

district, who form our case study, face a highly volatile climate to which they are 

both sensitive and vulnerable. They live in region strongly influenced by the El 

Niño-Southern Oscillation (ENSO), however, doubts remain about which of their 

coping strategies are best linked to forecasts, and what returns may flow from such 

forecast use. 

The chapter begins with an introduction to seasonal climate forecasting. It covers the 

principles upon which it is built and how it applies to predicting climate in the 
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Herbert region. It then considers how humans interact with climate and how this may 

affect forecast use, with a focus on the particular problems faced by cane farmers.  

The last section of the chapter provides an introduction to the cane farmers of the 

Herbert River district and describes their particular decision setting and climate.  

2.2 Seasonal climate forecasting 

The largely chaotic nature of the atmosphere makes weather difficult to predict 

beyond a horizon of about two weeks. This limit is attributed to Lorenz (1969), who 

demonstrated that the growth in errors in weather models is rapid enough to render 

predictions after this time largely useless. Another way to state this is to say that 

weather, and indeed climate, is highly sensitive to changes in initial conditions. Even 

relatively small changes in the initial conditions of a numerical climate model (and 

ostensibly the climate itself) can lead to huge changes in the predicted weather and 

climate later on. Lorenz (2000) later termed this ‘the butterfly effect’, in reference to 

the fact that even the wind produced by the flapping of a butterfly’s wings could 

represent a significant enough change in initial conditions to later induce large 

changes in the state of the atmosphere.  

Given these limitations, how is it possible to predict climate several months or even a 

year in advance? To predict climate in a localised region, for example the Herbert, 

we must start by examining sea temperatures thousands of kilometres away in the 

Pacific.  While the short-run behaviour of the atmosphere is quite chaotic, this 

behaviour is strongly influenced by boundary forcing from ocean temperatures, and 

also from landmass characteristics such as snow cover and soil moisture (Goddard et 

al., 2001). But the most significant forcing factor is ocean temperature. So while 

considerable uncertainty exists over the state of the atmosphere at any given time, 

this uncertainty can be somewhat reduced by using the forcing boundary conditions, 

such as ocean temperature, to reweight the expected climatic probability distribution. 

These forcing conditions tend to change slowly, which in turn allows us to extend 

our prediction window into the future, beyond the two-week prediction barrier. The 

price we pay is specificity: predictions are now of weather averages over several 

weeks rather than particular day to day conditions. 
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In practice these forcing boundary conditions come in the form of year-to-year 

patterns of climatic variability, which are general termed climatic ‘cycles’. The most 

powerful inter-annual climatic cycle identified to date is the aforementioned El Niño-

Southern Oscillation. The ENSO phenomenon arises through the interaction of the 

atmosphere with sea temperatures in the mid-equatorial Pacific, producing behaviour 

with the potential to drive climate in many parts of the world across multiple seasons 

(Walker, 1924, Bjerknes, 1969, Ropelewski, 1989, Stone and Auliciems, 1992). 

Australians may recognise ENSO as the bearer of recent cyclones and flooding along 

the east coast, while those in South America more likely know it as the bearer of 

extreme heat and storms. The ENSO has proven a good predictor of climate in the 

Pacific region and its contiguous continents (Hammer et al., 2001). Importantly, this 

includes the northeastern coast of Australia, where the vast majority of the nation’s 

sugarcane is grown. 

2.2.1 The El-Niño Southern Oscillation  

The ENSO, which forms the basis of most seasonal forecasting systems in the 

literature, arises through the interaction of the atmosphere with sea temperatures in 

the equatorial pacific, producing behaviour with the potential to drive climate in 

many parts of the world across multiple seasons (Walker, 1924, Bjerknes, 1969, 

Ropelewski, 1989, Stone and Auliciems, 1992). The discovery of the Walker 

Circulation, a conceptual model of atmospheric circulation built upon observations of 

pressure difference between the mid-Pacific and Indian Oceans, first demonstrated 

the existence of macro-scale climatic shifts (Walker, 1924). Jacob Bjerknes (1969) 

added to Walker’s observation of pressure differences (the so-called Southern 

Oscillation) the key observation that oceanic heat storage played a key role in the 

tropical climatic cycle.   

The dynamics of the ENSO phenomenon are shown in Figure 2-1, where we can see 

the two dominant phases of the ENSO cycle: El Niño and La Niña. In an El Niño 

year there are sustained negative values of the Southern Oscillation Index (SOI). The 

SOI measures the fluctuations in air pressure difference between Tahiti and Darwin, 

effectively providing a imperfect quantitative measure of ENSO phase (Stone et al., 

1996). This is correlated with increased sea temperatures in the mid and eastern 
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tropical Pacific and results in a reduction in the Pacific trade winds (Cane, 2000). 

The El Niño phase indicates a reduced probability of rainfall for the sugarcane 

growing regions of northeastern Australia.  

Conversely, in a La Niña phase cooler than average sea surface temperatures in the 

mid-equatorial Pacific occur in concert with sustained positive SOI values. This 

suggests a higher probability of rainfall in the East Indies and the cane growing 

regions of northeastern Australia. If the state of nature is intermediate to La Niña or 

El Niño phase then a phase such as ‘Neutral’ is usually declared. It should be 

mentioned that this three-phase ENSO definition is only one possible definition of 

the ENSO phases, with numerous others existing, including definitions defining five 

phases (Stone and Auliciems, 1992).  

 

Figure 2-1: The El Niño-Southern Oscillation phenomenon (Partridge, 1994). 
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A boundary-forcing climatic phenomenon such as ENSO is a good foundation for a 

long-lead climate forecast as ENSO phase changes can presage actual climate shifts 

by one to 12 months.  If the ENSO phase can be predicted then one can infer future 

climate from this phase. Therefore, to achieve a viable seasonal forecast we need to 

find ENSO description variables that are correlated through time. Researchers have 

found that SOI values in the early austral winter are strongly autocorrelated with SOI 

values three to six months ahead (Stone et al., 1996). A commonly used technique 

has involved classification of past SOI data into several phases, usually five, based 

on the level and rate of change of the SOI at any given time (Stone et al., 1996, 

Everingham et al., 2003). This data is then aligned longitudinally with rainfall data 

from the area of interest. Once an SOI phase is ‘locked in’ it is possible to predict the 

future SOI phase with some accuracy, and this future phase has associated with it a 

certain probability of above or below median rainfall as defined by the historical 

climatic data.  

Researchers have applied methods in this vein across a wide range of geographical 

locations. The study of Stone et al. (1992) applied the SOI phase technique, using lag 

relationships derived from historical SOI patterns to predict future rainfall 

probabilities. Using data from 5,000 locations worldwide they then calculated the 

probability of exceeding median climatological rainfall in each of those locations 

during the August-October and September-November periods following certain 

changes in SOI during the previous two months. The results (see Figure 2-2) show 

that following a consistently negative SOI phase in June/July (El Niño) the 

probability of rainfall above the historical median in August-October is roughly 10-

20% in the northeastern cane growing regions of Queensland. This is by no means 

the only study showing correlation between ENSO and rainfall in the tropical east 

coast of Australia. In fact, it is extensively acknowledged in the literature that rainfall 

on the northeastern coastline is strongly correlated with ENSO (Stone and Auliciems, 

1992, Pittock, 1975, McBride and Nicholls, 1983).  
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Figure 2-2: Probability of exceeding median climatological rainfall in the August-

October period given a ‘consistently negative’ SOI classification for the preceding 

June/July. Black-shaded regions had insufficient data available to perform the 

analysis (Stone and Auliciems, 1992). 

2.2.2 ENSO in northeastern Australia 

ENSO forecasts have been developed by researchers who were directly concerned 

with the Australian sugar industry. Everingham et al. (2003) used a five phase SOI 

system. But instead of focusing on predicting rainfall probability distributions, she 

correlated the SOI phases with sugar yields to build a model for forecasting 

Australian sugar yields. While research such as this has the potential to help cane 

farmers in several of their management decisions, it has suffered from one major 

weakness.  

Until recently it has not been possible to predict at the start of the year, in January 

say, whether there was an increased or reduced chance of rainfall in the harvest-

critical September-October-November (SON) months. This is because of 
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breakdowns in correlation of the Niño 3.4 index (the major indicator of mid-

equatorial Pacific sea surface temperature) over the autumnal period. This means that 

it is not possible to predict post-autumnal ENSO indices using pre-autumnal ENSO 

indices. Consequently, this has prevented the accurate long-lead prediction of sea 

surface temperatures, ENSO phases, and hence rainfall in the SON period (Clarke 

and Van-Gorder, 2003). This limitation has precluded taking action such as changing 

the start of the crush (harvest season) to suit predicted climate patterns and to achieve 

a maximum possible harvest, because this decision must be made at the very start of 

the year (January/February). To overcome this difficultly one must take account of 

the biennial variability in ENSO indices (Clarke and Shu, 2000). This is precisely 

what the latest generation of long-lead climate forecasts can do. 

Techniques developed by Clarke and van Gorder (Clarke et al., 2009, Clarke and 

Van-Gorder, 2003) have shown skill in predicting SON rainfall at the start of the 

year. Their technique predicts the Niño3.4 index at different lead times using not 

only the present deviations in sea temperature, but also the degree of upper ocean 

heat content in the Equatorial Pacific (the depth of the 20°C isotherm is the proxy for 

heat content) and the Indo-Pacific equatorial zonal wind anomaly index. The 

interested reader is referred to Clarke and van Gorder (2003) for full details of the 

method. It suffices to say here that the model coefficients are estimated using least 

squares, and predictions made in January for the SON period will more heavily 

weight the wind index and depth terms due to the breakdown of the Niño3.4 index 

over autumn.  

These new long-lead techniques have already been applied with success in the sugar 

industry. Using Clarke and van Gorder’s method Everingham et al. (2008) showed 

there was a much higher (lower) risk of receiving above (below) median spring 

rainfall when the September to November averaged Niño 3.4 index was less (more) 

than negative (positive) 0.5 °C. Everingham has provided predictions for September 

to November ENSO phase (based on a three category system) for the period 1981-

2010 which have been used in preliminary assessments of the value of climate 

forecasts in North Queensland {Everingham, 2011 #216}. 
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2.2.3 Problems with ENSO 

The stochasticity inherent in climatic cycles makes them imperfect instruments for 

climate forecasting. While a boundary-forcing phenomenon pushes climatic 

probabilities in a broad direction, the localised outcomes on the ground can still vary 

significantly within a single climate phase. This fact is poorly understood, or perhaps 

ignored, by the media who often announce forecasts of climate shifts and the ensuing 

destruction with a breathtaking certitude. Nevertheless, those intimately involved in 

agriculture are well aware of the uncertainty that can persist even when a climate 

phase is ‘locked-in’. One example is the higher than expected rainfall which occurred 

in eastern Australia during the 1997-1998 El Niño event (Hill and Mjelde, 2002). 

Hill and Mjelde (Hill and Mjelde, 2002) cite four reasons why researchers should 

take caution in treating ENSO as the holy grail of seasonal forecasting: (1) only 

20%-30% of land worldwide has climate strongly correlated with ENSO, (2) 

different areas are affected differently throughout the year, (3) the combination of (1) 

and (2) reduces the areas of forecast influence even further, and (4) weather 

responses to El Niño can often be nonlinear, further increasing prediction difficulty. 

All these points state essentially the same thing: conditions under a given ENSO 

phase can vary from year to year.  

The intra-phase variation in pertinent weather variables is a crucial determinant of 

the ENSO forecast value. As stated by Letson et al. (2005),  “knowing which ENSO 

phase will occur may be of little value if the phase itself explains only a small 

proportion of the total regional variation in weather variables of interest”. If key 

weather variables such as radiation and rainfall show significant variation within an 

ENSO phase then the farmer’s actions may differ little or not at all from their normal 

set of actions (those based on historical prior probabilities of climatic occurrence).   

As an example, consider the SON rainfall in the Herbert River district over the 

period 1981-2008 shown in Figure 2-3. Rainfall during SON is a critical variable for 

sugar cane production because it influences the development of sugar concentration 

within the cane stalk, and can also interrupt harvesting operations. Looking at the 

figure, we can see significant variation in rainfall within each of the ENSO phases. 

Rainfall exceeded 500mm in the three La Niña years 1998-2000, however when La 
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Niña occurred in the earlier years 1983, 1984, 1988 and 1995 the SON rainfall was 

close to the median for the area. Similarly, the neutral phase displays a high variation 

in rainfall, with 2003 recording less than 40mm, while 1989 registered nearly 

500mm. While the majority of high rainfall events are La Niña and the majority of 

low rainfall events are El Niño there is still significant variations within the La Niña 

and Neutral phases.  

 

Figure 2-3: The heights of the bars represent total rainfall for September to 

November measured at Herbert rainfall station (Macknade) between the years 1981 

to 2007. The horizontal line is located at 134mm which represents the median SON 

rainfall amount. The bars are shaded according to the September to November ENSO 

forecast issued by Clarke and van Gorder (2003) at the end of January. 

Meteorological data is taken from SILO and ENSO forecasts according to NOAA 

Climate Prediction Center. 

The high degree of rainfall variation under La Niña and Neutral phase could hurt the 

profitability of the forecast under these climatic phases. As a corollary, we might 

expect higher values of information under the El Niño phases due to the consistently 

below median rainfall predicted under this phase. We must also remember that 

rainfall is only one of several important weather variables; factors such as radiation 

and air temperatures will also affect crop growth. It is therefore difficult to make 
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anything but general comments on the expected forecast value on the basis of 

information such as that provided in Figure 2-3. We can observe that to the degree 

the forecast value depends on accurate rainfall prediction, the observed intra-phase 

volatility will reduce that value. I now move on to examining how farmers interact 

with climate and how forecasts such as those reviewed here may be implemented. 

2.2.4 Forecast types 

Most of the published studies consider discrete ENSO phase forecasts for particular 

periods in the farming year. Typically these forecasts are three phase (La Niña, El 

Niño or Neutral) or five phase as developed by Stone (Stone et al., 1996). Another 

approach applied by some authors when considering the value of perfect information 

is to categorise weather into high, medium and low rainfall based on the historical 

rainfall records (Mjelde, 1997). The use of discrete forecast categories considerably 

simplifies the analysis of forecast value, as it enables us to calculate distinct 

probabilities for the occurrence of each phase over the historical weather record. This 

then simplifies the subsequent Bayesian analysis that is used to update the farmer’s 

prior probabilities after he (she) receives the climate forecast (see Section 3.2.2).  

2.3 Human-climate interactions 

I begin the discussion of farmer-climate interaction with the simple observation that 

farmers have certain preferences (in regards to money, risk, family values, social 

obligation, self-actualisation and so on) and they have limited resources available to 

try and satisfy those preferences. Climatic variability plays into this dynamic 

relationship between preferences and constraints.  It forms a particularly important 

part of the landscape of the farmer’s decision environment, though until recently its 

influence was too nebulous and poorly understood to be considered effectively in 

planning (Goddard et al., 2001).  

If a farmer judges that climate will sufficiently influence a variable of interest (e.g. 

profit), and if she is also able to change her behaviour, then she may choose to alter 

her behaviour in response to climate forecasts if she believes that such a change will 

enhance outcomes or mitigate problems that are likely to arise in the event that the 

forecast proves accurate.   But the institutions and cultural settings in which she finds 
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herself will influence her ability to alter behaviours.  As such, there are multiple, 

inter-related factors at play.  

A good general framework for visualizing this interplay of factors in the climate 

problem is given by Stern and Easterling (1999) and is provided as Figure 2-4. 

Starting from the left, we see that climatic averages and variations feed the farmer’s 

ex-ante preparations against future climate. When the climatic outcome is revealed 

there occurs certain consequences, such as a good crop or flood devastation. We see 

that the social and non-climatic environmental systems influence both the ex-ante 

actions available to the farmer as well as the nature of outcomes achieved under 

those actions.  Ex-post coping strategies, implemented to make the best of the 

eventual climatic outcomes, feed back to influence the existing social system.   

 
 
 
 
 

 

 

 

 

 

Figure 2-4: Conceptual model of the human consequences of climatic variability 

(Stern and Easterling, 1999 p.98).  

Every existing study of climate forecast value incorporates some portion of Figure 2-

4. We will now examine these different parts in greater detail. 
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2.3.1 Climate averages and variations 

The primary way in which farmers, and indeed all people, cope with climate is by 

relying on seasonal averages of past climate (and past variability) to plan their 

activities (Stern and Easterling, 1999 p.11). We assume that past climate will give us 

some guidance as to future climate. We call such knowledge of past climate 

historical climatology, or simply climatology. Climatology is simply the study of 

averaged conditions of climate over some historical period. Farmers, along with 

those involved in other weather-sensitive enterprises, directed their crops and 

enterprises towards climatic averages. For example, farmers planted crops in areas 

where average conditions favoured those crops, and farmers conserved water in line 

with conditions expected for a particular season. Similarly, people expected, and 

prepared for, a certain amount of variation from these average seasonal climatic 

conditions. While variations to a certain degree can be coped with to minimal cost, 

larger variations can pose significant problems.  

Variability in climate can cause significant losses to farmers who are only prepared 

for average conditions and minimal variations. In such cases coping strategies can 

easily be overwhelmed and losses can become nonlinear and extreme in relation to 

further adverse shifts in climate (we deal with some of the human consequences of 

such climate occurrences in Section 2.3.4). Consider as proof of this studies which 

have shown that mean-preserving increases in climatic variability could reduce 

average yield and increase the variability of yields in some crops (Wilks and Riha, 

1996, Riha et al., 1996, Mearns et al., 1996). However, it should be mentioned that 

these studies did not include sugarcane. Nonetheless, increases in variability can also 

be expected to make the problem of the decision maker more difficult, as she is 

forced to introduce coping strategies for a wider array of possible conditions. The 

farmer’s internal preferences regarding climatic uncertainty will influence the degree 

to which these additional coping strategies are implemented.  

Risk aversion, or the propensity of decision makers to gain disutility from variance in 

their returns, may lead farmers to make certain management actions to reduce the 

variability in returns resulting from variable climate. If risk aversion is high then the 

farmer may prefer a much lower level of stable income to a higher level of more 
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volatile income, such is the disutility gained from the variability. In the worst 

scenario, this risk aversion may lead to a poverty trap whereby the farmer is unable 

to take the necessary steps to increase wealth due to fear of variable returns (Meza, 

2008). Such behaviour may be better associated with loss aversion as opposed to risk 

aversion. Loss aversion, as the name suggests, implies a particular aversion to losses 

and not just variability in general. For example, most people seem to be more 

aggrieved by a certain loss than they are pleased by the same sized gain (Kahnemann 

and Tversky, 1979). It seems logical that this would be the case where farmers stand 

to lose their livelihoods if larger losses are incurred. We discuss risk aversion within 

standard utility theory in Section 3.3.3, and later review methods for representing 

such risk aversion quantitatively 3.3.5. In cases where the farmer faces distinct 

choices that lead to noticeably different return profiles, risk aversion can play a 

sizeable role (Messina et al., 1999). In cases where the farmer has room for error in 

decision making, such as in the presence of a flat profit function, risk aversion may 

be less critical (Pannell et al., 2000). 

Forecasts can help farmers to take ex-ante action against extreme climate outcomes 

which threaten serious damage (Meza, 2008). Reliance on historical climatic 

averages and variances leaves farmers vulnerable to rare events that deviate 

significantly from the average conditions. These events are high consequence with 

the potential to destroy enterprises, and given their rareness it is difficult to assess 

with what frequency they will occur in future (a farmer may never have experienced 

a 1/100 flood in their lifespan, and almost certainly would not have lived long 

enough to be able to use his/her memory of past events to accurately determine that 

such floods are, indeed, 1/100 year events). The farmer’s preparations for average 

conditions, along with contingencies for the most common variations, were often 

overwhelmed by such low probability, high consequence events. To prepare for these 

extreme events each year would be too costly. If a forecast can predict these events, 

however, the additional preparation can be carried out solely in the ‘danger’ years.  

As discussed in Chapter 1, farmers who are highly risk averse may gain from 

forecasts by being able to relax their protective management strategies and capitalise 

on good weather years. Farmers with lower risk aversion may gain from forecasts 

through implementing better protective strategies in the ‘danger’ years. However, 
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sometimes behaviour may run contrary to these predictions. For example, risk averse 

farmers may not be able to bear the uncertainty inherent in the forecast itself, and 

will therefore not benefit from relaxing protective strategies (Meza, 2008). The 

forecast will affect each farmer according to his or her individual preferences. 

Another critical determinant of forecast value is the particular coping strategies 

available to the farmer when she (he) receives a forecast. 

2.3.2 Ex-ante coping strategies 

Realising the uncontrollability of weather outcomes, many societies developed 

remarkable ex-ante and ex-post coping strategies for mitigating climatic volatility. 

Societies modified their diets, manners of dress, areas of habitation, construction 

methods, and even sociological and religious structures to accommodate fluctuations 

in climate. Generally, the most preferable methods of coping with climatic variability 

involve changes made ahead of time, that is, ex-ante changes. I say preferable 

because these changes generally display greater power than reactionary responses 

made after the occurrence of some climatic event (ex-post adaptations).  

In the semi-arid tropics of Africa ex-ante changes that have been employed within 

the agricultural sector include selection of resistant varieties, staggered planting 

dates, diversified cropping, plot fragmentation, accumulation of reserve assets and 

off-farm employment (Matlon and Kristjanson, 1988). Indian farmers often diversify 

their seeds across separated plots to minimise the risk of plant failure and crop 

destruction (Stern and Easterling, 1999 p.42). African farmers separate their herds 

for analogous reasons. In other cases, exogamous marriage provides a means for 

villagers to ensure that bonds exist to other villages who may be able to provide 

assistance in the event of a localised natural disaster (Stern and Easterling, 1999 

p.44). 

Developing countries also utilize strategies such as the selection of drought resistant 

plant varieties, mixed cropping, asset accumulation and off-farm employment, 

though they generally have more buffering assets and can also employ market 

mechanisms such as commodity futures to help reduce risk. Farming families may 

also purchase insurance. In The West this may come in the individualized form of 

government subsidized crop insurance, while in sub-Saharan Africa or India 



 

 30 

insurance may exist as reciprocal social contracts to help community members who 

have had a poor crop or who live in areas which are less climatically favourable 

(Galvin, 1992). The practice of exogamy in many communities is also a means of 

ensuring that the family’s farming fortunes are diversified across multiple locations 

(Rosenzweig and Wolpin, 1993).  

2.3.3 Ex-post coping strategies 

Ex-post strategies, or those strategies undertaken after a climatic realization in order 

to make the best of the situation, are often less powerful than ex-ante options.  

Options which may be employed after the fact include changes in inputs (such as 

fertilizer and irrigation), change in crops, the purchase or sale of assets, and giving or 

receiving of transfer payments (perhaps from government). Individuals may seek 

non-farm employment to recoup income lost on the farm (Stern and Easterling, 1999 

p.41). Ex-post strategies may also include strategies to limit large-scale damage, such 

as releasing water from flooding dams, evacuations of citizens and water bombing of 

bush fires. Clearly these strategies are likely to be less effective that corresponding 

ex-ante strategies such as increasing dam capacity prior to expected flooding and 

undertaking extensive back-burning to prevent fires. In general, ex-post strategies are 

costly and/or limited in their power (Stern and Easterling, 1999 p.42).  

2.3.4 Human consequences 

Man has always been subject to loss from climatic variability. In some cases a 

climatic outcome overwhelms all ex-ante and ex-post coping strategies. Relevant 

examples of such disasters abound. In 1931 the overflow of the Yangtze River killed 

an estimated 3.7 to 4 million people (Pietz, 2002). India is estimated to have 

experienced over 90 drought-induced famines in the last 2500 years, with famines in 

the last three centuries estimated to have killed over 60 million (Murton, 2000). More 

recently, particularly strong ENSO events have been blamed for significant damages 

and loss across the world.  

The 1997-98 ENSO event produced wide-ranging damage on many continents. 

Abnormally high rainfall in California produced an estimated $500 million in 

property damage, while abnormally high numbers of tornadoes resulted in the deaths 
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of 120 people (Stern and Easterling, 1999 p.8). In Central and South America 

drought resulted in water shortages, crop failures and numerous wildfires. In Brazil 

an estimated nine million people suffered food shortages and total damages were 

estimated at $4 billion. The fallout from ENSO also led to significant health effects 

for the living. Flooding in Ecuador, Peru and southern Brazil increased the incidence 

of malaria and cholera, while drought in Asia was blamed for poor water quality and 

upsurges in cholera.  

While the strong El Niño of 1997-98 brought much damage it also brought benefits 

to some. Heating costs were lower in the American Midwest and Northeast and 

construction and other economic activities which are often adversely affected by cold 

weather had a better run (Stern and Easterling, 1999 p.9). In the Australian Northeast 

cane farmers had relatively dry harvesting conditions, allowing them to capture high 

yields from a relatively good growing year.   

In relation to sugarcane, the La Niña event that began April 1998 led to severe 

rainfall in the latter part of 1998, particularly in the northeastern tropics of Australia 

The result, as discussed previously, was disastrous for the sugar industry. This result 

was repeated in 2011, when Australia and Brazil both experienced destructive floods 

in early 2011 as a result of a particularly strong La Niña event. The sugar industry in 

Australia was once again heavily affected. Severe flooding also affected large 

portions of Queensland. Conversely, farmers and individuals who had been 

struggling from drought in many of the southern states received welcome relief.  

It is clear from examining some of the human consequences of different ENSO 

events that each ENSO means different things for different regions and different 

industries. The interpretation of a given ENSO forecast is thus region and task 

specific.  

2.3.5 Feedback effects 

Any forecast is inevitably implemented in a social context that is not only influenced 

by climate forecasts and weather events, but in turn feeds back to influence those 

very things. These feed back changes are represented in Figure 2-4 by the arrow 

moving from Ex-post coping strategies back to Social Systems. To give an example – 
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say that a town experiences destruction and death due an extreme flood. This 

climatic outcome will affect the social fabric of that town; it will affect the 

institutions and people as they are forced to rebuild homes and lives. Now assume 

that as a result of this flood the people of the town decide to limit their exposure to 

such risks by lobbying the government for subsidised flood insurance, which they all 

subsequently purchase. A climate forecast of another flood, and indeed the flood 

itself, may now be less important. The society has evolved in a way that changes its 

exposure to the unexpected.  

Coping strategies are also interdependent. The invention of certain coping strategies, 

such as crop insurance, may lessen the need for other adaptations such as the use of 

more robust seeds, holding of liquid assets, or climate forecasts (Stern and 

Easterling, 1999 p.44). Similarly, the use of more drought resistant strains could 

lessen the need for enterprise diversification or irrigation contingencies. To the best 

knowledge of the author no literature currently exists on this cross-substitution of 

coping strategies as it relates to climate forecasting.  In fact, little work appears to 

have been done on cross-substitution in general, with one exception being Donaghue 

et al. (2009), who examined the effect of subsidized crop insurance on 

diversification. His general finding is that subsidized insurance tends to reduce 

diversification of crops, as farmers can simply aim for more profitable crops, 

knowing that in bad outcomes they will be insured. This reduction in diversification 

may make farmers more vulnerable to climatic shifts.  

The possibility of feedback effects from farmers’ actions to social and environmental 

systems is also a real possibility. In the course of responding to an extreme climatic 

event, or other regnant concerns, a farmer, a collective of farmers, or perhaps a 

whole society may modify their institutions in a way that affects future vulnerability 

to climatic variability.  

In advanced economies, government has increasingly provided offsetting payments 

to groups of farmers severely affected by extreme climatic events.  In the US alone, 

crop insurance subsidies increased from $196m to $3.25bn between 1992 and 2003 

(O'Donoghue et al., 2009). These transfer payments could have potential feedback 

effects on the use of forecasts. It is possible that the knowledge of bailouts could lead 
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farmers to avoid the adoption of climate forecasts, for the simple reason that in the 

presence of a bailout they will receive little benefit from forecast use in a bad year. 

However, given the fundamental uncertainty about whether a bailout will occur or 

not, it seems unlikely that the moral hazard effect will be strong here. What seems 

more likely to diminish forecast usefulness is the availability of effective crop 

insurance and the presence of higher levels of assets and wealth, both of which may 

allow farmers to ride out bad years with relative ease.  

Scale of adoption 

Just because a forecast has value at an enterprise level does not necessarily mean it 

has value when the forecast is widely adopted at a regional or national scale (Hill and 

Mjelde, 2002). A successful and widely adopted forecast may boost aggregate supply 

and suppress prices, thus diminishing the value of the forecast to each individual 

grower (Hill et al., 2004a, Hill et al., 1999). Thus, when scaling up from farm level 

studies to whole regions one must be aware of the ‘fallacy of composition’ (Hill and 

Mjelde, 2002). Assumptions must be carefully tested to ensure that wide-scale use of 

the forecast doesn’t lead to endogenous changes in the forecast value.  For these 

reasons, treating the farmer’s decision making as an isolated case may provide good 

estimates of forecast value only when the number of forecast users is low in any one 

area (Messina et al., 2006). When scale effects apply, downstream participants such 

as wholesalers or retailers may accrue most of the forecast benefits through increased 

production and reduced prices. The risk of market price shifts appears to be highest 

in agricultural markets with high degrees geographical and owner concentration 

(Messina et al. 2006).  

In climate forecast valuations researchers have developed partial equilibrium models 

for agricultural sectors or for international trade in the crop of interest (Hill et al., 

2004a, Hill et al., 1999, Mjelde et al., 1993)2. These models still require an estimate 

                                                

2 The concept of general equilibrium modelling is attributed to Leon Walras (Hansen, 1982). The 

method implies a series of supply and demand relationships in which the price of each good in a set (a 

national economy for instance) is defined relative to a standard good within the set, known as the 

numéraire. The defining and useful characteristic of models of this form is that the supply and 
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of enterprise response to the forecast before aggregating these responses into 

aggregate supply functions (refer to Figure 2-5 for an example of the complexity 

involved here). Thus, the equilibrium model of the economy is built, and then 

changes in farmer supply determined from producer decision models are introduced 

into the relevant sector of the equilibrium model.  

 

Figure 2-5: Partial equilibrium model for world wheat trade (Hill et al., 2004a). 

                                                                                                                                     

demand of each good is a function not only of its own relative price but the relative price of every 

other good in the set. The production decisions of different producers are therefore linked. If one 

producer uses a forecast to produce greater quantities of a commodity then this will affect the relative 

price of that commodity, which will influence demand, which will in turn influence price, which will 

in turn influence supply, and so on until the new equilibrium is reached.  
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2.4 Climate forecasting in the North Queensland sugar industry 

I now bring together the ideas discussed so far in this chapter – climate risk, coping, 

and forecasts - in the context of our case study: the cane farmers of the Herbert River 

district. I discuss the major climatic risks faced by cane farmers in the Herbert 

region, and the consequences of climate events. I outline the major coping strategies 

available to farmers, with a focus on coping strategies utilised with forecasts. I delve 

deeper into the particular management decision considered in this thesis: scheduling 

of the annual harvest. I also discuss the institutional environment faced by farmers. 

In the case of the sugar industry key legislation exists which dictates relationships 

between different members of the value chain. Non-legislated institutions, such as 

the cane payment formula, influence the market structure. All these factors could 

influence forecast use.  

2.4.1 Overview of the Herbert region 

Sugarcane farmers were originally driven to regions such as the Herbert by a unique 

set of agricultural requirements. To produce a good sugarcane crop the farmer 

requires: at least 1500mm of rain each year, or access to equivalent irrigation; 

temperatures above 21ºC while growing; flat to gently sloping land; and fertile, well-

drained soil (DAFF, 2010). Plant growth typically occurs across all seasons and is 

highly sensitive to climatic conditions. Optimal sugar yield requires a long, warm 

growing season with good rainfall during the key stage of vegetative growth, and a 

relatively dry ripening period prior to harvesting. This drier period causes the plant to 

retard stem growth and increase sucrose storage in the stalk (Morgan et al., 2001).    

The Herbert River district is a rain-fed cane growing region located tropical north 

Queensland (Figure 2-6). Unlike growing regions further to the south, little irrigation 

is available in the Herbert, and crops are predominantly rain-fed. In the drier 

southern regions irrigation is sometimes used. Some 200km to the south is the major 

irrigated sugar cane area in Queensland, the Burdekin River Irrigation Area. To the 

north of the Herbert are other predominately rain-fed cane growing areas such as the 

Tully and Mossman areas.  
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My research considers two main regions within the Herbert River district. These 

locations were selected as they have the most disparate rainfall of any two weather 

stations in the Herbert region over the last 100 years, thus presenting an opportunity 

to see how the relatively broad ENSO phenomenon performs at two very different 

localized climates. One region surrounds the Macknade Sugar Mill (henceforth 

Macknade). I assume this region receives rainfall equivalent to that recorded at the 

Bureau of Meteorology’s Macknade weather station (station 32032, latitude -

18.66o,S, longitude 145.15oE). The other region is called Bambaroo and it is located 

in the south of the Herbert. Bambaroo is similarly assumed to receive rainfall 

equivalent to that recorded at the Bambaroo weather station (station 32001, latitude -

18.59o,S, longitude 145.17oE). The Macknade region, with annual mean rainfall of 

2129mm and a standard deviation of 681mm, is historically wetter than the 

Bambaroo region, which has a mean annual rainfall of 1738mm and a standard 

deviation of 556mm (figures for 1898-2010).  

 

 

Figure 2-6: The locations of Macknade and Bambaroo within the Herbert River 

district, cane paddocks shown (Inset: Queensland).  

Macknade 

Bambaroo 
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A number of challenges currently face the Australian sugar industry as it fights to 

remain economically competitive. These include land use pressures, resulting from 

the loss of cane growing land to residential and tourist ventures, as well as increasing 

abutment to environmentally sensitive areas (Walker et al., 2004). The industry also 

faces increasing pressure to improve environmental standards (Mahar, 2011), 

particularly in regards to the Great Barrier Reef. The industry has also faced 

continuing institutional pressures throughout its life, with constant changes in the 

rules regarding sugar production and the level of government regulation imposed. 

Changes in the supply chain - such as the closure of mills, or changes in mill 

ownership - could also affect farmers’ decision sets. These farmers also face 

increasingly volatile climatic and price conditions, with climate possibly becoming 

more volatile under climate change, and prices fluctuating with the world market and 

subject also to arbitrary changes in industry policy worldwide (Bartley and Connell, 

1991). At home, declining profit margins have put families under pressure, forcing 

them to take off-farm employment, and look for potential cost-savings (Walker et al., 

2004).  

These factors bear upon seasonal forecast value in that they either alter directly, or 

even void, decisions made on the basis of a forecast. For example, price fluctuations 

could change the desirable production levels under certain forecasts. Decisions 

determined to be best under a certain forecast may be void if the underlying 

institutional or climatic conditions have changed from that prior scenario. We deal 

with such changes in Chapter 6, which deals with changing assumptions in a 

seasonal forecast valuation study. 

2.4.2 Market structure 

Sugarcane in Australia is grown mostly on family owned farms, which can range in 

size from 30 to 2000 ha. The average sized farm in Australia is 70ha (DAFF, 2010), 

while the Herbert average is 100ha (calculated from GIS data). The cane stalk 

harvested by the farmer has no value at the farm gate. It needs to be crushed to 

extract the sugar rich juice and then refined to produce raw sugar. This raw sugar 

must then be further refined to produce table sugar before being marketed to 

domestic and overseas buyers. The industry is a highly integrated value chain with 
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complex relationships governing the relationships of the constituent members 

(SRDC, 2006).  

The Sugar Industry Act 1999 (1999), including its later amendment The Sugar 

Industry Amendment Act 2005, outlines important frameworks for successful 

functioning of the value chain. A key relationship delineated in the Act is that 

between growers and millers. The Cane Production Area (CPA) is outlined as the 

basis for managed sugar production. Each farmer must grow cane on a designated 

CPA. The CPA can only be obtained through purchase or through an application 

process in which a board reviews existing capacity and other factors such as 

environmental pressures. Growers producing cane on a given CPA must have a cane 

supply agreement with the mill associated to that CPA. This supply agreement can be 

individual – between that farmer and the mill – or it can be collective, between a 

group of farmers and the mill. Currently, there are very few individual agreements.  

The Act does not specify how mills must pay farmers for their harvested cane stalk. 

In the Herbert, as in most areas, the cane payment formulas utilised before the Act 

has continued. This payment formula determines the price farmers are paid for cane 

based on the world price of sugar. This formula satisfies the only stipulation made by 

act in regards to farmer payment – that the cane price be based on the price of sugar. 

The cane payment formula for the Herbert River district is currently as follows: 

   ! ! !         (2.1)

 !

where Pc,d is the cane price per tonne used to calculate payments to farmers and 

millers, Ps is the price of sugar per tonne determined by the marketing board 

depending on their particular market positions (pool price), and CCS is the sugar 

content in the millable stalk of cane (in percentage units). !

Effectively the cane payment equation apportions benefits to growers and millers. It 

provides incentive for both parties and provides an open and transparent means of 

determining prices. These factors may explain its longevity (it was first introduced in 

1916) and popularity among growers and millers. The equation is based on an 

! 

Pc,d = 0.009Ps,d (CCSd " 4) + 0.578
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average CCS of 12%, apportioning two-thirds of proceeds to growers and one-third 

to millers. This apportioning was seen to provide fair recognition of costs to both 

parties. If the farmer achieves CCS in addition to 12% then he receives additional 

payment, with the mill retaining proceeds from 4 of the CCS units. The mill has 

traditionally recovered an average of 90% CCS and is thus provided with incentive 

by the equation, which includes the 0.9 term, to exceed this recovery. In addition, the 

equation encourages mills to expend capital on increased sugar recovery as the 

benefits of this increased recovery flow entirely to them (DAFF, 2010).  

Also important for farmers is the make-up of the world sugar market. The Australian 

sugar industry exports around 80% of its total production, with the remaining 20% 

being used domestically (IBIS, 2009). Approximately 95% of exported sugar is 

produced in Queensland and exported through the single desk Queensland Sugar 

Limited. However, in the world export market Australia is still relatively small, 

accounting for only around 8% of the world sugar export market (IBIS, 2009). 

Therefore it is reasonable to consider Australia a price taker in the sugar market. 

Farmers essentially operate under a perfectly competitive market where they can sell 

as much cane from their land as they desire at the specified cane price. 

2.4.3 Current use of seasonal forecasts 

In practice, ENSO is already used in climate forecasts given to cane farmers. Such 

predictions are normally made over short leads, for example ENSO data in 

September might be used to assess possible rainfall in November/December. 

Typically, cooler than average sea surface temperatures in the mid-equatorial Pacific 

(La Niña), which often occur concurrently with sustained positive Southern 

Oscillation Index (SOI) values, suggest a higher probability of rainfall in sugar cane 

growing regions on the east Australian coast. Conversely, warmer than average 

temperatures in the mid-equatorial Pacific (El Niño) and sustained negative SOI 

values usually indicate a reduced probability of rainfall.  

Despite scepticism among farmers regarding forecasts, their desire for forecast 

related solutions is at a high. Many farmers are sceptical of forecasts and believe they 

are too inaccurate. They desire rates of accuracy of 80% plus (Kuhnel, 1994). Many 

farmers do utilise the short-term weather forecasts and monthly climate forecasts 



 

 40 

presented to them. However, the devastating wet seasons of 1998-2000 and 2010 

have reminded many of the power of extreme climatic events. In light of these facts, 

the present time is a propitious one to be investigating forecast value and attempting 

to implement trials. The devastating wet season of 2010 has many sugar cane 

farming bodies interested in climate forecasting technology and requests of experts to 

come and share these technologies with farmers have increased dramatically. This is 

similar to surging interest in forecasts that was observed after the strong ENSO event 

of 1997-98. 

The economic argument for climate forecasting is usually stated as one of 

productivity improvement. As low-cost producers like Brazil increase sugar 

production to record levels the ceaseless drive for productivity improvements gathers 

greater pace in Australia. With significantly higher labour costs, the Australian 

industry must find efficiency savings through innovation in agronomy, farm 

management, logistics and marketing. Recognising this need, regional players have 

set up productivity boards such as the Herbert Cane Productivity Services League to 

drive productivity improvements in their local growing region.  

However, the field of seasonal climate forecasting has received relatively little 

attention to date compared to other areas of productivity research such as harvesting 

logistics or cane varieties. This behaviour is understandable: seasonal climate 

forecasting technology is still very much in its infancy and generations of farmers 

have spent more than one hundred years adapting to the vicissitudes of seasonal 

climate without such information. Furthermore, adoption of forecasts (information) is 

inherent complex and requires significant learning on the part of the adopter. 

Nonetheless, new developments in climate forecasting technology, coupled with the 

need for continual productivity improvements, have encouraged farmers and industry 

decision makers to consider climate forecasting with renewed interest.  

2.4.4 Forecast-related coping strategies 

I have highlighted the importance of the nature and flexibility of the farmer’s 

decision set in determining the value of forecasting information. For a climate 

forecast to have economic benefit then there must exist one or more management 

actions which can be undertaken in response to the forecast, and these actions must 
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lead directly or indirectly to either a reduction in costs or an increase in net profit 

(Hilton, 1981). Now I examine what specific actions sugarcane farmers in the 

Ingham region can take in response to seasonal climate forecasts. 1 shows key 

decisions identified by local industry decision makers in the Ingham region. This 

information was gathered as part of participatory research carried out in the area by 

Everingham et al. (2002).  

We can see that the decisions identified by farmers revolved around the major events 

of planting and harvesting. A forecast on SON conditions early in the year, when 

harvesting schedules are being determined, can allow the harvest to be shifted 

forward or backwards. Further refinements to harvesting schedules could be made 

throughout the year based on updated SON forecasts, however these have been 

excluded from the table. For example, if a heavy wet (La Niña) has been forecast for 

SON then the crushing season may start early in June. However, if revised forecasts 

show that Neutral conditions are actually expected in SON then harvesting could be 

slowed slightly to take advantage of potentially dryer, high CCS conditions later in 

the year. For the purposes of simplicity here I show the harvest decision as a once-off 

decision made in January/February. I also show it as a ‘farmer decision’ even though 

technically the harvest scheduling is carried out at a mill-area level.  

The decisions relating to planting begin later in the year around June (decisions 2 and 

3). Here farmers are concerned about the possibility of heavy rain occurring 

immediately after planting, causing the plant crop to fail. Hence, a seasonal forecast 

for heavy July rainfall may cause farmers to delay planting until August. This in turn 

requires knowledge at the end of July about possible conditions in September. If 

heavy rains are still predicted farmers may consider not planting at all (continuing 

with a ratoon crop) or using special rapid-germination techniques to ensure the 

survival of the plant-crop. The picture emerges here of forecasts being used in a 

dynamic environment where past decisions influence the current decision set.  
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Table 2-1: Key decisions influenced by climate forecasts in the Ingham sugarcane 

growing district (Everingham et al., 2002). 

Decision Timing of forecast Forecast Decision 

1 End of 
January/Start 
February 

High rainfall in 
September-November? 

Timing and schedule of 
harvesting 

2 End of June A high number of 
rainfall events in July? 

Timing of 
planting/planting 
strategies 

3 End of July High rainfall in 
September-November? 

Timing of 
planting/planting 
strategies 

4 End of July High rainfall in 
September? 

Farmers from dry areas 
decide on appropriate 
plough-out strategies 

5 At time of planting Rain for the month 
following planting will 
exceed 15mm? 

Farmers decide whether a 
pre-emergent or 
knockdown should be 
applied 

 

Seasonal forecasts could also be used to decide if and when to plough out existing 

crops (decision 4). Farmers indicated they might plough out and replant during 

August if the forecast at the end of July indicated likely rain events (Everingham et 

al., 2002). Farmers also indicated that forecasts could help in decisions regarding 

what type of herbicides to apply (decision 5). The decision relates to whether to 

apply a pre-emergent herbicide, which prevents the germination of weeds by 

inhibiting a key enzyme, or a post-emergent herbicide, which kills weeds after they 

have grown to seedling stage or beyond. If wet conditions are expected following 

planting farmers indicated it would be more economical to apply a pre-emergent 

herbicide at the time of planting. However, if dry conditions were predicted 
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following planting the more economic option would be to apply a post-emergent 

fertiliser. 

During drier periods, particularly El Niño years, farmers may benefit from irrigation 

forecasts. Many farmers have only a limited supply of irrigation water and forecasts 

might help farmers to use this water at the optimal time.  Everingham et al. (2002) 

used crop simulation techniques to help farmers determine irrigation timings in a 

field trial. When the crop outcomes were compared to farmers not utilising the 

forecast there appeared to be little benefit in the irrigation forecasting technique. 

However, this is unsurprising as there was only one period of water stress in the 

6month trial. More extensive trials across multiple climate phases would be 

necessary to determine the irrigation forecast value. The authors note that the 

forecast may have the greatest value to those farmers who do not use their water 

allocations at the required time for fear of running out of water too early 

(Everingham et al., 2002).  

Other management decisions in which farmers might utilise forecasts are nitrogen 

application and changes in crop mix. In their study of corn farming in Texas, Mjelde 

et al. (Mjelde et al., 1997) find that forecasts directed toward crop mix or nitrogen 

application yield the greatest value. Indeed, many studies of seasonal forecast value 

consider crop mix as one of the key management actions of the farmer in response to 

forecasts {Letson, 2005 #202; Messina, 1999 #229}. Herbert cane farmers are likely 

to have slightly different needs, given that irrigation is less necessary, and crops are 

not as easily changed or mixed. Sugar cane is often grown as a ratoon crop for 4 or 5 

years after it is initially planted. The cost to destroy a ratoon crop and plant 

something else is so high as to prohibit changing strategies. 

A final use for seasonal climate forecasts is in the higher-level planning of sugar 

supply. Forecasts can be used in models to help predict the size of the crop in any 

given year. Everingham et al. (2007) applied Bayesian discriminant analysis to 

develop such a model. This would enable marketers to develop better forward selling 

strategies and to better market and (Hill and Mjelde, 2002) deliver their product to 

consumers’ satisfaction. However the economic benefits gained here are difficult to 
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quantify given the large number of factors that influence world sugar prices that are 

unrelated to the industry’s ‘certainty of supply’.  

2.4.5 The sugar value chain 

The sugar industry is comprised of an integrated value chain of growers, harvesters, 

transporters, millers and marketers. The successful functioning of the industry relies 

on each component of the value chain being profitable (Walker et al., 2004). The 

complex relationships between members of the supply chain have traditionally been 

managed with extensive government regulation, which dictates key interactions such 

as the cane price to be paid to farmers by the mills, and the activities of marketing 

boards that sell sugar produced by the mills. The interdependence and conflict 

between different actors in the supply chain may complicate forecast use by the 

individual or the collective.  

Research shows that cane farmers could benefit from receiving and interpreting 

forecasts in groups. Initial results by Roncoli et al. (Roncoli et al., 2009) indicate that 

discussions of forecasts among Ugandan farmers improves their likelihood of 

continuing forecast use. Discussion not only increases understanding of the forecast, 

and hence trust in the forecasters, but also provides the ability to link forecast 

information, agricultural strategies and agricultural outcomes.  

Discussion expands the search set of some farmers, enabling them to identify 

improved management strategies without a costly individual search for the answers.  

Forecasting groups can serve as channels to communicate forecast understanding and 

best practice to wider groups of farmers throughout the region. Everingham et al. 

(2006) have used case study groups in the tropics of Australia to better understand 

the adoption of knowledge intensive technologies. These groups not only served to 

build awareness and trust of forecasts, but also raised the knowledge level of the less 

technologically adept farmers in the group. Such study groups may be particularly 

useful in reaching older generations of farmers who are resistant to newer 

technologies.  

Collective decisions introduce psychological dynamics not present at the scale of the 

single farm.  The decision of how to schedule the annual harvesting season is 
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undertaken by a representative body comprised of millers, harvesters, marketers and 

growers. The decisions made by this body will affect all growers in the region and 

thus the group is concerned not only with the decision at hand, but also the potential 

fallout with those they are representing. Rayner et al. (Rayner et al., 2005) found that 

water resource managers dubbed weather forecasts as unreliable regardless of the 

forecast’s skill level. However, when the potential consequences of the forecast were 

severe or catastrophic they responded even when the forecast of extreme conditions 

was assigned a low probability. This response appeared to be driven by a desire to 

avoid blame for having ignored warnings of a catastrophe.   

The integrated supply chain of the sugar industry means that many choices need to 

be made by one or more participants, sometimes with conflicting interests. 

Continuing with our harvesting example, decisions made about harvest scheduling 

involve not only farmers, who may have competing desires about when their cane is 

harvested, but also millers, who are interested in receiving the largest amount of high 

CCS cane. Farmers face further restrictions around timing their harvest due to 

resource and equity constraints. There are a limited number of rail resources and 

many other farmers may wish to harvest their crops at the same time. For this reason, 

a staged harvest is often used, in which farmers have part of their crop harvesting in 

the highest CCS conditions, and part at another point in the season. Later, in Chapter 

4, I outline why considering the harvesting question as pertaining to the individual 

farmer is reasonable and helps us answer important research questions.  

To briefly explain the important role that forecasts play in harvest decisions, note 

that in the Herbert River district, cane harvesting usually occurs from June to 

November, with the percentage of Commercial Cane Sugar (CCS) in the millable 

stalk peaking during spring.  While farmers would prefer to harvest their entire crop 

at these high CCS levels, this is not done for two reasons. Firstly, there is the risk of 

high rainfall during spring (see Figure 6-1) which may prevent a full harvest being 

completed before CCS decreases to levels uneconomic for harvesting. Secondly, the 
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sugar mills have limited resources for transporting and milling cane, which means 

that harvesting must be spread out over a period of 4-6 months3. 

Because the mills require significant amounts of time to prepare equipment and 

schedule trains, decisions about when cane will be harvested are made as early as 

January. Thus, for a forecast to influence this decision process it must be capable of 

forecasting spring conditions with a lead time of some 10 months (see Figure 2-7). In 

addition it must forecast across the austral autumn persistence barrier4, meaning that 

only long-lead forecasting techniques such as those developed by Clarke and van 

Gorder (2003) are able to help inform harvest decisions. As such, they are the focus 

of this study.  

 

 

 

 

 

 

Figure 2-7: Timeline of the annual sugar harvest, with stylised CCS curve included.  
                                                

3 Farmers play an active part in the scheduling process, and planners attempt to maintain equity in 
deciding when farmers receiving allotments of rail wagons with which to transport their harvest to the 
mill. Generally, harvest is arranged so that a portion of each farmer’s crop is harvested in the higher 
CCS period of the year, with the remainder harvested earlier in the year. Thus, their entire crop may 
be harvested in two or three ‘bursts’ spread out over the entire harvesting season. 

4 The NINO3.4 index of sea surface temperature in the mid-Equatorial Pacific, which is used to 
predict ENSO state, shows less temporal correlation across the autumn period than across the austral 
spring (Everingham et al. 2008). 
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So how does changing the season start date actually bring benefits? Moving the 

crushing start date forward in the event of a La Niña forecast may increase profits 

through (1) avoiding harvesting downtime, (2) limiting perennially harmful soil 

compaction, and (3) negating the need to harvest water-damaged low-CCS cane. For 

the purposes of this study we focus on (1) and (3).  Additional benefits not included 

in this study are that millers may have lower dirt-removal costs and exporters may 

benefit from greater certainty in sugar supply for their forward contracts. Ignoring 

these other potential benefits and (3) means that the estimates generated here will be 

conservative estimates of the true economic value of the climate forecast in this 

region. 

Under El-Niño conditions the season could potentially start at the normal time, as 

controlled by farm and maintenance considerations, or it could be delayed slightly to 

take advantage of higher CCS later in the year. Farmers in the Herbert could also 

undertake other management options in the event of an El Niño forecast in January. 

In a recent study by Everingham et al. (2007) farmers indicated they might: (i) 

harvest earlier to get a legume crop in, (ii) target particular blocks for harvest to 

maximise CCS, or (iii) plant early to maximise CCS.  

2.5 Conclusions 

Progressive understanding of the El Niño-Southern Oscillation has produced new 

seasonal climate forecasts with applicability to the sugar growers of northeastern 

Australia. Given the high degree of climatic volatility in the region, and the 

sensitivity of the sugar cane crop to climate, there may be scope for farmers to 

benefit from new forecasting technology. The main weakness of ENSO is its 

stochastic nature: real variables such as rainfall can differ markedly under a given 

ENSO phase. Despite this, forecasts may play into a number of on-farm decisions, 

including harvest management, planting/plough-out, irrigation and crop mix. Perhaps 

the most pertinent questions surround harvest management, as long lead forecasts 

have recently been developed which apply directly to this problem. Also, after recent 

La Niña events there is an interest from industry to understand if forecasts can be 

used in this way. As such, the thesis will focus on harvest strategies whilst 
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investigating the sensitivity of forecast value estimates to various assumptions that 

must be adopted to generate those estimates.  
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3 THE ECONOMICS OF SEASONAL CLIMATE 
FORECASTING 

 

Abstract: This chapter provides the reader with necessary background on the 

economic assessment of seasonal climate forecasts. The economic theory of 

information is discussed, along with the underlying decision theory and the important 

topic of expected utility theory. A survey of relevant literature in psychology and 

other fields is undertaken in order to demonstrate the need for economists to expand 

their view beyond expected value models when considering forecasts.  The chapter 

provides the necessary background for understanding the methodology developed 

later and also gives the reader a sense of the complexities involved using world-scale 

oceanic-atmospheric climate indicators to control management decisions at a farm 

level.  

3.1 Introduction 

Climatic variability imposes costs. In some cases these costs occur because of subtle 

year-to-year variations in climate that make it difficult for the farmer to focus his 

actions. In other cases the costs are more extreme and more conspicuous. A failure of 

the Indian monsoon leads to a 10-20% reduction in total food grain production 

(Kumar et al., 2004). An El Niño phase of the ENSO costs agriculture in the United 

States an estimated $1.5-1.7 billion, while a La Niña costs about $2.2-6.5 billion 

(Adams et al., 1999).  These numbers are large and they get our attention. However, 

the costs of climatic variability and the value of improved forecasting technologies 

are two quite different things.  

Some elements of the climate ‘cost’ are unavoidable. The highly chaotic nature of 

our atmosphere means that forecasts will always contain error. Thus, the true nature 

of a climatic disaster may never be predicted. Even if perfect foresight is obtained 

there are often insufficient actions available to decisions makers to completely avoid 

a loss. For example, city planners may know that extreme rainfall is forecast for the 
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coming summer, but they may not be able to empty dams sufficiently to cope with 

the predicted rainfall due to consumption needs.  Forecasters may predict a drought, 

but the drought may overwhelm all attempts to prepare. Clearly the economic 

damages resulting from a certain climatic event are not equal to the economic benefit 

of a forecast that presages that event.  

Though the forecast valuation studies published thus far generally paint a promising 

future for climate forecasting, they are only potentially realizable figures. In 

considering economic aspects of seasonal forecasting we must dig further into this 

idea of climatic ‘cost’. We need methods to measure how people would actually 

respond if they had a forecast, what type of mitigating or availing actions they may 

take, and what the results might be in the prevailing agronomic, economic and social 

conditions. For example, different farmers may apply forecasts in different ways if 

they have different preferences for risk.   

If a farmer is risk averse he (she) may attempt to counteract the uncertainty of future 

climate by implementing protective strategies that reduce the variance in returns. 

This might involve sacrificing some portion of farm profit to apply excessive 

amounts of fertiliser - a risk mitigation strategy observed in cane farming. In the 

worst case, it may involve the divestment of productive assets leading to a poverty 

trap situation. While such protective strategies may help the farmer avoid variable 

income or very low levels of income (loss aversion), they also limit the ability of the 

farmer to take advantage of favourable climatic conditions. Thus, climatic 

uncertainty is a burden for all farmers, but those farmers who are risk averse may 

suffer a greater cost.  Consider the study of Rosenzweig and Binswanger (1993), 

which examined farmers in peninsula India. The authors estimated econometrically 

that a unit standard deviation increase in climatic variability led to management 

actions that reduced expected farm profits by 15% among farmers in the median 

wealth class. This figure rose to 35% when they considered farmers in the lowest 

quartile of wealth. The study highlights the important fact that risk aversion usually 

increases at low levels of wealth, and in turn acts to keep wealth levels low. Thus, 

risk aversion can reinforce a poverty trap.  
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As the predictive capability of seasonal forecasts has developed over the last 30 

years, researchers have applied a number of methods to try and value this burgeoning 

technology. These applied studies form part of a worldwide effort to determine the 

locations and situations in which climate forecasting will be most useful. These 

methods drew heavily from the ideas surrounding Operations Research (OR) that 

became prominent in agricultural economics (McCown, 2002).  Expected utility 

theory, developed by the rationalist elements of economics, allowed for the first time 

the tractable analysis of choice under risky outcomes. This lead to a raft of studies on 

decision support systems (DSS) that employed assumptions of rationality and utility 

maximisation. These models in turn required improved crop simulation models that 

could be used to determine plant physiological responses under different climatic 

conditions and farmer responses (McCown, 2002).  

Expected Utility Theory (EUT) forms the basis of almost the entire seasonal forecast 

valuation literature (Meza, 2008). It is used in the vast majority of quantitative 

valuation studies that focus on individual farm enterprises. These studies are often 

vague about whether they are applying EUT in a normative (as opposed to positive) 

fashion, although those studies which draw direct recommendations for farmers from 

their results do so even if unintentionally. Other studies appear to stop short of 

expecting farmer behaviour to conform to EUT norms. EUT also forms the micro 

basis of aggregate studies utilizing partial equilibrium models or game theoretic 

approaches. In most cases researchers utilise frequentist probabilities and essentially 

assume these represent objective probabilities held by the farmer (refer to Section 

3.3.4: Treatment of probabilities). The reality of subjective farmer probabilities has 

been little explored.  

This assumption of the rational farmer (i.e. EUT) lies at the heart of tension in the 

literature about how to successfully implement forecasts. How do we train farmers to 

interpret and apply forecast information given the ubiquitous, and probably 

necessary, existence of non-rational decision making behaviour? Will forecast value 

be anywhere near the estimates of rational models? With these important questions in 

mind our scope shall also cover the relevant psychological literature on decision 

making under uncertainty (refer to Section 3.5.1). In seeking to understand the 

various factors that may impinge on the existing estimates of forecast value, we hope 
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to achieve a more holistic understanding of forecast value that goes beyond the 

tractable mathematical treatments.  

Before continuing it is worth nothing that I use the term ‘non-rational’ to describe 

decision making which deviates from the rational predictions of EUT rather than the 

somewhat judgemental term ‘irrational’. Decision making not conforming to EUT 

may in fact be rational in many senses. Such thinking may conserve limited decision 

making resources and energy by terminating the decision search before a completely 

exhaustive search is made. An exhaustive search, though mandated by EUT, may 

impose costs that are higher than the benefits accrued from the improved decision. 

Or to give another example, poor farmers in developing countries may appear to act 

more risk averse than rational models predict when in fact the reasons for this lie 

outside the model, perhaps in imperfect capital markets or with concerns for passing 

on the farm to one’s children dominating the goal of profit maximisation.   

Larger scale studies point to the significant benefits available if we can harness 

forecasting technology. Adams et al. (1995) estimated that perfect ENSO forecasts 

could benefit agriculture in the southeastern United States by $146mil per annum, 

with an imperfect ESNO forecast contributing $96mil. Similarly Adams et al. 

(Adams et al., 2003a) found that farmers of key crops across Mexico could benefit 

by $10 million from the introduction of an ENSO early-warning system. These 

studies point to the potentially large aggregate benefits that could be obtained by 

agriculture from improved forecasting technology. 

In this chapter I undertake an investigation of the assumptions of studies such as 

these and I break down the economic models used to generate estimates of forecast 

value. In understanding how these estimates are generated, and the assumptions used, 

we gain a useful insight into the problems that must be overcome to realize climate 

forecast value.   

The chapter begins with an introduction to decision theory and its most influential 

economic model: expected utility theory. I describe the seminal work on the value of 

information based upon EUT and examine the boundaries on information value 

proposed by these theories. Expected utility theory is outlined in detail, along with its 
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many observed limitations such as its inherent exclusion of non-rational decision-

making biases. These limitations are considered in light of the seasonal forecasting 

problem and this leads us to a review of non-rational decisions making behaviours 

that may influence seasonal climate forecast use. I consider the major categories of 

known psychological heuristics, extending the coverage of heuristics and biases in 

other nascent works on the topic (Nicholls, 1999). Throughout the chapter references 

are made to existing economic valuations of seasonal climate forecasts. These studies 

cover many regions of the world and most major crop types, though as we shall see 

there is only one study dealing with sugar cane. At different times, I will pull apart 

these different studies to elucidate the key drivers of information value and to 

identify common trends.   

3.2 Information value 

Given an appropriate model to describe how a decision maker chooses between 

different risky prospects, the value of information is given by the amount the farmer 

would be willing to pay for the information without reducing his outcome below that 

of the non-information state. Stated differently, the information value is the outcome 

obtained with the information minus the outcome obtained without information. The 

seminal work on information value is Hilton (1981) who outlines the value of 

information based on an expected utility maximising decision maker (expected utility 

will be discussed in Section 3.3). Upon receiving the information the decision maker 

updates his prior probabilities using a Bayesian statistical update to obtain the new 

posterior probability of outcomes. The theoretical framework proposed by Hilton 

(1981)  is directly applicable to the use of seasonal climate forecasts.  

One drawback of decision models is that no market scale effects are included and it 

is assumed the producer operates in his own ‘bubble’. While this may be appropriate 

if the individual producer has limited market power, in reality if a large number of 

farmers adopted a forecast at once price effects may be significant. The need to 

consider the impact of the forecast in a market setting spawned the use of partial 

equilibrium models (Chen and McCarl, 2000, Chen and McCarl, 2002, Mjelde et al., 

2000, Adams et al., 2003b, Hill et al., 2004b) to value forecasts, and to a lesser 

extent game theory (Rubas et al., 2005). While these models offer a greater degree of 
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sophistication in considering scale effects, they ultimately rely on the same expected 

utility frameworks presented here at the microeconomic level of their models. 

Therefore, our review will focus on decision theory and individual decision-making.  

3.2.1 Decision theory 

Decision theory attempts to formalise the process of quantifying risky choices and 

finding optimal outcomes in order to aid a decision maker. Ronald Howard (1966) 

states that decision theory, “comprises the philosophy, theory, methodology, and 

professional practice necessary to formalise the analysis of important decisions”. The 

tools it uses to do this are systems design and statistical decision theory. The 

concepts of decision theory therefore overarch and embrace the economic decision 

models based on expected utility theory as well as statistical methods used to 

describe how these decision makers revise probabilities under receipt of new 

information (Bayesian statistics).  

Hardaker et al. (2004) define the two central components to any decision analysis: 

(1) defining and quantifying the risky outcomes of each potential decision, and (2) 

determining the decision maker’s preference between these risk outcomes. The 

former might involve using historical data or a crop simulation model to estimate 

outcomes under different decisions. The latter amounts to developing a choice model 

or objective function that will enable us to maximise the decision maker’s well-

being. These steps can involve a considerable degree of complexity even for 

seemingly simple problems. Howard (1966) breaks down the decision making 

process further into seven key stages (Figure 3-1). 
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Figure 3-1: The decision analysis cycle (Howard, 1966a). 

The first stage of the decision analysis cycle is the deterministic phase. Here the key 

variables that affect the decision are identified, and we define the necessary 

equations that link these variables to each other and the relevant output (Howard, 

1966b). In the case of valuing climate information, we identify the farm management 

actions influenced by climate information, the links between the farm management 

actions and our particular crop outcome (and, in subsequent chapters, I build a model 

of farm profit that follows from a given crop outcome). No probabilities or figures 

are assigned at this stage. In many cases a seasonal forecast valuation will link 

management actions to crop outcomes using a crop simulator which contains the 

necessary equations to simulate plant physiology under different weather and initial 

conditions. 

In the second stage of the analysis cycle, the probabilistic phase, we assign 

probabilities to the relevant variables and decision outcomes. In the present study this 

may involve determining the prior probabilities held by the farmer with respect to 
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climate. We might assume these probabilities are equal to the historical 

climatological probability distribution. That is, if the number of El Niño events over 

the last 50 years is 10, the farmer will view the probability of El Niño occurring 

during the coming year as 20%. This is a frequentist approach to estimating 

probability.  Alternately, we could assume the farmer’s probability beliefs are 

weighted towards optimistic or pessimistic climatic outcomes (subjective 

probability). In this stage we also define the farmer’s decision rule. That is, how he 

chooses between different sets of risky prospects. As mentioned the commonly 

employed decision rule is maximisation of expected utility (Howard, 1966b).   

In the third phase, the informational phase, we assess the expected outcomes if 

perfect information was present – that is, if we could eliminate all uncertainty from 

decision variables. If the value of perfect information is less than its cost then we 

may wish to obtain additional information to aid in the decision process. Translating 

again to the problem of climate forecasting, this step would see us value a perfect 

climate forecast. If the perfect forecast produces more value than it costs to generate 

and disseminate then we know that forecasting has potential value. We may then 

repeat our analysis to determine the value of existing imperfect forecasts. If the value 

of a perfect seasonal forecast is less than its cost then we know that any imperfect 

forecast will likely not be useful in decision making (interestingly we see later that in 

regions of high ENSO intra-phase variability an imperfect forecast can actually have 

higher value than a perfect forecast).  

This new information then requires us to revise our analysis, usually using some 

form of Bayesian analysis. In our scenario the forecast information is applied to 

revise the farmer’s prior probabilities in the probabilistic phase. We can then 

compare the increase in expected value obtained using the climate forecast with the 

potential increases under perfect information (this occurs in the informational phase). 

Under our scenario we can’t add any extra information, as no more accurate climate 

forecast exists. So the decision cycle terminates. We could add forecasts from other 

times in the year and expand the decision problem to include other management 

actions, but we are assuming a fixed set of management actions for our entire 

analysis.  
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Eventually the decision maker reaches a point where the benefit of obtaining 

additional information is less than its cost. At this point a decision action should be 

taken (Howard, 1966b). This action is effectively the optimal action under the 

current information and cost constraints. To make the decision cycle holistic we 

should really include the cost of the decision analysis itself in the consideration of 

costs versus benefits. That is, the mental and physical cost of carrying out the 

analysis and processing the outcomes. In some cases, the cost of a formal decision 

analysis may not be warranted, either due to the dubiousness of the expected results, 

or other reasons.  

3.2.2 Information value under expected utility maximisation 

I now formally represent ex-ante information value, that is, the value of information 

as determined before the implementation of the forecast (ex-post valuation is 

discussed briefly in Appendix B3). I exclude the decision cost and assume that the 

decision is a one-time decision (i.e. no cycles as represented in Figure 3-1) To do 

this, we turn to the work on the determinants of information value carried out by 

early researchers in information economics, most notably Hilton (1981) and LaValle  

(LaValle, 1968a, LaValle, 1968b). 

After Meza et al. (2008) I define the farmer’s utility function as U, where Y is the 

profit achieved from a particular farming activity which is a function of his decision 

set X and the random climate outcome C, and W0 is the industry’s level of initial 

wealth which shapes the utility function along with the degree of risk aversion. At 

the start of the season the farmer’s expected utility is found by integrating his utility 

function across the complete space of possible climatic outcomes. 

 

! 

E U Y (X,C),W0[ ]{ } = U Y (X,C),W0[ ]" f (C)dC  (3.1) 

Now, at the start of any given year the farmer attempts to maximise his expected 

utility through selecting the optimal decision set X* given his current knowledge of 

all possible future climatic outcomes.  
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! 

max
X

E U[Y (X),W0]{ } = E U[Y (X*),W0]{ }  (3.2) 

If the farmer has a risk averse utility function then his decision set will be aligned to 

minimise losses in the event of climatic draws, C, with particular adverse 

consequences. At the end of the year the climatic outcome is revealed as the industry 

experiences the utility. However, the decision set X* may not have been the optimal 

choice for the climatic outcome, C, which occurred. Therefore, to the degree that the 

actual climatic outcome, C, deviated from its most likely outcomes, there is likely to 

be a loss in utility. 

This situation can be partially resolved if the state of imperfect information in which 

the farmer finds himself can be improved through the use of a climate forecast. If a 

forecast, F, is made available at the start of a year the farmer can then choose a new 

decision set X† such that their expected utility is maximised for the revised 

probability density function of climate outcomes. Certain climatic outcomes are now 

considered more likely and others less likely. 

 

! 

max
X

E U[Y (X)F,W0]{ } = E U[Y (XF)F,W0]{ }  (3.3) 

Therefore, as described by Hilton (1981), the value of the forecast information is 

given by the expected utility the farmer derives from using the revised climatological 

probability distribution minus the expected utility they derive from simply using the 

historical climatological distribution (or the state of no knowledge if they did not 

consider climate at all). The expected value of information is given by Equation 

(3.4). 

 EVOI = 

! 

E U Y (XF ),W0[ ]{ } " E U Y (X*),W0[ ]{ }  (3.4) 

It is worth stating here that the forecast information also varies given the imperfect 

state of forecasting models. Indeed it has been argued by Letson et al. (2005) that the 

forecast information should itself be treated as a random variable. As I am using the 

ENSO states, the forecast distribution is given by the particular subset of climatic 

events that occurred in a particular ENSO state in the past.  
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To elicit important things about the determinants of information value I now 

represent Equation (3.4) in more general terms. The most common representation of 

the value of an information system is given in Equation (3.4). The increase in 

expected utility derived from using the information system h, is given by U(h) and is 

equal to the expected utility obtained from maximising utility over all the states of 

nature using the revised posterior probabilities, minus the utility obtained when 

utility is maximised using only the prior probabilities for the states of nature, p(s).  

 

! 

U(h) = max
x"X

yh"Yh

# u(w(x,s))p(s yh )p(yh )
s"S
# $max

x"X
u(w(x,s))p(s)

s"S
#  (3.5) 

where 
h denotes information system h 

{yh}=Yh is the set of signals for information system h 
S is the uncertain states of nature 

X denotes the set of actions 
w is the function which maps decisions and states of nature to outcomes 

u is the utility function which incorporates risk aversion and wealth effects 
p(s) is the prior probability distribution over states s 

p(s|yh) is the posterior probability of state s given signal yh 

 

We can also use alternative definitions for information value, however each of these 

will give equivalent outcomes. The first alternate definition is shown in equation 

(3.6) where we effectively represent the information value as the maximum amount 

F(h) the decision agent would be willing to pay for the system assuming he employs 

the null system (Hilton, 1981). The amount he is willing to pay is known as the 

demand value: 

 

! 

max
x"X

yh"Yh

# u[w(x,s) $ F(h)]p(s yh )p(yh )
s"S
# =max

x"X
u(w(x,s))p(s)

s"S
#  (3.6) 

The second alternate definition considers what is known as the supply value of the 

system G(h). The supply value is the minimum amount the DM would be willing to 
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accept in exchange for the information system which he is currently using (Hilton, 

1981). 

 

! 

max
x"X

yh"Yh

# u(w(x,s))p(s yh )p(yh )
s"S
# =max

x"X
u[w(x,s) +G(h)]p(s)

s"S
#  (3.7) 

From any of the above equations (3.5), (3.6) or (3.7) we can define four key 

determinants for the value of information.  

Flexibility of the decision set 

It is logical that the number and scope of decision options available to the farmer will 

have an impact on the value of the forecast.  When we talk about an increase in 

flexibility we are generally referring to the addition of an action x to the action set X 

without corresponding removal of any other action. Similarly, a reduction in 

flexibility involves a removal of one or more decision options x without any 

additions. For this reason, when comparing two different decision sets the concept of 

relative flexibility is not always definable as to transform from one decision set to the 

other multiple additions and deletions may be required (Hilton 1981).  

If we take the strict definition of increasing information, it is possible to show that no 

general monotonic relationship exists between the flexibility of the decision maker's 

action set and the value of information (Hilton, 1981). By including certain actions 

and not others it is possible to have a scenario whereby overall flexibility is increased 

but EVOI is reduced. For example, if a decision which is now optimal under the prior 

probabilities (x*) is added to the decision set the right hand term in Equation (3.5) 

will increase, while the left hand term will remain unchanged, leading to a decrease 

in information value. Similarly if the newly added item is the new posterior optimal 

action then the left hand term in Equation (3.5) increases while the right hand term is 

unchanged – hence an increase in information value. Therefore, we should be 

cautious about assuming that by continually expanding the decision set we can 

continually increase the value of the forecast.  

As an example, consider the problem presented later in this thesis: we are optimising 

the start of the season harvest over a certain set of start days. The set of possible start 
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dates contains less than 365 elements because factors outside the farm, such as 

maintenance scheduling at the mills, limits the number of days on which harvesting 

can occur. If expanding the number of days in our set of possible start days changed 

the no-information optimal action x* (the action chosen by farmers under prior 

probabilities only) but didn’t influence the Bayesian optimal action xi
*, then it is 

possible that the value of information will be reduced by this expansion in DM 

flexibility. We can imagine a similar scenario for optimising the planting date of a 

crop.  Adding different types of management decisions may have a similarly 

ambiguous effect on information.  

Other researchers, working on the value of information systems in specific scenarios, 

have established theoretical boundaries on the behaviour of information under 

changing flexibility and other conditions (Merkhofer, 1977, Radner and Stiglitz, 

1984). Often, this requires strict assumptions about the decision problem that are 

difficult or impossible to translate into an applied study like the present one. In many 

cases researchers seeking to value climate forecasts in real settings do not have strict 

analytical forms available for farm returns or costs. In such cases, conclusions about 

the effects of DM flexibility on information value will have to be drawn on a case-

by-case basis as the decision set is changed and the results observed.  

Structure of the payoff functions 

Information value will also depend on the production function and individual utility 

function of the farmer. The interaction of these functions is what we call the payoff 

function. The farmer’s risk attitude, which is defined as the concavity of u, will thus 

influence the payoff structure. As will the farmer’s level of wealth, which will 

influence the degree of absolute or relative risk aversion depending on the 

formulation chosen for the utility function.  

As was the case for flexibility we can prove that there is no general monotonic 

relationship between the degree of absolute or relative risk aversion and the value of 

information (Hilton, 1981). This can be demonstrated quite simply using a power 

form utility function and equations (3.6) and (3.7). Once again, similarly to the case 

of decision flexibility, we can define relationships between risk aversion and 

information value for some specific settings, but no general rules exist.  



 

 63 

Wealth 

The wealth of the DM influences their risk attitudes. The proof that there is no 

general monotonic relationship between wealth and information value flows directly 

from the above case for risk aversion. The formal proof can be found in LaValle 

(1968a).  In addition it can be shown that information value is invariant with respect 

to wealth if and only if the utility function is linear or negative exponential (1968a). 

This study will employ neither of these formulations, instead employing the CRRA 

formulation. Under this utility function information value may vary with the different 

assumed wealth levels (refer to Section 5.2.6).  

Initial uncertainty 

Gould (1974) has shown that there is no general monotonic relationship between 

information value and the degree of Rothschild and Stiglitz (RS) uncertainty in the 

prior (Rothschild and Stiglitz, 1970). 

The nature of the information system 

Blackwell’s Theorem (Blackwell, 1953) describes how inaccuracy or uncertainty in 

the information system effectively introduces another layer of uncertainty between 

the states of nature (climate in this case) and the set of information signals (proof 

shown in Appendix B1).  For further exposition of Blackwell’s proof the reader is 

referred to Degroot (1970) and Marshak and Radner (1972). 

Treatment of EVOI in applied studies 

Most studies in the literature have treated the value of the information system as 

deterministic and represented by the Expected Value of Information (EVOI), which 

is basically the mean of the information value over the number of years in the study 

period. However, this may not be the best approach. As stated by Letson et al. 

(2005), “The tendency to overlook the inherent randomness in decision environments 

has encouraged deterministic thinking about forecast value, a matter of practical 

importance. Forecast value estimates have been offered in the extant literature not as 

confidence intervals but as single-valued estimates of central tendency, which can be 

misleading.” In order to include the ‘randomness’ mentioned here we must find some 

way of representing the randomness of farming environment, most importantly being 
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the randomness of weather climate and agricultural commodity prices. By generating 

stochastic weather series with statistical markers similar to the historical weather 

period we can free ourselves from considering only one set of weather outcomes 

(Wilks and Wilby, 1999). This enables the generation of distributions of forecast 

value – meaning we can provide our estimate of forecast value along with a 

confidence interval (Letson et al., 2005, Meza and Wilks, 2003).  The is the approach 

taken by Letson et al. (2005) in their study of rain fed cropping systems in the 

Pampas region of central-eastern Argentina (see Figure 3-2). 

 

 

Figure 3-2: Simulation of EVOI using stochastically generated weather and price 

data (Letson et al., 2005). 

I have now reviewed the basic theory of information value under an expected utility 

framework. It is appropriate at this time to delve more deeply into the theory of 

expected utility given its fundamental importance to valuing information systems.  
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3.3 Expected utility theory 

Expected utility (EUT) has been the dominant decision making paradigm in 

economics since the mid twentieth century. Informally stated, if we have the 

probabilities 

! 

pi =1
i=1

N

"  regarding an uncertain state of the world with N possible 

outcomes, the agent is assumed to maximize the expected utility given by 

! 

F(pi)U(xi)
i=1

N

" . That is, the decision agent will maximise the expected utility that is 

found by summing the utilities of all possible outcomes weighted by their relative 

probabilities of occurrence. The theory reflects the universal truth that people making 

decisions take into account both the consequences of outcomes and their respective 

probabilities. This general maximisation theory assumes that all alternatives can be 

fully evaluated, that transformations of probabilities and outcomes are separable (the 

probability of one outcomes occurring does not influence the probability of 

occurrence of the others), and that probabilities and outcomes can be converted to the 

expected utility through the multiplication operator (Schoemaker, 1982).  

3.3.1 Background 

Expected utility theory was birthed in attempts by Daniel Bernoulli and Gabriel 

Cramer to solve the St Petersburg paradox (Bernoulli, 1738). In this paradox the 

decision maker is presented with a simple game. The game involves flipping a coin, 

with the payoff received by the player equal to 2n where n is the number of tosses 

until heads appears. The expected value (EV) of the game is given by summing all 

the possible payoffs weighted by their respective probabilities of occurrence. 

EV = 

! 

(1/2)n2n = "
i=1

"

#               (3.8) 

Therefore, the game has an infinite expected value. By playing the game repeatedly 

the player is certain to emerge on top, and if he is acting rationally to maximise his 

expected win then he should theoretically be willing to pay any amount to play this 

game.  However, at the time the paradox was proposed, most people refused to pay 
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even $20 to play this game. To solve this paradox Bernoulli proposed the concept of 

diminishing marginal utility of wealth. In his own words:  

The determination of the value of an item must not be based on the price, but 

rather on the utility it yields…. There is no doubt that a gain of one thousand 

ducats is more significant to the pauper than to a rich man though both gain 

the same amount (Bernoulli, 1954). 

By applying a logarithmic payoff function (loge(2n)) the infinite series in X is seen to 

converge to a finite value. This principle was tantamount to suggesting that 

individuals act to maximise their own person utility function, which is a function of 

their level of wealth and risk attitude, and not necessarily to maximise expected 

value. This descriptive model was the first time the notion of expected utility was 

proposed. Bernoulli did not explain why this behaviour was rational nor did he 

attempt to explain how one might measure utility in the real world.  

Von Neumann and Morgenstern (1944) later formalised expected utility 

maximisation as rational by demonstrating that maximisation of expected utility 

could be derived logically from a set of reasonable axioms. Essentially they showed 

that if people evaluated utility according to this set of axioms then they would make 

legitimate make decisions according to expected utility. These axioms are outlined 

informally as follows. 

For U(a)>U(b) 

Consider a set U which consists of several gambles or lotteries (Hardaker et al., 

2004). We also define a number !  (0,1). We define an operation w as follows: 

 A rational decision maker adheres to the following axioms: 

AXIOM 1 (Completeness): For any A and B, one and only one of the following 

relations hold true: u > v, u < v or u = v.  That is, the 

decision maker has well-defined, complete set of 
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preferences and is capable of deciding between any 

two alternative gambles or lotteries. 

AXIOM 2 (Transitivity): If u > v and v > w, then v > w. That is, the decision 

maker makes consistent decisions within the 

framework of the completeness axiom. 

AXIOM 3 (Continuity): If u < w < v, there exists an ! such that the lottery w is 

equally preferred to !u + (1-!)v. That is, no matter 

how desirable the lottery v may be, we can produce a 

situation where the decision maker is indifferent 

between w and a combination of u and v by assigning v 

a sufficiently low probability of occurrence (1-!).  

AXIOM 4 (Independence): If u > v then !u + (1- !)w !v + (1- !)w. That is, the 

preference order of two lotteries is preserved when 

each lottery is mixed with a third lottery in like 

fashion.  

These axioms allow us to formally establish the idea of the utility function U(vi) 

which assigns a unique utility value to any risky prospect. This utility function has 

the following properties (Hardaker et al., 2004 p. 35) : 

1.  If lottery u is preferred to v, then U(u) > U(v) and vice versa. Therefore the 

utility function allows us to rank alternative risky actions and determine the 

utility-maximising course of action. 

2.  The utility of a risky prospect is given by its expected utility, which is the 

average of all possible outcomes which branch out from that course of action 

weighted by their respective probabilities of occurrence, i.e. for discrete form: 

3. where E denotes the expected utility, U(vi|Si) is the utility of the decision vi 

given that the uncertain event Sj occurs, and P(Sj) is the probability of 

occurrence of the uncertain event Sj. 
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4.  The utility function U is only defined up to a positive affine transformation. It 

therefore makes no sense to say that the utility arising from one course of 

action is twice that of another course as a linear transformation of both 

utilities will yield a different ratio of utilities. To quantify the relative benefits 

of two courses of action the expected outcomes of the decision variable (e.g. 

dollars, tonnes per hectare) should be compared not the values of the utility 

function.  

3.3.2 The utility function 

EUT requires that we have some way of accurately encoding the decision maker’s 

preferences in a utility function. As we are dealing with economic decisions where 

we assume the decision maker is primarily concerned about the present and future 

returns of his enterprise, the most important argument of the utility function is 

wealth, which we will call w. As a person’s wealth is increased we expect their utility 

to increase indicating that they always prefer more money to less, or stated 

mathematically, U(1)(w) > 0. However, as wealth is increased utility is likely to 

increase in one of three commonly observed patterns encoded in the second 

derivative of the utility function (more complex utility functions combine multiple 

responses in one function). For those people displaying risk neutrality the marginal 

utility of wealth is constant and U(2) (w) = 0. For those people displaying risk 

aversion, U(2) (w) < 0, and increases in wealth are valued more at lower overall levels 

of wealth. Finally, for those who are risk-seeking, U(2) (w) > 0, and the utility 

function bows downwards indicating that increases in wealth are valued more at 

higher levels of overall wealth (Hardaker et al., 2004).  

 

 

 

 

 



 

 69 

 

 

 

 

 

 

 

 

Figure 3-3: Different forms of the utility function resulting from different risk 
attitudes. 

3.3.3 Attitudes to risk 

We can see that the form of the utility function contains important information about 

the risk attitude of the decision maker. If a decision maker always prefers more 

wealth to less, then her utility function will be positive for all potential levels of 

wealth. If the decision maker is risk averse then they will have a concave utility 

function, where increases in wealth at lower levels of wealth produce more utility 

than similar increases at higher levels of wealth. This diminishing marginal utility of 

wealth means that in some cases risk averse decision makers will not choose the 

course of action with the highest expected value because they are also attempting to 

reduce the variability in their payoffs. In effect, their risk aversion causes them to 

pay a risk premium.   

 The most widely used measure of risk aversion has been the Arrow-Pratt absolute 

risk aversion, also known as the Coefficient of Absolute Risk Aversion. It is defined 

as 

Wealth, w 

Utility, 

U(w) 

risk 

aversion 

risk-seeking 

risk neutral 
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! 

ra =
"U (2)(w)
U (1)(w)

                     (3.9) 

where w is wealth, U(2)(w) and U(1)(w) are the first and second derivatives of the 

utility function with respect to wealth, and ra is the coefficient of absolute risk 

aversion (Pratt, 1964). This measure has the required property of remaining constant 

under positive linear transformations (recall that our utility functions are defined only 

up to affine transformations). However, ra is not a constant. 

As wealth changes the coefficient ra will change. It is generally accepted that as 

wealth increases ra(w) decreases as those with greater wealth tend to assign lower 

risk premiums for a given risk. This is known as decreasing absolute risk aversion 

(DARA). Other possible, though not necessary probable, forms of the risk aversion 

include increasing absolute risk aversion (IARA) and constant absolute risk aversion 

(CARA). Also important to note is that ra is affected by the units of currency used for 

w, thus prohibiting international comparisons. To get around this problem Pratt 

(1964) and Arrow (1965) explored the use of the relative risk aversion function, 

given by  

! 

rr =
"wU (2)(w)
U (1)(w)

                   (3.10) 

This measure effectively gives us a local measure of aversion to risks as a proportion 

of wealth (Pratt, 1964). There is somewhat less agreement about the behaviour of rr 

as wealth changes than for ra(w). Arrow originally argued that rr would increase as 

wealth increased, however his argument was tentative and he suggested that the 

value of rr was likely to remain close to one. Other researchers, including Eeckhoudt 

and Gollier (1996), have also argued that rr will probably increase with w. A study 

by Hamal and Anderson (1982) on resource-poor farmers in Nepal found that 

situations indicated that rr  could reach values as high as 4 among very poor farmers 

– which is considerably higher than the value of one suggested by Arrow. The upshot 

of these conflicting views indicates, in the eyes of Hardaker et al. (2004 pp. 103) , 

that “. . . it nevertheless seems reasonable to assume that rr(w) is less likely to change 

appreciably as w changes, than is ra(w).” Anderson and Dillon (1992) proposed an 
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approximate classification of risk aversion states which has been used as a guideline 

by several authors, including Messina et al. (1999) and Marshall et al. (1996). 

Anderson and Dillon propose the following scale (risk neutral has been added): 

  rr(w) = 0, risk neutral; 

rr(w) = 0.5, hardly risk averse at all; 

  rr(w) = 1, somewhat risk averse (normal); 

  rr(w) = 2, rather risk averse; 

rr(w) = 3, very risk averse; 

rr(w) = 4, extremely risk averse. 

When evaluating the utility function, which is inevitably some function of wealth 

along with other factors such as risk aversion, it is important that we consider the 

agent’s terminal wealth and not simply their change in income resulting from the 

decision at hand. Section 5.2.4 in the research methodology outlines how the wealth 

and income of farmers was used to find the w variable required to evaluate the utility 

function. Losses and gains are usually examined in light of their affect of wealth as 

opposed to income. This assumption is known as asset integration. 

3.3.4 Variants of expected utility 

Later developments would extend von Neumann-Morgenstern (NM) EUT to provide 

more realistic representations of decision behaviour. This was driven partly by 

observations that the large majority of decision makers do not follow all the axioms 

presented in Section 3.3.1. The variants that branched off from traditional EUT differ 

from their ancestor in three ways: how they consider utility, how they consider 

probability, and how they measure outcomes.   
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Measures of utility 

Though NM EUT utilises cardinal utility, caution needs to be taken in drawing 

conclusions from this. As a measure of preferences, NM theory provides only ordinal 

rankings of different sets of risky prospects. That is, it does not indicate the intensity 

with which an individual prefers one gamble to another. This puts it at odds with 

neoclassical notions of cardinal utility (Stigler, 1950). However, from a measurement 

perspective NM utility is cardinal in the sense that it is invariant up to linear 

transformations. And so NM utility theory is cardinal in a measurement sense but 

ordinal in the sense of evaluating preferences (Schoemaker, 1982).  

Within EUT we can distinguish two main types of cardinal utility measure: those 

constructed under conditions of certainty (v(x)) and those constructed under 

conditions of uncertainty (u(x)). The former approach considers strength of 

preference to be a psychological primitive that individuals can assess through 

introspection (Schoemaker, 1982). One way to assess an individual’s v(x) function is 

to examine their revealed willingness to pay for increasing amounts of a certain 

good. If certain conditions hold the resulting interval-scaled function can be used as a 

measure for the preference of that good (Luce and Tukey, 1964). The NM utility 

u(x), on the other hand, is calculated from individuals’ preferences among lotteries 

and follows from mathematical axioms.   

Treatment of probabilities  

Forms of expected utility theory also vary in what transformations f{.}they allow on 

probabilities pi. In NM expected utility probabilities are assumed to be objective. 

That is, the probabilities essentially exist as inherent properties of the event. 

However, the notion of probability is more complex than this. Most importantly, 

people’s subjective beliefs lead them to assign event probabilities that are 

dramatically different to what may be estimated scientifically. The transformation f{} 

indicates that the probabilities may be different from the objective or mathematically 

neat probabilities often assumed by the researcher (Schoemaker, 1982).  

The objectivist school of thought, upon which NM expected utility is based, argued 

that propositions had inherent probabilities of being true or false. Frank Knight 
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(1921) argued that the key to understanding objective probability was to differentiate 

between necessary ignorance and factual ignorance. According to Knight, risk and 

uncertainty should be defined by what is measurable and what is not. Risk refers to 

measurable uncertainty (objective probabilities), while uncertainty referred to 

unmeasurable uncertainty (subjective probabilities or opinions) (Knight, 1921). Or as 

stated by Knight: 

The practical difference between the two categories, risk and 

uncertainty, is that in the former the distribution of the outcome in a 

group of instances is known (either through calculation a priori or 

from statistics of past experience), while in the case of uncertainty this 

is not true, the reason being in general that it is impossible to form a 

group of instances, because the situation dealt with is in a high degree 

unique (Knight, 1921 p.233).  

The Knightian definition rests on tenuous foundations. One objection is that a real 

definition of risk describes both the uncertainty of an event and its consequences 

(Schoemaker, 1982). However, Knight’s definition only addresses the uncertainty, 

stating that risk is the quantifiable component of uncertainty.  

In contrast the frequentist school of Jacques Bernoulli, John Venn (Venn, [1866] 

1888), Hans Reichenbach (1935) and Richard von Mises (1957) argued that 

probabilities could only be estimated by observing a large number of occurrences of 

a specific event. Thus, probability reduced to a law of large numbers. As the number 

of trials approaches infinity the probability of occurrence of the different outcomes is 

defined. We will see later that most seasonal climate forecast studies estimate the 

farmer’s prior probabilities regarding climate in this way. For example, the 

probability of a certain ENSO state (ps) is often estimated from a historical set of 50 

or more ENSO outcomes.  

A related school to the objectivists was the logical-relationist school, expounded by 

John Maynard Keynes (1921) and Jeffreys (1948). According to this school 

probabilities related to pairs of propositions. Thus the evidence proposed for any 
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particular problem lent itself to a particular conclusion with a certain probability that 

could be judged by a rational observer. 

However, the most influential probability theory has been subjectivism. The 

subjectivists, led by protagonists such as Ramsey (1931), de Finetti (1937) and 

Savage (1954), claimed that probabilities are merely a construction of the mind and 

do not exist as objective ‘properties’ of nature. Hence, if we adopt the subjectivist 

mindset, risk under the Knightian definition - which is that portion of uncertainty 

measurable by objective probabilities - does not exist. To the subjectivist any 

assessment of possible outcomes from an action can at best be based on perceived 

probabilities alone. Thus, any risk is only perceived risk.  

People may assign certain subjective probabilities to an event after observing it 

several times (sensations as they were called by David Hume), but its probability of 

occurrence could not be established conclusively by reason. Any beliefs about the 

reoccurrence of certain events, they claimed, were shaky because we are 

fundamentally ignorant about the causes of such events. The subjectivists were the 

epistemological offspring of David Hume’s empiricism, and they eschewed the idea 

of ‘chance’.  

Though there be no such thing as Chance in the world; our ignorance 

of the real cause of any event has the same influence on the 

understanding, and begets a like species of belief or opinion. (Hume, 

1748 pp. 55) 

Subjectivists argued that people’s probabilities reflect their individual beliefs, or their 

lack of knowledge about random events (Schoemaker, 1982). Thus, they shared the 

view of Keynes that probabilities are epistemological and not ontological in nature. 

However, they objected to Keynes’ description of probability because it was 

essential objectivist – he stated that the selection between two statements was 

objectively rational, while the subjectivists claimed such judgements would 

doubtless vary from individual to individual.  
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Savage was the first author to show that a set of axioms could provide a unified 

theory of choice preference under uncertainty using subjective probabilities (Savage, 

1954). In this version of expected utility theory the decision maker is free to assign 

probabilities pi to a set of events as he sees fit, and must only satisfy some 

consistency requirements, the primary one being coherence. These requirements 

essentially require that the sum of probabilities cannot be great than one and that 

conjunctive and disjunctive events follow the product and addition rules respectively.  

Researchers have proposed a number of transformations f(pi) to examine different 

forms of subjective decision making. For example, Quiggin (1981) examined the 

cases where preferences are non-linear in probability.  

Researchers have also developed theories that replace probabilities with ‘decision 

weights’. These decision weights represent decision makers views on the overall 

attractiveness of gambles and do not necessarily obey the mathematical axioms of 

probability (Kahnemann and Tversky, 1979). Kahneman and Tversky (1979) first 

proposed decision weights as a solution to the observed failure of NM expected 

utility theory to account for real decision making behaviour. Decision weights can 

help account for phenomena such as the tendency of decisions makers to react to 

probabilities themselves rather than outcomes themselves (Jullien and Salanie, 1997). 

Holding to the more mainstream economic models, Quiggin (1981) developed 
probably the most popular extension of expected utility theory: rank-dependent 

expected utility theory. In this approach the weight attached to any consequence of a 

prospect depends not only on the true probability of that consequence but also on its 

ranking relative to the other outcomes of the prospect. Thus, the decision weights and 

probability weights are naturally separated (Starmer, 2000).  

The less conventional route taken by Kahneman and Tversky (1979) proposes a 

model of decision making that lies further from conventional economic theory. They 

propose a theory of decision making known as Prospect Theory. In this theory 

decisions are made in two stages: (1) Decision options are edited, and (2) Decision 

options are evaluated. In the editing phase, the decision maker organizes and 

reformulate the decision options in order to simplify the subsequent evaluation 

process (1979). This is done via several editing operations, including coding 
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prospects in terms of gains and losses, combining prospects with similar outcomes, 

segregating the riskless components of prospects, cancelling components common to 

multiple prospects, simplifying gambles by rounding (or eliminating rare events), 

and deleting dominated alternatives (Kahnemann and Tversky, 1979). These editing 

functions can result in inconsistent preferences and anomalies of decision making not 

predictable by EUT. The second phase of decision making involves evaluation of the 

prospects in similar manner to EUT, except that probabilities are replaced by 

decision weights (which may be functions of known probabilities). These decision 

weights “measure the impact of events on the desirability of prospects, and not 

merely the perceived likelihood of these events (Kahnemann and Tversky, 1979).”  

Decision weights are determined from subjects’ choices between different prospects, 

however these weights will not obey the standard laws of probability.   

We can see that many forms of expected utility theory now exist depending on the 

treatment of probability and utility. However, there has been a general reluctance on 

the part of agricultural economists to apply subjective probabilities (Hardaker and 

Lien, 2010). This has forced researchers to seek out probabilities for which 

substantial frequency data is available, from which the ‘objective’ probabilities can 

be estimated. It is worth pointing out that at best these frequency data give sample 

estimates of probabilities, and considering the subjective nature of selecting an 

appropriate sample the idea of objectivity quickly becomes shaky.  

Treatment of outcomes 

The expected utility model has been used in descriptive, prescriptive, normative and 

predictive fashions. In descriptive applications expected utility theory is used as a 

model of actual thought processes and also as a tool to explore those processes. In 

this scenario one would be primarily concerned with evidence from medicine or 

psychology that supported the rationality axioms of expected utility theory.  Such 

evidence could include: (1) how stimuli are attended to, encoded and stored; (2) how 

information is searched for and retrieved from memory, (3) how stimuli are 

aggregated or decomposed, and (4) how value conflicts are resolved when choice is 

exercised (Bettman, 1979). There is now a substantial body of evidence that EUT is 

misleading as a descriptive model. I focus on some of these reasons in Section 3.4. 
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Expected utility has been used within the field of economics in mainly a predictive or 

positivistic fashion. Within the positivistic view of economic methodology the 

descriptive power of EUT is secondary to its predictive skill (Friedman, 1953). 

Under this view, if EUT can make accurate predictions of decision behaviour then it 

is the right model, regardless of how divergent its assumptions are from real decision 

making processes. Observed violations of the EUT axioms in Section 3.3.1 are not of 

concern. Thus, any failure of EUT to predict behaviour can explained as a fault in the 

empirical survey (perhaps a lack controls or measurement problems) or perhaps a 

failure to employ the right type of theoretical prediction models (the wrong utility 

function or decision model). In this way expected utility theory can be difficult to 

falsify (Schoemaker, 1982). In extreme cases the positivistic view of economics is 

intricately linked with the view that all human behaviour is optimal if due 

consideration is made for all influencing factors.  

The prescriptive view of EUT, which is common in management science and 

decision analysis, recognises the fallibility of human behaviour and prescribes EUT 

as a tool for improving decisions. EUT is thus seen as a normative model. This is 

largely the context within which this thesis will apply EUT. However, while I use 

EUT to carry out my valuation of the seasonal forecast, I hold short of 

recommending the results as best action for farmers. Rather I wish to discuss the 

outcomes in light of known shortfalls of EUT, and the known farming conditions of 

the Herbert, to determine if forecasts are a viable idea.  

Having reviewed the major forms and uses of expected utility theory I now turn your 

attention to methods used for representing an individual’s utility function in applied 

studies. This knowledge will be useful later when we seek to model the decision-

making behaviour of a representative farmer in the Herbert River district.   

3.3.5 Accounting for risk aversion in decision making 

We have seen that the utility function provides a means for representing risk aversion 

within an expected utility framework. However, this requires a method to determine 

the utility functions of real people. Marshall et al. (1996) outline the four main 

approaches to doing this: (1) assume that farmers are risk neutral and that they 

attempt to maximise expected returns (Petersen and Fraser, 2001), (2) assign the 



 

 78 

farmer a specific form of utility function with its implied risk behaviour ((Messina et 

al., 1999, Marshall et al., 1996, Podesta et al., 2002), (3) apply stochastic efficiency 

criteria (Mjelde and Cochran, 1988), or (4) elicit a utility function directly from 

farmers (Baquet et al., 1976). Each of these approaches has weaknesses and strengths 

and we will now discuss each of them briefly.  

Maximise expected value 

One way to deal with risk aversion in economic decision problems is to adopt the 

neoclassical approach of ignoring it altogether. We simply assume that decision 

agents are risk neutral and aim to maximise examine expected profit with no 

consideration to the variability of the expected return. The literature shows that in 

many cases this approach can give adequate results (Petersen and Fraser, 2001). For 

many agricultural decisions the cost of ignoring risk aversion has little influence on 

the optimal decision variable and hence the optimal expected profit (Pannell, 2006, 

Pannell et al., 2000, Petersen and Fraser, 2001) 

Assign a utility function 

Alternately, we can choose to apply the expected utility approach and choose a 

predefined utility function which best describes the risk attitude of the decision 

maker. The decision maker then chooses the decision path that provides the highest 

expected utility, and the certainty equivalent associated with the maximum-utility 

path is the maximised expected profit. The analyst can then vary the relevant risk 

parameter, usually the relative risk aversion coefficient (rr), to obtain suitable upper 

and lower bounds for the value of the optimal decision. 

When choosing a utility function to describe the behaviour of a decision-making 

agent it is important to remember that different utility functions imply markedly 

different risk behaviours. Some functional forms may fit elicited utility points to 

perfection but still provide an unrealistic picture of the agent’s risky behaviour, 

particular when evaluated for levels of wealth outside the domain of utility points 

elicited in the interview. Hardaker (2004 p. 103) gives the example of the quadratic 

utility function, which is not every-where increasing, and displays increasing risk 

aversion as wealth increases. Thus, emphasis must be placed on choosing the utility 
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function which best encapsulates the risky behaviour of the decision agent, rather 

than the one that best fits the elicited utility points (for the case of direct elicitation). I 

now review some of the most commonly used forms of the utility function and 

describe their risk aversion properties. 

Risk attitude: Constant Absolute Risk Aversion (CARA) 

Negative Exponential: 

  u(w) = - e ! cw (3.11) 

where c = constant = ra(w) and rr(w) = cw (from Eqn 3.8 and 3.9).  

Exponential utility function: 

  u(w) = 1 ! e ! cw (3.12) 

where c = constant = ra(w) and rr(w) = cw (from Equations 3.8 and 3.9).  

Risk Attitude: Constant Relative Risk Aversion (CRRA) 

Logarithmic: 

  U=ln(w), w > 0 (3.13) 

where ra(w) = w-1 and rr(w) = 1.0. 

Power form:  

 
U={1/(1-r}w(1-r), w > 0 (3.14) 

where ra(w) = r/w and rr(w) = r.  Here I show the more commonly used power form. 

The logarithmic form is also useful and should be applied for values of r close to one 

to avoid the singularity inherent in Equation (3.14). 

Other functional forms not shown here include the polynomial-exponential family, 

sumex (Nakamura, 1996) and expo-power (Saha, 1993). Hardaker et al. (Hardaker et 

al., 2004) state, “While [these other functional forms] can provide the ability to 
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represent changing risk aversion, experience shows that the relatively simple 

functional forms above work well most of the time.” 

Direct elicitation of the utility function 

Alternately we can attempt to elicit decision maker’s risk preferences directly by 

presenting them with choices between risky gambles and measuring the level of 

return they are willing to trade off for a reduction in the variability of regions. In 

essence, we are eliciting a utility function that we can use to determine the level of 

risk aversion. This avoids the complexities of trying to separate risk aversion from 

many other factors in the econometric estimation. However as we will see direct 

estimation methods come with their own unique class of difficulties.  

Two of the commonly used methods for eliciting utility functions are the Equally 

Likely Certainty Equivalent (ELCE) method, and the Equally Likely Risky 

Outcomes (ELRO) method. Both these methods use what are known as ethically 

neutral probabilities, or 50:50 probabilities, which people seem to intuitively 

understand. This attempts to remove errors caused by people’s inability to correctly 

judge probabilities. After Hardaker et al. (2004) we provide the following example 

of ELCE.  

Table 3-1: Using the ELCE to estimate a decision agent’s utility function. 

Step Elicited CE Utility calculation 

1 Setting a scale U(250)=0; U(1000)=1 

2 (500;1.0) ~ (250, 1000; 0.5,0.5) U(500)=0.5(0)+0.5(1)=0.5 

3 (365;1.0) ~ (250, 500; 0.5,0.5) U(500)=0.5(0)+0.5(1)=0.5 

4 (735;1.0) ~ (500, 1000; 0.5,0.5) U(500)=0.5(0)+0.5(1)=0.5 

5 (490;1.0) ~ (365, 735; 0.5,0.5) U(500)=0.5(0)+0.5(1)=0.5 

 

Other research indicates that other variants of the ELCE including the ELCE-PH and 

the probability of winning demanded (PWD) are easier for survey respondents to 

understand than the ELCE method (Torkamani and Abdolahi, 2001). 
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Experimental elicitation of utility functions 

Young (1979) summarises several of the main objections to direct elicitation of 

utility functions and risk preferences. Interviewer bias, aversion to gambling, 

preferences for specific probabilities, problems with extraneous variables, inability to 

include non-monetary factors associated with returns (farmer life style, family 

considerations, work-life balance) and bad choice of the functional form of utility 

function can have serious consequences. One of the largest scale experimental 

studies conducted was by Binswanger (1980) who examined the risk attitudes of 240 

rural Indian households. The interview method employed was flawed with 

interviewer bias, and produced results that were completely inconsistent with those 

obtained from separate experiments. From these experiments, Binswanger (1980) 

found wealth to slightly reduce risk aversion, but the result was not statistically 

significant. The difficult encountered in this study points to the difficulty of 

obtaining reliable results through such methods. 

Direct estimation of risk aversion 

Other researchers have taken the route of attempting to estimate farmers risk 

preferences from their observed behaviour (Antle, 1989, Antle, 1983, Moscardi and 

Janvry, 1977).  One approach involves developing a model for production that 

includes some stochastic representation of the risks face by the farmer. From this we 

can potentially estimate the weighting given to these risks in the farmer’s choices 

about things such as production inputs. For example, Antle (1989), assumes that a 

farmer has constant absolute risk aversion with a utility function of negative 

exponential form. The distribution of the returns is normal. The CE is defined as the 

value of profit ! which satisfies U(CE) = EU(!), that is, the value of certain profit 

which makes the decision maker indifferent between that amount and the production 

‘gamble’ (Antle, 1989). Solving this for CE we get CE=µ1-raµ2. The ith moment of 

the returns distribution is given by µi, while ra represents the Arrow-Pratt measure of 

risk aversion. The first order conditions for maximising CE with respect to a given 

input is given by 

! 

"CE
"xi

=
"µ1

"xi
# ra

"µ2

"xi
= 0,   i =1, . . . n            (3.15) 
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where xi represents the variable inputs. If this equation were neoclassical the second 

term would be absent from the right-hand side of the equation and the CE is simply 

the expected profit. However, with the equation as it stands we see that the farmer’s 

CE deviates from the expected profit based on the marginal riskiness of a change in 

input level. The degree of deviation is controlled by the risk aversion coefficient ra, 

which represents the risk attitude of the producer. By estimating a model such as this 

using appropriate cross-sectional data from producers we can thus approximately 

gauge risk aversion. 

Another approach to the econometric estimation of risk aversion has been to analyse 

farmer decision-making in a portfolio selection framework. These studies usually 

apply a mean-variance approach more typically of how risk is treated in financial 

economics. Examples include Bardsley and Harris (1987).  

However, there are two chief problems with estimating models of the above form. 

Firstly, we are assuming that decision agents are acting in accordance with SEU 

theory. It may be unreasonable to expect that farmers have access to the same prior 

and posterior probabilities as a researcher, and that they will form their decisions 

through a rigid expected utility calculation (Hardaker et al., 2004). As I have 

discussed in Section 3.4, there is good reason to question the power or EUT as a 

descriptive theory of decision making, though it appears to be one of the best tools 

available at present. 

Furthermore, any deviation from neoclassical behaviour will be represented as risk 

aversion. If producers are deviating from EUT, for example by overweighting low 

probability, high consequence events, then this will lead to deviations from 

neoclassical behaviour which prescribes maximising profit with respect to each 

input.  Deviations of this kind will be measured as risk aversion even though they are 

unrelated to the farmer risk preferences. Furthermore, any other deviations from the 

expected profit maximising outcome will be measured as risk aversion unless an 

appropriate term is included in our estimator to represent this deviation. Hence, 

model misspecification or errors in the data are imputed to risk aversion, which can 

lead to significant distortions in assessments of the farmer’s risk attitude (Antle, 

1989).  
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Analysis with moments and stochastic efficiency procedures 

When the utility functions of a farmer or group of farmers is difficult to know, or 

unknowable, it is still possible to use certain procedures to rank risky alternatives 

(Hardaker et al., 2004). The analysis of moments and stochastic efficiency criteria 

may both be useful in this case. In this process we assume a general form for the 

agent’s utility function, including their attitude to risk, and then compare the utilities 

of different actions to find the set of ‘efficient actions’. Assuming that our 

assumptions about the utility function and decision maker’s probability distributions 

are a decent representation of the decision agent our results provide us with a set of 

efficient actions which will contain the optimal action (Hardaker et al., 2004). The 

makeup of the efficient set will depend on what we choose as our criteria for 

efficiency. I focus here on stochastic efficiency criteria, as they have been applied to 

seasonal forecasts previously (Hansen et al., 2009). For descriptions of analysis of 

moments and EV criteria the reader is referred to Hardaker et al. (2004).  

 

Stochastic efficiency criteria provide a method of comparing the distributions of two 

or more outcomes using the principle of expected utility maximisation. Pair-wise 

comparisons are made between points along two cumulative distributions of 

outcomes to determine the stochastically dominant choice – that is, which choice has 

higher expected value or is superior in other moments of the distribution.  Because 

the method only makes general assumptions about the utility function the need to 

elicit a specific utility function from the decision maker is removed. However, 

Hardaker and Lien (2003) state, “The fewer restrictions that are placed on the utility 
function, the more general applicability the results will have, but the less powerful 
will be the criterion in selecting between alternatives (Hardaker and Lien, 2003).” 

These probability distributions of profit are given by the cumulative probability 

outcome distribution functions FA(x) and FB(x). First degree stochastic dominance of 

B over A implies that one cumulative distribution lie entirely or partly (and equally 

in other places) above the other (Hadar and Russell, 1969). That is, 
 

! 

FB (xi) " FA (xi),    for all xi # X  

The only assumptions made on the decision makers utility function her are that more 

wealth is preferred to less (monotonically increasing) and that there is absolute risk 
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aversion with respect to wealth, ra(w), between the bounds                      

!" <  ra(w) < +" (Hardaker and Lien, 2003). Second-degree stochastic dominance 

of B over A requires that the area under the cumulative distribution B is greater than 

or equal to that under A. This represents a less risky option. Thus, first degree 

stochastic dominance implies the existence of second degree stochastic dominance. 

Stated formally: 

! 

FB (x)dx
x1

x

" # FA (x)dx
x1

x

" ,    for all x $ I = x1 % xn ,  where xn  is the largest value taken 

by the random variable
 

The only additional requirement on the utility function here is that absolute risk 

aversion lies between zero and positive infinity (decision maker is not risk seeking). 

Stochastic dominance calculations can be quite exacting, computationally or 

otherwise, particularly when large numbers of distributions are being compared. For 

an inefficient computer program n possible alternative choice sets will require n(n-

1)/2 comparisons to determine the stochastically dominant choice. And for each 

cumulative distribution a sufficient number of fractiles will need to be considered to 

ensure an accurate comparison. However, more efficient computer packages, which 

will delete clearly non-dominant actions from the pool of possibilities, are now 

available to carry out stochastic efficiency tests.  

3.3.6 The sensitivity of information value to risk aversion 

Of the four main techniques to account for risk aversion discussed in Section 3.3.5, 

the two most popular techniques in the literature have been to assume risk neutrality 

(maximisation of expected value) or to specify a utility function for the farmer 

(maximisation of expected utility) and vary the risk parameter to give a bounded 

estimate on the value of the forecasting information. Those choosing maximisation 

of expected value have typically argued that behavioural changes due to variance in 

returns is relatively small compared to behavioural changes due to movements in the 

mean for their particular study group, with one example being Peterson and Fraser 

(2001). Their approach is justified because in many cases the cost of ignoring risk 

aversion is relatively small (refer to Section 3.3.7).  
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The dominant approach in the literature has been to assign a utility function to the 

farmer or enterprise. Of those researchers who have assigned utility functions, the 

vast majority have applied the constant relative risk aversion form shown in Equation 

(3.9) {Marshall, 1996 #228; Messina, 1999 #229}. This function displays decreasing 

absolute risk aversion as wealth is increased, and has been shown to provide reliable 

results across a large range of problems (Hardaker et al., 2004).  By assigning a 

given utility function to the farmer the researcher can vary its concavity to examine 

how the value of the forecast changes under different levels of risk aversion. A 

minority of researchers have attempted other techniques such as applying stochastic 

dominance procedures (Hansen et al., 2009). No studies appear to have attempted 

direct elicitation of utility functions or estimation of farmer subjective probabilities 

in relation to climate. 

The literature accords with Hilton’s demonstration that there is no general monotonic 

relationship between the degree of absolute or relative risk aversion and the value of 

information (Hilton, 1981).  Messina et al. (1999) found that the value of ENSO 

information increased monotonically with relative risk aversion for farmers in the 

Pergamino area of Argentina, however the value of information in the Santa Rosa 

district decreased as the constant relative risk aversion coefficient moved above 1.0. 

The authors conclude that this behaviour results from the high probability of adverse 

climatic conditions across all ENSO phases in the Santa Rosa area. That is, farmers 

in Santa Rosa are more successful with strategies that protect against big negative-

income years. Conversely, in the Pergamino region climatic conditions are more 

favourable and strategies that allow the farmer to capitalise on good years were more 

successful. Thus, as risk aversion increases the relative benefit received from 

relaxing protective management strategies in these ‘good years’ similarly increases, 

producing a monotonically increasing relationship between EVOI and rr (w). Studies 

by Mjelde and Cochrane (1988) and Letson et al. (2005) appear to confirm this 

positive trend between EVOI and risk aversion for areas with favourable climate. In 

the case of other studies, such as Marshall et al. (1996), there is no clear relationship 

between EVOI and rr. This highlights the truth of Hilton’s (1981) remarks that 

tendencies in the value of information result from the complex interaction of many 

external and internal factors, and thus risk aversion should not necessarily be 

expected to have a consistent directional effect on its value.  
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3.3.7 The cost of ignoring risk aversion 

The choice of whether to carry out a decision analysis on a particular agricultural 

question is itself an exercise in risky choice involving tradeoffs. One of the important 

decisions to be made by the analyst is whether to include risk aversion in the 

objective function of the decision maker. To do so often adds significant complexity 

to the problem, which naturally translates into time and expense. Thus, it is helpful to 

have a prima facie or ex-ante sense of how much risk aversion might influence 

optimal management actions prior to beginning the analysis (Pannell et al., 2000). If 

the influence is expected to be small then risk aversion can be omitted from the 

model and expected value maximised instead of expected utility.   

Pannell et al. (2000) review the potential value of including risk aversion in 

assessments of risky choice. They cite two studies by Kingwell (1994) in which the 

optimal expected profit fell only slightly when risk aversion was introduced into the 

analysis. By contrast the increase in expected farm profits obtainable through 

correctly modelling tactical adjustment was significantly larger. The authors 

conclude that because the profit function is generally flat near the optimal level (for a 

given management decision), “consideration of complexities such as risk aversion, 

which only change the optimal strategy by moderate amounts, does not greatly affect 

farmer welfare (Pannell et al., 2000).” They go on to state that this principle is likely 

to hold true for most continuous decision variables (e.g. area planted, quantity 

fertiliser), while for the case of large discrete choices there is potential for risk 

aversion to become significant. Thus obtaining an accurate representation of 

expected value through complete and correct modelling of farmer tactical adjustment 

and the complex farm system should be of prime importance, with efforts to consider 

risk aversion having secondary importance.  

3.4 Problems with expected utility theory 

I have now reviewed the essentials of expected utility theory along with applied 

methods for estimating utility functions and comparing risky prospects. I now wish 

to focus on the cautioning voices that have been raised during this discussion. In this 

section I outline some of the problems with expected utility, namely its poor 

representation of many aspects of real decision making. After reviewing empirical 
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evidence that contradicts EU I look at alternate theoretical models presented for 

decision-making, the main one being Prospect Theory. I then give a comprehensive 

view of the different heuristics and biases of thought which are known to influence 

decision behaviour. These ‘irrational’ tendencies lie outside the bounds of 

mainstream economics and are not generally considered in existing seasonal forecast 

valuation studies. I highlight the importance of understanding the particular 

heuristics and biases that may apply to any particular decision scenario, in order to 

properly interpret the results of expected utility investigations.  

The descriptive power of expected utility theory has been consistently challenged 

due to observations that decision makers violate the EU axioms first proposed by von 

Neumann and Morgenstern (Neumann and Morgenstern, 1944) and later developed 

by others. The earliest and best known criticisms come from Allais (Allais, 1953), 

who highlighted common pairs of choices in which people consistently violate NM 

EUT (specifically the independence axiom). His famous Allais paradox presented the 

following choice to decision makers: 

A1  $5m with probability 0.89, $1m with probability 0.1, nil with probability 
0.01; and 

A2  $1m with certainty; 

And then between 

B1  $5m with probability 0.89, nil with probability 0.11; and 

B2  $1m with probability 0.9, nil with probability 0.1. 

Respondents mostly prefer A2 over A1 and B1 over B2. However this behaviour 

clearly violates the independence axiom of NM EUT. The only difference between 

the two alternatives in that the irrelevant choice “$1m with probability 0.1” has been 

replaced by “nil with probability 0.1” in both prospects. According to the 

independence axiom the preference order should be unchanged (refer to Section 

3.3.1).  

Interestingly, even after reflection and education many respondents continue to 

respond in similar ways. Use of EUT in a normative fashion, where we simply try to 
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educate decision makers about their deviations from rationality, appear unwise 

(Quiggin, 1981). In other experiment-based research, Tversky (1969) demonstrated 

repeated divergences from the transitivity axiom by real decision makers.  

Empirical studies have also called into question the predictive capacity of EUT. 

Kunreuther et al. (Kunreuther, 1976, Kunreuther et al., 1978) showed that many 

homeowners in flood and earthquake prone areas were subjectively irrational under 

EU maximisation in rejecting government subsidised insurance. Pashigian et al. 

(Pashigian et al., 1966) analysed consumer purchasing of low-deductible car 

insurance policies, concluding that their behaviour was irrational from the 

standpoint. Gould (1969) countered that certain types of utility functions which 

represent extreme risk aversion could explain the behaviour. This type of argument 

has been repeated with regularity and raises the question of whether it is possible to 

determine ex-ante what variant of expected utility may best apply for a particular 

decision maker. In many cases the ex-post application of the theory appears to verge 

on a postdictive methodology of economics.  

Various extension theories have since been proposed, most of which relax the 

independence axiom of traditional EUT. Probably the most successfully of these 

extension was Rank Dependent Expectedly Utility (Quiggin, 1981). Generalised 

theories appear to be better for modelling behaviour, while EUT better for 

prescriptive use.  

Rabin (2000) has pointed out that diminishing marginal returns do not explain risk 

aversion over small stakes (Rabin, 2000). In many cases individuals display extreme 

risk aversion in relation to gambles with relatively small losses and gains. Rabin 

showed that this degree of risk aversion cannot be explained by ordinary utility 

functions as flowing from the diminishing marginal utility of wealth. The corollary 

of this is that expected utility fails to adequately represent loss aversion (Hardaker et 

al., 2004 p.107). Hardaker et al. (2004, pg.107) offer as a solution the use of utility 

functions for wealth or income, which are often more plausible than those for losses 

and gains. This is called asset integration. To support the continued use of EUT they 

cite the fact that while individuals often display loss aversion or risk seeking 
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behaviour for small gambles (e.g. lottery tickets), when offered such choices 

repeatedly they become more rational in their choices. 

In conclusion expected utility theory does not describe the rational behaviour of 

decision makers in many contexts. Real decision makers utilise psychological 

processes that differ, often markedly, from the axioms of NM EUT. In reality 

decision complexity causes us to simplify decision making and resort to bounded 

rationality (Simon, 1955). The brain employs psychological heuristics to speed 

decision-making. Recognition of these non-rational elements of decision making 

behaviour, beginning first with Prospect Theory (Kahnemann and Tversky, 1979), 

spawned the field of behavioural economics. This field acknowledges heuristics and 

inefficiencies that violate standard economic assumptions and attempts to address 

economic questions using a broader array of methods. Despite the growth the field 

relatively little behavioural economics has been applied to the field of seasonal 

forecast valuation. I will now move toward a more detailed discussion of these 

decision-making behaviours that lie outside the bounds of mainstream mathematical 

economics.  

3.5 Non-rational decision behaviour 

What do we mean when we refer to ‘non-rational decision making’? First of all, and 

perhaps confusingly, we do not mean that it is irrational. The ‘non-rational’ indicates 

behaviour that does not accord with economic models of rational behaviour. As we 

have seen, many of these models are quite limited in their ability to depict real 

decision-making, but remain popular because of their desirable property of 

mathematical tractability. Real decision makers, considering multiple (sometimes 

intangible) variables, other than simply profit, may be making decisions that are 

more ‘rational’ than those predicted by expected utility theory. Researchers have 

gradually come to realise that while the human mind has the unique power to process 

decisions rationally, it is also powerfully driven by hunter-gatherer thinking styles 

that are a testament to our origins. Naturalistic decision making is a relatively new 

term, an umbrella concept, which includes decision-making behaviours outside the 

rational assumptions. The two most prominent foundations of naturalistic decision 
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making, which we will now explore further, are Simon’s idea of bounded rationality 

and Kahneman and Tversky’s investigations into thought biases.   

3.5.1 Bounded rationality and naturalistic decision making 

Bounded rationality arises from the simple observation that decisions cost time and 

energy and that information is incomplete. Rational agents may therefore rationally 

terminate a search for answers before an optimal solution has been found because 

they lack information or time, or because they simplify have limited cognitive 

powers to process all the available information. Bounded rationality describes 

behaviour in which alternatives of search have to be sought out, consequences are 

not fully known and no consistently utility function exists (Simon, 1955). Simon 

(1992 pp. 4) states,  

We know today that human reasoning, the product of bounded rationality, 

can be characterized as selective search through large spaces of possibilities. 

The selectively of the search, hence its feasibility, is obtained by applying 

rules of thumb, or heuristics, to determine what paths should be traced and 

what ones can be ignored. The search halts when a satisfactory solution has 

been found, almost always long before all alternatives have been examined.  

Indeed, Simon’s theory of bounded rationality played a crucial role in demonstrating 

how the limited processing powers of the human mind fall short of EU assumptions. 

His work coincided with other research demonstrating the empirical failure of EU 

axioms that led to a new field of behavioural economics (Kahnemann and Tversky, 

1979). Though so much of modern mathematical and empirical economics is built 

upon the idea of rationality, it can be shown that the classical assumption of profit 

maximisation is not even necessary to establish essential observations as negatively 

sloping demand curves (Becker, 1962), first degree homogeneity of production 

functions (Simon, 1951, Phelps-Brown, 1957), the long-run cost curve (Walters, 

1963, Ijiri and Simon, 1977) and the variation in executive salaries with firm size 

(Simon, 1957).   

The simple rules of thumb, or heuristics, used to speed decision-making are generally 

associated with the instinctual part of the brain referred to as System 1 (Kahneman, 
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2003). This System 1 responds rapidly and is considered an atavism to man’s hunter-

gatherer days. The heuristics employed by System 1 help one to estimate 

probabilities or consequences and form decisions quickly. These heuristics 

emphasise experiential processing and the counting of instances, rather than 

probabilities and analysis (Marx et al., 2007). The type of decision making associated 
with System 1 has been refereed to as naturalistic decision making (Lipshitz et al., 
2001). According to this school of thought optimal actions are rare and individuals 
instead employ analogous past situations and experiences to satisfice, or to find the 
first satisfactory solution (Simon, 1955). The field of Naturalistic Decision Making 
has been more focused on building better descriptive models, whereas the rational 
school was typically more prescriptive in nature (Klein, 1997 p.49). 

The different strategies employed in naturalistic decision-making are incredibly 

useful in oft-repeated, dynamic situations that involve few actors. Situation 

assessment allows experienced individuals to quickly identify the important 

components of stimuli, and thus react faster (Klein and Hoffman, 1993 p.203). This 

situation assessment may involve pattern recognition of multiple stimuli interacting 

together. Story generation, or the concise development of a plausible story to explain 

discrepancies between observations and expectations, is crucial to decision makers 

facing new problems (Cohen et al., 1996). Finally mental simulation is often used to 

evaluate the course of action proposed by the mind. These naturalistic decision 

making tools are shown on the left side of Figure 3-4. They are by no means an 

exhaustive list of potential strategies, but simply some major ones identify repeatedly 

in field studies of real decision makers. These naturalistic decision strategies are all 

prone to decision biases, particularly in more complex situations involving multiple 

actors (shown in centre of figure). In a sense, the defining attribute of naturalistic 

decision-making is that heuristics and biases are systemic and critical to decision 

making, not merely aberrant deviations from rationality. Thus, naturalistic decision 

making is decision making using heuristics.  

The rational school of thought, which as been heavily favoured in economics, 

considers decision making to be the product of the brain’s System 2 which is 

responsible for more rational, reasoned thought (Kahneman, 2003). The various 

processes involved in this more analytic style of decision-making tend to require a 
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heavier investment of energy and longer time periods to carry out.  The components 

of rational decision-making are shown on the right of Figure 3-4, and roughly 

correspond to those presented earlier in Figure 3-1.  These thought processes are also 

subject to decision making biases as various heuristics sneak into different stages of a 

decision (Rehak et al., 2010). Kahneman (2003) attributes to System 1 the role of 

monitoring and overlooking System 2, arguing that all people are capable of using 

one or the other at any given time, but that System 1 often wins out due its more 

primal and immediate responses. I will now examine some of the common decision 

heuristics and how they are capable of biasing both naturalistic and rational decision-

making processes. For a more detailed unpacking of common decision biases and 

how they might influence seasonal forecast use, the reader is referred to Appendix 

B4.  
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Figure 3-4: Naturalistic and rational decision making processes and the influence of 
heuristics. 

3.5.2 Biases in naturalistic and rational thought 

Research in psychology has catalogued many of the known heuristics employed by 

decision makers (Kahnemann and Tversky, 1974). While these heuristics can speed 
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and simplify decision making, they can also bias outcomes in ways that are not 

helpful. The complex scenarios often faced by the users of forecasts are perfect 
breeding grounds for many of these biases. We briefly review three major decision 
biases to give the reader an idea of how they may influence both rational and 
naturalistic decision-making. For a deeper analysis of these biases and others, the 
reader is referred to Appendix B4.  

Representativeness 

Imagine you are given the following description, “Steve is very shy and withdrawn, 

invariably helpful, but with little interest in people, or in the world of reality. A neat 

and tidy soul, he has a need for order and structure, and a passion for detail 

(Kahnemann and Tversky, 1974).” How would you assess the probability of Steve 

being a librarian? Experience suggests that most people assess it vey highly, even 

when told that Steve is chosen from a population containing very few librarians. 

According to Kahneman and Tverskey (1972), “a person who follows [the 

representativeness heuristic] evaluates the probability of an uncertain event, or a 

sample, by the degree to which it is: (i) similar in essential properties to its parent 

population; and (ii) reflects the salient features of the process by which it is 

generated.”  When people detect something representative in an event they tend to 

immediately label that event, unconsciously ignoring base rates, misconceiving 

chance and misunderstanding regression.  

The representativeness bias is likely to affect most stages of rational and naturalistic 

decision making. In the rational case, representativeness may bias information 

search, and the attention give to different information sources. For example, 

premature assumptions about the type of information being viewed, similar to the 

librarian example above, could lead to miscategorisation of evidence. Misconceived 

notions of probability could easily bias the process of weighting criteria and 

estimating outcomes. For example, a series of wet years could convince the farmer 

that the probability of a dry year is high, thus lead to underweighting of wet 

forecasts. In naturalistic decision-making, the situation assessment and pattern 

matching processes appear particularly susceptible to representativeness bias. 

Elements of scenarios common to prior experiences may lead to a premature 

judgement of what is being experienced (Rehak et al., 2010). This can lead to false 
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story generation and inappropriate mental simulations. In short, along with the 

availability bias, the representativeness bias is expected to be one of the most 

pervasive of influences in most stages of decision making.  

Anchoring and adjustment 

If you were exposed to a random number prior to being asked questions to which you 

did not know the answer, such as what is the number of African nations in the UN, 

would this random number bias your answers? Research shows that overwhelmingly 

it does (Russo and Schoemaker, 1989). The anchoring heuristic describes the 

tendency of decision makers to make guesses by adjusting from pre-existing mental 

‘anchors’. Often these anchors are completely unrelated to the problem at hand. Pre-

existing beliefs of farmers and other forecast users are likely to play into many 

aspects of rational and naturalistic decision-making. For example, consider a 

seasonal forecast is issued for wet weather. Farmers may falsely judge the probability 

of damaging conditions to be very high due to a significant past event (availability 

bias) and then anchor on this estimate, failing to adjust sufficient for the coming 

conditions.  

Availability  

In the availability heuristic, decision makers judge the probability of an event 

occurring by the ease with which it can be brought to mind (Kahnemann and 

Tversky, 1974).  An event may be extremely rare, yet if its imprint on the psyche is 

sufficient strong because it was a very memorable event, a decision maker may judge 

it to be very likely to re-occur. Extreme weather and climate events are more 

memorable and will likely form the basis for availability biases. An example in sugar 

cane may be the occurrence of extreme wet years. These occur mostly during the La 

Niña climate cycle and can lead to large losses of cane and reductions in farm profits. 

A farmer who has experienced such a memorable loss may assess the probability of a 

similar disaster occurring as high each and every time he (she) receives a La Niña 

forecast. Availability biases may influence the search for, and attention given to, 

information. The weighting and evaluation of decision criteria are also vulnerable. In 

the more naturalistic decision making the availability heuristic is widely applied to 

quickly categorise the probabilities associated with a new event. In simple situations, 
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such as crossing the street, this is likely to work well. As situations become more 

complex the distortion of situation awareness and story generation may be more 

harmful.  

Naturalistic decision making in forecast studies 

The decision biases mentioned here are still very much under exploration, and the 

variegated ways in which they affect different aspects of decision-making, and 

interact with each other, are still not well understood. In the published works on the 

value of climate forecasts there is a dearth of consideration for non-rational 

behaviours. The one available example is Mjelde et al. (1988), who assesses the 

effect of changing prior knowledge on forecast value in east-central Illinois corn 

production. Other studies apply the standard assumption that the farmer’s prior 

climatic knowledge is equal to the historical climate probability density function. 

This is despite Kahneman and others demonstrating that people often develop an 

inaccurate picture of historical probabilities (Kahnemann and Tversky, 1979). If a 

reasonable case can be built for the presence of certain heuristics in sugar cane 

farmers then it would seem wise to attempt to incorporate them into any rational 

model applied, if only as a sensitivity analysis. We return to this topic in Chapter 6, 

where we introduce decision biases into our rational models of information value.  

3.6 Conclusions 

This chapter has reviewed the economic theory of decision-making and how this 

applies to the valuation of seasonal climate forecasts. Despite weaknesses in its 

foundations, and observed empirical deviations, NM EUT has been widely applied in 

economic valuations of seasonal climate forecasts. The central reasons appear to be 

the convenience of a tractable solution, and the ease of estimating farmer 

probabilities from historical frequency data. The latter avoids the messy and 

complicated process involved with using subjective probability, something that has 

not been attempted in the field due to the major methodological difficulties. Turning 

to the positives, EUT has allowed researchers to develop a wide range of estimates of 

forecast value in locations around the world. This has been helpful in establishing 

initial knowledge about climate forecasts and where they may be most valuable.  

However, existing studies focus heavily on dry land crops such as wheat and maize, 
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and little consideration has been given to crops grown in the dry or wet tropics.  It is 

the opinion of the author that an investigation into the value of seasonal forecasting 

in sugarcane would provide valuable information, not only for that industry, but also 

for the wider field of forecast valuation. Utilising the standard rational models for 

this investigation would provide initial estimates and also allow easy comparisons to 

studies considering other crop types and locations.  

From my research into different methods for accounting for risk aversion I note that 

various methods have been developed to estimate utility functions for farmers in 

formal decision analyses. Most of these methods could feasibly be used in the 

present investigation. Observations of the relative unimportance of risk aversion in 

many agricultural decisions mean that specifying a utility function may save the 

effort of attempting to elicit utility functions from farmers when risk preferences 

have little influence.  

Lastly, it is clear the gains in knowledge obtained thus far by those estimating 

forecast values come at the expensive of ignoring potentially significant farmer 

psychology with the potential to bias those estimates. Some researchers have 

attempted to account for this, though only one appears to have done so quantitatively 

(Mjelde et al., 1988). I conclude that a major difficultly in valuing forecasts is the 

assumption that when given a probabilistic forecast a farmer will follow rational 

economic behaviour (Ash et al., 2007). There is also a need for studies that give in-

depth consideration to the critical assumptions made during the course of a forecast 

valuation. Assumptions made about economic, political and social environments are 

often unrealistic.  

In sum: the survey of the literature thus far in Chapters 2 and 3 indicates that the 

literature could be served by a new investigation that: (1) considers the value of 

seasonal forecasting in sugarcane using both expected profit and expected utility 

methods, so as to provide a comparison with existing studies which utilise the same 

method, and (2) provides a more detailed examination of assumptions made in 

forecast valuation studies, particularly those relating to farmer psychology, to 

determine whether our expectations of forecasts can realistically be expected to 

materialise. The latter (2) implies that though I may utilise expected utility theory I 
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do so in recognition that such a study is not normative. One should not expect 

farmers to follow conclusions from studies that utilise decision-making rules 

different to their own.  An examination of possible variations from rational behaviour 

could provide interesting insight into how information value may vary when 

forecasts are actually implemented.  
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4 EXPECTED PROFIT MODEL  

THE ECONOMIC VALUE OF CONDITIONING HARVEST START 

DATE ON LONG LEAD SEASONAL CLIMATE FORECASTS 

 

Osborne, J., Stoeckl, N.E., Everingham, Y.L., Inman-Bamber, N.G., Welters, R.  

(2011) The economic value of conditioning harvest start date on long lead seasonal 

climate forecasts. Paper published in the Proceedings of the Australian Society of 

Sugar Cane Technologists, 33.   

 

Abstract: This short paper is directed towards readers with general interest in the 

sugar industry but no specialist training in economics. It is designed to communicate 

initial estimates of forecast value to those in the sugar industry who may use this 

information. The paper explains the basic methodology of how APSIM was used to 

generate estimates of farm profit (refer to Appendix A for more details). The farmer 

is assumed to choose the forecast strategy that maximises expected profit. To 

determine information value the forecast strategy is compared to the current standard 

industry strategy in which harvesting starts on the 175th day of each year (historical 

average). The reason for using the standard strategy here is that industry does not 

currently determine start date by maximising over all historical weather years 

(climatology strategy) and thus the returns presented here represent perhaps the more 

realistic gains to be had from forecasting. Under this condition the forecast provides 

value not only through the prediction component, but also because it conveys 

information about climatology (helps farmers maximise over past and future 

climate). I note for the reader that the introduction covers similar territory to 

elements of Chapter 1.  

 

 



 

 101 

4.1 Introduction 

Climate is viewed by most farmers in the Ingham region of Northern Queensland as 

their greatest source of agricultural risk (Johnson, 1995). Climate directly affects 

crop size and quality through variables such as rainfall and radiation. However, 

climate also imposes indirect costs on farmers through the ‘moving target’ effect, 

whereby farmers make management decisions without knowledge of the future 

climate under which these decisions will ultimately be realised (Meza, 2008). 

Furthermore, the uncertainty of future climate leads risk-averse farmers to engage in 

costly protective management strategies designed to limit variance in their returns.  

Nonetheless, it is possible that costs due to the moving-target effect and protective 

management strategies could be reduced through the use of seasonal climate 

forecasting technology. Farmers can use climate forecasts to revise their prior 

expectations of climate and develop management actions that are better suited to the 

coming climate. This may involve implementing risk management strategies to 

defend against extreme events or relaxing management strategies to capitalise on 

favourable conditions.  

There is now an extensive literature on economic valuation of climate forecasts 

(Meza, 2008). However, to the best knowledge of the authors, no published study has 

considered the value of forecasting to sugarcane within the context of a 

comprehensive farmer decision model. There is a clear need to examine the potential 

economic benefits of ever-improving climate forecasting techniques on the sugar 

industry in Australia.  

Cane farmers could apply climate forecasts to improve their decision making across 

a range of management actions such as planting, harvesting, plough-out and the 

appropriate application of herbicides (Everingham et al., 2002). In particular, actions 

relating to the commencement and organisation of the annual harvesting season have 

been at the forefront of the industry’s mind. The 1998 La Niña season, and the 179 

million dollars damaged it is estimated to have caused, focused industry attention on 

whether suitable seasonal forecasts could have mitigated these losses. With future 

knowledge of heavy later rains, farmers and industry could have prepared by 

commencing the harvest earlier, harvesting lower lying blocks earlier and rethinking 
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planting strategies. However, major restructuring of the harvest schedule would 

require the seasonal climate forecast for September-October-November (SON) to be 

available in January/February, which until recently, was not possible.  

New seasonal climate forecasts developed by Clarke et al. (2009) are capable of 

predicting the climatic phase in SON from as early as January. This is achieved by 

using wind indices and sub-surface sea temperatures to augment the traditional 

indicators of the El-Niño Southern Oscillation (ENSO) phenomenon that typically 

break down over autumn. So, there is now potential for important aspects of the 

harvest, such as the starting date, to be conditioned on long-lead climate forecasts.  

I consider the case where a three-phase forecast for SON is given to the farmer in 

January of that year.  The farmer is then free to adjust the start date of his harvest 

according to this information. Here I am representing an ideal harvesting scenario 

where farmers have flexibility to choose their own start date independently of the 

mills. While I recognise this is contrary to the current strategy whereby the start date 

is determined collectively, it provides us with a picture of the potential benefits 

available from the technology were a flexible harvesting arrangement possible5.  It 

also allows us to view benefits from the standpoint of the individual producer, which 
                                                

5 Forecast conditioned harvest scheduling would most likely be implemented in the context of a 

geographical harvesting operation where areas of peak sugar concentration are harvested prior to areas 

of lower sugar content. Such a strategy is favourable in the Herbert region because there is a marked 

geographical differentiation in CCS behaviour (SRDC, 2006). The northern areas around Macknade 

Mill (see Figure 2-6) have relatively high CCS early in the season and more problems with severe wet 

weather towards the end of the season. This predisposes the Macknade region to an early harvest. In 

contrast the Bambaroo region is believed to have relatively lower CCS earlier in the season and a 

better finish to season weather-wise. It is therefore predisposed to a later harvest. Those pushing for 

geographic harvesting have argued that given adjustments in infrastructure and controls to ensure 

equity, there is scope to focus harvesting resources in areas of high CCS in a more optimized fashion 

(Higgins 2004). Forecasting would feed into geographic optimization model by signaling which years 

are most likely to have wet finishes. In years where wet finishes are not predicted it may be less 

advantageous to follow the Mackande-early-Bambaroo-late strategy.  
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is would be important to know before implementing any such forecast. The harvest 

decision is also not dissimilar to other decisions, particularly the decision on when to 

plant a new cane crop, and thus may have valuable lessons to translate. By 

considering the individual level the study does not forgo the possibility of assessing 

aggregate benefits; by scaling the results up to regional level, using various 

assumptions, we can assess the regional benefits of forecasting. 

The aim of this study is to determine the value of forecasting information to the 

average cane farmer if he could condition his harvesting start date based on a 

seasonal climate forecast of conditions in SON. We hope to determine whether 

conditioning the crushing start date on a seasonal climate forecast yields increased 

profits to farmers over the medium to longer term. That is, are the big gains 

potentially available in predicting years like 1997-8 outweighed by losses in other 

years where the forecast is less effective? 

4.2 Materials and methods 

The study method incorporates climatic, agronomic and economic components (see 

Figure 1). The climatic component involves obtaining suitable historical weather sets 

over which to simulate the forecast performance, as well as the development of the 

forecast signals themselves. In the agronomic component farm yields are simulated 

over the historical weather period for all possible start dates a farmer could choose 

for the harvest. In the economic model the optimal harvest start dates are chosen such 

that the farm profit is maximised.  
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Figure 4-1: The various steps in the forecast valuation. 

4.2.1 Study area 

We model two cane farms of 100 ha in size (the average size as determined by 

analysis of Herbert GIS data), one assumed to be located near the Macknade Sugar 

Mill, which receives rain equivalent to the Macknade weather station (station 32032, 

latitude -18.66oS, longitude 145.15oE); and one located in the Bambaroo region, 

which receives rain equivalent to the Bambaroo weather station (station 32001, 

latitude -18.59oS, longitude 145.17oE).  
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Historical weather series 

To value a forecasting system ex-ante we have to simulate its performance over some 

period of historical weather data. The published studies evaluate forecasting systems 

over a wide range of different historical weather periods. Some studies in the 

literature attempted to value climate forecasts over very short periods of time, for 

example Fox et al. (1999) examined only 2 years . Such a time period is insufficient 

to value a forecast because the full spectrum of possible climatic outcomes cannot be 

realised within a two-year period. Only by observing the performance of the forecast 

over a reasonable sample of the possible climatic conditions can we expect to 

accurately gauge its performance. Most studies used historical weather series of 

between 20 and 100 years in length.  

For the above reasons I use a 28 -year study period. Historical daily weather data was 

collected for the study period of 1981-2008 to perform the agronomic simulations. 

The daily data collected from the SILO database included information on rainfall, 

radiation, evaporation, vapour pressure, and maximum and minimum temperatures. 

Missing weather data were in-filled using spatial interpolation as outlined in Jeffrey 

et al. (2001). 

4.2.2 Agronomic component 

Measuring biophysical impacts 

To place a figure on the value of any farm management strategy we require some 

method for representing the biophysical changes in the crop with and without the 

forecast management strategy.  This problem has been approached in two primary 

ways: statistical estimation (using historical crop data) and crop simulation 

(deterministic approach). . 

Examples of studies that employ historical crop data are rare. Everingham et al. 

(2011) use data in-filling procedures and synthetic data to carry out a forecast 

valuation for sugarcane. The paper of Everingham et al. (2011) uses real yield data 

from a cane farming region to simulate the valuing of conditioning the annual sugar 

harvest season on ENSO forecasts designed specifically for the region. As yield data 
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was not available over the whole study period it was necessary to develop synthetic 

yields with statistically properties similar to the available yield data. The yields were 

then assigned according to the ENSO phase that occurred. The danger here is 

producing a circular analysis, as ultimately it is the influence of the ENSO phase on 

yields that we are gauging as part of our analysis. Everingham et al. (2011) partially 

treat this problem through the application of bootstrapping techniques to assess the 

confidence of the results. Another potential issue with using historical data is that we 

probably limit the number of management decisions we can consider in our analysis. 

This is because we only have data available for limited number of management 

decisions actually made in the past.   

Because of these types of difficulties, researchers have thus tended to apply crop 

simulation models and a large number of studies have taken advantage of the breadth 

and flexibility this approach allows {Hansen, 2009 #235; Letson, 2005 #202; 

Marshall, 1996 #228; Messina, 2006 #298; Messina, 1999 #229; Meza, 2003 #258}. 

These models allow the simulation of crop growth under historical weather 

conditions and any set of farmer management actions. The crop outcomes under 

different management actions can thus be easily compared. In practice the 

counterfactual action (for example, what the outcome would have been without a 

certain management action) would have been difficult, if not impossible, to 

determine using historical data.  

The crop simulation model 

To calculate the farm yields achieved under the different possible start days I 

employed the sugarcane module of the Agricultural Production Simulator (APSIM) 

(Keating et al., 1999). APSIM allowed us to simulate interactions between crop, soil, 

climate and management over the historical weather series. Using APSIM I 

determined the crop size and CCS level of each farm for every day in the historical 

weather set. Further information on APSIM and the simulations carried out is 

included in Appendix A.  

At each site I consider two different soil types: yellow chromosol, which has a high 

soil water capacity and represents the best soils of the region; and red dermosol, 

which has a lower soil water capacity and represents the worst soils of the region. In 
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addition to modelling soil conditions, I also considered behaviours relating to the 

physiological response of sugar cane to available nutrients and weather conditions. 

This included inserting code to simulate the water table effects and cane lodging 

behaviour.    

4.2.3 Economic component 

Once APSIM had been used to generate CCS and yield (t/ha), I used these agronomic 

results to determine the value of the farmer’s crop on any given day.  To do this I 

assumed the following:  

• The price of sugar was assumed to remain constant at $300/tonne, 

which is equal to the average historical price over the study period.  

• The cane price received by the farmer on any given day was 

calculated using the industry cane payment formula. 

• Farm costs were developed in consultation with industry using the 

Farm Economic Analysis Tool (FEAT) developed by the Department 

of Primary Industries and Fisheries in conjunction with BSES 

Limited. Farm costs include a fixed component relating to expenses 

such as administration, rates, owner’s wage and land preparation; and 

a variable component relating to harvest expenses. Costs were 

averaged over a four-year ratoon/plant cycle.  

I then calculated the farmer’s annual profit under every possible season start date. 

This profit is the sum of the value of all the harvested days minus costs. I assume that 

the farmer’s crop is harvested over a 161-day period, which is the average season 

length in the Herbert. A constant area of their crop is harvested each day. I assume 

that harvesting can occur no later than the 357th day in the year, which is the latest 

historical finish to harvesting.  

Furthermore, I define some days as un-harvestable due to wet weather. Un-

harvestable days are determined according to the industry decision rules described by 

Everingham (2009). Thus, the farmer may be unable to harvest his full crop before 

the season’s end if a sufficient number of un-harvestable days occur. Thus our model 

includes three potential costs of heavy late season rains: the costs of crops being left 
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standing (not harvested), the costs related to changes in commercial cane sugar 

(CCS), and the costs of damage due to lodging. Cane lodging was simulated 

according to the rules previously formulated by researchers in the local area in which 

lodging occurs when biomass and rainfall occur in one of several damaging 

combinations (wind effects are included implicitly in the formulation) (Inman-

Bamber, 2007).  

4.2.4 Climatic component  

I consider three different management strategies available to the farmer. In the 

default strategy the farmer begins the harvest each year on day 175 regardless of the 

climate. Day 175 is the average industry start date as determined from historical 

records in the Herbert. For the forecast strategy I assume that in January the farmer 

receives the climate forecast of Everingham et al. (2008) for SON of that year. There 

are three possible forecasts: La Niña, Neutral or El Niño. When the farmer receives 

the forecast he chooses the start day that maximises expected profit under that 

particular forecast. In the perfect forecast strategy the farmer receives an accurate 

prediction of the ENSO phase for SON in January. This perfect strategy represents 

the scenario where the climate forecast has perfect accuracy in predicting ENSO 

phase.  Once again, the farmer chooses the start day that maximises expected profit 

under each particular forecast. 

4.2.5 The value of information 

The value of the forecasting information is equal to the average profit obtained when 

the farmer has access to the climate forecasting system (forecast strategy) minus the 

average profit obtained when the farmer does not (default strategy). The average 

value of information, AVOI, is: 
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is employed. The average value of information is thus the average profit boost 

provided by the forecast over the 28 years given in units of $/ha. 

4.3 Results 

4.3.1 Currently available forecast  

I now consider the value of the forecast strategy in comparison to the default 

strategy. All results are shown as the average increase in returns over the study 

period in units of dollars per hectare. Table 4-1 and 4-2 show the optimal start dates 

conditioned on the forecast and the increased profits that flow from these changes 

respectively. 

When viewed across all phases, the forecast strategy can increase average returns 

significantly over the default strategy, particular in good soils. An increase in farm 

profit of $33/ha is achieved in the good soil of the Bambaroo region, while a boost of 

$22/ha is experienced in the good soil of Macknade. The value of information across 

all phases for the poor soils was somewhat lower, reflecting the reduced capacity of 

these enterprises to take advantage of the El Niño forecast in the same way as the 

enterprises with good soil.  

Table 4-1: Optimal start days predicted by the model under the forecast strategy. 

Macknade Bambaroo 
 

Poor soil Good soil Poor soil Good soil 

Forecast Strategy 
  La Niña 174 177 175 176 

  Neutral 173 181 180 181 
  El Niño 179 185 178 179 

Default strategy 175 175 175 175 
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Table 4-2: Average value of the forecast strategy over the period 1981-2008 ($/ha). 

Macknade Bambaroo 
 Poor soil Good soil Poor soil Good 

soil 

Forecast 
Strategy     

  La Niña 0.44 0.74 0.00 3.50 

  Neutral 0.23 16.75 6.18 46.53 
  El Niño 16.60 61.37 9.79 48.63 

All phases 4.39 22.76 5.10 33.23 
Percent change 
gross margin 0.68 2.10 0.82 3.79 

 

In years where the forecast was El Niño the model predicted that optimal farming 

practice involved shifting back the harvest start date (Table 4-1). In years where 

conditions are dryer in SON, the APSIM results, along with the industry data, show 

that higher CCS conditions often occur. The El Niño forecast signal is a good 

predictor of these low rainfall years. Thus, the model predicts that by shifting the 

start date only slightly later in years where the forecast is El Niño, farmers can 

successfully capture the higher CCS conditions occurring in dryer years.  El Niño 

forecasts boosted profits by $61/ha in Macknade’s good soil, and almost $50 /ha in 

Bambaroo’s good soil. The poor soils were less able to take advantage of the El Niño 

forecast as the lower soil water capacity tended to lead to reduced crop yields or even 

crop failures during the drier winter months of this phase.  

Start dates under the Neutral forecast also tend to be shifted later than the historical 

average, but not as late as under the El Niño forecast. Interestingly, the forecast 

appears to have relatively low value under La Niña conditions, with the maximum 

value of information being $3.50/ha in the good soil of Bambaroo.  
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4.3.2 Perfect forecast 

When the prediction of ENSO phase is always correct the value of the forecast 

increases substantially in La Niña years for farmers with poor soils. By removing 

inaccuracy in the forecast, I remove the extra layer of uncertainty between the state 

of the climate and the forecasting signals received by the farmer, meaning that better 

decisions can be made.  

The varied way in which an increase in forecast accuracy affects the different 

scenarios is indicative of a high degree of intra-phase climatic variability. For 

instance, in Macknade’s poor soil the increase in information accuracy produces a 

15-fold increase in information value, while in Bambaroo’s poor soil the increase is 

approximately 2.5-fold (Figure 4-2). The value of the perfect forecast was actually 

lower than the imperfect forecast in the best soil of Macknade. Intra-phase climatic 

volatility refers to the range of different climatic outcomes that can occur within a 

given climatic phase. That is, even if a year is predicted to be La Niña, it does not 

follow that high rainfall will necessarily occur – in some years high rainfall will 

occur and in other years rainfall may be average or even low. Therefore, it is not just 

the accuracy of the forecast that is important (i.e. whether a La Niña prediction is 

followed by a La Niña phase) but also the range of climatic conditions that can occur 

under a given prediction. 

Table 4-3: Optimal start days predicted by the model under the perfect forecast 
strategy. 

Macknade Bambaroo 
 

Poor soil Good soil Poor soil Good soil 

Forecast Strategy 
  La Niña 166 177 166 173 

  Neutral 173 181 180 182 
  El Niño 179 182 178 179 

Default strategy 175 175 175 175 

 



 

 112 

 

 

Figure 4-2: Average value of the currently available forecast versus the perfect 

forecast over the period 1981-2008. 

4.4 Discussion 

The results show that even for an optimal decision maker the value of forecasting 

information is quite modest. When the forecast value is expressed as a percentage of 

farm profit, the peak improvement in profits is 2.77% for the currently available 

forecast, and up to 4.7% for a perfectly accurate forecasting system. The absolute 

value of forecast benefits was in most cases slightly higher on per-hectare terms than 

other Australian studies which examined wheat (Marshall et al., 1996, Abawi et al., 

1995) and mixed cropping (Petersen and Fraser, 2001). Marshall et al. (1996) found 

mean information values of $3.52-3.38/ha for a perfect forecasting system in wheat, 

while Peterson and Fraser (2001) estimated the value of a forecast that reduced 

climatic uncertainty by 30% as $1.23/ha for Western Australian farmers.  

The low information values can be partially explained by the limited scope of the 

present study - I have only considered one of the many possible farm actions (timing 

of harvest) that could be conditioned on a forecast. Other actions that could be 

improved through climate forecasting information include timing of planting, 
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herbicide application, fertiliser application, irrigation and plough out strategies. 

However, the low valuation results are also a function of the limited power of the 

forecast in predicting localised conditions. Even when the forecast perfectly predicts 

the climatic phase there is still a relatively high degree of climatic variability within 

that phase. Or to put it differently, just because a La Niña phase is predicted, does not 

mean that damaging climate conditions will occur as in 1998 or 2010. In fact, in 

many La Niña years, growing conditions may be good. Thus, the inaccuracy or lack 

of resolution in the forecast limits its value.  

With the currently available forecast technology, there appears to be little value in 

substantially shifting forward the start of the season harvest in years predicted to be 

La Niña. While such action may provide benefits in extremely wet years such as 

1998 or 2000, these gains are likely to be offset by corresponding losses when the La 

Niña events are less severe. Thus, the advice of this initial model is one that may be 

particularly unpalatable: over the long run one must simply absorb low-probability, 

big-damage years like 1997/8. In this light, industry may need to focus on other 

preventative measures to mitigate losses in extreme years, such as advanced 

harvesting technology that has the potential to limit damage from soil compaction 

and thus allow harvesting on more days that are currently “unharvestable”. However, 

I must mention that our model did not consider multi-year damage effects of heavy 

rainfall events including failed plantings and reduced yields in subsequent years. To 

truly gauge the benefit of forecasts in La Niña years these other costs should be 

considered.  

While this study provides figures for an archetypical cane farm I can tentatively 

estimate industry revenues from the results. If I assume that each of the four 

combinations of location and soil type represent one quarter of farms in the Herbert 

region I can estimate the value of the forecast across the region as $700,000/yr over 

the 27 year study period.   

Because the forecast value is strongly dependent on soil type it may vary 

significantly across the Herbert which is known to have highly spatial heterogeneous 

soil conditions (Wood, 1984). Shifting the harvest start date uniformly across the 

whole region would be unlikely to capture the full benefits of using a climate 
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forecast. Rather, what would be needed is start days tailored to suit the weather and 

soil conditions present in different areas of the region. Thus, future research will 

need to target how forecast information and recommendation should be 

communicated to farmers in different areas based on the spatial disaggregation of 

forecast value. Ideally, economic decision models that include climatic information 

can be coupled with geographical harvesting strategies such as those presented by 

Higgins et al. (2004), which also consider the various constraints in the harvesting 

process. By improving the quality of the yield predictions using climatic information, 

and by incorporating all relevant constraints, the harvesting optimisation would be 

more likely to yield successful results on the ground.   

4.5 Conclusions 

This study has demonstrated that seasonal climate forecasts currently available to the 

sugar industry have potential to boost farm profits if flexible harvesting arrangements 

are present. The forecast generates most of its value by allowing farmers to start 

harvesting later in years where El Niño conditions are predicted. A perfect forecast 

maintained this value but also allowed farmers with poorer soils to generate value by 

starting the harvest earlier in La Niña years. By comparing the current available 

long-lead forecast with a perfectly accurate forecast the study demonstrated that there 

is benefit in attempting to improve the technical accuracy of the current three-phase 

forecast. The central point to emerge from the study is that forecast value is highly 

variable spatially depending on the soil type and the degree of correlation between 

local weather and the ENSO phase. Therefore, producing forecasts with a higher 

degree of spatial resolution or with more reliable forecasting signals will be crucial to 

the future success of this technology.  
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4.6 Summary Chapter 4 

•   Despite these meteorological advancements relatively little research has 

examined the ‘on-the-ground’ economic impact of these forecasts. This 

lack of quantitative knowledge creates an atmosphere of uncertainty about 

whether cane growers should alter their behaviour in response to the 

forecast.   

•  I developed an agronomic-economic model of the average cane farm in 

the Herbert River district to determine the economic value of scheduling 

the annual harvest start date based on seasonal climate forecasts.  

•  Results indicate that the value of seasonal forecasts when used in this 

manner is modest with respect to the farmer’s annual profits.  

•  The central limiting factor appears to be the reasonably high degree of 

climatic variability that can still occur within each climate phase predicted 

by the forecast. 

•  The forecast value is also dependent on soil type and therefore likely to be 

highly variable spatially.  

•  This highlights the need to better understand how the forecast would be 

communicated and changes implemented within the context of the harvest 

scheduling framework and other farm management decisions. 
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5 EXPECTED UTILITY MODEL 

THE ECONOMIC VALUE OF SEASONAL CLIMATE FORECASTS 

FOR SUGARCANE GROWERS: AN AUSTRALIAN REGIONAL STUDY 

 

Osborne, J.A., Stoeckl, N.E., Everingham, Y.L. (In Review) Agricultural Systems, 

The Economic Value of Seasonal Climate Forecasts for the Sugarcane growers: An 

Australian Regional Study. 

 

Abstract: This paper is intended for audiences with more specialised training in 

economics. It extends the expected profit model of the previous paper into a full 

expected utility model that can account for different levels of farmer risk aversion. 

The value of forecast information is expressed in the pure (economic) form, that is, 

the difference between the forecast strategy and the climatology strategy. In this way, 

the forecast is compared against the best result the farmer could possibly achieve 

without any forecast information. The results are subjected to a number of sensitivity 

analyses and extensions. I analyse the variation of information under different prices, 

forecast accuracies/types and risk behaviour. I also analyse information value under 

new realizations of climate in a similar fashion to Letson et al. (2005), also 

introducing stochastically varying prices. This ‘forward looking’ analysis of forecast 

value permits negative information value and gives us a stronger picture of the true 

robustness or fragility of the forecast. 
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5.1 Introduction 

In agricultural settings, the forecast problem is often analysed using expected utility 

theory (EUT) and thus generally reduces to that of an individual farmer, subject to 

various constraints, choosing from a set of possible management actions. If the 

farmer receives forecast information which is sufficiently timely and accurate, and 

appropriate coping mechanisms exist, then the farmer may choose to tailor his 

management actions to suit the expected range of weather variables, theoretically 

generating a better outcome than if the farmer solely relied on historical averages 

(climatology).  

 More formally, EUT assumes that the farmer has a specific attitude to risk, 

encapsulated in his utility function, and a set of prior probabilities regarding climatic 

outcomes and their ensuing results. These prior probabilities are in reality subjective 

- a product of farmer intuition - but in forecast valuation studies are usually assumed 

equal to frequency data from climate records (Meza, 2008). From these prior 

probabilities the farmer is able to determine the optimal no-information strategy, 

which is the action that gives the highest expected utility across all historical climate 

states.  Upon receipt of the climate forecast, the farmer’s knowledge is updated using 

Baye’s Theorem by calculating the posterior probability of different climate events 

occurring given that a certain forecast has been issued. The optimal forecast action is 

then given by summing the utilities of the payoffs under each possible climatic 

outcome, each weighted by their respectively posterior probability. Provided that the 

forecast narrows the farmer’s prior probability distributions regarding the current 

year’s climate, and he (she) has real management options with which to respond, the 

forecast will yield increased value6. The value of the forecast is thus equal to the 

expected utility maximizing wealth obtained with use of the forecast, minus the 

expected utility maximizing wealth obtained when the farmer uses only climatology 

(Kite-Powell and Solow, 1994, Thornton, 2006, Hansen, 2002). 

                                                

6 This process can be applied for an imperfect forecast, in which case we expect less revision of the 
prior probabilities, or a perfect forecast, in which case the posterior Bayesian probability of the 
forecast climate state occurring is equal to one.   
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Under the Bayesian EUT framework, the value of information will be affected by the 

flexibility of the decision set, the structure of the DM’s payoff function, the DM’s 

initial wealth, the degree of uncertainty in the prior state, and the nature (or accuracy) 

of the information system (Hilton, 1981). Proofs demonstrate that there is no general 

monotonic relationship between any of these factors and information value, and this 

is borne out in the applied valuation studies for factors such as farmer risk aversion 

(Letson et al., 2005, Meza and Wilks, 2003).  Evidently, there is little known a priori;  

those seeking to assess the value of climate forecasts thus need to use insights from 

empirical research. 

Approaches to valuing forecasts have included empirical modelling (Easterling and 

Mendelsohn, 2000), anecdotal studies, user surveys (Glantz, 1977), decision 

experiments (Antony et al., 2002), and the most commonly used method, Bayesian 

decision simulations {Hansen, 2009 #235; Marshall, 1996 #228; Messina, 1999 

#229}. In general, studies have shown that the highest information values exist where 

there are accurate forecasts of real impact variables, humans are vulnerable to large 

climatic losses, and real decision capacity exists in response to the forecast (Hansen, 

2002). One current need in this field of research is the expansion of forecast 

valuations to new locations and crop types (Meza, 2008). 

Sugar crops in the Herbert River district of tropical North Queensland, Australia, are 

highly sensitive to climatic conditions and so cane farmers may benefit from 

improved seasonal forecasts. The heavy late-season rains of 1998 caused an 

estimated $175 million in lost revenue due to incomplete harvesting, destroyed crops, 

and diminished crops in subsequent years due to soil compaction generated from wet 

harvesting (Australian Canegrower, 1999). Motivated by these extreme weather 

events, farmers and industry bodies in the Herbert region have played an active role 

in forecast development through a consultative committee (Everingham et al., 2006). 

One recurring point to emerge from discussions was the role seasonal forecasts might 

play in scheduling the annual harvest. This appears to stem largely from a belief that 

the effects of incomplete and wet harvesting, in extremely wet years such as 1998 or 

2010, can be mitigated by an earlier start to the harvest.  
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To briefly explain the important role that forecasts play in harvest decisions, note 

that in the Herbert River district, cane harvesting usually occurs from June to 

November, with the percentage of Commercial Cane Sugar (CCS) in the millable 

stalk peaking during spring.  While farmers would prefer to harvest their entire crop 

at these high CCS levels, this is not done for two reasons. Firstly, there is the risk of 

high rainfall during spring, which may prevent a full harvest being completed before 

CCS decreases to levels uneconomic for harvesting. Secondly, the sugar mills have 

limited resources for transporting and milling cane, which means that harvesting 

must be spread out over a period of 4-6 months7.    

Because the mills require significant amounts of time to prepare equipment and 

schedule trains, decisions about when cane will be harvested are made as early as 

January. Thus, for a forecast to influence this decision process it must be capable of 

forecasting spring conditions with a lead time of some 10 months (see Figure 5-1, 

repeated here for the benefit of the reader). In addition it must forecast across the 

austral autumn persistence barrier8, during which time many traditional indicators of 

ENSO tend to break down (Everingham et al., 2008).  

 

 

 

 

                                                

7 Farmers play an active part in the scheduling process, and planners attempt to maintain equity in 
deciding when farmers receive allotments of rail wagons with which to transport their harvest to the 
mill. Generally, harvest is arranged so that a portion of each farmer’s crop is harvested in the higher 
CCS period of the year, with the remainder harvested earlier in the year. Thus, their entire crop may 
be harvested in two or three ‘bursts’ spread out over the entire harvesting season. 

8 The NINO3.4 index of sea surface temperature in the mid-Equatorial Pacific, which is used to 
predict ENSO state, shows less temporal correlation across the autumn period than across the austral 
spring (Everingham et al. 2008). 
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Figure 5-1: Timeline of the annual sugar harvest, with stylised CCS curve included.  

New long-lead forecasting techniques developed by Clarke and van Gorder (2003) 

show potential in overcoming this obstacle and are the focus of this study. 

Specifically, this paper explores the value of long-lead seasonal forecasts for sugar 

growers who in response to more accurate forecasts may alter the dates of their cane 

harvest and thereby either avoid costs of wet harvests or improve profits through 

higher yields. It builds upon Osborne et al. (2011), using a less restrictive approach, 

specifically: 

•   developing a mathematical programming model which is constrained by 

known industry rigidities and which allows for the influence of wet 

weather on farm outcomes; 

•   providing estimates of the value of long-lead seasonal climate forecasts 

to sugar cane growers based on a study of enterprise decision making, 

and describing how these values are likely to be affected by farmer risk 

behaviour and price fluctuations; 

•   considering the value of a currently available forecast that has imperfect 

skill (surprisingly, this is rarely done in the literature, with most studies 

considering only a perfectly accurate forecast or a forecast of designed 
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imperfection) and comparing it with both a perfect ENSO forecast, and a 

specially designed rainfall tercile forecast;  

•   considering the distribution of forecast value under uncertain future 

climate and prices; and  

•   discussing issues confronting valuable forecast use such as the existence 

of flat profit functions in many agricultural decisions and the difficulties 

in developing usable recommendations. 

The paper is structured as follows:  the next section (2) describes the various models 

and modules constructed to facilitate the investigation; section three presents results 

from the ‘basic’ set of simulations and also looks at the sensitivity of final results to 

some of the underlying assumptions (specifically, about costs, prices and risk 

aversion).  Section four offers some concluding comments and recommendations for 

future research. 

5.2  Methods 

I constructed an expected utility decision model9 to consider two cane farms of 

100ha in size (the average size based on Herbert GIS data).  The model assumes that 

each farmer chooses a harvest start date to maximize expected utility, given access to 

the following rainfall and forecast information10: 

1. Historical rainfall records only – termed the climatology scenario.  

                                                

9 As highlighted by Stern and Easterling (1999), decision models provide an explicit structure for 
examining decision making and modeling forecast effects, thus yielding comparable estimates of 
forecast value. However, these models inadequately represent known psychological heuristics and 
non-profit concerns. But, in order to provide initial estimates of forecast value to the region, and to be 
consistent with other research, we apply the expected utility model. 

10 We are also assuming that farmers have complete control of their harvest start date, which due to 
the collective nature of the harvest does not hold completely true. One reason for depicting this choice 
at an individual level is to provide a picture of the maximum benefits available to the individual cane 
farmer from this technology.  Such individual choice is foreshadowed by research into geographical 
harvesting, in which each farm would ideally be harvested at its peak readiness (Higgins et al. 2004). 
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2. Historical rainfall records and [imperfect] predictions of the ENSO phase 

for the coming spring (from Clarke and van Gorder, 2003) – termed the 

imperfect ENSO scenario  

3. Historical rainfall records and perfect predictions of the ENSO phase for 

the coming spring – termed the perfect ENSO scenario. 

4. Historical rainfall records and perfect predictions of the rainfall tercile 

(upper, middle or lower) for the coming spring – termed the perfect 

rainfall scenario.  

I assumed that one farm was located at the Macknade Sugar Mill (henceforth 

Macknade), which receives rainfall equivalent to the Macknade weather station11; 

and the other was located in the Bambaroo region, which receives rainfall equivalent 

to the Bambaroo weather station12.  I modeled farmer decision making across two 

28-year periods: 1951-1978 and 1981-2008, using the methods that are depicted in 

Figure 2 and described below.  

 

 

 

 

 

                                                

11 station 32032, latitude -18.66o,S, longitude 145.15oE 

12 station 32001, latitude -18.59o,S, longitude 145.17oE 
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Figure 5-2: Steps in estimating the ENSO phase forecast value. Adapted from: 

Osborne et al. (2011). 

5.2.1 The agronomic simulation model 

Historical weather data from the Macknade and Bambaroo weather stations were 

used in the sugarcane module of the Agricultural Production Simulator (APSIM) 

version seven (Keating et al., 1999).  The model was used to simulate cane growth, 
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commercial sugar content (CCS) and associated farm yields on each possible harvest 

day over the historical weather records available. I defined two different soil types in 

our model to represent the best and worst soils in the Herbert region. Yellow 

chromosol, with a readily available soil water capacity of 41mm and a total capacity 

of 88mm, represents the poor to moderate soils of the region, while red dermosol, 

with an immediately available water capacity of 100mm and a total capacity of 

313mm, represents the best soils. The results shown in Figure 5-3 indicate that the 

predicted average CCS profile generated by the simulations, adjusted for foregone 

harvest days, follows the inverted U-shape commonly seen for CCS during a 

growing season13.   

 

 

 

 

 

 

 

                                                

13 Cane harvested in spring generally has higher CCS due to the drying-off effect of winter, however 
the processes that drive this CCS accumulation are still poorly understood. 
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Figure 5-3: (a) Average weekly CCS over 1981-2008 calculated in APSIM for 

Macknade with Red dermosol soil (lost harvesting days included). (b) Average 

weekly CCS over 1991-2008 using smoothed industry mill data.  

(b) 

(a) 
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5.2.2 Crop daily value 

Next, the crop yields and CCS values predicted by the agronomic simulation model 

were used to calculate the value of the entire crop of each day of the year.  Because 

the Herbert region supplies a small amount of sugar with respect to the world sugar 

market, changes in supply induced by the forecast can be considered negligible, and 

growers can be viewed as price takers. Farmers are paid for their millable cane in 

accordance with the industry payment formula (Equation 5.1), which is based on the 

international sugar price and the commercial cane sugar (CCS) content of their cane. 

CCS is the percentage of sugar in the millable cane stalk.  

! 

Pc,d = 0.009Ps,d (CCSd " 4) + 0.578            (5.1) 

where on day d Pc is the price of cane received by the farmer, Ps is the price of sugar 

per tonne determined by the marketing board, and CCS is the sugar content (%) in 

the millable stalk of cane. The value of the crop on a given day is then given by the 

price in (1) multiplied by the yield for that day and the crop area (see Equation 5.2). 

The price of sugar used in the simulations was taken as the average of the historical 

No.1 sugar pool price (closely related to the NYMEX No.11 sugar futures contract) 

for the period 1981-2008.  

5.2.3 The harvest scheduling model 

In the third step of our analysis, I calculate the total value of the farmer’s harvested 

crop when the harvest is started on many different start dates. 

Firstly, I acknowledged that sugar mills require adequate time to perform 

maintenance during the offseason from January to around May. Thus, I assumed that 

all harvesting must occur before the end of the year. Taking this further, the 

historical industry data show that the earliest and latest days on which harvesting has 

occurred were the 161st and 357th days in a year respectively. I therefore defined the 

set of possible harvesting days as all days between day 161 and 357 (inclusive). 

Obviously, to begin harvesting on day 356 would make little sense, as only one day 

of harvesting could take place. So realistically, I expect an optimal start day to lie 
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somewhere in the range of days 161 to 200. To give the reader a reference point, the 

average industry start date for the period 1991-2007 was day 175. 

I then considered that harvest is not possible on some days between day 161 and 357 

due to excessive rainfall that makes the ground too boggy to operate machinery, or 

increases the risk of harmful soil compaction if harvesting is attempted. The 

definition of whether harvest is permissible or not is determined by rules developed 

by the authors in consultation with industry (Everingham et al., 2011)14. 

I then estimated the total profit that would accrue by starting on each day from 161 

onwards (the earliest date observed in historical records). Specifically, the value of 

the harvested crop (Vd) on a given day (d) is given by  

! 

Vd = AydPc,d /161            (5.2) 

where A is the crop area,  y is the yield, and Pc is the price of cane.  

Once a given start day ds is selected, the set of actual days harvested is given by 

those days greater than or equal to the start date, on which harvest is possible, up 

until a total of 161 harvested days are reached (at which point the whole crop has 

been harvested), and the total value of a harvesting strategy that begins on that day, is 

equal to the sum of  daily values from Equation (5.2) from that day onwards. If the 

number of days of harvest is less than 161 then some crop will remain unharvested. 

When farmers set their start day earlier they give themselves a greater chance of 

achieving a full 161 day harvest, though as discussed earlier, they may also miss out 

on high CCS conditions later in the year.  

                                                

14 By applying these ‘rules’ over the historical rainfall records we identify specific days when it would 
not have been possible to harvest cane under each of the ENSO climatic phases (refer to Appendix A). 
The results suggest that lost harvest due to excessive rainfall is only likely to occur during the wetter 
La Niña years, which accords reasonably well with experience 
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5.2.4 Farm profits 

Next, I converted harvest revenues to profits. A farm budget for a medium sized 

enterprise of 100 hectares was developed through consultation with farmers and 

industry experts in the Herbert. These data were collated and synthesized using the 

Farm Economic Analysis Tool (FEAT), a program developed by the Department of 

Primary Industries and Fisheries in conjunction with the Bureau of Sugar Experiment 

Stations (BSES).  

Farm costs include a fixed component relating to expenses such as administration, 

rates, owner’s wage, land preparation and on-going crop care; and a variable 

component relating to harvest expenses. As the cost structure changes significantly in 

planting years versus ratoon years, costs were averaged over a four year cycle of one 

plant crop and three ratoon crops. Land preparation expenses are assumed to remain 

fixed as the farmer is assumed to maintain crop size at 100ha throughout the study. 

This assumption accords reasonably well with reality as cane farmers generally alter 

their cropped area by a relatively small amount (between 85-90% of total land) (pers. 

communication Ron Kerwyk). The final linear cost rule is  

! 

Ci =1742Ai + 7.80Aiyi       (5.3) 

where in year i C is the total cost, A is the cropped area in ha and y is the yield in 

t/ha.  

5.2.5 Forecasts 

As noted earlier, the farmer is assumed to choose a harvest start date that maximizes 

his (or her) expected utility across all years, given the available forecast.  I consider 

four forecast scenarios: nothing except historical information; imperfect ENSO 

forecasts – derived from Clarke and van Gorder (2003); perfect ENSO forecasts; and 

perfect tercile rainfall forecasts.   

The forecast of Clarke and Van Gorder (2003) predicts the Niño3.4 index of the sea 

surface temperature in the mid-equatorial Pacific. Predictions of La Niña, El Niño or 

Neutral for spring of each year were made in accordance with Everingham et al. 
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(2008). The actual ENSO outcome in spring, used as the perfect forecast, was that as 

stated by the NOAA.  Predictions were made for the period 1981-2008 based on the 

temperature and wind data available in January of each year, when the harvest 

decision would have been made. La Niña forecasts accurately predicted ENSO phase 

78% of the time, Neutral forecasts 58%, and El Niño forecasts 57%. However, when 

we view the ENSO predictions alongside rainfall received in spring, we are 

immediately alerted to the perhaps more important problem of intra-phase volatility 

of impact variables (see Figure 4). For example, a prediction of La Niña conditions is 

associated with both very high rainfall years (e.g. 1998-2000) and quite modest 

rainfall (e.g. 1983-84). Should a farmer harvest early in a year such as 1983 he may 

experience losses relative to starting closer to the average historical start date. To 

give the reader an indication of how important the within-phase variation of spring 

rainfall is compared to the correct phase prediction, consider the fact that under a 

perfect ENSO forecast the standard deviation of spring rainfall within each phase 

actually is actually higher than for an imperfect forecast. The incorrect phase 

predictions, which are usually predictions off El Niño as Neutral or vice versa, have 

less impact on rainfall predictability than the inbuilt variations of rainfall within the 

phases themselves.  
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Figure 5-4: Spring rainfall at Macknade (a) and Bambaroo (b) rainfall stations from 

1981 to 2007.  The bars are shaded according to the spring ENSO forecast. Source: 

Everingham et al. (2008). 

(b) 

(a) 
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Because sub-surface sea measurements required for the imperfect forecast of the 

ENSO phase are not available pre-1981, we made forecast predictions for the period 

1951-1978 by assuming that the forecast had same probability of successful 

prediction under each of the three ENSO phases as for 1981-2008. For example, 

between 1981 and 2007, the probability of a La Niña forecast occurring, given that a 

Neutral phase actually resulted, was 16.7%. Thus, for every Neutral phase outcome 

in the 1951-1978 study period we assumed that there was a 16.7% chance of a La 

Niña forecast incorrectly being issued in that year. A pseudo-random number 

generator was used to pick the ENSO prediction in line with these conditional 

probabilities of success. We performed 300 stochastic simulations in generating 

forecast values across the range of imperfect forecasts.   

5.2.6 Farmer decision model 

The decision model assumes that farmers act to maximize their final wealth at the 

end of a one year planning period, with the climate forecast being used to update 

their prior knowledge of climate in accordance with Baye’s Theorem. Similar to 

other studies, we assume that the farmer’s prior probabilities are equal to the 

historical probability distribution of weather outcomes {Messina, 1999 #229; 

Petersen, 2001 #285}. 

The farmer’s terminal wealth is given by 

 

! 

Wf ,i =W0 +" i  (5.4) 

where in year i Wf is terminal wealth, W0 is the initial farmer wealth and # is the farm 

profit. We define farmer wealth as 60% of liquid farm assets, based on similar 

assumptions used by Messina et al. (1999). The annual farm return is given by 

 

! 

" i = Ai yiPc,i #Ci     (5.5) 

where in year i A is the farm area harvested, 

! 

y  is the average sugar yield (t/ha), Pc is 

the price of millable cane as determined by concentration of cane sugar (CCS) (see 
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Equation 1), and C is the total farm costs, comprising fixed and variable costs (see 

Equation 2).  

The farmer’s utility function is assumed to be a power function that displays constant 

relative risk aversion and decreasing absolute risk aversion with total wealth.  

! 

U =
w1"Rr

1" Rr
        

! 

w > 0, Rr > 0, Rr "1       (5.6)   

! 

U = ln(w)        

! 

w > 0, Rr =1                       (5.7) 

where U is the farmer utility, Rr is the coefficient of constant relative risk aversion, 

defined by Arrow and Pratt as Rr=wU’’(Wf)/U’(Wf). The power function displays a 

rapid decrease in risk aversion as wealth increases, however it fits the psychophysical 

relation of subjective magnitude to physical magnitude in many contexts 

(Kahnemann and Lovallo, 1993). 

Constraints are placed on Rr to represent realistic levels of risk aversion. After 

Hardaker et al. (2004 p.109), and as employed in previous studies we examine the 

following classes of risk aversion: risk neutrality, Rr = 0; “hardly risk averse” Rr = 

0.5; “normal risk aversion” Rr = 1; “rather risk averse” Rr = 2; “very risk averse” Rr 

= 3 . 

We assume that the farmer chooses start dates that maximize his/her expected utility 

of terminal wealth over a one-year decision period for the set of historical weather 

years N: 

! 

max
d
E(U(Wf )) = f iU(W0 +

j=1

3

"
i=1

N

" # j ,i) /N           (5.8) 

where E is the expectation operator, i={1,2,….N} is the set of years, j={1,2,3}={La 

Niña, Neutral, El Niño} is the set of climate phases, and fi is the marginal probability 

of a given forecast occurring in year i. The choice of start date d is constrained to, 
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where 161 is the 161st day in the year (10th June). This constraint is related to known 

industry rigidities. 

Designating "*
ij as the farm profit under the optimal start day conditioned on the 

forecast in year i under ENSO phase j, and "*
p as the farm profit under the optimal 

start day when only the historical climatology is used, we obtain the expected value 

of information (EVOI) as: 

! 

EVOI = " ji
*

j=1

3

#
i=1

N

# $ "p
*

i=1

N

#               (5.9) 

5.3 Results and discussion 

5.3.1 Optimized start dates 

The optimized start dates were generally earlier in La Niña years, which reflected an 

attempt, on the part of the model, to ensure the full harvesting of crops in very wet 

La Niña years. By contrast, under Neutral and El Niño conditions, when farmers 

could take advantage of higher CCS conditions occurring later in the year, start dates 

were generally later. All start dates remained relatively close to the average industry 

start date of day 175. Under the perfect forecast relatively small changes occurred 

with respect to the imperfect forecast. One exception is the poor soil scenarios for 

1981-2008, which are seen to shift start dates earlier by some 10 days under a perfect 

La Niña forecast than was the case with the imperfect forecast. The false La Niña 

forecasts for the years 1983 and 2008 (which were actually Neutral) push the optimal 

start date later under La Niña forecasts later than it would normally be for poor soils. 

Why the poorer soils benefit from a slightly earlier start date in La Niña years (under 

a perfect forecast) than the good soils is not clear, and this subject could benefit from 

future research.  
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Table 5-1: Optimal start days under the forecast and no forecast scenarios. Rr = 0. (at 
a cane price of $300/tonne). 

 1951-1978 1981-2008 

Macknade Bambaroo Macknade Bambaroo 
Climate Phase 

ychroma rderm ychrom rderm ychrom rderm ychrom rderm 

ENSO forecast         

La Niña 174 177 181 181 174 177 175 176 

Neutral 185 186 184 184 173 181 180 181 
El Niño 188 188 187 189 179 185 178 179 

         
Perfect ENSO 
forecast         

La Niña 174 177 178 181 166 177 166 173 

Neutral 179 187 178 183 173 181 178 181 
El Niño 188 188 184 187 181 182 178 180 
         

Climatologyb 181 185 180 184 177 181 176 180 
a Ycllow Chromosol (ychrom) represents the region’s poor soils, and Red dermosol (Rderm) the good 

soils. 

b The start date that gives the best result over all historical weather years  

5.3.2 Information values 

The small shifts in start date engender modest information values, especially when 

viewed as a percentage of gross profit. Under the perfect forecast the largest 

information value accounts for only 3.09% of gross profit (Macknade yellow 

chromosol). These results accord reasonably well with the results of Everingham et 

al. (2011), and their aggregate level study of conditioning harvesting on forecasts in 

the Herbert15.  

                                                

15 Both studies attribute relatively low values to La Niña forecasts, and both hint that the forecast 
appears most useful under El Niño conditions. Everingham et al. (2011) estimated an increase in 
regional farm revenue of $500,000, which equates to around 0.3% of regional revenue in the model. 
By comparison, assuming each combination of location and soil type in Table 4-5 is equally 
represented in the 50,000 hectares of farmed cane in the Herbert, the present study estimates a region-
wide increase in profit of $238,000 across all phases, which amounts to 0.59% of regional profit. This 
increases to around $482,000, or 1.35% of regional profit, when we consider the perfectly accurate 



 

 136 

The forecast appears weakened by significant intra-phase volatility of impact 

variables. Rainfall affects the harvest start date decision and it widely varies within 

the Neutral and La Niña climate phases. In one scenario (Macknade red dermosol in 

the 1981-2008 period) the value of the perfect forecast of the phase is even lower 

than the imperfect forecast.  This indicates that there is such variation of real impact 

variables within phases that even a correct grouping of ENSO phases does not 

always provide the best optimization. These results affirm the observation that even 

if a forecast of the phase is perfectly accurate it may weakly correlate to local 

climatic variables of practical and economic importance (Messina et al., 1999). This 

degree of signal volatility means that a farmer cannot properly defend against 

extreme wet years through an early start date, or take full advantage of dry years 

through a much later start date. By contrast, reliance on climatology is a reasonably 

profitable strategy. Thus, the industry hypothesis - that climate forecasts generate 

value by helping avert big losses in very wet La Niña years – is not substantiated by 

this study.  

 

 
 

 
 

 
 

 
 

 
 

 
 
 

                                                                                                                                     

forecast. Thus, in both extant studies the value of seasonal forecasting in this application seems low in 
percentage terms 
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Table 5-2: Expected value of forecast information relative to climatology ($/ha). Rr 
= 0. (at a cane price of $300/tonne) 

 1951-1978*  1981-2008 

Macknade Bambaroo  Macknade Bambaroo 
Climate Phase 

ychrom rderm ychrom rderm  ychrom rderm ychrom rderm 

Imperfect ENSO 
forecast          

 La Niña 10.84 21.82 2.92 13.52  1.63 3.35 0.50 23.13 

 Neutral 12.32 8.43 1.70 2.88  3.36 0.00 4.74 2.16 
 El Niño 31.82 12.79 8.91 11.93  8.14 9.21 3.98 0.52 

All phases 15.60 14.78 3.54 8.93  4.00 3.38 3.19 8.49 
 (5.26) (4.40) (2.59) (3.36)      

Perfect ENSO 
forecast 

    
 

    

 La Niña 13.69 30.40 2.47 16.53  3.21 2.44 39.22 47.06 

 Neutral 1.84 4.41 1.45 0.74  13.79 0.00 7.29 3.89 
 El Niño 40.81 14.97 12.44 14.93  11.69 1.55 1.98 0.00 

 All phases 17.21 16.71 4.95 10.43  10.47 1.11 13.56 13.43 

*Values from 1951-1981 are the average of 300 Monte Carlo simulations, with standard deviations in 

brackets. 

5.3.3 Flat profit functions 

Perhaps the most interesting aspect of the optimised start dates is how little they vary 

from current practice of farmers in the Herbert region. None of the start dates, even 

under the perfect forecast, shift by more than 13 days from the historical average 

start date of day 175. The power of ‘piecemeal tinkering’, or successive empirical 

refinement over time through trial and error, appears to have lead the industry to a 

near optimal state in dealing with a question of considerable complexity (Popper, 

1944). One consequence of being close to optimal is that we now lie in a region of 

relatively flat profit function (Figure 5-5), which means that changes in the decision 

variable lead to relatively small changes in profit. Farmers thus have a reasonably 

wide margin for error when selecting appropriate harvesting schedules, and this 

further limits the upside potential of forecasting.  It is a general characteristic that 

many farm management decisions close to their optimum tend to display flat profit 
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functions because of the smooth nature of the underlying agronomic production 

functions near the optimum (Pannell, 2006, Dillon, 1977). 

 

Figure 5-5: A flat payoff function for changing the start date for cane harvest at 

Macknade with yellow chromosol soil, under El Niño conditions.  

5.3.4 Sensitivity to risk attitude 

The forecast values were relatively invariant to risk attitude across the range Rr=0 

(“hardly risk averse”) to Rr=2 (“rather risk averse”), which probably represents the 

values of risk aversion most likely to be seen in practice. Flat areas of the profit 

function lead to similarly flat areas of the certainty equivalent function, and under 

such conditions risk aversion tends to change the optimal solution only marginally 

(Pannell, 2006, Pannell et al., 2000). In line with observations elsewhere {Letson, 

2005 #202; Messina, 1999 #229}, there is a decrease in information value at very 

high levels of risk aversion for three of the four scenarios. However, there is no 

consistent directional shift in start dates with increasing risk aversion, and no start 

date shifts more than a few days from the optimal start date under risk neutral 

behaviour. Our model shows risk behaviour to be relatively unimportant compared to 

the influence of price fluctuations. This is a result that has been noted in other studies 

of forecast value (Meza and Wilks, 2003). 
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Figure 5-6: Expected value of an imperfect forecast under different risk preferences 

(1981-2008). 

5.3.5 Price sensitivity 

We examined the sensitivity of forecast value to changes in the uniform price across 

the study period. First, we looked at the sensitivity of the forecast value to a change 

in the constant input and output prices over the entire study period, where we saw 

that information value tends to increase under increasing output price, whilst 

remaining relatively stable under output price decreases. This trend would likely be 

flattened by a progressive taxation scheme, which we have ignored in this analysis 

due to the extreme variety of tax positions faced by even similar sized enterprises. 

Information value was relatively invariant to increases in input costs, as would be 

expected given that most of these are growing related costs that are relatively fixed. 

Later, in Section 5.3.7, we introduce stochastic price series. 
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Figure 5-7: Expected value of imperfect information in Bambaroo region with 

yellow chromosol soil under various input and output price scenarios. Rr=0.  The 

baseline (100%) sugar price is $300/tonne, and information value $3.19/ha. 

5.3.6 Improving forecast signals 

The above results suggest that if forecast information is to be valuable to industry, 

forecasts with more accurate prediction of real decision variables, such as rainfall, 

will be required. To examine this hypothesis, we considered a forecast for rainfall 

tercile in spring. We examine spring rainfall each year for 1889-2008 and select 

tercile cutoffs, which are then applied to 1981-2008, with each year being classified 

as upper, middle or lower tercile rainfall. This forecast is therefore an alternative 

‘perfect’ forecast to that displayed in Table 5-2. 

Results in Table 5-3 show that some growers in the Herbert region can benefit from 

better rainfall prediction, while others may be better off staying with the ENSO 

signal. The value of a tercile rainfall forecast in Macknade is significantly higher 

than the perfect ENSO forecast, while the value in the Bambaroo region is slightly 

reduced compared to the perfect ENSO forecast. The corollary is that ENSO 

provides a better grouping variable than rainfall in the Bambaroo region. In 

Bambaroo there were 15 forecasts of upper tercile in 1981-2008, as the rainfall is this 
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period was significantly higher than the average for the period 1889-2008 over which 

the tercile cutoffs were developed. This atypical rainfall over the study period has 

probably weakened the forecast in Bambaroo. Also, we should not ignore the 

possibility that ENSO captures variables other than rainfall, such as radiation 

exposure, which prove to be good grouping variables in Bambaroo for this particular 

study period. More sophisticated analysis, perhaps involving a larger cross sectional 

study of the influence of different weather variables across a larger number of 

locations, would be needed to confirm or refute such hypotheses.  

Table 5-3: Expected value of forecast information for perfectly accurate 3-phase 
ENSO forecast for spring versus perfectly accurate tercile rainfall forecast for spring.  

 Perfect ENSO forecast  Tercile rainfall forecast 

Macknade Bambaroo  Macknade Bambaroo 
Forecast signal 

ychrom rderm ychrom rderm  ychrom rderm ychrom rderm 

          
 La Niña/upper 
tercile rainfall 3.21 2.44 39.22 47.06 

 
59.94 70.42 1.66 12.82 

 Neutral/middle 
tercile rainfall 13.79 0.00 7.29 3.89 

 
15.48 0.00 13.14 19.00 

 El Niño/lower 
tercile rainfall 11.69 1.55 1.98 0.00 

 
7.49 23.86 14.77 3.09 

All phases 10.47 1.11 13.56 13.43  27.49 29.45 7.40 11.71 

          
% Increase in 
Gross Margin 1.63 0.10 2.18 1.49 

 
4.27 2.67 1.19 1.29 

 

5.3.7 Forecast robustness 

The results thus far present a prescriptive analysis, which looks backward in time in a 

fairly static manner. A more apposite approach has the forecast recommended 

actions, based on the optimization, being used under a new realization of climate, 

separate to the optimisation period . We take the forecast optimised start days from 

the study period 1951-1978, and constrain our decision maker to these choices for 

the period 1981-2008. We then do the same for the 1951-1978 period, this time using 
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1981-2008 as our ‘past’ optimization period. By definition this will result in lower 

information values, however, we wish to test the hypothesis that information values 

will be significantly lower under this scenario. Secondly, we also introduce historical 

(Letson et al., 2005) price volatility. We stochastically generate 1000 price series, 

taking the starting point as the range of values from the New York No.11 sugar 

future over the study period 1981-2008, and use a random walk model to simulate 

fluctuations in sugar price.  

This small experiment is similar to work done by Letson et al. (2005), where forecast 

values were simulated over multiple equally likely weather outcomes, developed 

using synthetic weather generators. While Letson et al. (2005) used 300 years for 

their optimisation period, we use only 28 years. The use of a relatively small sample 

optimisation is justified as the complex economic and social fabric under which 

forecast information is implemented is unlikely to remain constant for as long a 

period as 300 years. Thus, any group wishing to develop usable recommendations 

from a prescriptive analysis such as this would feasibly have to focus on a shorter 

period of time, perhaps a few decades, to produce recommendations that were 

relevant to the finances, agronomics, institutions, and even risk preferences, of the 

day.  
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Figure 5-8: Expected value of information across all four scenarios for the two study 

periods, 1981-2008 (top) and 1951-1978 (bottom).  The ‘past optimisation’ period 

was 1951-1978 for constrained choice over the latter period, and vice versa. 

Optimizations were carried out using the imperfect forecast for 1981-2008 and the 

perfect forecast for 1951-1978 due to the lack of forecast information during this 

earlier period. 

The results in Figure 5-8 indicate significant drops in average forecast value, 

compared to the earlier static analysis in Section 5.3.2, across the majority of the 

possible scenarios. Four out of the eight scenarios considered are not significantly 

different to zero at 95% confidence, and in two cases we can say with a similar level 

of confidence that the value is negative.  The use of decision rules based on past 

optimizations permits negative information value (Letson et al., 2005). The spread of 

information values is larger for the period 1951-1978, ostensibly because the past 

optimisation used to determine the decision rules for this period was the perfect 

forecast, which left the forecast user more exposed to forecast errors than if a past 

optimisation under the imperfect forecast had been used.  
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The results demonstrate the problem of uncertainty faced by those attempting to 

implement forecasts. Farmers frequently ask for forecasts and recommendations. 

However, recommendations that are based on past climatic histories may produce 

poor results under future climatic realisations. If the past climate importantly differs 

from future climate, then forecasts based on past climate may have their value to 

farmers erode substantially.  

A related challenge is the known temporal shifts in forecast accuracy that result from 

inter-decadal variations in ENSO power (Wang and Ropelewski, 1995). For 

example, Power et al. (1999) observed that when inter-decadal oscillations of sea 

temperatures in the tropical pacific are at their peak, the relationships between ENSO 

and variables such as rainfall and surface temperatures are weakened in Australia. 

Forecast recommendations developed under these conditions may well perform 

poorly under conditions of higher correlation between ENSO and localised climate. 

These criticisms are somewhat assuaged for the present study, given the stronger 

links between ENSO and climate present in tropical North Queensland; however, 

they can still be expected to influence forecast performance to some degree.  

5.4 Concluding remarks 

The interplay of many factors suggests that the long-lead ENSO forecast is unlikely 

to be effective in shifting farmers’ subjective probability distributions enough to alter 

their choice of harvest start date. The relatively weak relationship between ENSO 

and localised climate over long lead times, the complex governing relationships 

between localised climate and real impact variables, the multi-objective nature of 

real harvest scheduling decisions and the uncertain psychology of how industry 

decision makers might interpret and use climate information, in concert suggest a 

limited role for farmers’ use of the long-lead ENSO forecast in determining the start 

date of their cane harvest.  

However, there are some reasons to be cautious about this finding. Firstly, we have 

neglected some aspects of wet-year damage (e.g. ground compaction) which, when 

included, may lead to larger deviations in optimal start date from the climatology 

strategy, and hence higher returns from using forecasts. Also, a forecast only of 
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spring conditions, as used in this study, may not be the most useful basis for 

optimising a harvest schedule. Conditions prior to spring could also affect the 

scheduling problem and perhaps should be included in future models.  Mindful of 

these limitations, more directed forecasts that target variables such as rainfall may 

yield greater benefits to some farmers compared to an ENSO signal. 

Moreover, this study addresses only one potential application of the ENSO phase 

forecasts, and one type of ENSO forecast. A number of forecasts may facilitate 

management decisions in tasks other than deciding when to start the cane harvest, 

such as fertilizer applications, irrigation, planting times and plough out times. Thus, 

the values contained in this study are certainly an underestimate of the value of 

seasonal forecasts to cane farming in general.  
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5.5 Summary Chapter 5 

•  The Australian sugar growers face highly variable climatic conditions that can 

affect the annual harvest.  

•  A mathematical programming model, based on expected utility maximization, is 

constructed to examine the potential benefit of using El Niño-Southern 

Oscillation (ENSO) seasonal forecasts to schedule annual harvesting operations. 

•  Results indicate that the value of imperfect and perfect forecasts of ENSO phase 

are modest. 

•  Results indicate that cane farmers have found a close to optimal solution through 

successive refinement of the annual harvesting operations.   

•  A modified hypothetical forecast that better predicts seasonal rainfall raises 

forecast values for some farmers in the study area, while others benefit more 

from the standard ENSO forecast.  

•  Periodic changes in climate, overlain with price volatility, are also shown to 

affect the value of seasonal forecasts for sugar growers, and in some instances, 

these forecast values are negative. 
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6 THE ROBUSTNESS OF FORECAST VALUE 1 

BIOPHYSICAL, ECONOMIC AND PSYCHOLOGICAL VARIATIONS 2 

IN SEASONAL FORECAST VALUE: A CASE STUDY OF SUGARCANE 3 

HARVESTING IN NORTH QUEENSLAND, AUSTRALIA 4 

 5 

 6 

Osborne, J.A., Stoeckl, N.E. (In Review) Climatic Change, The robustness of 7 

seasonal forecast value: A case study of information value under flat profit functions 8 

 9 

Abstract: This paper is intended for a multi-disciplinary audience that may include 10 

economists, agronomists, meteorologists and psychologists. In line with our initial 11 

findings from the literature review, we now seek to deepen our initial analysis of 12 

information value by examining in greater deal the critical assumptions used in our 13 

forecast valuation. We examine the sensitivity of information value to key 14 

biophysical, economic and psychological assumptions made during the analysis – 15 

assumptions shared by many other seasonal forecast valuations. The impact of 16 

practical deviations from rational psychological assumptions appears to have a 17 

greater effect than deviations in assumptions relating to biophysical or economic 18 

factors. The results show that future research may gain from a greater focus on better 19 

psychological foundations as opposed to simply greater rigour in economic detail.  20 

 21 

 22 

 23 

 24 
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6.1 Introduction 25 

Seasonal climate forecasts utilizing the El-Niño Southern Oscillation (ENSO) 26 

climatic cycle provide farmers with a new tool in farm management. These forecasts 27 

use as their primary input the slowly varying temperature of the Pacific Ocean to 28 

forecast weather averages (climate) at greater lead times than traditional forecasts 29 

(Walker, 1924, Hill et al., 2004a, Bjerknes, 1969). With advance climate information 30 

farmers can alter management activities such as planting, fertilizing, watering and 31 

harvesting of crops to coincide with the expected average conditions, rather than the 32 

full spectrum of possible climatic outcomes. By lessening the moving target of 33 

unknown future climate the forecast yields a return.  34 

Many forecast valuation studies have applied economic theory to assess the potential 35 

value of seasonal forecasts (Meza, 2008). Often, these studies will simulate a 36 

farmer’s decision(s) over historical weather periods utilizing crop simulators to 37 

calculate yields associated with different combinations of weather state and 38 

management decision(s) (Letson et al., 2005, Hansen et al., 2009, Hansen, 2002, 39 

Marshall et al., 1996). Most commonly, researchers assume that farmers behave 40 

rationally in maximizing their own distinct utility (von-Neumann and Morgenstern, 41 

1944), and are thus able to generate estimates of the ‘value’ of information by 42 

comparing expected utility with and without the climate information.  43 

It is widely accepted that greater quantitative evidence on the value of forecasts is 44 

needed (Sivakumar, 2006, Meza, 2008).  And despite the growing body of seasonal 45 

forecast valuations there are gaps apparent in our knowledge base. Table 6-1 shows 46 

notable seasonal climate forecasting studies broken down by the considerations they 47 

make towards three categories of influences: biophysical, economic and 48 

social/psychological. Studies that quantify the effects of these different influences are 49 

shown in the rightmost column. A number of studies deal with changing biophysical 50 

parameters such as changes in crop type, soil or forecast characteristics (Meza and 51 

Wilks, 2003, Chen et al., 2002, Chen et al., 2001). Several studies have also 52 

considered the sensitivity of information value to economic factors such as changing 53 

risk aversion or prices (Cabrera et al., 2007, Letson et al., 2005, Mjelde et al., 1988, 54 

Hansen et al., 2009). However, there is a lack of studies that consider the various 55 

non-rational aspects of how users may react to climate forecasts including use of 56 
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psychological heuristics, poor understanding of probability, forecast wording effects 57 

and social/ethnographic factors16. Commensurate with the lack of studies that have 58 

addressed social and psychological factors, there is a dearth of quantitative studies 59 

that compare the relative impact of psychological factors to the commonly addressed 60 

concerns of risk aversion, prices and forecast skill.   61 

In this study we make a modest step towards filling some of those information gaps 62 

by examining the way in which the value of information is affected by three broad 63 

groups of factors: (1) Biophysical, (2) Economic/political, and (3) Psychological. For 64 

each of these three categories we examine the relevant literature discussing the 65 

interaction of this sphere with forecast use. We then select a few of those factors (one 66 

from each broad group), and use a case study of sugar cane harvesting, to determine 67 

the effect which changes in those factors have on information value over the study 68 

period 1981-2008.   69 

 70 

 71 

 72 

 73 

 74 

75 

                                                

16 One exception is the study by Mjelde et al. (1988), which considers the effects of changing a 

farmer’s prior knowledge within the context of subjective utility maximization. While this is still 

technically a rational enterprise study, the farmer’s priors are manipulated such that they are biased 

toward particular negative or positive years that occurred in the recent past. 
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Table 6-1:  Seasonal climate forecasting studies that examine Biophysical, 75 

Economic or Social/Psychological factors and their effects on information value.  76 

Influencing factor Background or relevant 
studies 

Forecast valuation studies 

ENSO forecast skill Barret(Barrett, 1998) Chen et al. (Chen et al., 2001, Chen 
et al., 2002).  Osborne et al. 2011. 
Letson et al. (2005). 

Crop type Meza et al. (2008). Letson et al. (2005), Messina et al. 
(1999). Meza et al. (2003) 

B
io

ph
ys

ic
al

 
  Climatic variability Chen et al. (2002) Chen et al. (2001, 2002) 

Political Glantz (1977). Lemos et al. 
(Lemos et al., 2002) 

Cabrera et al. (2007); Mjelde et al. 
(1996); Mjelde and Hill (Mjelde 
and Hill, 1999) 

Prices Letson et al. 2005. Letson et al. (2005).  Messina et al. 
(1999).  Hansen et al. (2009), Meza 
and Wilks (Meza and Wilks, 2003), 
Jones et al. (2000) 

Aggregate studies Arrow and Debru 1954. Rubas 
et al. (2006) a 

Adams et al. (1995, 2003), Hill et 
al. (2001, 2004), Chen et al. 
(2002), Solow et al. (1998), 
Messina et al. 2006.  

Rational enterprise 
level 

Neumann and von Morgenstern 
(1944), Savage (1954) 

Messina et al. (1999), Letson et al. 
(2005), Marshall et al. (1996),  
Meza et al. (2003), Peterson and 
Fraser (2001), Mjelde et al, (1997), 
Hansen (2009)  

Ec
on

om
ic

 

Survey/experiment 
based studies 

Bert et al. (2006), Anthony et 
al. (2002), Everingham et al. 
(2002) 

Jochec et al. (Jochec et al., 2001) 

Psychological biases 
and heuristics 

Nicholls (1999), Kahneman and 
Tversky (1974) 

 

Conceptualization of 
climate 

Hansen et al. (2004), Orlove 
(2004) 

 

Understanding of 
probability 

Kahneman and Tversky (2003), 
Luseno et al. (2003)   

Mjelde et al. (1988), Mjelde et al. 
(2000) 

Social/Ethnographic Stern and Easterling (1999), 
Roncoli  (2006) 

 

Trust, credibility. Luseno et al. (2003), Valdivia et 
al. (2001), Jones et al. (2000), 
Meinke et al. (2006)  

 So
ci

al
/P

sy
ch

ol
og

ic
al

 

Communication, 
wording 

Nicholls and Kestin (1998), 
Glantz (2002) 

 

 77 
 78 

The cane farmers of the Herbert region in North Queensland, Australia are used as 79 

the case study for this investigation. This region offers a unique case study for 80 



 

 152 

several reasons. Firstly, it is an area of high climatic volatility in which growers are 81 

both sensitive and vulnerable to extreme climate. Psychological factors come into 82 

play here. Anecdotal evidence suggests that many of these farmers place great 83 

emphasis on the financial consequences of recent very wet years. The local media 84 

has also sensationalized the effects of La Niña when in reality the majority of La 85 

Niña years do not bring damaging rainfall. This sets the scene for farmer over- 86 

reactions to La Niña forecasts, which we simulate in our psychological bias 87 

investigation.  Secondly, growers face volatile price conditions. Sugar prices are 88 

highly sensitive to external events around the world, having fallen to levels as low as 89 

USD 5cents/pound in the early 1980’s, only to rise to levels as high as USD 90 

35cents/lb in 2011, due to shortages in Brazil and the impact of Cyclone Yasi in 91 

2011 (Tasker, 2011).  Due to the volatility of climate and price, and the potential for 92 

non-rational farmer psychology, the region offers a particularly good locale in which 93 

to compare biophysical, economic and psychological influences on information 94 

value.  95 

The goal of this paper is to deepen understanding of key assumptions commonly 96 

employed in forecast valuations, rather than to simply carrying out another economic 97 

analysis using regularly applied assumptions. In other words it aims is to identify 98 

areas neglected in existing analyses that may have significant effects on information 99 

value. Naturally, this process may also reveal the strength of some existing methods 100 

and assumptions.  101 

The paper is split into a review and an empirical investigation. Section 6.2 briefly 102 

reviews existing knowledge on how biophysical, economic and psychological factors 103 

are known to influence information value. With this background complete, Section 104 

6.3 introduces the case study and methodology used to determine information value 105 

under varying assumptions. Results of different sensitivity analyses in our three core 106 

areas biophysical, economic and psychological factors are then presented. Sections 107 

6.4 and 6.5 provide discussions and conclusions from the research, including 108 

recommendations for future research on seasonal climate forecasting in Australia’s 109 

tropical sugar-producing regions.  110 



 

 153 

6.2 Review 111 

6.2.1 Biophysical factors 112 

Agricultural outcomes are intricately linked with weather, climate, soil 113 

characteristics, plant physiology and general ecology. All of these factors may 114 

impinge upon the value of a climate forecast. Moreover, the relationship between 115 

broad climate signals such as ENSO and localized weather is unique in each location 116 

and may contain a large degree of randomness (Barrett, 1998). The strength of the 117 

teleconnections between ENSO and local weather determine the true skill of the 118 

forecast. Thus, each and every farm has a particular combination of soil, crop, 119 

forecast, and environment that will lead to a unique value of information (Meza and 120 

Wilks, 2003).   121 

Crop type 122 

Drawing conclusions on which crop types have the most to benefit from forecasts is 123 

complicated by the location effect and a dearth of relevant studies. Comparing crops 124 

across locations is difficult as location-specific variations in forecast skill will have 125 

strong influences on information value. Few existing studies compare different crop 126 

types in the same location. Research has focused on commercial crops in nations 127 

with developed agricultural settings and markets, such as Australia, Canada, The 128 

United States, Argentina and Chile (see table of recent studies in Appendix B5). 129 

The highest information values published in the literature are by Messina et al. 130 

(2006) and their study of tomato production (irrigated horticultural crop).  Rain-fed 131 

agronomic crops generally have lower information values, though more studies of 132 

horticultural crops and irrigated agricultural crops would help to elucidate any 133 

general trend here. Cereals, such as wheat, and livestock, tend to display lower 134 

information values than other types of farming (Meza, 2008). For example, Meza et 135 

al. (Meza and Wilks, 2003) in their study of different rain-fed agricultural regions of 136 

Chile found that potato and sugar beet yield higher information values than wheat. 137 

However the value of information to wheat growers varied significantly with location 138 

and timeframe. Spring wheat generally yielded higher returns than winter wheat due 139 

to the greater sensitivity of the crop to rainfall at this time.  Unfortunately, no 140 
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existing studies have compared information values across different varieties of sugar 141 

cane. The lesson of the existing, nascent literature appears to be that crops are 142 

predisposed to high information values to the degree that they are sensitive to climate 143 

and real management actions exist to address those uncertainties. Irrigated 144 

horticultural crops are generally more sensitive to climate and more reliant on human 145 

input and this may be why the few studies so far show them yielding higher forecast 146 

values.  147 

Soil type 148 

The influence of soil type on information value is highly dependant on the crop, 149 

location, risk preferences and other factors unique to each farm. Two different soil 150 

types can produce opposing effects on information value in two different locations 151 

(Meza and Wilks, 2003, Osborne et al., 2011). While a soil with high water capacity 152 

may allow farmers to take advantage of good years through certain forecast 153 

adaptations, in other areas/applications a good soil may negate the need for forecasts. 154 

In Chapter 4, it was shown that a perfectly accurate ENSO forecast was more 155 

valuable in the poorer soils of both locations, but that an imperfect ENSO forecast 156 

was more valuable in the better soils for some locations. While the type of soil will 157 

influence nutrient and water retention, the initial water content of that soil has also 158 

been shown to influence forecast value {Letson, 2005 #202;Messina, 1999 #229}. 159 

Location and forecast skill 160 

The stochastic nature of climate cycles makes them imperfect instruments for 161 

forecasting. The strength of the connections between ENSO and local climate at a 162 

particular location are one of the most important determinants of information value 163 

(Hansen, 2002). While a boundary-forcing phenomenon pushes climatic probabilities 164 

in a broad direction, the localised outcomes on the ground can still vary significantly 165 

across space or across multiple occurrences of the same ENSO phase (Barrett, 1998). 166 

These stochastic connections are difficult to determine and contain a sizeable random 167 

component. This means that initial errors in a seasonal forecast are prone to expand 168 

exponentially, giving rise to large errors over longer forecast lead times (Barrett, 169 

1998). There is a trade off here between lead time and accuracy, as the closer the 170 

forecast is to the management decision in question the more accurate it is likely to 171 
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be, however the later the forecast the less time there is to take ex-ante action (Mjelde 172 

et al., 1988). Other research has found that forecasts which predict more categories 173 

than the standard 3-phase ENSO categories can potentially yield higher forecast 174 

values (Chen et al., 2002). Osborne et al. (2011) demonstrate that forecasts of rainfall 175 

tercile (3 categories) are substantially more valuable than forecasts of ENSO phase 176 

(3 categories). The study of Mjelde et al. confirms what the body of studies suggest, 177 

that there is no monotonic relationship between any one aspect of forecast quality 178 

and forecast value (Mjelde et al., 1993).  179 

A further threat to forecast accuracy comes from shifts in ENSO behaviour through 180 

time. Inter-decadal shifts in ENSO strength will undoubtedly influence forecast 181 

accuracy (Wang and Ropelewski, 1995). Power et al. (1999) observed that when 182 

inter-decadal oscillations of sea temperatures in the tropical pacific are at their peak, 183 

the relationships between ENSO and variables such as rainfall and surface 184 

temperatures are weakened in Australia. This would likely reduce the value of 185 

forecasts to farmers in the major sugar growing regions on the eastern seaboard.  186 

 Weather histories 187 

Biophysical variation in information value can also occur when obtaining appropriate 188 

weather histories over which to determine ‘optimal’ farm actions. While researchers 189 

can look back and determine what actions would have been optimal under particular 190 

ENSO phases in some historical period, farmers must make decisions based on 191 

forecasts looking forward. Research by Letson et al. (2005) and Chapter 5 clearly 192 

demonstrated that forecasts operated over periods different to the optimization period 193 

could produce significantly reduced, and even negative forecast values. In the case of 194 

Letson et al. (2005), large synthetic data sets were used to develop robust forecast 195 

recommendations, and negative information values were rare. Evidently, the degree 196 

to which information value is affected will depend on the degree to which the 197 

historical data set used to develop forecast recommendations is representative of 198 

future climate. Furthermore, extreme climatic events are likely to be under- 199 

represented in any historical data set, thus increasing the probability of ignoring the 200 

most consequential years in developing forecast recommendations. As such, I will 201 
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further test the influence of change in the size of historical weather sets in Section 202 

6.3.3. 203 

6.2.2 Socio-economic factors 204 

Socio-economic factors combine with biophysical factors to make forecast value 205 

even more uncertain. Governance systems, changes in prices, market policies and the 206 

presence of market effects can influence farmers both directly and indirectly to 207 

change their use of forecasts.  208 

Governance 209 

The governance and social institutions that couch any farm setting will also influence 210 

forecast value. Glantz (Glantz, 1977) highlighted how the lack of national structures, 211 

such as infrastructure and government investment in agriculture, can limit the 212 

usefulness of forecasts in developing nations. Forecasts may also have the potential 213 

to help farmers navigate the climatic risk which together with loss aversion helps to 214 

hold them in poverty traps (Meza, 2008). In advanced economies, government has 215 

increasingly provided offsetting payments to groups of farmers severely affected by 216 

extreme climatic events.  In the US alone, crop insurance subsidies increased from 217 

$196m to $3.25bn between 1992 and 2003 (O'Donoghue et al., 2009). These transfer 218 

payments may reduce the value of forecasts as farmers will have less need to use 219 

forecasts to avoid potential losses.   220 

Market effects 221 

Just because a forecast has value at an enterprise level does not necessarily mean it 222 

has value when the forecast is widely adopted at a regional or national scale (Hill and 223 

Mjelde, 2002). A successful and widely adopted forecast may boost aggregate supply 224 

and suppress prices, thus diminishing the value of the forecast to each individual 225 

grower (Hill et al., 2004a, Hill et al., 1999). Thus, when scaling up from farm level 226 

studies to whole regions one must be aware of the ‘fallacy of composition’ (Hill and 227 

Mjelde, 2002). Assumptions must be carefully tested to ensure that wide-scale use of 228 

the forecast doesn’t lead to endogenous changes in the forecast value. For these 229 

reasons, treating the farmer’s decision making as an isolated case may provide good 230 

estimates of forecast value only when the number of forecast users is low in any one 231 
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area (Messina et al., 2006). Researchers have developed partial equilibrium models 232 

for agricultural sectors or for international trade in the crop of interest (Hill et al., 233 

2004a, Hill et al., 1999). When scale effects apply, downstream participants such as 234 

wholesalers or retailers may accrue most of the forecast benefits through increased 235 

production and reduced prices. The risk of market price shifts appears to be highest 236 

in agricultural markets with high degrees geographical and owner concentration 237 

(Messina et al., 2006). (Hansen et al., 2006) 238 

Price changes 239 

Shifts in input and output prices can influence forecast value (Messina et al., 1999, 240 

Jones et al., 2000, Letson et al., 2005a, Hansen et al., 2009, Chapter 5). The increase 241 

in price of one crop relative to another can lead substantial cross-substitution in 242 

mixed cropping scenarios {Messina, 1999 #229}. Forecast value may be generally 243 

more sensitive to changes in output prices than input prices (Letson et al., 2005, 244 

Chapter 5) which can partially be explained by the high proportion of fixed costs in 245 

the farmers growing costs. As predicted by economic theory (Hilton, 1981), there is 246 

no monotonic relationship between prices and information value in the majority of 247 

cases. Letson et al. (2005) and Chapter 5 both found that introducing stochastic 248 

prices shifted EVOI mean values without changing EVOI dispersion significantly. 249 

This seems to suggest that changes in forecast performance may have more dramatic 250 

effects on information value than price changes (Letson et al., 2005). This is likely 251 

attributable to the fact that intra-phase climatic variability influences the initial stages 252 

of the highly non-linear crop models, leading to large divergences in the model by 253 

the time outcomes are averaged, whereas the influence of price occurs later in the 254 

model and is less nonlinear (Letson et al., 2005). The magnitude of these differences 255 

(between the ‘importance’ of forecast performance and price changes) is further 256 

explored in Section 6.3. 257 

6.2.3 Psychological factors 258 

Real decision makers utilise psychological processes that differ, often markedly, 259 

from the axioms of expected utility theory. The complexity of real decision making 260 

(in which alternatives of search have to be sought out, consequences are not fully 261 

known and no consistently definable utility function exists) forces us to  262 
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simplify decision making processes and resort to bounded rationality (Simon, 1955). 263 

Psychological heuristics, or rules of thumb, are employed by the mind to further 264 

speed decision making (Kahnemann and Tversky, 1974). Recognition of these non- 265 

rational elements of decision-making behaviour, beginning first with Prospect 266 

Theory (Kahnemann and Tversky, 1979), spawned the field of behavioural 267 

economics. This field acknowledges heuristics and inefficiencies that violate 268 

standard economic assumptions and attempts to address economic questions using a 269 

broader array of methods than those typically employed in ‘standard’ valuation 270 

studies.  271 

A heuristic is a simple method or rule used by the brain to estimate probabilities or 272 

consequences and form a decision. These heuristics emphasise experiential 273 

processing and the counting of instances, rather than probabilities and analysis (Marx 274 

et al., 2007). Heuristics flow from the brain’s System 1, that part of cognition that 275 
reacts immediately and almost instinctually to problems. System 2 on the other hand, 276 
is responsible for more rational, reasoned thought (Kahneman, 2003). The result of 277 
these heuristics is usually to bias thought in some way that deviates from rational 278 

decision making. Research in psychology has catalogued many of the known non- 279 

rational heuristics employed by decision makers (Kahnemann and Tversky, 1974). 280 

Human decision making in regards to seasonal forecasts is likely to involve many of 281 

these biases (Nicholls, 1999).  282 

There are several major groupings of known decision heuristics. The anchoring 283 

heuristic describes the tendency of decision makers to make guesses by adjusting 284 

from pre-existing mental ‘anchors’. The representativeness heuristic describes the 285 

propensity of decision makers to evaluate the probability of an uncertain event by the 286 

degree to which it is similar to its parent population or reflects the salient features of 287 

the process by which it is generated (Kahneman and Tversky, 1972). The 288 

confirmation heuristics flow from humans strong tendency to overweight their own 289 

ability to make decisions, and to search for evidence that confirms their existing 290 

beliefs and ignores disproving evidence (Bazerman, 1994). The framing effect, or the 291 

changes in individuals’ responses to the same information phrased differently, is 292 

another important heuristic to consider in designing a forecast communication 293 

(Tversky and Kahneman, 1981).  294 
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Interested readers are directed to Appendix B4 for a comprehensive review of these 295 

heuristics, the key point being that despite the breadth, depth, and growth in the 296 

behavioural economics arena, there are almost no studies that have attempted to 297 

account for such factors when assessing forecast values (social factors are also 298 

considered in Appendix B4). Here, I focus on a heuristic that we will use to explore 299 

the potential importance of psychological factors on information values in our 300 

empirical analysis: the availability heuristic. In this heuristic, decision makers judge 301 

the probability of an event occurring by the ease with which it can be brought to 302 

mind (Kahnemann and Tversky, 1974).  An event may be extremely rare, yet if its 303 

imprint on the psyche is sufficient strong because it was a very memorable event, a 304 

decision maker may judge it to be very likely to re-occur. Extreme weather and 305 

climate events are often strongly memorable and form the basis for availability 306 

biases.  307 

Events which have made a strong imprint on the psyche are more easily retrieved 308 

when thinking about a problem (Kahneman, 1973). An example in sugar cane may 309 

be the occurrence of extreme wet years. These occur mostly during the La Niña 310 

climate cycle and can lead to large losses of cane and reductions in farm profits. A 311 

farmer who has experienced such a memorable loss may assess the probability of a 312 

similar disaster occurring as high each and every time he (she) receives a La Niña 313 

forecast.  However, data from the last 30 years shows that from 10 La Niña events, 314 

probably only 2 led to large losses in the Herbert region (these figures may vary for 315 

other cane growing regions). Thus, a reasonable expectation could be that the 316 

probability of extreme rainfall given a La Niña forecast is 20%. A farmer exercising 317 

an availability bias may evaluate the likelihood of extreme rainfall as high as 100%. 318 

This may cause over-reactions such as excessive changes in fertiliser application, or 319 

dramatic changes in planting or harvesting schedules. In Section 6.4 we examine the 320 

potential economic consequences of one such over-reaction. Farmers who are more 321 

loss averse may be more prone to availability biases: the particularly strong disutility 322 

they gain form big losses is likely to be more memorable.   323 
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6.3 Empirical analysis 324 

The review of the literature shows that many studies have considered deviations in 325 

forecast value due to price fluctuations, risk aversion, crop type and forecast skill. 326 

However only two studies have considered psychological factors when assessing 327 

forecast value, and no study has considered variations in standard economic 328 

assumptions (about factors such as price and risk aversion), together with biophysical 329 

and psychological variations. Such an investigation could yield valuable information 330 

on the most pertinent sources of risk in implementing a forecast or valuing a forecast. 331 

We attempt to shed light on these important issues using a case study of cane 332 

growers in the Herbert River District of North Queensland, Australia. The sub- 333 

sections below briefly describe the case-study area and the modeling approach 334 

applied.  335 

6.3.1 Background to the case study area and its climate 336 

Rainfall during the latter portion of the harvesting season (spring) plays a crucial role 337 

in determining both the quality and harvestability of the cane in the Herbert. Intense 338 

and sustained rainfall during the La Niña events of 1998 and 2010 caused widespread 339 

damage to crops and left thousands of tonnes of cane unharvested as harvesting 340 

equipment was unable to access the wet fields. Despite the dangers of spring rainfall, 341 

this time of the year is often associated with higher sugar concentration levels in the 342 

cane stalk. Thus, farmers would prefer to concentrate harvesting during spring. New 343 

long-lead seasonal climate forecasts offer farmers some forewarning of future 344 

climate phases, and provide the opportunity to consider rescheduling harvests to take 345 

advantage of such information. The particular forecast examined in this study is the 346 

long-lead forecast of Clarke et al. (2009). 347 
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 348 

Figure 6-1: Average monthly rainfall in Bambaroo broken down by ENSO phase 349 
(1981-2008). 350 

6.3.2 General method 351 

We examine a representative farm enterprise in the Herbert region, with a farm of 352 

size 100ha, which acts in accordance with expected utility theory. The farmer’s 353 

decision problem is to choose the best possible starting date for harvest operations. 354 

Choosing an early start date allows a farmer to avoid potentially poor harvesting 355 

conditions later in the year due to excessive rainfall, however the farmer may also 356 

miss out on higher yielding cane that also occurs later in the year (if harvesting 357 

conditions are average or good).  358 

The farmer selects the optimal start date for harvesting given prior knowledge of 359 

ENSO and crop performance and new knowledge in the form of the long-lead ENSO 360 

forecast. The farmer uses the forecast over the period 1981-2008, with the optimal 361 

forecast actions having been developed from forecast performance over the period 362 

1951-1978.  In this way negative information value is allowed. All information 363 
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values will be measured relative to the climatology strategy (knowledge only of past 364 

climate and outcomes)17.  365 

Decision rules developed using the forecast over a historical weather period are then 366 

played out over a 28-year study period. This method of treating forecast values 367 

permits negative information value (Letson et al., 2005), and is more realistic as 368 

information must be used under a different set of climatic outcomes to that under 369 

which it was developed, just as farmers must do. Under such an approach the number 370 

of years used to determine the optimal forecast action is expected to have a strong 371 

effect on forecast value. Actions determined over hundreds of years of synthetic 372 

weather data, as in Letson et al. (2005), will yield higher values than actions 373 

determined over smaller time periods.  374 

From the baseline scenarios we then vary different biophysical, economic and 375 

psychological assumptions. We measure variation in forecast value in terms of $/ha 376 

variation from the information value yielded over 1981-2008 across all soil type and 377 

location scenarios. The values compared are thus averages across all conditions. 378 

When individual variations in certain locations or soil types are notable we mention 379 

them.  380 

6.3.3 Biophysical factors tested in the simulation exercise 381 

Baseline scenarios 382 

As demonstrated in Chapters 4 and 5, the value of the long-lead ENSO forecast 383 

varies significantly across the different regions with the Herbert River district, 384 

though these regions all lie within relatively close proximity. This indicates that 385 

teleconnections between ENSO and local climate contain sufficient randomness to 386 

change the forecast skill across a relatively small geographic distance. Practically, 387 

this will inevitably result in farmers giving lower weights to seasonal forecasts in 388 

their decision making. The study outlined in Chapter 5 found that information values 389 

                                                

17 The reader is referred to Chapter 5 for full details of the methods employed to determine 
information value.  
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were on average $3.42//ha higher in the wetter northern region of the Herbert River 390 

disctrict, versus the dryer southern area.  In the Herbert, Osborne et al. (2011) 391 

showed that the average increase in information value when one moves from the 392 

existing imperfectly accurate ENSO forecast to perfect ENSO predictive capability is 393 

$3.24/ha (Table 2). This is small when compared to the $14.24/ha average increase 394 

when converting to from the imperfect forecast to a forecast that accurately predicts 395 

the rainfall tercile18.  396 

For convenience, this information is summarised in Table 6-2 below: the right hand 397 

column provides the ‘baseline’ set of estimates against which other estimates of 398 

forecast value generated under different assumptions/scenarios are compared in 399 

subsequent sub-sections. 400 

 Table 6-2: The value of different farmer strategies in relation to climate.  401 

 Expected value of given strategy relative to climatology 

($/ha)a 

 Tercile 
forecastb 

Perfect 
forecast 

Imperfect 
forecast 

Macknade 
ychrom 8.9 -11.3 -20.6 

Macknade 
rderm 21.2 -4.5 6.7 

Bambaroo 
ychrom 5.6 -0.4 -0.1 

Bambaroo 
rderm 7.3 5.5 4.7 

a Difference between the strategy’s expected gross value over 1981-2008 and the expected 402 
gross value of the climatology strategy 403 

Weather histories 404 

To test the robustness of the forecast values to changes in the historical weather data 405 

utilized, we utilize our case study and systematically reduce the number of years of 406 

                                                

18 One benefit of comparing the 3 phase ENSO to a tercile forecast approach is that it maintains three 
distinct categories like the ENSO forecast, thus avoiding artificial improvements in skill which result 
from increasing the number of categories HANSEN, J. W., CHALLINOR, A., INES, A. V. M., 
WHEELER, T. & MORON, V. 2006. Translating climate forecasts into agricultural terms: Advances 
and challenges. Climate Research, 33, 27-41.. 
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historical data used to develop forecast recommendations. We simulate the 407 

developed recommendations over the same time period, 1981-2008.  The results 408 

show that information value isn’t particularly sensitive to changes in the historical 409 

weather set. While significant fluctuations up and down do occur, the overall 410 

information values still remain at relatively small magnitudes as a percentage of total 411 

profit. There is also no consistent trend to lower information values when smaller 412 

historical data sets are used. This is most likely a function of the hit-and-miss nature 413 

of the ENSO predictor. The relatively large variations in rainfall and other impact 414 

variables during the same ENSO phases means that reductions in the data set 415 

sometimes increases information value by removing spurious forecast predictions. 416 

 417 

Figure 6-2: Change in information value as the historical data set used to determine 418 
optimal actions is reduced.  419 

The differences between these estimates of forecast value – compared to the value of 420 

a climatology strategy – are presented in Table 6-3 alongside other, comparable 421 

estimates of variations in forecast value from other biophysical sources. 422 

 423 
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Table 6-3: Differences in forecast value – generated by changes in biophysical 424 

assumptions. 425 

 Source of difference Difference in this 
forecast value 

compared to the 
baseline forecast 

value* ($/ha) 

Cause of difference 

Weather data -3.1 Average decrease in value from 
28 yrs to 16yrs of historical data 

Soil type 2.3 Average increase in good soil 
versus poorer soil 

Forecast error 3.2 Average increase from imperfect 
to perfect forecast 

Location 3.4 Average higher in Macknade 
versus Bambaroo B

io
ph

ys
ic

al
 

Forecast type 14.2 Average increase in EVOI from 
imperfect to perfect tercile 
forecast 

*The baseline is the imperfect forecast over the period 1981-2008 426 

6.3.4 Economic factors tested in these simulations 427 

Shifts and stochastic variations in input and output prices 428 

In chapter 5, I examined forecast value under stochastic price scenarios, where 429 

optimization was carried out assuming a price of $300/ha but when the farmer was 430 

applying the forecast the actual prices he (she) faced were stochastic. The resulting 431 

distributions of forecast value showed that only three out of eight farm scenarios had 432 

a forecast value which was significantly positive. For the farm scenarios in 1981- 433 

2008 drops in information value of approximately 100% occurred in relatively 434 

infrequently.   435 

Here we also examine the variation in forecast value when input and output prices 436 

undergo a structural shift over the period of forecast use (1981-2008). Such a 437 

scenario may represent a policy shift such as liberalization of EU trade policy, or 438 

evolving supply or demand events. The optimal forecast actions were determined 439 

over the period 1951-1978 using a standard price of $300/tonne. The results in Table 440 

2 show that forecast value is relatively insensitive to shifts in input and output prices, 441 
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with the greatest variations being farmer gains during input price decreases or output 442 

price increases 1.68% improvement). Input price increases and output price 443 

decreases have small or no effect on information value19. The relative unimportance 444 

of risk aversion in this case study is a contributing factor.  445 

As previously, the difference between these estimates of forecast value compared to 446 

the value of a climatology strategy are presented in Table 6-4. 447 

Table 6-4: Differences in forecast value – generated by changes in input and output 448 

prices. 449 

 Source of 
difference 

Difference in 
forecast value 
compared to 

baseline* ($/ha) 

Cause of difference 

Input prices 0.0 

 
1.4 

Average increase due to 50% 
input prices increase 
Average increase due to 50% 
input prices decrease 

Output price 
(structural shift) 

1.7 

 
-0.3 

Average increase due to 50% 
sugar price increase 
Average decrease due to %50 
sugar price decrease Ec
on

om
ic

 

Stochastic prices Forecast value random 
variable 

Forecast value significantly 
positive in only 3 out of 8 
combinations of location and soil 
type 

*The baseline is the imperfect forecast over the period 1981-2008 450 

6.4 Psychological factors investigated in the simulations 451 

When farmers use heuristics, or mental shortcuts, to assess probabilities and make 452 

decisions the outcomes will be different to decisions made in the pure probabilistic 453 
                                                

19 The jury is still out on whether forecasts may have significant aggregate price effects in sugarcane. 
While some concentrated domestic markets may be influenced, the world market is relatively 
unconcentrated, though this may change with growing powerhouse producers such as Brazil. Market 
effects can be safely ignored for our study in the Herbert region, given that the vast majority of their 
sugar is exported and Australia has relatively little power in the global market, accounting for less 
than 8% of traded world sugar. 
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fashion often assumed in forecast valuations. Thus far we have assumed that the 454 

farmer’s prior probabilities are equal to the historical probabilities of climatic 455 

occurrence. We now allow this prior knowledge to vary, in accordance with the 456 

observation that farmers may not accurately assess probabilities.  457 

I simulate a non-rational decision behaviour known as the availability bias or 458 

heuristic. One area in which farmers are expected to be prone to such a bias is 459 

extreme La Niña or El Niño events. In the sugar industry of Australia La Niña events 460 

have been widely reported and have caused catastrophic damage in years such as 461 

1998-2000 and 2010. A farmer who has experienced such a memorable loss, may 462 

assess the probability of a similar disaster occurring as high each and every time he 463 

(she) receives a La Niña forecast.  The myth of the ‘always devastating La Niña’ is 464 

exacerbated by over-simplified and sometimes sensationalist media coverage which 465 

portrays a cast-iron causality between La Niña cycles and destruction (Nicholls, 466 

1999). Meteorological data from the region disproves some myths surrounding La 467 

Niña. During the last 30 years there has been nine La Niña forecasts, with only two 468 

leading to large losses in the Herbert region (these figures may vary for other cane 469 

growing regions). A farmer exercising the availability bias might adjudged a La Niña 470 

forecast as indicating a 100% chance of damaging conditions, rather the true 471 

probability which is 22%. Such an erroneous belief may lead him (her) to readjust 472 

some on farm practices to accommodate extremely wet weather.  473 

We simulate two availability bias strategies. My first prior knowledge scenario 474 

assumes that the farmer’s prior knowledge is dominated by the worst La Niña 475 

outcome on record (1998 or 2000 for most location/soil type scenarios).  They will 476 

thus respond as they would have done in this memorable year when faced with 477 

another such occurrence. In all of the scenarios the optimal action under the worst La 478 

Niña year was to start harvesting on the earliest possible start date, day 161. Under El 479 

Niño or Neutral forecasts the farmer is assumed to follow the optimal forecast 480 

decision rules. The second scenario is an optimistic availability bias in which 481 

farmer’s prior knowledge of La Niña is limited to the most profitable La Niña year in 482 

recent history (no extreme wet weather). The optimal action under such a scenario is 483 

to start harvesting closer to the industry average start date, day 175.   484 
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Note that both these decision rules have farmers changing their behaviour from the 485 

prior-determined forecast decision rules only under La Niña forecasts. The approach 486 

used is similar to Mjelde et al. (1988), who is the only researcher (to the knowledge 487 

of this author) to consider non-rational DM behaviours in the seasonal forecast 488 

valuation literature (in a quantitative assessment). Our approach is also similar to 489 

Mjelde et al. (1988) in considering both optimistic and pessimistic prior knowledge.  490 

However, those authors examine how a perfect forecast compares to farmers with 491 

historical knowledge of only good and bad years, as well as the previous year. Here I 492 

examine an availability bias in the use of the forecast itself, that is, farmers over or 493 

under reacting to La Niña forecasts. Mjelde et al. (1988) consider prior knowledge 494 

distortions in every year of their study period. We also compare our results under 495 

differing prior knowledge not only to a perfect forecast, but also the existing 496 

imperfect forecast and a tercile rainfall forecast.  497 

Figure 6-3 shows the value of following the forecast optimized actions in each of the 498 

nine La Niña forecast years versus the results of the farmer’s pessimistically biased 499 

actions. The biased strategy generally outperformed the forecast strategy in years 500 

where the farmer’s bias was correct and extremely high rainfall occurred in spring, 501 

namely 1998, 1999 and 2000. In most years it performed very poorly, leading to high 502 

negative forecast values. The biased response also resulted in much more volatile 503 

forecast value (and hence returns) than the optimal forecast response. 504 
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 505 

Figure 6-3: Value of optimal forecast action and biased action in the nine La Niña 506 
forecast years between 1981 and 2008. The value of both strategies is assessed 507 
relative to the climatology strategy. The values in the brackets show the overall value 508 
of each strategy over the period 1981-2008, the left figure being the optimal forecast 509 
strategy, the right figure the availability bias strategy. 510 
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Under the pessimistic availability bias the value of the seasonal forecast over the 511 

entire 28-yr study period drops markedly for each of the combinations of location 512 

and soil type tested (Table 6-5). The peak drop occurs in poor soil of the Bambaroo 513 

region, where our representative farmer loses -$41.6/ha compared to the default 514 

climatology strategy. The farmer in poor soil of Macknade also yields a substantial 515 

loss from the bias, yielding -$33.9/ha compared to climatology. On the other hand 516 

the optimistic availability performs on par with the imperfect forecast, and even 517 

better than the perfect forecast in three out of the four scenarios. It does result in 518 

larger losses than the pessimistic availability bias during very wet years, but these 519 

losses are more than recouped during less severe La Niña years. The value of 520 

different strategies is quite volatile across different locations and soil types. For 521 

example the optimistic bias performs well in the good soil of Macknade, but quite 522 

badly in the poor soil. The hypothetical tercile forecast, with its more accurate 523 

prediction of rainfall, outperforms all other strategies in every location and soil.  524 

 Table 6-5: The value of different farmer strategies in relation to climate.  525 

 Expected value of given strategy relative to climatology 
($/ha)a 

 Tercile 
forecastb 

Perfect 
forecast 

Imperfect 
Forecast 

Pessimistic 
ABc 

Optimistic 
ABd 

Macknade 
ychrom 8.9 -11.3 -20.6 -33.9 -21.0 
Macknade 
rderm 21.2 -4.5 6.7 -11.3 4.4 

Bambaroo 
ychrom 5.6 -0.4 -0.1 -41.6 3.5 

Bambaroo 
rderm 7.3 5.5 4.7 -21.4 6.4 

a Difference between the strategy’s expected gross value over 1981-2008 and the expected 526 
gross value of the climatology strategy 527 
 528 
b Details of the tercile forecast are given in Appendix C2.   529 
 530 
c Pessimistic Availability Bias: under La Niña forecasts the farmer commences harvesting on 531 
a day appropriate for the worst La Niña event in recent history 532 
 533 
d Optimistic Availability Bias : under La Niña forecasts the farmer commences harvesting on 534 
a day appropriate for the best La Niña event in recent history 535 
 536 
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6.5 Discussion 537 

This study has examined how variations in biophysical, economic and psychological 538 

assumptions can lead to changes in information values. Biophysical assumptions 539 

generally had a relatively minor impact on information value for the case study 540 

examined. The exception was a strong increase in information value when spring 541 

rainfall was more accurately predicted by a tercile rainfall forecast. This result stands 542 

in contrast to the relatively modest increase ($3.20/ha) available from improving 543 

ENSO phase prediction accuracy to 100%. Economic price fluctuations had 544 

relatively little influence on forecast value. This is a reflection of the relatively flat 545 

profit function resulting from farmers already being close to an optimal harvest 546 

management solution. Such a result minimises the importance of both risk aversion 547 

and prices.  548 

The change in information value produced by the pessimistic psychological bias 549 

eclipsed all biophysical and economic sources of variation. The value of the 550 

pessimistic availability bias strategy was -$27.1/ha lower than the baseline. In all 551 

cases the resulting value of information over the 28-year study period was negative. 552 

Effectively this result means that a farmer who follows the probabilistic forecast 553 

approach presented, but deviates slightly under the nine La Niña forecasts, will 554 

realise a value of information significantly lower than what is predicted by rational 555 

economics.  556 

It is the opinion of the authors that similar results might also prevail in the context of 557 

most other forecast valuation studies employing only rational assumptions. The 558 

results of Mjelde et al. (1988) in their investigation of forecast use in the US corn 559 

belt, point to similar conclusions. A pessimistic bias in prior knowledge investigated 560 

by these authors yielded significantly lower information values than the climatology 561 

strategy. The changes were also larger than those expected due to fluctuations in 562 

price or risk preference. However, the authors assume a pessimistic bias in all years 563 

of forecast use, while we consider a bias due to the use of the forecast itself, only 564 

occurring in nine years out of the 28 year study period. Results such as these have 565 

significant implications for those attempting to fund, develop, implement and utilise 566 

climate forecasts.  567 
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Early enthusiasm about the value of climate forecasts has been tempered somewhat 568 

by realization of the ‘implementation gap’ common to many decision support 569 

systems (McCown, 2002). This gap arises because of differences between the nature 570 

of assumptions used by researchers/modelers in developing and disseminating a 571 

seasonal forecast and the intuitive and complex decision making framework of the 572 

decision maker (McCown, 2002). It is widely held that this implementation gap 573 

contributes to the low adoption rates of seasonal forecasts (Ascough et al., 2002, 574 

Ascough and Deer-Ascough, 1994, Stephens and Middleton, 2002). It appears likely 575 

that forecast valuation studies that provide no scope for farmer intuition have at least 576 

partly contributed to the implementation gap in seasonal forecasting.  577 

Such results demand that greater relative importance be placed on examining 578 

psychological factors when estimating seasonal forecast values. This is particularly 579 

true when such studies are being used as precursors to actual forecast use, perhaps to 580 

understand potential values or even motivate industry bodies or farmers to action. 581 

Forcing or inducing farmers to change their robust risk management produces 582 

without having a full understanding of their position and thought processes may lead 583 

to increased risk and vulnerability to climate (Meinke et al., 2006). While deviations 584 

due to economic and biophysical factors appear constrained by certain natural limits, 585 

psychological factors can effectively leverage themselves, exaggerating a small 586 

psychological misperception into a significant change in outcome.   587 

Researchers have acknowledged that climate forecast information is implemented in 588 

a highly complex environment. Letson et al. (2005) argue that the value of climate 589 

information should be expressed as a distribution rather than a unique value, and 590 

generate such estimates using parallel weather sequences from weather generators 591 

(Letson et al., 2005). This process needs to be continued by adding the consideration 592 

of non-rational thinking to the list of factors producing the forecast value 593 

distribution. This requires new approaches in determining forecast value.  594 

One obvious method to incorporate psychology in developing more realistic 595 

information values is subjective probability models (subjective expected utility). As 596 

stated by Hardaker and Lien (2010) there have been “many attempts to measure 597 

[farmers] attitudes to risk, yet very little work on their beliefs as encoded in 598 
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probability judgements.” Perhaps due to the methodological complexities of treating 599 

probabilities as non-objective, researchers in agricultural and resource economics 600 

have been generally reluctant to embrace subjective probabilities (Hardaker and 601 

Lien, 2010). Most valuation studies assume farmer prior knowledge about climate is 602 

frequentist and derived from the historical climatology. That is, the farmer assesses 603 

future probabilities from a vast statistical database of knowledge. By incorporating a 604 

subjective expected utility framework it is possible to examine the forecast value 605 

under the more realistic probabilities formed by the farmer from his own farm 606 

knowledge and own particular beliefs and heuristics.  607 

Another notable result from this research was the strong performance of the tercile 608 

rainfall forecast in comparison to all other strategies, including the ENSO forecasts. 609 

It is widely noted in the literature that forecasts which more reliably predict real 610 

impact variables, such as rainfall, yield higher values than those that accurately 611 

predict a broad ENSO phase. While the existing three-phase system appears to yield 612 

little benefit, a five-phase definition could yield higher information values. Forecasts 613 

with greater numbers of phases have been demonstrated to have greater value than 614 

three phase definitions in wheat production in the U.S. and Canada (Hill et al., 2000), 615 

and also at a world scale (Chen et al., 2002). Given the highly location and crop 616 

specific nature of forecast value, a sugar-specific investigation would be needed to 617 

determine if a five-phase definition held greater value in sugar.  618 

Forecast use could improved by following recommendations to de-bias the entire 619 

process of forecast development and dissemination (Bazerman, 1994, Nicholls, 620 

1999). In the Herbert region of northeastern Australia, researchers have utilized 621 

probability training and developed forecasting interfaces that allow farmers to 622 

explore the forecast for themselves. Boundary objects such as rain forecasting 623 

programs have been used to allow farmers to interact with the decisions support 624 

system dynamically and generate options for their management strategy 625 

(Everingham, 2009).  Everingham et al. (2002) used a participatory research process 626 

to investigate how forecasts may be integrated into farming systems. Researchers 627 

have applied probability wheels to demonstrate the way forecasts work and how they 628 

accumulate value when applied consistently over many years. 629 
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6.6 Conclusions 630 

This study has considered the effect of changing assumptions in a standard seasonal 631 

forecast valuation case study. The average variations in information value due to 632 

variations in biophysical and economic assumptions were relatively modest. One 633 

exception was the solid improvements in information value obtained under the tercile 634 

forecast. This shows that forecasts with more accurate prediction of rainfall could be 635 

of value to cane growers compared to simply a three-phase ENSO prediction.  636 

Variations in information value due to a plausible psychological bias were larger 637 

than all other types of variation. Also, the pessimistic availability bias induced 638 

significantly negative information values.  This shows that farmers who have an 639 

overly pessimistic view of La Niña forecasts, whether due to past experience or 640 

media hype – are prone to losses as a result of utilising currently existing forecast 641 

technology. An optimistic availability bias was less harmful and even comparable 642 

with forecast optimised action in most settings. The results emphasise the importance 643 

of educating farmers extensively on forecast use, instead of simply letting media 644 

reports of climate news fill a vacuum and create potential over-reaction. Forecast 645 

communications can also be de-biased through careful consideration of the different 646 

heuristics discussed in Section 6.2.3. For example, to avoid framing bias, forecast 647 

issuers will want to avoid framing forecasts in terms of gains or losses but rather 648 

maintain neutral language.  649 

The overall conclusion from this study is that researchers carrying out forecast 650 

valuations need to be wary of changes in their critical assumptions and need to test 651 

their information values under a greater variety of non-rational psychologies.  652 

 653 

 654 

 655 

 656 
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6.7 Summary Chapter 6 657 

•  Economic valuations of seasonal climate forecasts make assumptions about 658 

biophysical factors, economic factors and psychological factors.  659 

•  While many valuation studies consider the effect of varying their biophysical and 660 

economic assumptions, few consider the effects of psychologies divergent from 661 

the standard rational models. 662 

•  Using the case study of sugar cane farmers in North Queensland, Australia, we 663 

compared the effect that changes in biophysical, economic and psychological 664 

factors can have on the value of forecast.  665 

•  Our findings indicate changes in assumptions about the way in which individuals 666 

use information can have larger impacts on information values than changes in 667 

assumptions about the accuracy of forecasts and/or a range of other economic 668 

and biophysical factors.   669 

•  Whilst there is a clear need to test these results in other situations, the results 670 

suggest that researchers may need to place a stronger emphasis on farmer 671 

intuition during forecast development and to conduct forecast valuations using 672 

frameworks that accommodate subjective utility or salient psychological 673 

heuristics.   674 
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7 CONCLUSIONS AND RECOMMENDATIONS 

 

 

Abstract: This chapter summarises the outcomes of the research in regards to the 

three stated thesis objectives (Section 1.2). It highlights for the reader how these 

findings represent a unique contribution to the existing literature on the economics of 

seasonal forecasting. The research is unique in at least four aspects: (1) it develops 

an agronomic-economic model specific for sugar cane which is further integrated 

with a wet weather model to simulate resource-constraint costs (2) it provides the 

first decision model estimates of forecast value in sugar cane, (3) it simulates 

forward looking forecast use, thus allowing negative information values, and (4) it 

considers a realistic psychological bias induced by the forecast itself and compares 

the resulting changes in forecast value to changes induced by biophysical and 

economic factors.  

7.1 Thesis outcomes 

Objective 1: To develop an economic model of cane grower behaviour in order to 

generate estimates of the value of seasonal forecast information relevant to the 

Herbert River cane-growing district. 

The review of the literature highlighted that seasonal forecasts have now been valued 

across a wide range of geographical locations and crop types (Meza, 2008), but that 

sugar cane had received little consideration. Further, tropical areas, such as North 

Queensland, had received almost no attention. This is a key gap in the literature, 

particularly considering that recent advancements in meteorology provide improved 

forecasts for cane growers. Despite these meteorological advancements relatively 

little research has examined the ‘on-the-ground’ economic impact of these forecasts. 

This lack of quantitative knowledge creates an atmosphere of uncertainty about 

whether cane growers should alter their behaviour in response to the forecast.  Also, 

given industry interest in climate forecasting after a series of damaging La Niña 

years, the time also appears propitious to be researching and experimenting with 
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farmers to make progress on this issue. Farmers, and industry leaders, were 

particularly interested in the potential of seasonal forecasts to help in scheduling the 

annual harvesting season. It was identified that an investigation of information value, 

incorporating acceptable economic and crop models, could provide useful 

information for those seeking to implement forecasts in sugarcane.  

Existing studies overwhelmingly use expected utility theory to assess information 

value (see (Meza, 2008)) and employ frequentist assumptions for the famers prior 

knowledge of climate {Hansen, 2009 #235; Letson, 2005 #202; Messina, 1999 #229; 

Meza, 2003 #258}. To produce a study with information values comparable to these 

other studies it was deemed beneficial to employ similar methods. I identified a 

number methods for representing farmer risk preference, and the most reasonable 

method for this initial study into sugarcane was to assign the farmer a utility function 

and levels of risk aversion parameter observed as reasonable in practice.   This is the 

first study of its kind in sugarcane.  

To develop realistic estimates of forecast value that were comparable with other 

studies I developed a farm decision model in two stages. Firstly, an expected profit 

model was constructed (Chapter 4) and then an expected utility model (Chapter 5). 

For both cases, the decision model used crop yield information obtained from the 

crop simulator APSIM. Extensive calibrations were done to ensure plant sugar 

concentrations and total yields were simulated as accurately as possible, and coding 

was incorporated into APSIM to allow simulation of crop yields for every day in the 

harvesting seasoning. A wet weather model was coupled with the crop simulation 

code to determine which of the available harvesting days were lost to wet weather. 

This model allows us to incorporate changes in farm profits under changing dates 

due to ‘wash-out’ and not just CCS behaviour. A ‘wash-out’ occurs when a 

harvesting season is wet enough to preclude a finish to the harvest and some crop is 

left unharvested. The wet weather model developed here is the first of its kind 

incorporated in such an economic decision study and could be utilised in future 

studies of forecast value in sugarcane. A farm profit model, developed in conjunction 

with industry partners, converted crop yields to returns and was included in a Matlab 

model which executes profit transformations in tandem with the decision model.  
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Results indicate that the value of seasonal forecasts when used in this manner is 

modest with respect to the farmer’s annual profits. The absolute value of forecast 

benefits was in most cases slightly higher on per-hectare terms than other Australian 

studies which examined wheat (Marshall et al., 1996, Abawi et al., 1995) and mixed 

cropping (Petersen and Fraser, 2001). The forecast was generally more valuable 

under El Niño forecasts, though this reflects not only the forecast but also the 

climatological information it conveys. The standard industry start date does not fully 

reflect the fact that under the climatology strategy a slightly later start date is 

beneficial when implemented in all years.  

One of the major limiting factors of forecast value apparent from these investigations 

was the reasonably high degree of climatic variability that can still occur within each 

climate phase predicted by the forecast. This is a result noted by other researchers 

(Barrett, 1998, Letson et al., 2005). 

I next developed an expected utility model of the farmer’s simulated choice 

regarding harvest start date. At this point I considered information value in the ‘pure’ 

sense, that is the value of the forecast strategy relative to the best climatology 

strategy (historical knowledge optimal actions). A mathematical programming 

model, based on expected utility maximization, was constructed to examine the 

potential benefit of using El Niño-Southern Oscillation (ENSO) seasonal forecasts to 

schedule annual harvesting operations.  

Results again indicated that the value of imperfect and perfect forecasts of ENSO 

phase are modest. The pure information values were lower than those determined in 

reference to the standard strategy in Chapter 4, as expected. The information values 

were slightly less than those found in most other studies of dry-land crop and mixed 

crops. However, given that I have considered one major management decision, and 

not a whole-of-farm decision model involving multiple decisions, it would be unwise 

to draw the conclusion that forecast value is lower in sugarcane than these other 

crops. Likely, the information values will be augmented slightly by the consideration 

of other management decisions. This is a reasonable assumption given that cane 

farmers face similarly shaped production functions, the same types of costs, and the 

same types of management decisions, as other farmers. For information value to be 
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dramatically higher there would need to be large, discrete decisions made by the 

farmer that lead to dramatically different outcomes. These kinds of decisions, such as 

the purchasing of major assets, are rarely those in which forecasts are utilised. 

Objective 2: To examine the sensitivity of information value to relevant 

economic and agronomic factors in order to gauge the usefulness of the forecast 

to different groups and under different situations. 

The results of three papers (Chapters 4, 5 and 6) speak to the sensitivity of 

information value to different agronomic, economic and social/psychological factors, 

though Chapter 6 attempts to bring all these sensitivity results together for 

comparison.  

The results support the idea that cane farmers have found a close to optimal solution 

through successive refinement of the annual harvesting operations.  This is evidenced 

by the relatively flat profit function observed in this particular decision problem (see 

Section 5.3.3). The result of this flat profit function is that the farm profits are 

relatively insensitive to the farmer’s decision (the farmer has more room for error). 

By extension, this also reduces the importance of risk aversion, as described in 

Section 5.3.4. Flat profit functions have been identified in many agricultural decision 

problems (Pannell, 2006). However, this is the first seasonal forecast valuation to 

acknowledge the potential power of flat profit functions to limit forecast value, 

particularly in developed settings.  

The forecast value was also dependent on soil type and therefore likely to be highly 

variable spatially. Given the spatial disaggregation of forecast value (different value 

in different soil types), farmers may well be faced with a situation where optimal 

forecast actions differ even between areas on their own property. However, the 

variation observed here is less in the later study of  ‘pure’ information value. The 

values in good soil are inflated in the initial study as a later start date, as would be 

implemented under climatology, benefits these soils disproportionately. But a case 

could be made for considering true forecast value as the difference between the 

forecast strategy and the strategy that would be implemented in the absence of that 

forecast. That default strategy is probably not climatology, but something similar to 
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what is used at the moment. To conclude, these results highlight the need to better 

understand how the forecast would be communicated and changes implemented 

within the context of the harvest scheduling framework and other farm management 

decisions. 

Meteorologists and industry bodies working with farmers to implement forecasts 

need to be aware of the ‘fragile’ nature of forecast value. In practice forecasts are 

utilised in real time (forward), with no knowledge of what the future climatological 

distribution will look like, or what actions will truly be optimal under any given 

forecast.  Despite this, many forecast valuation studies look backwards, optimising 

farmer actions over past climate outcomes and inferring from this the value of the 

forecast (Messina et al., 1999). My assessment of information value included an 

analysis of information value looking ‘forward’ to provide more realistic 

assessments. This is similar to the approached employed by Letson et al. (2005). 

However, differing from Letson et al. (2005), I assumed that optimal actions were 

determined over only a 28-year period. That is, the farmer effectively had a small 

period of prior knowledge or experience in which to determine what actions were 

optimal for different forecasts. The farmer then takes this knowledge and carries out 

the ‘optimized’ actions over the new realization of climate. This provides a scenario 

more realistic to the farmer’s constantly changing environment, as opposed to 

assuming hundreds of years in the optimisation period (generated using synthetic 

weather generators). The results (see Table 6-5) show that information values are 

mostly negative when the new climate realisation is not sufficiently representative of 

the past period over which the farmer determined what works under different 

forecasts.  

I later considered ‘forward looking’ forecasts in tandem with stochastic prices, to 

generate distributions of forecast value (see Section 5.3.7).  In four of the scenarios 

considered information value is not significantly different to zero at 95% confidence, 

and in two cases we can say with the same level of confidence that the value of the 

forecast is negative.  Strategies implemented on the basis of historical ‘optimal’ 

actions are likely to be easily voided by subtle changes not only in new climate 

realisations (as I have shown here), but also by changes in economic, social, 

environmental and regulatory changes. It is for this reason, and others highlighted 
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below, that I recommend forecast implementation to focus on supporting farmer 

intuition, rather than attempting to educate on the basis of normative studies.  

This research also shows the importance of improved rainfall forecasts for the sugar 

industry. During the early stages of my research it was noted that the intra-phase 

variation of rainfall might hurt the forecast value (Section 2.2.3). This was later 

tested by developing a hypothetical tercile forecast which more accurately predicted 

rainfall (Section 5.3.6) and then testing this forecast against the imperfect and perfect 

three phase ENSO forecasts. The tercile rainfall forecast offered more improvement 

over the imperfect forecast than the perfect ENSO forecast. This shows that better 

prediction of real impact variables, such as rainfall, can augment forecast value more 

than solely improved prediction of ENSO phase. In fact, in some cases the imperfect 

forecast actually outperformed the perfect forecast due to the high degree of intra-

phase volatility. Also, the tercile forecast was consistently positive in the ‘forward 

looking simulations’ discussed above, whereas the ENSO forecasts yielded, on 

average, negative returns. To conclude, researchers may need to find better phase 

definitions for local rainfall prediction, or forecasts may need to incorporate 

additional predictors for improved prediction accuracy (e.g. Clarke and van Gorder 

extended existing ENSO forecasts by incorporating sub-surface sea measurements). 

Given the large degree of randomness within the ENSO signal at the local level the 

degree to which more accurate forecasts of rainfall can be developed is not yet 

established.  

Objective 3: To examine the effect of varying major assumptions on the forecast 

value, such as introducing a more realistic farmer psychology, and interpret the 

results in light of the field of forecast valuation and the future of forecast use in 

cane growing regions.  

To better understand the robustness of existing information value estimates I 

conducted a review of existing forecast valuation studies broken down by the types 

of sensitivity analyses they conducted on their forecast values (see Section 6.1). The 

review concluded that there was a dearth of studies considering the sensitivity of 

information value to psychological factors. In addition, there were few studies that 
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conducted sensitivity analyses across biophysical, economic and psychological 

spheres to determine which held the most sway.  

I identified that a sensitivity investigation of how psychological factors compared 

with the standard considerations such as price fluctuations, could provide farmers, 

forecasters, and policy makers with a more holistic view of how to proceed with 

forecast use. This study considered, for the first time, a plausible psychological bias 

induced by farmer overreactions to a forecast (see Section 6.4). Mjelde et al. (1988) 

considered optimistic and pessimistic prior knowledge, but they assumed this 

behaviour in all years, under all forecasts, and made no attempt to link this 

assumption to a known psychological bias or a plausible trigger for this bias.  

The average variations in information value due to variations in biophysical and 

economic assumptions were relatively small. Changes in the number of prior years 

used by the farmer to determine ‘optimal actions’ produced little change in forecast 

value, and this is due mainly to the intra-phase variation of the forecast. Changes due 

to soil type, location, and input and output price changes produced noticeable 

percentage changes in forecast value. However, changes in information value due to 

a pessimistic availability bias in the farmer’s use of the forecast were much larger 

and produced a notable downward effect on information value. Researchers need to 

be wary of changes in their critical assumptions and need to test their information 

values under a greater variety of non-rational psychologies. We again refer to the 

‘fragile’ nature of forecast information value as stated above. Farmers need to be 

aware of how probabilistic forecasts tend to accrue value over many years, and how 

biases in their thinking can affect the value produced by the forecast. It appears that 

much of the training given to farmers regarding forecasts has focused on the former 

rather than the latter.  

There has been a prevailing perception in some quarters that while the benefits of 

providing forecasts are uncertain, such action cannot do any harm. This research 

shows that forecasts can do harm, and regularly, if not understood properly. The 

demonstrated ‘fragile’ nature of forecast value, combined with the negative effects of 

psychological biases, indicate that forecast value could easily become negative 

(generate a loss for the farmer versus default actions). Practical realisation of this fact 
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by farmers perhaps helps to explain the current ‘implementation gap’ in seasonal 

forecasting. It is widely held that this implementation gap contributes to the low 

adoption rates of seasonal forecasts (Ascough et al., 2002, Ascough and Deer-

Ascough, 1994, Stephens and Middleton, 2002). It appears likely that forecast 

valuation studies that provide no scope for farmer intuition have at least partly 

contributed to the furthering of this gap. Farmers adopting a forecast only to 

undertake a biased action in one or more of its nascent years could be more likely to 

abandon or limit forecast use due to noticeable negative effects.  

Such results demand that greater relative importance be placed on examining 

psychological factors when estimating seasonal forecast values. Forcing or inducing 

farmers to change their robust risk management procedures without having a full 

understanding of their position and thought processes may lead to increased risk and 

vulnerability to climate (Meinke et al., 2006). While deviations due to economic and 

biophysical factors appear constrained by certain natural limits, psychological factors 

can effectively leverage themselves, exaggerating a small psychological 

misperception into a significant change in outcome.  Researchers need to focus on 

developing estimates of information that better reflect realistic psychologies. This 

will require a greater emphasis on experimental and survey techniques to estimate 

information value, as well as greater use of subjective probabilities in studies 

employing expected utility. 

7.2 Future work 

Our understanding of decision support systems and the ways in which they can best 

be implemented is still very much in a nascent stage (Jakku and Thorburn, 2010). 

The forecast problem is a particularly good one for exploring issues related to these 

DSS and can be used as a vehicle to explore wider theoretical issues in the 

economics of information (Rubas et al., 2006). There also exists several gaps in the 

body of forecast valuation studies which need to be filled to gain a more holistic 

picture of where information can best be used (Meza, 2008). In this Section I will 

identify various future work opportunities that stem naturally from limitations in my 

own research.  
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Moving towards whole-of-farm models  

As discussed in Chapter 5, only one management decision – the scheduling of the 

harvest – is considered in this research. Considering less than the full spectrum of 

management decisions that can be conditioned on forecasts is likely to underestimate 

forecast value . Many of the existing studies select a narrow range of management 

decisions for analysis with little evidence that there are the decisions most important 

to farmers (Meza, 2008). This thesis focuses on one important management decision 

and tests the integrity of its important foundations rather than consider a larger 

programming model. However, farmers in the Herbert, through interviews and group 

activities with researchers, have identified a range of management decisions in which 

they could utilise suitable forecasts (see Section 2.4.4). Through developing a whole-

of-farm mathematical programming model which incorporates as many of these 

decision as possible, one could determine the overall value of forecasts more 

conclusively. Ideally the model would be dynamic, with farmers updating 

probabilities and attempting maximisation at each new management decision 

throughout the year (Mjelde et al., 1988). This would allow one to observe 

interaction between the management decisions and to assess the effect of forecast 

lead time.  

 

Accounting for real decision making processes 

While I consider a deviation from rational behaviour in our forecast valuation (see 

Chapter 6), the overall decision model used is still one of NM expected utility. This 

thesis also uses frequentist probabilities to represent farmer prior probabilities, as 

does most of the valuation literature. By utilising farmer subjective probabilities a 

more realistic picture of forecast value could be obtained, however this would 

involve overcoming some of the methodological difficulties involved in extracting 

reliable subjective probabilities from decision makers (Hardaker and Lien, 2010). 

The use of subjective data could free future research to consider a wider range of 

management decisions, including forecasts for which prior data is not available (for 

example the forecast used in the this research cannot be calculated prior to 1981 as 

the required sub surface sea measurements were not available). Given the results 

observed in this thesis from a relative minor shift in prior probabilities under one 
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particular forecast signal (La Niña) the results of a thorough subjective probability 

investigation could be very revealing. Alternately, researchers could choose to 

employ experimental techniques to determine how farmers might use forecasts over 

a significant number of trials (growing years) involving different series of successes 

and failures.  

Understanding forecast implementation 

This research assumed that individual farmers have complete choice about when they 

commence harvesting, within certain resource constraints (see Section 4.1). The 

reality of harvesting is somewhat more collective in nature, with farmers bargaining 

for their desired harvest times and a representative board determining the start date. 

While the approach utilised here has provided useful information on the potential 

value of forecasts value to individual farmers, future research could consider the 

complex factors involved in using forecasts in collective decision making settings. 

The need to balance equity against certain forecast imperatives – not to mention the 

influence of possible group decision making biases -  might diminish forecast value.  

I have also stated here that an important component of integrating the long-lead 

forecast of Clarke and van Gorder (2003) will be to determine how forecast 

information and recommendations can be communicated to farmers in different areas 

based on the spatial disaggregation of forecast value. Ideally, economic decision 

models that include climatic information can be coupled with geographical 

harvesting strategies such as those presented by Higgins et al. (2004), which also 

consider the various constraints in the harvesting process. The implementation of 

such programs will require a degree of cooperation between farmers and different 

sectors of the value chain that is rivalled by few other agricultural sectors, as has 

been the case throughout many developments in the industry’s history. 

7.3 Concluding remarks 

Valuations of seasonal climate forecasts have neglected tropical regions and 

sugarcane farmers. The results of the agronomic-economic decision model developed 

herein provide the first seasonal forecast valuations of their kind for sugarcane. The 

forecast values were found to be modest, in line with studies of other crop types and 
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locations.  The complex nature of the harvesting operations carried out by famers in 

conjunction with mills, coupled with the fact that harvesting start dates are currently 

located close to the optimal point already, means that seasonal forecasts have 

relatively limited value in aiding this particular decision.  

This research highlights the fragile nature of forecast value and the importance of 

mutual understanding on the part of both farmers and researchers of aspects critical 

to this fragility to be learned from the other. Thus, the results contained herein 

support the view of the literature that development and implementation must take 

place within a close relationship between the forecaster and farmer (Hansen, 2002). 

Where the results contained herein extend the literature is in demonstrating the 

propensity for negative information value under more realistic assumptions regarding 

the decision setting than those often presented in many seasonal forecast valuations. I 

further demonstrate that a plausible psychological bias due negative connotations 

associated with the forecast can even further reduce information value in negative 

territory. Farmers implementing forecasts to aid in management decisions which are 

already close to optimised may face a larger downside than upside if the forecast 

induces them to falsely adjust their decision outside the flat profit region when 

normally decisions would fall inside this robust area.   
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APPENDIX A  

APSIM 

Our analysis employs the sugarcane module of the Agricultural Production Simulator 

(APSIM) developed by Keating et al. (1999). The model operates on a daily time 

step, grows a leaf canopy, uses intercepted radiation to produce assimilate, and 

partitions this assimilate into leaf, structural stalk and sugar. It effectively simulates a 

unit area of cane and provides predictions of biomass, sucrose concentration, sucrose 

yield, water use and nitrogen uptake. The model allows the simulation of different 

farm management strategies throughout the growing season or inter-annually via a 

series of accessible modules into which conditional rules can be inserted. The model 

has been used to simulate many different agricultural and management systems, and 

thus allows us to examine the related economics. APSIM allows us to simulate 

interactions between crop, soil, climate and management over the historical period 

for which seasonal climate forecasts can be developed. In this study, we simulate the 

periods 1981-2008 and 1951-1978. 

 

APSIM sugarcane module was validated across four countries and 35 datasets, of 

which four datasets where in the Herbert River district. Across all datasets R2 was 

0.79 for Leaf Area Index (LAI), 0.93 for crop biomass, 0.83 for stalk sucrose and 

0.86 for N accumulation (Keating et al., 1999). Additional simulations were run to 

ensure appropriate model behaviour (outlined below). In consultation with local 

agronomist Geoff Inman-Bamber we selected two soils (also below) that best 

represented the best and worst soil of the Herbert River region. We also set up 

parameters relating to irrigation and initial soil moisture that represented best known 

estimates.  

 

We define two different soil types in our model to represent the best and worst soils 

in the Herbert region. The most fertile soil is the Red dermosol, which has an 

immediately available water capacity of 100mm and a total capacity of 313mm 

(Inman-Bamber, 2007). The Yellow chromosol soil, on the other hand, represents the 
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poor to moderate portion of the soil spectrum, with a readily available soil water 

capacity of 41mm and a total capacity of 88mm (Inman-Bamber, 2007).  

In addition to modelling soil conditions, we must also consider behaviours relating to 

the physiological response of sugar cane to available nutrients and weather 

conditions.  

Firstly, we need to decide what level of irrigation will be applied to the simulated 

crops. In the dryer regions of the Herbert district, for example at the Bambaroo area, 

farmers may employ irrigation in limited amounts to help prevent crops becoming 

water stressed. Early simulations in the different regional zones revealed that crops 

in the Bambaroo area were becoming water stressed, and for this reason a limited 

irrigation allocation has been defined for simulations carried out in this areas to 

simulate irrigation by farmers. In the higher rainfall zones within the Herbert, for 

example the Macknade Mill area, no irrigation was applied as crops were not 

becoming severely water stressed. This simulated irrigation is assumed to represent 

the real life irrigation intervention of farmers in dryer regions of the Herbert. It 

serves to ensure that information values obtained from our model are not distorted by 

complete model crop failures that would not occur in reality.  

In both cases a technique was employed in the model to simulate the effects of 

underground water tables that play a crucial role in sustaining crops through times of 

water stress. Code was inserted into the model to recharge the deepest soil layer with 

a small amount of water each day. It is felt that this better represents the action of the 

water table than providing irrigation based on water-stress triggers at more erratic 

periods. As discussed above, irrigation was only applied where necessary to prevent 

total crop failures.  

Secondly, the planting and ratooning cycle of the cane needed to be defined within 

the model. Given that farmers generally try and arrange harvest of crops 

approximately at maturity (12 months of age) each crop within the simulation was 

planted and harvested on a 12-month cycle. After an initial plant crop was grown and 

then harvested a ratoon crop was then allowed to grow until the next harvest date. At 

this time the crop was replanted. In general, farmers will ratoon more than once 
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(usually 3-4 times) however the capabilities of APSIM limited the possible ratoons to 

one.  

Sugar cane lodging can also have a significant effect on crops grown in the North 

Queensland region and thus needed to be simulated in some way.  Here, we simulate 

lodging according to the rules of Inman-Bamber (2007) whereby lodging occurs 

when biomass and rainfall occur in one of several damaging combinations. Wind 

effects are included implicitly in the formulation. Radiation Use Efficiency (RUE), 

an index quantifying how well the plant converts radiation to usable energy, is 

reduced to 70% in the event of lodging.  

Lodging code inserted into APSIM: 

! start of lodging rules ------------------------------------------------------------ 
! workout severity of rain storm for lodging 
   if rain=0 and storm='arrived' then 
     drydays=drydays+1 
   endif 
 if drydays>2 or sugar.das=1 then  
     storm='over'   
     drydays=0 
     stormrain=0.0 
   endif 
   if rain>20 then 
     storm='arrived' 
   endif 
   if storm='arrived' then 
     stormrain=stormrain+rain 
   endif 
   if storm='none' or storm='over' then 
     fasw40 = (sw(1)+sw(2)-ll(1)-ll(2))/(dul(1)+dul(2)-ll(1)-ll(2)) 
   endif 
   if stormrain>maxstorm then 
     maxstorm=stormrain 
   endif 
     if (biomass>1300.0) and (stormrain>600) and lodgeflag=0 then 
         sugar lodge 
         LodgeFlag=1  
     endif 
 
     if (biomass>3000.0) and (stormrain>300) and fasw40>0.3 and lodgeflag=0 then 
         sugar lodge 
         LodgeFlag=1 
     endif 
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     if (biomass>4000.0) and (stormrain>150) and fasw40>0.5 and lodgeflag=0 then 
         sugar lodge 
         LodgeFlag=1 
     endif 
! end of lodging rules -------------------------------------- 
Calibration of model 

Calibration of the crop model involved comparisons on overall crop value and size to 

known historical data. Comparisons were also made to the shape of the annual CCS 

curve. One of APSIM’s known weaknesses is the simulation of real CCS behaviour. 

The CCS curve in APSIM tends to remain flatter towards the latter half of the 

calendar year, rather than dropping away as CCS is seen to do in practice. Given that 

we are making comparisons between different scenarios this is less of a problem, 

however we can expect our estimates of information value to be more conservative 

as a result of this. While this investigations include the costs of wet days on which 

harvesting cannot be carried out, because of APSIM weaknesses we are not 

including fully the costs of CCS falling due purely to plant physiology.  

Below we have included a series of figures and tables that show some of the 

calibration experiments performed. Table A-1 shows the final irrigation and soil 

water parameters used to simulate crop growth in the two regions and two different 

soil types. Meanwhile, Table A-2 shows examples of some of the calibration runs 

carried out with different levels of irrigation. The regional crop value for the Herbert 

River district, scaled up assuming the entire region is composed of identical farms to 

that simulated here, is also shown. Figure A-1 shows one of the simulations of 

sucrose yield, a proxy for CCS, with the standard deviations of each day’s yield also 

shown. This figure, which includes the effect of lost harvesting days due to rainfall, 

clearly shows the increase in volatility of returns faced by the industry towards the 

end of the harvesting season versus the beginning. Figure A-2 shows another 

simulation, this time showing with (red) and without (blue) the forecast strategy 

implemented. The fitted curves were compared to known CCS behaviour from 

historical data to better understand the effect of different APSIM parameters and also 

the forecast itself. Figure A-3 shows the CCS rather than sucrose yield, and this time 

in terms of weekly averages broken down by ENSO phase. The volatility in La Niña 

years can be clearly seen, particularly towards the latter portion of the year. 
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Table A-1: Final parameters for APSIM simulations (parameters were the same for 

the two historical time periods simulated). 

Simulation  Met file Soil type Irrigation 
allocation 
(ML) 

Soil water table 

(layer/charge(mm 
of water)) 

mack_rderm.con Macknade Red 
dermosol 0 8/2 

mack_ychrom.con Macknade Yellow 
chromosol 0 8/2 

bamb_rderm.con Bambaroo! Red 
dermosol! 2 8/2 

bamb_ychrom.con Bambaroo Yellow 
chromosol 2 8/2 

 
Table A-2: Some of the simulations run to calibrate the APSIM crop model. In this 

case the scaled up regional crop value is shown. 

 

 

Met station Filename Irrigation  Lodging rule 
Irrig. 
Cycle 

Soil 
type 

Total crop 
value ($) 

Macknade Herbert3 2ML Old rule  7 days ychrom 269,774,777 
        

Macknade  
Mack_2
ML 2ML 

Geoff's rule 
(2004) 7 days ychrom 234,365,953 

Macknade 
Mack_1
ML 1ML 

Geoff's rule 
(2004) 7 days ychrom 209,495,809 

Bambaroo 
Bamb_2
ML 2ML 

Geoff's rule 
(2004) 7 days ychrom 139,552,460 

Bambaroo 
Bamb_1
ML 1ML 

Geoff's rule 
(2004) 7 days ychrom 115,369,100 

       

Macknade  
Mack_2
MLderm 2ML 

Geoff's rule 
(2004) 7 days rderm 280,297,119 

Macknade  
Mack_1
MLderm 1ML 

Geoff's rule 
(2004) 7 days rderm 250,158,312 

Bambaroo 
Bamb_2
MLderm 2ML 

Geoff's rule 
(2004) 7 days rderm 197,609,388 

Bambaroo 
Bamb_1
MLderm 1ML 

Geoff's rule 
(2004) 7 days rderm 169,666,831 



 

 193 

 

Figure A-1: Calibration run showing daily sucrose yield (adjusted for unharvestable 
days) across a fully harvesting season. The diamonds show average simulation 
results over 1981-2008, while the top and bottom lines are one standard deviation 
above and below respectively. 

 

Figure A-2: Calibration run showing expected daily sucrose yield (1981-2008). 
Calibration runs also utilised quadratic and cubic fitting functions to then be 
compared with the shape of historical CCS curves such as those in Figure 5-3. 
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Figure A-3: Average weekly CCS value over 1981-2008 using Macknade weather 

data and red dermosol soil with lost harvesting days included. 
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APPENDIX B 

B1. Blackwell’s Theorem 

THEOREM, taken from Hilton (1981): The information enocoded in the likelihood 

function p(y2|s) with associated signal set {y2}=Y2 is sufficient for, and therefore at 

least as valuable as, the information encoded in p(y1|s) with associated signal set 

{y1}=Y1 for all DMs and decision problems if and only if there exists a nonnegative 

function T (called a stochastic transformation) on the product space Y1xY2 for 

which the following three relations are satisfied 

 

! 

p(y1 s) = T(y1,y2) for s"S and y1 "Y1
y2"Y2

#  (B1-1) 

 

! 

T(y1,y2) =1 for y2 "Y2,
y1"Y1

# ! (B1-2) 

 

! 

0 < T(y1,y2) < " for y1 #Y1
y2#Y2

$ ! (B1-3) 

“In casual terms, expression (4) means that there is an additional “layer of 

uncertainty or randomness” in the association between the state set, S, and the signal 

set Y1 which is not present in the association between S and signal set Y2. This 

additional randomness is imposed by the nonnegative stochastic transformation T. 

Expressions (B1-2) and (B1-3) insure that certain formal mathematical conditions on 

T are satisfied (Hilton, 1981).”  For the full proof the reader is referred to Blackwell 

(Blackwell, 1953). 
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B2. Prior and posterior probabilities 

Farmer prior probabilities 

The farmer prior probabilities represent the farmer’s expectations about events in the 

coming year before he receives any climate forecasting information. Representing 

these expectations correctly is important to obtain an accurate value of information. 

If the farmer has naïve prior probabilities then his optimised set of actions is likely to 

perform poorly if last year’s weather is a poor guide to this year’s weather. In this 

case, the value of forecasting information is generally expected to be high as it will 

drastically reweight the prior probabilities. However, if the farmer has a good 

knowledge of historical weather occurrences his management actions will be better 

designed to suit a wide range of possible climatic occurrences. In this case we can 

expect a lower value of information as less reweighting will occur.  

As highlighted above, we first adopt the preferred approach of the literature which is 

to assume the farmer’s prior probabilities are equal to the historical probability 

distribution of weather outcomes and associated crop yields. In this scenario we 

effectively assume that the farmer has experienced or has access to weather 

outcomes for a given number of years and rationally (or irrationally) assumes that the 

probability of each outcome occurring in the current year will be the same as in the 

historical distribution.  In the present study we assume that farmers have knowledge 

of the historical frequency of ENSO outcomes in SON from 1950-2008. This leads to 

the prior probabilities seen in Figure B2-1: La Niña state of nature (S1) has a 30.5% 

chance of occurring, Neutral (S2) 40.7%, and El Niño (S3) 28.8%. 

Farmers also have knowledge of the past performance of the climate forecast. In this 

case we assume that they have historical knowledge of the ENSO forecast of 

Everingham et al. (2011) for period 1981-2008. Our analysis can now be expanded 

to indicate the likelihood of a certain forecast being issued in January, given that a 

certain ENSO phase occurs in SON. At the start of the year the farmer stands to the 

left of Figure B2-1 and sees the various branches, decisions, and their respective 

probabilities of occurrence.  
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Figure B2-1: Farmer prior probability tree. The states of nature (S) are the NOAA-

defined ENSO phases which occur in the SON period, S1= La Niña, S2=Neutral and 

S3=El Niño. The forecast (f) for ENSO conditions in SON is given to farmers in 

January, f1=La Niña, f2=Neutral and f3=El Niño.  

To summarise, the prior probabilities give the probability of each particular state of 

nature occuring (S1, S2 or S3). The second set of probabilities are the conditional 

likelihood probabilities which give the relative frequency of occurrence of the 

different climate forecasts (La Niña, El Niño and Neutral) under the different SON 

phases. For example, the farmer ‘knows’ that in years where La Niña conditions 

occur in SON then there is a 100% likelihood of a La Niña forecast being issued in 

January. They also know that when a Neutral SON phase occurs a La Niña forecast 

occurs roughly 17% of the time. The third set of numbers shown are the joint 

probabilities which give the probability of a given state of nature occurring. For 

example, we can expect that an ENSO forecast of ‘El Niño’ will be issued and an El 

Start of year 

S1  f2   0.00 

f1   0.000 

f2    0.444 

f3    0.556 
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S3 

 

PRIOR PROBABILITIES 

 

LIKELIHOOD 

PROBABILITIES 

0.305 

0.000 

0.000 

JOINT 
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S2 f2   0.667 

f3   0.167 
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0.288 

f1    0.167 0.068 

0.271 

0.068 

0.000 

0.128 

0.160 

f3   0.00 

f1   1.00 
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Niño phase will actually occur 16% of the time. These joint probabilities naturally 

sum up to a total of one.  

We can immediately note some interesting characteristics of the farmer’s decision 

problem. Consider that we are taking a La Niña forecast as our signal for shifting 

season start date.  While 100% of La Niña years were accurately predicted by a La 

Niña forecast, there were several La Niña forecasts which resulted in Neutral years. 

More precisely, there was is a 0.27x0.8=0.21 false positive rate for La Niña foreasts. 

This may limit the usefulness of the La Niña signal if the losses incurred from a false 

positive are significant relative to the gains from a correct forecast. But this is better 

commented on after the expected utility simulations have been completed. 

Farmer posterior probabilities 

To determine the value of forecasting information we compare payoffs under the 

above prior probability scenario to the scenario where the farmer receives forecasting 

information in January and then revises his probabilities for the coming year. These 

revised probabilities are known as the Bayesian posterior probabilities and are 

calculated using Baye’s theorem (Hardaker et al., 2004 p. 55). They tell us the 

probability that a certain ENSO phase will occur in the SON, given that a particular 

ENSO forecast has already been issued in January. The result is that the probability 

tree shown in Figure B2-1 is flipped around and the farmer decision nodes are 

introduced (shown as squares) as shown in Figure B2-2. 
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Figure B2-2: An example of a farmer’s (industry) posterior probability tree. The 

normal harvest starts on day 175, the early harvest day 161 and the late harvest day 

182.  
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Figure B2-3: Payoffs for farmers in terms of a 100 hectare crop (in units of utility). 

Results shown are for Macknade weather station and the worst quality ychrom soil. 

The expected utility analysis indicates that in the event of a La Niña forecast the 

farmer will not choose to start the season early, while in the event of an El Niño 

forecast the farmer will choose to start the harvest later. Gains are minimal however. 

Optimal actions are shown in red. Rr=0.5. Negative exponential utility function. 
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The probability tree now begins with the marginal probabilities, or the probabilities 

of given forecasts occurring. The posterior probabilities then give the probability of a 

certain state of nature unfolding given the forecast already received in January. We 

can see that if a La Niña forecast is issued in January the farmer can be 81.8% 

confident that the ENSO outcome for that year will be La Niña (Figure B2-3). By 

contrast, if the farmer had no information and was using the historical climatological 

distribution he can be roughly 30.5% sure of a La Niña year occurring. The reader 

will notice that the posterior probabilities are the same under the different 

management choices as these choices have no bearing on the climatic outcome.  

We can see that in the scenario the farm is better off starting on the normal start date 

when a La Niña forecast is issued, as it produces a higher expected utility (2349) 

than the early start (2298). Under an El Niño forecast the farmer is better off if he 

pushes back the start of his harvest (2351), rather than keeping the standard start date 

(2249). 

At this point we assign payoffs to every possible outcome of forecast, management 

decision and climate outcome. We calculate the utility of each possible outcome 

using the assigned farmer utility function. By repeating this for all 28 years of the 

study period we can calculate the average expected utility for each of the possible 

branches. We then select those branches which produce the maximum expected 

utility. The crop yield and payoffs associated with that utility give the farmer optimal 

outcomes. For example,  Figure B2-3 shows an example using macknade weather 

station data and yellow chromosol (poor quality) soil. The expected utilities after 

simulating across the 28-year period are shown to the right of the branches. The 

expected utility maximising decision path is marked here in red. 

The scenario used thus far for demonstration has the farmer facing two choices: start 

normal harvest or start early (late). In this thesis these two choices are expanded to 

allow the choice of 28 different start dates from the 161st to 189th day of each year as 

shown in Figure B2-4 (only La Niña forecast shown). The farmer can choose any of 

these start dates under any of the three possible ENSO forecasts. The start date that 

maximises expected utility is found for each farming scenario (see Figure B2-4 

below). 
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Figure B2-4: Farmer’s decision tree under a La Niña forecast. The farmer chooses 

the start date which maximises the expected utility of the 28-year study period.  

Of course, to calculate the expected utility of any particular start day we must first 

know the payoffs of each every possible climate outcome under every possible start 

day. To find these payoffs we use the profit model described in Section 5.2.4, which 

in turn requires calculations of the farm yield under the different conditions. These 

farm yields are calculated using the APSIM crop simulator, which allows simulation 

of crop returns under any possible combination of climate and farmer action. 

 

 

f1 

161 

0.373 

0.000 

S1 

0.182 

0.818 
S2 
S3 

162 

0.000 

0.182 

0.818 
S2 
S3 

189 

0.000 

0.182 

0.818 
S2 
S3 

…
…

…
…

…
.. 

S1 



 

 203 

 
 

Table B2-1: Example posterior probability table (after Hardaker et al. (2004)). 

State Priors Likelihoods P(zk|Si) 

Joint Probabilities 

P(zk and Si) 

Si P(Si) f1 f2 f3 f1 f2 f3 

S1 - La 
Niña 0.305 1.000 0.000 0.000 0.305 0.000 0.000 

S2 - 
Neutral 0.407 0.167 0.667 0.167 0.068 0.271 0.068 

S3 - El 
Niño 0.288 0.000 0.440 0.560 0.000 0.127 0.161 

Check 1 Marginals: P(zk) 0.373 0.398 0.229 

  P(S1|zk) 0.81803 0 0 

  P(S2|zk) 0.18197 0.68166 0.29611 

  

Posteriors: 

P(S3|zk) 0 0.31834 0.70389 

    Check 1 1 1 
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B3. Alternative methods of forecast valuation 

Ex-post evaluation of forecast value 

Given the highly normative nature of valuation studies based on the expected utility 

model it will be useful if we can confirm forecast value using ex-post studies. Such 

studies would observe the real behaviour or farmers as they incorporate forecast 

information into their decision making process. Empirical impact assessment of new 

technology or information has been treated using two main approaches: the 

econometric productivity residual approach, and the economic surplus method 

(Alston et al., 1995).  Because sophisticated seasonal climate forecasts have only 

been developed recently there is a dearth of reliable ex-post quantification studies 

(Msangi et al., 2006).  

Ex-post assessments face several serious hurdles. Firstly, given that ex-post 

empirical studies will observe the farmer after he has taken the management action 

conditioned on the forecast, how do we infer what would have happened had he not 

applied the climate forecast? This issue of how to treat the counterfactual case is one 

of the central difficulties of ex-post impact assessments not just for climate forecasts, 

but research and technology in general.  

Secondly, appropriate ex-post assessment using longitudinal empirical approaches 

will require large amounts of data. Researchers have attempted to resolve this 

through the use of cross sectional farm data from many different locations (Huang 

and Rozelle, 1995, Lindert, 2001). The difficultly of controlling for other differences 

between locations can be considerable and there is a constant danger of attributing a 

combination of residuals to the effects of climate information when these residuals 

may be best explained by omitted variables.  

A third problem is that individual characteristics such as risk-aversion and far-

sightedness are ignored in the econometric approach. To avoid this we require some 

type of model for farmer behaviour in order to interpret his actions. But these 

models, and their stringent assumptions about human decision making, were the very 
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reason we wished to move away from ex-ante studies to ex-post studies in the first 

place. 

 

Game Theory 

Game theory has not been widely used to analyse the effect of seasonal climate 

forecasts. Rubas et al. (2006) state, “game theory has not been widely used in 

applications of seasonal climate forecasts largely because of the increase in 

information requirements and increased methodological knowledge necessary to 

develop and solve games.”  

One example is the study of Rubas et al. (2005)  which examines a three player 

model including Australia, Canada and the US. Each player has the choice of 

adopting or not-adopting the forecast. The results showed that game theory has been 

more widely used in wider studies considering climate change. Given that similar 

cooperation results will likely apply to both fields, one could expect this field of 

study to expand (Rubas et al., 2006). In the present study we are consider the 

Herbert, which is unlikely to have any price influence on the world market price. 

Therefore the dominant strategy for every farmer is to adopt the forecast (assuming it 

generates value greater than its cost).  
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B4. Psychological heuristics influencing forecast use 

Representativeness heuristic 

The first major class of thought biases I review falls under the representativeness 

heuristic. According to Kahneman and Tverskey (1972), “a person who follows this 

heuristic evaluates the probability of an uncertain event, or a sample, by the degree to 

which it is: (i) similar in essential properties to its parent population; and (ii) reflects 

the salient features of the process by which it is generated.” 

Underweighting base rates (insensitivity to prior probability) 

A common representatives heuristic is the underweighting of base rates. People tend 

to judge an item A, to be of the same category as B, by how representative A is of B, 

without considering the prior probability of randomly selecting a case from a pool of 

As and Bs. In one study, the authors provided subjects with a description of different 

individuals and told participants they were selected from a pool of 70 engineers and 

30 lawyers. In a sharp violation of Baye’s rule, subjects determined which 

individuals were engineers or lawyers based on how well descriptions conformed to 

stereotypes about these professions, giving little regard to the much higher base rate 

of engineers (Kahnemann and Tversky, 1974).  

Similar errors are possible in forecasting. Kuhnel (1994) states that a major forecast 

user group expected 80% accuracy before they would apply a forecast. This focus on 

a specific predictive accuracy shows an ignorance of base rates.  If a climatic event 

was very rare, such as extreme wet years, then a forecast of 80% accuracy may mean 

that the posterior probability of such an event occuring, even though the forecast 

predicts it, remains quite low (Bayes, 1763). This is a function of the high proportion 

of false positives in a small pool of actual occurences of the extreme climate. Or 

conversely, because there are so many non-extreme years, the number of false 

positives is much larger than the number of true positives.  
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To give an example, consider that the above farmers did have a forecast which 

predicts extreme weather years with 80% accuracy and 80% specificity (80% true 

positive and 80% true negative). We assume that only two extreme wet weather 

events have occurred in the Herbert in the last 30 years, making the probability of 

this extreme rainfall 6.6%. What then is probability that the coming year will be 

extremely wet given that the forecast is positive? According to Baye’s theorem 

 

The probability of the coming year having extreme rainfall given that the forecast is 

positive is only 22%. It seems counterintuitive to most people that it is significantly 

more likely that the coming year will not have extreme rainfall even though the 

forecast has predicted extreme rainfall. A logical corollary of this extension of 

Baye’s theorem is that very common climate phases (such as the Neutral climate 

phase) may be predicted with equal accuracy to extreme events with a climate 

forecast of much lower accuracy. Thus, if farmers are interested in predicting 

accurately which years will be extreme they may have to demand even higher 

accuracy rates than 80%. These concepts will be difficult for farmers to grasp and 

will increase the difficultly in training farmers to use forecasts in ways that allow for 

mitigation against the more extreme, and less frequently occuring, climatic events. 

Misconceptions of chance 

Kahneman and Tversky (1974) reveal that people expect the essential characteristics 

of a random process, for example a coin toss, to be revealed in small sequences of 

that process as well as the large. For example, people find the sequence of coin 

tosses H-T-H-T-T-H to be more likely than T-T-T-H-H-H, even though both 

sequences are equally likely for a fair coin. Farmers attempting to utilize forecasts 

may assume that a series of wet La Niña years must be followed  by an El Niño or 

Neutral year, in order to conform to known historical probabilities of these events. 

This bias could lead them to ignore or underweight the next year’s forecast out of 

belief in the necessity of sequence change.  

! 

P(extreme+) =
P(+extreme)P(extreme)

P(+extreme)P(extreme) + P(+nonextreme)P(nonextreme)
                     
                     " 22%
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Insensitivity to predictability 

People may predict based on the favourableness of the prediction, rather than on the 

actual predictability of the event. If the climate forecast provides no information 

relevant to farm profit then the same decision should be made each time – to ignore 

it. The very existence of a favourable prediction may cause farmers to raise the 

importance of forecasts in decision-making, and perhaps apply the forecast to 

decisions in which they have relatively little or no power. Or a favourable forecast 

may simple be viewed as more likely to occur regardless of the probabilities assigned 

to it. This behaviour was observed by Kahneman and Tversky in individuals who 

were asked to predict the performance of a student teacher in five years time based 

on their performance in a single practice lesson (Kahnemann and Tversky, 1973). 

Subjects favoured positive reviews of teacher performance overwhelmingly when the 

teacher had done well in the practice lesson, despite the very predictability this 

provided of the outcome.  

Misconceptions of regression 

Consider two variables X and Y that have the same distribution. If one selects 

individuals whose average X score deviates from the mean of X by k units, then the 

average of their Y scores will usually deviate from the mean of Y by less than k units 

(Galton, 1886). An interesting example involves observations of flight instructors 

(Kahnemann and Tversky, 1973). When students performed a particularly poor 

landing and were admonished by their instructors they were observed to perform 

better on their next landing. When students were praised for an exceptional landing 

they were to perform poorer landings on the next attempt. While the flight instructors 

linked the student performance on the next landing to the praise or criticism, they 

failed to account for regression to the mean. That is, after an exceptional landing 

(performance, examination, economic year, weather event) the following outcome is 

likely to lie closer to the mean (be less exceptional), and vice versa for poor landings. 

Thus, the instructors incorrectly concluded that their strategies were responsible.  A 

similar correlation versus causation type error could occur if farmers experience an 

exceptional growing year in which the forecast is correct. This event may lead 

farmers to overweight the forecast in a subsequent year’s decision making when in 
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fact that forecast performance was an exceptional occurrence, and is likely to be 

much lower in the following year. We are assuming here that farmers have some way 

of judging forecast performance, which may not be the case. 

 

Availability 

In the availability heuristic, decision makers judge the probability of an event 

occurring by the ease with which it can be brought to mind (Kahnemann and 

Tversky, 1974).  An event may be extremely rare, yet if its imprint on the psyche is 

sufficient strong because it was a very memorable event, a decision maker may judge 

it to be very likely to re-occur. Extreme weather and climate events often have strong 

memorability and form the basis for availability biases.  

 Retrievability of instances 

Events which have made a strong imprint on the psyche are more easily retrieved 

when thinking about a problem (Kahneman, 1973). An example in sugar cane may 

be the occurrence of extreme wet years. These occur mostly during the La Niña 

climate cycle and can lead to large losses of cane and reductions in farm profits. A 

farmer who has experienced such a memorable loss may assess the probability of a 

similar disaster occurring as high each and every time he (she) receives a La Niña 

forecast.  However, data from the last 30 years shows that from ten La Niña events, 

probably only two led to large losses in the Herbert region (these figures may vary 

for other cane growing regions). Thus, a reasonable expectation could be that the 

probability of extreme rainfall given a La Niña forecast is 20%. A farmer exercising 

an availability bias may evaluate the likelihood of extreme rainfall as high as 100%. 

This may cause over-reactions such as excessive changes in fertiliser application, or 

dramatic changes in planting or harvesting schedules. In Chapter 6 I examine the 

potential economic consequences of one such over-reaction. Farmers who are more 

loss averse and perhaps more prone to availability biases may open themselves much 

bigger losses than would be achieved with a different mental approach.  
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Bias of imagineability 

In many cases where decision makers do not have any history of events from which 

to judge probability, they will judge risk by the different outcomes they can imagine 

(Kahnemann and Tversky, 1974). A common example of this is individuals who 

have little no apprehension about flying revising upwards the risk of flying after 

receiving a comprehensive pre-flight briefing of all the possible emergencies that can 

occur in an aircraft.  

In many situations farmers may not have any reliable past data from which to 

determine possible outcomes. They may have poor access to this data from industry 

bodies or research institutions. Or the data may come to them in forms that are not 

easily understood or applied to their specific farm. In such a scenario the farmer may 

generate alternate outcomes using imagination. The imagined outcomes may not 

accurately reflect the spectrum or magnitude of different outcomes, leading to biased 

action. Another corollary is forecasts should shy away from suggesting farm 

outcomes of any kind, in order not to biases farmers towards extreme outcomes. 

Management recommendations accompanying forecasts must also be neutrally 

phrased.  

Effectiveness of search set 

If one randomly sampled a word from the English language, is that word more likely 

to start with the letter r or to have r in the third position? Experiments by Kahneman 

and Tversky (1974) showed that people overwhelmingly chose that words with r in 

the first position with most common. In reality, words with r in the third position are 

far more common. The reason for their choice is that words beginning with certain 

consonants are much easier to bring to mind that words with that consonant in the 

third position. The search set is biased.  

The observation that people often do not conduct an adequate enough search from 

which to form accurate views about the probability of certain events has impacts for 

forecast use. Farmers judging the probability of particularly good growing years may 
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bias the sample in favour of good years due the ease with which these events are 

recalled. Or perhaps a farmer is considering an irrigation or fertiliser schedule and 

tries to remember the response under past levels of irrigation and fertiliser. The 

search for responses may be biased by memories unrelated to farm outcomes, such as 

problems with machinery that occurred during a certain irrigation application. Such a 

bias may be overhead in phrasing such as, “I remember the other year we irrigated 

early, it was when that pump failed; irrigating was a bad decision in that year”. 

Another interesting possibility is differences in the search sets of older and younger 

farmers in the sugar industry. Older farmers may have a larger search set of past 

outcomes to evaluate, however they may also be more prone to biases from 

memorable events. Comparative studies of farmers who experienced particularly 

severe climatic events, and those who started farming after these events, could yield 

interesting results.  

In the published works on the value of climate forecasts there is a dearth of 

consideration for non-rational behaviours. The one example I found was Mjelde 

(1988), who assess the effect of changing prior knowledge on forecast value in east-

central Illinois corn production. Other studies apply the standard assumption that the 

farmer’s prior climatic knowledge is equal to the historical climate probability 

density function. This is despite Kahneman and others demonstrating that people 

often develop an inaccurate picture of historical probabilities (Kahnemann and 

Tversky, 1979). The method of Mjelde (1988) is one way to include the possibility of 

different farmer behaviour without abandoning the use of expected utility theory 

entirely. The author applied four prior knowledge assumptions: (1) the farmer has 

knowledge of only the previous year, (2) the farmer has prior knowledge of a 

particularly adverse year (pessimistic view), and (3) the farmer has prior knowledge 

of a particularly optimistic year (optimistic view). Their results indicated that prior-

year, or naïve knowledge, performed the most poorly, with the optimistic and 

historical knowledge scenarios performing much higher and almost on par. The 

EVOI increases for the pessimistic and prior knowledge scenarios because farmers 

are acting excessively protectively or with too much variation. The EVOI reduces for 

the optimistic scenario as the optimistic farmers were able to take better advantage of 

the good years and thus yielding higher expected returns. If concerns are present 

about farmers remember a particularly bad or good period, for example the 1998 wet 
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harvest season in North Queensland, varying assumptions about prior knowledge 

may be a worthwhile exercise.  

Anchoring heuristic 

The anchoring heuristic describes the tendency of decision makers to make guesses 

by adjusting from pre-existing mental ‘anchors’. Russo and Schoemaker (Russo and 

Schoemaker, 1989) exposed subjects to a random number between 0-1399 then 

asked them if they thought Attila the Hun was defeated before or after that date. 

Without telling them if they were correct they then asked the subjects in what year 

they thought Attila the Hun was defeated. The respondents clearly favoured 

estimates close to the previous random number they had been supplied, despite there 

being no logical connection between the two. The respondents appeared to start with 

this number as a reference point and develop their estimate from it, not taking 

account of the inadequate nature of the reference point.  

Table B4-1: Estimates of the year of Attila the Hun’s defeat categorised by initial 
anchor (after Russo and Schoemaker, 1989). 

Range of initial anchor (last three digits 
of phone number plus 400) 

Average estimate by respondent (year 
A.D.) 

400-599 629 
600-799 680 

800-999 789 
1000-1199 885 

1200-1399 988 

 

Users of forecasts may anchor to specific years or weather outcomes. For example, 

when La Niña forecasts are issued farmers may to anchor their interpretations on the 

the extremely wet outcome of 1998. However, the predicted La Niña may be weaker 

in this particular year, and thus less likely to produce the same level of intense 

rainfall. A study found that residents of Grand Forks fixated on a particular river 

height prediction issued by the NWS prior to the Red River floods (Pielke, 1999). A 
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failure to consider greater possible flood heights (farther from the ‘anchor’) and the 

categorical nature of the NWS forecast led to confusion and increased destruction.  
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Confirmation heuristic 

Another far-reaching heuristic likely to influence forecast use is the confirmation 

bias. Human beings have a strong tendency to overweight their own ability to make 

decisions, and to search for evidence that confirms their existing beliefs and ignores 

disproving evidence (Bazerman, 1994).  

This process has been termed hypothesis-determined information seeking and 

interpretation (Nickerson, 1998). One way decision makers do this is by focusing on 

natural experiments in which their hypothesis is true and ignore natural experiments 

or scenarios in which it is false (Nickerson, 1998). Subjects are also prone the assess 

the strength or extremeness of the evidence supporting their view rather also 

assessing its weighting (Griffin and Tversky, 1992). Another closely related 

tendency is that of recalling or using only evidence that supports or strengthens one’s 

viewpoint (Baron, 1991, Baron, 1995). All of these mechanisms are potentially 

dangerous in forecast use.  

A confirmation bias could easily form around a farmer’s opinion of a particular 

forecast. If the farmer viewed the forecast positively, he may ignore or discount all 

evidence to the contrary, leading him to continue with information that may not be 

reliable. Perhaps more likely, given the relatively low adoption rates of seasonal 

forecasts, is that a confirmation bias may form around a negative view of a forecast. 

This could lead the farmer to ignore improvements in forecasting technology due to a 

firm belief in ‘unreliable forecasts’ that is reinforced by selective evidence. An 

interesting example highlights the important fact that researchers are also prone to 

the confirmation bias. Rosenthal and Fode (1963) gave researchers ‘maze bright’ and  

‘maze dull’ rats which were in fact simply two randomly chosen groups of rats. The 

researchers were asked to test the rats’ maze-solving ability. The conclusion: the 

maze bright rats performances were interpreted as being significantly better.  

In addition, confirmation biases could form around other beliefs of the farmer which 

influence forecast use indirectly. Farmers may be tempted to develop pet theories 

about a particular year – for example, why this particular year is unique and what 



 

 215 

actions best apply to this particular unique year. The tendency here is to adopt an 

inside view in which the current situation is seen as unique and requiring its own 

special adaptations. The inside view has been observed among project planners and a 

wide spectrum of managers in different business settings (Kahnemann and Lovallo, 

1993). Such a bias could lead farmers to deviate from forecast recommended actions 

that are known to produce gains when enacted consistently across all climatic 

outcomes. 

Hindsight bias 

People tend to view past outcomes as very predictable in contrast to the actual 

predictions made by persons when the outcome is still unknown.  In hindsight, 

subjects will often draw correlations which don’t exist or which they failed to see at 

the time. In the context of seasonal forecasts, people may tend to see mitigating 

actions arising from a forecast as more obvious in hindsight. The strong ENSO cycle 

of 1997-1998 provides the perfect example. Many studies now consider this to be 

one of the first major successes of seasonal forecasting technology. However, other 

authors have noted that many of the ENSO forecasts being disseminated in the lead 

up to1997/1998 were far from convincing in their prediction of the intensity of the 

event (Nicholls, 1999). Thus, by falsely believing that past events were more 

predictable than they actually were, industry and farmers may put more trust in 

forecasts to predict extreme events than is actually warranted.   

 

Other biases 

Framing effect 

The framing effect, or the changes in individuals’ responses to the same information 

phrased differently, is an important psychological bias to consider in forecast design. 

Consider the Asian disease problem posed by Tversky and Kahneman (1981), in 

which a simple rephrasing of a problem in terms of losses instead of gains yields a 

change from risk averse to risk seeking behavior.   
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Imagine that the United States is preparing for the outbreak of an un-
usual Asian disease, which is expected to kill 600 people.  

SCENARIO 1: Two alternative programs to combat the disease have 
been proposed. Assume that the exact scientific estimates of the 
consequences of the programs are as follows: 
If Program A is adopted, 200 people will be saved 
If Program B is adopted, there is a one-third probability that 600 
people will be saved and a two-thirds probability that no people will 
be saved 
Which of the two programs would you favor? 

 
In this version of the problem, a substantial majority of respondents favour program 

A, indicating risk aversion. Other respondents, selected at random, receive a question 

in which the same cover story is followed by a different description of the options: 

SCENARIO 2: 
If Program A’ is adopted, 400 people will die 
If Program B’ is adopted, there is a one-third probability that nobody 
will die and a two-thirds probability that 600 people will die 

In this version of the problem a substantial majority of respondents favour option B, 

indicating risk-seeking behaviour.  

The lesson of the Asian disease problem is that loss aversion could also drive 

framing effects in improperly designed forecasts. For this reason the language of any 

forecast will need to be carefully designed to avoid possible framing bias. If a 

forecast is phrased negatively a farmer may over-reach to remove potential loss (may 

become risk seeking due to loss aversion). Conversely, if a forecast is presented in an 

overly positive manner (in terms of gains only), it may be that farmers behave in an 

overly risk averse fashion. If one were to recommend farm actions in conjunction 

with a forecast care should be taken to describe all actions in a neutral fashion, 

avoiding positive or negative connotations.  

 Framing bias could also take place due to the amount of detail used to describe 

different forecast outcomes. If much detail is used to describe the probability of 



 

 217 

extreme rainfall, and only small mention made of the other possible outcomes, 

farmers may overweight the probability of extreme rainfall as being more likely.  

Isolation 

People tend to consider decision problems one at a time, often isolating the current 

problem from other choices that may be pending, as well as from future opportunities 

to make similar decisions (Kahnemann and Tversky, 1974) This leads to excessive 

risk aversion in evaluating single decisions, compared to if the individual valued a 

whole group of present and future decisions together at one time. Thus, the cane 

farmer considering the success of his forecast should consider not only past 

performances, but also make consideration for future performances.  

To quote Kahneman and Tversky (1974), “People often express different preferences 

when considering a single play or multiple plays of the same gamble. A plausible 

hypothesis, supported by the evidence for narrow framing in concurrent decisions 

and by the pattern of answers to Samuelson's problems, is that expectations about 

risky opportunities of the future are simply ignored when decisions are made.” 

Aggregating sequential decisions together can overcome both loss aversion and 

certainty preference effects (Kahnemann and Lovallo, 1993).  

Farmers need to be careful to consider the forecast as a repeatable event. They need 

to be urged to keep in mind future climatic events and repeated choices, when 

making their current choice. Approaches applied by researchers in the Herbert may 

help to diminish any potential isolation bias. Everingham et al. (2006) explained 

forecasts to farmers using the analogy of a stock investment. You are aiming to have 

a win over the long run and will need to stick consistently with the stock (the 

forecast). She also employed a probability wheel to help train farmers in the 

necessary notions of probability required to successfully use forecasts with the 

outside view.  

A related bias deals with conjunctive and disjunctive events. The probability of 

carrying out several farm management activities successful may be quite high 

individually. However, if enough management actions are in the sequence the 
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probability of the overall outcome occurring may be quite low. This failure to 

estimate conjunctive probabilities provides an explanation for chronic optimism in 

project planning (Kahnemann and Lovallo, 1993).  

 

Task representation 

Research shows that people tend to passively accept the representation of a problem 

as presented to them (Einhorn and Hogarth, 1981). This works as a two-edged sword 

for forecast enablers. It indicates that if we train farmers in probabilities and rational 

decision making we can perhaps produce behavior consistent with the rational 

decision makers in our models. However, given that the farmers' heuristics may well 

provide robustness in a constantly changing environment, we risk producing forecast 

use errors that hurt the farmer. How we present the whole forecasting problem is 

particularly important. The conclusion? Rather than understanding differences 

between farmers’ actual behaviour and that of a perfectly rational decision maker, it 

is beneficial to take a step back and ask how farmers develop their representation of 

the climate ‘problem’.  

Loss aversion 

The psychological literature shows that people tend to suffer more disutility from a 

certain sized loss, than they gain utility from the same sized gain. Or, stated 

differently, they are willing to take greater levels of risk to avoid losses than to 

achieve gains (Kahnemann and Tversky, 1979). For an insight into how this may 

play out in cane harvest problem, consider Figure B4-1 which shows the annual 

value of rescheduling harvests based on seasonal forecasts.  Years circled in the 

bottom left corner of the figures show years where revenues were particularly poor 

and the climate forecast recommendation actions exacerbated the poor result 

(forecast value was negative). If we assume that farmers know they have experienced 

a loss from using the forecast then loss aversion may occur under these particular bad 

years. Farmers seeking to avoid such losses may consider abandoning the forecast. 

These are informed speculations however. Currently, very little is known about how 
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farmers would actually evaluate forecast performance, including what reference 

point they would use. We also know very little about forecast abandonment.  

 

 

Figure B4-1: The benefit of using forecasts in a given year as a function of gross 
margin under climatology. 
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Social aspects of forecast use 

Social factors may influence forecast value through a number of channels. While no 

quantitative investigations of these influences have been conducted we briefly 

mention them because of their relevance to sugar cane.  

Some farming decisions are collective, introducing the possibility of constrained 

decision sets. For example, the decision of how to schedule the annual harvesting 

season is undertaken by a representative body comprised of millers, harvesters, 

marketers and growers. Farmers with more bargaining power may have a more 

flexible decision set and hence may yield higher values from forecast information if 

they can schedule their harvest as desired. Furthermore, the decisions involve non-

grower parties such as sugar millers, who may have different goals to farmers.   

Furthermore, the decisions made by this body will affect all growers in the region 

and thus the group is concerned not only with the decision at hand, but also the 

potential political fallout with those they are representing. Rayner et al. (2005) found 

that water resource managers dubbed weather forecasts as unreliable regardless of 

the forecast’s skill level. However, when the potential consequences of the forecast 

were severe or catastrophic they responded even when the forecast of extreme 

conditions was assigned a low probability. This response appeared to be driven by a 

desire to avoid blame for having ignored warnings of a catastrophe.  Similar effects 

could occur in the harvest scheduling group.  

Other research shows that cane farmers could benefit from receiving and interpreting 

forecasts in groups (Roncoli et al., 2009). Such practices build both understanding of 

the forecast and trust in the forecasters. Discussion also expands the search set of 

some farmers, enabling them to identify improved management strategies without a 

costly individual search for the answers.  Forecasting groups can also serve as 

channels to communicate forecast understanding and best practice to wider groups of 

farmers throughout the region (Rayner et al., 2005). B5. Ex-ante studies of seasonal 

forecast value to agriculture. 
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Table B5-1: The economic value of climate forecasting information, major ex-ante, expected utility studies (after Meza, 2008 pp. 1276-
78). 

Location Crop† Decision†† Forecast type Sensitive to EVOI (USD 
ha-1) 

Comments Reference 

Pergamino, Argentina Mz, Wh, So, Su LA  ENSO phase Price, risk 
aversion 

12 Forecast value 
treated as a 
random variable 

(Letson et al., 
2005) 

Pergamino, Argentina Mz, Wh, So, Su LA ENSO phase Price, risk 
aversion, initial 
wealth 

11 Crop mix varied 
with prices and 
initial soil 
moisture 

(Messina et al., 
1999) 

Pergamino, Argentina Mz, So, Pn, Wh LA ENSO phase Price, risk 
aversion, initial 
wealth 

15  (Jones et al., 2000) 

Queensland, Australia Wh P SOI 3 phase Risk aversion 3.5 Uses a 
sequential 
decision model 
in a 
mathematical 
programming 
framework 

(Marshall et al., 
1996) 

Merridin region, 
Australia 

Wh, Lp, Pa WFO SOI 5 phases  1.23 Whole-farm 
discrete 
stochastic 
programming 
model 

(Petersen and 
Fraser, 2001) 
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Murray-Darling Basin, 
Australia 

Co LA SOI 5 phases Risk aversion 3 SOI info used to 
forecast  water 
supply for next 
growing season 

(Ritchie et al., 
2004) 

Concepcion, Chile Po P ENSO phase Risk aversion 45 Provides a 
method to judge 
whether EVOI 
assessments are 
statistically 
different from 
zero 

(Meza et al., 2003) 

Concepcion, Chile SWh P ENSO phase Risk aversion 10  (Meza et al., 2003) 

Temuco, Chile Po P ENSO phase Risk aversion 110  (Meza et al., 2003) 

Temuco, Chile SWh P ENSO phase Risk aversion 30  (Meza et al., 2003) 

Valdivia, Chile WWh P ENSO phase Risk aversion 28  (Meza et al., 2003) 

Valdivia, Chile Po P ENSO phase Risk aversion 120  (Meza et al., 2003) 

Victoria, Phillipines Ri P, Lb Seasonal total, 
rainfall terciles 

Risk aversion 5.5 Uses 
mathematical 
programming 
where hired 
labour is 
included as a 
decision variable 

(Abedullah and 
Pandey, 1998) 

Jackson Co., FL, 
United States 

Pn, Mz, Co LA ENSO phase Federal policies, 
risk aversion 

2.9 The inclusion of 
commodity loan 
programs and 

(Cabrera et al., 
2005) 
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crop insurance 
programs reduce 
the value of 
climate 
information 

Tifton, United States So, Mz, Pn, Wh LA Rainfall terciles Risk aversion, 
prices, initial 
wealth 

3   

Katumani and 
Makindu, Kenya 

Mz P, Lb Seasonal rainfall 
from GCM 

Prices, risk 
aversion 

-2.8 - 8.4% gross 
margin 

Stochastic 
dominance used 
to infer risk 
preferences 

(Hansen et al., 
2009) 

†Co=cotton, Lp=lupin, Mz=maize, Pa=pasture, Pn= peanut, Po=potato, So=soybean, Su=sunflower, SWh=spring wheat, Wh=wheat, 

WWh=winter wheat  ††LA=land allocation, Lb=labour, P=production, H=harvest, WFO=whole farm optimisation.
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APPENDIX C 

 

C1. Farm financial model supplements. 

Table C1-1: Farm fixed costs for 100ha farm included in Farm Economic Analysis 

Tool (provided by M. Poggio). 

ITEM $/annum 

Accountancy and Legal 2100 

Administration, postage and phone 760 

Business Electricity   400 

Insurance 3000 

Rates 9840 

R&M Buildings 1000 

Farm Ute (R&M, Registration, Fuel) 2750 

Tractor Registrations 425 

Headland Maintenance 1200 

Licences & Fees 750 

Slasher, Trash Rake & Bag Lifter 1690 

Wages* 45000 

Miscellaneous 500 

Soil Tests 260 

Water Part A 0 

Depreciation#  16,201 

TOTAL FIXED COSTS 85,876 

*Wage is owner’s wage 
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Table C1-2: Fixed costs of production (growing costs) for a planting year. 

ITEM $/ha 

Land preparation 221.36 

Planting 659.00 

Fertiliser 509.03 

Weed control 264.86 

Insect control 154.35 

Disease control 2.14 

TOTAL FIXED COSTS 1,811.00 

 

 

Table C1-3: Fixed costs of production (growing costs) for a ratoon year. 

ITEM $/ha 

Fertiliser 478.58 

Weed control 96.76 

TOTAL FIXED COSTS 575.00 

 

 

Table C1-4: Fixed costs of production (harvesting costs)  

ITEM $/ha 

Fertiliser 7.20 

TOTAL FIXED COSTS 575.00 
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Table C1-5: The assumptions of the different farm models. 
 

Location Soil 
typea 

Precipitation 
(mm/year) 

Farm 
size (ha) 

Land valueb 

($AUS/ha) 
Initial 
wealth 

($AUS/ha) 

Fixed costsc 
($/ha) 

Growing 
costs† 

($/ha) 

Harvest costs 
($/tonne) 

#1 Sugar pool 
price 1981-2008 

($AUS/t) 

  Mean   CV (%)       Mean   CV  

Macknade ychrom 2129   32 100 4,000-5000 600,000 858.8  884.00 7.80 300 16.4 

Macknade rderm 2129   32 100 4,000-5000 720,000 858.8  884.00 7.80 300 16.4 

Bambaroo ychrom 

 

1738   32 100 3,000-4000 480,000 858.8  884.00 7.80 300 16.4 

Bambaroo rderm 1738   32 100 3,000-4000 600,000 858.8  884.00 7.80 300 16.4 

aychrom = yellow chromosol, rderm = red dermosol. Obtained from Geoff Inman Bamber, CSIRO. 

blower end of scale used for ychrom soil, higher end for rderm soil 

cMark Poggio, Agricultural Economist, Department of Primary Industries and Fisheries.  
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C2. Forecast information. 

Table C2-1: SON ENSO phases as defined by the NOAA and the January ENSO 
forecasts as calculated by Everingham et al. (2011) using the methods of Clarke and 
van Gorder (2003). 

Year NOAA ENSO 
(actual) 

ENSO forecast 
(forecast) 1955 1  

1956 1  
1957 3  
1958 2  
1959 2  
1960 2  
1961 2  
1962 1  
1963 3  
1964 1  
1965 3  
1966 2  
1967 2  
1968 2  
1969 3  
1970 1  
1971 1  
1972 3  
1973 1  
1974 1  
1975 1  
1976 3  
1977 3  
1978 2  
1979 2  
1980 2  
1981 2 2 
1982 3 3 
1983 2 1 
1984 1 1 
1985 2 2 
1986 3 2 
1987 3 3 
1988 1 1 
1989 2 2 
1990 2 3 
1991 3 3 
1992 2 3 
1993 2 2 
1994 3 2 
1995 1 1 
1996 2 2 
1997 3 3 
1998 1 1 
1999 1 1 
2000 1 1 
2001 2 2 
2002 3 3 
2003 2 2 
2004 3 2 
2005 2 2 
2006 3 2 
2007 1 1 
2008 2 1 

1=La Niña, 2= Neutral, 3= El Niño 
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Table C2-2: Tercile forecast developed for SON in Macknade, 1981-2008. Rainfall 

data obtained from CSIRO weather database. 

 
Year SON rainfall Tercile* 
1981 234.6 1 
1982 23.3 3 
1983 129.4 2 
1984 123.4 2 
1985 323.4 1 
1986 178 1 
1987 101.4 2 
1988 108.9 2 
1989 457.7 1 
1990 18.6 3 
1991 90.3 2 
1992 33.1 3 
1993 95.5 2 
1994 50 3 
1995 140.2 2 
1996 106.8 2 
1997 56.6 3 
1998 320.5 1 
1999 568.1 1 
2000 606.3 1 
2001 87.2 2 
2002 13.2 3 
2003 44.5 3 
2004 117.2 2 
2005 61.7 3 
2006 64.7 2 
2007 149.3 1 
2008 163.6 1 

     *Upper tercile       >= 146.8mm 
       Middle tercile     146.8mm > rainfall > 63.9mm 
       Lower tercile       =< 63.9mm 
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Table C2-3: Tercile forecast developed for SON in Bambaroo, 1981-2008. Rainfall 

data obtained from CSIRO weather database. 

 
Year SON rainfall Tercile* 
1981 447.2 1 
1982 22.6 3 
1983 315.4 1 
1984 247.4 1 
1985 257.2 1 
1986 243 1 
1987 182 2 
1988 226.6 1 
1989 272.4 1 
1990 28 3 
1991 164.4 2 
1992 139.2 2 
1993 98.8 3 
1994 129.2 2 
1995 221.2 1 
1996 143.2 2 
1997 103.2 3 
1998 476.4 1 
1999 709 1 
2000 688.2 1 
2001 111.2 2 
2002 16.6 3 
2003 71.8 3 
2004 244.4 1 
2005 209.6 1 
2006 50.4 3 
2007 194.2 1 
2008 219.6 1 

     *Upper tercile       >= 188.1mm 
       Middle tercile     103.2mm > rainfall > 188.1mm 
       Lower tercile       =< 103.2mm 
 

 



 

 230 

 
Table C2-4: Tercile forecast developed for SON in Macknade, 1951-1978. Rainfall 
data obtained from CSIRO weather database. 

 
Year SON rainfall Tercile* 
1951 38.2 3 
1952 82.5 2 
1953 37.4 3 
1954 442.9 1 
1955 128.5 2 
1956 244.5 1 
1957 60.4 3 
1958 237 1 
1959 63.9 3 
1960 41.3 3 
1961 135.9 2 
1962 47.3 3 
1963 53.4 3 
1964 356.2 1 
1965 66.3 2 
1966 130.2 2 
1967 75.1 2 
1968 16 3 
1969 90.5 2 
1970 251.8 1 
1971 85.9 2 
1972 28.5 3 
1973 188.6 1 
1974 166 1 
1975 175.3 1 
1976 116.6 2 
1977 156.2 1 
1978 200.2 1 

     !Upper tercile       >= 146.8mm 
       Middle tercile     146.8mm > rainfall > 63.9mm 
       Lower tercile       =< 63.9mm 
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Table C2-5: Tercile forecast developed for SON in Bambaroo, 1951-1978. Rainfall 
data obtained from CSIRO weather database. 

 
Year SON rainfall Tercile* 
1951 195.3 1 
1952 149.9 2 
1953 79.2 3 
1954 213.3 1 
1955 93.3 3 
1956 150.6 2 
1957 59.2 3 
1958 238 1 
1959 120 2 
1960 93.1 3 
1961 188.1 1 
1962 74.4 3 
1963 122.2 2 
1964 362.4 1 
1965 200.9 1 
1966 109.4 2 
1967 89.5 3 
1968 26.4 3 
1969 114.9 2 
1970 176 2 
1971 137.7 2 
1972 39.8 3 
1973 229.1 1 
1974 197.2 1 
1975 165.4 2 
1976 127.6 2 
1977 188.8 1 
1978 237.6 1 

     !Upper tercile       >= 188.1mm 
       Middle tercile     103.2mm > rainfall > 188.1mm 
       Lower tercile       =< 103.2mm 
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C3. Expected Utility Model Sample Code 

%This program simulates the optimising behaviour of a cane farmer in the 
%Herbert River district in regards to season start date. Estimates of the 
%expected profits and the value of climate forecasting information are generated for varying 
%locations, soil types, prior knowledges, farm sizes and levels of risk 
%aversion.  
  
%Optimization is carried out for the period 1951-1978. The forecast is 
%assumed to have the same accuracy as it does over the period 1981-2008. 
%The conditional probabilities for each NOAA ENSO  phase tell the 
%probability of false forecast predictions.  
  
  
%clear all existing variables 
clear 
  
%We assume that the farmer attempts to maximise his expected utility at the 
%end of each year. The farmer utility function is CRRA and is given by 
%U(w)=W^(1-Rr)/(1-Rr). 
  
  
%Initialising variables---------------------------------------------------- 
  
%NOAA enso classifications for SON 
enso_actual = transpose([3 2 2 1 1 1 3 2 2 2 2 1 3 1 3 2 2 2 3 1 1 3 1 1 1 3 3 2]); 
  
%cane fresh weight info for 1951-1978 - used to develop harvesting costs 
canefw_my = transpose([89.73 88.43 75.87 87.77 76.70 111.25 113.20 64.00 67.40 93.71 89.58 76.50 
79.76 83.90 90.09 116.30 106.73 75.27 102.06 71.25 67.54 58.59 115.54 75.24 109.49 68.89 65.14 
107.44]); 
canefw_mr = transpose([109.66 115.85 86.78 105.68   83.26 114.91 119.42 109.21 91.33 92.95 
106.49 78.22 78.14 105.18 85.04  141.28 128.78 78.50 119.74 74.97 74.81 64.66 120.47 87.56 114.60 
76.24 72.37 101.70]); 
canefw_by = transpose([62.80 85.43 70.95 58.01 68.22 78.68 101.99   46.85 82.31 86.67 86.40 
110.11 89.81 73.45 89.18 104.34 95.89 110.20 87.21 88.08 40.05 46.83 102.23 71.55 94.46 63.59 
72.37 88.02]); 
canefw_br = transpose([85.57 120.45 78.44   60.97 82.53 85.75 128.14 69.28 92.19 123.19 114.10 
124.13 97.46 87.32 107.50 142.04 104.05 126.17 121.16 108.80 78.44 62.82 132.16 90.73 100.86 
80.27 83.76 109.03]); 
  
%historical No.1 sugar pool price info 
prices = 
transpose([278.94;224.05;262.91;234.57;230;282.18;289.12;334.27;363.40;344.02;303.37;308.53;352
.50;392.42;378.50;342.12;343.25;356.93;254.50;253;331.60;276.70;231.88;255.84;322.220;367.71;2
74.68;332.49]); 
  
%Number of years in study period 
n=28; 
  
%Different farm sizes 
farm_size=100; %ha 
init_w=600000;    %initial_wealth=f(farm_size) 
  
%Price scenario for sugar 
price=300;  %for constant price scenario 
harvest_cost=1; 
fixed_cost=1; 
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%Write vector of end of year profits for the standard strategy (start day 
%175) 
standard_years_mackychrom = mack_ychrom(1:28,15); 
standard_years_mackrderm  = mack_ychrom(1:28,15); 
standard_years_bambychrom = bamb_ychrom(1:28,15); 
standard_years_bambrderm  = bamb_rderm(1:28,15); 
  
%Farm cost function 
%need as a function of area for different structural levels? SOLVE 
%for 100ha farm 
%c_i=1742A+7.80Ay_i 
costs_my = fixed_cost*1742*farm_size + harvest_cost*7.80*farm_size.*canefw_my; 
costs_mr = fixed_cost*1742*farm_size + harvest_cost*7.80*farm_size.*canefw_mr; 
costs_by = fixed_cost*1742*farm_size + harvest_cost*7.80*farm_size.*canefw_by; 
costs_br = fixed_cost*1742*farm_size + harvest_cost*7.80*farm_size.*canefw_br; 
  
%subtract these costs from the payoff (return) matrics to get the gross margin payoff matrices 
mack_ychrom=((price*mack_ychrom/300)-costs_my(:,ones(1,29)))./farm_size; 
mack_rderm=((price*mack_rderm/300)-costs_mr(:,ones(1,29)))./farm_size; 
bamb_ychrom=((price*bamb_ychrom/300)-costs_by(:,ones(1,29)))./farm_size; 
bamb_rderm=((price*bamb_rderm/300)-costs_br(:,ones(1,29)))./farm_size; 
  
%-----------------------End initialization---------------------------------------            
            
%Begin loop for generating different information values, based on the 
%different possible forecast errors      
for t=1:300 
  
forecast=zeros(1,28); 
%Generate the 1951-1978 forecast assuming same conditional probabilities of error/correctness as 
1981-2008 
for g=1:28 
   
   if enso_actual(g) == 1       %La Niña 
       forecast(g) = 1; 
   
   elseif enso_actual(g) == 2   %Neutral 
       u=rand; 
       if (u < 2/12) 
           forecast(g) = 1; 
       elseif (u < 10/12) 
           forecast(g) = 2; 
       else forecast(g) = 3; 
       end 
    
   elseif enso_actual(g) == 3   %El Nino 
       u=rand; 
       if (u < 0/9) 
           forecast(g) = 1; 
       elseif (u < 4/9) 
           forecast(g) = 2; 
       else forecast(g) = 3; 
       end     
   end 
end 
  
forecast=transpose(forecast); 
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%Calculating prior probabilities 
%-------------------------------------------------------------------------- 
%HISTORICAL P.D.F SCENARIO (farmers prior knowledge is assumed to be the same 
%as the historical distribution of climatic (ENSO) events). 
priors=histc(enso_actual,1:3)./length(enso_actual); 
likelihood = zeros(3,3); 
  
for n=1:28 
    if enso_actual(n)==1 && forecast(n)==1 
        likelihood(1,1)= likelihood(1,1)+ 1; 
    elseif enso_actual(n)==1 && forecast(n)== 2 
        likelihood(1,2) = likelihood(1,2)+1; 
    elseif enso_actual(n)==1 && forecast(n)==3 
        likelihood(1,3) = likelihood(1,3)+1;    
    end 
end 
  
  
for n=1:28 
    if enso_actual(n)==2 && forecast(n)==1 
         likelihood(2,1)= likelihood(2,1)+ 1; 
    elseif enso_actual(n)==2 && forecast(n)== 2 
         likelihood(2,2) = likelihood(2,2)+1; 
    elseif enso_actual(n)==2 && forecast(n)==3 
         likelihood(2,3) = likelihood(2,3)+1;    
    end 
end 
     
for n=1:28 
    if enso_actual(n)==3 && forecast(n)==1 
         likelihood(3,1)= likelihood(3,1)+ 1; 
    elseif enso_actual(n)==3 && forecast(n)== 2 
         likelihood(3,2) = likelihood(3,2)+1; 
    elseif enso_actual(n)==3 && forecast(n)== 3 
         likelihood(3,3) = likelihood(3,3)+1;    
    end 
end 
  
for p=1:3 
 likelihood(p,1:3)=likelihood(p,1:3)./histc(enso_actual,p); 
end 
  
  
%Calculate the joint probability matrix 
joint=likelihood; 
for f=1:3 
joint(f,1:3)=joint(f,1:3).*priors(f); 
end 
  
%Calculate marginals (prob of forecast type occurring) 
for j=1:3 
marginals(j)=sum(joint(1:3,j)); 
end 
  
%Calculate the posterior probability matrix 
posteriors=joint; 
for h=1:3 
posteriors(1:3,h)=posteriors(1:3,h)./marginals(h); 
end 
%-------------------------------------------------------------------------- 
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%DECISION ANALYSIS-------------------------------------------------------- 
%------------------------------------------------------------------------- 
%Relative risk aversion coefficient 
Rr=0; 
  
%%MACKNADE YCHROM---------------------------------------------------------- 
  
%CLIMATOLOGY------------------------------------------------------------- 
%Calculate the expected utility and profits assuming no information (ni) 
%group the payoffs under the different enso outcomes for later use 
la_nina_ni=mack_ychrom(enso_actual==1,1:29); 
neutral_ni=mack_ychrom(enso_actual==2,1:29); 
el_nino_ni=mack_ychrom(enso_actual==3,1:29); 
  
if Rr==1 
        U_ni(1,1:29) = mean(log(init_w+la_nina_ni*farm_size)); 
        U_ni(2,1:29) = mean(log(init_w+neutral_ni*farm_size)); 
        U_ni(3,1:29) = mean(log(init_w+el_nino_ni*farm_size)); 
    else 
        U_ni(1,1:29)= mean(((init_w+la_nina_ni*farm_size).^(1-Rr))./(1-Rr)); 
        U_ni(2,1:29)= mean(((init_w+neutral_ni*farm_size).^(1-Rr))./(1-Rr)); 
        U_ni(3,1:29)= mean(((init_w+el_nino_ni*farm_size).^(1-Rr))./(1-Rr)); 
end 
%multiply by priors for the case of risk averse decision maker (Rr>0) 
EU_ni=transpose(priors)*U_ni; 
  
%calculate the EU maximising EP and startday for each ENSO phase 
MAX=max(EU_ni); 
pos=find(EU_ni==MAX); 
start_day_ni(1)=160+pos; 
  
%FORECAST ------------------------------------------------------- 
%group the payoffs under the different forecasts for later use 
 la_nina1=mack_ychrom(forecast==1 & enso_actual==1,1:29); 
 la_nina2=mack_ychrom(forecast==1 & enso_actual==2,1:29); 
 la_nina3=mack_ychrom(forecast==1 & enso_actual==3,1:29); 
  
 neutral1=mack_ychrom(forecast==2 & enso_actual==1,1:29); 
 neutral2=mack_ychrom(forecast==2 & enso_actual==2,1:29); 
 neutral3=mack_ychrom(forecast==2 & enso_actual==3,1:29); 
  
 el_nino1=mack_ychrom(forecast==3 & enso_actual==1,1:29); 
 el_nino2=mack_ychrom(forecast==3 & enso_actual==2,1:29); 
 el_nino3=mack_ychrom(forecast==3 & enso_actual==3,1:29); 
  
%Now calculate the utility of each payoff in the the payoff matrix and 
%take the mean of each state of nature to get its expected utility 
%also calculate the expected profit under each state of nature 
if Rr==1 
    U_la_nina(1,1:29) = mean(log(init_w+la_nina1*farm_size)); 
    U_la_nina(2,1:29) = mean(log(init_w+la_nina2*farm_size)); 
    U_la_nina(3,1:29) = mean(log(init_w+la_nina3*farm_size)); 
  
    U_neutral(1,1:29) = mean(log(init_w+neutral1*farm_size)); 
    U_neutral(2,1:29) = mean(log(init_w+neutral2*farm_size)); 
    U_neutral(3,1:29) = mean(log(init_w+neutral3*farm_size)); 
     
    U_el_nino(1,1:29) = mean(log(init_w+el_nino1*farm_size)); 



 

 236 

    U_el_nino(2,1:29) = mean(log(init_w+el_nino2*farm_size)); 
    U_el_nino(3,1:29) = mean(log(init_w+el_nino3*farm_size)); 
else 
    U_la_nina(1,1:29) = mean(((init_w+la_nina1*farm_size).^(1-Rr))./(1-Rr)); 
    U_la_nina(2,1:29) = mean(((init_w+la_nina2*farm_size).^(1-Rr))./(1-Rr)); 
    U_la_nina(3,1:29) = mean(((init_w+la_nina3*farm_size).^(1-Rr))./(1-Rr)); 
     
    U_neutral(1,1:29) = mean(((init_w+neutral1*farm_size).^(1-Rr))./(1-Rr)); 
    U_neutral(2,1:29) = mean(((init_w+neutral2*farm_size).^(1-Rr))./(1-Rr)); 
    U_neutral(3,1:29) = mean(((init_w+neutral3*farm_size).^(1-Rr))./(1-Rr)); 
     
    U_el_nino(1,1:29) = mean(((init_w+el_nino1*farm_size).^(1-Rr))./(1-Rr)); 
    U_el_nino(2,1:29) = mean(((init_w+el_nino2*farm_size).^(1-Rr))./(1-Rr)); 
    U_el_nino(3,1:29) = mean(((init_w+el_nino3*farm_size).^(1-Rr))./(1-Rr)); 
  
end 
  
%Find NaNs in EU vectors and replace with zeros (no events occurred)  
nan_locations=isnan(U_la_nina); U_la_nina(nan_locations) = 0; 
nan_locations=isnan(U_neutral); U_neutral(nan_locations) = 0; 
nan_locations=isnan(U_el_nino); U_el_nino(nan_locations) = 0; 
  
%Calculate the expected utility for that start day under La Nina foreast 
%and deposit it in the global utility matrix for the La Nina forecast branch 
EU_la_nina=transpose(posteriors(1:3,1))*U_la_nina; 
EU_neutral=transpose(posteriors(1:3,2))*U_neutral; 
EU_el_nino=transpose(posteriors(1:3,3))*U_el_nino; 
  
MAX=max(EU_la_nina); 
pos=find(EU_la_nina==MAX); 
start_day(1,1)=160+pos; 
  
MAX=max(EU_neutral); 
pos=find(EU_neutral==MAX); 
start_day(1,2)=160+pos; 
  
MAX=max(EU_el_nino); 
pos=find(EU_el_nino==MAX); 
if length(pos)>1 
    pos=15; 
end 
start_day(1,3)=160+pos; 
  
  
%%MACKNADE RDERM---------------------------------------------------------- 
  
%CLIMATOLOGY------------------------------------------------------------- 
%Calculate the expected utility and profits assuming no information (ni) 
%group the payoffs under the different enso outcomes for later use 
la_nina_ni=mack_rderm(enso_actual==1,1:29); 
neutral_ni=mack_rderm(enso_actual==2,1:29); 
el_nino_ni=mack_rderm(enso_actual==3,1:29); 
  
if Rr==1 
        U_ni(1,1:29) = mean(log(init_w+la_nina_ni*farm_size)); 
        U_ni(2,1:29) = mean(log(init_w+neutral_ni*farm_size)); 
        U_ni(3,1:29) = mean(log(init_w+el_nino_ni*farm_size)); 
    else 
        U_ni(1,1:29)= mean(((init_w+la_nina_ni*farm_size).^(1-Rr))./(1-Rr)); 
        U_ni(2,1:29)= mean(((init_w+neutral_ni*farm_size).^(1-Rr))./(1-Rr)); 
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        U_ni(3,1:29)= mean(((init_w+el_nino_ni*farm_size).^(1-Rr))./(1-Rr)); 
end 
%multiply by priors for the case of risk averse decision maker (Rr>0) 
EU_ni=transpose(priors)*U_ni; 
  
%calculate the EU maximising EP and startday for each ENSO phase 
MAX=max(EU_ni); 
pos=find(EU_ni==MAX); 
start_day_ni(2)=160+pos; 
  
%FORECAST ------------------------------------------------------- 
%group the payoffs under the different forecasts for later use 
 la_nina1=mack_rderm(forecast==1 & enso_actual==1,1:29); 
 la_nina2=mack_rderm(forecast==1 & enso_actual==2,1:29); 
 la_nina3=mack_rderm(forecast==1 & enso_actual==3,1:29); 
  
 neutral1=mack_rderm(forecast==2 & enso_actual==1,1:29); 
 neutral2=mack_rderm(forecast==2 & enso_actual==2,1:29); 
 neutral3=mack_rderm(forecast==2 & enso_actual==3,1:29); 
  
 el_nino1=mack_rderm(forecast==3 & enso_actual==1,1:29); 
 el_nino2=mack_rderm(forecast==3 & enso_actual==2,1:29); 
 el_nino3=mack_rderm(forecast==3 & enso_actual==3,1:29); 
  
%Now calculate the utility of each payoff in the the payoff matrix and 
%take the mean of each state of nature to get its expected utility 
%also calculate the expected profit under each state of nature 
if Rr==1 
    U_la_nina(1,1:29) = mean(log(init_w+la_nina1*farm_size)); 
    U_la_nina(2,1:29) = mean(log(init_w+la_nina2*farm_size)); 
    U_la_nina(3,1:29) = mean(log(init_w+la_nina3*farm_size)); 
  
    U_neutral(1,1:29) = mean(log(init_w+neutral1*farm_size)); 
    U_neutral(2,1:29) = mean(log(init_w+neutral2*farm_size)); 
    U_neutral(3,1:29) = mean(log(init_w+neutral3*farm_size)); 
     
    U_el_nino(1,1:29) = mean(log(init_w+el_nino1*farm_size)); 
    U_el_nino(2,1:29) = mean(log(init_w+el_nino2*farm_size)); 
    U_el_nino(3,1:29) = mean(log(init_w+el_nino3*farm_size)); 
else 
    U_la_nina(1,1:29) = mean(((init_w+la_nina1*farm_size).^(1-Rr))./(1-Rr)); 
    U_la_nina(2,1:29) = mean(((init_w+la_nina2*farm_size).^(1-Rr))./(1-Rr)); 
    U_la_nina(3,1:29) = mean(((init_w+la_nina3*farm_size).^(1-Rr))./(1-Rr)); 
     
    U_neutral(1,1:29) = mean(((init_w+neutral1*farm_size).^(1-Rr))./(1-Rr)); 
    U_neutral(2,1:29) = mean(((init_w+neutral2*farm_size).^(1-Rr))./(1-Rr)); 
    U_neutral(3,1:29) = mean(((init_w+neutral3*farm_size).^(1-Rr))./(1-Rr)); 
     
    U_el_nino(1,1:29) = mean(((init_w+el_nino1*farm_size).^(1-Rr))./(1-Rr)); 
    U_el_nino(2,1:29) = mean(((init_w+el_nino2*farm_size).^(1-Rr))./(1-Rr)); 
    U_el_nino(3,1:29) = mean(((init_w+el_nino3*farm_size).^(1-Rr))./(1-Rr)); 
  
end 
  
%Find NaNs in EU vectors and replace with zeros (no events occurred)  
nan_locations=isnan(U_la_nina); U_la_nina(nan_locations) = 0; 
nan_locations=isnan(U_neutral); U_neutral(nan_locations) = 0; 
nan_locations=isnan(U_el_nino); U_el_nino(nan_locations) = 0; 
  
%Calculate the expected utility for that start day under La Nina foreast 
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%and deposit it in the global utility matrix for the La Nina forecast branch 
EU_la_nina=transpose(posteriors(1:3,1))*U_la_nina; 
EU_neutral=transpose(posteriors(1:3,2))*U_neutral; 
EU_el_nino=transpose(posteriors(1:3,3))*U_el_nino; 
  
MAX=max(EU_la_nina); 
pos=find(EU_la_nina==MAX); 
start_day(2,1)=160+pos; 
  
MAX=max(EU_neutral); 
pos=find(EU_neutral==MAX); 
start_day(2,2)=160+pos; 
  
MAX=max(EU_el_nino); 
pos=find(EU_el_nino==MAX); 
if length(pos)>1 
    pos=15; 
end 
start_day(2,3)=160+pos; 
  
  
%%BAMBAROO YCHROM---------------------------------------------------------- 
  
%CLIMATOLOGY------------------------------------------------------------- 
%Calculate the expected utility and profits assuming no information (ni) 
%group the payoffs under the different enso outcomes for later use 
la_nina_ni=bamb_ychrom(enso_actual==1,1:29); 
neutral_ni=bamb_ychrom(enso_actual==2,1:29); 
el_nino_ni=bamb_ychrom(enso_actual==3,1:29); 
  
if Rr==1 
        U_ni(1,1:29) = mean(log(init_w+la_nina_ni*farm_size)); 
        U_ni(2,1:29) = mean(log(init_w+neutral_ni*farm_size)); 
        U_ni(3,1:29) = mean(log(init_w+el_nino_ni*farm_size)); 
    else 
        U_ni(1,1:29)= mean(((init_w+la_nina_ni*farm_size).^(1-Rr))./(1-Rr)); 
        U_ni(2,1:29)= mean(((init_w+neutral_ni*farm_size).^(1-Rr))./(1-Rr)); 
        U_ni(3,1:29)= mean(((init_w+el_nino_ni*farm_size).^(1-Rr))./(1-Rr)); 
end 
%multiply by priors for the case of risk averse decision maker (Rr>0) 
EU_ni=transpose(priors)*U_ni; 
  
%calculate the EU maximising EP and startday for each ENSO phase 
MAX=max(EU_ni); 
pos=find(EU_ni==MAX); 
start_day_ni(3)=160+pos; 
  
%FORECAST ------------------------------------------------------- 
%group the payoffs under the different forecasts for later use 
 la_nina1=bamb_ychrom(forecast==1 & enso_actual==1,1:29); 
 la_nina2=bamb_ychrom(forecast==1 & enso_actual==2,1:29); 
 la_nina3=bamb_ychrom(forecast==1 & enso_actual==3,1:29); 
  
 neutral1=bamb_ychrom(forecast==2 & enso_actual==1,1:29); 
 neutral2=bamb_ychrom(forecast==2 & enso_actual==2,1:29); 
 neutral3=bamb_ychrom(forecast==2 & enso_actual==3,1:29); 
  
 el_nino1=bamb_ychrom(forecast==3 & enso_actual==1,1:29); 
 el_nino2=bamb_ychrom(forecast==3 & enso_actual==2,1:29); 
 el_nino3=bamb_ychrom(forecast==3 & enso_actual==3,1:29); 
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%Now calculate the utility of each payoff in the the payoff matrix and 
%take the mean of each state of nature to get its expected utility 
%also calculate the expected profit under each state of nature 
if Rr==1 
    U_la_nina(1,1:29) = mean(log(init_w+la_nina1*farm_size)); 
    U_la_nina(2,1:29) = mean(log(init_w+la_nina2*farm_size)); 
    U_la_nina(3,1:29) = mean(log(init_w+la_nina3*farm_size)); 
  
    U_neutral(1,1:29) = mean(log(init_w+neutral1*farm_size)); 
    U_neutral(2,1:29) = mean(log(init_w+neutral2*farm_size)); 
    U_neutral(3,1:29) = mean(log(init_w+neutral3*farm_size)); 
     
    U_el_nino(1,1:29) = mean(log(init_w+el_nino1*farm_size)); 
    U_el_nino(2,1:29) = mean(log(init_w+el_nino2*farm_size)); 
    U_el_nino(3,1:29) = mean(log(init_w+el_nino3*farm_size)); 
else 
    U_la_nina(1,1:29) = mean(((init_w+la_nina1*farm_size).^(1-Rr))./(1-Rr)); 
    U_la_nina(2,1:29) = mean(((init_w+la_nina2*farm_size).^(1-Rr))./(1-Rr)); 
    U_la_nina(3,1:29) = mean(((init_w+la_nina3*farm_size).^(1-Rr))./(1-Rr)); 
     
    U_neutral(1,1:29) = mean(((init_w+neutral1*farm_size).^(1-Rr))./(1-Rr)); 
    U_neutral(2,1:29) = mean(((init_w+neutral2*farm_size).^(1-Rr))./(1-Rr)); 
    U_neutral(3,1:29) = mean(((init_w+neutral3*farm_size).^(1-Rr))./(1-Rr)); 
     
    U_el_nino(1,1:29) = mean(((init_w+el_nino1*farm_size).^(1-Rr))./(1-Rr)); 
    U_el_nino(2,1:29) = mean(((init_w+el_nino2*farm_size).^(1-Rr))./(1-Rr)); 
    U_el_nino(3,1:29) = mean(((init_w+el_nino3*farm_size).^(1-Rr))./(1-Rr)); 
  
end 
  
%Find NaNs in EU vectors and replace with zeros (no events occurred)  
nan_locations=isnan(U_la_nina); U_la_nina(nan_locations) = 0; 
nan_locations=isnan(U_neutral); U_neutral(nan_locations) = 0; 
nan_locations=isnan(U_el_nino); U_el_nino(nan_locations) = 0; 
  
%Calculate the expected utility for that start day under La Nina foreast 
%and deposit it in the global utility matrix for the La Nina forecast branch 
EU_la_nina=transpose(posteriors(1:3,1))*U_la_nina; 
EU_neutral=transpose(posteriors(1:3,2))*U_neutral; 
EU_el_nino=transpose(posteriors(1:3,3))*U_el_nino; 
  
MAX=max(EU_la_nina); 
pos=find(EU_la_nina==MAX); 
start_day(3,1)=160+pos; 
  
MAX=max(EU_neutral); 
pos=find(EU_neutral==MAX); 
start_day(3,2)=160+pos; 
  
MAX=max(EU_el_nino); 
pos=find(EU_el_nino==MAX); 
if length(pos)>1 
    pos=15; 
end 
start_day(3,3)=160+pos; 
  
  
%%BAMBAROO RDERM---------------------------------------------------------- 
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%CLIMATOLOGY------------------------------------------------------------- 
%Calculate the expected utility and profits assuming no information (ni) 
%group the payoffs under the different enso outcomes for later use 
la_nina_ni=bamb_rderm(enso_actual==1,1:29); 
neutral_ni=bamb_rderm(enso_actual==2,1:29); 
el_nino_ni=bamb_rderm(enso_actual==3,1:29); 
  
if Rr==1 
        U_ni(1,1:29) = mean(log(init_w+la_nina_ni*farm_size)); 
        U_ni(2,1:29) = mean(log(init_w+neutral_ni*farm_size)); 
        U_ni(3,1:29) = mean(log(init_w+el_nino_ni*farm_size)); 
    else 
        U_ni(1,1:29)= mean(((init_w+la_nina_ni*farm_size).^(1-Rr))./(1-Rr)); 
        U_ni(2,1:29)= mean(((init_w+neutral_ni*farm_size).^(1-Rr))./(1-Rr)); 
        U_ni(3,1:29)= mean(((init_w+el_nino_ni*farm_size).^(1-Rr))./(1-Rr)); 
end 
%multiply by priors for the case of risk averse decision maker (Rr>0) 
EU_ni=transpose(priors)*U_ni; 
  
%calculate the EU maximising EP and startday for each ENSO phase 
MAX=max(EU_ni); 
pos=find(EU_ni==MAX); 
start_day_ni(4)=160+pos; 
  
%FORECAST ------------------------------------------------------- 
%group the payoffs under the different forecasts for later use 
 la_nina1=bamb_rderm(forecast==1 & enso_actual==1,1:29); 
 la_nina2=bamb_rderm(forecast==1 & enso_actual==2,1:29); 
 la_nina3=bamb_rderm(forecast==1 & enso_actual==3,1:29); 
  
 neutral1=bamb_rderm(forecast==2 & enso_actual==1,1:29); 
 neutral2=bamb_rderm(forecast==2 & enso_actual==2,1:29); 
 neutral3=bamb_rderm(forecast==2 & enso_actual==3,1:29); 
  
 el_nino1=bamb_rderm(forecast==3 & enso_actual==1,1:29); 
 el_nino2=bamb_rderm(forecast==3 & enso_actual==2,1:29); 
 el_nino3=bamb_rderm(forecast==3 & enso_actual==3,1:29); 
  
%Now calculate the utility of each payoff in the the payoff matrix and 
%take the mean of each state of nature to get its expected utility 
%also calculate the expected profit under each state of nature 
if Rr==1 
    U_la_nina(1,1:29) = mean(log(init_w+la_nina1*farm_size)); 
    U_la_nina(2,1:29) = mean(log(init_w+la_nina2*farm_size)); 
    U_la_nina(3,1:29) = mean(log(init_w+la_nina3*farm_size)); 
  
    U_neutral(1,1:29) = mean(log(init_w+neutral1*farm_size)); 
    U_neutral(2,1:29) = mean(log(init_w+neutral2*farm_size)); 
    U_neutral(3,1:29) = mean(log(init_w+neutral3*farm_size)); 
     
    U_el_nino(1,1:29) = mean(log(init_w+el_nino1*farm_size)); 
    U_el_nino(2,1:29) = mean(log(init_w+el_nino2*farm_size)); 
    U_el_nino(3,1:29) = mean(log(init_w+el_nino3*farm_size)); 
else 
    U_la_nina(1,1:29) = mean(((init_w+la_nina1*farm_size).^(1-Rr))./(1-Rr)); 
    U_la_nina(2,1:29) = mean(((init_w+la_nina2*farm_size).^(1-Rr))./(1-Rr)); 
    U_la_nina(3,1:29) = mean(((init_w+la_nina3*farm_size).^(1-Rr))./(1-Rr)); 
     
    U_neutral(1,1:29) = mean(((init_w+neutral1*farm_size).^(1-Rr))./(1-Rr)); 
    U_neutral(2,1:29) = mean(((init_w+neutral2*farm_size).^(1-Rr))./(1-Rr)); 



 

 241 

    U_neutral(3,1:29) = mean(((init_w+neutral3*farm_size).^(1-Rr))./(1-Rr)); 
     
    U_el_nino(1,1:29) = mean(((init_w+el_nino1*farm_size).^(1-Rr))./(1-Rr)); 
    U_el_nino(2,1:29) = mean(((init_w+el_nino2*farm_size).^(1-Rr))./(1-Rr)); 
    U_el_nino(3,1:29) = mean(((init_w+el_nino3*farm_size).^(1-Rr))./(1-Rr)); 
  
end 
  
%Find NaNs in EU vectors and replace with zeros (no events occurred)  
nan_locations=isnan(U_la_nina); U_la_nina(nan_locations) = 0; 
nan_locations=isnan(U_neutral); U_neutral(nan_locations) = 0; 
nan_locations=isnan(U_el_nino); U_el_nino(nan_locations) = 0; 
  
%Calculate the expected utility for that start day under La Nina foreast 
%and deposit it in the global utility matrix for the La Nina forecast branch 
EU_la_nina=transpose(posteriors(1:3,1))*U_la_nina; 
EU_neutral=transpose(posteriors(1:3,2))*U_neutral; 
EU_el_nino=transpose(posteriors(1:3,3))*U_el_nino; 
  
MAX=max(EU_la_nina); 
pos=find(EU_la_nina==MAX); 
start_day(4,1)=160+pos; 
  
MAX=max(EU_neutral); 
pos=find(EU_neutral==MAX); 
start_day(4,2)=160+pos; 
  
MAX=max(EU_el_nino); 
pos=find(EU_el_nino==MAX); 
if length(pos)>1 
    pos=15; 
end 
start_day(4,3)=160+pos; 
  
  
%RESULTS: POST-PROCESSING 
%------------------------------------------------------------------------- 
%------------------------------------------------------------------------- 
  
%STANDARD STRATEGY 
  
%results for the forecast strategy 
%mack_ychrom 
mack_ychrom_forecast(forecast==1,1) = mack_ychrom(forecast==1,start_day(1,1)-160); 
mack_ychrom_forecast(forecast==2,1) = mack_ychrom(forecast==2,start_day(1,2)-160); 
mack_ychrom_forecast(forecast==3,1) = mack_ychrom(forecast==3,start_day(1,3)-160); 
  
%mackrderm 
mack_rderm_forecast(forecast==1,1) = mack_rderm(forecast==1,start_day(2,1)-160); 
mack_rderm_forecast(forecast==2,1) = mack_rderm(forecast==2,start_day(2,2)-160); 
mack_rderm_forecast(forecast==3,1) = mack_rderm(forecast==3,start_day(2,3)-160); 
  
%bambychrom 
bamb_ychrom_forecast(forecast==1,1) = bamb_ychrom(forecast==1,start_day(3,1)-160); 
bamb_ychrom_forecast(forecast==2,1) = bamb_ychrom(forecast==2,start_day(3,2)-160); 
bamb_ychrom_forecast(forecast==3,1) = bamb_ychrom(forecast==3,start_day(3,3)-160); 
  
%bambrderm 
bamb_rderm_forecast(forecast==1,1) = bamb_rderm(forecast==1,start_day(4,1)-160); 
bamb_rderm_forecast(forecast==2,1) = bamb_rderm(forecast==2,start_day(4,2)-160); 
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bamb_rderm_forecast(forecast==3,1) = bamb_rderm(forecast==3,start_day(4,3)-160); 
  
%results for the no information strategy 
mack_ychrom_ni = mack_ychrom(1:28,start_day_ni(1)-160); 
mack_rderm_ni  = mack_rderm(1:28,start_day_ni(2)-160); 
bamb_ychrom_ni = bamb_ychrom(1:28,start_day_ni(3)-160); 
bamb_rderm_ni  = bamb_rderm(1:28,start_day_ni(4)-160); 
    
%All phase information value 
EVOI_mack_ychrom(t) = mean(mack_ychrom_forecast)-mean(mack_ychrom_ni); 
EVOI_mack_rderm(t) = mean(mack_rderm_forecast)-mean(mack_rderm_ni); 
EVOI_bamb_ychrom(t) = mean(bamb_ychrom_forecast)-mean(bamb_ychrom_ni); 
EVOI_bamb_rderm(t) = mean(bamb_rderm_forecast)-mean(bamb_rderm_ni); 
  
%Information value broken down by ENSO phase forecast 
EVOI_forecast(1,1) = mean(mack_ychrom_forecast(forecast==1,1)) - 
mean(mack_ychrom_ni(forecast==1,1)); 
EVOI_forecast(2,1) = mean(mack_ychrom_forecast(forecast==2,1)) - 
mean(mack_ychrom_ni(forecast==2,1)); 
EVOI_forecast(3,1) = mean(mack_ychrom_forecast(forecast==3,1)) - 
mean(mack_ychrom_ni(forecast==3,1)); 
  
EVOI_forecast(1,2) = mean(mack_rderm_forecast(forecast==1,1)) - 
mean(mack_rderm_ni(forecast==1,1)); 
EVOI_forecast(2,2) = mean(mack_rderm_forecast(forecast==2,1)) - 
mean(mack_rderm_ni(forecast==2,1)); 
EVOI_forecast(3,2) = mean(mack_rderm_forecast(forecast==3,1)) - 
mean(mack_rderm_ni(forecast==3,1)); 
  
EVOI_forecast(1,3) = mean(bamb_ychrom_forecast(forecast==1,1)) - 
mean(bamb_ychrom_ni(forecast==1,1)); 
EVOI_forecast(2,3) = mean(bamb_ychrom_forecast(forecast==2,1)) - 
mean(bamb_ychrom_ni(forecast==2,1)); 
EVOI_forecast(3,3) = mean(bamb_ychrom_forecast(forecast==3,1)) - 
mean(bamb_ychrom_ni(forecast==3,1)); 
  
EVOI_forecast(1,4) = mean(bamb_rderm_forecast(forecast==1,1)) - 
mean(bamb_rderm_ni(forecast==1,1)); 
EVOI_forecast(2,4) = mean(bamb_rderm_forecast(forecast==2,1)) - 
mean(bamb_rderm_ni(forecast==2,1)); 
EVOI_forecast(3,4) = mean(bamb_rderm_forecast(forecast==3,1)) - 
mean(bamb_rderm_ni(forecast==3,1)); 
  
%Store all the forecast values for this iteration in the global matrices 
EVOI_forecast_mack_ychrom(1:3,t) = EVOI_forecast(1:3,1); 
EVOI_forecast_mack_rderm(1:3,t) = EVOI_forecast(1:3,2); 
EVOI_forecast_bamb_ychrom(1:3,t) = EVOI_forecast(1:3,3); 
EVOI_forecast_bamb_rderm(1:3,t)  = EVOI_forecast(1:3,4); 
  
  
  
%Information value broken down by ENSO phase from NOAA (actual phase) 
% EVOI_enso(1,1) = mean(mack_ychrom_forecast(enso_actual==1,1))- 
mean(mack_ychrom_ni(enso_actual==1,1)); 
% EVOI_enso(2,1) = mean(mack_ychrom_forecast(enso_actual==2,1))- 
mean(mack_ychrom_ni(enso_actual==2,1)); 
% EVOI_enso(3,1) = mean(mack_ychrom_forecast(enso_actual==3,1))- 
mean(mack_ychrom_ni(enso_actual==3,1)); 
%  
% EVOI_enso(1,2) = mean(mack_rderm_forecast(enso_actual==1,1))- 
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mean(mack_rderm_ni(enso_actual==1,1)); 
% EVOI_enso(2,2) = mean(mack_rderm_forecast(enso_actual==2,1))- 
mean(mack_rderm_ni(enso_actual==2,1)); 
% EVOI_enso(3,2) = mean(mack_rderm_forecast(enso_actual==3,1))- 
mean(mack_rderm_ni(enso_actual==3,1)); 
%  
% EVOI_enso(1,3) = mean(bamb_ychrom_forecast(enso_actual==1,1))- 
mean(bamb_ychrom_ni(enso_actual==1,1)); 
% EVOI_enso(2,3) = mean(bamb_ychrom_forecast(enso_actual==2,1))- 
mean(bamb_ychrom_ni(enso_actual==2,1)); 
% EVOI_enso(3,3) = mean(bamb_ychrom_forecast(enso_actual==3,1))- 
mean(bamb_ychrom_ni(enso_actual==3,1)); 
%  
% EVOI_enso(1,4) = mean(bamb_rderm_forecast(enso_actual==1,1))- 
mean(bamb_rderm_ni(enso_actual==1,1)); 
% EVOI_enso(2,4) = mean(bamb_rderm_forecast(enso_actual==2,1))- 
mean(bamb_rderm_ni(enso_actual==2,1)); 
% EVOI_enso(3,4) = mean(bamb_rderm_forecast(enso_actual==3,1))- 
mean(bamb_rderm_ni(enso_actual==3,1)); 
  
forecast_store(t,1:28)=forecast; 
 
%Now save the forecast results in the larger matrices 
  
end 
  
%Calcuate the average information values and their standard deviations 
Info_value = [mean(EVOI_mack_ychrom) mean(EVOI_mack_rderm) mean(EVOI_bamb_ychrom) 
mean(EVOI_bamb_rderm); std(EVOI_mack_ychrom) std(EVOI_mack_rderm) 
std(EVOI_bamb_ychrom) std(EVOI_bamb_rderm)]; 
  
Info_value_breakdown = 
[mean(EVOI_forecast_mack_ychrom(1,1:length(EVOI_forecast_mack_ychrom))) 
mean(EVOI_forecast_mack_rderm(1,1:length(EVOI_forecast_mack_rderm))) 
mean(EVOI_forecast_bamb_ychrom(1,1:length(EVOI_forecast_bamb_ychrom))) 
mean(EVOI_forecast_bamb_rderm(1,1:length(EVOI_forecast_bamb_rderm))); 
                        mean(EVOI_forecast_mack_ychrom(2,1:length(EVOI_forecast_mack_ychrom))) 
mean(EVOI_forecast_mack_rderm(2,1:length(EVOI_forecast_mack_rderm))) 
mean(EVOI_forecast_bamb_ychrom(2,1:length(EVOI_forecast_bamb_ychrom))) 
mean(EVOI_forecast_bamb_rderm(2,1:length(EVOI_forecast_bamb_rderm))); 
                        mean(EVOI_forecast_mack_ychrom(3,1:length(EVOI_forecast_mack_ychrom))) 
mean(EVOI_forecast_mack_rderm(3,1:length(EVOI_forecast_mack_rderm))) 
mean(EVOI_forecast_bamb_ychrom(3,1:length(EVOI_forecast_bamb_ychrom))) 
mean(EVOI_forecast_bamb_rderm(3,1:length(EVOI_forecast_bamb_rderm)))]; 
  
Info_value_breakdown_std = 
[std(EVOI_forecast_mack_ychrom(1,1:length(EVOI_forecast_mack_ychrom))) 
std(EVOI_forecast_mack_rderm(1,1:length(EVOI_forecast_mack_rderm))) 
std(EVOI_forecast_bamb_ychrom(1,1:length(EVOI_forecast_bamb_ychrom))) 
std(EVOI_forecast_bamb_rderm(1,1:length(EVOI_forecast_bamb_rderm))); 
                        std(EVOI_forecast_mack_ychrom(2,1:length(EVOI_forecast_mack_ychrom))) 
std(EVOI_forecast_mack_rderm(2,1:length(EVOI_forecast_mack_rderm))) 
std(EVOI_forecast_bamb_ychrom(2,1:length(EVOI_forecast_bamb_ychrom))) 
std(EVOI_forecast_bamb_rderm(2,1:length(EVOI_forecast_bamb_rderm))); 
                        std(EVOI_forecast_mack_ychrom(3,1:length(EVOI_forecast_mack_ychrom))) 
std(EVOI_forecast_mack_rderm(3,1:length(EVOI_forecast_mack_rderm))) 
std(EVOI_forecast_bamb_ychrom(3,1:length(EVOI_forecast_bamb_ychrom))) 
std(EVOI_forecast_bamb_rderm(3,1:length(EVOI_forecast_bamb_rderm)))]; 
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C4. Additional climate information 

 

 

Figure: Boxplots representing the number of days not harvestable due to excessive 

rainfall between 1951-1978 and 1981- 2007 at Macknade and Bambaroo locations 

according to the ENSO classification of the NOAA. The box whiskers represent the 

maximum and minimum value of the data, respectively. 

(a) Macknade 

 

(b) Bambaroo 
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ENSO predictions 

The ENSO predictions were made using the approach of Clarke and van Gorder 

(2003). The Clarke and van Gorder (2003) model uses the predictor 

                                             (1) 

to predict NIÑO 3.4(t+!t) for various lead times !t. In (1), NIÑO 3.4(t) is the 

departure of the sea surface temperature (SST) from the seasonal cycle for the 

central-east equatorial Pacific from 5°S-5°N, 170°W-120°W at time t, !(t) is an Indo-

Pacific equatorial zonal wind anomaly index and  describes the anomalous 

depth of the 20°C isotherm averaged across the equatorial Pacific (5°S-5°N) and thus 

represents the upper ocean heat content. The coefficients a, b and c are computed by 

the method of least squares.  

 

 

 

 

 

 

 

 

 

 



 

 246 

APPENDIX D 

 

D1. Gross margins under different forecast strategies 

 

Table D-1: Gross margins for Macknade yellow chromosol soil ($/ha). Rr=0. 
Constant price. 

Year 
Tercile 
forecast 

Perfect 
forecast 

Imperfect 
Forecast Pessimistic AB Optimistic AB Historical 

1981 1277.1 1076.7 960.8 960.8 960.8 1038.4 
1982 1192.2 1192.2 1192.2 1192.2 1192.2 1144.6 
1983 -421.9 -449.4 -502.6 -640.6 -513.8 -428.1 
1984 78.4 44.0 44.0 -111.1 32.3 119.0 
1985 726.0 746.5 641.8 641.8 641.8 712.2 
1986 1482.3 1445.4 1517.2 1517.2 1517.2 1511.3 
1987 1155.0 1091.1 1091.1 1091.1 1091.1 1214.0 
1988 879.3 935.0 935.0 911.6 933.8 936.4 
1989 130.2 -22.9 -103.7 -103.7 -103.7 -50.1 
1990 702.6 695.8 702.6 702.6 702.6 698.3 
1991 97.4 69.3 69.3 69.3 69.3 95.0 
1992 506.7 534.1 506.7 506.7 506.7 527.7 
1993 1170.4 1203.6 1170.4 1170.4 1170.4 1219.2 
1994 -473.4 -473.4 -486.5 -486.5 -486.5 -511.9 
1995 849.8 861.7 861.7 744.4 854.5 903.1 
1996 1204.1 1212.8 1204.1 1204.1 1204.1 1210.0 
1997 1432.9 1432.9 1432.9 1432.9 1432.9 1569.0 
1998 547.7 471.5 471.5 637.8 471.5 364.9 
1999 -552.8 -619.1 -619.1 -510.5 -608.1 -695.2 
2000 -693.7 -753.0 -753.0 -642.8 -743.2 -819.3 
2001 922.9 1007.2 922.9 922.9 922.9 996.9 
2002 700.4 700.4 700.4 700.4 700.4 705.8 
2003 899.3 882.3 896.7 896.7 896.7 888.2 
2004 1189.3 1133.3 1189.3 1189.3 1189.3 1263.1 
2005 1521.5 1561.2 1548.2 1548.2 1548.2 1557.3 
2006 -697.3 -722.4 -697.3 -697.3 -697.3 -663.8 
2007 489.2 562.8 562.8 383.1 540.8 673.5 
2008 1790.2 1718.8 1821.2 1674.9 1841.3 1676.9 

EVa 646.6 626.4 617.2 603.8 616.7 637.7 
aExpected Value 
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Table D-2: Gross margins for Macknade red dermosol soil. Rr=0 ($/ha). Constant 

price. 

aExpected Value 
 

 

 

 

 

 

Year 
Tercile 
forecast 

Perfect 
forecast 

Imperfect 
Forecast Pessimistic AB Optimistic AB Historical 

1981 1010.6 872.3 886.3 886.3 886.3 900.2 
1982 1420.6 1440.0 1440.0 1440.0 1440.0 1435.5 
1983 329.6 299.9 282.8 110.0 217.9 329.6 
1984 1049.1 1067.0 1067.0 848.7 1001.3 1049.1 
1985 1230.8 1086.3 1101.0 1101.0 1101.0 1115.8 
1986 1505.0 1553.6 1590.7 1590.7 1590.7 1609.4 
1987 1726.9 1658.4 1658.4 1658.4 1658.4 1726.9 
1988 1623.6 1675.1 1675.1 1550.5 1649.2 1623.6 
1989 424.8 261.0 277.4 277.4 277.4 293.7 
1990 1223.4 1199.6 1211.4 1211.4 1211.4 1176.0 
1991 620.6 610.0 610.0 610.0 610.0 620.6 
1992 1379.7 1371.1 1375.5 1375.5 1375.5 1366.5 
1993 1571.5 1530.0 1550.7 1550.7 1550.7 1571.5 
1994 740.2 731.5 697.7 697.7 697.7 714.0 
1995 1419.3 1452.7 1452.7 1259.2 1396.1 1419.3 
1996 1608.3 1621.2 1614.7 1614.7 1614.7 1608.3 
1997 1336.0 1358.7 1358.7 1358.7 1358.7 1420.3 
1998 -111.0 -111.0 -111.0 62.9 -61.9 -208.3 
1999 226.9 226.9 226.9 437.8 306.3 115.1 
2000 -51.7 -51.7 -51.7 149.1 19.7 -167.4 
2001 1335.6 1300.2 1318.0 1318.0 1318.0 1335.6 
2002 1658.8 1653.0 1653.0 1653.0 1653.0 1635.2 
2003 1220.4 1195.2 1183.7 1183.7 1183.7 1173.1 
2004 1505.3 1456.3 1488.9 1488.9 1488.9 1505.3 
2005 2006.2 2033.2 2059.8 2059.8 2059.8 2056.6 
2006 560.7 520.0 547.2 547.2 547.2 560.7 
2007 1077.3 1077.3 1077.3 856.4 979.8 1195.2 
2008 1258.8 1099.3 1258.8 1097.9 1305.0 1131.1 

EVa 1103.8 1078.1 1089.3 1071.3 1087.0 1082.6 
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Table D-3: Gross margins for Bambaroo yellow chromosol soil. Rr=0 ($/ha). 
Constant price. 

aExpected Value 
 

 

 

 

 

 

Year 
Tercile 
forecast 

Perfect 
forecast 

Imperfect 
Forecast Pessimistic AB Optimistic AB Historical 

1981 434.4 434.4 426.8 426.8 426.8 419.3 
1982 1147.6 1147.6 1092.8 1092.8 1092.8 1252.8 
1983 -813.6 -813.6 -813.6 -885.8 -835.1 -770.9 
1984 1380.3 1380.3 1380.3 1069.0 1400.6 1339.6 
1985 1445.2 1445.2 1451.2 1451.2 1451.2 1457.1 
1986 301.9 301.9 301.9 301.9 301.9 301.9 
1987 1678.2 1675.5 1646.4 1646.4 1646.4 1678.2 
1988 1285.4 1285.4 1285.4 1213.9 1307.7 1240.6 
1989 496.8 496.8 480.2 480.2 480.2 463.7 
1990 -276.9 -341.6 -257.8 -257.8 -257.8 -320.2 
1991 -447.9 -460.2 -460.2 -460.2 -460.2 -447.9 
1992 1017.8 1063.7 1017.8 1017.8 1017.8 1017.8 
1993 1768.8 1721.5 1722.7 1722.7 1722.7 1723.2 
1994 51.6 86.3 40.9 40.9 40.9 51.6 
1995 1136.8 1136.8 1136.8 779.1 1156.3 1097.5 
1996 1390.6 1402.3 1396.3 1396.3 1396.3 1390.6 
1997 -227.9 -227.9 -227.9 -227.9 -227.9 -227.9 
1998 -40.9 -40.9 -40.9 -41.0 -33.9 -51.7 
1999 457.8 457.8 457.8 619.0 476.3 420.6 
2000 -680.9 -680.9 -680.9 -623.1 -672.1 -698.8 
2001 1254.5 1235.4 1236.8 1236.8 1236.8 1254.5 
2002 -269.1 -269.1 -268.8 -268.8 -268.8 -273.2 
2003 -69.0 -96.8 -83.3 -83.3 -83.3 -70.0 
2004 703.3 617.6 681.8 681.8 681.8 660.4 
2005 1341.5 1341.5 1345.7 1345.7 1345.7 1349.8 
2006 545.8 545.8 583.0 583.0 583.0 596.2 
2007 383.6 383.6 383.6 213.9 393.0 421.7 
2008 1877.3 1877.3 1877.3 1481.0 1896.1 1839.4 

EVa 616.9 610.9 611.1 569.7 614.8 611.3 
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Table D-4: Gross margins for Bambaroo red dermosol soil ($/ha). Rr=0. Constant 
price. 

aExpected Value 
 

Year 
Tercile 
forecast 

Perfect 
forecast 

Imperfect 
Forecast Pessimistic AB Optimistic AB Historical 

1981 136.1 116.8 107.1 107.1 107.1 107.1 
1982 2184.7 2214.9 2214.9 2214.9 2214.9 2273.5 
1983 -352.9 -294.5 -352.9 -815.0 -616.4 -265.5 
1984 1649.9 1649.9 1649.9 1407.6 1631.3 1612.5 
1985 1630.4 1606.8 1595.1 1595.1 1595.1 1595.1 
1986 118.3 48.5 83.2 83.2 83.2 83.2 
1987 1443.8 1466.0 1466.0 1466.0 1466.0 1489.4 
1988 1905.5 1905.5 1905.5 2102.9 2163.3 1817.5 
1989 243.4 215.0 200.8 200.8 200.8 200.8 
1990 -149.8 -212.6 -167.2 -167.2 -167.2 -213.6 
1991 -33.5 -75.9 -75.9 -75.9 -75.9 -54.6 
1992 1949.5 1923.7 1871.8 1871.8 1871.8 1910.7 
1993 2364.7 2388.2 2406.2 2406.2 2406.2 2406.2 
1994 409.5 486.1 462.1 462.1 462.1 462.1 
1995 1808.0 1808.0 1808.0 1767.8 1902.8 1728.9 
1996 1845.5 1874.8 1889.1 1889.1 1889.1 1889.1 
1997 -129.7 -119.1 -119.1 -119.1 -119.1 -86.9 
1998 -453.5 -453.5 -453.5 -304.2 -384.6 -476.3 
1999 75.0 75.0 75.0 330.7 190.5 37.0 
2000 -657.6 -657.6 -657.6 -467.1 -564.2 -687.1 
2001 1494.8 1473.7 1463.0 1463.0 1463.0 1463.0 
2002 329.1 321.0 321.0 321.0 321.0 295.8 
2003 850.1 952.2 931.9 931.9 931.9 931.9 
2004 1469.1 1402.3 1435.8 1435.8 1435.8 1435.8 
2005 2442.7 2415.2 2385.0 2385.0 2385.0 2385.0 
2006 99.3 113.1 154.5 154.5 154.5 154.5 
2007 506.7 506.7 506.7 114.9 291.3 511.7 
2008 1834.4 1812.5 1834.4 1445.9 1747.0 1801.5 

EVa 893.3 891.5 890.7 864.6 892.4 886.0 
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