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Abstract

Our increasing understanding of the underlaying mechanisms responsible for climate variability and
change means that some of these impacts are now predictable, although the extend of predictability
remains hotly debated amongst scientists. Decision influenced by climate knowledge need to be made at a
range of time scales, hence climate research efforts are directed towards investigating phenomena such as
the Madden-Julian Oscillation (MJO; 30-60 days), El Nifio - Southern Oscillation (ENSO) related
variability (2 - 10 years), decadal / multi-decadal climate variability and climate change. The challenge is
to further increase our understanding of causes and consequences of climate variability and change to
achieve two key outcomes: a) policies suitable for multi-goal objectives resulting in rapid and substantial
societal benefits and b) risk management strategies that reduce vulnerability for individuals and
businesses.

Farm risk management needs to be seen within the wider societal context: Decisions made at a point in
the landscape have implications downstream. Hence, environmental and societal risks (e.g. run-off,
drainage, erosion, salinity, nutrient / pesticide movements, health impacts, employment etc) need to be
considered and quantified. This requires the ability to effectively consider multi-goal objectives through
the evaluation of alternative action outcomes. In this context, quantitative agricultural systems analysis
via systems simulation models is an essential tool to provide objective information on which to base such
decisions. In order to address issues of climate variability and change, these agricultural systems models
require environmental input data — and specifically climate data — that reflects the current state of play in
climate science. Statistical climate forecasts as well as forecasts based on coupled ocean/atmosphere
models (GCMs) will play an increasingly important role in agricultural risk management.

Media Summary
Probabilistic forecasts of climate variability ranging from inter-seasonal to climate change can assist in
multi-goal decision-making, leading to better agricultural policies and on-farm risk management.
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Background / Introduction

Climate can be one of the biggest risk factors impacting on agricultural systems performance and
management. Extreme climate events such as severe droughts, floods, or temperature shocks often
strongly impede sustainable agricultural development, particularly in the tropics and sub-tropics. Factors
such as climate variability and change contribute to the vulnerability of individuals, businesses,
communities and regions. The climate impact on agricultural production also affects food security and
exacerbates environmental degradation (Selvaraju et al., 2004).

Recent climate research efforts have demonstrated that targeted and appropriately conceptualised climate
knowledge (including seasonal climate forecasting and scenario analyses) can increase overall
preparedness of farmers, agribusiness managers and policy makers, hence leading to better social,
economic and environmental outcomes (Hammer et al., 2000; Glanz, 2003). To better manage against this
background of climate variability and change requires (a) an understanding of the climate system (termed
here “‘climate knowledge’) and (b) the ability to change the way we currently manage agricultural systems
(Hammer et al., 2000; Selvaraju et al., 2004).
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Here, our aim is to explore some of the ‘limits of predictability’ as a means to prioritise future, applied
climate research and to discuss how our limited and uncertain climate knowledge might facilitate
improved risk management. To assist readers in understanding the unfamiliar nomenclature of climate
science, we have provided a short glossary of terms in the appendix. Any terms defined in this glossary
are indicated using hyperlinks throughout the text.

How predictable is our climate?

Although improving climate prediction is at the core of most climate research efforts, from an agricultural
perspective, future climate is just one of many unknown risk factors. While skilful forecasting helps to
reduce uncertainty, it is rarely the only information that determines a course of action. This simple fact is
often overlooked when issues of relevance or adoption are discussed.

It is beyond the scope of this paper to comprehensively review the extensive literature on the
predictability of climate. Instead, we will briefly explore predictability at different timescales and suggest
areas of priority for climate research that we consider pertinent to improve crop risk management.

Although climate variability is the consequence of an intrinsically non-linear, deterministically chaotic
system, we can understand and predict (to a limited extent) aspects of this system and its behaviour.
However, there are limits to what can be predicted and better understanding of these limits will not only
help us to focus on what might be achievable, it will also help us to determine how best to use the
valuable, but uncertain knowledge that we can gain about our future climate.

Two factors that impose limits on predictability of future climate states need to be distinguished: (a)
uncertainty in initial conditions, including uncertainties about boundary conditions (as in the case of
climate change) and (b) errors associated with, and gaps in, observational measurements and limitations
of climate models, including the parameterisation of physical processes (Smith, 2000; Hasselmann,
2002). Hence, we can say a priori that for real, physical systems such as the earth’s climate, no perfect
model exists (and never will). Consequently, we will always be restricted to probabilistic forecasting,
since no accountable forecast system will be able to provide a credible, single outcome prediction or a
deterministic forecast.

Further, given (a) the low signal to noise ratio associated with measurements that characterise the climate
state, (b) the possibility of stochastic forcing, (c) the existence of stochastic resonance and (d) the possible
existence of bifurcation points, which are typical for non-linear, deterministically chaotic systems (Cane,
2000; Ganopolski and Rahmstorf, 2002; Hasselmann, 2002; Stewart, 2003), we need to question whether
accountable probability forecast is even a viable goal. Smith (2000) argues that it might not, but concedes
in some instances we will be able to decrease uncertainties and refine our probabilistic forecasts. Hence,
the best climate science will be able to provide to improve agricultural risk management are sound
forecast trajectories. This immediately raises several key issues: (a) how are such trajectories best
derived, (b) how should the information and knowledge gained be communicated and (c) how can we
ensure that this knowledge will make a positive contribution to agricultural risk management?

Climate variability relevant to agricultural management occurs at a range of frequencies or time scales,
ranging from intra-seasonal, inter-seasonal, decadal, multi-decadal to climate change (Donald et al., 2004;
Meinke and Stone, 2004; Potgieter et al., 2004b). Spectral variability in time series of open systems is a
consequence of (a) specific forcing mechanisms and (b) long-term irregular behaviour caused by the
fractal dimension and associated strange attractors of that system resulting in ‘deterministic chaos’ (Ghil
et al., 2002). This means that identifying a specific frequency of variability is important, particularly from
an agricultural management perspective, but it does not imply either an underlying driving mechanism
nor that such periodicity will ever be predictable (Meinke et al., 2004). However, it is an important first
step in analysing variability (Power et al., 2004). Here we focus on the high and low frequency end of the
time scales relevant to risk management and specifically consider the Madden-Julian Oscillation (MJO;
Madden and Julien, 1972; high frequency phenomenon) and climate change (low frequency
phenomenon).
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Identifying climate variability and climate change

In order to identify spectral peaks in recorded monthly climate records, we have chosen an advanced,
non-parametric statistical method for spectral estimation of noisy time series that may contain broadband
variability (multi-taper method, MTM). By averaging over small ensembles of spectra obtained by the
multitapers, MTM is less heuristic than traditional non-parametric techniques and therefore yields better
and more stable estimates with lower variance than single-taper methods (Mann and Park, 1999; Ghil et
al., 2002). MTM’s non-parametric nature avoids inaccurate assumptions about the underlying data
structure. The method is suitable for auto-correlated, non-stationary data and phenomena, such as ENSO
and climate change, which may contain a mix of time-domains. It is suited to data that are likely to
contain strong interactions between processes operating at different frequencies (Ghil et al., 2002;
Hasselmann, 2002; Fraedrich and Schénwiese, 2002) and identifies spectral peaks with a higher
resolution and greater confidence than other methods.

Our analyses (Fig. 1) show typical ‘red noise’ patterns (i.e. random variability at lower frequencies) in
monthly data of minimum and maximum temperatures for a location in Australia (Emerald 23°S, 148°E)
and another in Uruguay (La Estanzuela 34°S, 57°W). At Emerald there are at least two frequencies that
clearly dominate and can be associated with corresponding phenomena at that frequency, while at La
Estanzuela only one frequency dominates, regardless of the arbitrarily chosen level of significance
(Nicholls, 2001). At Emerald the first significant frequency is a spectral peak at around 0.015 (0.021)
cycles month™ for minimum (maximum) temperatures broadly corresponding to the ENSO frequency
(Allan, 2000), while the second, low frequency response is a linear trend in both minimum and maximum
temperatures. Data from La Estanzuela shows only one significant peak at the lowest frequency for
minimum temperatures (Fig. 1). These low frequency peaks can be regarded as a “‘signature’ of climate
change (Mann and Park, 1999). The trends observed for Emerald are consistent with the Australia-wide
analysis of temperature trends conducted by the Australian Bureau of Meteorology (Power et al., 1998).
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Figure 1. MTM analysis of monthly minimum and maximum temperatures at Emerald, Australia (left) and
La Estanzuela, Uruguay (right) for frequencies < one year. Peaks that protrude above the smooth top line are
significant at the 99% level. Peaks at the very left side of the diagrams indicate a quasi-linear, non-stationary
trend and are indicative of climate change (i.e. a statistical ‘signature’ of climate change).

It is easier to identify periodicity in temperatures than in rainfall because of the more homogenous nature
of temperature data. Rainfall data, particularly at monthly frequencies and higher, has both discrete and
continuous properties (i.e. either rain or no rain, with varying rainfall amounts) and can be very seasonal.
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The problem could be addressed through applications of Generalised Linear Model techniques (e.g.
Tweedie distribution; Lennox, 2003) and requires further investigation. In our case the MTM analysis of
rainfall data did not reveal any obvious periodicity beyond red noise at either location, in spite of a strong
ENSO signal that is known to impact on rainfall at both locations (Fig. 2).
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Figure 2. MTM analysis (frequency < 1 year) for monthly rainfall at Emerald, Australia (left) and La
Estanzuela, Uruguay (right).

This highlights that although methods such as MTM are useful, they are only first-cut approaches towards
a better understanding of temporal variability. In fact, Ghil and Yiou (1996) argue that multiple statistical
approaches are needed to shed more light on mechanisms behind the (poorly) observed oscillations (e.g.
wavelet analysis, Torrence and Webster, 1999; Arneodo et al., 2002). Not detecting a certain trend in a
particular climate variable does not imply that there is no relevant variability occurring at that time scale
(e.g. Fig. 2 versus work by Pittock, 1975, on Australian rainfall trends). Conversely, a spurious spike at a
particular frequency can be inconsequential for agricultural systems management. At this stage, systems
analytical thinking becomes critical: For instance, knowing that there are significant trends in
temperatures globally raises many questions for agricultural practice. An obvious one is: what are the
implications for frost risk in wheat, as the date of the last frosts limits the opportunities for early-maturing
crops that would otherwise mature under milder conditions? Fig. 3 shows that the average frost risk
period at Emerald (La Estanzuela) has been reduced from 80 (110) days in 1900 to 17 (67) days in 2000.
At Emerald, wheat is now sown earlier than in the 1950s and maturity types have already been adapted
accordingly (Howden et al., 2003). This shows that quantifying management and policy relevant impacts
of climate change at local levels must be a priority in order to improve agricultural risk management
practices.
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Figure 3. Changes in the dates of first and last frost at Emerald (Australia) and La Estanzuela (Uruguay)
during the last century, expressed as a screen temperature of 2°C or lower.

Bridging the weather/climate divide - the Madden-Julian Oscillation

We can identify the key oceanographic and/or atmospheric processes that are responsible for much of the
observed variability at most frequencies. At the low frequency end, climate change, as a consequence of
increases in atmospheric concentration of greenhouse gasses, is detectable, while at the 2-10 year
timescale, ENSO — the most researched of all climate phenomena — is globally dominant. At high, intra-
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seasonal frequencies, the Madden-Julian Oscillation (MJO) explains a significant proportion of the
measured variability in the Indo-Pacific domain and has significant, untapped potential to improve
tactical risk management in agricultural systems (Waliser et al., 2003; Donald et al., 2004).

The MJO is a large-scale, intraseasonal, tropical atmospheric anomaly that originates at more or less
regular intervals (30 to 60 days) in the Indian Ocean and propagates eastward at speeds of 5-10 ms™. It
sits at the interface between the prognostic approaches of synoptic weather forecasting (up to 10 days
with rapidly declining skill after 5 days) and seasonal climate forecasting. In its active phase, the MJO is
associated with convection and rainfall, particularly over India, the Maritime Continent and Northern
Australia. The position of the active phase can be determined through measurements of outgoing long-
wave radiation. Based on such measurements, 8 possible MJO phases have be determined from the
analyses of various modes of coherent synoptic to intraseasonal zonally-propagating tropical variability
indices, involving Fourier filtering of a global dataset for the specific zonal wavenumbers and frequencies
of each of the phenomena (Wheeler and Weickmann, 2001). Recently, we have shown for Australia that
the MJO’s impacts extend well into subtropical and even temperate regions via yet to be quantified
teleconnections, as evident in large-scale, causally linked synoptic patterns (Donald et al., 2003). For
example, in January/February 2004 the passage of the MJO brought substantial, drought-breaking rain
and low temperature anomalies to most of NE Australia (Queensland and parts of Northern NSW; Fig. 4).

Figure 4. Satellite image, taken on 2 February 2004, of MJO-associated convection in the tropics and induced
higher latitude instability over Eastern Australia (corresponding to “MJO Phase 4’ in Fig. 5, centre). This
event brought substantial, drought-breaking rain to many parts of Eastern Australia.
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Figure 5. MJO impact evident in long-term rainfall records from recording stations (Australia: Jeffrey et al.,
2001; India: data obtained from NOAA, National Climatic Data Center under the WMO World Weather
Watch Program). Blue (red) indicates significant increases (decreases) while grey indicates no significant
difference in rainfall distributions, depending on the location of the active phase of the MJO. Top row,
Australia: phase 1 (left; either a decaying event in the E Pacific or the origin of a new event in the western
tropical Indian Ocean, 40-60°E), phase 4 (centre; MJO active phase over the Maritime Continent, 100-120°E)
or phase 5 (right; 120-140°E), respectively. Bottom row: Similar analysis for Indian rainfall station for MJO
phase 1 (left) and phase 7 (right, 160-180°E).

Our statistical analysis suggests that the MJO influences, via teleconnections, rainfall patterns right across
Australia and India (Fig. 5). The exact nature of these teleconnections, their geographic extent and their
synoptic manifestations are currently being investigated. For Australia, Fig. 5 suggests that during a
decaying or a newly developing MJO event (phase 1), subsiding air over NE Australia might reduce the
chances of rain in that region. When the active MJO centre reaches the Maritime Continent (phase 4), it
can interact with monsoonal systems and provide favourable conditions for the development of broad,
frontal rain, followed by synoptic conditions that favour higher latitude, low pressure fronts following in
the wake of the MJO, resulting in increased chances for rain across Australia’s southern states. Similar
analyses are now being conducted for other parts of the world where the MJO has significant impact
(Vecchi and Bond, 2004). Better forecasting the frequency and timing of MJO events and associated
weather impacts would allow better planning of key tactical decisions such as sowing opportunity
prediction, disease management, harvest scheduling, irrigation scheduling, product quality management,
marketing and the use of weather derivatives.

Statistical approaches and numeric modelling

Strong interactions between climate drivers across timescales via atmospheric and oceanographic
teleconnections — a key feature of climate’s non-linearity — prevent us from using weak-interaction
methods to develop a generally accepted ‘closure theory of climate’, making it impossible to create from
first principles a set of closed equations for the evolution of climate states (Hasselmann, 2002).
Consequently, climate scientists have tackled the issue using two fundamentally different approaches:
either by statistical methods (as we have done here for the analyses of climate change and MJO impacts)
or through the development and use of numerical climate models (i.e. ocean and/or atmospheric models
or coupled Global Circulation Models, GCMSs). Any internet search will yield a plethora of forecasts
based on both approaches.

Statistical forecasting is valuable and sound, providing there is an a priori understanding of the drivers
that give rise to the prediction in the first place. In addition to this theoretical understanding, statistical
forecasting requires sound observational data (both spatially and temporally), suitable statistical
techniques to quantify the relationships between variables (‘signal intensity’, Maia et al., 2004) and sound
judgement to limit the number of predictors to avoid, as much as possible, the occurrence of artificial skill
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(Drosdowsky and Allan, 2000). Artificial skill is the apparent hindcast skill in statistical forecasting
schemes that does not survive when the forecasting scheme is applied in real time to new or independent
data. It arises when statistical models are over-parameterised using a number of cross-correlated
predictors or when a multitude of possible, statistical forecasting schemes are employed and ‘best’
performing schemes are selected on the basis of some test statistics, rather than first principles (Meinke et
al., 2003). Countless seasonal forecasting schemes based on multiple regression techniques have been
developed. Many of them rely on a rather limited understanding of the underlying dynamics and are
hence unlikely to stand up to a rigorous elimination of artificial skill.

However, in regards to ENSO-related variability, statistical forecasting is possible due to our
comprehensive understanding of the ENSO lifecycle (e.g. Nicholls and Wong 1991; Stone et al., 1996, to
cite just a few). This understanding of the fundamental ENSO drivers, coupled with easily measurable
ocean and climate variables that index the overall state of the ENSO system (e.g. anomalies in sea surface
temperatures, SST, and the Southern Oscillation Index, SOI) have prompted the development of statistical
forecast systems that are now used operationally in many parts of the world. Most of these forecasts have
at least been influenced by researchers such as Nicholls (e.g. 1983), McBride and Nicholls (1983),
Ropelewski and Jones (1987) and Drosdowsky and Chambers (1998), although the latter, due to its near
global nature of the analysis, also contains non-ENSO related SST anomalies as a basis for the forecast.

The need to convert climate forecasts into alternative decision options with the assistance of dynamic
agricultural models such as APSIM (Keating et al., 2003) has lead to the wide-spread adoption of
forecasts that can provide ‘analog years’. Such forecasts allow historical climate records to be partitioned
into ‘year- or season-types’ based on concurrently prevailing ocean and atmospheric conditions (i.e. SOI
and/or SST anomalies), resulting in SOI phases (Stone et al., 1996) or ENSO phases (e.g. Hill et al.,
2000; Potgieter et al., 2004). Current conditions can then be assigned to a particular category and
compared to other categories in order to assess the probabilistic performance of the managed system in
question (Maia et al., 2004). This is an easy and convenient way of connecting climate forecasts with
biological models that only requires historical weather records. The method has been used extensively
throughout the world and has provided valuable information for many decision makers (e.g. Messina et
al., 1999; Meinke and Hochman, 2000; Nelson et al., 2002; Podesta et al., 2002).

To our knowledge there are currently no new statistical, ENSO-centric forecast systems on the horizon
that clearly outperform existing techniques. Further, dynamic modelling approaches are still struggling to
surpass the forecast skill of statistical techniques, providing some indirect, corroborating evidence that at
least for the ENSO time scale we might be approaching the limits of predictability, limits which are
determined by sparse observational data, the chaotic nature of the climate system and stochastic forcing
(Cane, 2000). These limitations are not necessarily insurmountable should new data sources or novel
approaches become available in the future. However, there remains more scope to improve our statistical
forecasting techniques at frequencies that are distinctly different from ENSO and that rely on
fundamentally different climate drivers as we tried to indicate earlier using examples from the high and
low frequency end of the climate variability spectrum (e.g. MJO and climate change), respectively.

Typically, statistical methods do not account for dynamic interactions between distinctly different climate
phenomena (e.g. such as MJO and ENSO). Hence, it is generally expected that dynamically coupled
climate models (GCMs) will eventually provide much improved forecast skill. One of many unresolved
issues concerning the application of GCM based forecasts are the methods used to derive probabilistic
forecasts. Allen and Stainforth (2002) criticise the probabilistic outputs generated by GCMs through
altering initial and boundary conditions without explicitly accounting for the climate’s response. They
argue that climate forecasts are intrinsically five-dimensional, spanning space, time and probability. This
will require more attention to formal uncertainty analyses including much more rigorous sensitivity
testing including many more elaborate ensemble runs before reliable probabilistic trajectories of future
climate states can be provided.

A further issue that requires urgent attention is the ‘connectivity problem’ between GCM output,
agricultural decision tools and agricultural simulation models. While GCM output is sometimes used to
inform the policy process, it needs to be ‘converted’ in some form before it can be used operationally with
risk management models. For meaningful decision analyses, rigorous and transparent methods must be

© 2004 "New directions for a diverse planet”. Proceedings of the 4th International Crop Science Congress, 7
26 Sep — 1 Oct 2004, Brisbane, Australia. Published on CDROM. Web site www.cropscience.org.au



applied to convert large, grid GCM output into something akin to point scale, daily weather station data.
There are no agreed method to achieve this, which explains why GCMs do not yet contribute substantially
to operational risk management. The use of higher resolution regional climate models initialised from
GCM data is considered an option, but statistical properties of these data usually differ considerably from
the observed historical climate records, requiring further manipulation (Bates et al., 1998; Wood et al.,
2004). Other approach may include (2) application of a statistical clustering process to GCM forecast
output (hindcasts) in order to derive analog years or seasons suitable for input into agricultural simulation
models (Timbal and McAvaney, 2001); (b) use of weather classification schemes (Charles et al., 1999;
Huth, 2000); and (c) use of regression models for continuous atmospheric circulation indices, geographic
location and topographical variables (Wilby et al., 1998) and artificial neural networks (Crane and
Hewitson, 1998). Alternatively, GCM output can be used to establish climate trends, with these trends
then used to modify historical climate records for use with biological models. This approach is often
taken when the impact of climate change on agricultural systems is to be assessed (e.g. Reyenga et al.,
1999; Howden et al., 2001). While there are several plausible solutions to solve this connectivity problem,
there are no agreed methods to achieve this, in spite of the millions have been invested in GCM
development. To address this imbalance, R&D investment is now urgently required to connect GCM with
risk management tools. This work is essential to unlock the potential of GCMs so that they can be used
operationally in management decisions.

Acknowledgements
This research was partly supported by DPI&F, CSIRO, GRDC, CRDC, APN and LWA.

References

Allan, R.J., 2000. ENSO and climatic variability in the last 150 years. In: Diaz, H.F. and V. Markgraf
(eds), EI Nifio and the Southern Oscillation: Multiscale variability and its impacts on natural
ecosystems and society. Cambridge University Press, Cambridge, UK, p. 3-55.

Allen, M.R. and Stainforth, D.A., 2002. Towards objective probabilistic climate forecasting. Nature 419,
228.

Arneodo, A., Audit, B., Decoster, N., Muzy, J-F. and Vaillant, C., 2002. Wavelet based multifractal
formalism: applications to DNA sequences, satellite images of the cloud structure, and stock market
data. In: A. Bunde, J. Kropp and H.J. Schellnhuber (eds). The Science of Disasters, Springer, Berlin,
2002, pp. 27-102.

Bates, B.C., Charles, S.P. and Hughes, J.P., 1998. Stochastic downscaling of numerical climate model
simulations. Environmental Modelling and Software, 13, 325-331.

Cane, 2000. Understanding and predicting the world’s climate system. In: Hammer, G.L., Nicholls, N.,
Mitchell C., (eds.). Applications of seasonal climate forecasting in agriculture and natural ecosystems:
The Australian experience; Kluwer Academic Publishers, Dordrecht, The Netherlands, p.29-50.

Charles, S.P., Bates, B.C. and Hughes, J.P., 1999. A spatio-temporal model for downscaling precipitation
occurrence and amounts. J. Geophysical Research, 104(D24), 31657-31669.

Crane, R.G and Hewitson, B.C. 1998. Doubled CO, precipitation changes for the Susquehanna basin:
down-scaling from the GENESIS general circulation model. International Journal of Climatology, 18,
65-76.

Donald, A., Ribbe, J., Stone, R., Wheeler, M., Meinke, H., Harris, G. and Power, B., 2003. Using real-
time multivariate Madden Julian Oscillation indices to predict rainfall in Queensland. Southern
Hemisphere Meteorology and Ocean meeting, March 2003, Wellington, New Zealand.

Donald, A., Meinke, H., Power, P., Wheeler, M. and Ribbe, J., 2004. Forecasting with the Madden Julian
Oscillation and the applications for risk management. These proceedings.

Drosdowsky, W. and Chambers, L.E., 1998. near global sea surface temperature anomalies as predictors
of Australian seasonal rainfall. BMRC Research Report No. 65, Bureau of Meteorology, Melbourne.

Drosdowsky, W. and Allan, R., 2000. The potential for improved. Statistical seasonal climate forecasts.
In: Hammer, G.L., Nicholls, N., Mitchell C., (eds.). Applications of seasonal climate forecasting in
agriculture and natural ecosystems: The Australian experience. Kluwer Academic Publishers,
Dordrecht, The Netherlands, p. 77-88.

© 2004 "New directions for a diverse planet”. Proceedings of the 4th International Crop Science Congress, 8
26 Sep — 1 Oct 2004, Brisbane, Australia. Published on CDROM. Web site www.cropscience.org.au



Fraedrich, K. and Schénwiese, C.D., 2002. Space-time variability of European Climate. In: A. Bunde, J.
Kropp and H.J. Schellnhuber (eds). The Science of Disasters, Springer, Berlin, 2002, pp. 107-139.

Ganopolski, A. and Rahmstorf, S., 2002. Abrupt glacial climate changes due to stochastic resonance.
Physical Review Letters, 8803: 8501.

Ghil, M. and Yiou, P., 1996. Spectral methods: what they can and cannot do for climatic time series. In:
Anderson, D. and Willebrand, J. (eds.). Decadal Climate Variability: Dynamics and Predictability,
Elsevier, p. 445-481.

Ghil, M., Allen, M.R., Dettinger, M.D., Ide, K., Kondrashov, D., Mann, M.E., Robertson, A.,W.,
Sounders, A., Tian, Y., Varadi, F. and Yiou, P., 2002. Advanced spectral methods for climatic time
series, Rev. Geophysics, 40, 1-41.

Glanz, M., 2003. Climate Affairs — A Primer. Island Press, Washington, USA, 291pp.

Hammer, G.L., Nicholls, N., Mitchell C., (eds.): 2000, Applications of seasonal climate forecasting in
agriculture and natural ecosystems: The Australian experience. Kluwer Academic Publishers,
Dordrecht, The Netherlands, 469 pp.

Hasselmann, K., 2002. Is climate predictable? In: A. Bunde, J. Kropp and H.J. Schellnhuber (eds). The
Science of Disasters, Springer, Berlin, 2002, pp.142-1609.

Hill, H.S.J., Park, J., Mjelde, J.W., Rosenthal, W., Love, H.A and Fuller, S.W., 2000. Comparing the
value of southern oscillation index-based climate forecast methods for Canadian and US wheat
producers. Agric. For. Met., 100, 261-272.

Howden, S.M., McKeon, G.M, Meinke, H., Entel, M. and Flood, N., 2001. Impacts of climate change and
climate variability on the competitiveness of wheat and cattle production in Emerald, north-east
Australia. Environment International, 27, 155-160.

Howden, S.M., Meinke, H., Power, B. and McKeon, G.M., 2003. Risk management of wheat in a non-
stationary climate: frost in Central Queensland. In: Post, D.A. (ed.) Integrative modelling of
biophysical, social and economic systems for resource management solutions. Proceedings of the
International Congress on Modelling and Simulation, July 2003, Townsville, Australia, pp 17-22.

Huth, R., 2000. A circulation classification scheme applicable in GCM studies. Theoretical and Applied
Climatology, 67, 1-18.

Jeffrey, S.J., Carter, J.0O., Moodie, K.M and Beswick, A.R.., 2001. Using spatial interpolation to construct
a comprehensive archive of Australian climate data. Environmental Modelling and Software, 16, 309-
330.

Keating, B.A., Carberry, P.S., Hammer, G.L., Probert, M.E., Robertson, M.J., Holzworth, D., Huth, N.I.,
Hargreaves, J.N.G., Meinke, H., Hochman, Z., McLean, G., Verburg, K., Snow, V., Dimes, J.P.,
Silburn, M., Wang, E., Brown, S., Bristow, K.L., Asseng, S., Chapman, S., McCown, R.L., Freebairn,
D.M. and Smith, C.J., 2003. An overview of APSIM, a model designed for farming systems
simulation. European Journal of Agronomy, 18: 267-288.

Lennox, S.M., 2003. A statistical approach to rainfall modelling, Honours dissertation, University of
Southern Queensland.

Madden, R.A. and Julian, P.R., 1972. Description of Global-Scale Circulation Cells in the Tropics with a
40-50 Day Period, J. Atmos. Sc., 29: 1109-1123.

Maia, A.H.N., Meinke, H. and Lennox, S., 2004. Mapping probabilistic forecast skill using p-values.
These proceedings.

Mann, M.E. and Park, J., 1999. Oscillatory spatiotemporal signal detection in climate studies: a multiple-
taper spectral domain approach. Adv. Geophysics, 41, 1- 131.

Meinke, H. and Hochman, Z., 2000. Using seasonal climate forecasts to manage dryland crops in northern
Australia. In: G.L. Hammer, N. Nicholls, and C. Mitchell (eds.), Applications of Seasonal Climate
Forecasting in Agricultural and Natural Ecosystems — The Australian Experience. Kluwer Academic,
The Netherlands, p. 149-165.

Meinke, H. and Stone, R.C., 2004. Seasonal and inter-annual climate forecasting: the new tool for
increasing preparedness to climate variability and change in agricultural planning and operations.
Climatic Change, in press.

© 2004 "New directions for a diverse planet”. Proceedings of the 4th International Crop Science Congress, 9
26 Sep — 1 Oct 2004, Brisbane, Australia. Published on CDROM. Web site www.cropscience.org.au



Meinke, H., Wright, W. Hayman, P. and Stephens, D., 2003. Managing cropping systems in variable
climates. In: Pratley, J. (ed), Principles of field crop production. Fourth Edition. Oxford University
Press, Melbourne, Australia, p. 26-77.

Meinke, H., deVoil, P., Hammer, G.L., Power, S., Allan, R., Stone, R.C., Folland, C. and Potgieter, A.,
2004. Terrestrial rainfall variability at decadal and longer time scales: signal or noise? J. Climate, in
press.

McBride, J.L. and Nicholls, N., 1983. Seasonal relationships between Australian rainfall and the southern
oscillation. Mon. Wea. Rev., 111, 1998-2004.

Messina, C.D., Hansen, J.W. and Hall, A.J., 1999. Land allocation conditioned on ENSO phases in the
Pampas of Argentina, Ag. Systems, 60, 197-212.

Nelson, R.A., Holzworth, D.P., Hammer, G.L. and Hayman, P.T., 2002. Infusing the use of seasonal
climate forecasting into crop management practice in North East Australia using discussion support
software, Ag Syst 74, 393-414.

Nicholls, N., 1983. Predictability of the 1982 Australian drought. Search, 14, 154-155.
Nicholls, N., 2001. The insignificance of significance testing. Bul. Am. Meteo. Soc, 81, 981-986.

Nicholls, N. and Wong, K.K., 1991. Dependence of rainfall variability on mean latitude and the Southern
Oscillation, J. Climate, 3, 163-170.

Pittock, A.B., 1975. Climatic change and the patterns of variation in Australian Rainfall, Search, 6, 498-
504.

Podesta, G., Letson, D., Messina, C., Rocye, F., Ferreyra, A., Jones, J., Llovet, I., Hansen, J., Grondona,
M. and O’Brien, J., 2002. Use of ENSO-related climate information in agricultural decision making in
Argentina: a pilot experience. Ag. Syst, 74, 371-392.

Potgieter, A.B, Hammer, G.L., Meinke, H., Stone, R.C., Goddard, L., 2004a. Spatial variability in impact
on Australian wheat yield reveals three putative types of EI Nifio, J. Climate, in press.

Potgieter, A., Meinke, H. and Doherty, A., 2004b. Likely impact of climate change on wheat and
sorghum production in Central Queensland. These proceedings.

Reyenga, R.J., Howden, S.M., Meinke, H. and McKeon, G.M., 1999. Modelling global change impacts
on wheat cropping in south-east Queensland, Australia, Environmental Software, 14, 297-306.

Ropelewski, C.F. and Jones, P.D., 1987. An extension of the Tahiti-Darwin southern oscillation index.
Mon. Wea. Rev., 115, 2161-2165.

Power, B., Meinke, H., deVoil, P., Lennox, S. and Hayman, P., 2004. Effects of a non-stationary climate
on wheat cropping systems in Northern NSW. These proceedings.

Power, S., Tseitkin, F, Torok, S., Lavery, B., Dahni, R. and McAvanery, B., 1998. Australian
temperature, Australian rainfall and the Southern Oscillation, 1910-1992. Aust. Met. Mag., 47, 85-
101.

Selvaraju, R., Meinke, H. and Hansen, J., 2004. Climate information contributes to better water
management of irrigated cropping systems in Southern India. These proceedings.

Smith, L.A., 2000. Disentangling uncertainty and error: on the predictability of nonlinear systems. In:
Mees, A. (eds), Nonlinear Dynamics and Statistics. Birkhauser, pp 31-64.

Stewart, 1., 2003. Regime change in meteorology. Nature, 422, 571-573.

Stone, R.C., Hammer, G.L. and Marcussen, T.: 1996, ‘Prediction of global rainfall probabilities using
phases of the Southern Oscillation Index’, Nature, 384: 252-55.

Timbal, B. and McAvaney, B.J., 2001. An analogue-based method to downscale surface air temperature:
application for Australia. Climate Dynamics, 17, 947-963.

Torrence, C. and Webster, P.J., 1999. Interdecadal changes in the ENSO-Monsoon System. J. of Climate,
12: 2679-2690.

Vecchi, G.A. and Bond, N.A., 2004. The Madden-Julian Oscillation (MJO) and northern high latitude
wintertime surface air temperatures. Geophys. Res. Lett., 31, L04104, doi:10.1029/2003GL018645.

Waliser, D.E., Lau, K.M., Stern, W. and Jones, C., 2003. Potential predictability of the Madden-Julian
Oscillation. Bulletin Am. Meteorol. Soc., 84, 33-50.

Wheeler, M. and Weickmann, K.M., 2001. Real-time monitoring and prediction of modes of coherent
synoptic to intraseasonal tropical variability. Monthly Weather Rev, 129, 2677-2694.

© 2004 "New directions for a diverse planet”. Proceedings of the 4th International Crop Science Congress, 10
26 Sep — 1 Oct 2004, Brisbane, Australia. Published on CDROM. Web site www.cropscience.org.au



Wilby R.L., Hassan, H. and Hanaki, K., 1998. Statistical downscaling of hydrometeorological variables
using general circulation model output. J Hydrology, 205, 1-19.

Wood, A.W., Leung, L.R., Sridhar, V. and Lettenmaier, D.P., 2004. Hydrological implications of
dynamical and statistical approaches to downscaling climate model outputs. Climatic Change, 62,
189-216.

© 2004 "New directions for a diverse planet”. Proceedings of the 4th International Crop Science Congress,
26 Sep — 1 Oct 2004, Brisbane, Australia. Published on CDROM. Web site www.cropscience.org.au

11



Appendix

Glossary for some climate science terms used in this article (indicated throughout the document using

hyperlinks).

Analog years

A cluster of years when oceanic and atmospheric conditions were the same or similar.

Artificial skill

The apparent hindcast skill that does not survive when the forecasting scheme is applied in
real time to new or independent data.

Bifurcation point

Changing control parameters of a linear process will result in this process to change
trajectory and to remain off track. In contrast, a non-linear, chaotic system, due to it’s
strange attractors, tends to return to its starting point. However, smoothly varying the
control parameter can result in abrupt systems changes once a threshold is exceeded. A
bifurcation point is reached when a qualitative change in an attractor's structure occurs in
response to a varied control parameter.

Deterministic forecasts

Non-probabilistic forecasts of either a specific category or particular value for either a
discrete or continuous variable. Deterministic forecasts fail to provide any estimates of
possible uncertainty, and this leads to less optimal decision making than can be obtained
using probabilistic forecasts. Sometimes (confusingly) referred to as categorical forecasts
in the earlier literature.

Forcing

‘Forcing’ describes control parameters that are used either as input into models of climate
systems or are known drivers of climatic processes (e.g. greenhouse gasses). For instance,
GCMs are often forced with observed sea surface temperatures in order to investigate
dynamic atmospheric responses to ocean temperatures. In time series, forcing can generate
transient artificial ‘predictability’ know as ‘on-off synchronization’. Hence any observed
‘predictability’ that cannot be conclusively linked to first principles will always entail at
least the possibility of artificial skill.

Forecast trajectories

Trajectories describe the expected future path of systems variables — they are an important
means for visualizing model output. A set of likely (possible) trajectories derived from
either the same forecast system using different starting conditions or several, different
forecast systems are referred to as a ‘plume’ of forecasts or ‘ensemble’ forecasts.

Fractal dimensions

The Hurst exponent (H) measures the fractal dimension (1/H) of a data series. A Hurst
exponent of 0.5 indicates white noise with a corresponding fractal dimension of 2
(effectively no autocorrelation). Higher values of H indicate an increasing presence of
autocorrelation. A time series with autocorrelation will have a fractal dimension between
1.0 and 2.0.

GCM A Global Circulation Model (GCM) is a computer simulation model of the earth's climate
used to predict future weather and climate patterns from present conditions and known
forcings.

Non-linear, The majority of natural phenomena are non-linear and often chaotic. Weather is a classical

deterministically
chaotic systems

example of a non-linear, deterministically chaotic system that is predictable only for short
times because the deterministic solutions depend very sensitively on initial conditions.
Due to temporal and spatial scaling climate is slightly less chaotic (hence more
predictable) than weather.

Open systems

Systems where energy is gained externally and dissipated internally (e.g. climate).

Probabilistic forecast

A forecast that specifies the future probability of one or more events occurring. The set of
events can be discrete (categorical) or continuous.

Signal to noise ratio

The ratio between the amount of variability explained by the deterministic components
versus the random variability that typically dominates non-linear, chaotic systems.

Signal intensity

The contribution of the classification system (i.e. “forecast’ system) to the overall
variability of the response variable, such as rainfall, temperature, yield, drainage, runoff.

Stochastic resonance

A phenomenon in which a non-linear, chaotic system is subjected to a weak periodic but
normally undetectable signal that becomes detectable due to resonances between the
deterministic signal and the stochastic noise.

Strange attractors

An attractor is ‘something’ to which that a system irreversibly evolves, if left undisturbed.
A strange attractor found in chaotic systems is a hon-periodic attractor that is characterized
by a set of coupled non-linear ordinary differential equations.

Teleconnections

The term used for energy transfer within the broad ocean/atmosphere system. It is a
‘communication mechanism’ by which usually independent weather and climate
phenomena can influence each other.
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