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Managing the risks of climate variability on crop production is central to ensuring ﬁnancially viable farming
systems and sustainable food production. Insurance provides a mechanism to manage and transfer climate risks.
However, traditional multi-peril crop insurance (MCPI) is often too expensive and so other methods, such as
index insurance, are being explored as a cheaper way to insure farmers against climate induced crop losses. Here
we investigate the potential ﬁnancial beneﬁts of index insurance (protecting against excessive rainfall) for
agricultural producers, namely sugar cane farmers in Tully, northern Australia. We used 80 years of historical
climate and yield data to develop an excessive rainfall index. The index was developed and tested using generalized additive regression models (allowing for non-linear eﬀects) and quantile regression, which allows relationships with lower quantiles (i.e. low yield events) to be assessed. From the regression models we derived
relationships between the excessive rainfall index and sugar cane yield losses that were converted to insurance
fair premiums (i.e. premiums that cover expected losses). Finally, we used eﬃciency analysis, based on
Conditional Tail Expectation (CTE), Certainty Equivalence of Revenue (CER) and Mean Root Square Loss
(MRSL), to quantify ﬁnancial beneﬁts to farmers if they purchased excessive rainfall index insurance. The regression model predicted sugar cane yields well (cross-validated R2 of 0.65). The eﬃciency analysis indicated
there could be ﬁnancial beneﬁt to sugar cane farmers if they were to use excessive rainfall index insurance. Index
insurance (based on the assumption of a fair premium) could make farmers better oﬀ by $269.85 AUD/ha on
average in years with excessive rainfall (i.e. years with rainfall over the 95th percentile). Index insurance could
oﬀer a viable method for managing the ﬁnancial risks posed by excessive rainfall for sugar cane producers in
northern Australia. We are not aware of any other study demonstrating the potential beneﬁts of excessive rainfall
index insurance in the literature, but our results suggest this type of insurance may be viable for sugar cane
producers, and other crops, in parts of the world where extreme rainfall poses a risk to the ﬁnancial sustainability of production.

1. Introduction
Climate variability is a key cause of crop losses and accounts for a
third of the variation in crop yields globally (Ray et al., 2015). Additional to threatening food security, crop yield losses from extreme climate variability undermine the ﬁnancial sustainability of agricultural
production (Odening and Shen, 2014). Insurance has been used to
manage yield losses, including climate induced losses for decades, but
faces several challenges (e.g. Goodwin, 2001). In many parts of the
world, full coverage of all losses (Multi-peril crop insurance or Namedperil crop insurance) is too expensive and unviable without subsidies
(Jensen and Barrett, 2016). In areas without subsidies the prohibitive

costs of MPCI mean that farmers rarely purchase this type of insurance
and thus remain exposed to signiﬁcant climate risks (Odening and Shen,
2014). Nonetheless, given that climate extreme events that decrease
yields are expected to become more prevalent under climate change it is
becoming more important for farmers to proactively manage climate
risks (Shannon and Motha, 2015). To address the low uptake of insurance and thus farmers’ high exposure to climate risks, index insurance products have been developed as a cost-eﬀective and eﬃcient
means of insuring against particular aspects of climate risk (Barnett and
Mahul, 2007).
Climate index insurance (also referred to as parametric, weather
index or index-based insurance) pays the holder of the insurance
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of insurance for agricultural producers. Increased extreme rainfall and,
speciﬁcally, an increased intensity of extreme daily rainfall events is
projected with high conﬁdence for our study area under climate change
(CSIRO, 2017). In the sugar cane producing areas of south-east Asia
(e.g. Thailand, Indonesia, Philippines) there are projections for increased rainfall (Chotamonsak et al., 2011) that could lead to excessive
rainfall-related yield losses suitable for insuring against using climate
indices as outlined in this paper. We also expect the general framework
and approach we outline to be applicable to investigating and insuring
excessive rainfall impacts on other crop types (e.g. Rosenzweig et al.,
2002; Hazell et al., 2010). The ﬁndings from this study are therefore of
relevance to policy makers and sugar cane producers globally and
especially in areas sensitive to periods of excessive rainfall. Speciﬁcally,
we ask whether excess rainfall index insurance is eﬃcient (i.e. beneﬁcial) to sugar cane farmers. We discuss the implications of our ﬁndings
for climate risk management.

contract when a certain value on an index (e.g. a percentile of rainfall)
is realized (Barnett and Mahul, 2007). Climate index insurance typically has cheaper premiums than yield based insurance or revenue
based insurance as it does not require expensive on-ground assessments
and limits moral hazard resulting from information asymmetries or
false reporting of losses (World Bank, 2007). The potentially cheaper
premiums that climate index insurance oﬀers mean that it may be a
widely acceptable and eﬀective way for farmers to transfer climate
risks. Despite its potential beneﬁts, uptake of climate index insurance is
often inhibited by signiﬁcant basis risk, limited perils, lack of technical
capacity, expertise, and data (Odening and Shen, 2014). Given this,
Odening and Shen (2014) argue that the development of eﬀective climate index insurance products faces many challenges requiring attention and collaboration from scientists, policy makers and industry.
Fundamental to the potential success of climate index insurance is
whether or not it is ﬁnancially beneﬁcial (or eﬃcient) to farmers at a
given premium. If a climate index insurance contract is not eﬃcient,
that is the farmer derives no ﬁnancial beneﬁt from the insurance, then
there may be little motivation to purchase the product (Vedenov and
Barnett, 2004). Alternatively, if climate index insurance is ﬁnancially
beneﬁcial for a farmer, then it could be a valuable part of how they
manage climate risks. Understanding whether a particular type of climate index could be beneﬁcial to producers is an essential part in the
development of viable insurance and essential for developing risktransfer strategies that could help farmers persist under variable climatic conditions.
In addition to ﬁnancial beneﬁts to growers, climate index insurance
(in combination with management changes) may also have the potential to enhance the resilience of growers to climate change (LinneroothBayer and Hochrainer-Stigler, 2015; Surminski et al., 2016). The Intergovernmental Panel on Climate Change (IPCC) argues that, coupled
with risk reducing measures, risk transfer options (i.e. insurance) will
be needed for eﬀective risk management under climate change (IPCC,
2012). Insurance, if well designed, thus has the potential to increase
agricultural resilience to climate ﬂuctuations and in doing so reduce
societal burden and government subsidies through the spreading of risk
(s) (Linnerooth-Bayer and Hochrainer-Stigler, 2015).
Sugar cane is a widely grown crop throughout the world and sensitive to climate variability (Everingham et al., 2012; Zhao and Li,
2015) and therefore a good candidate crop to explore the potential
development of index insurance. Sugar cane production is impacted by
multiple climate risks. At one extreme, drought and higher temperatures, which increase evaporation rates can reduce sugar cane yields
(e.g. Brazil, de Carvalho et al., 2015). At the other extreme, excessive
rainfall leading to water logging reduces growth and survival, and ultimately sugar cane crop yield (e.g. southern Florida, Gilbert et al.,
2008; Glaz and Lingle, 2012; India, Gomathi et al., 2015). Extreme
climatic events are likely to increase in intensity and frequency under
climate change (Easterling et al., 2000) with likely negative eﬀects on
sugar cane production (Zhao and Li, 2015). Consequently, climate
index insurance products could provide a valuable means of managing
and transferring risk for sugar cane farmers in parts of the world exposed to recurrent extreme drought and/or rainfall.
Climate risk, in particular excessive rainfall (deﬁned here broadly as
rainfall amounts ≥ 70th percentile that cause crop yield losses), is a
major risk to sugarcane production in northern Queensland, Australia.
Here we investigate the feasibility of an excessive rainfall index for
insuring sugar cane production. We use a long-term (80 year) yield and
climate dataset from Tully, northern Queensland, Australia. As a part of
the study, we also surveyed farmers’ perspectives about losses related to
production risks to ensure our results are consistent with their on-theground experiences.
To date most climate index insurance products have focused on
drought risks (but see Hazell et al., 2010), but with extreme rainfall
events predicted to increase under climate change, excessive rainfall
weather index insurance could become an increasingly important type

2. Materials and methods
2.1. Study area
The study was undertaken in the Tully sugar cane producing area of
northern Queensland, Australia (Fig. 1). The area is one of the most
important sugar cane producing areas in Australia with annual sugar
cane production of ca. 2.5 million tonnes per year (Tully Sugar Limited,
2017). The northern growing regions are predominantly a rain-fed
production system and, therefore, exposed to rainfall variation risks.
Tully, a major production area in northern Queensland, demonstrates
the high variability in rainfall that farmers have to manage. The highest
rainfall record in Tully was 7898 mm in 1950 and the lowest on record
2110.6 mm in 2002 (BoM, 2017).
2.2. Overview of analysis framework for assessing eﬃciency of climate
index insurance for sugar cane
The framework for developing and assessing the eﬃciency of climate index insurance used in the current study is outlined in Fig. 2. The
process comprises of 6 steps. First, is the construction of climate indices
and their integration with sugar cane yield data. Second, the dataset
was split randomly 70/30, so a model was built with a randomly selected 70% subset of the dataset (n = 56) and then tested on the remaining 30% of the dataset (n = 24). Third, regression models were
constructed using the build subset. As part of step 3 we also veriﬁed our
model results with on-ground farmer estimates of crop losses from excessive rainfall. Four, premiums and payouts were calculated based on
the regression model from step 3. Five, eﬃciency analysis of the index

Fig. 1. The Tully sugar cane region. Green areas are sugar cane cropping areas,
blue areas are water bodies. The labelled light grey area is the Tully Township.
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1. Collation and integration of yield to the rainfall
index
2. Randomly split dataset (70/30) into build and
testing subsets (i.e. n=56 and n=24)
3. Build generalised additive model (GAM) and quantile
regression models using the build subset of data
relating yield to the rainfall index.

3a. Verification of
model results with
farmer experiences of
sugar cane losses from
excessive rainfall

4. Calculate premiums and payouts for 70th to 95th
rainfall percentile (i.e. excessive rainfall) cover based
on predicted losses for each regression model

5. Evaluate out of sample efficiency (using testing
subset of the data) of the rainfall index contracts
6. Steps 2 to 5 repeated 1000 times and summary
statistics (e.g. mean, standard error) across all runs
calculated
Fig. 2. Schematic of the analysis framework for assessing the eﬃciency of climate index insurance for sugar cane producer insurance.

regression and generalized linear models that allow arbitrary nonlinear
transformations of the input variables to be ﬁt by the data (Gelman and
Hill, 2006). The Mgcv package (Wood, 2011) was used to ﬁt the GAM in
R (R Core Team, 2016). Sugar cane yields were modelled as a function
of rainfall and year of harvest. Year of harvest was included to account
for any temporal eﬀects (e.g. changes in technology, management and
production extent through time) (Verón et al., 2015). Including year in
the model implicitly detrended the yield data with yearly eﬀects not
constrained to be equal (Auﬀhammer et al., 2006; Verón et al., 2015).
The rainfall index was centred and detrended prior to model ﬁtting
(after Jewson and Brix, 2005; Gelman and Hill, 2006).
The regression model for the response variable (sugar cane yield)
yield at time i was ﬁt with a smooth eﬀect (f) for the rainfall index (RI)
and year,

based insurance was carried out on the out-of-sample testing subset of
the data. We restricted eﬃciency analysis to the 70th, 80th, 90th and
95th percentiles because these are the rainfall index percentiles that
correspond to excess rainfall that could lead to losses that a farmer
could consider purchasing insurance to protect against. Finally, the
process was repeated 1000 times so that the variability in the results
(i.e. premiums, payouts and eﬃciency) could be assessed. The six steps
are summarised below in Fig. 2.
2.3. Step 1: Collation and integration of yield and excessive rainfall index
data
Sugar cane yields were total sugar cane yields (tonne/ha) for each
year from 1930 to 2010 from the Tully sugar mill (Tully Sugar, 2011).
Climate data were obtained from the Tully sugar mill station (BoM,
2017). The sum of rainfall over the growing season (after Everingham
et al., 2016) was used to develop the insurance index. Price data were
from 1972 to 2010 and were consumer price index (CPI) corrected.
Details on variables and calculation methods are in Table 1.

yieldi = a + f (RIi ) + f (yeari ) + εi

(1)

σ 2)

Where yieldi ∼ N (μi , σ ) and εi ∼ N (0,
The model structure was kept simple so that it was transparent and
suitable for the purposes of investigating and developing a climate
index for insurance purposes. Complex models including numerous
predictors and intricate model structures may be more suitable for long
term yield forecasts (e.g. see Everingham et al., 2009; Everingham
et al., 2016), but not necessarily for the development of climate index
insurance, which needs to be simple and transparent so that it can be
communicated to a range of stakeholders (Ntukamazina et al., 2017).

2.4. Step 2 and 3: Regression model relating yield to climate indices
2.4.1. Generalized additive model (GAM)
Models were ﬁt using a generalized additive model (GAM), which
ﬁts non-linear models using a spline. GAMs are an adaptation of
Table 1
Description of data used and Rainfall and evaporation indices used in the study.
Variable

Details and calculation methods

Mean (SD)

Reference

Sugar cane yield
(tonne/ha)
Rainfall index (mm)

Data from 1930 to 2010

73.92 (17.19)

Tully Sugar (2011)

Summed rainfall over the entire growing season covering 17 months from August 1st to December 31st the
year after. This meant that yields in 1930 were a response to rainfall from 1st August 1929 to 31st December
1930. (after Everingham et al., 2016). The rainfall index (RI) for each year (i) is then the sum of daily rainfall

4892.66
(1152.86)

BoM (2017).

61.82 (32.80)

Tully Sugar (2011)

seasonend

(Rd) in each growing season. (RIi = ∑d = seasonstart Rd ). Data were from Station 032042 - Tully Sugar Mill QLD
Price (AUD)

from 1930 to 2010
Consumer price index (CPI) adjusted price. Data from 1972 to 2010. The median price for this period was
used in analysis.

SD = standard deviation.
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The GAM model was validated using simple hold-out cross validation
by randomly sub-setting the dataset (70/30) into an independent model
building and validation component (Refaeilzadeh et al., 2009) and repeating the process 1000 times, from which we derived a mean crossvalidated R2.

P (x ) = E [Loss] =

∑ (INDi
i=1

. P (RIi ))

(2)

Here, P(x) denotes the insurance contract fair premium, n is the number
of rainfall values for the part of the rainfall index probability distribution we are calculating losses from, P(RI) denotes the probability
of each rainfall values level and IND represents the corresponding indemnity amount (adapted from Vedenov and Barnett, 2004; Chen,
2011). This was calculated for each of the percentile values (70th, 80th,
90th and 95th) that we investigated.

2.4.2. Quantile regression
Quantile regression (QR) was used to assess the rainfall index relationship with the lower quantiles of the sugar cane yield distribution,
not just the mean as is the case with traditional regression models (Cade
et al., 2003). QR may have several advantages, and give diﬀerent results, compared to traditional regression methods for developing index
based insurance (Conradt et al., 2015). First, QR is less sensitive to
outliers (Dalhaus and Finger, 2016). Second, QR can estimate relationships from the minimum to maximum response and provides a
more holistic assessment of relationships between variables possibly
missed by other regression methods (Cade et al., 2003). Third, as a
particular quantile is focused on, not just the mean, it may explain lowyield events better (Dalhaus and Finger, 2016). Here we focus on
quantiles 0.4, 0.3 and 0.2 because we are interested in low yield event
responses to the excessive rainfall index (after Conradt et al., 2015;
Dalhaus and Finger, 2016). For more information on QR as it relates to
index insurance we refer the reader to Conradt et al. (2015). We used
the rqPen (Sherwood and Maidman, 2017) and quantreg (Koenker,
2017) package in R (R Core development R Development Core Team,
2016) to ﬁt quantile regression models.

2.7. Step 5: Eﬃciency analysis of climate index insurance for sugar cane
Methods for eﬃciency analysis were adapted from Adeyinka et al.
(2015) and Vedenov and Barnett (2004). Three eﬃciency analysis
methods, Conditional Tail Expectations (CTE), Mean Root Square Loss
(MRSL) and Certainty Equivalence of Revenue (CER) were used to assess the eﬃciency (i.e. beneﬁt) of the excess rainfall index insurance
contracts (see details for each method below). The impact of the insurance was analysed by ﬁnding the diﬀerence in revenue of the farmer
without insurance and with insurance at diﬀerent percentile coverage
levels for each regression model. A positive revenue diﬀerence for CTE
and CER implies that the contract will be eﬃcient, whereas a negative
diﬀerence implies eﬃciency for MRSL since the objective of the contract is to reduce losses.
Using eﬃciency analysis, we compared revenue with and without
insurance. The revenue without contract is given by:

It = pYt

2.5. Step 3a: Grower's survey

(3)

and with contract is:
We used a structured questionnaire to survey 33 growers, from
which we selected 11 canegrowers from the northern sugar cane
growing region surrounding Tully. The aim of the survey was to generate deeper understanding of growers’ insurance appetite and insurance requirements, current risk management strategies, risks perceptions and quantiﬁcation. Participants were asked to estimate the
losses they suﬀered from events relating to excessive rainfall during
planting, the growing season and harvest. Responses to all seasons were
analysed because excessive rainfall during any of the periods can negatively impact yields. We used the on ground survey data on estimated
sugarcane loss to verify our regional long-term sugar cane yield model
responses to excessive rainfall.

Itα = pYt + β − θ

(4)

Where; It = revenue at time t without insurance, p = price of agricultural commodity, Yt = yield at time t, Itα = revenue at time t with
alpha percentile levels of insurance (here the 70th, 80th, 90th and 95th
percentiles of the excessive rainfall index), β = insurance payout for
that level of insurance in that year (predicted from the regression
models) and θ = the yearly premium for that level of insurance and is
constant throughout the years in question.
2.7.1. Conditional tail expectation (CTE)
CTE measures the hedging eﬃciency of insurance at diﬀerent strike
levels (Adeyinka et al., 2015). The CTE (also known as Conditional
Value at Risk (CVaR)) analysis was measured at the 95th, 90th, 80th and
70th percentiles. This is the expected revenue in the worst 2, 3, 6 and 8
years in the 24-year out of sample period that we assessed. The purpose
of this analysis is to assess whether insurance will increase the revenue
of farmers in the worst (i.e. during excessive rainfall seasons) years. If
the insurance contract is eﬃcient, then the utility of the farmer, measured in terms of revenue, should increase in years when excessive
rainfall is experienced. If the contracts are triggered in years that did
not match with the years of excessive rainfall, the CTE decreases due to
the deduction of the premium each year and so the insurance contract
would be ineﬃcient. Should the payout be equal to the premium every
year when the contract was triggered, the farmer will be indiﬀerent. For
the 70th, 80th, 90th and 95th percentiles then the revenue with insurance is

2.5.1. Veriﬁcation of regression model results with farmer ground surveys
We compared regression model estimates of yield loss in response to
excessive rainfall with farmer survey estimates from on-ground surveys
using t-tests. Analyses were carried out in R (R Development Core
Team, 2016). Comparisons were made between the farmer's estimates
of the impact of excessive rainfall on yields compared to the models
predictions of excessive rainfall impact on yields. Model estimates of
yield loss were calculated as the percentage diﬀerence in predicted
yields between when the rainfall index was at its lowest (i.e. 2485 mm)
and highest (i.e. 8467 mm, when predicted yield losses would be their
greatest).
2.6. Step 4: Premium estimation based on predicted losses for climate index
from regression models

CTE α=

Following Vedenov and Barnett (2004) we estimated sugar cane
yield losses and premiums based on regression model predictions. To do
this, predictions of yield losses in relation to the rainfall index were
linked with the rainfall probability distribution. We calculated probabilities using the density function in R (R Development Core Team,
2016), generating 3000 values, for each of which losses were calculated. The premium was calculated as a fair premium (adapted from
Vedenov and Barnett, 2004 & Chen, 2011)

1
T

T

∑ Itα
i= 1

(5)

Where; CTEα is the Certainty Equivalence Revenue with an alpha level
of insurance. Itα = revenue at time t with alpha percentile level of insurance.
2.7.2. Certainty equivalence revenue (CER)
CER accounts for farmers’ tendency to be risk averse and is a
4
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measure of willingness to pay (Vedenov and Barnett, 2004; Adeyinka
et al., 2015). The logarithmic utility model of CER was adapted
(Adeyinka et al., 2015). This model assumes that the farmer is risk
averse, prefers more to less and that the percentage of wealth invested
into production is constant irrespective of changes in wealth (Elton
et al., 2003). Constant relative risk aversion was assumed (Henderson
and Hobson, 2002; Adeyinka et al., 2015).
The Constant Relative Risk Aversion, based on the model of Elton
et al. (2003) was:

CER α=

1
T

T

∑ LnItα

(6)

i= 1

Where; CERα is the Certainty equivalence revenue with an alpha level
of insurance. Itα = revenue at time t with alpha percentile level of insurance.

Fig. 3. (a) Predicted yield (anomaly relative to the mean) responses to the
rainfall index from the GAM model. Grey shaded areas 95% conﬁdence intervals, (b) mean predicted vs. observed sugar cane yield (tonne/ha) from the
1000 model cross validations from the generalized additive model.

2.7.3. Mean root square loss (MRSL)
The MRSL shows the extent to which a contract reduces downside
risk below the mean (Vedenov and Barnett, 2004). In this project, we
use the MRSL based on the mean since we expect farmers to be concerned with below average revenue. For diﬀerent contracts (70th, 80th,
90th and 95th percentile contracts), the MRSL may be computed to
observe the extent to which the downside risk below the mean is
minimized. Hence, if the MRSL reduces with insurance, then the contract is eﬃcient at that strike level.

MRSLα =

1
T

Table 2
Sugar cane model with sugar cane yield (t/ha) (n = 80) as dependent variable
results with approximate signiﬁcance of smooth terms for predictors. Note
model is non-linear so there is not one co-eﬃcient for each predictor.

T

∑ [max(pY¯

− Ita, 0)]2

t=1

(7)

Predictor variable

a

Year
Rainfall index
*Adjusted R2
ˆCross validated R2

21.345
7.227
0.71
0.65

a

F

p-value

< 0.001
< 0.01

ˆCross validated R2 is the mean R2 from 1000 cross-validations.
a
F, p-values and Adjusted R2 are from model ﬁt to entire (n = 80) dataset.

Where; MRSLα is the Mean Root Square Loss with an alpha level of
insurance, p = price of agricultural commodity, Itα = revenue at time t
with alpha percentile level of insurance. Ȳ = the long-term average
yield

Table 3
Sugar cane quantile regression model results (n = 80).
Tau

Predictor variable

Coeﬃcient

SE

t

p-value

0.2

Year
Rainfall index
Year
Rainfall index
Year
Rainfall index

13.30
−5.11
14.20
−5.03
13.25
−5.39

2.24
1.96
1.78
1.82
1.70
1.97

5.93
−2.61
7.96
−2.77
7.80
−2.73

0.011
< 0.001
0.007
< 0.001
< 0.01
0.008

2.8. Step 6: Assessment of the index premium and eﬃciency variability
Each regression model was built using a build subset (70% of dataset) and then used to predict observed yields not used to build the
model in a test subset (30% of the dataset). The eﬃciency of the contract was also assessed on the out-of-sample subset of the dataset.
Because performing only one split may give overly optimistic or pessimistic assessments of insurance contract eﬃciency we repeated the
process 1000 times. Repeating the process 1000 times also allowed us
to assess the variability in results. In the results we present the mean
estimated premiums and eﬃciency for each regression model (at the
diﬀerent percentile levels of cover tested) with ± 2 standard errors
(≈95% conﬁdence interval).

0.3
0.4

SE = standard error.

and 0.4 (Table 3).
3.3. Comparison of farmer risk perception and regression model results
3.3.1. Grower survey results
Mean estimates from farmer surveys of yield loss from excessive
rainfall during harvest, planting and the growing season ranged from 25
to 26.67 percent from farmer surveys (Table 4). Farmer estimates of
losses from excess rain during planting were the most variable, ranging
from 10 to 50% and with a standard deviation of 20.82 (Table 4).
Farmer estimates on the eﬀects of excess rain during harvest and the
growing season all ranged from 20 to 30%, with standard deviations of
5.77 and 5 respectively (Table 4).

3. Results
3.1. GAM regression modelling results
The excessive rainfall index had a relationship with sugar cane
yields, with the lowest yields (and revenue) predicted when rainfall was
its highest (Fig. 3a; Table 2). Model cross validation showed that the
regression model explained 65% of the variation in yields (Table 2;
Fig. 3b).

Table 4
Survey data for the northern sugarcane region from survey of farmers in
northern sugar cane region.

3.2. Quantile regression results
The rainfall index was signiﬁcant at p = 0.01 for each tau level (0.2,
0.3 and 0.4) tested using quantile regression (Table 3). Coeﬃcients for
the relationship between the rainfall index and yield were negative and
similar for each tau (linear coeﬃcient −5.03 to −5.39) (Table 3). The
signiﬁcance of the rainfall index for each tau was also similar, although
the t value was slightly higher, and p-value smaller, with a tau of 0.3

Estimated loss (%)

Mean

Median

Min

Max

SD

n

Excess of rain during harvest
Excess of rain during season
Excess rain at planting

22.00
25.00
26.67

20.00
25.00
20.00

10.00
20.00
10.00

30.00
30.00
50.00

5.00
5.00
20.82

5
3
3

SD=Standard deviation.
5
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Table 5
Two-sample t-tests comparing farmer survey and model estimates of yield loss
from excessive rainfall. P-values > 0.05 indicate that there is no statistically
signiﬁcant diﬀerence between farmer and model estimates of yield loss.
Model vs. farmer estimate
comparison

Mean farmer estimate (95%
CI)

t

p-value

Excess rain during harvest
Excess rain during planting
Excess rain during season

22.00 (11.61–32.39)
26.67 (−25.05 to 78.39)
25 (12.58–37.42)

0.75
0.62
2.01

0.49
0.60
0.18

Mean yield loss, relative to ‘optimal’ rainfall conditions (i.e. when
the rainfall index was its lowest) from the regression model was 19.19
percent. Farmers estimated crop losses from excessive rainfall during
harvest, planting and during the growing season were all similar to
model estimates (i.e. there was no signiﬁcant diﬀerence (at p = 0.05)
between farmer and regression model estimates of yield loss from excessive rainfall) (Table 5).
3.4. Estimated fair premiums
Premiums (i.e. fair premiums or expected losses) varied considerably depending on the regression method and the percentile cover
(Table 6). The cheapest premiums ($12.06 AUD/ha) were estimated
from quantile regression at tau = 0.2 at the 95th percentile level of
cover, while the most expensive premiums ($57.25 AUD/ha) were from
the GAM at the 70th percentile cover level (Table 6). Maximum liability
was estimated to be the highest for the GAM at $363.22 AUD/ha and
lowest at $135.97 AUD/ha for quantile regression at tau = 0.2
(Table 6). Premium rates ranged from about 7% to up to 16% (Table 6).
For each model premiums and the premium rates were the lowest for
95th percentile cover and the highest for 70th percentile cover
(Table 6).
Fig. 4. Examples of diﬀerence in revenue (with insurance relative to no insurance) for each of the diﬀerent methods. (a) GAM, (b) Quantile regression at
tau = 0.4, (c) Quantile regression at tau = 0.3 and (d) Quantile regression at
tau = 0.2 for one of the 1000 out-of-sample tests that we carried out.

3.5. Eﬃciency analysis of rainfall index
Examples of diﬀerences in revenue for each of the diﬀerent methods
for one of the 1000 out-of-sample tests that we carried out are shown in
Fig. 4. Revenues below 0 indicate a year where a premium was paid,
but no payout received. Revenues above 0 indicate a year when the
rainfall index triggered a payout. Note that the out-of-sample years
tested and shown here are randomly selected and so values between the
diﬀerent methods are not comparable in Fig. 4.

GAM and quantile regression with a tau of 0.4 and 0.3 showed similar
magnitudes of beneﬁt with positive mean diﬀerences of $269.85,
$245.74 and $243.96 AUD/ha respectively for 95th percentile cover
(Fig. 5a, b and c).
3.5.2. Certainty equivalence revenue (CER)
Using the CER method all contracts were neutral or slightly ineﬃcient at reducing risk, suggesting no positive cost-beneﬁt resulting
from indemnifying exposure to excessive rainfall risks (Fig. 6). Quantile
regression at tau = 0.2 showed neutral beneﬁt (i.e. conﬁdence interval
for diﬀerence in revenue included zero) for the 90th and 95th percentiles (Fig. 6d). CER analysis suggested that 70th and 80th percentile was
the most ineﬃcient, corresponding to negative mean diﬀerences of up

3.5.1. Conditional tail expectation (CTE)
The risk-reducing eﬃciency of excessive rainfall index contracts
varied across rainfall percentiles and the model used to relate the
rainfall index to yield. Contracts were eﬃcient for all assessed percentiles when using CTE eﬃciency analysis (Fig. 5). The beneﬁt of insurance increased with percentile of cover for each method, with 95th
percentile cover consistently showing the largest beneﬁt (Fig. 5). The

Table 6
Estimated fair premiums for the rainfall index for each of the diﬀerent regression models.
Model

GAM

Percentile cover

Premium (AUD/ha)
( ± 2SE)

70th
80th
90th
95th
Max liability
( ± 2SE)

57.25 ( ± 1.15)
49.60 ( ± 1.02)
33.07 ( ± 0.75)
24.04 ( ± 0.55)
363.22 ( ± 13.43)

Quantile regression (tau = 0.4)

Quantile regression (tau = 0.3)

Quantile regression (tau = 0.2)

Premium rate

Premium (AUD/ha)
( ± 2SE)

Premium rate

Premium(AUD/ha)
( ± 2SE)

Premium rate

Premium(AUD/ha)
( ± 2SE)

Premium rate

15.76%
13.66%
9.10%
6.62%

45.51 ( ± 2.57)
42.22 ( ± 2.32)
30.42( ± 1.57)
22.48 ( ± 1.12)
299.65 ( ± 18.18)

15.19%
14.09%
10.15%
7.50%

39.72 ( ± 1.98)
37.87 ( ± 1.82)
29.04 ( ± 1.27)
22.29 ( ± 0.95)
296.48 ( ± 17.76)

13.40%
12.77%
9.79%
7.52%

15.91 ( ± 0.93)
15.79 ( ± 0.92)
14.24 ( ± 0.79)
12.06 ( ± 0.63)
135.97 ( ± 16.67)

11.70%
11.61%
10.47%
8.87%

SE = standard error; Max liability was set at the loss predicted at the highest value of the excessive rainfall index.
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Fig. 5. Mean CTE eﬃciency results from the 1000 out-of-sample tests of the
rainfall index for (a) GAM, (b) Quantile regression (tau = 0.4), (c) Quantile
regression (tau = 0.3) and (d) Quantile regression (tau = 0.2). Errors bars are
95% conﬁdence intervals.

Fig. 6. Mean CER eﬃciency results from the 1000 out-of-sample tests of the
rainfall index for (a) GAM, (b) Quantile regression (tau = 0.4), (c) Quantile
regression (tau = 0.3) and (d) Quantile regression (tau = 0.2). Errors bars are
95% conﬁdence intervals.

to $19.27 AUD/ha for the GAM at the 80th percentile of cover (Fig. 6a).

subset of Tully sugar cane data (1992–2013), which considered climate
variables (e.g. SOI and rainfall). Although not explicitly assessed in
their study Everingham et al. (2016) noted that high rainfall, which
causes waterlogging and harvesting disruptions, would likely have negative eﬀects on sugar cane yields. The relationship between rainfall
and sugar cane yield we ﬁnd in this study is consistent with this.
Our regression model results also ﬁt with farmers expectations
about yield losses associated with excessive rainfall. Furthermore, the
GAM regression model yield loss predictions of approximately 20% are
in agreement with estimates from other studies that have estimated
losses from excessive rain/ﬂooding on sugar cane yields of between 18
and 64% (Gilbert et al., 2008) and 15–45% (Gomathi et al., 2015). The
good predictive performance of our regression model and its agreement
with on-ground farmer surveys and other studies on sugar cane suggest
our model is suitable for estimating revenue losses and calculating fair
premiums to assess the eﬃciency of excessive rainfall index insurance
for sugar cane producers.

3.5.3. Mean root square loss (MRSL)
Based on MRSL analysis the contract was not eﬃcient at reducing
downside risk (losses below the mean) for any of the model types or
percentile cover levels (Fig. 7). On average 70th and 80th percentile
covers increased losses by the most for all methods. The quantile regression with tau = 0.2 showed no change in losses at the 90th and 95th
percentile cover level (Fig. 7d). Quantile regression with a tau of 0.4
and 0.3, as well as the GAM, showed increased losses in the range of
$10 AUD/ha at the 90th and 95th percentile coverage level (Fig. 7b and
d).
4. Discussion
4.1. An excessive rainfall index for sugar cane
Extreme climatic conditions can cause extensive crop losses and
negatively impact farmer's revenue (Rosenzweig et al., 2002; Vedenov
and Barnett, 2004; Ray et al., 2015). We investigated the eﬃciency of
using a rainfall index insurance to help sugar cane producers in Tully,
northern Queensland manage ﬁnancial losses from excessive rainfall.
Our results ﬁt broadly with the results of other recent studies examining
climatic eﬀects on sugar cane yields in northern Queensland, Australia.
Everingham et al. (2009, 2016) likewise explained just over two-thirds
of the variation in sugar cane yields in their study for a more recent

4.2. Eﬃciency of excessive rainfall index insurance for sugar cane
The eﬃciency analysis of the excessive rainfall index insurance for
sugar cane suggested beneﬁts based on the CTE eﬃciency analysis.
Ninety-ﬁfth percentile cover estimated from the GAM insuring farmers
against the most extreme rainfall, showed the most potential beneﬁts
for farmers at $269.85 AUD/ha in the growing seasons with the highest
rainfall. However, the contracts were found to be ineﬃcient, or of
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4.3. Implications for climate risk management
To date, climate index research has largely focused on insuring
production losses against drought. Here we show that climate index
insurance could also be successfully employed to cover production risks
from excessive rainfall. We are aware of no studies that have demonstrated the positive eﬃciency of excessive rainfall index insurance for
an agricultural crop (but see Hazell et al., 2010, for case studies on
index insurance products used to cover excessive rainfall risk for agriculture in developing countries). Our results suggest that excessive
rainfall index insurance could provide an important means for helping
producers manage their climate risk in areas where excessive rainfall
causes production losses. In the sugar cane producing areas of southeast Asia (e.g. Thailand, Indonesia, Philippines) there are projections
for increased rainfall (Chotamonsak et al., 2011) that could lead to
excessive rainfall related yield losses. More generally, as climate change
intensiﬁes the role of insurance, and index insurance as outlined in this
paper, is also likely to become a more prominent risk management tool
(Hoeppe, 2016) for a wide range of agricultural crops. We are aware of
no analysis on index insurance to protect against sugar cane yield loss
caused by excessive rainfall for south-east Asia, but our results suggest
that excessive rainfall index insurance could provide a means to
manage climate risks for production in these areas.
Demonstrating, as we have in this study, that index insurance could
be developed to cover excess rainfall at the 90th and 95th percentile
could have important policy implications, namely by oﬀering a mechanism through which governments could reduce the costs of disaster
recovery (Linnerooth-Bayer and Hochrainer-Stigler, 2015). For example, in Australia, excess rainfall (categorised as rainfall over the 95th
percentile) is likely to trigger the National Disaster Relief and Recovery
Arrangements (NDRRA), costing the government substantial money in
disaster recovery. Natural disasters incur billions of dollars in tangible
costs to individuals, businesses and governments. They have an enormous impact on people, the environment and our communities. In
2015, the total economic cost of natural disasters in Australia alone
exceeded $9 billion (Deloitte Access Economics, 2016). Given this, in
Australia the National Rural Advisory Council (NRAC) considers index
insurance to have potential for further development (National Rural
Advisory Council Feasibility of agricultural insurance products in Australia for weather related production risks 2012). The results of our
study also suggest some potential for index-based insurance to help
governments reduce, or spread, the costs of excessive rainfall induced
crop losses.
The climate index for excessive rainfall tested in the study only
covered a portion of yield losses (ca. 20% relative to optimum rainfall
index conditions). Other climate index based insurance products additional to those associated with excessive rainfall risks may therefore be
needed to cover other climate related yield losses. For instance, a
combination of drought and ﬂood insurance could be designed for crops
that are at risk of both weather extremes. In addition, tropical cyclone
and storm events that cause sugar cane losses are an obvious extreme
weather event that could be covered using climate index insurance.
Tropical cyclone events, while a relatively rare occurrence at a given
location, are likely to be associated with high yield losses and thus
could be managed using index insurance. Finally, the use of farm level
data, as opposed to the regional data used in this study, could also give
important insights into whether there is any spatial variability in the
eﬃciency of the excessive rainfall index.
Finally, the eﬃciency analysis results while positive are based on a
fair premium. In practice, premiums would need to be higher to incorporate administrative costs and to cover systemic risks, which could
make excessive rainfall insurance less beneﬁcial. Nonetheless, the results based on fair premiums presented here do suggest some potential
for excessive rainfall index insurance that is beneﬁcial for farmers.
Given actual premiums are likely to be higher other mechanisms (e.g.
mutual funds) may need to be considered to make excessive rainfall

Fig. 7. Mean MRSL eﬃciency results from the 1000 out-of-sample tests of the
rainfall index for (a) GAM, (b) Quantile regression (tau = 0.4), (c) Quantile
regression (tau = 0.3) and (d) Quantile regression (tau = 0.2). Errors bars are
95% conﬁdence intervals.

neutral beneﬁt, when the CER and MRSL methods were used. This indicates that while excessive rainfall index insurance is beneﬁcial in
years of excessive rainfall, it could correspond to losses (although
proportionally small, e.g. ca. $10 AUD ha−1 or 0.26% of the average
gross revenue) when assessed over longer time frames using CER or
MRSL eﬃciency analysis.
CTE analysis, while showing that the rainfall index insurance was
beneﬁcial in years of excessive rainfall for all regression models,
showed diﬀerences in the magnitude of beneﬁts between the diﬀerent
regression approaches and percentiles of cover. For example, 95th
percentile cover estimated using quantile regression at tau = 0.2
showed the lowest beneﬁts ($175.23 AUD/ha) using CTE eﬃciency
analysis compared to other methods, but unlike the other methods did
not show negative revenues when using CER and MRSL eﬃciency
analysis. Contracts developed using quantile regression at tau = 0.2
could therefore oﬀer the best overall coverage for sugar cane farmers.
Conradt et al. (2015) investigating wheat crops have also recently argued that quantile regression has several beneﬁts over regression to the
mean when developing climate index insurance contracts, and, like us,
found better risk reduction for crops using quantile regression compared to regressions on the mean. Likewise, our results suggest that
index based insurance developed quantile regression at a tau of 0.2 at a
90th and 95th percentile level of cover could oﬀer a valuable risk
transfer option for sugar cane producers by increasing their revenue to
oﬀset yield losses during seasons of excessive rainfall.
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index insurance viable. For example, in some cases index insurance may
be beneﬁcial, but still not beneﬁcial enough to cover ‘real-world’ costs
(e.g. administrative fees) and as such mechanisms (e.g. access to credit,
Boansia et al., 2017) to fund premium gaps to make the insurance index
viable and beneﬁcial to farmers may need to be considered. Investigating viable mechanisms to make climate index insurance feasible
for farmers, governments and industry is an important applied area of
future research for climate risk management in agriculture (LinneroothBayer and Hochrainer-Stigler, 2015).
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5. Conclusion
Managing the ﬁnancial risks of extreme climate variability on crop
production is central to ensuring the ﬁnancial viability of farming
systems and the sustainability of food production, especially under future climates where more extreme climatic conditions are anticipated.
Here we have demonstrated the potential beneﬁts of excessive rainfall
index insurance for sugar cane growers in Tully, northern Queensland,
Australia. Our analyses indicated that a farmer with excessive rainfall
index insurance would be ﬁnancially better oﬀ in years with excessive
rainfall (under assumptions of fair premiums). Our results also suggest
index insurance may be viable for sugar cane producers, and potentially
other crop types, in parts of the world where extreme rainfall poses a
risk to the ﬁnancial sustainability of production.
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