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Abstract Investigating the relationships between climate extremes and crop yield can help us
understand how unfavourable climatic conditions affect crop production. In this study, two
statistical models, multiple linear regression and random forest, were used to identify rainfall
extremes indices affecting wheat yield in three different regions of the New South Wales wheat
belt. The results show that the random forest model explained 41–67% of the year-to-year
yield variation, whereas the multiple linear regression model explained 34–58%. In the two
models, 3-month timescale standardized precipitation index of Jun.–Aug. (SPIJJA), Sep.–Nov.
(SPISON), and consecutive dry days (CDDs) were identified as the three most important indices
which can explain yield variability for most of the wheat belt. Our results indicated that the
inter-annual variability of rainfall in winter and spring was largely responsible for wheat yield
variation, and pre-growing season rainfall played a secondary role. Frequent shortages of
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rainfall posed a greater threat to crop growth than excessive rainfall in eastern Australia. We
concluded that the comparison between multiple linear regression and machine learning
algorithm proposed in the present study would be useful to provide robust prediction of yields
and new insights of the effects of various rainfall extremes, when suitable climate and yield
datasets are available.

1 Introduction
The special report of the Intergovernmental Panel on Climate Change has emphasized
the adverse effect of extreme climate events on crop yield (IPCC 2012). In particular,
rainfall variability is widely considered to be the direct cause of crop yield fluctuation
in semi-arid environments across the world (Gichangi et al. 2015). Large variability in
the intensity, frequency, and timing of annual or seasonal rainfall creates significant
challenges for farmers. Understanding the relationship between rainfall extremes and
historical crop yields is vital for assessing the sustainability of our agricultural
production.
The New South Wales (NSW) wheat belt in eastern Australia is a major wheat production
area and accounts for nearly 30% of the national wheat area. Wheat production in NSW is
crucial to the nation’s food supply and contributes to global food security because Australia is
one of the world’s major food exporters (http://aegic.org.au/australian-grain-production-asnapshot/). However, wheat yields are highly variable in the NSW wheat belt. According to
the Australia Bureau of Statistics (http://www.abs.gov.au/Agriculture), during 1991–2011,
annual wheat production in this area varied from 875 to 10,488 kt, with wheat yields
ranging between 0.61 and 2.75 t ha−1. To explore the reason for yield variability, Ray et al.
(2015) found that in the NSW wheat belt, inter-annual rainfall variability could explain ~ 40%
of the total yield variations. Potgieter et al. (2016) also blamed wheat yield fluctuations during
1975–2010 on frequent rainfall shortage in this area. However, the lack of consideration on the
contribution of rainfall extremes limits further understanding of how wheat yields respond to
rainfall variability.
The principle methods to explore climate-yield relationships are crop modelling and
statistical analysis. Crop models that account for multiple climatic factors, in addition to crop,
soil, and management parameters, can promote a better understanding of crop response to
climate (Rosenzweig et al. 2014). The main advantage of using a crop model is that it creates a
comprehensive characterization of the cropping system. If crop models are accurately calibrated with observed data, they can be applied to simulate possible management interactions to
better cope with anticipated changes in climate (Liu et al. 2010). However, most crop models
perform poorly in handling the effects of extreme climate events on crop growth and
development (Moriondo et al. 2011). Some of this poor performance relates to the simple
description of certain processes, which can lead to inaccurate results. Also, crop models
require several years of experimental data to train and calibrate in the local environment
(Chen et al. 2010) and a recalibration needs to be conducted when they are used in other
regions.
Because of these limitations in crop models, some linear statistical models, such as
multiple linear regression, have been widely used in characterizing the relationship
between yields and climate variables (Tebaldi and Lobell 2008). Linear models are easy
to handle and cheap to compute. With the increasing availability and improved quality of
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observed data, linear models usually perform well. Innes et al. (2015) suggested a
superior performance of linear models in comparison with crop models to identify
climate-yield relationships. However, linear models are incapable of detecting nonlinear
relationships or identifying factors with multicollinearity. Multicollinearity arises when
two or more explanatory variables in a multiple regression model are highly linearly
correlated, which will result in incorrect estimates of coefficient in the multiple regression (Farrar and Glauber 1967).
In recent decades, machine learning algorithms have gradually attracted wide attention
and have been applied in many fields. Machine learning methods can investigate
nonlinear and hierarchical relationships between the predictors and the response using
an ensemble learning approach (Shalev-Shwartz and Ben-David 2014). They usually
perform well in prediction compared to the traditional linear regression model.
Everingham et al. (2015) reported that a machine learning method is superior to contemporary, time-honored methods. They used a random forest (RF) modelling method
(Breiman 2001) to investigate how climate attributes relate to sugarcane productivity in
Australia. The results showed that the RF method was robust and provided accurate
predictions of sugarcane yield. Jeong et al. (2016) applied the RF and multiple linear
regressions (MLRs) to predict crop yields through the blending of multiple biophysical
variables. The RF was highly capable of predicting crop yields and outperformed the
MLR in all performance statistics that were compared. Despite this, few studies have
used machine learning methods to identify the impacts of rainfall extremes on crop yield.
In this study, we used rainfall extremes indices to investigate the relationship between
extreme rainfall events and shire-level wheat yields in three geographical-climate sub-regions
across the NSW wheat belt. The RF and MLR models were used to evaluate the effects of
extreme rainfall events on wheat yields. The main objectives of this study were to (1) quantify
the relationship between extreme rainfall and observed wheat grain yields for the period 1922–
2000, (2) identify the contribution of each extreme rainfall index to wheat yield, and (3)
analyze the temporal variation of the key indices.

2 Materials and methods
2.1 Study area
The NSW wheat belt covers 66 shires, most of which are dominated by a Mediterranean
climate with large rainfall variation. Based on geography and topography, we divided the
wheat belt into three sub-regions: (I) eastern slopes, (II) northern plains, and (III) southern
plains (Fig. 1). Region I is the eastern part of the wheat belt and mainly occupied by
mountains, with an elevation of more than 500 m. Region I has more than 400 mm growing
season rainfall and less than 12 °C growing season temperature, making it the wettest region in
the wheat belt. Regions II and III are the northwestern and southwestern parts, respectively,
and mainly plains. Region II has less than 250 mm growing season rainfall and more than
14 °C growing season temperature, compared to 300 mm and 12.5 °C in region III. In addition,
the three sub-regions consist of 20, 12, and 34 shires, respectively. According to OEH (2017),
the dominant soil types in the three sub-regions are sandy clay, clay, and sandy loam,
respectively. The clay content of 0–60 cm soil in region II is more than 45%, compared to
20 and 30% in region I and region III.
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Fig. 1 Averaged observed (blue, 1922–2000) and first-difference (red, 1923–2000) wheat yields in three subregions and the whole region of the New South Wales wheat belt. The top and bottom bounds of the shaded area
are the maximum and minimum yields in each region

2.2 Climate and yield data
In this study, historical daily climate data (1922–2000) were downloaded from SILO (Scientific Information for Land Owners) patched point dataset (http://www.longpaddock.qld.gov.
au/silo/ppd/index.php) (Jeffrey et al. 2001). Daily rainfall data at 932 weather stations were
used for the analysis. These stations are quite evenly distributed across the NSW wheat belt.
Wheat yields for each shire during 1922–2000 across the NSW wheat belt were obtained from
Fitzsimmons (2001).

2.3 Rainfall extreme indices
Seven rainfall extreme indices were selected for the study (Table 1) from those listed by the
World Meteorological Organization Expert Team on Sector-specific Climate Indices (WMO
ET-SCI, http://www.wmo.int/pages/prog/wcp/ccl/opace/opace4/ET-SCI-4-1.php). These
indices were calculated using daily rainfall data. Some are threshold-based indices, including
CDD, CWD, Rx1day, Rx5day, SDII, and R10mm. For these indices, thresholds are the same
for all stations. While for R99pTOT, the threshold varies from location to location and is
typically defined as a percentile of the data for specified recent base period. In this study, the
whole study period (1922–2000) was set as the base period. All of these indices were
calculated only for growing season (Apr.–Nov.).
Standardized precipitation index (SPI), which is also listed by ET-SCI, is a probabilitybased indicator that depicts the degree to which accumulative precipitation for a specific time
period departs from the average state (Mckee et al. 1993). Since the SPI is standardized, an
index of 0 indicates the median precipitation amount (i.e., normal conditions), while dry
conditions are indicated by negative values (i.e., − 2 for extremely dry) and wet conditions
are indicated by positive values (i.e., 2 for extremely wet). It should be noted that dryness and
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Table 1 List of 11 rainfall extremes indices
ID

Indicator name

Definition

Unit

CDD

Consecutive dry days

Days

CWD

Consecutive wet days

Rx1day
Rx5day
SDII

Max 1-day precipitation total
Max 5-day precipitation total
Simple daily intensity index

R10mm

Number of heavy precipitation days

R99pTOT

Extremely wet days

SPIDJF

3-month time-scale standardized
precipitation index of Dec.–Feb.
3-month time-scale standardized
precipitation index of Mar.–May
3-month time-scale standardized
precipitation index of Jun.–Aug.
3-month time-scale standardized
precipitation index of Sep.–Nov.

Maximum number of consecutive days
with RR < 1 mm
Maximum number of consecutive days
with RR ≥ 1 mm
Maximum 1-day precipitation
Maximum 5-day precipitation
Total precipitation divided by the number
of wet days (when total precipitation ≥ 1.0 mm)
during the growing season
Count of days when precipitation ≥ 10 mm
during the growing season
Total precipitation when RR > 99th percentile
during the growing season
Rainfall probability distribution that reflects
dry/wet conditions for Dec.–Feb.
Rainfall probability distribution that reflects
dry/wet conditions for Mar.–May
Rainfall probability distribution that reflects
dry/wet conditions for Jun.–Aug.
Rainfall probability distribution that reflects
dry/wet conditions for Sep.–Nov.

SPIMAM
SPIJJA
SPISON

Days
mm
mm
mm

Days
mm

Growing season is from the beginning of April to the end of November
RR daily rainfall amount

wetness are relative to the historical average rather than the absolute total of rainfall at a certain
station. For example, a given amount of rainfall at a wet station that produces negative SPI
may produce positive SPI values at a dry station.
An important aspect of SPI is its ability to track dry and wet events on various
timescales from 1 to 48 months. It is widely accepted that SPI at 1 to 6-month scale can
be applied to agricultural interests, whereas SPIs at 6- up to 24-month scale are more
suitable for hydrological drought analyses and applications (Raziei et al. 2009). In this
study, four 3-month scale SPIs which represent rainfall conditions for four seasons were
used (Table 1). For example, SPIDJF is the SPI for Dec.–Feb., reflecting dry/wet
conditions for austral summer. In addition, the baseline period was set as 1922–2000
when computing SPIs.
All the 11 indices for each weather station were calculated using the R software (R Core
Team 2016). Then, the indices at the weather stations within each shire were averaged to
produce shire-average indices.

2.4 De-trending method
Crop yield is affected by both climatic and nonclimatic factors. Nonclimatic factors, including
breeding, fertilizer, pesticide application, etc., are main drivers of yield increase. To separately
assess the effect of climate on yield variation, the yield increase by factors other than climate
should be excluded. In this study, a first-difference method (Lobell and Asner 2003) was used.
This method is easy to implement and can minimize the influence of nonclimatic factors,
enabling the explanation of climate-crop yield relationships. All time series of yields and
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rainfall extreme indices are calculated using first differences approach through the following
equation:
ΔX ðtÞ ¼ X ðtÞ −X ðt−1Þ ; t ¼ 1923; 1924; …; 2000

ð1Þ

where ΔX(t) denotes the first difference of X at year t, ΔX(t) denotes the value of time series X
at year t, and X(t − 1) is the value for the (t − 1)th year.

2.5 Models
Multiple linear regression (MLR) is used to explain the relationship between one continuous
dependent variable and two or more independent variables. The MLR was performed using the
R package BRattle^ (Williams 2011). The contribution of each independent variable was
assessed through relative importance measures calculated with the R package Brelaimpo^
(Gromping 2006). The metric Blmg^ was used. It represents the R2 (coefficient of determination) contribution of each variable.
Random forest (RF) is an ensemble learning algorithm developed by Breiman (2001).
It is a nonparametric technique based on classification and regression trees. The RF
consists of numerous independent trees, where each tree is generated by bootstrap
samples, leaving about a third of the overall sample for validation. Each split of the tree
is determined using a randomized subset of the predictors at each node. The final
outcome is the average of the results of all the trees. The RF can explore nonlinear
and hierarchical relationships between the predictors and the response. It has been
applied in agricultural studies (Jeong et al. 2016), showing high accuracy and ability
to model complex interactions between variables. However, this method behaves as a
Bblack box^ since the individual trees cannot be examined separately and it does not
calculate regression coefficients nor confidence intervals (Cutler et al. 2007). Nevertheless, it produces a variable importance list that can be compared to other regression
models. The RF was also implemented through the BRattle^ package. We applied the RF
model with default settings, ntree (the number of trees to grow in the forest) = 500 and
mtry (the number of randomly selected predictor variables at each node) = 3. The relative
importance of variables was estimated using the B%IncMSE^ metric. The %IncMSE
indicates the mean increase of mean square error in nodes that use a variable in the RF
model, when values of the variable are randomly permuted.
The performance of the MLR and RF models was evaluated using the same procedure.
Eighty percent of the dataset was randomly selected to calibrate a model, and the remaining
data were used to validate the model. This procedure was executed 100 times with different
randomly selected calibration and validation datasets to evaluate model stability. Four validation measurements were calculated: mean absolute prediction error (MAE), root mean square
error (RMSE), coefficient of determination (R2), and Lin’s concordance correlation coefficient
(LCCC) (Lin 1989). These indices were calculated as follows:
MAE ¼

RMSE ¼

1 n
∑ jPi −Oi j
n i¼1

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 n
∑ ðPi −Oi Þ2
n i¼1

ð2Þ

ð3Þ

Climatic Change (2018) 147:555–569

561

0

12


Oi −O Pi −P
B
C
C
R2 ¼ B
@ rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

2ﬃrﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

2ﬃ A
n
n
∑i¼1 Oi −O
∑i¼1 Pi −P
∑ni¼1

LCCC ¼



σ2O

2rσO σP

2
þ σ2P þ O−P

ð4Þ

ð5Þ

where Pi and Oi are the predicted and observed values, respectively; O and P express the mean
of observed and predicted values, respectively; n is the number of samples; σP and σO are the
variances of predicted and observed values; and r is the Pearson correlation coefficient
between the predicted and observed values. MAE measures the average prediction bias, and
RMSE represents the sample standard deviation of the differences between predicted and
observed values. LCCC represents the degree to which the predicted and observed values
follow the 45° line through the origin. Predictions become increasingly accurate as MAE and
RMSE approach 0 and R2 and LCCC approach 1.

3 Results
3.1 Descriptive statistics of wheat yield
The continual innovation of agricultural technology and introduction of new cultivars combined with dynamical changes in fertilization normally result in a long-term increasing trend
across all regions (Fig. 1). However, large inter-annual variations of yield were observed in
each region. The coefficient of variation (CV) for observed yield series for regions I, II, III, and
the whole region were 44.6, 47.8, 46.7, and 44.0%, indicating high yield variations. Furthermore, the first-difference yield (Δyield) also clearly showed the temporal yield variation.
Frequent and severe ups and downs of Δyield existed in all regions, with region III had the
largest fluctuation range, from − 2.14 to 1.70 t ha−1. The Δyield excludes the effects of
nonclimatic factors, so its variability is mostly related to climate variability. In addition, the
fluctuation range of Δyield amplified in the late twentieth century (1980–2000), indicating an
increasing adverse effect on wheat yield caused by climate variability.

3.2 Model performance
Before model fitting, to minimize the influence of multicollinearity among the independent
variables, we calculated the variance inflation factor (VIF) and iteratively removed variables
with > 10 VIF values, because a VIF value of < 10 is acceptable threshold in climate-related
studies (Doetterl et al. 2015). In this process, we discarded the variable R10mm and kept other
10 variables with < 10 VIF values (Table S1). Figure 2 shows the predictive performance
evaluation of the RF and MLR models based on the validation procedure. The results suggest
that the RF performed better than the MLR in all three sub-regions and the whole NSW wheat
area based on the four validation measurements. R2 measures the covariance of the observed
and predicted values. For region I, the RF model can explain more than 40% of the yield

562

Climatic Change (2018) 147:555–569

Fig. 2 Summary statistics of the predictive quality of random forest (RF) and multiple linear regression (MLR)
models for the yield variation with 100 runs in three sub-regions and the whole New South Wales wheat belt.
Mean absolute error (MAE), root mean squared error (RMSE), coefficient of determination (R2), and Lin’s
concordance correlation coefficient (LCCC) are used to evaluate model performance. The black lines within the
box indicate the medians with 100 runs while crosshairs indicate means. Box boundaries indicate the 25th and
75th percentiles, whiskers below and above the box indicate the 10th and 90th percentiles

variation, compared to approximately 35% for the MLR model. The RF model can explain
60–70% of the yield variation, versus 40–60% for the MLR model, for regions II, III, and the
whole region. Both models performed poorly in region I because this region had relatively
high rainfall during main growing seasons (winter and spring, Fig. S1) and rarely suffered
from water shortage. Rainfall was not a limiting factor in region I and other climate factors,
such as temperature or radiation, might contribute greatly to yield fluctuation. Modelling
uncertainty can be evaluated by the range between the 10th percentile and 90th percentile of
each set of 100 validation results. The RF and MLR models produced similar 10th–90th
intervals of MAE, RMSE, R2, and LCCC, indicating that RF and MLR models have similar
stability in their predictive ability.

3.3 Relative importance of rainfall extreme indices
The relative importance of each index generated by the MLR and RF models is shown
in Fig. 3. We normalized the %IncMSE of variables in the RF model to sum to 100%
to provide a simple basis for comparison with the MLR model. The relative importance
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Fig. 3 Relative importance of rainfall extreme indices as determined from the random forest (RF) and multiple
linear regression (MLR) models for each region. The results are normalized to sum to 100% and shown in
decreasing order of RF importance

of indices varied between the two models in each region. However, both models
indicated that ΔSPIJJA, ΔSPISON, and CDD can be regarded as the most important
indices for any of three regions. Both models also simultaneously attached lower
importance values to several indices, such as ΔRx5day and ΔCWD. Other indices
were not consistent for the two models. For example, in each region, ΔSPIDJF and
ΔSPIMAM were identified as having high importance in the RF model, but low in the
MLR model. The opposite was true for ΔSDII and ΔRx1day. In addition, indices also
ranked differently in different regions. ΔSPIDJF had high importance in region II but
lower in region I. ΔSPISON ranked relatively low in region II, compared to its superior
performance in other regions.
For the MLR model, the relationships between first-difference wheat yield and rainfall
extreme indices are summarized in Table 2. The four SPI indices all had positive effects on
wheat yield, and ΔSPIJJA and ΔSPISON were more important than the other two. However,
SPIDJF and SPIMAM had greater effects in region II when compared with other regions,
indicating the great importance of pre-growing season rainfall in region II. This is mainly
because region II has a summer-dominant rainfall pattern (Fig. S1). Summer rainfall can
contribute to stored soil water, which can be used for water uptake of wheat during growing
season. ΔCDD denotes the maximum duration of a rain-free period, and it had a negative
effect on wheat yield. ΔR99pTOT and ΔRx5day, which reflect heavy rainfall events, also had
negative effects on wheat yield. However, ΔRx1day and ΔSDII had positive effects. Extreme
heavy rainfall usually adversely affects crop growth, but the effect of each heavy rainfall event
depends on its intensity and timing.
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Table 2 Regression coefficients of first-difference wheat yield (ΔYield, kg ha−1) with the 11 rainfall extreme
indices in the multiple linear regression (MLR) model (ΔYield = aΔSPIMAM + bΔSPIJJA + cΔSPISON +
dΔSPIDJF + eΔCDD + fΔCWD + gΔR99pTOT + hΔRx1day + iΔRx5day + jΔSDII). Only significant
(P < 0.05) variables are shown. Values shown in brackets are standard error
Regression coefficient

Region I

Region II

Region III

Whole region

a (kg ha−1)
b (kg ha−1)
c (kg ha−1)
d (kg ha−1)
e (kg ha−1 day−1)
f (kg ha−1 day−1)
g (kg ha−1 mm−1)
h (kg ha−1 mm−1)
i (kg ha−1 mm−1)
j (kg ha−1 mm−1)

–
123.2 (13.3)
133.0 (15.3)
39.4 (11.5)
− 8.8 (1.5)
–
− 5.6 (0.6)
17.6 (1.8)
− 4.0 (0.9)
58.7 (12.9)

149.4(18.1)
171.9 (14.6)
112.7 (19.1)
87.8 (15.1)
− 7.2 (1.4)
–
− 9.1 (0.7)
16.8 (2.4)
− 2.7 (1.2)
92.8 (13.8)

25.1 (9.6)
123.6 (9.3)
147.0 (10.9)
41.7 (6.7)
−8.4 (1.1)
33.9 (8.8)
− 5.6 (0.5)
14.5 (1.5)
− 4.4 (0.7)
86.7 (10.3)

41.6 (7.1)
134.2 (6.7)
133.4 (8.0)
47.2 (5.5)
− 8.5 (0.8)
–
− 6.3 (0.3)
16.7 (1.0)
− 4.2 (0.5)
78.2 (6.8)

3.4 Periodic variation of SPI indices
According to the above results, the wheat yield variability in the NSW wheat belt could be
largely associated with rainfall extremes. Rainfall extreme indices had different impacts on
wheat yield. As the yield variability was mainly caused by climate variability, we could infer
that severe inter-annual fluctuation existed in these indices, especially in high ranking indices.
SPIJJA can be viewed as the most important index evaluated by the two models. Figure 4
shows its temporal patterns across the NSW wheat belt. During 1922–2000, there were
obvious variations between multi-annual wet and dry periods. These were coherent across

Dry

SPIJJA
Normal

Dry

Wet

Normal

Dry

Wet

Dry

Wet

Normal

Dry

Fig. 4 Temporal patterns of the standardized precipitation index (SPI) of Jun.–Aug. in three sub-regions of the
New South Wales wheat belt. The three sub-regions consist of 20, 12, and 34 shires respectively, so they occupy
different widths in the plot

Climatic Change (2018) 147:555–569

565

the three sub-regions studied. Based on the Jun.–Aug. rainfall condition of the whole wheat
belt, we delineated our study period into dry, wet and normal periods. As shown in Fig. 4, the
three kinds of periods appeared alternately with an interval of ~ 10 years. Temporal patterns of
the other three SPI indices are shown in Fig. S2.
Figures 1 and 4 show that there was an obvious and direct correspondence between SPIJJA
and wheat yields. Wheat yields decreased seriously around extreme dry years, such as 1940–
1946 and 1975–1985. During consecutive years of stable rainfall conditions, yield increased
gradually, such as 1985–1990. This again demonstrated the importance of SPIJJA in reflecting
wheat yield variability.

4 Discussion
Inter-annual variability of crop yields is well known to depend on climate factors (Chen et al.
2004). Rainfall, temperature, and solar radiation all can lead to fluctuating crop yields. In the
NSW wheat belt, which is a typical semi-arid area (Nicholls 2004), inter-annual dry-wet alternate
conditions can be viewed as the major cause of crop yield variability (Potgieter et al. 2013). In our
study, the SPI turned out to be a powerful index in tracking wetness/dryness, considering its high
performance in the two models (Fig. 3). We obtained higher fitness (R2) between observed and
predicted yield when considering the SPI as a covariate in the model compared to a previous
study (Wang et al. 2015) conducted in the same area. That study used absolute rainfall amount
rather than the SPI. Murphy et al. (2001) also obtained a higher significant coefficient of
correlation (R2 = 0.78) by correlating the SPI values with the productivity of a corn crop in
Argentina. Overall, it is clear that the SPI is superior in its ability to quantify rainfall conditions
and reflect rainfall impacts on crops, compared to the absolute amount of rainfall.
Previous studies have emphasized the importance of seasonal rainfall variability on affecting crop growth (Meinke and Stone 2005), because crops can be subjected to different degrees
of damage from extremes of rainfall during different growth stages. Our study has shown that
seasonal SPIs can represent the influence of inter-annual variability in rainfall extremes on the
NSW wheat yields. Our results showed that four 3-month timescale SPIs, which quantify
rainfall conditions in four seasons, had high importance rankings in the different regions of the
NSW wheat belt (Fig. 3). For the whole NSW wheat belt, SPIJJA and SPISON were recognized
as the two most important indices by the RF and MLR models. SPIJJA can reflect the rainfall
condition during the wheat over-wintering stage. Specifically, winter rainfall plays a key role
in boosting wheat growth for the rain-fed environment across the NSW wheat belt. Cornish
(1950) pointed out that, in Australia, rainfall in the winter months is more effective in
producing high wheat yields than rainfall at other times of the year. Stephens and Lyons
(1998) also highlighted the increasingly positive effect of winter rainfall on wheat yield for
drier regions in Australia. The SPIJJA which had high rankings in our study again proved the
importance of winter rainfall on wheat yield in Australia. SPISON reflects rainfall in September–November when booting and heading-flowering stages occur. Rainfall shortage during
this period can enhance leaf senescence and reduce photosynthesis, thus reducing final grain
yield (Yang et al. 2001). However, in region II, SPISON ranked relatively low, whereas SPIDJF
had a higher ranking. This is mainly because region II had a summer-dominant rainfall pattern
(Fig. S1). Summer rainfall can contribute to stored soil water that can be used for water uptake
of wheat during the growing season (Angus et al. 1980). In addition, soils in region II have
high clay content, which means high water holding capacity (Reynolds et al. 2000).
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The SPI is a widely used drought index (Ahmadalipour et al. 2017). It is well known that
the El Niño Southern Oscillation (ENSO) has the strongest influence on the occurrence of
drought in Australia (Watterson 2009). According to historical records, significant El Niño
events happen roughly every 10 years, such as 1963–1964, 1972–1973, 1982–1983, and
1994–1995 (Yu and Zou 2013), which were also years of substantial drought in Australia
(Nicholls 2004). The SPIJJA (Fig. 4) corresponded well to historical drought records, meaning
that the index reflected the ENSO-induced rainfall variability in Australia. Previous studies
have used ENSO to predict long-term wheat yields (Rimmington and Nicholls 1993). Here, we
suggest the 3-month timescale SPI for its short-term prediction ability. Based on its value
before harvesting, the wheat yield can be estimated. The SPIJJA has a direct correspondence
with the wheat yield in any given year. In addition, adaptation measures can be worked out in
advance. For example, in region II, if the SPIDJF reaches a low level, a drought-resistant wheat
cultivar, or even fallow, could be adopted.
While for other rainfall-related extreme indices, their effects on yield variations should also
be highly regarded. Those indices can be divided into two categories, i.e., extreme dryness and
extreme wetness indices. Both extreme dryness and extreme wetness can affect crop growth
via negative effects on plant physiological processes and direct physical damage, as well as by
affecting the timing and conditions of field operations (Van der Velde et al. 2012). Wijeratne
(1996) found that tea yield is sensitive to water shortage and heavy rainfall. An increase in the
frequency of extreme rainfall events could result in a decrease in tea yield. Van der Velde et al.
(2012) reported low wheat yields in France in 2003 and 2007 caused by extremely dry and
extremely wet conditions, respectively. In our results, rainfall-related extreme indices ranked
differently and some of them, such as CDD and SDII, had high rankings (Fig. 3). Nevertheless,
most heavy rainfall indices had low importance rankings. Adverse effects of heavy rainfall are
often related to waterlogging, which could severely limit crop growth. However, heavy rainfall
events are rare in a dry climate of the study area, especially during wheat growing seasons
(Gallant et al. 2007). This explains the reason for the effects of heavy rainfall on yield
variability in our analysis being relatively low. Therefore, in general, wheat cropping in
NSW suffers more harm from dry than from wet conditions. Adaptive measures should focus
on drought resistance, such as drought-tolerant varieties and improvement of soil water
retention capacity.
The comparison between the results obtained from the MLR and RF models showed that
the RF model is better at predicting wheat yield variation based on rainfall extremes. The RF
model outperformed the MLR model in all three regions based on the four validation
measurements used. The importance rankings of the different indices differed to some extent
between the two models (Fig. 3). In the RF model, there was just a small difference (around
8%) between the highest and the lowest importance values of the different indices. However,
differences are much larger for the MLR model (almost 20%). The MLR model tended to
distribute higher importance values (~ 15%) to 2–3 indices and largely disregarded the
remaining indices. This could be because multicollinearity might still exist, and one index
might mask the contribution from another (Chatterjee and Hadi 2012). Since the RF is a
nonlinear algorithm, its result is not affected by multicollinearity. So, the MLR results should
be interpreted with great caution. However, this does not affect the capacity of the MLR model
to obtain a good fit with regression, or the quality of predictions from the regression (Dielman
2005). Furthermore, compared to the RF, the MLR model can also quantitatively estimate
variable contribution (Table 2). Consequently, both the two methods have their own strengths
in exploring climate-yield relationships.
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Our study obtained greater accuracy in analyzing wheat yield variation using rainfall
extreme indices through the RF model than through MLR. However, it should be noted that,
compared to MLR, the RF model generates only the importance order of variables, but cannot
be used for quantifying factor contributions, which limits its use in further analysis. In addition,
this study only focused on rainfall extremes. Other climate extremes (Trnka et al. 2014), such
as frost (Frederiks et al. 2015; Fuller et al. 2007) and heat stress (Asseng et al. 2015), can also
contribute to variability in crop yields. Studies taking temperature and radiation into consideration will be done in the future.

5 Conclusion
This study provided the first look at the impacts of various facets of rainfall extremes on wheat
yields in eastern Australia using both machine learning and multiple linear regression methods.
The introduction of machine learning significantly improved the precision of climate-yield
relationship diagnostics, overcame the shortcomings of linear model in dealing with correlated
predictors, revealed new insights of different effects of similar climate factors on crop yields.
In addition, the comparison between both machine learning and linear model ensured the
robustness of our results.
Our results showed that rainfall extremes were dominant factors affecting wheat yield
variation and could explain more than half yield variability in eastern Australia. In the eastern
slopes and southern plains, growing season rainfall and consecutive dry days were major
factors causing yield variation. By contrast, in the northern plains, pre-growing season rainfall
was included as one of the most important factors. Overall, wheat yield variability in the study
area was mainly caused by frequent water shortage, while extreme wetness within growing
season had a small effect as it occurred less frequently. This is a relevant result because Eastern
Australia is an El Niño sensitive region and each El Niño induced water shortage will
adversely affect wheat yield.
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