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Abstract

This paper introduces a statistical model to estimate and evaluate the predictability
of the response of wheat yield to extreme temperature exposures and rainfall during
the three phases of wheat grain production (vegetative, reproductive and grain filling)
in northwestern (NW) Victoria, Australia. Unlike crop models which rely on functions
developed from field experiments, we use observed data on annual wheat yields from 44
farms in the region over a period of 26 years (1993—2018). We find that the one-way
fixed effects panel data model tends to outperform competing models in the out-of-sample
prediction of future yields. We detect as positive drivers of NW Victorian wheat yield
growth, exposure to moderate temperatures in all the three phases of the wheat production
and total rainfall in the first two phases of the growing season. Providing adequate
soil moisture, January-March rainfall also was found to be a positive driver of yields.
Conversely, exposure to freezing temperatures during the vegetative and reproductive
phases as well as to extreme high temperatures in all three phases of wheat production
constitute negative drivers of NW Victorian wheat yields. The reproductive phase appears
to be the most sensitive to climate variability, with adverse extreme heat and frost having
sizeable negative impacts on yields. These negative effects are partially offset by increased
rainfall in the same phase of wheat production. Moreover, we compare yield predictions
by our statistical model to yield potentials calculated by APSIM. The gaps can be used
to make recommendations on some adaptation opportunities available to farmers in the
NW Victoria region.
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1 Introduction

Agriculture is one of the sectors that is most susceptible to weather variability and climate

change. Scientific studies examining how weather affects plant growth and agricultural output

have a long history. Agronomists have studied the biophysical mechanisms between crop growth

and various inputs, including weather; see, for example, Hochman et al. (2017), Crimp et al.

(2015), Crimp et al. (2016), and Jones et al. (2017). From an economic viewpoint, there is also

mounting scientific evidence that demonstrates the importance of future climate change on the

production of food and world food security.

In particular, wheat is the food crop most affected by climate change since it is very sensitive

to rainfall and extreme temperatures (heat and frost). Globally, wheat is one of the most

widely planted, consumed and traded crops, with Australia being a major wheat producing and

exporting country; see Ghahramani et al. (2019). Australian grains and oilseeds represent 24 per

cent of total agricultural exports for the country, with an annual farm-gate value of $9 billion.

Grains are grown in three regions: Northern (NSW and Queensland), Southern (Victoria,

Tasmania and south-east SA) and Western (south-west WA) Australia; see GRDC (2019). It

is evident that a greater knowledge and understanding of the relationship between weather

outcomes and wheat yields are crucial to understand, forecast and respond to potential future

changes in extreme temperatures. For this reason, this area of research has drawn considerable

attention in the literature in Australia; see ABARES (2017) and references therein.

Current studies which provide estimates of the relationship between wheat yield and weather

variables, and of potential losses resulting from climate change in Australia, predominantly

rely on computer simulations from the bio-physical model APSIM; see Hochman and Lilley

(2019). The resulting potential yields reflect optimal or sub-optimal parameterisations based

on experimental trials. It is desirable, in fact essential, to compare these outcomes with those

produced from statistical models which are based on observed farm level data and actual wheat

yields over time. Such models reflect existing farm practices and conditions as well as the

adaptation capacity across heterogeneous farms. Therefore, they are deemed useful in answering

a different set of questions to the APSIM model.

This is the first paper to initiate research in this direction in Australia. We focus on the

State of Victoria, in particular the northwest (NW), where wheat is a key component of the

State’s economy. We propose several threshold panel data models to uncover the intrinsic

relationship between wheat yield and extreme temperature exposure during the three phases of

the grain’s production (vegetative, reproductive and grain filling), also accounting for rainfall

effects, for 44 farms mainly in the Mallee/Wimmera region over the past 26 years (1993—2018).

The main advantage of using panel data models other than utilising observed yields, is that they

are able to accommodate large datasets (cross section and time series). Further, this method is

suffi ciently flexible to absorb weather and technological shocks that the crop experiences over
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time as well as the farm heterogeneity.

Moreover, we compare our (in- and out-of-sample) yield predictions to the potential yields

estimated by Hochman et al. (2017). The similarities and differences of these series can be used

to make recommendations on adaptation opportunities available to farmers in the NW Victoria

region. Going forward, our estimated models will be used to produce wheat yield projections

for the next 30 years under various climate change scenarios, and evaluate the potential impact

on the Victorian economy. The main consideration when devising alternative climate change

scenarios in the context of our problem is to extrapolate the positive and negative impacts

that weather variables have on yields. These are then used to design appropriate adaptation

programs with the aim of improving wheat production in the future.

This paper is organised as follows: Section 2 briefly reviews the literature. Section 3 outlines

the methodology including construction of temperature exposure variables and the panel model

specifications. The estimation method is discussed in Section 3.2. Empirical results are analysed

in Section 4. Section 5 concludes the paper with discussion. The derivation of the theoretical

model is given in Appendix A, while Appendix B contains all empirical tables and figures.

2 Related literature

A large literature exists in Australia on the effects of heat or frost on wheat yields and re-

lated topics, since relative to other developed countries, its agricultural sector is exceptionally

sensitive to climate change. Several key studies obtain useful findings.

Recently, using the APSIM model, Hochman et al. (2017) find that warmer and drier condi-

tions during 1990-2015 have contributed to a 27% decline in potential Australian wheat yield,

while elevated atmospheric CO2 concentrations have prevented a further 4% loss. Further, they

find that 83% of the observed change in yield is due to rainfall trends, while farming practices

(e.g. fertilizer) also influence yield. Overall, they conclude that the potential yield loss has

not been fully realised due to an unprecedented rate of technology-driven gains. Hence, while

historically there has been an annual 0.5% improvement in yield potential, no actual increases

in average yield have been observed in Australia over the past 30 years.

Turning to the effects of freezing conditions, frost damage remains a major problem for

broadacre cropping and other agricultural industries in Australia. Annual losses from frost

events in Australian broadacre agriculture are estimated at between $120 million and $700

million each year. Using the temperature thresholds of 20C or below as an indicator of frost

at ground level, Crimp et al. (2016) show that across southern Australia, despite a warming

trend of 0.17◦C per decade since 1960, the ‘frost season’length has increased, on average, by

26 days across the whole southern portion of Australia compared with the 1960-1990 long-term

mean. Some areas of south-eastern Australia now experience their last frost an average 4 weeks

later than during the 1960s. This is associated with a decrease in rainfall and reduced cloud

2



cover. Biophysical modelling based on A1FI (climate change model for Australia) indicates

that average grain yields in particular in Wimmera/Mallee, Victoria are expected to decrease

by up to 10% to 20% by 2050.

These findings, among many others in Australia, are almost exclusively obtained from crop

models which are mainly based on a certain number of field trials. However, statistical ap-

proaches have been implemented in other countries in order to assess these effects. Recent

studies of climate change impacts on US agriculture are increasingly relying on panel data

models to establish the relationship between agricultural outcomes and weather fluctuations.

These have benefited from large samples of farm-level crop yields observed for many years and

which are much larger than the number of field trials considered in biophysical models. More-

over, recent advances in statistical panel regression take advantage of fine-scaled weather data

in both time and space. In a seminal paper, Schlenker and Roberts (2009) introduce an innov-

ative model and find a highly non-linear relationship between temperatures and summer crop

(corn, soybean, and cotton) yields in the US. This non-linearity can only be detected through

the use of a panel data model, which allows for large degrees of freedom. Several studies have

applied these models to summer crops in Africa; see Lobell et al. (2011). In fact, some impact

assessments have opted to rely exclusively on panel studies in their climate change damage

estimates; e.g. Houser et al. (2015).

In a review paper on the approaches taken to assess climate change impacts on agriculture,

Blanc and Reilly (2017) scrutinise the strengths and weaknesses of panel data models in com-

parison to biophysical models. To our knowledge, this is the first paper to take a significant step

and extend this innovative panel data modelling approach to assessing the extreme temperature

impacts on wheat yields in Australia, in particular in the north-west Victorian regions.

3 Methods

In this section, first we describe the raw data from which we construct the variables used in

this study. Then, we briefly describe the theoretical model upon which our estimation results

are based. Appendix A at the end of the paper contains the derivation of this model from a

particular growth curve that can be used for interpreting the model parameters.

3.1 Data description and other definitions

We obtain annual wheat yields (in tons/ha) for 44 farms in the State of Victoria from the

O’Callaghan Rural Management (ORM)1 database, over the period 1993 to 2018. This trans-

lates into a total of 1144 observations without adjustments. Having identified 436 missing data

points possibly due to some farms not having produced wheat over the entire sample period, we

are left with an unbalanced panel of 708 observations which is available for estimation. Figure

1O’Callaghan Rural Management, Bendigo, Victoria 3550.
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B1 in Appendix B displays the evolution of average observed yields over time across all 44

farms in our sample as well as across the key regions of Mallee, Wimmera and combination

thereof. Indeed, in the available dataset, Mallee and Wimmera account for around 75% of

wheat production in Victoria and the majority of farms reside in either of the two regions. It

is evident that the average wheat yield for the farms in Mallee is consistently lower than the

average yield for farms in Wimmera, with large differences being recorded in some years, for

example, 1994, 1996, 2000, 2004, 2013 and 2016.

In terms of weather variables, we obtain data over very fine square grids (5km × 5km)

across Victoria for: (i) daily maximum temperatures, (ii) daily minimum temperatures and

(iii) daily rainfall over the period 1 January 1993 - 31 December 2018 from the Bureau of

Meteorology (BoM). These estimates are based on observed data from weather stations. We

proceed to match the geographical coordinates (longitude and latitude) of each of the 44 farms

in our sample to the four grid points that surround this farm and take the mean of every

weather variable over these grid points on each day. In so doing, we acquire daily time series

of maximum temperatures, minimum temperatures and rainfall at the location of each of farm

in our sample.2

Naturally, any analysis of wheat production and yields is linked to the duration of the plant’s

growth. Since data on sowing and harvesting dates are unavailable, we assume that the growing

season is the 275 days from 1 April to 31 December, for every year. In addition, given that the

effect of temperature (and rainfall) can depend on the growth stage of the crop, we divide the

growing period into three stages, namely vegetative[s1], reproductive[s2], and grain filling[ s3].

These growth stages correspond to subperiods: 1 April - 14 August, 15 August - 31 October,

and 1 November - 31 December, in the State of Victoria.3

3.1.1 Annual temperature exposures

Our estimation method requires the construction of annual measures of temperature exposures

from the acquired daily maximum and minimum temperatures in each stage of the growing

season. For this purpose, we follow the approach introduced by Schlenker and Roberts (2009)

and Tack et al. (2015). This assumes that across the growing season the daily temperature

increases from the minimum in the morning to the next maximum along a sinusoidal curve in

12 hours, and then decreases to the next minimum in the morning along a, possibly different,

sinusoidal curve in 12 hours, as shown in Figure 1 below.

Next, in order to define ‘heat exposure’variables, we partition the temperature range above

0oC into three sub-intervals (0, TL], (TL, TH ], and (TH , hU), determined by lower and upper

2We repeated our analysis by constructing time series of the maximum of the maximum daily temperatures
and minimum of the minimum daily temperatures from the four grid points surrounding each farm. Results are
comparable.

3Further refinements to these dates can be considered. We also used the following equally-spaced stages of
the growing season: 1 April - 30 June, 1 July - 30 September and 1 October - 31 December, respectively. These
reflect the spacing adopted in Tack et al. (2015). Results are available upon request.
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thresholds which we denote by T oLC and T oHC, respectively. Value hU is the upper bound for

temperature. The intuition underlying the choice of sub-intervals is that the sensitivity of wheat

yield to temperature is constant within each sub-interval; a precise mathematical formulation

of this intuition is provided in Appendix A using a particular growth curve. This division is

shown graphically in Figure 1 below using thresholds [15oC, 32oC] as an example:

Figure 1: Exposure to low, moderate and high temperatures

Consider the area of the horizontal strip(s) under the temperature curve spanned by the interval

(0, 15oC] across days of each year; this is the area under the curve between the horizontal lines

at temperature 0oC and 15oC. For each farm i in year t, we denote exposure to temperatures in

this interval by DDL
it which we refer to as the Degree-Days Low for farm i, in year t. Similarly

we define DDM
it as the Degree-Days Moderate which corresponds to exposure to temperatures

in the interval (15oC, 32oC], and DDH
it as the Degree-Days High which corresponds to exposure

to temperatures in excess of 32oC. Separately, we denote variable FDit as the length of time

(in days) that the temperature is below 0oC.4

Since the sensitivity of yield to temperature is likely to depend on the growth stage of the

wheat plant, we allow the lower and upper thresholds, TL and TH to vary across the three

growth stages: vegetative[s1], reproductive[s2] and grain filling[s3]. This translates into three

pairs of thresholds,
{
TL,sj , TH,sj

}
, j = 1, 2, 3, and four temperature exposure variables in each

stage {FDit,sj , DD
L
it,sj

, DDM
it,sj

, DDH
it,sj
}, j = 1, 2, 3 (twelve overall) for each farm i, in year t.

We treat the three sets of lower and upper thresholds as unknown parameters to be esti-

mated using the optimisation procedure described at the end of Appendix B. We obtain the

following optimal temperature threshold pairs which are specific to our 44 farm-level dataset:

{10oC, 18oC}, {5oC, 13oC}, and {15oC, 32oC} in the respective three seasons (see Table B1 in
Appendix B).5 The resulting temperature variables shown in Table B2 of Appendix B are in-

4One can define as additional Degree-Day variable the ‘freezing Degree-Day’, denoted by FDDit. This
reflects the area between the temperature curve spanned by the freezing temperature interval (hL, 0

oC], where
hL is the lower bound for temperature. Following the discussion in Tack et al. (2015), we do not include variable
FDD in our final estimated model.

5One can consider assigning pre-existing values to these thresholds instead, which are obtained from previous
studies (for example, Tack et al. (2015) who use trial data in the US). Our estimated threshold temperatures
and those of Tack et al. (2015) are very close.
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cluded in the statistical models proposed in Section 3.2 for modelling the temperature exposure-

wheat yield relationship. The descriptive statistics indicate that there are no freezing days

during the grain filling stage, so FD (freezing days) during grain filling will be omitted from

any proposed models.

Figure B2 of Appendix B shows the historical annual average of cumulative exposures to

degree days above 32oC for the April—December wheat growing period from 1993 to 2018 (26

years). For example, for 1993, the average cumulative exposure to hot days is an equally

weighted average of 44 farm-level exposures in 1993. Twenty-six grey lines show the annual

average of cumulative temperature exposures for each year during the 1993-2018 period. Years

2009, 2010, 2012, 2014, 2015, 2016 and 2018 are highlighted (in colors) to show how exposure

to hot days has been changing in the recent past. The IPCC (2018) has identified 2016 as the

hottest year globally. The plots indicate that Victorian farms experienced the longest exposure

to hot days in 2009, followed by those in 2015 and 2018.

Further, Figure B3 of Appendix B displays the observed annual average exposure to freezing

days over the April—December growing season for the same time period. The annual average

of freezing days (FD) is an equally weighted average of values over 44 farms. Grey lines show

FDs for each year in the period 1993 to 2018. Victorian farms experienced the highest number

of freezing days in 2006, followed by 1997 and 2018.

3.1.2 Annual rainfall

We construct the annual measure of rainfall by accumulating the average daily rainfall data

across the 4 grids surrounding farm i, over each year t. As in the case of annual temperature

exposures, we consider the annual rainfall variable during the three stages of the growing

season separately. We denote these by Rit,s1 , Rit,s2 , and Rit,s3 , respectively. In addition, since

the rainfall in the period prior to vegetation is expected to have an effect on yield, we include

it in our suggested models as well. Let s0 denote the period 1 January to 31 March that

precedes vegetation. We refer to this as the ’Summer’season even though the summer period

is December to February. Then, we denote Rit,s0 as the rainfall during s0, again computed by

accumulating the mean over the grids that cover the farm i, over each year t.

Figure B4 in Appendix B displays observed annual average of cumulative rainfall over the

April—December wheat growing season. This is an equally weighted average of values over the

44 farms. Grey lines show values for each year in the period between 1993 and 2018. The

cumulative rainfall was the highest in 2010, followed by 2016. It is noticeable that the average

rainfall has been falling in the recent past, notably in 2012, 2014 and 2018.

Separately, Figure B5 of Appendix B shows cumulative January-March rainfall for the period

1993-2018. This rain is crucial for providing adequate soil moisture prior to vegetation. In 2011,

it is apparent that cumulative January-March rainfall was much larger than for the other years.

However, rainfall has been declining over the past 26 years, while the temperature has been
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rising.

3.2 Regression models

A number of panel regression models have been proposed in the recent literature to assess the

relationship between crop yields and weather; see, for example, Schlenker and Roberts (2009),

Tack et al. (2015), and D’Agostino and Schlenker (2016). We build on these existing studies

and develop a number of specifications of the form:

loge(wheat yield) = f (exposure to heatit, exposure to frostit, total rainit) + errorit,

for farm i in year t (i = 1, . . . , N ; t = 1, . . . , T ), in order to quantify this relationship in NW

Victoria, Australia, with a view to forecasting wheat yields over the next 30 years under a

variety of climate change scenarios.6

More specifically, we consider the following general panel data regression model:

loge(wheat yield) = µ+ ftemp,it + frain,it + ζ i + νt + εit, (1)

(i = 1, 2, . . . , N ; t = 1, 2, . . . , T )

where ζ i is a fixed-effect for farm i, νt is a fixed effect for year t, {εit} are error terms, and
ftemp,it and frain,it represent the effects of temperature and rainfall, respectively. Parameter ζ i
captures effects that are specific to farm i, such as soil quality and farm practices.7 Parameter

νt captures global effects that are specific to year t and affect all the farms, for example, market-

wide events, technological advances over time such as improved varieties, and a global measure

of CO2 concentration.

Next, using the temperature exposure variables constructed in Section 3.1.1, we express

ftemp,it by

ftemp,it =

3∑
j=1

β1jFDit,sj +

3∑
j=1

β2jDD
L
it,sj

+

3∑
j=1

β3jDD
M
it,sj

+

3∑
j=1

β4jDD
H
it,sj

, (2)

( i = 1, 2, . . . , N ; t = 1, 2, . . . , T.)

Further, we use our constructed annual rainfall data from Section 3.1.2 and assume that

the effect of the rainfall is captured by (note that there are four terms in the sum, the first

corresponding to j = 0 being summer)

frain,it =

3∑
j=0

γjRit,sj , (i = 1, 2, . . . , N ; t = 1, 2, . . . , T.) (3)

6In regression analysis, logarithmic transformation of the dependent variable is typically used to obtain
constant error variance; however, here the main reason is that yield is motivated using a production function in
the semi-log form.

7Generally, soil quality is invariable to the passage of time. However, farm practices may well change over
time. In such a case, the parameter ζi captures an overall average over time.
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Combining (1), (2), and (3) we obtain the following specification:

loge(wheat yield) = µ+
3∑
j=1

[
β1jFDit,sj + β2jDD

L
it,sj

+ β3jDD
M
it,sj

+ β4jDD
H
it,sj

]
+

3∑
j=0

γjRit,sj + ζ i + νt + εit, (i = 1, 2, . . . , N ; t = 1, 2, . . . , T.) (4)

Overall, (4) includes 15 variables, 11 temperature exposure variables and four rainfall related

variables. Recall that FD (freezing days) during grain filling are omitted from the model.

Several modifications to (4) are of interest for this study. First, the impact of increased

precipitation on wheat crop yields during the key phases of reproduction and grain filling is of

importance. Thus, (4) can be augmented by the interaction between the heat exposure variables

and rainfall in the reproductive and grain filling stages. To this end, we include

δ1 (FDit,s2 ×Rit,s2) + δ2
(
DDL

it,s2
×Rit,s2

)
+ δ3

(
DDH

it,s3
×Rit,s3

)
to the right hand side of (4).

Further, while the inclusion of the time fixed-effects {νt, t = 1, . . . , T} provides a flexible
model, and hence the ability to provide good fit, the use of this model for forecasting crop yields

in, say, 2040 is challenging since it is diffi cult to predict νt that far ahead. For the purposes of

forecasting, a standard alternative is to use a time trend, such as linear or quadratic term in

time t to capture long term trends, and make some assumptions about the trajectory of this

trend.

We estimate and evaluate these alternative specifications in addition to (4). Further details

are provided in Section 3.2.1 below.

3.2.1 Estimation

The parameters in regression model (4) and its modifications are estimated by Ordinary Least

Squares [OLS]. We assume that the variables on the right hand side of (4) are exogenous and

E (εit|ftemp,it, frain,it, ζ i, νt) = 0.

In terms of the threshold temperatures {TL,sj , TH,sj ; j = 1, 2, 3}, when these are given and
hence assumed known, regression model (4) is piecewise linear in the other unknown parameters

and thus the OLS estimator is unbiased.8 As discussed in Section 3.1.1, we consider the stages of

the crop’s growth season that are specific to Victoria and treat the six temperature thresholds

as unknown. We estimate these using the optimisation procedure described at the end of

8The task of obtaining reliable standard errors is more involved if error cross-sectional dependence is detected.
In this case, it is possible to obtain standard errors by jack-knife, as shown by the method in Hahn and Newey
(2004). Alternative approaches include Cameron et al. (2011) used in Tack et al. (2015) or Conley (1999)
employed in Schlenker and Roberts (2009).
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Appendix B, and subsequently treat them as given in our regression analysis.9

We evaluate the impacts on wheat yields of temperature exposures and rainfall using pre-

existing and estimated sets of thresholds. The results using Victorian specific temperature

thresholds are stronger in some cases, recording higher goodness-of-fit measures (R2). Therefore,

in what follows, we report only the results that correspond to the growing stages and the

temperature thresholds that are specific to Victorian farms.10

Finally, as mentioned earlier, Mallee and Wimmera are key regions in NW Victoria in terms

of wheat production. Indeed, the majority of the farms in our dataset are situated in these two

regions. In view of our main focus on the two areas, we also consider sub-sample analyses of

19 farms in Mallee (318 observations), 19 farms in Wimmera (286 observations), and 37 farms

in Mallee and Wimmera combined (604 observations).

4 Results

We fit a number of models to our farm-level data. These include (i) a one-way fixed effects model

with 11 temperature exposure variables and four cumulative rainfall variables; and (ii) a two-

way fixed effects model with the above 15 variables. Moreover, we consider three interactions:

FD×rainfall and DD-low×rainfall during reproductive stage and DD-high×rainfall during grain
filling stage of the growing season.11 The results are reported in Tables B3-B6 of Appendix

B.12 From the goodness-of-fit measures, the R2s reported in these tables indicate that the two-

way fixed effects model with interactions fits the data well in comparison to others. However,

given our intention to forecast wheat yields over the next 30 years, it is also important that we

evaluate the out-of sample performance of these specifications. The assessment is presented in

Section 4.1 below. On the basis of out-of-sample prediction, the one-way fixed effects model

with interactions outperforms other models. Therefore, we discuss the results of the one-way

fixed effects model with interactions and draw some key conclusions.

We find that the positive drivers of NW Victorian wheat yield growth include exposure to

moderate temperatures in all three phases of the wheat production and total rainfall in the first

two phases of the growing season. Additionally, the January-March total rainfall has a positive

impact on NW Victorian wheat yields, indicating the importance of stored soil moisture as a

buffer against dry periods during the growing season. On the other hand, the negative drivers of

9One can also estimate the threshold temperatures simultaneously with the regression parameters for the
Victorian farm-level data. In this context, the regression model is nonlinear in the threshold parameters and
hence the OLS estimators may be inconsistent. A bias reduced estimator may be obtained by jack-knife (Hahn
and Newey (2004)).
10Results using the Tack et al. (2015) thresholds are not reported in this paper to save space but are available

upon request.
11One can consider including additional interactions. However, given our data limitations we focus on the

key interactions of interest.
12We also estimated the simple linear model, and the models including quadratic time trends. The models

reported in the paper outperform these specifications both in-sample and out-of-sample. Hence, the results for
these models are not included in the paper but are available upon request.
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NWVictorian wheat yields include exposure to freezing temperatures during the vegetative and

reproductive phases and exposure to extreme high temperatures in all the three phases of wheat

production. For example, an additional day of freezing temperatures in the vegetative stage

of wheat production is associated with a 0.236 log-yield reduction, while the marginal effect of

exposure to an additional degree day above the upper threshold of 32oC in the grain filling stage

is associated with a 0.039 log-yield reduction. Further, we find the reproductive phase to be the

most sensitive to climate variability, with freezing temperatures and episodes of extreme heat

having sizeable significant negative effects on NW Victorian wheat yields. These are partially

offset by increased rainfall in the same phase of wheat production. Similar conclusions can be

drawn when considering the sub-samples of farms in Mallee, Wimmera and their combination.

Figure B6 of Appendix B shows the non-linear nature of the relationship between tempera-

ture and wheat yields when using the simpler one-way fixed effect model without interactions.

As the temperature declines, it has a negative effect on wheat yields during the reproductive

phase, whereas it has a positive effect during the vegetative phase and a very mild positive effect

during the grain filling phase. Temperatures that sit between the lower and upper thresholds

have a positive effect on yields during all three phases of wheat production. However, tem-

peratures that surpass the upper thresholds have a negative effect on yields during all three

stages of the growing season. This negative effect is notably larger during the grain filling phase

(temp > 32o) than during the other two (vegetative and reproductive) stages. For completeness,

we include Figure B7 in Appendix B which displays the same non-linear relationship for the

one-way fixed effects model (with step functions superimposed).

4.1 Out-of-sample model performance assessment

Next, we assess the out-of-sample performance of our fitted models. The unbalanced nature

of our farm-level data (with a large number of missing values) causes certain challenges when

forecasting. For this reason, we apply the same models and methodology to an annual bal-

anced panel data of 24 Victorian (SA2) regions available over the period 1982-2016. Summary

statistics regarding the degree days computed from these data are provided in Table B7 of

Appendix B.13 Also, plots of the evolution of observed yields over our sample period in the

regions of Mallee, Wimmera, and remaining districts in Victoria are shown in Figures B8-B10

of Appendix B, respectively.

Estimation results of fitting our suggested models to the regional data during 1982-2016 are

shown in Tables B8 and B9 of Appendix B. The one-way fixed effect model with interactions

turns out to be the best performing model and outperforms other specifications discussed earlier.

In terms of forecast evaluation, we assess the out-of-sample performance of a number of

models using a subset of 10 regions within Malle and Wimmera, NW Victoria. These models

13Note that for each region, degree days (DD) were computed for each grid within that region and then
averaged across these grids, as shown in the derivations of Appendix A.
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include: (i) OLS, (ii) OLS with trend, (iii) OLS with interactions, (iv) one-way fixed effects,

and (v) one-way fixed effects with interactions. We set the in-sample period from 1982 to

2006, leaving an out-of-sample period of 10 years (2007-2016) for forecasting.14 Table B10 in

Appendix B reports the MAE, RMSE and out-of-sample R2 measures corresponding to these

models. They all indicate that one-way fixed effects model with interactions outperforms all

the other specifications. Figure B11 of Appendix B plots the forecasts based on this model

and their 95% prediction intervals, along with the observed wheat yields for the 10 regions

in our sample over the period 2007-2016. The directionality of yield fluctuations is picked up

universally by the projections from our chosen model. Some under-prediction of the log-yields

is evident after 2012 in the selected regions of Mallee, and Yarriambiack in Wimmera. However,

forecasts are generally highly accurate in the remaining regions of Wimmera studied.

4.2 Comparison of wheat yield predictions with potential yields

Given the prominence of the APSIM model in the existing literature, we further compare

our yield predictions with the potential yields obtained from the yield gap map estimated by

Hochman et al. (2016). Potential yield is defined as the highest possible yield that reflects

best farm practices. Figure B12 of Appendix B plots the comparisons between the in-sample

predicted yields (with their 95% confidence intervals) obtained from our preferred two-way

fixed effect model with interactions, observed yields and potential yields over the period 2000-

2014.15 Overall, potential yields predominantly lie above both observed and predicted yields

throughout the sample period. The gap between potential and predicted yields is substantial

and persistent mainly in regions of Wimmera, namely Horsham, Nhill, St Arnaud, Stawell and

West Wimmera. On the other hand, apart from a few deviations, this gap is less pronounced

and decreasing in the selected regions in Mallee. This indicates that farmers in the region of

Mallee appear to implement farm practices more in line with those calibrated in the APSIM

model than farmers in Wimmera. Similar observations can be made by comparing potential

yields with the out-of-sample yield forecasts (with their 95% prediction intervals) from our

one-way fixed effect model with interactions, over the period 2007-2016 instead. These plots

are displayed in Figure B13 of Appendix B.

Going forward, the similarities and differences between the wheat yield potentials and pre-

dictions for the farms can be used to make recommendations on some adaptation opportunities

available to farmers in the NW Victoria region.

14When conducting forecast evaluation of our models using the farm-level data, we consider an in-sample
period extending from 1993 to 2013 and an out-of-sample period of five years (2014-2018).
15Potential wheat yields are available from 2000 to 2014.
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5 Discussion and conclusion

Wheat is one of the most widely planted and globally consumed and traded crops, with Victoria

being one of the major wheat growing States in Australia. Further, it is the food crop most

affected by climate change (Cho (2014)). As such, greater knowledge and understanding of the

relationship between weather outcomes and wheat yields is crucial to forecast and respond to

potential future changes in extreme temperatures.

This paper proposes an innovative statistical model that, to the best of our knowledge,

has not been used before to assess the wheat yield responses to various extreme temperature

exposures in Australia. We extend the panel data model introduced by Schlenker and Roberts

(2009) and Tack et al. (2015) to uncover the intrinsic relationship between the wheat yields and

extreme temperature exposures, also accounting for rainfall effects, for 44 farms predominantly

in the region of Mallee and Wimmera over the past 26 years (1993-2018). The main advantage

of using the panel data model is that it analyses actual rather than potential yields, while

being able to accommodate large datasets (cross section and time series). This method is

suffi ciently flexible to absorb farm-specific practices, as well as weather and technological shocks

experienced by crops over time. During the April-December wheat growing period, we use

the six temperature thresholds (two for the vegetative season 1 April-14 August; two for the

reproductive season 15 August-31 October; and two for the grain filling season 1 November- 31

December). The panel data model includes 11 temperature exposure variables, plus the three

seasonal cumulative rainfall values as well as some of their interactions, and January to March

total rainfall.

We find that the positive drivers of NW Victorian wheat yield growth include exposure to

moderate temperatures in the vegetative, reproductive and the grain filling phases of wheat

production and total rainfall in the first two phases of the growing season. Additionally, the

January-March total rainfall has a positive impact on NW Victorian wheat yields, highlighting

the importance of adequate soil moisture during the vegetative season. On the other hand, the

negative drivers of NWVictorian wheat yields include exposures to freezing temperatures during

vegetative and reproductive phases and exposures to extreme high temperatures in all the three

phases of wheat production. Moreover, although mild, exposure to low temperatures during

the vegetative and grain filling phases also have negative impacts on wheat yields. We find the

reproductive season to be the most sensitive to climate variability, with freezing temperatures

and episodes of extreme heat having sizeable and significant negative effects on NW Victorian

wheat yields, especially on Mallee farms, in this phase. Statistical evidence indicates that these

adverse extreme heat and frost impacts are partially offset by increased rainfall.

From fitting a number of models to our farm-level data, we find that the two-way fixed effects

model fits the in-sample (historical) data well, according to the R2 goodness-of-fit measure.

Further, we evaluate these models in terms of their out-of-sample forecasting performance.
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Based on this criterion, we opt for the one-way fixed effects model. Finally, we compare the

predicted wheat yields for regions in Mallee and Wimmera with the observed yields, and the

potential yields obtained from the APSIM model. The yield gap forecasts are potentially useful

in recommending adaptation opportunities to farmers. Going forward, our selected model can

be used in the prediction of NW Victorian wheat yields for the next 30 years under various

climate change scenarios.

Based on our experience in statistical modelling of the weather - wheat yield relationship

and other extensive studies on the US crop yields, we infer the following:

1). The statistical model we studied is based on observed farm level data and actual wheat

yields over time and therefore reflects average practices and conditions as well as average adap-

tation capacity across heterogeneous farms. In contrast, the APSIM model produces potential

yields from simulations that reflect optimal or suboptimal parameterisations based on trial and

not farm-level data.

2). Our results show that the econometric/statistical modelling approach is highly com-

plementary to the APSIM model in that our results also underscore the importance of crop

exposure to i) frost during the reproductive and grain filling stages, ii) high temperature during

the grain filling stage and iii) the mitigating effect of rainfall during the reproductive stage on

wheat yields. Therefore, the econometric approach, which differs in fundamental ways from

the biophysical approach (in terms of underlying data and methodology) provides a point of

comparison that validates previous findings in this field of research.

3). Importantly, the econometric/statistical modelling approach can be used to answer

a different set of questions to the APSIM model. Because the actual farm-level panel data

are used to estimate the relationships between temperature exposures, rainfall, and yields, the

temperature thresholds and coeffi cients describe more precisely the relationships between actual

farm output and climate that exist in our study area in the field.

As a result, we can more precisely predict what is likely to happen to actual wheat farm yields

under future climate change and adaptation at the farm level which represents the extent of

adaptation that we have seen across farms in that area in the past. More broadly, since APSIM

is a major tool used for research relating to most crops in Australia, the methodology developed

in this paper is likely to have implications for research on other crop yields of interest.

13



References

ABARES (2017). Farm performance and climate. Available at:

http://www.agriculture.gov.au/abares/research-topics/climate/farm-performance-climate.

Blanc, E. and J. Reilly (2017). Approaches to assessing climate change impacts on agriculture:

An overview of the debate. Review of Environmental Economics and Policy 11, 247—257.

Cameron, A., J. Gelbach, and D. Miller (2011). Robust inference with multiway clustering.

Journal of Business and Economic Statistics 29, 238—249.

Cho, R. (2014). How climate change will alter our food. State of the Planet. Earth Institute,

Columbia University, New York.

Conley, T. (1999). GMM estimation with cross sectional dependence. Journal of Economet-

rics 92, 1—45.

Crimp, S., K. Bakar, P. Kokic, H. Jin, N. Nicolls, and M. Howden (2015). Bayesian space-time

model to analyse frost risk for agriculture in Southeast Australia. International Journal of

Climatology 35, 2092—2108.

Crimp, S., B. Zheng, N.Khimashia, D. Gobbett, S. Chapman, M. Howden, and N. Nicholls

(2016). Recent changes in southern Australian frost occurrence: Implications for wheat

production risk. Crop & Pasture Science 67, 801—811.

D’Agostino, A. L. andW. Schlenker (2016). Recent weather fluctuations and agricultural yields:

Implications for climate change. Agricultural Economics 47, 159—171.

Ghahramani, A., P. Kokic, A. Moore, B. Zheng, S. Chapman, M. Howden, and S. Crimp

(2019). The value of adapting to climage change in australian wheat farm systems:

Farm to cross-regional scale. Agriculture, Ecosystems & Environnment. Available at:

https://doi.org/10.1016/j.agee.2015.05.011 211, 112—125.

GRDC (2019). Our industry. Available at: https://grdc.com.au/about/our-industry.

Hahn, J. and W. Newey (2004). Jackknife and analytical bias reduction for nonlinear panel

models. Econometrica 72, 1295—1319.

Hochman, Z., D. Gobbett, and H. Horan (2017). Climate trends account for stalled wheat

yields in Australia since 1990. Global Change Biology 23, 2071—2081.

Hochman, Z., D. Gobbett, H. Horan, and J. Garcia (2016). Data rich yield gap analysis of

wheat in Australia. Field Crops Research 197, 97—106.

14



Hochman, Z. and J. Lilley (2019). Impact of simulation and decision support systems on

sustainable agriculture. In J. Pratley and J. Kirkegaard (Eds.), Australian Agriculture in

2020: From Conversation to Automation?, pp. 337—356. Australian Society of Agronomy

and Charles Sturt University, Wagga Wagga.

Houser, T., S. Hsiang, R. Kopp, and K. Larsen (2015). Economic Risks of Climate Change:

An American Prospectus. New York: Columbia University Press.

IPCC (2018). Summary for policymakers. In Global Warming of 1.5oC. An IPCC Special Report

on the impacts of global warming of 1.5oC above pre-industrial levels, s. d. related global

greenhouse gas emission pathways, in the context of strengthening the global response to the

threat of climate change, efforts to eradicate poverty. V. Masson-Delmotte, P. Zhai, H.-O.
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S. Connors, J. Matthews, Y. Chen, X. Zhou, M. Gomis, E. Lonnoy, T. Maycock, M. Tignor,

and T. Waterfield (Eds.), World Meteorological Organization. Geneva, Switzerland, 32 pp.

Jones, J., J. Antle, B. Basso, K. Boote, R. Conant, I. Foster, H. Godfray, M. Herrero, R. Howitt,

S. Janssen, B. Keating, R. Munoz-Carpena, C. Porter, C. Rosenzweig, and T. Wheeler (2017).

Brief history of agricultural systems modeling. Agricultural Systems 155, 240—254.

Lobell, D., M. Bänziger, C. Magorokosho, and B. Vivek (2011). Nonlinear heat effects on

African maize as evidenced by historical yield trials. Nature Climate Change 1, 42—45.

Schlenker, W. and M. J. Roberts (2009). Nonlinear temperature effects indicate severe damages

to US crop yields under climate change. Proceedings of the National Academy of Sciences of

the United States of America 106, 15594—15598.

Tack, J., A. Barkley, and L. L. Nalley (2015). Effects of warming temperatures on US wheat

yields. Proceedings of the National Academy of Sciences of the United States of America 112,

6931—6936.

Wang, J. (1960). A critique of the unit approach to plant response studies. Ecology 41, 785—790.

15



Appendix A Derivation of the regression model

We assume that the growing season is the 275 days from 1 April to 31 December, for every

year; we use ’Days’as the unit of measurement for time within a given growing season. We

consider a panel data regression model of the form

yit = µ+ ftemp,it + frain,it + ζ i + νt + εit, (i = 1, . . . , N ; t = 1, . . . , T ) (A.1)

where yit = loge(wheat yield), ζ i is a fixed-effect for cross-sectional unit (for example, farm or

region) i, νt is a fixed effect for year t, {εit} are error terms, and ftemp,it and frain,it represent
the effects of temperature and rainfall, respectively. We assume that E (εit|xit) = 0, where xit
denotes the vector of all explanatory variables in (A.1). Explicit forms for ftemp,it and frain,it
are derived in this appendix. We adopt a growth curve approach to motivate a mathematical

form for ftemp,it; this approach is helpful for interpreting the results (for example, Schlenker

and Roberts (2009)).

The parameter ζ i captures effects of characteristics specific to the cross-sectional unit (for

example, region or farm) i, such as soil quality and farm practices. The parameter νt captures

global effects that are specific to the year t and affect all the farms, for example, market-wide

events, technological advance over time such as improved varieties, and global CO2 concentra-

tion. Next, we derive a suitable expression for ftemp,it that could be included in the regression

model (A.1).

Assume that the contribution to yield from exposure to ho C is g(h) tons per unit area and

per unit time, measured as (tons/ha/day), where g(·) is some function of h that is continuous
except possibly at the freezing point.16 The mathematical form of g is unknown; in what follows

we propose a suitable mathematical form for g and incorporate it to the regression model.

Throughout we assume that:

(Ass1) exposure to hoC for a given duration has the same effect on yield irrespective of the

particular time point in the growing period at which this occurs, and

(Ass2) the contributions to yield from exposure to heat at different time points, simply add up.

These two assumptions are common in the literature.

The data on temperature used in this study are available in the form of daily minimum and

maximum for each 5km× 5km square grid. A cross-sectional unit (i.e. region or county) may

contain more than one square grid, and the weather may vary between such grids.

First, let us restrict to an arbitrary 5km×5km square grid. Since g(·) is continuous, except
possibly at the origin, it can be well approximated by a piecewise linear function provided

16Note that g(·) is a rate and hence its definition does not require that the temperature be constant over a
particular given day. The main implication of the assumption is that the contribution to yield from exposure to
heat for a very short time interval, say ∆ days, is approximately g(h)∆ (tons/ha), where it is assumed that the
interval is short enough (for example 1 minute) for the temperature to be practically a constant in that interval.
The possible discontinuity of g at the freezing point allows for the possibility of just the appearance of frost at
the freezing point to have an additional negative impact on yield.
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there is an adequate number of linear components. The results in Schlenker and Roberts

(2009) suggest that it suffi ces to assume that g(h) is piecewise linear, perhaps with three or

four linear components. Let us suppose that g(h) has four linear components of the form

g(h) =


α1 + β1h, hL ≤ h < 0
β2h, 0 ≤ h < TL
α3 + β3h, TL ≤ h < TH
α4 + β4h, TH ≤ h < hU

(A.2)

where the parameters {α1, α3, α4, β1, β2, β3, β4, TL, TH} are unknown, and are to be estimated
from the data or assigned suitable values; we refer to TL and TH as lower threshold temperature

and higher threshold temperature, respectively. Using the fact that g(h) is continuous, it may

be verified that α3 = (β2 − β3)TL and α4 = [(β2 − β3)TL + (β4 − β3)TH ]. Therefore, α3 and α4
are not treated as unknown parameters.

The foregoing piecewise linear form for g(h) is written such that the part for 0 ≤ h < TL

passes through the origin; this assumption is made without loss of generality, because if g(h) is

replaced by g(h) + γ then γ would be absorbed into the intercept term µ in (A.1). Therefore,

g(0) = 0 serves as a reference level for g(·). The definition (A.2) allows to have a jump at
the origin. This allows the mere appearance of frost to have an additional impact on yield;

although this is included for generality, there may not be adequate data to estimate both α1
and β1.

The threshold TH is expected to accommodate the fact that wheat yield increases with

temperature up to a point (for example 34oC) and then declines steeply. It is widely believed

that a temperature above 34oC is harmful to wheat. Therefore, we expect that a suitable value

for TH is likely to be under 34, perhaps somewhere in the range 32 to 34. We may treat TH as

an unknown parameter and estimate it using the data, or assign a suitable value obtained from

elsewhere. The typical form of g(h) that we expect is shown in Figure 1 of the main paper.17

Let H(s) denote the temperature at time s in the growing season (0 ≤ s ≤ 275). Then, the

accumulated contribution to yield from the exposure to heat during the growing season is∫ 9 months

0

g[H(s)] ds. (A.3)

Next we proceed to derive a convenient expression for (A.3) that could be used in the

regression model (A.1). For each 5km × 5km grid, we have daily maximum and minimum

temperature. The time of day at which the maximum or the minimum were observed are

unavailable. Therefore, we assume that the duration between two consecutive minima is 24

hours, and the maximum within that day occurs at the 12 hour mid-point. We also assume that

for a given pair of adjacent minimum and maximum, the temperature changes monotonically

17In a graph of g(h) against h, the horizontal axis is Temperature, not Degree-Days, and the ordinate to
the curve g(· · · ) at h is that it is equal to limδt→0{δY/δt} where δY is the increase in yield that would result
if the atmospheric temperature were to stay at hoC for δt days. The total yield is equal to the sum of the
contributions from each of the small time intervals.
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along a sine curve with amplitude (maximum temp - minimum temperature) and period 1 day.

A schematic representation of a typical curve for temperature over a two-day period is shown

in Figure 1 of the main paper.

One cross-sectional unit (say, region) may contain more than one 5km × 5km grids, and

the temperature across such grids in the same cross-sectional unit may be different. Therefore,

we derive a formula for the component of yield for one grid from the accumulated heat and

then average over the grids to obtain the yield for the cross-sectional unit. Therefore, let

us suppose that there are Ki grids in the cross-sectional unit i and let us consider the jth

grid (i = 1, . . . , N ; j = 1, . . . , Gi). Let h0 be a given positive number. Then, the area under

the temperature curve and above the horizontal line at temperature ho0C (as indicated by the

shaded area in Figure 1 of the main paper), covering the entire season, is called the Degree

Days [DD(j)
it (h0)], where the index j is for the jth grid.18 Similarly, define the Freezing Degree

Days [FDD(j)
it ] as the area between the part of the temperature curve below the freezing point

and the horizontal line at the freezing point. Then define

DD
(j)L
it ≡ DD

(j)
it [0, TL] = DD

(j)
it (0)−DD(j)

it (TL) (A.4)

DD
(j)M
it ≡ DD

(j)
it [TL, TH ] = DD

(j)
it (TL)−DD(j)

it (TH) (A.5)

DD
(j)H
it ≡ DD

(j)
it [TH , TU ] = DD

(j)
it (TH)−DD(j)

it (TU). (A.6)

Figure 1 of the main paper shows these quantities. Let FD(j)
it denote the length of the time

intervals during which the temperature is below freezing.

It follows that the contribution to yield from exposure to heat is

f
(j)
temp,it = α1FD

(j)
it + β1FDD

(j)
it + β2DD

(j)L
it + β3DD

(j)M
it + β4DD

(j)H
it . (A.7)

Next, we define the contribution ftemp,it to yield for the entire cross-sectional unit i as the mean

of the corresponding figures for the grids in the unit i. Thus,

ftemp,it = K−1
i

Ki∑
j=1

f
(j)
temp,it.

Similarly, define the Degree Day variables for the unit i by the mean for the grids in the unit

i; for example, DDL
it = K−1

i

∑Ki

j=1DD
(j)L
it . 19 Then

ftemp,it = [α1FDit + β1FDDit + β2DD
L
it + β3DD

M
it + β4DD

H
it ].

Therefore, the regression model (A.1) takes the form

yit = µ+ α1FDit + β1FDDit + β2DD
L
it + β3DD

M
it + β4DD

H
it + frain,it + ζ i + νt + εit. (A.8)

18There are several other alternative terms for Degree Days; one is Growing Degree Days, which is appropriate
when h0 is a base temperature at which the plant starts to grow. For a brief historical account of these terms
see Wang (1960).
19If only a part of a particular grid is included in the unit i, then a weighted mean can be used.
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We can also derive a formula for the contribution frain,it from rain. We found that a simple

quadratic term was adequate. Therefore, the regression model (A.8) takes the form

yit = µ+α1FDit+β1FDDit+β2DD
L
it+β3DD

M
it +β4DD

H
it +γ1Rit+γ2R

2
it+ζ i+νt+εit. (A.9)

where Rit is the total precipitation/rain during the growing period.

Note thatDDL
it, which is equal toDDit[0, TL], is the area of a horizontal strip that includes a

part of the area under the temperature curve even when the temperature is above TL. Therefore,

it may appear thatDDL
it is not a suitable measure of heat accumulation for temperature between

0oC and T oLC. For interpretation, it is important to note that the β2 in (A.9) is a partial

regression coeffi cient and it is interpreted as the effect on yield when DDL
it increases by one unit

while the other variables such asDDM
it andDD

H
it are held unchanged. While the aforementioned

argument about interpretation is reasonable, the parameters of the growth function estimated

using the regression model (A.9) are valid, and hence can be used to estimate the growth

function.

A.1 Model with seasonal effects

Since the effect of temperature (and rainfall) may be different during different growth stages of

wheat, we divide the growing period into three stages, namely vegetative[s1], reproductive[s2],

and grain filling[ s3]. Suppose that the form of the growth function g(·) in (A.2) depends on
the season; therefore, the threshold temperatures TL and TH may also depend on the season.

Let the growth curves for the three seasons, denoted by gs1 , gs2 , and gs3 , be given by

gsj(h) =


α1,sj + β1,sjh, hL,sj ≤ h < 0

β2,sjh, 0 ≤ h < TL,sj
α3,sj + β3,sjh, TL,sj ≤ h < TH,sj
α4,sj + β4,sjh, TH,sj ≤ h < hU .

(A.10)

Next suppose that the Degree-Day derivations in the previous subsection are carried out for

each of the three seasons separately. Let DDL
it,s1

denote the figure that corresponds to DDL
it

when the heat accumulation is restricted to season s1. Similarly, let DDL
it,sj
, DDM

it,sj
and DDH

it,sj

be defined (j = 1, 2, 3). Then, as in the previous section, the contribution to yield from heat

exposure is the sum of the corresponding terms for the three seasons; more specifically,

ftemp,it =

3∑
j=1

[α1,sjFDit,sj + β1,sjFDDit,sj + β2,sjDD
L
it,sj

+ β3,sjDD
M
it,sj

+ β4,sjDD
H
it,sj

]

and the regression model takes the form

yit = µ+
3∑
j=1

[
α1,sjFDit,sj + β1,sjFDDit,sj + β2,sjDD

L
it,sj

+ β3,sjDD
M
it,sj

+ (A.11)

β4,sjDD
H
it,sj

+ γ1,sjRit,sj + γ2,sjR
2
it,sj

]
+ ζ i + νt + εit.
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Appendix B   Tables and figures 

 

Model Estimation: Farm-level Data 
 

 

 

Table B1. Optimal temperature thresholds for wheat crops in the three phases of the growing season for 

Victoria 

Thresholds    

Lower 

(TL) 

Upper 

(TH) 

 Growing stages Months 

10C 18C  Vegetative 1st April – 14th August 

5C 13C  Reproductive 15th August – 31st October 

15C 32C  Grain filling 1st November – 31st December 

 

 

 
Table B2. Summary statistics of degree day variables computed for all 44 Victorian farms in our sample 

over the period 1993-2018 using the thresholds and growing seasons in Table B1 

Variables Thresholds Mean ± SD (Days) 

DD low: Vegetative 0-10C 1149.76 ± 32.00 

DD mod: Vegetative 10-18C 346.39 ± 54.79 

DD high: Vegetative 18+C 60.32 ± 26.80 

DD low: Reproductive 0-5C 375.91 ± 5.92 

DD mod: Reproductive 5-13C 440.44 ± 26.51 

DD high: Reproductive 13+C 200.37 ± 61.16 

DD low: Grain fillingt 0-15C 845.33 ± 25.08 

DD mod: Grain filling 15-32C 353.00 ± 75.58 

DD high: Grain filling 32+C 13.28 ± 9.15 

FD: Vegetative 0-C 1.04 ± 0.85 

FD: Reproductive 0-C 0.29 ± 0.34 

FD: Grain filling 0-C 0.0001 ± 0.0034 

Note: Notation “mod” stands for moderate temperature. 
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Figure B1. Average observed wheat yield of all 44 Victoria farms in our sample, farms in the 

regions of Mallee, Wimmera and combination thereof over the period 1993-2018 

 
 

 

Note: The average wheat yield for the Mallee farms is consistently lower than the average yield for 

Wimmera farms. The difference is large in some years, for example, 1994, 1996, 2000, 2004, 2013 & 

2016.      
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Figure B2. Annual average of cumulative temperature exposure (degree days) to 32 

degrees and higher during the 9-month growing season (April-December) across 44 Vic 

farms over the period 1993-2018 

 
 

 

 

Notes: This figure displays observed annual average of cumulative exposures to hot degree days (degree days 

above 32C) over the April–December growing season for the period 1993 to 2018 (26 years). For example, for 

1993, the average of cumulative exposure to hot days is an equally weighted averages of 44 farm-level 

exposures in 1993. Twenty-six grey lines show the annual average of cumulative exposures for the 1993-2018 

period. Years 2009, 2010, 2012, 2014, 2015, 2016 and 2018 are highlighted (in colours) to show that how this 

temperature exposure to hot days has been changing in the recent past.  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

0

10

20

30

0 100 200

Days since April 1st

C
u

m
u

la
ti
v
e

 d
e

g
re

e
 d

a
y
s
 a

b
o
v
e
 3

2
°C

Year 2009 

Year 2010 

Year 2012 

Year 2014 

Year 2015 

Year 2016 

Year 2018 



 

23 
 

Figure B3. Cumulative freezing days during the 9-month growing season (April-December) for 

Victorian farm-level data 

 

Notes: This figure displays observed cumulative exposure to freezing days over the April–December growing 

season for each year from 1993 to 2018. Freezing days variables are equally weighted averages of the farm-level 

degree days outcomes. The grey lines show individual years from 1993 through to 2018. Year 1997, 2006, 

2010, 2012, 2014, 2016 and 2018 are shown in colour.  
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Figure B4. Cumulative precipitation during the 9-month growing season (April-December) for 

Victorian farm-level data 

 

 
 

Notes: This figure displays observed annual average of cumulative precipitation over the April–December 

wheat growing season for 1993 to 2018 period. This is an equally weighted average of the 44 farm-level 

precipitations in the wheat growing season in a particular year. 26 grey lines show them for 1993 to 2018.  
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Figure B5. Cumulative summer rainfall for Victorian farm-level data 

 
 

Note: This figure displays actual annual average of cumulative precipitations for the 3-month summer period 

January-March (before vegetative phase of the wheat production).  Each line is an equally weighted average of 

the 44 farm-level cumulative three-month precipitations). 26 grey lines show cumulative rainfall for the 1993 to 

2018 period.  
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Table B3. Parameter estimates from the one-way FE model applied to Victorian farms over the period 

1993-2018 using Victoria specific temperature thresholds and growing seasons 

 
Variables All farms Mallee and Wimmera Mallee Wimmera 

FD: Vegetative -2.373 *** -2.551 *** -1.550 *   -3.665 *** 

 (0.426)    (0.454)    (0.627)    (0.659)    

FD: Reproductive -2.174 *   -1.567     7.262 **  -5.533 *** 

 (1.106)    (1.178)    (2.196)    (1.532)    

DD-low: Vegetative -0.065 *** -0.077 *** -0.070 **  -0.089 **  

 (0.017)    (0.018)    (0.024)    (0.027)    

DD-low: Reproductive 0.218     0.219     0.758 *** -0.136     

 (0.111)    (0.121)    (0.183)    (0.169)    

DD-low: Grain filling -0.024     -0.001     0.039     -0.020     

 (0.029)    (0.032)    (0.049)    (0.048)    

DD-mod: Vegetative 0.056 *** 0.064 *** 0.100 *** 0.057 *   

 (0.016)    (0.018)    (0.026)    (0.028)    

DD-mod: Reproductive 0.032     0.013     -0.055     0.076     

 (0.026)    (0.029)    (0.041)    (0.042)    

DD-mod: Grain filling 0.054 *** 0.039 **  0.016     0.042     

 (0.013)    (0.015)    (0.021)    (0.022)    

DD-high: Vegetative -0.055 **  -0.059 **  -0.065 *   -0.083 **  

 (0.017)    (0.018)    (0.025)    (0.031)    

DD-high: Reproductive -0.034 *** -0.019     0.009     -0.053 **  

 (0.009)    (0.010)    (0.013)    (0.017)    

DD-high: Grain filling -0.280 *** -0.221 *** -0.172 *   -0.166     

 (0.052)    (0.057)    (0.082)    (0.085)    

Rainfall: Summer 0.116 **  0.163 *** 0.191 **  0.135     

 (0.040)    (0.048)    (0.073)    (0.070)    

Rainfall: Vegetative 0.291 *** 0.362 *** 0.420 *** 0.249 **  

 (0.052)    (0.058)    (0.105)    (0.077)    

Rainfall: Reproductive  0.343 *** 0.501 *** 0.660 *** 0.337 **  

 (0.070)    (0.080)    (0.115)    (0.126)    

Rainfall: Grain filling -0.105     -0.130 *   -0.156     -0.084     

 (0.055)    (0.062)    (0.087)    (0.091)    

     

Observations 708         604         318         286         

R-squared 0.598     0.615     0.642     0.621     

Number of farms 44 38 19 19 

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table B4. Parameter estimates from the one-way FE model with interactions applied to Victorian farms 

over the period 1993-2018 using Victoria specific thresholds and growing seasons 

 
Variables All farms Mallee and Wimmera Mallee Wimmera 

FD: Vegetative -2.359 *** -2.752 *** -1.791 **  -3.729 *** 

 (0.469)    (0.501)    (0.670)    (0.743)    

FD: Reproductive -2.859     -0.837     15.906 *** -12.687 *** 

 (2.372)    (2.579)    (4.540)    (3.574)    

DD-low: Vegetative -0.066 *** -0.087 *** -0.078 **  -0.095 **  

 (0.019)    (0.020)    (0.026)    (0.031)    

DD-low: Reproductive 0.392 *   0.493 **  1.436 *** -0.326     

 (0.155)    (0.176)    (0.248)    (0.267)    

DD-low: Grain filling  -0.027     -0.009     0.024     -0.006     

 (0.028)    (0.032)    (0.048)    (0.047)    

DD-mod: Vegetative 0.051 **  0.061 **  0.090 *** 0.044     

 (0.017)    (0.019)    (0.026)    (0.030)    

DD-mod: Reproductive 0.017     -0.016     -0.086 *   0.073     

 (0.027)    (0.030)    (0.041)    (0.045)    

DD-mod: Grain filling 0.049 *** 0.032 *   0.005     0.030     

 (0.013)    (0.015)    (0.019)    (0.022)    

DD-high: Vegetative -0.042 *   -0.043 *   -0.040     -0.059     

 (0.018)    (0.019)    (0.026)    (0.032)    

DD-high: Reproductive -0.019     0.002     0.039 **  -0.034     

 (0.010)    (0.011)    (0.015)    (0.019)    

DD-high: Grain filling -0.392 *** -0.372 *** -0.424 *** -0.264 **  

 (0.061)    (0.067)    (0.088)    (0.101)    

Rainfall: Summer 0.139 *** 0.204 *** 0.226 **  0.159 *   

 (0.041)    (0.048)    (0.072)    (0.070)    

Rainfall: Vegetative 0.255 *** 0.318 *** 0.323 **  0.184 *   

 (0.052)    (0.058)    (0.101)    (0.078)    

Rainfall: Reproductive 8.245     13.996 *   46.236 *** -7.502     

 (5.185)    (6.373)    (10.298)    (9.025)    

Rainfall: Grain filling -0.303 *** -0.430 *** -0.756 *** -0.321 *   

 (0.085)    (0.099)    (0.142)    (0.142)    

(FD: Reproductive) * (Rainfall: Reproductive) 0.877     -1.218     -12.964 *   8.913 *   

 (2.707)    (3.035)    (6.296)    (3.943)    

(DD-low: Reproductive) * (Rainfall: 

Reproductive) 

-0.208     -0.355 *   -1.195 *** 0.207     

 (0.137)    (0.168)    (0.271)    (0.238)    

(DD-high: G-F) * (Rainfall: G-F) 0.202 *** 0.270 *** 0.420 *** 0.230 *   

 (0.059)    (0.064)    (0.087)    (0.099)    

     

Observations 708         604         318         286         

R-squared 0.610     0.632     0.693     0.639     

Number of farms 44 38 19 19 

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table B5. Parameter estimates from the two-way FE model applied to Victorian farms over the period 

1993-2018 using Victoria specific thresholds and growing seasons 

 
Variables All farms Mallee and Wimmera Mallee Wimmera 

FD: Vegetative -0.542     -1.309 *   0.030     -2.835 *   

 (0.578)    (0.663)    (0.956)    (1.187)    

FD: Reproductive 1.926     2.719 *   2.110     2.232     

 (1.220)    (1.317)    (2.388)    (2.159)    

DD-low: Vegetative -0.024     -0.055     0.036     -0.072     

 (0.029)    (0.037)    (0.061)    (0.071)    

DD-low: Reproductive 0.318 *   0.276     0.701 *   0.172     

 (0.156)    (0.177)    (0.304)    (0.305)    

DD-low: Grain filling -0.089     -0.051     -0.047     -0.105     

 (0.057)    (0.068)    (0.127)    (0.136)    

DD-mod: Vegetative 0.096 **  0.111 *   0.085     0.102     

 (0.037)    (0.044)    (0.077)    (0.093)    

DD-mod: Reproductive -0.017     -0.043     -0.225 *   0.096     

 (0.050)    (0.058)    (0.097)    (0.110)    

DD-mod: Grain filling -0.015     -0.038     -0.106     -0.097     

 (0.027)    (0.032)    (0.055)    (0.069)    

DD-high: Vegetative -0.026     0.040     0.150     -0.066     

 (0.041)    (0.051)    (0.106)    (0.092)    

DD-high: Reproductive -0.140 *** -0.178 *** -0.162 **  -0.247 *** 

 (0.024)    (0.031)    (0.053)    (0.057)    

DD-high: Grain filling -0.148     0.009     0.414     0.123     

 (0.095)    (0.118)    (0.217)    (0.194)    

Rainfall: Summer 0.228 *   0.279 *   0.138     0.265     

 (0.100)    (0.119)    (0.159)    (0.258)    

Rainfall: Vegetative 0.106     0.056     -0.043     -0.019     

 (0.106)    (0.125)    (0.223)    (0.214)    

Rainfall: Reproductive -0.012     0.007     0.189     -0.067     

 (0.117)    (0.149)    (0.228)    (0.260)    

Rainfall: Grain filling -0.109     -0.145     0.151     -0.122     

 (0.112)    (0.128)    (0.188)    (0.263)    

     

Observations 708         604         318         286         

R-squared 0.721     0.744     0.812     0.711     

Number of farms 44 38 19 19 

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table B6. Parameter estimates from the two-way FE model with interactions applied to Victorian farms 

over the period 1993-2018 using Victoria specific thresholds and growing seasons 

 
Variables All farms Mallee and Wimmera Mallee Wimmera 

FD: Vegetative -0.019     -0.515     0.976     -1.991     

 (0.582)    (0.665)    (1.025)    (1.169)    

FD: Reproductive -2.301     1.053     2.499     -2.064     

 (2.334)    (2.625)    (4.948)    (4.766)    

DD-low: Vegetative -0.017     -0.036     0.071     -0.059     

 (0.029)    (0.036)    (0.062)    (0.069)    

DD-low: Reproductive 0.448 *   0.575 **  0.957 **  0.503     

 (0.192)    (0.217)    (0.335)    (0.399)    

DD-low: Grain filling -0.046     -0.000     -0.015     0.029     

 (0.056)    (0.067)    (0.126)    (0.136)    

DD-mod: Vegetative 0.109 **  0.109 *   0.062     0.098     

 (0.037)    (0.044)    (0.078)    (0.091)    

DD-mod: Reproductive 0.003     0.009     -0.176     0.111     

 (0.050)    (0.057)    (0.101)    (0.107)    

DD-mod: Grain filling -0.016     -0.035     -0.104     -0.108     

 (0.027)    (0.032)    (0.055)    (0.068)    

DD-high: Vegetative -0.008     0.066     0.157     0.021     

 (0.041)    (0.051)    (0.106)    (0.096)    

DD-high: Reproductive -0.174 *** -0.235 *** -0.198 *** -0.283 *** 

 (0.025)    (0.032)    (0.053)    (0.056)    

DD-high: Grain filling -0.099     0.117     0.320     0.390     

 (0.101)    (0.126)    (0.222)    (0.218)    

Rainfall: Summer 0.238 *   0.305 **  0.205     0.363     

 (0.099)    (0.117)    (0.158)    (0.252)    

Rainfall: Vegetative 0.164     0.172     0.030     -0.007     

 (0.105)    (0.123)    (0.225)    (0.214)    

Rainfall: Reproductive 6.265     18.680 **  20.444     14.625     

 (5.211)    (6.601)    (11.094)    (11.736)    

Rainfall: Grain filling -0.174     -0.123     -0.520     0.131     

 (0.152)    (0.206)    (0.356)    (0.340)    

(FD: Flowering) * (Rainfall: Reproductive) 5.672 *   2.231     0.925     6.364     

 (2.580)    (2.956)    (6.330)    (4.702)    

(DD-low: Reproductive) * (Rainfall: 

Reproductive) 

-0.167     -0.494 **  -0.531     -0.389     

 (0.137)    (0.174)    (0.291)    (0.310)    

(DD-high: G-F) * (Rainfall: G-F) 0.133     0.083     0.452 *   -0.091     

 (0.086)    (0.117)    (0.197)    (0.179)    

     

Observations 708         604         318         286         

R-squared 0.732     0.758     0.820     0.733     

Number of farms 44 38 19 19 

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Figure B6. Nonlinear relation between positive temperature exposure and wheat yields during 

the three growing phases implied by the one-way fixed effects model applied to all 44 Victorian 

farms over the period 1993-2018 
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Figure B7. Nonlinear relation between positive temperature exposure and wheat yields during 

the three growing phases implied by the one-way fixed effects model applied to all 44 farms over 

the period 1993-2018  
 
Step functions are superimposed 
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Model Estimation: Regional Data 
 

 
Table B7. Summary statistics of degree days variables computed for all 24 Victorian regions in our 

sample during 1982-2016 using the thresholds and growing seasons in Table B1 

Variables Thresholds Mean ± SD (Days) 

DD low: Vegetative 0-10C 1139.17 ± 41.90 

DD mod: Vegetative 10-18C 311.41 ± 57.25 

DD high: Vegetative 18+C 48.12 ± 22.86 

DD low: Reproductive 0-5C 376.64 ± 6.18 

DD mod: Reproductive 5-13C 425.53 ± 31.64 

DD high: Reproductive 13+C 155.89 ± 62.61 

DD low: Grain filling 0-15C 829.55 ± 33.16 

DD mod: Grain filling 15-32C 290.62 ± 90.77 

DD high: Grain d filling 32+C 7.37 ± 7.59 

FD: Vegetative 0-C 1.13 ± 1.28 

FD: Reproductive 0-C 0.19 ± 0.29 

FD: Grain filling 0-C 0.0001 ± 0.0035 
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Figure B8. Observed yield of 6 regions in Wimmera over the period 1982-2016 

 

 
 
Figure B9. Observed yield of 4 regions in Mallee over the period 1982-2016 

 

 

 
 
Figure B10. Observed yield of 14 regions outside Mallee or Wimmera over the period 1982-2016 
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Table B8. Parameter estimates from two panel data models applied to Victorian regions over the period 

1982-2016 

 

Variables One-way FE Two-way FE 

 All regions Mallee & Wimmera All regions Mallee & Wimmera 

FD: Vegetative -1.945 *** -2.770 *** -0.302     0.050     

 (0.208)    (0.314)    (0.174)    (0.294)    

FD: Reproductive -2.174 **  -1.336     0.403     1.824 **  

 (0.743)    (0.854)    (0.595)    (0.657)    

DD-low: Vegetative -0.014     -0.046 *** 0.018     -0.005     

 (0.010)    (0.012)    (0.009)    (0.014)    

DD-low: Reproductive -0.117 *   -0.044     0.126 *   0.053     

 (0.056)    (0.068)    (0.055)    (0.066)    

DD-low: Grain filling 0.009     0.014     -0.033     0.022     

 (0.013)    (0.017)    (0.017)    (0.020)    

DD-mod: Vegetative 0.032 *** 0.048 *** 0.015     0.011     

 (0.009)    (0.011)    (0.011)    (0.014)    

DD-mod: Reproductive 0.050 *** 0.017     -0.040 *   -0.039     

 (0.012)    (0.017)    (0.017)    (0.020)    

DD-mod: Grain filling 0.001     -0.007     -0.013     -0.023 *   

 (0.007)    (0.009)    (0.009)    (0.012)    

DD-high: Vegetative -0.044 *** -0.047 **  -0.115 *** -0.055 **  

 (0.012)    (0.014)    (0.017)    (0.021)    

DD-high: Reproductive -0.029 *** -0.011     -0.061 *** -0.011     

 (0.006)    (0.008)    (0.009)    (0.010)    

DD-high: Grain filling -0.072     -0.029     -0.179 *** -0.006     

 (0.041)    (0.045)    (0.037)    (0.043)    

Rainfall: Summer 0.118 *** 0.211 *** 0.015     0.145 **  

 (0.025)    (0.038)    (0.031)    (0.056)    

Rainfall: Vegetative 0.045     0.170 *** -0.053     0.039     

 (0.029)    (0.041)    (0.032)    (0.047)    

Rainfall: Reproductive 0.193 *** 0.387 *** 0.033     0.031     

 (0.035)    (0.051)    (0.040)    (0.051)    

Rainfall: Grain filling -0.032     -0.060     0.036     0.075     

 (0.035)    (0.047)    (0.040)    (0.066)    

     

Observations 840         350         840         350         

R-squared 0.586     0.766     0.844    0.942     

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table B9. Parameter estimates from two panel data models with interactions applied to Victorian regions 

over the period 1982-2016 

 

Variables One-way FE Two-way FE 

 All regions Mallee & Wimmera All regions Mallee & Wimmera 

FD: Vegetative -1.481 *** -2.727 *** -0.104     0.009     

 (0.197)    (0.298)    (0.174)    (0.299)    

FD: Reproductive -2.255     -5.798 *** 0.432     -0.200     

 (1.262)    (1.745)    (0.994)    (1.265)    

DD-low: Vegetative 0.002     -0.046 *** 0.024 **  -0.007     

 (0.009)    (0.012)    (0.009)    (0.014)    

DD-low: Reproductive 0.214 **  -0.043     0.268 *** -0.052     

 (0.075)    (0.096)    (0.064)    (0.082)    

DD-low: Grain filling 0.007     0.013     -0.023     0.024     

 (0.012)    (0.016)    (0.017)    (0.021)    

DD-mod: Vegetative 0.012     0.032 **  0.004     0.013     

 (0.008)    (0.011)    (0.011)    (0.014)    

DD-mod: Reproductive 0.047 *** 0.008     -0.022     -0.041     

 (0.012)    (0.017)    (0.017)    (0.021)    

DD-mod: Grain filling -0.005     -0.008     -0.009     -0.027 *   

 (0.007)    (0.008)    (0.009)    (0.012)    

DD-high: Vegetative -0.026 *   -0.026     -0.110 *** -0.056 *   

 (0.011)    (0.014)    (0.017)    (0.022)    

DD-high: Reproductive -0.017 **  0.004     -0.062 *** -0.004     

 (0.006)    (0.008)    (0.008)    (0.011)    

DD-high: Grain filling -0.281 *** -0.191 *** -0.230 *** 0.025     

 (0.045)    (0.053)    (0.038)    (0.046)    

Rainfall: Summer 0.124 *** 0.216 *** 0.010     0.136 *   

 (0.023)    (0.036)    (0.030)    (0.056)    

Rainfall: Vegetative 0.014     0.160 *** -0.058     0.042     

 (0.027)    (0.039)    (0.031)    (0.047)    

Rainfall: Reproductive 10.604 *** 0.258     6.262 *** -4.123     

 (1.887)    (2.790)    (1.488)    (2.210)    

Rainfall: Grain filling -0.217 *** -0.288 *** -0.015     0.133     

 (0.039)    (0.061)    (0.042)    (0.077)    

(FD: Reproductive) * (R: Reproductive) 1.020     4.624 **  0.123     2.193     

 (1.048)    (1.613)    (0.783)    (1.154)    

(DD-low: Reproductive) * (R: 

Reproductive)  

-0.276 *** 0.004     -0.165 *** 0.109     

 (0.050)    (0.074)    (0.039)    (0.058)    

(DD-high: G-F) * (R: G-F) 0.364 *** 0.270 *** 0.141 *** -0.066     

 (0.045)    (0.049)    (0.041)    (0.052)    

     

Observations 840         350         840         350         

R-squared 0.648     0.795     0.852     0.943     

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Forecast Evaluation: Regional Data 
 

 

Table B10. Forecast evaluation of the 5 models applied to 10 Victorian regions in Mallee 

and Wimmera 
 

Forecasting period 10 years 

 MAE RMSE Out-of-sample 𝑹𝟐 

OLS 0.372 0.453 -0.429 

OLS with trend 0.486 0.620 -1.671 

One-way FE 0.351 0.409 -0.165 

OLS with interactions 0.340 0.414 -0.194 

One-way FE with interactions 0.287 0.365 0.073 

 

Notes: Estimation period is set to 1982-2006. Forecasting period is set to 2007-2016. MAE and RMSE are 

standard model selection criteria and stand for Mean Absolute Errors and Root Mean Squared Errors, 

respectively. Out-of-sample 𝑅2 is defined as 𝑅2 = 1 − [∑ (𝑦𝑖
𝑁
𝑖=1 −𝑦�̂�)

2/ ∑ (𝑦𝑖
𝑁
𝑖=1 −𝑦�̅�)

2]. By definition, 𝑅2 can 

be negative if the prediction error is smaller than the deviations from the mean. 
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Figure B11. Out-of-sample forecasts of log-wheat yields (with 95% prediction interval) 

and observed log-wheat yields for 10 Victorian regions in Mallee and Wimmera 
 
One-way FE model with interactions over 2007-2016 
 

Forecast log yield 

Observed log yield 

 

 
 

Notes: Estimation period is set to 1982-2006. 
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Figure B12. In-sample predicted wheat yields (with 95% confidence interval), observed 

yields and potential yields for 10 Victorian regions in Mallee and Wimmera 
 
Two-way FE with interactions over 1982-2016 

 

 
Notes: The black lines represent the potential yields; the red lines represent the in-sample 

predicted yields; the blue lines represent the observed yields; the dashed lines represent the 

95% confidence interval for the in-sample predicted yields. 

The potential yields are available from 2000 onwards. 
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Figure B13. Out-of-sample forecasted wheat yields (with 95% confidence interval), 

observed and potential wheat yields for 10 Victorian regions in Mallee and Wimmera 
 
Two-way FE with interactions over 2007-2016 

 

 
Notes: The in-sample is set to 1982-2006. The black lines represent the potential yields; the 

red lines represent the out-of-sample forecast yields; the blue lines represent the observed 

yields; the dashed lines represent the 95% confidence interval for the out-of-sample forecast 

yields. 

The potential yields are available from 2000 onwards. 
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Estimation of Optimal Temperature Threshold Parameters in Victoria 

 

Denote {u1, l1, u2, l2, u3, l3} be the set of temperature threshold parameters, {u1, u2, u3} be the 

set of upper thresholds and {l1, l2, l3} be the set of lower thresholds for each phase of the 

growing season.  

The following set of restrictions are imposed in the estimation: 

{

ui ∈ ℕ, i = 1,2,3;
li ∈ ℕ, i = 1,2,3;

5 ≤ li ≤ 30,   i = 1,2,3;
li + 5 ≤ ui ≤ 35,   i = 1,2,3.

 

These restrictions are used to ensure that the thresholds are neither too close to each other, 

nor too close to the endpoints of the piecewise linear function.  

In addition, the upper temperature threshold for the grain development stage is predetermined 

as 32 ℃ based on evidence from agronomists. 

We then estimate the one-way fixed effects model using our Victorian farm-level data from 

1993-2018 over all possible thresholds under the restrictions and select as optimal thresholds 

as those generate the smallest sum of squared residuals (SSR). 
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