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HIGHLIGHTS

o Uncertainties in projected crop yields
stem from specifying sowing dates;
there is a need to predict sowing dates
reliably.

e We investigate if wheat type and

optimal sowing date can be predicted

from climate constraints on phenology.

Including constraints to avoid frost and

rain damage in an optimality-based

model gives good predictions of sowing
dates.

Global patterns in wheat type and sow-

ing date, reflecting management prac-

tices to maximise local yields, are
predictable.

Our model can be used to predict

climate change impacts on wheat yield

and if changing sowing dates mitigate
these impacts.
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GRAPHICAL ABSTRACT

Question: What determines the choice of wheat types and wheat sowing dates?
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ABSTRACT

CONTEXT: Sowing dates are currently an essential input for crop models. However, in the future, the optimal
sowing time will be affected by climate changes and human adaptations to these changes. A better understanding
of what determines the choice of wheat type and sowing dates is required to be able to predict future crop yields
reliably.

OBJECTIVE: This study was conducted to understand how climate conditions affect the choice of wheat types and
sowing dates globally.

METHODS: We develop a model integrating optimality concepts for simulating gross primary production (GPP)
with climate constraints on wheat phenology to predict sowing dates. We assume that wheat could be sown at
any time with suitable climate conditions and farmers would select a sowing date that maximises yields. The
model is run starting on every possible climatically suitable day, determined by climate constraints associated
with low temperature and intense precipitation. The optimal sowing date is the day which gives the highest yield
in each location. We evaluate the simulated optimal sowing dates with data on observed sowing dates created by
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merging census-based datasets and local agronomic information, then predict their changes under future climate
scenarios to gain insight into the impacts of climate change.

RESULTS AND CONCLUSIONS: Cold-season temperatures are the major determinant of sowing dates in the extra-
tropics, whereas the seasonal cycle of monsoon rainfall is important in the tropics. Our model captures the timing
of reported sowing dates, with differences of less than one month over much of the world; maximum errors of up
to two months occur in tropical regions with large altitudinal gradients. Discrepancies between predictions and
observations are larger in tropical regions than temperate and cold regions. Slight warming is shown to promote
earlier sowing in wet areas but later in dry areas; larger warming leads to delayed sowing in most regions. These
predictions arise due to the interactions of several influences on yield, including the effects of warming on
growing-season length, the need for sufficient moisture during key phenological stages, and the temperature
threshold for vernalization of winter wheat.

SIGNIFICANCE: The integration of optimality concepts for simulating GPP with climate constraints on phenology
provides realistic predictions of wheat type and sowing dates. The model thus provides a basis for predicting how
crop calendars might change under future climate change. It can also be used to investigate potential changes in
management to mitigate the negative impacts of climate change.

1. Introduction

Climate conditions affect the physiological processes of wheat
(Jagadish et al., 2014). Temperature controls wheat phenology and thus
the length of the required growing period (Wang et al., 2017a). Radia-
tion affects the assimilation rate by determining energy supply (Wang
et al., 2017b). Precipitation determines water availability for growth
and transpiration (Elliott et al., 2014). All these processes contribute to
determining wheat yield, which is therefore crucially dependent on
climatic conditions during the growing period (Hernandez-Ochoa et al.,
2018; Hunt et al., 2019; Ortiz-Bobea et al., 2021). Farmers generally
decide whether winter or spring wheat is grown and select appropriate
sowing dates to maximise yields on the basis of knowledge about the
climate conditions in a given region (Waha et al., 2012).

Ongoing global warming is, however, already changing climate
conditions in many wheat-growing areas and larger changes are ex-
pected in the future (Portner et al., 2022). Substantial reductions in
wheat yields as a consequence of global warming are suggested by
multiple lines of evidence, including field-warming experiments (Wang
et al., 2020; Zhao et al., 2016), statistical regressions (Agnolucci et al.,
2020; Schlenker and Roberts, 2019; Tack et al., 2015; Zhao et al., 2017)
and crop modelling (Asseng et al., 2014; Zhao et al., 2017). Management
changes, particularly changes in when wheat is sown, are likely to be
necessary to offset the negative impacts of global warming on wheat
production (Hunt et al., 2019). Indeed, there is already evidence that
sowing dates have changed in response to recent climate changes (Lobell
et al., 2013; Olesen et al., 2012).

Local agronomic knowledge and global data sets on sowing dates
provide suitable information about the current situation (Kotsuki and
Tanaka, 2015; Portmann et al., 2010; Sacks et al., 2010), but little
guidance about the future adaptations that will be necessary with
climate change. Process-based crop models could be used to project the
impact of climate change on yields. However, many process-based crop
models use a pre-defined crop calendar based on historical observations
as input (Minoli et al., 2019), where the dates of sowing and harvest are
fixed and do not respond to changes in climate; this means that model
projections are highly uncertain (Asseng et al., 2013). Although some
crop models include crop-specific climatic requirements for sowing
(Waha et al., 2012) or a relationship between sowing dates and climate
(van Bussel et al., 2015), these empirical relationships are based on
limited observations and their universality has not been rigorously
tested (Sacks et al., 2010). The use of pre-defined crop calendars or
empirical relationships stems from an imperfect understanding of the
role of climate in determining sowing dates for optimal production and
thus limited ability to model this dynamically (Dobor et al., 2016).
However, a model which simulates optimal sowing dates given specific
climate conditions is vital to provide information to help farmers adapt
effectively to anticipated climate changes, and thus to contribute to
global food security.

Eco-evolutionary optimality (EEO) approaches (Harrison et al.,
2021), which assume that plants adjust to environmental conditions
both in the short term (hours to days) and on longer timescales (seasonal
to decadal) to maximum their growth (and hence reproductive fitness),
have been used to simulate plant growth, both of natural systems
(Mengoli et al., 2022; Tan et al., 2021) and crops (Qiao et al., 2020; Qiao
etal., 2021). Many previous studies show that EEO concepts provide the
basis for robust models of ecosystem processes with minimal parameter
requirements (Harrison et al., 2021; Jiang et al., 2020; Mengoli et al.,
2022; Tan et al., 2021) and this could reduce the level of uncertainty
currently associated with the parameterization of process-based crop
models.

In this paper, we develop and test an optimality-based approach to
determining optimal sowing dates as a function of climate conditions
and on the assumption that farmers would adopt these optimal sowing
dates to maximise yields. We first improve the phenological module in
an EEO-based wheat growth model (the PC model: Qiao et al., 2020;
Qiao et al., 2021) to predict wheat maturity as a function of climate. We
then develop a scheme to determine the season and time window for
wheat sowing based on climate conditions, specifically constraints
imposed by low temperature and by rainfall intensity. We run the
improved PC model starting from every possible sowing date during this
time window to determine which specific date gives the highest yield in
each location to identify the optimal sowing date. We compare our
predictions of optimal sowing dates with recent census-based observa-
tions. Finally, we predict changes in optimal wheat sowing dates under
two future climate scenarios.

2. Methods and materials
2.1. The PC model

The original version of the PC model predicts wheat growth and yield
using three separate modules for phenological development, carbon
assimilation and carbon allocation (Qiao et al., 2020; Qiao et al., 2021).
The phenological development module was adapted from the global
vegetation model LPJmL4 (Schaphoff et al., 2018), which simulates
wheat growth with a phenological scalar (fpyy) that ranges from 0 at
sowing to 1 at harvest. The fpyy is temperature-dependent and is
calculated as the fraction of accumulated temperature to potential heat
requirements (PHU, °C days) from sowing to harvest:

foo =Y (T =T, / PHU M

1

where i is number of days after wheat sowing, T is air temperature
(°C), and Ty, is the lowest threshold of temperature for wheat growth. In
the original version of PC model, the value of PHU was calculated based
on prescribed sowing and harvest dates (Qiao et al., 2020). The
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phenological module also provides a scheme to predict the dynamics of
leaf area index (LAI). This scheme allows potential maximum LAI over
the wheat growing period to be interpolated to daily LAI, with leaf
development determined by the phenological scalar fpyy. The potential
maximum LAI is derived based on a mass-balance principle which takes
into account both carbon limitation and water limitation, and is the
lesser of a carbon- and water-limited value (Qiao et al., 2021).

The second module predicts wheat carbon assimilation using an
EEO-based gross primary production (GPP) model (P model: Stocker
et al.,, 2020; Wang et al., 2017b), which derives GPP from climatic
variables and CO; concentration. The P model combines the Farquhar-
von Caemmerer-Berry Cs photosynthesis model (Farquhar et al., 1980)
with two EEO hypotheses: the ‘least-cost’ (Prentice et al., 2014) and the
‘coordination” (Wang et al., 2017b) hypotheses, which allow the accli-
mation of stomatal behaviour and carboxylation to environmental var-
iations at weekly to monthly time scales to be taken into account
(Harrison et al., 2021; Jiang et al., 2020; Wang et al., 2017b).

The third module predicts the allocation of assimilated carbon to
aboveground biomass (AB), and then yield, using an empirical alloca-
tion scheme developed using global wheat observations (Qiao et al.,
2020; Qiao et al., 2021). A variable fraction of assimilated carbon is
allocated to AB, where this fraction is determined by soil moisture
conditions indexed by the ratio of actual to equilibrium evapotranspi-
ration (Qiao et al., 2021). Grain yields are then derived from AB based
on a saturating yield allocation equation fitted to data by non-linear
regression with cultivars as a random effect.

The development of the PC model to improve the prediction of wheat
phenology, appropriate sowing season and optimal sowing dates are
described in Sections 2.3 and 2.4 below.

2.2. Data description

Various different datasets were used for model improvement, to
drive model simulations, and for subsequent evaluation. Wheat pheno-
logical observations and high-resolution temperature data were used to
derive the response of PHU to environmental factors. Global data on
climate variables, CO2 concentration, wheat-growing areas and the
location of irrigated wheat were used to drive PC model simulations.
Census-based data sets on wheat sowing dates and wheat potential yield
globally were used to assess the PC model predictions.

2.2.1. Data for model development

A global dataset of wheat phenological observations at individual
sites, including wheat sowing and harvest dates, was compiled from the
Pan European Phenology project (Templ et al., 2018), the Chinese
Meteorological Administration (CMA: www.nmic.cn/data), the Kellogg
Biological Station (KBS: www.lter.kbs.msu.edu) and from published
papers (Table S1). The dataset includes 7106 agricultural sites located in
the major wheat planting regions of the world (Fig. S1) and contains
81,005 site-years of phenological observations. This global dataset of
wheat sowing and harvest dates was used to determine the wheat
growing period required to calculate the potential heat requirements
(PHU) over the growing period.

We derived temperature data from two data sets: CHELSA-W5ES5 and
E-OBS. The CHELSA-WS5ES dataset (Karger et al., 2021) is global in
extent and has a spatial resolution of ~1 km (30 arcsec) with daily
temporal resolution from 1979 to 2016. Some of the European sites had
phenological observations spanning a longer interval, and we extracted
temperature data for these sites and times from the E-OBS gridded
dataset (Cornes et al., 2018). The E-OBS dataset provide information for
Europe at a coarser resolution (0.1°) than CHELSA-W5ES but has daily
temporal resolution from 1950 to the present.

2.2.2. Input data for global simulations
For the simulations of historical (2000 CE) wheat sowing dates, we
obtained climatic variables from WFDES (Cucchi et al., 2020) at a spatial
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resolution of 0.5° between 1990 and 2000, specifically 2 m air tem-
perature (T, °C), atmospheric pressure (P,j;, Pa), 2 m specific humidity
(SH, kg kg’l), downward shortwave radiation flux (Rgy, W m~2), and
precipitation (rain and snowfall) rate (P, kg m~2s™1). The WFDES5 data
are at hourly temporal resolution and a daily value was calculated as the
mean of the hourly data over 24 h. For the simulations of the changes in
wheat sowing dates under future scenarios, the same climatic variables
between 2015 and 2100 were extracted from bias-corrected CMIP6
climate forcing provided by protocol 3b (Lange and Biichner, 2022) of
The Inter-Sectoral Impact Model Intercomparison Project (ISIMIP-3b).
These climatic variables are at a spatial resolution of 0.5° and a daily
temporal resolution. ISIMIP-3b provides climate forcing for three future
scenarios (SSP126, SSP370 and SSP585), including five primary CMIP6
climate models (GFDL-ESM4, MPI-ESM1-2-HR, MRI-ESM2-0, IPSL-
CM6A-LR and UKESM1-0-LL). We considered only two scenarios
(SSP126 and SSP370) as SSP585 is now considered implausible (Haus-
father and Peters, 2020).

We used these daily data to compute the variables required by the PC
model: vapour pressure deficit (VPD, Pa) and daily photosynthetic
photon flux density (PPFD, pmol m~2 s™!). VPD was calculated as the
difference between saturated vapour pressure and actual vapour pres-
sure using 2 m air temperature, atmospheric pressure and 2 m specific
humidity (Allen et al., 1998). PPFD was calculated from downward
shortwave radiation as PPFD = 3600 x 24 x 107° Ry, kgc, where kgc =
2.04 pmol J~1 (Meek et al., 1984) converts energy units (W m3) to
photon flux units (qumol m 2 s~1). The daily variables were preprocessed
to provide weekly inputs for the PC model. The weekly inputs were the
averages of the daily variables, except for PPFD which was summed over
the week. The global annual average CO; concentration for each year
was obtained from the US National Oceanic and Atmospheric Admin-
istration (NOAA: www.esrl.noaa.gov).

The wheat-growing areas were defined from the EARTHSTAT wheat
distribution map (www.earthstat.org), which was created by merging
census data with satellite-derived datasets (Ray et al., 2012). EARTH-
STAT provides the ratio of wheat areas harvested in each grid cell at
spatial resolution of ~0.083° and we resampled the spatial resolution to
0.5°. Information on whether the wheat was irrigated or not was derived
from the MIRCA2000 dataset (Portmann et al., 2010), which provides
the area of irrigated and rainfed wheat in each 0.5° grid cell where
wheat is grown. In grid cells with both irrigated and rainfed wheat, we
used the dominant type. Thus, if the ratio of irrigated to rainfed wheat in
any grid cell is >0.5, we assumed for modelling purposes that all the
wheat in that grid cell is irrigated.

2.2.3. Model evaluation data

We used two widely used global sources of data on wheat sowing
dates, MIRCA2000 (Portmann et al., 2010) and Sacks et al. (2010), as a
basis for creating a dataset to evaluate PC model simulations. Both data
sets provide information on a 0.5° grid for the period around 2000 CE.
The MIRCA2000 dataset gives the typical month of wheat sowing for
rainfed and irrigated wheat separately and also the area of wheat
planted in each month. The Sacks et al. (2010) data set gives information
about the length of the sowing period (including start date, dominant
sowing time and end date) for spring and winter wheat separately, but
does not separate rainfed and irrigated wheat. Both data sets use census
data from FAO and USDA, but differ in the sources of information used at
sub-national scale.

There are differences between the two data sets in the area where
wheat is grown, in part because the Sacks et al. (2010) data sets assumes
that wheat was grown in all grid cells within a sub-national adminis-
trative unit. Although MIRCA2000 provides the planted area in each
grid cell, the relatively coarse resolution means that there are differences
between this data set and the wheat-growing areas delineated in the
higher resolution (~0.083°) EARTHSTAT data set. We assumed that the
distribution of wheat-growing areas in EARTHSTAT was more reliable.
By comparing EARTHSTAT to the two wheat calendar maps, we
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identified grid cells erroneously indicated as places where wheat was
grown (Fig. S4) and removed these grid cells from the final data set. We
also identified places where there were inaccuracies in the wheat sowing
dates given in MIRCA2000 and Sacks et al., particularly for parts of
Russia, China and South America (Fig. S5b). We used country-specific
information from published papers and reports to correct these errors
(Table S2). The details of the correction procedure are given in Text S1
and Fig. S3. We used the data set produced after these corrections
(Fig. S5d) to validate PC model predictions of optimal wheat sowing
dates globally.

EARTHSTAT also provides gridded estimates of potential wheat yield
at ~0.083° spatial resolution for the period around 2000 CE (Mueller
et al., 2012). Potential wheat yield was derived from the global gridded
dataset of actual wheat yield based on climate zones defined by growing
degree days and a soil moisture index. Within each climate zone, po-
tential yield was estimated as the 95% quantile of all the actual yield
data. We aggregated this dataset from ~0.083° to the 0.5° grid by
weighting the wheat area in each grid and used this aggregated dataset
to evaluate model predictions of potential wheat yield.

2.3. The new phenological module

In this study, we extended the original phenological module by
improving the presentment of PHU to offset the dependency on wheat
calendar and simulate this value based on the response of PHU to
environmental factors. The length of the wheat growing period (from
sowing to harvest) is determined by the sowing date and the accumu-
lated heat requirement for wheat maturity. However, photoperiod and
accumulated chilling also affect wheat phenology and influence the PHU
required to reach maturity. We used day length (DL, hours) and the
number of days with temperature below 5 °C (DayBelow5, days) to
represent photoperiod and chilling accumulation, respectively. We
assumed a linear response of PHU to these two factors as follows:

PHU :fDL DL +fDﬂyBe]ow5 DayBelowS +0 2)

where PHU is the potential heat requirement, DL is the day length,
DayBelows5 is the number of days with temperature below 5 °C, fp;, and
fpayBelows are the sensitivity to DL and DayBelow5, respectively, and 9 is
a intercept.

We used the global wheat phenological observations dataset to
determine the wheat growing period and calculated PHU, DL and Day-
below5 based on wheat growing period, site location and air tempera-
ture. The PHU observations for each site-year were calculated as the sum
of the difference between air temperature (T) and the baseline temper-
ature (Tp) over the wheat growing period:

L
PHU = (T-T) 3)
1

where L is the length of growing period. DL was calculated using the
daylength function in the R package “geosphere” based on the latitude of
each site and sowing date in each year. DayBelow5 was calculated from
the first day with temperature below 5 °C to the last day with temper-
ature below 5 °C, using a 7-day moving average to minimise the effect of
short-term temperature fluctuations.

We performed OLS regression on PHU, DL and DayBelow5 to esti-
mate the parameters fpr, fpayselows and 0 in Eq. (2) for winter wheat and
foL, and 0 for spring wheat, respectively. We included separate PHU
response equations to predict wheat maturity for winter and spring
wheat. Specifically, we predicted PHU for winter wheat accounting for
dormancy as:

PHU = 135.54DL-7.7DayBelow5 + 1932.7 4

PHU was predicted for spring wheat, which does not have a
dormancy requirement, as:
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PHU = —197.79DL +4479.1 )

2.4. Prediction of optimal wheat sowing dates

2.4.1. Determination of sowing season

We used mean monthly temperature of the coldest month (MTCO)
and rainfall seasonality (represented by the difference between
maximum monthly rainfall and minimum monthly rainfall, DI) to
determine whether wheat would be planted in autumn or spring. We
used an MTCO threshold value of —10 °C to determine areas where cold
damage would exclude autumn sowing and an MTCO threshold value of
5 °C where autumn sowing would be precluded because of dormancy
constraints. The low MTCO threshold reflects physiological constraints
on wheat survival and the high MTCO threshold was determined ac-
cording to Waha et al. (2012) as the temperature threshold for the
sowing of spring wheat. This results in three temperature seasonality
categories: cold regions, characterized by MTCO less than —10 °C;
temperate regions, characterized by MTCO above —10 °C but less than
5 °C; warm regions, characterized by MTCO above 5 °C. Temperature is
not a constraint on wheat growth in warm regions, but some of these
regions are characterized by monsoonal climates where heavy rainfall
could damage the crop and sowing generally occurs after the monsoon.
We therefore subdivided the warm regions to separate out monsoon
regions, using a DI threshold of 150 mm recommended by Sperber et al.
(2013) and defining the monsoon season as the period when the relative
rainfall exceeds 5 mm day .

According to the sowing season, we determined the suitability of
climate conditions for wheat sowing. In cold regions, wheat is sown in
late spring and summer to avoid frost damage. Wheat sown in these
regions does not undergo dormancy, and the growing period finishes
when the requirement of accumulated temperature is satisfied. In
temperate regions, low winter temperatures induce dormancy. Wheat
can be planted at any time the temperature exceeds the dormancy
threshold, but wheat sown before the winter will undergo dormancy
under low temperature while wheat sown in spring will not. In warm
regions, temperature does not constrain the sowing date, but in
monsoon regions, where heavy rainfall would damage the plants, wheat
is sown when the summer monsoon retreats.

We calculated the average of MTCO and DI from 1990 to 2000 based
on gridded climatic data at 0.5° resolution obtained from WFDES5. The
global geographic variation of MTCO and precipitation over year are
shown in Fig. S2. Frequency distributions of MTCO and precipitation in
climatic space are also shown in Fig. S2.

2.4.2. Determination of optimal sowing dates

We assumed that optimal sowing dates correspond to maximum
grain yields, and estimated optimal sowing dates as follows: (1) we
assumed that wheat could be sown at any time when the climate con-
ditions are suitable and would be harvested when the potential heat
requirements (PHU) required are reached; (2) we then calculated the
grain yields corresponding to every potential sowing date. To examine
the impact of the low temperature and rainfall intensity constraints, we
ran three simulations: (1) without any additional constraint; (2) with the
MTCO constraint and (3) with both the MTCO and the rainfall intensity
constraint.

2.5. Prediction of the changes in optimal wheat sowing dates under future
scenarios

We calculated the mean value of each climate variables among five
primary climate models included in ISIMIP-3b for the two future sce-
narios considered. The mean climate forcing was used as the inputs of PC
model. We ran full simulations (with both the MTCO and rainfall in-
tensity constraint) to predict the optimal wheat sowing dates corre-
sponding to maximum grain yields from 2015 to 2100. The changes in
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wheat sowing dates were calculated as the differences between the
predicted wheat sowing dates in a given year and 2000 CE.

2.6. Prediction of potential yield driven by optimal sowing dates

We ran the PC model firstly using our revised census-based sowing
dates and secondly the predicted optimal sowing dates, but keeping all
other inputs the same, to predict potential wheat yield globally in 2000
CE. We compared the spatial patterns of these two predictions with the
EARTHSTAT benchmark for potential wheat yield and also compared
them each other to test the positive impacts involved in optimal sowing
dates.

3. Results
3.1. The response of PHU to environmental factors

Photoperiod (represented by DL) and chilling accumulation (repre-
sented by DayBelow5) explain ~59% variation of the PHU for winter
wheat (Fig. 1). Chilling accumulation reduces the thermal requirements
for maturity in winter wheat. DL explains ~41% of the variation in PHU
for spring wheat. The response of PHU to daylength is positive for winter
wheat, and negative for spring wheat.

3.2. Prediction of the wheat sowing season

The predicted distribution of wheat growing season, based on tem-
perature limits and rainfall intensity, broadly matches the observed
spatial distribution of winter and spring wheat types (Fig. 2 and S4).

3500 —

3000 —

2500 —

PHU (°C days)

2000 —

1500 —

DL (hours)

3000 —

2500 —

2000 —

PHU (°C days)

1500 —

DL (hours)

Agricultural Systems 206 (2023) 103608

30

-30

)/ ® cold m warm ° &

3 “"@ temperate @ monsoon
[ T T T T T T T T
-120 -80 -40 O 40 80 120 160

Fig. 2. Global distribution of seasonality types. Seasonality types are based
on the annual pattern of temperature and precipitation. Cold regions are
characterized by MTCO <—10 °C; temperate regions are characterized by
MTCO >-10 °C but <5 °C; warm regions are characterized by MTCO >5 °C;
monsoon regions are characterized by MTCO >5 °C with significant monsoon
cycles. Regions shown in white are areas where wheat is not grown. The pre-
dicted distribution can be compared to the observed census-based distribu-
tion (Fig. S4).

Cold regions are entirely dominated by spring wheat. Temperate regions
are mostly characterized by winter wheat, although discrepancies be-
tween the predicted and observed distribution occur where spring wheat

4000
3500
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2000 —
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1000

I I I I
50 100 150 200

DayBelow5 (days)

DL DayBelow5 intercept R?

WW  135.54 -7.7 1932.7 0.59

sSw -197.79 0 4479.1 0.41

Fig. 1. The response of potential heat requirements to environmental variables. The top two scatterplots show the response of winter wheat. The bottom
scatterplot shows the response of spring wheat. The sensitivity of each wheat type for each environmental variable is shown in the table. PHU is the accumulation of
temperature above 0 °C from sowing to harvest. DL is the day length when wheat is planted, calculated based on latitude and days of year. DayBelow5 is the number
of days with temperature <5 °C from wheat sowing to harvest. Winter wheat (WW) is a type of wheat that requires dormancy when the temperature is below the
temperature threshold. Spring wheat (SW) is a type of wheat that does not require dormancy. Here, MTCO over wheat growing period is used to separate winter

wheat (MTCO <5 °C) and spring wheat (MTCO >5 °C).
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is sown as part of a crop rotation. Both spring wheat and winter wheat
can be grown in warm regions, but the inclusion of the rainfall intensity
constraint is important in monsoon regions.

Agricultural Systems 206 (2023) 103608
3.3. Prediction of optimal wheat sowing dates
We compared the three PC model simulations with the observations

of wheat sowing dates (Fig. 3). The original version of the model,
without MTCO and rainfall intensity constraints, reproduces the spatial

0 30 60 90 120150180210240270300330360
Sowing dates (DOY)

-180 -120 -60 0 60 120 180
Difference (Days)
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(d2) &MTCO+Monsoon prediction

T 1 T K;
-120 -80 -40 0 40 80 120

1 ) L) T L) T
160 -120 -80 -40 0 40 80 120 160

Fig. 3. Comparison of predicted wheat sowing dates with observed wheat sowing dates. (a) corrected census-based wheat sowing dates; (b1) prediction
without any additional constraints; (c1) prediction with the constraint based on the monthly temperature of the coldest month (MTCO). (d1) prediction considering
both the rainfall intensity and MTCO constraint. (b2, ¢2 and d2) show the differences between the observations and predictions for each model.
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patterns in temperate and warm regions (Fig. 3a and b1), but not in cold
regions and most monsoon regions (Fig. 3b2). The predicted optimal
wheat sowing dates in cold regions are from August to September,
whereas the observations show sowing dates around April. In monsoon
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regions, the predicted sowing date is around the start of the monsoon
season (Fig. S6), whereas the observed sowing dates are at the end of the
monsoon season. The failure of the model in these regions confirms that
it is necessary to include some additional constraint to improve the

0 30 60 90 120150180210240270300330360
Sowing dates (DOY)

-30-25-20-15-10-5 0 5 10 15 20 25 30
Changes of sowing dates (Days)

SSP126, 2100-CE

-120 -80 -40 0 40 80 120 160 -120 -80 -40 0 40 80 120 160

Fig. 4. Predicted changes in optimal wheat sowing dates under two future sc

enarios. (a) wheat sowing date prediction in 2000 CE, as in Fig. 3d1; (b1-b3)

predicted changes under SSP126 compared with 2000 CE; (c1-¢3) predicted changes under SSP370 compared with 2000 CE. Changes are expressed as ten-year
averages (2020-2029 for 2030 CE, 2040-2049 for 2050 CE and 2090-2099 for 2100 CE). Negative values indicate advanced sowing dates, positive values indi-

cate delayed sowing dates.
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prediction. Inclusion of the MTCO constraint improves the realism of the
simulation in cold regions (Fig. 3cl and c2) and the inclusions of a
rainfall intensity constraint improves the realism of the simulation in
monsoon regions (Fig. 3d1 and d2), respectively. Predicted sowing dates
in cold regions are around April, as observed, and the difference in
timing between predictions and observations is reduced from more than
120 days to less than 30 days. In monsoon regions, the difference in
timing between predictions and observations is reduced from around
150 days to around 30 days. Differences between estimated and
observed sowing dates in the final model are less than one month (< 30
days) over most of the world (Fig. S7). Maximum errors occur in tropical
regions with large altitudinal gradients, such as Ethiopia, Bolivia and
Peru, where the difference between predicted and observed sowing
dates can be up to two months (Fig. 3d2).

3.4. Changes in optimal wheat sowing dates under future scenarios

Climate change will affect the global pattern of optimal wheat
sowing dates in the future (Fig. 4). Under the most “optimistic” scenario
(SSP126), global average temperatures increase slightly (no more than
2 °C) until the 2050s and then slowly decline (Fig. S9). Predicted optimal
wheat sowing dates are advanced in most wet areas (e.g. central and
eastern North America, western Europe, northeastern China and eastern
Australia) but delayed in areas with less water availability (e.g. central
and western Asia, northern and northwestern China, western Australia,
East Africa and some areas in Latin America). Similar variations are
found in the historical wheat sowing records (Collins and Chenu, 2021;
Ding et al., 2016; Fatima et al., 2020; Stephens and Lyons, 1998). Higher
temperatures are more likely to lead to later wheat sowing dates
(Fig. 4b2, compared to bl and b3). The fraction of grid cells with
delayed sowing dates increases with warming (Fig. S10). Under the
SSP126 scenario, grid cells with advanced sowing dates are dominant (>
50%) in the early 21st century, but as time goes on, grid cells with
delayed sowing dates begin to dominate. In the late 21st century, grid
cells with advanced sowing dates reassert dominance (Fig. 4b1-b3 and
Fig. S10a).

Under the more “pessimistic” scenario (SSP370), global average
temperatures rise rapidly (exceeding 5 °C by 2100, Fig. S9). Predicted
optimal wheat sowing dates are delayed in most regions (Fig. 4cl)
except for very limited areas (the extremely humid winter wheat zones,
for example, in western Europe and mid-eastern North America; and
some cold regions where wheat is sown in spring, for example, in
northwestern China, Kazakhstan and some Russian regions bordering
Kazakhstan) in the early 21st century (Fig. 4c1). The delays are furtherly
enhanced with increasing temperature (Fig. 4¢3, compared to c2 and
cl). By the end of 21st century (Fig. 4c3), predicted optimal sowing
dates in almost all areas are delayed to some extent, by around 20 days.
The statistics (Fig. S10b) show that grid cells with delayed sowing dates
are dominant (already >50% in the early 21st century, and increasing
over time to >80% by the end of 21st century) under the SSP370
scenario.

3.5. Prediction of potential yield

The simulation of wheat potential yield captures the spatial patterns
and also the magnitude of potential wheat yield as shown by EARTH-
STAT. Both identify regions with high potential yield (>6 t ha™') in
northern China, western Europe and eastern North America. They also
agree on regions with low potential wheat yield (<3 t ha’l) in Russia,
central America and parts of Australia. The pattern of the prediction
driven by optimal sowing dates is similar to the prediction driven by
revised census-based sowing dates in spatial pattern, but slightly larger
in magnitude (Fig. S8). The increase in potential yield is more pro-
nounced (>1 t ha_l) in regions with favorable climate conditions or
intensive irrigation, such as Europe, eastern North America and north-
ern China. The differences between the two simulations are smaller

Agricultural Systems 206 (2023) 103608

(<0.5tha Y in regions of rainfed wheat such as central Asia and central
America. Higher yields driven by optimal sowing dates implies the po-
tential of adjusting sowing dates to mitigate the adverse effects of future
climate change.

4. Discussion

We have shown that the inclusion of constraints associated with
winter chilling and photoperiod are necessary to estimate PHU
correctly. The importance of these two environmental factors for ther-
mal requirements has been shown from agronomic experiments (Aslam
etal., 2017; Villegas et al., 2016). Chilling reduces the PHU requirement
to reach maturity in winter wheat. However, photoperiod has opposite
effects on winter and spring wheat, increasing PHU for winter wheat and
decreasing PHU for spring wheat. Wheat is a long-day plant and the
physiological development rate is accelerated by higher temperatures
corresponding to extended daylength (Sheehan and Bentley, 2021). This
explains why spring wheat requires less PHU to reach maturity when it is
sown later in the spring. However, winter wheat is responsive to
vernalization, which requires a period of cold days, to make the tran-
sition from vegetative to reproductive development (Hyles et al., 2020;
Sheehan and Bentley, 2021). Winter wheat sown earlier in the autumn,
with longer daylength, will remain vegetative until the vernalization
requirement has been satisfied (Sheehan and Bentley, 2021). This delays
reproductive development, so that a greater thermal accumulation is
required to reach maturity. In addition, saturation of vernalization is the
prerequisite for winter wheat to flower, which reduces the time to
flowering (Eagles et al., 2009; Hyles et al., 2020; Trevaskis, 2010). This
explains why chilling accumulation, an index for vernalization, reduces
the PHU required to reach maturity in winter wheat.

Additional constraints are required to predict the optimal sowing
season, specifically winter temperature and rainfall intensity. Previous
studies confirm that temperature is important because of threshold re-
quirements for dormancy and vernalization (Waha et al., 2012) as well
as for minimising the possibility for frost damage (Kotsuki and Tanaka,
2015). In addition to the direct damage caused by heavy rain (Mathison
et al., 2018), intense rains can impede physiological processes such as
flowering (Chen et al., 2020; Flohr et al., 2017) and pollination (Zhang
et al.,, 2016). We have shown that low temperatures, as indexed by
MTCO below —10 °C, are sufficient to exclude the growth of winter
wheat and favour the sowing of spring wheat as observed in these cold
regions. We have also shown that the timing of sowing in regions with
high rainfall seasonality, such as tropical regions with monsoon cli-
mates, is optimised to ensure that plants are not damaged by heavy
rains. Including a rainfall seasonality threshold allows us to predict that
the optimal sowing season is during the retreat of the monsoon, as
observed. This confirms the hypothesis that the sowing dates adopted by
farmers are generally approximately optimal for local climatic condi-
tions, an idea which underpins the use of a crop calendar for modelling
but has not been extensively tested (Lilley et al., 2019; Stehfest et al.,
2007).

We have used the improved PC model, incorporating these con-
straints, to predict optimal sowing dates for wheat as a function of
climate. Comparison with observed sowing dates show that the model
reproduces the observed timing of sowing reasonably well, with differ-
ences that are less than 30 days across most of the world. Differences are
largest in regions where the temperature seasonality is small and soil
moisture conditions are favorable for wheat growth throughout the
year. Then the wheat sowing season can span a long period (lizumi et al.,
2019) and, since the farmers are mostly smallholders (Cohn et al., 2017),
the timing of sowing is influenced by individual decisions and resources
(Gollin, 2014). These are also regions where multiple crops are grown in
the year, so that the aim is to maximise the total yield of all crops and the
sowing of wheat may therefore not always be at the optimal time for that
crop alone. Substantial differences between model predictions and
census-based observations of sowing dates are also found in regions with
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large differences in climate associated with elevation. These differences
are likely due to the fact that the census-based observations are based on
information at the scale of an administrative unit and do not capture the
variability in climate, and therefore sowing dates, in regions with high
topographic diversity (Kotsuki and Tanaka, 2015).

Optimal sowing dates are predicted here to change considerably
under future scenarios. Early sowing can extend the growth period of
wheat to some extent, but it can also lead to moisture stress because
spring and autumn are not moisture-rich seasons for wheat cultivation in
most wheat-growing regions (Fatima et al., 2020; Ren et al., 2019).
Therefore, there is a need to balance water availability with the exten-
sion in the length of the growth season (Fatima et al., 2020; Liu et al.,
2018). Slight warming (SSP126) favors earlier wheat sowing in areas
with good water availability, to offset the effects of faster phenological
development (Wang et al., 2020); but delays optimal wheat sowing in
drier regions where it is critical to ensure that key physiological stages,
including flowering and grain filling, occur in a period with enough
water (Fatima et al., 2020). However, large warming (e.g. SSP370)
generally leads to a delayed optimal sowing date, for two reasons. Firstly
a large warming, on the one hand, exacerbates water stress on wheat
growth and, on the other hand, accelerates phenological development,
shortening the growth season. Delaying the sowing date shifts the
growing season to a period of stronger radiation and more precipitation,
offsetting to some extent the negative impact of warming on yield
(Fatima et al., 2020). Secondly, for winter wheat, the temperature
should drop to a certain threshold before sowing in autumn (Sacks et al.,
2010). The prediction of changes in optimal wheat sowing dates in this
study involves a balance among multiple climatic variable to ensure the
highest wheat yields, suggesting a key role for phenological adjustment
in mitigating the potentially adverse effects of climate change.

The comparison of PC model predictions of potential yield compares
well with the EARTHSTAT observations of potential yield in 2000 CE,
both in terms of spatial patterns and in overall magnitude. This suggests
that the adoption of an EEO-based approach to simulating crop yield
could substantially reduce the current uncertainty of assessments of the
impact of future climate changes on crops. It would be useful to extend
this approach to other major crop types, given its relative simplicity.

Climate change is already affecting regional climates and is seen as a
threat to global food security (Hasegawa et al., 2018; Rosenzweig et al.,
2014). Global warming is already having adverse effects on wheat
production, including shortening the life cycle (Farooq et al., 2011;
Lobell et al., 2012), increasing stress during the growing season (Tack
etal., 2015), decreasing grain yield (Lesk et al., 2021; Perry et al., 2020),
and increasing damage by pests and diseases (Deutsch et al., 2018; Wang
et al., 2022). Increases in precipitation variability are also having
adverse effects on wheat yield (Feng et al., 2018; Latiri et al., 2010). The
adaption of management strategies, such as increasing irrigation or
using cultivars with high heat-tolerance, are one way of mitigating the
impacts of climate change (Aggarwal et al., 2019; Beveridge et al.,
2018), but such technological solutions raise the cost of crop production
and the benefits vary depending on local climate and soil conditions.
Adjusting sowing dates to ensure that key physiological stages, such as
flowering and grain filling, occur in the optimal window (Flohr et al.,
2017) under a changing climate could provide an alternative way to
combat the negative effects of climate change (Sandhu et al., 2020).
Indeed, studies have shown that changes in sowing dates can prolong
wheat growth (Mueller et al., 2015) and boost wheat yield (Hunt et al.,
2019) despite ongoing climate change. Recent shifts in observed sowing
dates (Lobell et al., 2013; Olesen et al., 2012) suggest that farmers are
already adjusting their management practices in this way. However, it is
unclear whether changes in the season of sowing will be required or
indeed whether sufficient adjustments could be made to sowing dates to
cope with future climate changes. Crop models that impose a plant
calendar are obviously not ideal for investigating this, but the
optimality-based approach used in the PC model could be used to predict
optimal wheat sowing dates under different future climate scenarios and
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thus provide a more secure basis for assessments of the need and po-
tential of changing management practices to mitigate the negative im-
pacts of climate change on crop growth.

5. Conclusions

The thermal requirements for wheat maturity are affected by
photoperiod and chilling accumulation, with different responses to
photoperiod depending on whether vernalization and dormancy are
required. Our optimality-based modelling approach including these two
constraints, and reproduces both the observed spatial patterns for the
timing of sowing and the spatial patterns and magnitude of potential
wheat yield in the 2000 CE benchmark provided by EARTHSTAT. Our
predictions under future scenarios indicates that optimal dates for wheat
sowing will become earlier in wet areas but later in dry regions under
slight warming, while greater warming favors delayed wheat sowing in
most of the current wheat-growing areas. The good performance of the
revised PC model suggests that this approach could be used to estimate
optimal sowing times for crops in response to future climate change
scenarios, and thus provide a basis for farmers to adjust their manage-
ment practices to optimise yields in a changing climate.
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