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ABSTRACT: This study developed an approach to determine the potential impact of climate
change on soybean yield for 2025 and 2050 projections by combining the statistical downscaling
model SimCLIM with the crop simulation model CSM-CROPGRO-Soybean. SimCLIM is an integrated assessment model (IAM) which can provide site-specific projections by using statistical
downscaling based on 21 general circulation models (GCMs) and 6 greenhouse gas emission scenarios. The response of rainfed and irrigated soybean growth and yield to climate patterns based
on 3 GCMs and 6 emission scenarios was investigated. Tifton, Georgia, USA (31.48° N, 83.53° W)
was selected as an example location. The increase in temperature caused the number of days to
maturity to decrease by 1.8 d for 2025 and by 2.3 d for 2050 compared to the reference years for
both rainfed and irrigated conditions; however, later planted soybean showed a lower decrease.
Increases in precipitation during the soybean growing season and in CO2 concentration led to projected yield increases of 6 to 22% for 2025 and 8 to 35% for 2050 for rainfed conditions. Projected
increases for irrigated soybean yield were about 1 to 12% less than for rainfed soya. Generally,
Tifton is suitable for both rainfed and irrigated soybean planting based on projections by the 3
GCMs. Farmers might have to shift the planting date to after June 5 to avoid potential heat
stress. The cultivars that are suitable for rainfed conditions include AG6702 and S80-P2, while
DP5634RR, DP5915RR, and AG6702 are more suitable for irrigated conditions.
KEY WORDS: Phenology · Grain yield · General Circulation Model · DSSAT · Rainfed · Irrigated ·
Climate change
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Soybean is a major crop in the southeastern USA in
terms of acreage, production, and export. Numerous
scientific studies indicate that the climate is changing
(Alley et al. 2003, IPCC 2007, 2013, Trenberth 2011)
and agriculture is vulnerable to the expected change
in future climate conditions (Rosenzweig et al. 2007,
Ainsworth & Ort 2010, Sakurai et al. 2011). Several
studies have been conducted to determine the vulnerability of soybean production to climate change,
including in the southeastern USA where agriculture
is a dominant economic sector. Those projections

were analyzed by coupling projections of general circulation models (GCMs) or regional climate models
(RCMs) with the cropping system model CSMCROPGRO-Soybean model and earlier versions of
this model. Curry et al. (1995) used climate models
developed by the Goddard Institute for Space Studies (GISS), the Geophysical Fluid Dynamics Laboratory (GFDL), and the United Kingdom Meteorological Office (UKMO) to evaluate rainfed and irrigated
soybean production under future climate change.
Alexandrov & Hoogenboom (2000) assessed the vulnerability and adaptation of agricultural crops under
climate change projections based on 12 GCMs.
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Mearns et al. (2003) examined the performance of the
Commonwealth Scientific and Industrial Research
Organisation (CSIRO) model, a GCM, and the RCM
RegCM2, and then applied those 2 climate models
for projecting soybean production (Carbone et al.
2003). All these studies were conducted based on 2
assumed gas emission scenarios, a control scenario in
which the CO2 concentration does not change, and
a scenario with elevated CO2 concentration.
Although these studies addressed the potential
effects of climate change on soybean production,
they had 3 limitations. The first limitation was the
mismatch in spatial scale between the outputs of climate models and the inputs required for crop models.
These studies assumed that the large grid of a GCM
or RCM was uniform and the simulations from a crop
model for one location could represent the entire
grid. However, it has been widely recognized that
the GCMs were not designed to make projections at
a regional scale (Carbone et al. 2003, Christensen
et al. 2007), while the spatial resolution of RCMs such
as the RegCM2 at 50 × 50 km is more appropriate
(Mearns et al. 2003). Mearns et al. (2003) examined
the performance of the GCMs and RCMs by comparing their present-day projections with global or
regional scale aggregations of observed weather
data (Rivington et al. 2008). They found that the
CSIRO and RegCM2 models generated different projections for the southeastern USA. Impact studies for
the southeastern USA also showed that projections
from climate models with different spatial scales
could affect predictions for crop production. (Carbone et al. 2003, Doherty et al. 2003, Tsvetsinskaya et
al. 2003). Since the uncertainty introduced into system
model estimates due to weather data sources can be
significant (Rivington et al. 2006), it is important to
develop future climate projections for a specific location that match the local input requirements for crop
simulation models.
The second limitation affecting most of the previous studies was the narrow range future climate patterns represented: the assumption was that the CO2
concentration would either not change or would double in the future. However, the scenarios that cover a
wide range of values for the main driving forces for
the future gas emissions, ranging from demographic
to technological and economic developments, are
provided by the Special Report on Emissions Scenarios (SRES) (Nakicenovic & Swart, 2000) and were
used for the Fourth Assessment Report (AR4) of Intergovernmental Panel on Climate Change (IPCC). The
third limitation was that none of these previous studies provided sufficient rationale for the selection of

the GCMs for the regional climate change studies.
The overall goal of this study was to develop an
approach to predict the effects of climate change on
soybean production for a specific location in the
southeastern USA. The objectives were (1) to select
appropriate GCMs for projection of the future climate patterns for Tifton (31.48° N, 83.53° W), Georgia,
(2) to determine the impact of climate change on soybean production for projections for 2025 and 2050,
and (3) to evaluate alternate crop management options
for adaptation.

2. METHODOLOGY
2.1. Climate model
SimCLIM is an integrated assessment model (IAM)
that was originally developed to enable integrated assessments of the effects of climate change on New
Zealand’s environment (Kenny et al. 1995). A bilinear interpolation (R. Warrick pers. comm.) was applied by SimCLIM to downscale the outputs of 21
GCMs (see Table S1 in the Supplement at www.intres.com/articles/suppl/c063p073_supp.pdf) to national, regional, local, and site-specific scales for many
countries across the world, including the USA. The
highest resolution for the spatial scales is 1 × 1 km.
The baseline data for SimCLIM span the period from
1961 to 1990. The climate projections for different
spatial scales can be generated from 1991 to 2100.
The effects of gas emissions are analyzed using the
IPCC Special Report on Emissions Scenarios (SRES)
greenhouse gas emissions scenarios A1B, A1FI, A1T,
A2, B1, and B2 as inputs for SimCLIM. The sitespecific scale of SimCLIM was designed to address
questions relating to smaller-scale effects of climate
change on agricultural and climatological risk (Kenny
et al. 2001a). This has the important benefit of allowing the user to match space and time scales between
outputs from GCMs and input requirements for impact
assessments such as crop models (Semenov & Barrow
1997).
SimCLIM has been used to assist in climate impact
studies for various sectors including water supply
(Warrick 2007), agriculture (Kenny et al. 2000, 2001b),
ecosystems (Storey 2009), and coastal zones (Abuodha
2009). Specific potential effects of climate change
on fruit phenology and production (Austin & Hall
2001, Hall et al. 2001), crop production (Jamieson &
Cloughley 2001), pasture management (Clark et al.
2001), soil and land systems (Parshotam & Tate 2001),
regional resources (Kenny et al. 2001c), and sea-level
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rise (Warrick et al. 2005) were determined for
New Zealand. SimCLIM has also been coupled with
several impact models for horticultural and arable
crops, as well as for pasture production (Warrick et
al. 1996, Warrick 2009).

2.2. Climate model selection
To be able to apply future climate projections to regional or local impact studies, the appropriate GCM
should first be selected (Coquard et al. 2004, Brekke
et al. 2008, Pierce et al. 2009). Use of a single GCM restricts the projections to a narrow range; however, the
number of GCMs that can be used is limited by resource constraints (Hulme et al. 2000). For this study,
3 GCMs were selected based on the following criteria.
A widely accepted assumption for the evaluation of
the accuracy of climate models is that if a climate
model can predict the current climate accurately, it
will also provide accurate predictions for future climate projections (Coquard et al. 2004). The selection
of a GCM for regional climate change studies is also
often based on the quality of the simulated regional
climate (Pierce et al. 2009). Thus the first criterion was
to select the GCM with projections closest to the observed historical weather data for the study location.
The use of an average of multiple models to calculate
projections was adopted by IPCC for their AR4 (Meehl
et al. 2007). This also has been a common approach
for applying the output of GCMs to impact studies
(Seager et al. 2007, Pierce et al. 2009). Thus the
second criterion was to select the GCM with projections closest to the average of the 21 GCM projections
(Table S1 in the Supplement). The third criterion was
to select the GGM that has been used most frequently
in impact studies based on SimCLIM. This was the
UKMO-HadCM3 GCM (hereafter ‘UKMO’) (Kenny et
al. 2001a, Warrick 2007).
Climate model selection was performed by examining localized projections from SimCLIM based on
21 GCMs. The projections of monthly precipitation
and mean temperature from SimCLIM for the period
1991 to 2008 for Tifton were compared with observed
data to select the first GCM. A single SRES scenario
(A1B) was used for the GCM selection because it has
been used frequently for agricultural impact studies
(Backlund et al. 2008). Daily observed precipitation,
maximum temperature, and minimum temperature
for Tifton for the same period (1991−2008) were obtained from the National Climatic Data Center (NCDC)
(Garcia y Garcia & Hoogenboom 2005). Since all projected climate data were provided as monthly values
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for each year from 1991 to 2008, the monthly total
precipitation and monthly average for mean temperature were calculated for the observed data for each
year. Total monthly precipitation was the sum of the
daily precipitation of a month, and average mean
temperature was the mean of daily maximum and
minimum temperatures for a 1 mo period.
The projected climate data were compared to the
observed monthly data to determine the accuracy of
SimCLIM in reproducing the present-day climate
from 1991 to 2008. Two methods were applied to test
the differences between the projected and observed
monthly precipitation and mean temperature. The
first method was the 2-tail Kolmogorov-Smirnov (KS)
test with a 95% confidence level. The second method
was to calculate the deviation from observed data for
each of the 21 GCMs. In order to conduct the KS test,
the 18 yr average (1991−2008) of the monthly precipitation and mean temperature were calculated for projected data from each of the 21 GCMs and compared
with the observed data. For example, the average
monthly precipitation in January was the average of
monthly precipitation based on 18 yr from 1991 to 2008.
Finally, the deviation of each GCM from the average
of 21 GCMs was calculated to select the second GCM.

2.3. Soybean yield prediction
The CSM-CROPGRO-Soybean model simulates the
plant and soil carbon, water, and nitrogen balances for
soybean (Hoogenboom et al. 1992, Jones et al. 2003)
based on crop genetics, including cultivar-specific parameters or cultivar coefficients, and is one of the crop
models included in the Decision Support System for
Agrotechnology Transfer (DSSAT) (Jones et al. 2003,
Hoogenboom et al. 2004). The CSM-CROPGRO-Soybean model has been evaluated extensively for predicting yield and response to genetic traits and management inputs in the southeastern USA (Mavromatis
et al. 2001, 2002, Nijbroek et al. 2003, Garcia y Garcia
et al. 2010). DSSAT Version 4.5.0.2 (Hoogenboom et al.
2011) was used in this study to simulate growth, development and yield under both rainfed and irrigated
conditions for the reference years and for the 2025 and
2050 climate change projections. The years 2025 and
2050 were selected because many natural resources,
planning and management activities already use time
scales of 25 to 50 yr for long-term investment planning
and climate change projections for the next few
decades are relatively certain (Hatfield et al. 2008).
Initial conditions, soil data, crop management, and
weather data are the minimum input requirements
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for crop model operations (Hunt & Boote 1998,
Hoogenboom et al. 2012). Initial conditions have a
large impact on early soybean growth and development. For initial conditions, the previous crop was
defined as soybean; crop initial residue was 1000 kg
ha−1 with a nitrogen concentration of 0.8% incorporated at a depth of 15 cm, while root residue was
100 kg ha−1. The local soil profile data was defined as
a Tifton sandy loam (fine-loamy, siliceous, thermic
Plinthic Paleudult), which is a common soil in the
coastal plains of Georgia (Perkins et al. 1986). Crop
management was set to a plant population at seeding
and emergence of 34 plants m−2, a row spacing of
76 cm, and a planting depth of 5 cm based on the soybean performance tests from the University of Georgia (UGA) College of Agricultural & Environmental
Science (CAES) Statewide Variety Testing (SWVT)
program (Day et al. 2008). For irrigation management, the automatic irrigation option was used based
on a management depth of 30 cm and a threshold of
50% of available soil moisture (Salazar et al. 2012).
The weather inputs for the DSSAT crop simulation
models include daily precipitation, maximum and
minimum temperature, and solar radiation. The longterm historical weather data for the period 1923 to
2008 were obtained from NCDC. However, this data
set only includes precipitation and maximum and minimum temperatures. Therefore, the modified Weather
Generator for Solar Radiation (WGENR) was used to
generate the solar radiation based on a multivariate
stochastic process using maximum and minimum temperature and precipitation as inputs (Garcia y Garcia
& Hoogenboom 2005, Garcia y Garcia et al. 2008).
SimCLIM can only provide climate data as monthly
values, but daily data are required as inputs for a
dynamic crop simulation model. In this study, the
changes between projected and baseline climate
data were applied to modify reference daily observed
data and to get the daily data for 2025 and 2050 projections. For instance, the daily data for 2025 projections were obtained as follows. First, the changes
between projection and the baseline (1961−1990),
were calculated for monthly precipitation and mean
temperature. Then the changes in precipitation and
mean temperature were either multiplied or added
to climate data for the reference period i.e. (1923−
2008), using Environmental Modifications, a routine
in the DSSAT file management structure. The obtained climate data were the 2025 projections. A total
of 18 projections were obtained based on the 3 selected GCMs and 6 standard SRES scenarios, i.e.
A1B, A1FI, A1T, A2, B1, and B2, for both the 2025
and 2050 projections, as follows:

Precipitationi,j,k = Precipitation (Reference)j,k ×
(1 + ΔPrecipitationi,j )

(1)

where i is 2025 or 2050, j is the month of a year from
1 to 12, k is day of a month from 1 to 28 or 29 for
February, 1 to 30 for April, June, September, and
November, and 1 to 31 for the remaining months of a
year, and ΔPrecipitationi,j is the percentage change
in monthly precipitation for 2025 or 2050 compared
to the baseline. The reference weather data spanned
the period from 1923 to 2008 as discussed previously.
Eqs (2) and (3) below describe the changes for the
daily maximum and minimum temperature for 2025
and 2050, respectively:
Max Temperaturei,j,k = Max Temperature (reference)j,k
+ ΔMean Temperaturei,j
(2)
Min Temperaturei,j,k = Min Temperature (reference)j,k
+ ΔMean Temperaturei,j
(3)
where i is the change in monthly mean temperature
for 2025 or 2050 from the baseline. It was assumed
that the daily change in precipitation and temperature
was the same for an entire 1 mo period. Since the reference years contained 86 different growing seasons,
the daily weather data for the 2025 and 2050 projections also included 86 different growing seasons to
account for the inherent annual weather variability.
Because the CO2 concentration affects soybean
growth and yield significantly (Ainsworth et al. 2002),
the increase in CO2 concentration (Table S2 in the
Supplement) was considered for simulating soybean
yield for 2025 and 2050 projections.
Four planting dates (May 5, May 15, May 25, and
June 5) and 6 cultivars (DP5634RR, DP5915RR,
AG6702, AGS758RR, DP7220RR, and S80-P2) were
selected for analyzing the effects of climate change.
The genetic coefficients for the 6 cultivars were obtained from a previous study (Bao et al. 2015) as
shown in Table 1. For the final analysis, the number
of days to maturity and grain yield were determined
for the reference years and for 2025 and 2050 projections. Possible adaptation strategies were identified
for potential soybean planting at Tifton for 2025 and
2050 projections based on the impact analysis component of this study.

3. RESULTS
3.1. Climate model selection
In order to select the GCM that most closely represented the observed data, the differences of projected monthly precipitation and mean temperature
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Table 1. Maturity group and genetic coefficients for the 6 cultivars used to study the effects of climate change on soybean production in southeastern USA. EMFL: time between plant emergence and flower appearance (photothermal day, hereafter ‘d’);
FLSH: time between first flower and first pod (d); FLSD: time between first flower and first seed (d); SDPM: time between
first seed and physiological maturity (d); LFMAX: maximum leaf photosynthesis rate at 30°C, 350 ppm CO2, and high light
(mg CO2 m−2 s−1); WTPSD: maximum weight per seed (g); SFDUR: seed filling duration for pod cohort at standard growth conditions (d); SDPDV: average number of seeds per pod under standard growing conditions; PODUR: time required for cultivar
to reach final pod load under optimal conditions (d)
Maturity group

Cultivar

EMFL

FLSH

FLSD

SDPM

LFMAX

WTPSD

SFDUR

SDPDV

PODUR

MG V

DP5634RR
DP5915RR
AG6702
AGS758RR
DP7220RR
S80-P2

22.88
24.17
24.29
23.5
23.54
21.33

12.32
14.51
15.61
12.32
12.18
9.8

23.87
28.12
27.76
19.71
19.49
15.68

34.9
33.57
36.83
38.45
36.63
38.31

0.8641
1.076
0.9259
0.825
0.825
0.825

0.1895
0.1895
0.1895
0.1701
0.1701
0.1898

25.95
22.73
25.96
20.01
20
25.98

2.045
2.045
2.045
2.045
2.045
2.433

12.49
12.49
12.49
10.69
7.505
10.05

MG VI
MG VII
MG VIII

for each GCM from the observed data during 1991 to
2008 were analyzed based on the KS test. The projected monthly precipitation from the 21 GCMs was
not significantly different from observed at a 95%
confidence level except for IPSL-CM4 and ECHAM5/
MPI-OM (Table S1 in the Supplement). The maximum difference between projected and observed precipitation using the D-values of the KS test ranged
from 0.0645 for GISS-EH (hereafter GISS) to 0.2473
for ECHAM5/MPI-OM. The projected monthly mean
temperature from the 21 GCMs was not significantly
different from the observed temperature at a 95%
confidence level (Table S1). The D-value was 0.0556
for all GCMs, while 0.1111 for IPSL-CM4. The projections for monthly precipitation and mean temperature based on GISS were considered to be the closest to the observed data since the D-values for this
GCM were the smallest.
The second criterion used to select the GCM that
best represented the observed data was the difference of the monthly precipitation and mean temperature projections from the observed data during
1991 to 2008. It was assumed that the GCM with a
deviation that was closest to 0 would represent the
observed data the best. However, there was no clear
difference among the 21 GCMs, especially for monthly
precipitation (Fig. S1 in the Supplement at www.intres.com/articles/suppl/c063p073_supp.pdf). The deviations for monthly precipitation for GISS, which
was selected based on the KS test discussed previously, were 22 mm for April, 42 mm for May, from 10
to 19 mm for February, March, June, August, September, October, and December, and < 6 mm for the
remaining months of the year.
In general, the deviation of the projected monthly
mean temperature for the 21 GCMs from the observed data for 1991 to 2008 ranged from −0.45 to
0.83°C, but UKMO showed a difference of 2.2°C for

January (Fig. S2). Temperature differences for GISS,
which was selected based on the KS test, were 0.65°C
for April, from 0.1 to 0.3°C for June, July, November,
and December, and <0.09°C for the remaining months.
The difference of the monthly precipitation and
mean temperature for each of the 21 GCMs from the
average of the 21 GCMs was the criterion for selecting the second GCM. The GCM with the smallest differences for the 12 months was selected. The GCMs
whose monthly precipitation values differed least
with from the average (by <1 mm for most of the 12
months) were CSIRO-Mk3.5, MRI-CGCM2.3.2 (hereafter MRI), PCM, and UKMO (Fig. S3). The smallest
differences in monthly mean temperature from the
average (< 0.1°C for most of the 12 months) were
found for MRIOC3.2 (hi-res), ECHAM5/MPI-OM and
MRI (Fig. S4). Based on this analysis, MRI was
selected as having the smallest difference for both
monthly total precipitation and mean temperature.

3.2. Climate projections for 2025 and 2050
The projections for monthly precipitation (Fig. 1) and
mean temperature (Fig. 2) for 2025 and 2050 were
generated with SimCLIM based on the previously
selected 3 GCMs, i.e. GISS), MRI, and UKMO and
the 6 SRES scenarios A1B, A1FI, A1T, A2, B1, and B2.
The projections of GISS for precipitation varied by
month, year, and climate change scenario for both the
2025 and 2050 projections (Fig. 1). In general, the
trend for the change in precipitation for 2050 was
similar for a given month compared to change for the
same month for 2025, but with a larger change for
2050. For example, projected precipitation based on
GISS decreased in January for both 2025 and 2050,
but with a larger decrease in 2050. Among the 6 scenarios, the precipitation projections for 2025 based on
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Fig. 1. Change (%) in monthly precipitation in the study area (southeastern USA) projected for 2025 and 2050 by 3 selected
global climate models (GCMs), i.e. GISS-EH, MRI-CGCM2.3.2, and UKMO-HadCM3, compared to the baseline (1961−1990)

the A1T scenario changed the most, followed by B2
and A1FI, and then A1B, A2, and B1. For 2050, the
change in precipitation was the highest based on the
A1FI scenario, followed by A1T and A1B, and then
A2 and B2, and smallest change for B1. The differences among scenarios were larger for 2050 than for
2025. The GISS projections of precipitation for 2025
showed a decrease compared to the baseline of −12 to
−15% for January, −5 to −6% for March, and −1% for
April. By contrast, precipitation for 2025 was projected to increase by 1 to 4% for February, May, June,
August, and October and by 10 to 13% for July,
September, November, and December for 2025. The
differences among scenarios were no more than 3%
for 2025. The GISS projections of changes in precipitation from the baseline for 2050 ranged from −21 to
−34% for January, −11% for March, −2% for April,
1 to 10% for February, May, June, August, and October, and 16 to 30% for the remaining months. The
differences among scenarios were approximately 14%
for 2050.

MRI projections of changes in precipitation differed from those of GISS (Fig. 1). For MRI, projected
changes in precipitation changes were around
−1.4% −3% for July for 2025 and 2050 respectively.
The changes in precipitation for March, April, June,
August, September, and October ranged from 1 to
4% for 2025 and from 1 to 10% for 2050; while
changes for January, February, November, and December ranged from 5 to 12% for 2025 and from 10 to
30% for 2050. There was no change for May for
either 2025 and 2050. The differences among scenarios
were approximately 3% for 2025 and 11% for 2050.
Compared with GISS and MRI, the changes in precipitation based on UKMO were smaller (Fig. 1). The
changes in precipitation for February were −4% for
2025 and ranged from −6 to −10% for 2050. Precipitation did not change for March, June, and September for 2025 and 2050, while for the remaining
months differences ranged from 1 to 10% for 2025
and from 1 to 23% for 2050. The differences among
scenarios were 1% for 2025 and 6% for 2050.
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Fig. 2. Change (°C) in monthly mean temperature in the study area (southeastern USA) projected for 2025 and 2050 by 3 selected
global climate models (GCMs), i.e. GISS-EH, MRI-CGCM2.3.2, and UKMO-HadCM3, compared to the baseline (1961−1990)

The change in monthly mean temperature for 2025
and 2050 also varied by month, year, GCM, and scenario. However, the monthly mean temperature
increased for all 12 months for both 2025 and 2050
projections (Fig. 2). In general, the increase in
monthly mean temperature was, as expected, larger
for 2050 than for 2025. The increase in temperature
based on GISS was the largest, followed by UKMO,
and then MRI. Among the 6 scenarios, the monthly
mean temperature projection for 2025 based on the
A1T scenario increased most, followed by B2 and
A1FI, and then the A1B, A2, and B1 scenarios. For
2050, the largest change in monthly mean temperature was based on the A1FI scenario, followed by
A1T and A1B, and then the A2 and B2 scenarios,
while the smallest change was found for the B1 scenario. The differences among scenarios were larger
for 2050 than for 2025. The increase in the monthly
mean temperature ranged from 1 to 2°C for 2025 and
from 2 to 5°C for 2050 based on GISS; from 0.5 to
1.5°C for 2025 and from 0.8 to 3°C for 2050 based on
MRI; and from 0.7 to 1.4°C for 2025 and 1.2 to 2.8°C
for 2050 based on UKMO. The differences among

scenarios were 0.4°C for 2025 and 1.9°C for 2050 for
GISS, 0.3°C for 2025 and 1.3°C for 2050 for MRI, and
0.2°C for 2025 and 0.8°C for 2050 for UKMO.

3.3. Soybean yield projections
3.3.1. Rainfed and irrigated soybean yield for
1923 to 2008
The CSM-CROPGRO-Soybean model was used to
simulate soybean growth, development, and yield
for 6 cultivars (i.e. DP5634RR, DP5915RR, AG6702,
AGS758RR, DP7220RR, and S80-P2) for irrigated and
rainfed conditions. Planting dates for the reference
years (1923−2008) were May 5, May 15, May 25, and
June 5 (Table 2). For rainfed conditions, the number
of days to maturity was 1 to 4 d fewer than for irrigated conditions, but the number of days to maturity
of cultivar DP5915RR planted on May 5 and May 15
was the same for both rainfed and irrigated conditions. For later planted soybean, the number of days
to maturity was about 15 to 23 d fewer than for the
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Table 2. Simulated number of days from planting to maturity and grain yield for 6 soybean cultivars (see Table 1) as a function of
planting date, for rainfed (R) and irrigated (I) conditions, for 1923 through 2008 (reference years) using observed weather data
Cultivar
5 May (R)

5 May (I)

No. of days from planting to maturity
DP5634RR
135
137
DP5915RR
141
141
AG6702
155
156
AGS758RR
157
160
DP7220RR
155
157
S80-P2
163
167
Yield (kg ha−1)
DP5634RR
1269
3060
DP5915RR
1461
3534
AG6702
1424
3595
AGS758RR
1365
3632
DP7220RR
1448
3669
S80-P2
1366
3861

15 May (R)

Planting date
15 May (I)
25 May (R)

25 May (I)

5 June (R)

5 June (I)

130
136
149
150
148
155

131
136
151
153
151
159

125
131
144
144
142
148

127
132
145
147
144
152

120
126
138
137
135
140

122
127
140
140
138
144

1285
1480
1434
1361
1423
1373

2997
3487
3544
3506
3525
3766

1278
1497
1417
1345
1382
1358

2929
3435
3481
3358
3369
3640

1256
1458
1376
1305
1339
1332

2855
3369
3384
3180
3185
3460

earlier planted soybean under both rainfed and irrigated conditions. Yield for the irrigated conditions
was approximately 2.5 times higher than the yield for
rainfed conditions, while later planted soybeans had
a lower yield than earlier planted soybean for all cultivars under both rainfed and irrigated conditions.
However, yield for the cultivars DP5634RR and
DP5915RR planted on May 25 was higher than for
those planted on May 5 for rainfed conditions.

3.3.2. Yield projections for rainfed conditions
The management practices that were used to simulate soybean yield for the climate change projections
for 2025 and 2050 projections were the same as for
the reference years. As discussed earlier, the historical weather data were modified with the climate
change patterns using the outputs of the 3 GCMs
coupled with the 6 SRES scenarios resulting in a total
of 18 different climate patterns. Rather than analyzing the absolute soybean yield predictions, our
analysis was based on the differences between the
soybean simulations for the reference years and
those for 2025 and 2050 projections based on each of
the 18 climate patterns. In general, the number of
days to maturity for all cultivars decreased compared
to the reference years because of the increase in temperature, while yield increased due to the increase in
precipitation and CO2 concentration for 2025 and
2050 projections. However, the change in the number of days to maturity and yield varied by planting
date, cultivar, GCM, scenario, and projection year.
Based on GISS, the decrease in the number of
days to maturity was larger for earlier planted com-

pared to later planted soybean (Fig. S5 in the
Supplement at www.int-res.com/articles/suppl/c063
p073_supp.pdf). The higher the predicted increase
in the monthly mean temperature among the 6 SRES
scenarios (Fig. 2), the larger the predicted decrease
in the number of days to maturity for the 2025 projections. As expected, the decrease in the number of
days to maturity and differences among the scenarios was larger for the 2050 projections than for the
2025 projections (Fig. S5). For the 2025 projections,
the number of days to maturity for the cultivar
DP5634RR by ca. −1.5 d when planted on May 5,
but only −0.8 d when planted on June 5; the cultivars DP5915RR changed and AG6702 showed
the similar response and the change ranged from
−1 to −1.8 d. However, the cultivars AGS758RR,
DP7220RR, and especially S80-P2 were not sensitive
to planting dates and the decrease was −1 to −1.5 d
for all 4 planting dates. Among the 6 SRES scenarios, the largest decrease was found for the A1T
scenario, while the difference among the 6 scenarios was ~0.3 d. For the 2050 projections, cultivars
DP5634RR and DP5915RR showed a change of 0 to
−1.2 d with respect to the number of days to maturity when planted on May 5 and May 15, while the
change was from −1 to −2 d when planted on May
25 and June 5. The decrease in the number of days
to maturity for the other cultivars did not show large
difference among the later planting dates, i.e. May
15, May 25, and June 5: changes ranged from −1.7
to −2.3 d when planted on May 5, and from −1 to
−1.8 d for the other 3 planting dates. The largest
decrease was found based on the A1FI, A2, B1, and
B2 scenarios, while the differences among the 6
scenarios ranged from 0.2 to 0.7 d.
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Fig. 3. Change in the number of days to maturity for rainfed soybean projected by UKMO-HadCM3 for 2025 and 2050 compared to the reference period (1923−2008).
Values are shown for 6 emission scenarios, 6 cultivars and 4 planting dates
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Because of the smaller increase in
monthly mean temperature based
on MRI as compared to GISS, the
decrease in the number of days to
maturity was also smaller based on
MRI (Fig. S6 in the Supplement).
Generally, rainfed soybean based
on MRI did not show very large differences among the different planting dates and scenarios compared
to the GISS projections. Based on
MRI, the number of days to maturity decreased approximately −0.4
to −1 d for the 2025 projections and
approximately −0.3 to −1.5 d for the
2050 projections. For the 2025 projections, the cultivars AG6702 and
S80−P2 showed a larger decrease
of −0.1 to− 0.2 d when planted on
May 25 and June 5 compared to the
other planting dates. The differences among the 6 scenarios were
< 0.1 d for the 2025 projections and
approximately 0.2 d for the 2050
projections.
The decrease in the number of
days to maturity based on UKMO
was intermediate between GISS
and MRI, reflecting the fact that
UKMO also projected intermediate
increases in monthly mean temperature (Fig. 3). There were also a
number of detailed differences in
the UKMO projections, compared
to the other 2 GCMs. Based on
UKMO, the change in the number
of days to maturity ranged from
−0.6 to −1.4 d for the 2025 projections and from −0.3 to −1.7 d for the
2050 projections. The B2 scenario
for the UKMO projection showed
the largest decrease in the number
of days to maturity compared to the
other scenarios.
Based on GISS, the increase in
yield was similar for the 6 cultivars,
especially for the 2025 projections
(Fig. S7). Later planted soybean
showed higher increases in yield,
especially for cultivars DP5634RR,
DP5915RR, and AG6702. Among
the 6 scenarios, the increases in
yield based on the A1B, A1FI, and
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Fig. 4. Change (%) in grain yield for rainfed soybean projected by UKMO-HadCM3 for 2025 and 2050 compared to the reference period (1923−2008). Values are shown
for 6 emission scenarios, 6 cultivars and 4 planting dates
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A2 scenarios were higher compared to the
others, partly because of relatively higher
CO2 concentrations under these scenarios.
The increases in yield for the 2050 projections
were larger than that for the 2025 projections
because of the larger increases in precipitation and CO2 concentration for the 2050 projections. For the 2025 projections, the increase
for all cultivars ranged from 12 to 22%. The
increase in yield for all cultivars planted on
June 5 was approximately 3% higher than for
soybean planted on May 5. The increase in
yield based on scenarios A1B, A1FI, and A2
was from 3 to 5% higher than for the other
3 scenarios. For the 2050 projections, the
increase ranged from 17 to 35% for all cultivars (Fig. S7 in the Supplement). Later planted
soybean for the 2050 projections had yields
about 2 to 7% higher compared to earlier
planted soybean. The yields based on the
A1B, A1FI, and A2 scenarios were 5 to 8%
higher than for the other 3 scenarios.
Compared to GISS, the increase in rainfed
yield based on MRI was lower because of the
smaller increase in precipitation but showed a
similar trend (Fig. S8). The increase in yield
ranged from 11 to 20% for the 2025 projections and from 16 to 31% for 2050 projections
for all cultivars. Later planted soybean had
yields approximately 1 to 6% higher than
earlier planted soybean. The increase in yield
based on the A1B, A1FI, and A2 scenarios was
2 to 9% higher than for the other 3 scenarios.
UKMO generated the smallest increase in
precipitation among the 3 GCMs, so the increase in rainfed yield was the lowest (Fig. 4).
The change in yield ranged from 6 to 17% for
the 2025 projections and from 8 to 25% for the
2050 projections.

3.3.3. Yield projections for irrigated conditions
The change in number of days under irrigated conditions showed a trend similar as for
the rainfed conditions for all 3 GCMs, but the
actual values varied. Based on GISS (Fig. S9),
the decrease in the number of days was
smaller for irrigated than for rainfed soybean
for both 2025 and 2050 projections, with the
values that varied by no more than 0.3 d. For
the 2050 projections, the number of days to
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Fig. 5. Change in the number of days to maturity for irrigated soybean projected by UKMO-HadCM3 for 2025 and 2050 compared to the reference period (1923−2008).
Values are shown for 6 emission scenarios, 6 cultivars and 4 planting dates
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maturity for the cultivar DP5634RR
showed an increase of 0.2 d when
planted on June 5 based on scenario A1FI. The changes in the
number of days to maturity based
on MRI (Fig. S10 in the Supplement) UKMO (Fig. 5) for both 2025
and 2050 projections were comparable to those based on GISS for the
2025 projections.
For irrigated soybean, the increase in grain yield was smaller
than that for rainfed conditions
for all 3 GCMs, since the increase
in precipitation had less effect on
growing conditions (Figs. S11 &
S10b,c). The difference in projected yield increases between irrigated and rainfed conditions was
larger for the 2050 than for 2025
based on GISS and MRI; however,
UKMO projected similar differences in yield for 2025 and 2050.
Based on GISS, the increase in
yield for irrigated conditions was
6 to 7% less than for rainfed conditions for 2025 projections and 8
to 13% less for 2050 projections
(Fig. S11); for MRI, 2 to 6% less for
2025 projections and 2 to 9% less
for 2050 projections (Fig. S12); and
for UKMO, 1 to 5% less for both
2025 and 2050 projections (Fig. 6).
The irrigated soybean showed the
largest difference based on GISS
because the GISS generated the
largest increase in precipitation.

4. ADAPTATION STRATEGIES
Based on the analysis of 3 selected GCMs, the change in the
number of days to maturity and
grain yield for 2025 and 2050 projections compared to the reference
years varied by GCM, gas emission
scenario, year, variety, and planting date. Various scenarios that
were analyzed in this study suggested potential strategies for soybean planting in 2025 and 2050
for adoption by farmers and policy
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Fig. 6. Change (%) in grain yield for irrigated soybean projected by UKMO-HadCM3 for 2025 and 2050 compared to the reference period (1923−2008). Values are
shown for 6 emission scenarios, 6 cultivars and 4 planting dates
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makers. The use of multiple GCMs and gas
emission scenarios was representative of a
wide range of conditions, which minimized the
uncertainties inherent in the GCMs and gas
emission scenarios (Moss et al. 2010).
Adjustment in planting date can minimize
the negative effects of changing climate (Carbone et al. 2003) and even take advantage of
increasing precipitation (IPCC 2007). This study
illustrated that the later planted soybean
obtained a higher increase in grain yield than
the earlier planted soybean for both rainfed
and irrigated conditions from the analysis
based on 3 GCMs and 6 scenarios (Table 3).
Shifting the planting dates to June 5 might
reduce the negative impact from potential heat
stress for soybean production for 2025 and 2050
projections.
Grain yield showed an increase in cases
where there was a projected increase in precipitation (Table 3). Part of the increase in yield
was due to the increase in CO2 concentration
for both the 2025 and 2050 projections. For the
2025 projections, the emission scenarios A1B,
A1FI, and A2 that have higher CO2 concentrations also generated a higher increase in the
average grain yield compared to the other 3
scenarios based on the 3 selected GCMs. The
increased yield for rainfed conditions based on
scenarios A1B, A1FI, and A2 was from 11.87 to
16.21% and the standard deviation among the
3 GCMs ranged from 2.18 to 2.87%. The scenario A1B showed the highest increase in yield
(16.21%), and with a relatively lower standard
deviation among the 3 GCMs (2.29%), which
means that simulations of the 3 GCMs were
more stable in response to changes in the emission scenario A1B. Yields of later-planted soybean showed greater increases under all 6
scenarios. The standard deviation decreased
when the planting dates were shifted from
May 5 to May 25 but was higher for June 5
compared to May 25.
Among the 3 GCMs, the increase in rainfed
grain yield based on GISS and MRI was greater
than UKMO since a larger increase in precipitation was generated for the 2025 projections
(Table 3). The standard deviation among the 6
scenarios ranged from 1.92 to 2.01% for GISS
and MRI. However, the precipitation deficit
projected by UKMO led to a smaller increase in
rainfed yield. The simulations for grain yield
based on UKMO were more sensitive to CO2
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Table 3. Summary statistics for the projected increase in soybean grain yield (%) in 2025
and 2050, compared to the reference period (1923−2008) (see Table 2). Results are given
for 4 planting dates and for (a) rainfed and (b) irrigated conditions, for each of 6 emission
scenarios and 3 selected general circulation models (GCMs), i.e. GISS-EH (GISS),
MRI-CGCM2.3.2 (MRI), and UKMO-HadCM3 GCM (UKMO). The scenario mean is
the average of values projected by the 3 GCMs; the GCM mean is the average of values
projected for the 6 scenarios
Scenario/
GCM

5 May
Mean SD

15 May
Mean SD

25 May
Mean SD

16.21
15.29
11.87
14.98
13.34
11.14
15.98
14.46
10.97

2.29
2.86
2.76
2.48
2.18
2.87
1.92
2.01
2.18

16.57
15.73
12.27
15.27
13.59
11.55
16.30
14.70
11.49

2.21
2.75
2.64
2.33
2.05
2.74
1.93
2.00
2.15

17.10
16.28
12.94
15.77
14.16
12.10
16.94
15.04
12.18

2.19
2.71
2.48
2.27
2.05
2.67
1.95
1.92
2.10

A1B
A1FI
A1T
A2
B1
B2
GISS
MRI
UKMO

21.11
20.82
15.58
22.82
20.03
15.15
23.61
21.45
12.69

5.96
7.33
5.95
5.57
4.21
5.72
3.30
3.16
3.33

22.59
22.75
17.10
24.09
20.83
16.23
25.01
22.20
14.58

5.41
6.74
5.40
5.15
4.05
5.66
3.35
3.25
3.35

23.92
24.55
18.59
25.42
21.84
17.10
26.32
23.26
16.13

5.31
6.51
5.23
4.92
3.76
5.69
3.49
3.41
3.54

Irrigated
2025
A1B
A1FI
A1T
A2
B1
B2
GISS
MRI
UKMO

11.58
10.95
8.55
10.90
9.62
7.81
9.53
11.06
9.12

0.88
1.02
1.12
1.03
0.93
1.16
1.50
1.41
1.59

12.24
11.63
9.27
11.51
10.23
8.48
10.46
11.46
9.76

0.71
0.90
0.92
0.89
0.79
0.92
1.51
1.42
1.52

12.95
12.34
9.92
12.20
10.89
9.11
11.27
11.96
10.48

0.66
0.80
0.75
0.77
0.65
0.82
1.53
1.48
1.54

15.44
15.61
11.64
16.64
14.43
11.67
13.29
16.73
12.69

2.55
2.75
2.56
2.12
1.62
1.53
2.19
2.36
1.94

16.98
17.48
13.19
18.06
15.57
12.94
14.99
17.81
14.30

2.17
2.38
2.14
1.86
1.34
1.32
2.28
2.45
1.96

18.24
19.11
14.43
19.25
16.48
13.81
16.55
18.61
15.50

1.92
1.89
1.74
1.61
1.20
1.18
2.37
2.58
2.19

Rainfed
2025
A1B
A1FI
A1T
A2
B1
B2
GISS
MRI
UKMO
2050

2050

A1B
A1FI
A1T
A2
B1
B2
GISS
MRI
UKMM

concentration compared to the other 2 GCMs. Grain
yield project by UKMO showed a standard deviation
of 2.02 to 2.18% for 2025 among the 6 scenarios
because of a water deficit under rainfed conditions.
The larger increase in precipitation and CO2 concentration caused a greater increase in rainfed grain
yield than for the 2050 projections compared to 2025
projections (Table 3). Based on the 6 emissions scenarios the increase for the 2050 projections was approximately 5 to 7% higher than for the 2025 projec-
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tions. However, the uncertainty of
the 3 GCMs projections increased
in 2050 compared with 2025, with
standard deviations ranging from
3.66 to 7.33% among the 6 scenarios. Overall, soybean planted
on June 5 showed the largest
5 June
yield increase and the lowest
Mean SD
standard deviation, but the lowest
standard deviation was for soybean planted on May 25 under
18.01 2.31
17.27 2.73
the B2 scenario. The increase in
14.01 2.49
rainfed grain yield based on GISS
16.71 2.23
and MRI for the 2050 projections
15.03 2.01
was 7 to 10% more than for the
13.04 2.60
17.94 1.95
2025 projections. However, the
15.92 1.96
increase in rainfed grain yield
13.18 2.02
based on UKMO was limited by
25.97 5.18
the small increase in precipita26.87 6.12
tion: the increase for the 2050 pro20.47 5.07
jections was 2 to 5% more than
27.35 4.70
23.38 3.66
for the 2025 projections. For the 3
18.72 5.78
GCMs, the standard deviation
27.95 3.63
among the 6 scenarios also in25.30 3.54
creased in 2050 compared to 2025
18.14 3.78
to between 3.16 and 3.78%.
13.50 0.53
As expected, yield for irrigated
12.92 0.65
conditions was higher than for
10.48 0.72
rainfed conditions. However, the
12.74 0.67
increases in irrigated grain yield
11.38 0.59
for both the 2025 and 2050 pro9.60
0.74
11.86 1.53
jections were smaller than for the
12.37 1.48
rainfed conditions for all GCMs
11.08 1.60
and scenarios because the pro19.61 1.62
jected increase in precipitation
20.70 1.68
could offset most of the potential
15.67 1.46
20.53 1.31
negative effects of higher tem17.43 1.00
perature on rainfed soybean
14.83 0.91
(Table 3). The increase in yield
17.96 2.52
for irrigated conditions based on
19.53 2.76
UKMO was close to that for the
16.89 2.34
rainfed conditions. The standard
deviation under irrigated conditions among scenarios and GCMs for both the 2025
and 2050 projections decreased compared to the
rainfed conditions, which means that the irrigation
can reduce the uncertainty associated with the
GCMs and scenarios. This shows that irrigation is a
promising adaptation strategy that can be expected
to generate higher grain yields under all scenarios for
both the 2025 and 2050 projections.
Cultivars responded differently to the changing climate. The cultivars AG6702 and S80-P2 showed a
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S80-P2
Changes in days from planting to maturity
DP5634RR DP5915RR AG6702 AGS758RR DP7220RR

larger increase in yield than the other cultivars when
planted on June 5 for rainfed conditions, while the cultivars DP5634RR, DP5915RR and AG6702 showed a
larger increase in yield than the other cultivars for irrigated conditions, regardless of planting date. The
results of this study suggest that cultivars AG6702 and
S80-P2 might be better adapted for rainfed conditions,
while the cultivars DP5634RR, DP5915RR, and AG6702
might be better adapted for irrigated conditions.
An ANOVA test was used to statistically analyze the
effects of different GCMs, emissions scenarios, and
planting dates on the number of days from planting to
maturity and grain yield (Table 4). A p-value near zero
means there is no difference among the sets of data.
Generally, different GCM climate projections did not
affect the difference in the number of days from planting to maturity and grain yield. However, the gas emission scenarios had a significant impact on the number
of days from planting to maturity, but not on yield. The
effect of planting date was mixed. The cultivar S80-P2
showed significant differences with respect to the
number of days from planting to maturity for 2025 and
2050 for both rainfed and irrigated conditions, while
for yield the effects were only significant for projections for rainfed conditions for 2025 and 2050. The cultivars DP5634RR, DP5951RR and DP7220RR did not
show significant differences for the number of days
from planting to maturity for the 2025 and 2050 projections for rainfed and irrigated conditions, while some of
the differences for yield were significant for these projections. Overall, yield was mainly affected by the
changes in planting date, while the number of days
from planting to maturity was mainly affected by the
different gas emission scenarios due to different projections in temperature for 2025 and 2050.

0
0
0
0
0
0
0
0
2025 (R)
2050 (R)
2025 (I)
2050 (I)
Planting
dates

1.00
0.11
0.99
0.36
Gas
2025 (R)
emission 2050 (R)
scenarios 2025 (I)
2050 (I)

0.99
0.05
0.85
0.14

0
0.01
0
0.11
2025 (R)
2050 (R)
2025 (I)
2050 (I)

0
0
0
0.01

5. CONCLUSIONS

GCM

Table 4. Results of ANOVA (p-values) to test for the effects of GCMs, greenhouse gas emission scenarios, and planting dates on growth and yield of 6 soybean cultivars,
for rainfed (R) and irrigated (I) conditions in 2025 and 2050
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In summary, the number of days to maturity decreased because of the projected increase in temperature for both rainfed and irrigated conditions, while
yield increased due to the potential benefit from
the projected increase in precipitation and CO2 concentration. Irrigation offset the negative impact of
drought for the dry climate pattern projected by
UKMO. However, because of the uncertainties associated with the GCMs this study was limited to conducting sensitivity analysis studies and evaluation of
methodologies for one location (Mitchell et al. 1999).
Future studies should concentrate on additional locations and a more thorough analysis of potential adaptation options.
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