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Abstract: Global warming poses a severe threat to food security in developing countries. In Ethiopia,
the primary driver of low wheat productivity is attributed to climate change. Due to the sparsity of
observation data, climate-related impact analysis is poorly understood, and the adaptation strategies
studied so far have also been insufficient. This study adopted the most popular DSSAT CERES-Wheat
model and the ensemble mean of four GCMs to examine the quantitative effects of adjusted sowing
dates and varieties on wheat yield. The two new cultivars (Dandaa and Kakaba), with reference to
an old cultivar (Digelu), were considered for the mid-century (2036–2065) and late-century (2066–
2095) under RCP 4.5 and RCP 8.5 climate scenarios. The results showed that the Dandaa cultivar
demonstrates better adaptation potential at late sowing with a yield increase of about 140 kg/ha to 148
kg/ha for the mid- and late-century under RCP4.5. However, under RCP 8.5, Kakaba demonstrates
higher adaptation potential with a yield gain for early sowing of up to 142 kg/ha and 170 kg/ha
during the mid- and late-century, respectively. Late sowing of the Dandaa cultivar is recommended
if GHG emissions are cut off at least to the average scenario, while the Kakaba cultivar is the best
option when the emissions are high. The adaptation measures assessed in this study could help to
enhance wheat production and adaptability of wheat to the future climate.

Keywords: adaptation; DSSAT; RCPs; Ethiopia; wheat; climate change; climate scenarios

1. Introduction

The ongoing global warming has serious repercussions for major crop production
systems. Global mean surface temperatures rose by an average of 1.09 ◦C from 2011 to 2020
relative to the average over the 1850–1900 period [1]. The rising hot temperatures accelerate
crop growth, leading to advanced phenology of wheat [2]. From 1981 to 2014, the length
of the wheat growing season, and vegetative and reproductive periods shortened at the
rate of from −0.08 to −0.36 days/year, due to increasing changes in the mean temperature
globally [3]. The day of heading had shifted earlier by 4.1 days per decade from 1972 to
2013 across the globe [4]. This has resulted in a decline of global wheat production by
5.7% [5]. Each 1 ◦C rise in mean temperature resulted in a dramatic fall in wheat yield
by 6% [6,7]. According to a recent report by [8], global wheat yield is declining by −0.9%
(−5.0 million tons) annually as temperatures rise above critical physiological levels in both
temperate and tropical regions [9].

Africa is the hottest continent in the world, with low temperature variability [10,11].
Wheat yields declined by 2.3% from the 1970s to the 2000s in Africa [8], particularly in
Egypt, where unusual temperatures caused wheat yield to largely dwindle by 17.6% [12].
In 2013, total wheat consumption in Sub-Saharan Africa reached 25 million tons, while the
region produced only 7.3 million tons in the same year [13]. Many parts of the continent
had to import wheat to feed the citizenry. More critically, it is estimated that the wheat
production deficit could hit 48.3 million metric tons (MMT) by 2025 in Africa [13]. This is
attributed to the alarming rising hot temperatures and the generally low adaptive capacity
on the continent.
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The vulnerability of wheat production to climate change is visible in Ethiopia; the
country is ranked the second largest wheat producer in Africa after South Africa [14], yet
imports approximately 1.8 MMT of wheat per year [15], as demand outstrips supply [16].
Most critically, [17] recently estimated that wheat production could further decline in
Ethiopia by 15.6% and 27.0% by the 2050s and the 2080s, respectively, under RCP4.5. Adap-
tation actions, therefore, need to be scaled up to ensure food security. This is particularly
important because wheat is one of the most important cereal crops in Ethiopia, eaten by the
majority of the population and often referred to as a “food security crop” [18]. However,
very limited work has been done on adaptation, as most studies rather focus on “impacts”
instead of “actions”. Wheat production in Ethiopia is mainly rain-fed [19]; the high expo-
sure, coupled with the low adaptive capacity due to poverty, lack of access to technology
such as irrigation, improved seed, inadequate infrastructure, lack of information, land, and
credit services [20,21] play complementary roles in amplifying the vulnerability. Scientific
research provides the most effective and sustainable adaptation actions as Africa continues
to warm.

Adaptation research done by [22], using DSSAT-CSM v.4.6, developed by DSSAT
Foundation Team, Florida, USA to investigate the adaptation strategies on the productivity
of wheat in Ethiopia, reported that improved nitrogen fertilizer application in combination
with increased CO2 could improve wheat yield in Ethiopia under stable rainfall conditions.
The study found that a yield increment of 16–21% could be attained if 160 kg/ha nitrogen
fertilizer is applied. Moreover, increased use of farm inputs, herbicides and fertilizers, and
using a new wheat variety increased wheat production up to 55% [23]. Other research
focused on improving the resistance of the crop variety against climate shocks. For example,
a qualitative study done by [24] reported that adopting improved wheat varieties increased
the probability of food security, per capita food consumption, and food surplus status in
Ethiopia. Adopters of improved wheat varieties raised wheat yield by about from 1 to
1.1 t ha−1, resulting in an average income of from 35 to 50% higher than those who relied
on old cultivars [18].

Developing specific adaptation strategies helps to offset the negative impacts of climate
shocks and to take advantage of the opportunities from positive impacts [25], and to
enhance productivity and livelihood [26,27]. For example, according to [28], adaptation
gain varies according to the crop type, region, and change in temperature; however, it
enhances yield up to 10% on average, compared with the crops without adaptation. Studies
on adaptation in Ethiopia are not adequate [29]. Moreover, most studies on climate change
impact assessment on wheat production lack the adaptation aspect [17,30]. The most
pressing climate change shock observed in Ethiopia is drought. This extreme climatic event
is projected to increase in the future [31,32], yet clear ideas on how to adapt wheat crop
production are very limited.

Thus, this study aimed to dissect and examine the most prolific wheat cultivars and
the most appropriate sowing dates for wheat production over the Kulumsa area, using the
DSSAT CERES-Wheat model and the multi-model ensemble of GCMs from the MarkSim
weather generator tool. This could guide local farmers and stakeholders to increase wheat
production in the face of climate change. Specifically, this study aimed to examine the
potential climate in the wheat growing season for the future.

2. Materials and Methods
2.1. The Study Area

This study was conducted in Kulumsa, located in the Arsi zone of the Oromia region,
Southeastern Ethiopia (Figure 1); it lies between 8◦01′10” N and 39◦09′11” E and at an
altitude of 2200 m. The mean maximum and minimum temperatures are 23.2 ◦C and 10 ◦C,
respectively, and the mean annual precipitation is 823.1 mm. The soil type of the area
is clay loam [33,34]. Wheat production is mainly rain-fed, grown in the altitude range
of 1500–3000 m, latitude from 6◦ to 16◦, and longitude from 35◦ to 42◦ [35]. Kulumsa is



Agronomy 2022, 12, 37 3 of 24

considered one of the major wheat-producing highlands [36]. The most common fertilizer
used in the area for wheat cultivation is diammonium phosphate [37].
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Figure 1. Map of the study area.

2.2. Data Resources

Data used for this study were obtained from different sources. As weather, soil, and
crop management data are the minimum data requirements for the DSSAT crop simulation
model, these datasets were obtained from different institutes in Ethiopia. Meteorological
and soil data were obtained from the National Meteorology Agency and Kulumsa Agricul-
tural Research Center, respectively. The crop data were collected from the National Variety
Trial (NVT) experiments conducted by the wheat research program, Kulumsa Agricultural
Research Center, Ethiopia. The experiments were laid out in a randomized complete block
design (RCBD), with a plot area of 3 m2 and four replications. Wheat was planted in 2.5 m
long rows with 20 cm inter-row spacing. The recommended rate of urea fertilizer (41 kg N
and 46 kg P ha−1) was applied in two splits: at the sowing and tillering (30–35 days after
sowing) stages. Other recommended agronomic practices, including weeding and chemical
spray, were applied during the running of the experiment. Detailed descriptions of the
datasets can be found in Tables 1 and 2.
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Table 1. In situ data collected from Ethiopia.

Data Description Source

Climate

Daily data from 1981 to 2015: maximum
temperature, minimum temperature,
precipitation, and solar radiation at

Kulumsa station

National Meteorology Agency
of Ethiopia

Crop

Row spacing, sowing date, days to
emergence, days to anthesis, days to

maturity, grain yield, fertilizer application,
etc. of Digelu, Kakaba and Dandaa

cultivars from 2011 to 2015

Kulumsa Agricultural
Research Center, Ethiopia

Soil
Organic carbon, pH in water, cation

exchange capacity, bulk density, total
nitrogen, etc.

Technical Reports of National
Soil Research Center of
Ethiopian Agricultural
Research Organization

Table 2. Crop management and phenology information collected from Kulumsa Agricultural Re-
search Center.

Cultivar Sowing Date Row Spacing Date of
Emergence Anthesis Date Maturity Date Harvesting

Date

Dandaa 25/06/2011 20 cm 30/06/2011 14/09/2011 16/11/2011 30/11/2011
29/06/2012 20 cm 05/07/2012 15/09/2012 24/10/2012 11/11/2012
30/06/2013 20 cm 04/07/2013 14/09/2013 30/10/2013 15/11/2013
02/07/2014 20 cm 06/07/2014 26/08/2014 16/10/2014 03/11/2014
05/07/2015 20 cm 09/07/2015 10/09/2015 22/10/2015 06/11/2015

Digelu 25/06/2011 20 cm 01/07/2011 04/09/2011 16/10/2011 03/11/2011
29/06/2012 20 cm 06/07/2012 14/09/2012 27/10/2012 14/11/2012
30/06/2013 20 cm 05/07/2013 15/09/2013 04/11/2013 21/11/2013
27/06/2014 20 cm 02/07/2014 12/09/2014 28/10/2014 14/11/2014
22/06/2015 20 cm 27/06/2015 07/09/2015 02/11/2015 20/11/2015

Kakaba 26/06/2011 20 cm 01/07/2011 28/08/2011 19/10/2011 04/11/2011
29/06/2012 20 cm 05/07/2012 21/08/2012 29/09/2012 02/11/2012
27/06/2013 20 cm 01/07/2013 29/08/2013 28/10/2013 13/11/2013
02/07/2014 20 cm 06/07/2014 20/08/2014 14/10/2014 31/10/2014
28/06/2015 20 cm 02/07/2015 24/08/2015 14/10/2015 30/10/2015

The model datasets were extracted for the observed period (1981–2005), mid-century
and late-century for the GCMs listed in Table 3, and their means under RCP 4.5 and RCP
8.5 for the future analysis. GCM datasets included daily series of maximum temperatures,
minimum temperatures, precipitation, and solar radiation. GCM data were sourced from
the Earth System Grid Federation (ESGF) (https://esgf-node.llnl.gov/search/cmip5/,
accessed on 21 February 2021) and downscaled with R Package for the observed period.
The dataset from the MarkSim tool (for the future period) is downscaled data [38]; hence,
this tool employs the stochastic downscaling technique. The tool has been found effective
for the tropics [39], and has been used in Ethiopia in previous studies assessing the impacts
of climate change [17,40–44]. In addition, this weather generator tool is based on IPCC
AR5 data (CMIP5), considered an appropriate data format for the DSSAT crop model. The
tool has 17 GCMs and four RCPs (RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5) for the period
2010–2095. Detailed descriptions of the MarkSim weather generator tool can be found in
the previous edition [45].

https://esgf-node.llnl.gov/search/cmip5/
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Table 3. GCMs used for the study.

GCM Institution Resolution (Latitude
× Longitude)

CSIRO-Mk3.6.0
Commonwealth Scientific and Industrial

Research Organization and the Queensland
Climate Change Centre of Excellence

1.875 × 1.875

HadGEM2-ES Met Office Hadley Centre 1.2414 × 1.875

MIROC5

Japan Agency for Marine–Earth Science and
Technology, Atmosphere and Ocean Research

Institute (The University of Tokyo), and
National Institute for Environmental Studies

1.4063 × 1.4063

MRI-CGCM3 Meteorological Research
Institute 1.125 × 1.125

2.3. Bias Correction

The outputs of GCMs are the main sources of data for climate projection studies,
though the resolution of GCMs is too coarse to be used directly for research related to
climate change impact assessment, which may lead to errors for the study results [46].
After checking the abilities of the individual models and their means, the GCM simulations
were far from the observed values, thus, the need to perform bias correction or adjustment
of bias [47] before using the GCM data. For this study, the linear scaling bias-correction
method was applied for climate variables, daily maximum and minimum temperatures,
and precipitation for the period 1981–2005, mid-century and late-century. This bias cor-
rection method was selected due to its accuracy, simplicity, parameter consideration, and
reliability [48]; hence, previous scholars also used this approach for impact assessment
and climate projection studies. The linear scaling bias-correction technique is based on
the difference between observed monthly values and monthly simulated values; then, the
difference of these values was applied to the simulated data to obtain bias-corrected climate
data [49]. The bias-corrected variables were calculated using the following formulas

Phis (d)* = Phis (d) × [µm (Pobs (d))/µm (Phis (d))] (1)

Psim (d)* = Psim (d) × [µm (Pobs (d))/µm (Phis (d))] (2)

This (d)* = This (d) + [µm (Tobs (d)) − µm (This (d))] (3)

Tsim (d)* = Tsim (d) + [µm (Tobs (d)) − µm (This (d))] (4)

where d = daily, µm = long-term monthly mean, * = bias corrected, his = historical GCM
simulated, sim = GCM simulated for future, obs = observed.

2.4. Performance Assessment of GCMs

After bias correction, individual GCMs and their means were analyzed for the predic-
tion performance of maximum temperature, minimum temperature, and precipitation on a
monthly basis from 1981 to 2005, using the statistical measures coefficient of determination(

R2
)

and root-mean square error (RMSE). A scatter plot of observed maximum tempera-
ture, minimum temperature, and precipitation against model data was computed using
R Package.

2.5. Crop Simulation Model Calibration and Validation

The DSSAT CERES-Wheat model version 4.7.5.0 was used to simulate the phenology
and yield of three wheat varieties, namely, Dandaa, Digelu, and Kakaba. The above
model was used to simulate the impacts of weather, soil, and crop management on the
growth, development, and yield of wheat [50]. To run the model, input data types such
as weather, soil, and crop management are required. The calibration of the DSSAT crop
model in simulating wheat growth and yield for the study area was performed to adjust
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the simulated input data or parameters in representing the crop response to given soil and
atmospheric conditions. The calibration phase was performed using climate data from
1981 to 2015, crop management data from 2011, 2012, and 2013, and soil data for the three
wheat cultivars. Genetic coefficients (Table 4) that describe the growth and development of
crops for these three cultivars are not included in the DSSAT database for the cultivar file,
so the determination of genetic coefficients was obtained by using the GLUE coefficients
estimator method during the model calibration process.

Table 4. Description of genetic coefficients of the DSSAT CERES-Wheat model.

Coefficients Definition

P1V Days, optimum vernalizing temperature, required for vernalization
P1D Photoperiod response (% reduction in rate/10 h drop in pp)
P5 Grain-filling (excluding lag) phase duration (degree day)
G1 Kernel number per unit canopy weight at anthesis (kernel number/g)
G2 Standard kernel size under optimum conditions (mg)

G3 Standard, non-stressed dry weight (total, including grain) of a single
tiller at maturity (g)

PHINT Thermal time between the appearance of leaf tips (degree days)

Since neither of the cultivars was previously introduced in DSSAT, we first created
individual cultivar genotype files in the DSSAT model. To initialize calibration, values of
the genetic coefficients, which are available in DSSAT by default, were used to initialize the
simulation; therefore, IB1015 MARIS FUNDIN was used for Digelu, and the default genetic
coefficient was used to initialize the Dandaa and Kakaba varieties. A continuous and
iterative process was applied using GLUE to obtain reasonable genetic coefficients through
trial and error, and adjustments were made until a better match between the observed and
simulated days of anthesis, physiological maturity, and grain yield were obtained.

Using a crop simulation model is a continuous and iterative process. After various
processes during the calibration process, a crop simulation model can be best compared to
the observed variables, which can be evaluated using the validation procedure. Validation
is useful in crop modelling to check the response of the model to given weather, soil, and
crop management conditions with respect to the corresponding observed values, as well
as in giving information on the magnitude of the error to users [51]. Before simulating
yield and wheat phenology under future climate scenarios, the model was validated to
ensure its performance in simulation using different datasets for crops, which were not
used during the calibration process (2014 and 2015). We used RMSE, index of agreement
(d), modelling efficiency (ME), and R2 to evaluate the model’s performance on the key
phenological parameters (days to anthesis and maturity), and the final yield from the 2011
to 2015 growing period. These model performance evaluation techniques were calculated
using the following formulas:

RMSE =

√
∑n

i=1(Si−Oi)2

n
(5)

d = 1− ∑n
i=1(Si−Oi)2

∑n
i=1
(∣∣Si−O

∣∣+ ∣∣Oi−O
∣∣)2 (6)

ME = 1− ∑n
i=1(Si−Oi)2

∑n
i=1
(
Oi−O

)2 (7)

where Si and Oi are simulated and observed values, respectively; s n is the number of data
used, and O is the mean of the observed value.
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2.6. Crop Model Simulation Design for the Future Period

Figure 2 shows the settings for the variables when running the DSSAT model under
the future climate scenario. To assess the response of wheat yield and phenology to
future climate scenarios against the baseline, all the four variables (maximum temperature,
minimum temperature, precipitation, and carbon dioxide) of the two emission scenarios
(RCP 4.5 and RCP 8.5) and the two future periods of 2036–2065 and 2066–2095 were
considered. The concentrations of carbon dioxide applied for the simulation are presented
in Table 5.
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Table 5. Carbon dioxide concentration for current and future periods.

Scenario Years Carbon Dioxide Concentration

Current 1980–2009 360 ppm
RCP 4.5 2010–2039 423 ppm
RCP 8.5 2010–2039 432 ppm
RCP 4.5 2040–2069 499 ppm
RCP 8.5 2040–2069 571 ppm
RCP 4.5 2070–2099 532 ppm
RCP 8.5 2070–2099 801 ppm

We adopted carbon dioxide concentration by [52].

2.7. Quantifying Adaptation Gain

(1) Sowing date

Based on the observed data and oral discussions with experts during the data collection
period, recently, wheat has been sown between 15 June and 15 July in the study area,
depending on the onset of rainfall. We set three sowing dates with 15-day intervals from
mid-June to mid-July; 15 June, 30 June, and 15 July were considered to represent early, mid,
and late sowing dates, respectively. The simulation was done based on these sowing dates
for the future scenarios to identify the planting date with the best yield gains.

(2) New (improved) cultivar

As mentioned in the description in the data input section, three cultivars were used
for this study, Dandaa, Digelu, and Kakaba. These cultivars are spring bread wheat types;
Dandaa and Kakaba were released in 2010, while Digelu has existed for a long. Therefore,
Dandaa and Kakaba varieties are considered as new varieties, and Digelu as an old and
reference variety. In general, we considered adjusting the sowing date and using an
improved variety as adaptation strategies, but to identify which of the two measures could
be called adaptation technology and to what extent, a formula from [53] was adopted to
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calculate the yield gain from these adaptation measures. It should be noted that, according
to this formula, new technology is considered as an adaptation when the difference between
its potential future yield gain relative to the old technology and the current yield gain is
positive.

Adaptation gain = [Q2−Q1]− [W2−W1] (8)

where Q2 is the future yield of the new cultivar, Q1 is the future yield of the old (or
reference) cultivar, W2 is the initial (current) yield of the new cultivar, and W1 is the initial
(current) yield of the old cultivar (or reference).

2.8. Adjustment of Virtual Cultivars for Future Climate

Breeding of new cultivars with high yield potential in a changing climate is a chal-
lenging task for crop breeders [54]. Crop modelling is the most powerful tool for sup-
porting crop breeders in designing virtual cultivars used for different crops and farming
environments [55]. To identify the virtual cultivar that demonstrated the best yield, we
set virtual cultivar parameters within the range of the minimum and maximum values
(Table 6) by changing the reference cultivar (Dandaa, Digelu, and Kakaba) parameters. We
selected nine virtual cultivars (Table 7), three sowing dates (15 June, 30 June, and 15 July),
and two emission scenarios (RCP 4.5 and RCP 8.5) for the period from 2036 to 2095. In total,
3240 (9 virtual cultivars × 3 sowing dates × 60 years × 2 emission scenarios) simulations
were generated using the DSSAT CERES-Wheat model.

Table 6. The reference cultivars and the range of virtual cultivar parameters.

Parameter
Reference Cultivar Value Minimum

Value
Maximum

ValueDandaa Digelu Kakaba

P1V 6 8 9 0 60

P1D 92 78 81 0 200

P5 585 777 768 100 999

G1 15 15 21 10 50

G2 23 21 23 10 80

G3 1.0 1.0 1.3 0.5 8

PHINT 60 60 60 30 150

Table 7. The combinations of parameters for the nine virtual cultivars (VC).

Parameters
Virtual Cultivars

VC 1 VC 2 VC 3 VC 4 VC 5 VC 6 VC 7 VC 8 VC 9

P1V 1 8 4 5 11 10 6 4 11

P1D 60 94 84 71 80 85 65 72 83

P5 575 589 560 760 717 725 710 812 765

G1 16 17 13 16 19 17 26 24 19

G2 47 27 32 27 24 25 28 26 24

G3 0.4 1.1 0.8 1.3 1.4 1.2 1.5 1.1 1.1

PHINT 81 62 72 62 66 63 64 62 62

Note that from VC 1 to VC 3 are virtual cultivars based on the reference cultivar
Dandaa, from VC 4 to VC 6 are virtual cultivars based on reference cultivar Digelu, and
from VC 7 to VC 9 are virtual cultivars based on the reference cultivar Kakaba.
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3. Results
3.1. Climate Background

The annual variation was detected in maximum and minimum temperatures, and
the minimum temperature showed upward trends in 2014 and 2015 (Figure 3). Annual
precipitation from 1981 to 2015, as presented in Figure 4, indicates no significant monotonic
trend; the lowest and highest precipitation were recorded in 1985 and 1990, respectively.
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Figure 5 shows the monthly climate (maximum temperature, minimum temperature,
and precipitation) cycle for the baseline period, with stress on the recent fifteen years. The
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maximum temperature in recent years has increased relative to the past 20 years, indicating
more warming, while in recent years, the minimum temperature becomes cooler. Two rainy
seasons (one shorter rainy season with a low amount of precipitation from February to
May, and another long rainy season with higher precipitation from June to September) can
be distinguished. Recent precipitation showed a decreasing trend, except for January, May,
August, and September; this implies that recent years are drier than past years (Figure 5).
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The accumulated growing degree days (AGDD) for the spring wheat growing season
for the period 1981–2015 is presented in Figure 6. During this period, the AGDD ranged
from 2601.4 ◦C to 3171.7 ◦C. The lowest and highest AGDD were observed during the
growing periods in 2008 and 2015, respectively.
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3.2. Performance of GCMs on Simulating Maximum Temperature, Minimum Temperature,
and Precipitation

The results of the statistics to assess the performance of GCMs are illustrated in Table 8.
The performance comparison among the four GCMs and their means showed that R2

ranged from 0.7 to 0.9, from 0.8 to 0.9, and from 0.6 to 0.9 for maximum temperature, mini-
mum temperature, and precipitation, respectively. RMSE ranged from 0.3 to 0.9 ◦C, from
0.3 to 0.7 ◦C, and from 19.5 to 51.7 mm for maximum temperature, minimum temperature,
and precipitation, respectively. The means of the four GCMs showed better correlation
(Figure 7) and relatively better skill than the individual models in reproducing maximum
temperature, minimum temperature, and precipitation, so we adopted the mean of the
GCMs to simulate climate scenarios for the future period for the entire study.
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Figure 7. Comparison of average monthly maximum temperature, minimum temperature, and
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Table 8. Performance of four GCMs and their means for simulating climate parameters.

Statistic Parameter
GCM

CSIRO-
Mk3.6.0

HadGEM2-
ES MIROC5 MRI-CGCM3 Mean of

GCMs

R2 Maximum temperature 0.9 0.9 0.7 0.8 0.9
Minimum temperature 0.9 0.8 0.8 0.9 0.9

Precipitation 0.9 0.8 0.6 0.8 0.9
RMSE Maximum temperature 0.4 0.5 0.9 0.6 0.3

Minimum temperature 0.4 0.7 0.6 0.6 0.3
Precipitation 20.7 25 51.7 21 19.5

3.3. Temperature and Precipitation Projections for Wheat Growing Period

The changes of maximum temperature, minimum temperature, and precipitation
during the growing periods for the future scenarios with respect to the baseline period
are presented in Figure 8. Maximum temperature and minimum temperature showed
increments with different magnitudes in both future time periods and emission scenarios
throughout the growing season. The increase in maximum temperature ranged from 1.2 ◦C
to 5.5 ◦C. The lowest increase was observed for mid-century RCP 4.5 in November, and
the highest increase found for late-century RCP 8.5 in August. The rise of the minimum
temperature was between 0.6 ◦C and 3.9 ◦C throughout the growing season. The lowest
and highest increments observed were for mid-century RCP 4.5 in July and late-century
RCP 8.5 in November, respectively. Precipitation showed a decreasing trend throughout
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the growing season, except in July, for both future time periods and emission scenarios.
The decrease rate of precipitation ranged from−94% for mid-century RCP 4.5 in November
to −29% for late-century RCP 8.5 in June. The increase in precipitation ranged from 59% to
81% in the mid-century RCP 8.5 and mid-century RCP 4.5 in July, respectively. Generally,
the deficit of precipitation during the growing season can lead to dry spells, and then to
water stress-induced damage.

Agronomy 2022, 12, x FOR PEER REVIEW  14  of  25 
 

 

 
 

Figure 8. Changes  in  the growing season  temperature and precipitation  (June  to November)  for 

mid‐century and late‐century under RCP 4.5 and RCP 8.5, relative to the baseline period (1981–2015) 
at Kulumsa station: (A) for maximum and minimum temperature (B) for precipitation. 

3.4. Crop Model Calibration and Validation 

The genotype values of  the  three wheat cultivars generated during  the calibration 

phase are presented in Table 9. The performance of the DSSAT CERES‐Wheat model in 

simulating Dandaa, Digelu, and Kakaba cultivars of days to anthesis, days to maturity, 

and yield parameters revealed RMSE values ranging from 3 to 6.4 days for days to anthe‐

sis, from 4.1 to 8.7 days for days to maturity, and from 137.1 to 331.3 kg/ha for yield (Table 

10). The model simulated days to anthesis with d values from 0.7 to 0.9; for days to ma‐

turity and yield, d value was 0.9  for all cultivars. The value of ME varied,  for days  to 

anthesis ranging from −5.4 to 0.8, days to maturity from 0.5 to 0.8, and for grain yield from 

−1.1 to 0.7. R2 ranged from 0.2 to 0.9, from 0.6 to 0.9, and from 0.8 to 0.9 for days to anthesis, 

and days  to maturity and yield, respectively. Based on ME and R2 values,  the model’s 

simulation performance for the yield of Dandaa cultivar and days to anthesis of Digelu 

cultivar was low. Nonetheless, based on RMSE and d of the corresponding values of these 

cultivars, the ability of the model to simulate these varieties’ parameters was still reason‐

able. The regression analysis also showed good correlation between observed and simu‐

lated values of the three cultivars and parameters (Figure 9). 

Table 9. Genetic coefficients of Dandaa, Digelu, and Kakaba cultivars. 

Coefficients  Dandaa  Digelu  Kakaba 

P1V  6  8  9 

P1D  92  78  81 

P5  585  777  768 

G1  15  15  21 

G2  23  21  23 

G3  1.0  1.0  1.3 

PHINT  60  60  60 
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3.4. Crop Model Calibration and Validation

The genotype values of the three wheat cultivars generated during the calibration
phase are presented in Table 9. The performance of the DSSAT CERES-Wheat model in
simulating Dandaa, Digelu, and Kakaba cultivars of days to anthesis, days to maturity, and
yield parameters revealed RMSE values ranging from 3 to 6.4 days for days to anthesis,
from 4.1 to 8.7 days for days to maturity, and from 137.1 to 331.3 kg/ha for yield (Table 10).
The model simulated days to anthesis with d values from 0.7 to 0.9; for days to maturity and
yield, d value was 0.9 for all cultivars. The value of ME varied, for days to anthesis ranging
from −5.4 to 0.8, days to maturity from 0.5 to 0.8, and for grain yield from −1.1 to 0.7. R2

ranged from 0.2 to 0.9, from 0.6 to 0.9, and from 0.8 to 0.9 for days to anthesis, and days
to maturity and yield, respectively. Based on ME and R2 values, the model’s simulation
performance for the yield of Dandaa cultivar and days to anthesis of Digelu cultivar was
low. Nonetheless, based on RMSE and d of the corresponding values of these cultivars,
the ability of the model to simulate these varieties’ parameters was still reasonable. The
regression analysis also showed good correlation between observed and simulated values
of the three cultivars and parameters (Figure 9).

Table 9. Genetic coefficients of Dandaa, Digelu, and Kakaba cultivars.

Coefficients Dandaa Digelu Kakaba

P1V 6 8 9
P1D 92 78 81
P5 585 777 768
G1 15 15 21
G2 23 21 23
G3 1.0 1.0 1.3

PHINT 60 60 60
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Table 10. Crop model validation result.

Cultivar Parameter RMSE d ME R2

Dandaa Days to anthesis 3 0.9 0.8 0.9
Days to maturity 8.7 0.9 0.6 0.9

Yield 331.3 0.9 −1.1 0.8
Digelu Days to anthesis 6.4 0.7 −5.4 0.2

Days to maturity 4.1 0.9 0.8 0.9
Yield 137.1 0.9 0.7 0.9

Kakaba Days to anthesis 3.4 0.9 0.6 0.6
Days to maturity 4.7 0.9 0.5 0.6

Yield 323.1 0.9 0.6 0.9
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cultivars: (A) days to anthesis, (B) days to maturity, (C) grain yield.

3.5. Crop Response to Future Climate Scenarios

Figure 10 indicates that the Dandaa cultivar, for the late sowing date, gave a higher
yield compared to the others under RCP 4.5, with yield gains of about 350 kg/ha and
300 kg/ha for most years in the 2050s and 2080s, respectively. Dandaa also showed a better
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yield change of around 400 kg/ha in the 2050s under the RCP 8.5, but Kakaba showed a
higher yield change of about 550 kg/ha in the 2080s versus 500 kg/ha for Dandaa for the late
sowing date. Across the two climate scenari os, the Dandaa and Digelu cultivars indicated
yield declines of up to 5% and 4%, respectively, at the early sowing date, compared to the
reference yield in most cases, except in the 2080s of RCP 8.5.
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Figure 10. Yield change of wheat under future climate scenarios in Ethiopia. Note: For each variety,
the left box plot is for early sowing, middle for mid sowing, and the right is for late sowing; top layer
left is simulation for the mid-century under RCP 4.5, right for late-century under RCP 4.5, bottom layer
left for mid-century under RCP 8.5, and right for late-century under RCP 8.5, compared to the reference
yield. In total, 1080 simulations (3 cultivars × 3 sowing dates × 60 years × 2 emission scenarios).

The results for change in phenology for the future period relative to the baseline
period showed that future climate change would have an impact on the phenology of
the Dandaa, Digelu, and Kakaba wheat cultivars. Figures 11 and 12 show the changes
in wheat phenology during the mid-century and late-century periods with respect to the
baseline period under the RCP 4.5 and RCP 8.5 emission scenarios. Under future climate
scenarios, we found advancing in wheat phenology in the two future periods (mid-century
and late-century); the effects of RCP 8.5 on phenology were higher than those of RCP
4.5. In addition, under the same CO2 concentration scenario, the advance in the days of
wheat phenology during late-century was higher than mid-century. Days to anthesis will
be shortened up to 20 days for the Dandaa cultivar and up to 14 days for the Digelu and
Kakaba cultivars during late-century under RCP 8.5 (Figure 11). Days to maturity will be
shortened up to 32, 20, and 27 days during late-century under RCP 8.5 for the Dandaa,
Digelu, and Kakaba cultivars, respectively (Figure 12).
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3.6. Adaptation Gain from Adjusting Sowing Date and Using New (Improved) Variety

Figure 13 presents the adaptation potential of the two new varieties (Kakaba and
Dandaa) relative to the old cultivar (Digelu) for different planting dates. Considering
RCP 4.5, the Dandaa cultivar shows more adaptation potential under the late sowing date,
with a yield increase of up to around 140 kg/ha and 148 kg/ha, respectively, for mid- and
late- century. However, under RCP 8.5, Kakaba shows higher adaptation, as the yield
gain for early sowing date can reach up to 142 kg/ha and 170 kg/ha during the mid- and
late-century periods, respectively.
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3.7. Yield Potential of Virtual Cultivars in the Future Climate

A delay in sowing date (15 July) resulted in the highest yield for the two future pe-
riods and the two emission scenarios, compared to the 15 June and 30 June sowing dates
(Figure 14). Figures 15 and 16 show the simulated yield potentials of virtual cultivars under
RCP 4.5 and RCP 8.5, respectively. The yield potential of virtual cultivars increased up
to 160% and 149% during mid-century and late-century, respectively, under RCP 4.5, and
yield increased by 160% and 157% during mid-century and late-century, respectively, under
RCP 8.5, compared to the reference cultivar baseline yield.
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4. Discussion

From the results presented, the maximum and minimum temperatures are projected
to increase up to 4.4 ◦C and 2.6 ◦C, respectively, during the mid-century, and up to 5.5 ◦C
and 3.9 ◦C, respectively, in the late-century. This result is consistent with a study by [56],
who reported increases in mean seasonal minimum and maximum temperatures of up
to 5.9 ◦C and 6 ◦C, respectively, in the late century. Unlike temperature, projection of the
growing season precipitation showed a decreasing trend throughout the growing period,
except in July. Previous studies also reported a decline in precipitation in Ethiopia. For
instance, [57] reported a reduction in precipitation from May to August from 2071 to 2100
relative to the 1961–1990 baseline period. A study by [58] also reported that Kiremt season
(from June to September) will be drier in the 2020s, 2050s, and 2080s in western Ethiopia,
relative to the 1961–1990 baseline period. Kiremt rainfall showed a decline of up to −68%
by 2080 compared to the 1971–1990 baseline period [59], with frequent, intense, and long
episodes of drought incidences in the future [60].

Grain yield might decline, either due to an increase in temperatures and/or a decrease
in rainfall, especially if water stress occurs at the grain-filling stage, which is yield sensi-
tive [61]. The decreasing pattern observed in wheat yield across the two climate scenarios
and time period can be associated with water shortages during flowering and grain-filling
stages, as a result of drought. Since Dandaa and Digelu are late-maturing varieties [62],
the reduction in yield of these varieties with early planting might be due to a shortage of
moisture and heat stress. Using an early maturing variety is necessary to decrease or avoid
the heat stress and risks due to water shortages [63]. The early maturing cultivar Kakaba
did not show a reduction on any sowing dates, due to the advance in anthesis stage on
which risk of crop exposure to heat stress at the sensitive grain-filling stage is decreased or
avoided; this resulted in an increment of yields [64].

The present study revealed that, under the average GHGs emission scenarios (RCP4.5),
Kakaba, with the early sowing date, showed better adaptation potential compared to
Dandaa. This means that Kakaba exhibited good performance under all the aforementioned
scenarios and time scales, especially when it is sown early. Depending on the variety and
environment, some crops have a tendency for better yield gains under a low emission
scenario, while some others perform better in higher emission scenarios [47]. Several
studies reported the impact of new or improved varieties on productivity [65]; for instance,
reported new varieties of sorghum are more climate-change resilient than old varieties. A
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study on the impact of improved wheat-variety adoption on food security found that an
increase in farm area by 1 unit under improved wheat variety cultivation will enhance food
security by 2.9% [24]. A study by [66] reported a 5–17% gain in yields using new wheat
varieties in Pakistan. A study by [67] focused on the effects of the adoption of an improved
maize variety on productivity, and reported an increase in maize yields of 574 kg/ha in
Nigeria. By using improved seed technologies, smallholder farmers increased yields by
26.42%, 15.33%, and 4% for maize, soybean, and wheat, respectively, in Ethiopia [68].

In the present study, we have identified virtual cultivars with the best combinations
of cultivar parameters to achieve the best possible wheat yield under the changing cli-
mate. The virtual cultivar parameters could provide plant scientists and wheat breeders
with a road map for selection of traits with high yield potential for wheat under future
climatic conditions.

With climate change, old crop varieties, sowing time, as well as crop management
practices, need to be improved by taking into account future climate. Even though the
cropping system is still rain-fed, new crop varieties incorporate biotic and abiotic stress
features, such as high temperature and water stress. The cropping calendar should be
revised and updated by climate services each year to support farmers, due to the current
shift in rainy seasons.

5. Conclusions

Generally, climate change adaptation research across Ethiopia has not been given
enough attention in the past decades. This study adopted the most popular DSSAT CERES-
Wheat model and the multi-model ensemble of GCMs from the MarkSim weather generator
to dissect and examine the most prolific wheat cultivars and the most appropriate sowing
dates for wheat production in the face of drought in Kulumsa in the 21st century.

The results showed that growing season maximum and minimum temperatures are
likely to rise up to 5.5 ◦C and 3.9 ◦C, respectively, in the late-century under RCP 8.5.
Precipitation will decrease throughout the growing season, except in July, during mid-
century and late-century under RCP 4.5 and RCP 8.5. In response to climate change threats,
many countries have been implementing adaptation measures in the agricultural sectors.
However, the level of practice in applying adaptation measures varies from country to
country and crop to crop, due to differences in climate, access to technology, culture,
institutions, etc. In this study, we found that adjusting sowing date and using new or
improved varieties can help in enhancing wheat yield in the study area. Late sowing of
the Dandaa cultivar is recommended if GHG emissions are cut off at least to the average
scenario, while the Kakaba cultivar was the best option when emissions are high. However,
the adoption of Kakaba with early sowing dates would give a good yield gain under all
scenarios and time periods. Therefore, late sowing for Dandaa is an optimistic choice under
the low GHG emission scenario, while Kakaba performed well under both low and high
emissions. The study, therefore, makes the following major conclusions:

(1) For early sowing dates, yield decreased up to 5% and 4% for Dandaa and Digelu
cultivars, respectively, for the future period, except in the 2080s, of RCP 8.5.

(2) The Dandaa cultivar with a delay in the sowing date showed better adaptation
potential by increasing its yield up to about 140 kg/ha and 148 kg/ha for mid-century
and late-century, respectively, under RCP4.5. However, the Kakaba cultivar with early
sowing dates demonstrated higher adaptation potential by increasing yield up to 142
kg/ha and 170kg/ha in the mid-century and late-century, respectively, under RCP 8.5.

(3) The yield potential of virtual cultivars for late sowing dates increased up to 160% and
149% during mid-century and late-century, respectively, under RCP 4.5, and yield
increased by 160% and 157% during mid-century and late-century, respectively, under
RCP 8.5, compared to the reference cultivar baseline yield.

Considering experimental data scarcity in most African countries such as Ethiopia,
this study used only five years of baseline data for calibration and validation of the DSSAT
model for one specific region. Hence, there is a need for more research to refine the
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calibration for different wheat varieties by adding more datasets from different locations
and for a longer period of time.

Using an ensemble of four GCMs under two emission scenarios from the CMIP5, this
study examined the effects of adaptation measures on the three wheat cultivars studied
under future climate scenarios. These findings can be useful for farmers in planning crop
and water management strategies to improve the region’s productivity. However, future
studies need to consider using up-to-date climate models and scenarios from CMIP6 SSP
for more detailed analysis.
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