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Abstract: Climate change poses a significant threat to agricultural productivity, partic-
ularly in regions vulnerable to extreme temperatures and water scarcity, such as Irbid,
Jordan. This study assesses the future impacts of projected shifts in precipitation and
temperature on wheat yields, using the Decision Support System for Agrotechnology
Transfer (DSSAT) model for calibrating and validating under local agro-environmental
conditions. Two shared socioeconomic pathways (SSP3-7.0 and SSP5-8.5), representing
high-emission and fossil-fuel-intensive futures, were evaluated across mid- and late-century
periods (2030-2060 and 2070-2100). The DSSAT model was calibrated using local field
data to simulate crop phenology, biomass accumulation, and nitrogen dynamics, showing
strong agreement with observed grain yield and harvest index, thereby confirming its
reliability for climate impact assessments. Yield projections under each scenario were
further analyzed using machine learning algorithms—random forest and gradient boosting
regression—to quantify the influence of individual climate variables. The results showed
that under SSP5-8.5 (2030-2060), precipitation was the dominant factor influencing yield
variability, underscoring the critical role of water availability. In contrast, under SSP3-7.0
(2070-2100), rising maximum temperatures became the primary constraint, highlighting the
growing risk of heat stress. Predictive accuracy was higher in precipitation-dominated sce-
narios (R? = 0.81) than in temperature-dominated cases (R? = 0.65-0.73), reflecting greater
complexity under extreme warming. These findings emphasize the value of integrating
well-calibrated crop models with climate projections and machine learning tools to support
climate-resilient agricultural planning. Moreover, practical adaptation strategies, such
as adjusting planting dates, using heat-tolerant varieties, and optimizing irrigation, are
recommended to enhance resilience. Emerging techniques such as seed priming show
promise and merit integration into future crop models. The findings support SDG 2 and
SDG 13 by informing climate-resilient food production strategies.

Keywords: climate scenarios; crop—climate interaction; data-driven agriculture; gradient
boosting; heat and water stress; machine learning; random forest
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1. Introduction

Climate change is one of the most pressing global challenges, with far-reaching effects
across environmental and socioeconomic sectors [1-3]. Agriculture remains among the most
vulnerable, as it is directly affected by climatic factors such as temperature, precipitation,
and atmospheric CO, concentrations. Wheat, a globally significant staple crop, is particu-
larly sensitive to these fluctuations. Shifts in rainfall distribution and rising temperatures
pose substantial threats to its productivity [4,5]. In Jordan, these risks are already evident,
with increasing temperatures and decreasing precipitation undermining the performance of
rainfed agricultural systems [6]. In this context, the development and evaluation of effective
adaptation strategies are imperative. Crop simulation models—particularly the Decision
Support System for Agrotechnology Transfer (DSSAT)—offer valuable frameworks for
assessing crop performance under projected climate scenarios and testing potential adapta-
tion interventions [7].

Previous studies have employed DSSAT extensively to assess climate impacts on
wheat yields and to propose adaptation strategies. Al-Bakri et al. [8] investigated rainfed
wheat production in Jordan, highlighting the critical influence of rainfall reduction on yield.
Similarly, Waffa and Benoit [9] applied DSSAT in Algeria, exploring adaptation strategies
such as adjusting sowing dates and selecting suitable genotypes to cope with changing
climate conditions. In Egypt, Dawoud et al. [10] studied the calibration of DSSAT for wheat
under various irrigation treatments, recommending optimized irrigation practices to im-
prove crop performance. Jia et al. [11] highlighted accelerated wheat growth yet increased
water stress in China’s Haihe Basin. In Jordan, studies focusing on Karak and Irbid revealed
the significant direct impacts of reduced rainfall on wheat productivity [12-14]. Anbar
and Masoud [15] assessed the broader impacts of climate change on agriculture in Egypt,
advocating for climate-smart agricultural techniques. Mohamed et al. [16] delved into the
economic ramifications of climate change on wheat production in Egypt, underscoring
the financial vulnerabilities posed by changing climate conditions. Moreover, Halawa [17]
used the AquaCrop model in Syria to simulate maize production under climate change
scenarios, focusing on the role of supplemental irrigation, which could also be relevant for
wheat production in Jordan. Al-Zraiqat [18] examined the role of agriculture in the broader
context of climate change in Jordan, linking land use and water resource management to
environmental sustainability. While many of these studies utilize DSSAT or similar crop
models to evaluate climate change impacts on wheat, the current research takes a more
integrated approach. Unlike previous studies, this research uniquely considers the specific
soil and climatic conditions in Jordan, refining adaptation strategies tailored to the local
environment. The significance of this research lies in its potential to address Jordan’s food
security challenges in the face of climate change. Given that Jordan is highly dependent on
wheat imports, and its rainfed agricultural system is particularly vulnerable to changing
climatic patterns, identifying effective adaptation strategies is crucial for the country’s
agricultural sustainability [19].

The aim of this study is evaluating wheat production yield under both current and
projected climate conditions in Jordan, with a focus on assessing the potential of the
Decision Support System for Agrotechnology Transfer (DSSAT) as a decision-making tool
for agricultural policy and climate adaptation. The research addresses a critical challenge:
the high sensitivity of Jordan’s wheat production to climate variability. With declining
rainfall and rising temperatures, the sustainability of wheat cultivation in the country faces
serious risks. Existing research has not sufficiently explored Jordan-specific adaptation
strategies that account for local soil characteristics, nitrogen use efficiency, and climate-
resilient wheat genotypes. To bridge this gap, the study involves the application of DSSAT
to simulate wheat yield under various climate scenarios. By integrating global modeling
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techniques with the localized agricultural context of Jordan, this research contributes
valuable insights toward the development of tailored, sustainable production strategies.
The study was conducted in Maru village, located in the Irbid Governorate of Jordan, and
spans both historical (1990-2020) and projected future periods (2030-2060 and 2070-2100).

2. Materials and Methods

The methodology employed in this study involved the collection of soil and weather
data, along with the compilation of experimental records from the Maru Agricultural
Research Station, a key wheat cultivation site in Jordan [8]. These datasets were used
to calibrate a crop simulation model to estimate wheat yield. For this purpose, the free
version of DSSAT 4.6 software was utilized. Historical wheat yield data were sourced from
previous research conducted in both farmers’ fields and experimental plots at the research
station [10]. Information on crop management practices, soil properties, and daily recorded
climate data was used to derive and calibrate genotype coefficients specific to the wheat
variety under study [20].

Initially, the model was applied to simulate wheat yields for the historical baseline
period of 1990-2020. Future yield projections were then generated using climate data from
the Max Planck Institute for Meteorology Earth System Model (MPI-ESM1-2-HR), since
it has run the experiment of all forcing simulations of the recent past [21,22], under two
Shared Socioeconomic Pathway (SSP) scenarios [23]:

e  5SP3-7.0: A high-emission scenario characterized by regional rivalry and significant
climate impacts.

e  SSP5-8.5: A fossil fuel intensive development pathway with very high emissions and
extreme warming.

The raw climate data were obtained from the Earth System Grid Federation (ESGF), a
widely recognized global repository for climate model datasets [24]. The downscaled data,
at a spatial resolution of 25 km, were bias-corrected using the Quantile Mapping Method
(QMM) to improve reliability [25]. The subsequent sections provide further detail on the
study site, data sources, and specific methodological steps undertaken in this research.

2.1. Study Site Description

The study site was selected to represent a typical rainfed agricultural area in Jordan
where wheat is widely cultivated. As shown in Figure 1, the site is located in Irbid
Governorate, the country’s major producer of wheat and barley, with an annual average
production of 6460 tonnes of wheat and 3339 tonnes of barley [8]. This location was
chosen due to the availability of comprehensive agricultural data from the Jordan National
Agricultural Research Center (NARC) and the Ministry of Agriculture (MoA). The site lies in
northern Jordan, within Irbid Governorate (32.64° North, 35.57° East) [24], where data were
collected from the Maru and Ramtha agricultural research stations, as well as from farmers’
fields. The area is situated at an elevation of approximately 570 m (m) above sea level. It
benefits from reliable climatic records, which were obtained from the Ministry of Water and
Irrigation (MWI) and National Oceanic and Atmospheric Administration (NOAA). The
agricultural research stations operated by NARC support the cultivation of various rainfed
crops for research purposes. This region represents a semi-arid Mediterranean environment
with varied rainfall and temperature patterns. During the baseline period of 1990-2020, the
mean annual rainfall in Irbid was approximately 460 mm (mm). Within the governorate,
annual rainfall ranged from 206 mm in the east to 460 mm in the west. Rainfall typically
begins in October and ends in May, with the majority occurring between December and
March—coinciding with lower air temperatures. Consequently, crop production in this
area heavily relies on stored soil moisture. At the Irbid meteorological station, annual
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precipitation ranged from a minimum of 214 mm in 1999 to a maximum of 878 mm in
1992. The study area is characterized by mixed land-use activities, including rainfed and
irrigated agriculture, open rangeland grazing, and urban development. Rainfed farming in
the area includes the cultivation of wheat, barley, olives, and other crops. These crops are
grown on diverse soil types, predominantly Typic Xerochrepts, including deep cracking
clay soils (Vertisols) found in the Irbid plateau [8].
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Figure 1. Geographical location of the study area in Maru, Irbid, Jordan.

2.2. Model Selection Justification

The DSSAT was selected for this study due to its well-established performance in
simulating crop growth under diverse agro-environmental conditions, particularly in semi-
arid and Mediterranean-type climates similar to those of northern Jordan [7,10]. DSSAT’s
CERES-Wheat module has been extensively validated in comparable environments and is
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well suited to simulate key phenological stages, water and nutrient dynamics, and yield
responses to varying climatic inputs [20,26].

Compared to other models (Table 1), such as Agricultural Production Systems sIM-
ulator (APSIM) and Simulateur mulTldisciplinaire pour les Cultures Standard (STICS),
DSSAT offers several advantages in the context of this study. APSIM is known for its robust
modular design and strong water-use efficiency modeling, particularly for systems with
diverse rotations and complex agronomic interactions [27,28]. However, APSIM’s calibra-
tion often requires extensive site-specific soil and management data, which are not always
available or standardized in the Jordanian context. STICS, widely used in European studies,
is powerful for managing detailed plant-soil-atmosphere interactions, but its accessibility
is limited by language support and region-specific calibration requirements [29,30].

Table 1. Comparative assessment of three widely used crop simulation models (DSSAT, APSIM, and
STICS) based on their applicability, strengths, and limitations in simulating crop responses under
climate change scenarios.

Criteria DSSAT [7,10,20] APSIM [27,28] STICS [29,30]
Validated in arid /semi-arid regions Yes Partially * No
Supports climate impact analysis (e.g., o
CMIP/SSP integration) Yes Yes Limited
Requires extensive site-specific calibration Moderate Yes Yes
Su1tajb1e for crop rotation and complex Limited Yes No
farming systems
SFrong 1p water/nutrient balance Yes Yes Yes
simulation
Detailed phenology and yield simulation Yes Yes Yes
Doc.um.eptatlon and user support Extensive Moderate Limited
availability
Region-specific calibration available for .
the Middle East Yes Limited No
Used in recent studies in the o
Mediterranean/Levant region Yes Limited No
Language and accessibility barriers No No Yes **
Open access or freely available Yes Yes Yes

* Partially: it has been used in some Mediterranean contexts but lacks extensive validation or widespread adoption
in the region. ** French interface only.

In contrast, DSSAT integrates smoothly with available global datasets (e.g., weather,
soil, and management), has strong documentation and support, and is frequently used in
conjunction with CMIP-based climate projections. Furthermore, its established application
in Middle Eastern studies enhances its credibility for regional comparison. Therefore,
DSSAT was deemed the most appropriate model for simulating wheat production in the
study area.

2.3. Data Collection and DSSAT Calibration for Wheat Yield Simulation

To calibrate the DSSAT model, comprehensive datasets were obtained from the Maru
site in northern Jordan, where the improved wheat variety Acsad-65 is widely cultivated.
Site-specific soil characterization data, including texture, bulk density, organic matter
content, and hydraulic properties, were provided by the NARC. These locally observed
parameters were used to populate the soil profile inputs in DSSAT, enhancing the model’s
ability to simulate soil water dynamics and nutrient movement under local agro-climatic
conditions. Using field-based data instead of default or global soil databases (e.g., SoilGrids)
allowed for more representative modeling of the semi-arid environment [31].
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Stakeholder perspectives were indirectly incorporated through farmer survey data
provided also by the NARC. These surveys, conducted over several years in the Maru
region, included information on local agronomic practices, cultivar preferences, planting
schedules, and fertilization regimes. The research team had access only to the aggregated
results and summary reports, while the original survey instruments and raw data were
not made available due to confidentiality restrictions. Although direct stakeholder en-
gagement was not conducted as part of this study, the integration of locally validated
farmer practices helped ensure realistic calibration and context-specific interpretation of
the modeling results.

DSSAT is recognized for its balance of accuracy and relatively low data requirements,
relying on a core set of inputs including daily maximum and minimum temperatures, solar
radiation, precipitation, crop management practices, soil characteristics, and crop-specific
parameters [20,32].

2.3.1. Soil Profile Input for DSSAT Calibration

In this study, model calibration was tailored to local conditions using field data from
the Maru agricultural station and observations from surrounding farms. Essential crop
management inputs, such as planting dates (mid to late December) and harvest dates (late
April to mid-May), were incorporated. Weather inputs consisted of daily temperature,
solar radiation, and rainfall records. Soil data—critical for accurate simulation—included
parameters such as upper and lower drainage limits, soil texture, macronutrient content
(nitrogen, phosphorus, potassium), pH levels, and other profile-specific properties [8-10,18].
These data, sourced from NARC databases and prior studies [8-10,18], are shown in Table 2.

Table 2. Soil profile input data for DSSAT calibration obtained from NARC.

Soil Depth LL UL SAT ESW ISW RDIST PB H ocC
cm cm?/cm?® cm?/cm? cm?/cm? em®/cm®  em®/cm® cm g/em3 P %
0-5 0.228 0.41 0.48 0.182 0.228 1 1.29 7.5 15
5-15 0.228 0.41 0.48 0.182 0.228 1 1.29 7.5 15
15-30 0.193 0.39 0.47 0.197 0.193 0.64 1.31 7.6 10
3045 0.2 0.35 0.45 0.15 0.2 0.41 1.37 7.8 10
45-60 0.2 0.35 0.45 0.15 0.2 0.41 1.37 7.8 10
60-90 0.174 0.38 0.46 0.206 0.174 0.22 1.36 7.9 10
90-120 0.2 0.379 0.54 0.179 0.2 0.12 1.38 7.9 10
120-150 0.21 0.37 0.45 0.16 0.21 0.07 1.4 7.9 10

Soils in the study area are generally deep with surface textures of clay loam and silty
clay loam, as well as subsurface layers of clay and clay loam. These textures support high
water-holding capacity, favoring rainfed agriculture. The soil profile used in the DSSAT
model was defined through eight layers extending to a depth of 150 cm. Each layer was
characterized by key hydraulic and chemical properties. The lower limit (LL) ranged from
0.174 to 0.228 cm3/cm3, while the upper limit (UL) varied between 0.35 and 0.41 cm3/cmB.
Saturated water content (SAT) spanned from 0.45 to 0.54 cm?®/cm3. Extractable soil water
(ESW) was calculated for each horizon, with values ranging from 0.15 to 0.206 cm?/cm?3.
Initial soil water content (ISW) was set equal to the lower limit for each layer to simulate
conservative moisture conditions. Root distribution (RDIST) decreased with depth, from
1.0 cm at the surface to 0.07 cm in the deepest layer (120-150 cm). Bulk density (op) values
ranged between 1.29 and 1.4 g/cm?, and soil pH was slightly alkaline (7.5-7.9). Organic
carbon (OC) content was highest in the surface layers (15%) and decreased to 10% below
15 cm. Chemically, the soils are calcareous with high carbonate content and an average pH
of 8.1 [26]. Nutrient levels—particularly nitrogen, phosphorus, and organic matter—were
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relatively low, underscoring the need for proper fertilization to optimize yields [33,34].
These inputs were used to represent the local soil conditions for accurate simulation of
water and nutrient dynamics in the wheat crop model.

2.3.2. Genetic Coefficients for Wheat Cultivar Calibration

The DSSAT-CERES-Wheat model was calibrated using a set of cultivar-specific genetic
coefficients to simulate the phenological development and yield performance of wheat
under local agro-climatic conditions. The applied coefficients are shown in Table 3 [35-37].

Table 3. Genotype coefficients for Acsad-65 after calibration and optimization in DSSAT mode.

Coefficient Value
P1V 5
P1D 90.75

P5 567
Gl1 22
G2 60
G3 0.5
Phint 119

The P1V coefficient represents the thermal time from seedling emergence to the end
of the juvenile phase, during which the plant remains insensitive to photoperiod. P1D
refers to the photoperiod sensitivity factor, which quantifies the delay in development
(in days) for each hour by which the day length falls below the critical threshold; a value
of 70 indicates moderate sensitivity. P5 defines the thermal time (in degree days) from
the beginning of grain filling to physiological maturity, with a value of 320 reflecting a
relatively extended grain-filling period, which allows for enhanced yield accumulation
under favorable conditions.

The yield components are captured through coefficients G1, G2, and G3. Specifically,
G1 is a kernel number coefficient that controls potential grain number per unit of stem
weight at anthesis. G2 represents the standard kernel weight (in milligrams per kernel)
under optimal conditions, while G3 is a tillering coefficient that adjusts the cultivar’s
potential to produce tillers relative to a reference genotype.

Finally, PHINT is the phyllochron interval, defined as the thermal time (in degree
days) between the appearance of successive leaf tips. A value of 119 indicates a moderate
leaf development rate and governs canopy expansion. These coefficients were iteratively
tuned using observed phenological and yield data to ensure accurate model calibration for
the target wheat variety grown in Irbid, Jordan.

The optimization process involved iterative simulations to minimize the root mean
square error (RMSE) between observed and simulated values. Additionally, the normalized
root mean square error (NRMSE) was calculated to assess model performance [35,36]. This
calibration step was essential to ensure reliable model outputs under both historical and
projected climate scenarios. The RMSE was computed as shown in Equation (1) [35]:
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where P; is the predicted value obtained from DSSAT, N is the number of samples, and O;
is the observed value obtained from farmers’ data. Equation (2) for the NRMSE, which
represented the degree of variation as [35]

NRMSE = RA{SE

x 100 (2)

where ¥ is the mean value of the predicted and of observed value. The NRMSE is similar to
the coefficient of variation.

2.4. Statistical and Machine Learning Analysis

Simulations were carried out for the period 1990-2020 using climatic data (wheat
production yield (WPY) (kilogram per hectare, kg/ha), mean annual precipitation (MAP)
(mm), mean annual radiation (MAR) (kilowatt-hours per square meter, kWh/ m?), mean
annual maximum temp (MAXT) (degrees Celsius, °C), and mean annual minimum temp
(MANT) (°C)). For the periods 2030-2060 and 2070-2100, ESGF data for SSP3-7.0 and
SSP5-8.5 were used. The simulation for 1990-2020 served as the baseline for comparing
changes in wheat yield, as shown in Figure 2.

5000
4500
4000

— 3500
3000
< 2500
2000
1500
1000
500
0

1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020

/ha

kg

WPY

Figure 2. Historical wheat production yield in Maru, Irbid, Jordan, as obtained from NARC.

To evaluate the influence of climatic variables on wheat yield and to develop predictive
models, a suite of statistical and machine learning techniques was applied using the R
programming language [36,38]. The following steps were undertaken:

e Correlation analysis was conducted to examine the strength and direction of linear
relationships between simulated yield and individual climate parameters.

e To evaluate whether the data met the assumptions required for parametric statistical
analyses, the Shapiro-Wilk test was employed to assess the normality of the distribu-
tion for key continuous variables, including wheat yield, precipitation, maximum and
minimum temperature, and solar radiation. This test is widely regarded as one of the
most powerful methods for detecting departures from normality, particularly for small
to moderate sample sizes. The Shapiro-Wilk test statistic WWW is defined as [35]

Yy (x —x)°

where x; are the ordered sample values; ¥ is the sample mean; and 4; are constants
derived from the means, variances, and covariances of the order statistics of a normally
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distributed sample. A non-significant result (p > 0.05) indicates that the data do not
deviate significantly from a normal distribution.

e  Two different machine learning algorithms producing decision trees were elaborated
to stabilize and improve the prediction modeling process:

e  Feature importance analysis was conducted using a random forest model to quantify
the relative contribution of each climate variable to yield variability [12]. This model
generates multiple decision trees using a bagging technique for supervised prediction
purposes regarding the variable sets. For I = 1 to L, the main equation is [39]

==

L

fiy() = L L To() (4)

=1
where the random forest tree T;, makes the new point x after selecting the variable ran-
domly, splitting the node of best random variable and then classifying the prediction
of I'". This technique improves bagging by using more randomization.

e  Predictive modeling was trained on each dataset to derive a predictive equation for
wheat yield. We employed the eXtreme Gradient Boosting (XGBoost) algorithm [40],
a high-performance ensemble ML technique. The model was trained on the climate-
yield dataset to derive predictive equations estimating wheat yield under future
scenarios. The algorithm function f(6) uses the following main equation to avoid
overfitting [41]:

N
f(6) = ;l(ﬁi, i) + Y O(fr) (5)

where I(i;, u;) and Q( fi) denote the loss error and regularization term, respectively,
for the model of tree (f;) regarding the predicted value @i; compared to the actual
value u; of sample for all trees number k.

Model performance was evaluated using the coefficient of determination (R?), which
measures the proportion of yield variance explained by the model’s input variables. Higher
R? values indicate better predictive accuracy and model fit.

All data analysis and machine learning tasks were implemented using RStudio (ver-
sion 2024.08.0, Build 463; © 2009-2025 Posit Software, Public Benefit Corporation), utilizing
open-source packages for reproducibility and transparency.

To assess model robustness and generalizability, both the random forest and XGBoost
models were validated using 10-fold cross-validation, a standard resampling technique
that partitions the dataset into ten equal subsets. In each iteration, the model was trained
on nine folds and tested on the remaining fold, ensuring that every observation was used
for validation once. The random forest model achieved R? values of 0.69 and 0.78 under
SSP3-7.0 and SSP5-8.5, respectively, while the XGBoost model attained higher predictive
accuracy, with R? values of 0.75 (SSP3-7.0) and 0.89 (SSP5-8.5). These results confirm that
both models reliably captured the underlying relationships between climate variables and
yield, with XGBoost offering slightly superior performance across scenarios.

3. Results and Discussion

3.1. Simulation and Validation of Crop—Soil Dynamics and Yield Performance
3.1.1. Crop and Soil Dynamics During Development

The calibrated DSSAT-CERES-Wheat model effectively simulated both the physiologi-
cal development and biochemical status of the wheat crop across its major phenological
stages (Table 4). During early development—sowing, germination, and emergence—no
dry matter accumulation or nitrogen uptake was simulated, consistent with the biological
dormancy and minimal metabolic activity that characterize the early heterotrophic phase.
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Table 4. Simulated crop and soil status at the main development stages in the DSSAT model.
) Leaf Crop Nitrogen Stress Factor
DAP Growth Stage Biomass LAI *
kg/ha (m2/m?) Number  kg/ha % Water Nitrogen
0 Sowing 0 0 0 0 0 0 0
5 Germinate 0 0 0 0 0 0 0
10 Emergence 0 0 0 0 0 0 0
70 Terminal Spikelet 1069 0.58 6.8 11 1 0 0
90 End of Vegetative 3393 2.08 9.4 33 1 0 0
Stage
102 End of Ear Growth 5794 1.88 9.4 30 0.5 0 0
114 Deginningof Grain g9 1.68 9.4 52 06 003 0.01
Filling
116 Harvest 8642 1.59 9.4 57 0.7 0 0

* LAL Leaf Area Index.

By the terminal spikelet stage, the model recorded a biomass accumulation of
1069 kg/ha, alongside a leaf area index (LAI) of 0.58 m?/m?, reflecting the establishment of
initial photosynthetic surfaces. The crop had developed 6.8 leaves per plant, and nitrogen
uptake reached 11 kg/ha, with a nitrogen concentration of 1% in plant tissues, indicating
adequate nitrogen assimilation and incorporation into structural and enzymatic proteins.

At the end of the vegetative phase, biomass increased sharply to 3393 kg/ha, accompa-
nied by a peak LAI of 2.08, and maximum leaf number of 9.4, reflecting enhanced canopy
photosynthetic capacity. Total crop nitrogen content increased to 33 kg/ha, with nitrogen
likely partitioned into chlorophyll, amino acids, and proteins required for leaf expansion
and metabolic activity. During the end of ear growth, biomass rose to 5794 kg/ha, although
a slight decline in LAI to 1.88 m?/m? suggested the onset of leaf senescence, likely driven
by hormonal signaling and nutrient remobilization. At the onset of grain filling, biomass
reached 8499 kg/ha, and nitrogen uptake rose to 52 kg/ha, indicating active remobilization
from vegetative to reproductive tissues. The tissue nitrogen concentration declined to 0.6%,
in line with the dilution effect due to increasing biomass and the shift in allocation toward
carbohydrate-rich grain tissues.

Abiotic stress indicators, namely, water stress (HpO stress) and nitrogen stress
(N stress), remained close to zero throughout most stages, except for minor values of
0.03 and 0.01, respectively, at the start of grain filling. This suggests that both osmotic
balance and nutrient availability were well maintained, minimizing metabolic disruptions.
At harvest, the model simulated a final biomass of 8642 kg/ha and total nitrogen up-
take of 57 kg/ha, with LAI further declining to 1.59, reflecting advanced senescence and
remobilization of biochemical reserves.

3.1.2. Comparing Simulated and Observed Phenological Stages

The final calibration outputs of the DSSAT-CERES-Wheat model were evaluated
against observed data for major physiological and biochemical traits influencing crop
productivity (Table 5). Simulated phenological stages were directly compared to field ob-
servations in order to examine their potential role in explaining discrepancies in grain yield
components. The model accurately predicted early vegetative development, simulating
emergence at 10 days after planting (DAP) and anthesis at 105 DAP, both reasonably close
to the observed values of 7 and 110 DAP, respectively. However, physiological maturity
was not captured correctly, which may be attributed to inaccuracies in thermal time ac-
cumulation or photoperiod sensitivity beyond anthesis. This phenological misalignment
likely influenced the duration and efficiency of post-anthesis grain filling.
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Table 5. Main growth and development variables in the DSSAT model and the measured data
obtained from NARC, Jordan.

Variable Description Simulated Measured
Number of days between sowing and the
Emergence (DAP) appearance of the seedling above ground 10 7
. Number of days from sowing until
Anthesis (DAP) flowering begins 105 110
. Number of days from sowing until grain
Maturity (DAP) development is complete —% 136
Final economic yield (e.g., grain) dry matter per
Product wt (kg dm/ha) hectare, with no post-harvest losses included 2601 2460
. . Dry weight of a single grain/unit, in grams;
Product unit weight (g dm) important for yield component analysis 0.018 0.062
Product number (no/m?) quzr;l;e;zief;nal products (e.g., grains) per 14,689 4000
Ratio of economic yield (e.g., grain) to total
Product harvest index (ratio)  above-ground biomass; HI = Product wt/Biomass; 0.3 0.25
indicates resource allocation efficiency
Canopy (tops) wt (kg dm/ha) Dry weight of above-ground plant parts 8642 9699
Vegetative wt (kg dm/ha) Dry weight of leaves and stems only 6041 7239

In terms of carbon assimilation and partitioning, the model simulated a grain yield
of 2601 kg dry matter (DM)/ha, closely matching the observed value of 2460 kg DM/ha.
However, the simulated grain unit mass (0.018 g) was significantly lower than the observed
0.062 g, while the grain number per square meter was overestimated (14,689 vs. 4000),
further reinforcing those inaccuracies in reproductive development timing may have
contributed to errors in partitioning photosynthates into grain components. Despite this,
the harvest index (HI)—the ratio of economic yield to total above-ground biomass—was
reasonably estimated at 0.30, compared to the observed 0.25, indicating relatively balanced
dry matter allocation under modeled conditions.

The canopy (top biomass) and vegetative biomass were slightly underestimated
(8642 and 6041 kg/ha) compared to field observations (9699 and 7239 kg/ha), suggest-
ing a modest underrepresentation of carbon fixation or partitioning to structural tissues.
Nitrogen dynamics were captured with higher fidelity. Simulated total nitrogen uptake
was 71.2 kg/ha, with 39.1 kg /ha allocated to the grain, leading to a nitrogen harvest index
of 0.69. This reflects effective nitrogen remobilization from vegetative tissues to the grain
during the reproductive phase. The final grain nitrogen concentration was 1.5%, while
vegetative tissues had a concentration of 0.3%, which are consistent with typical values for
wheat grown under sufficient nitrogen availability.

Pre-anthesis biochemical data further support this balance: at anthesis, the simulated
leaf and stem biomass was 6481 kg/ha, with 30 kg/ha of nitrogen stored in those tissues,
and a leaf nitrogen concentration of 3%—a value indicating high metabolic activity and
photosynthetic efficiency during flowering. Together, these findings confirm that although
minor discrepancies in phenological timing existed, their effects on grain component
formation were recognized and interpreted within the calibration framework. Collectively,
the model’s outputs support its robustness for simulating wheat response to environmental
and management variables in nitrogen-sensitive agroecosystems.

In terms of carbon assimilation and partitioning, the model simulated a grain yield
of 2601 kg dry matter (DM)/ha, closely matching the observed value of 2460 kg DM/ha.
However, the simulated grain unit mass (0.018 g) was significantly lower than the ob-
served 0.062 g, while the grain number per square meter was overestimated (14,689 vs.
4000), indicating a mismatch in the conversion of photosynthates into reproductive organs.
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Despite this, the harvest index (HI)—the ratio of economic yield to total above-ground
biomass—was reasonably estimated at 0.30, compared to the observed 0.25, indicating
relatively balanced dry matter allocation under modeled conditions.

The canopy (top biomass) and vegetative biomass were slightly underestimated
(8642 and 6041 kg/ha) compared to field observations (9699 and 7239 kg/ha), suggest-
ing a modest underrepresentation of carbon fixation or partitioning to structural tissues.
Nitrogen dynamics were captured with higher fidelity. Simulated total nitrogen uptake
was 71.2 kg/ha, with 39.1 kg/ha allocated to the grain, leading to a nitrogen harvest index
of 0.69. This reflects effective nitrogen remobilization from vegetative tissues to the grain
during the reproductive phase. The final grain nitrogen concentration was 1.5%, while
vegetative tissues had a concentration of 0.3%, which are consistent with typical values for
wheat grown under sufficient nitrogen availability.

Pre-anthesis biochemical data further support this balance: at anthesis, the simulated
leaf and stem biomass was 6481 kg/ha, with 30 kg/ha of nitrogen stored in those tissues,
and a leaf nitrogen concentration of 3%—a value indicating high metabolic activity and
photosynthetic efficiency during flowering. These findings affirm that the model effectively
simulated both the mass flow and biochemical allocation of nitrogen, even if some discrep-
ancies in phenological duration and reproductive partitioning remain. Collectively, the
model’s outputs support its robustness for simulating wheat response to environmental
and management variables in nitrogen-sensitive agroecosystems.

3.2. Crop Yield Under Climate Scenarios Analysis
3.2.1. Descriptive Statistics and Normality Test

The descriptive statistics under the SSP3-7.0 and SSP5-8.5 climate scenarios, shown
in Table 6, provide critical insights into the expected variability and distribution of key
agro-climatic variables affecting agricultural productivity, especially production yield,
precipitation, radiation, and temperature. The projected ten-year averages for the climatic
parameters under the SSP3-7.0 and SSP5-8.5 climate scenarios are represented in Figure 3.

Table 6. Summary of the descriptive statistics and normality test.

SSPs 32?2‘32‘;21 WPY (kg/ha)  MAP (mm) (kav/ll?/ﬁ% MAXT (°C)  MANT (°C)
Mean + STDV 1119 £ 412 0.49 £ 0.19 18.9 £+ 0.09 251 +1.19 13.2 £ 1.62
Cv 0.37 0.38 0.00 0.05 0.12
Skewness 0.05 0.70 —0.23 0.13 0.37
SSP3-7.0 Minimum 151 0.19 18.7 22.8 10.5
Maximum 2062 1.05 19.1 27.6 16.9
\% 0.98731 0.95938 0.97048 0.98358 0.98118
p-value 0.77190 0.30858 0.14060 0.57480 0.45790
Mean + STDV 1048 + 446 0.49 £ 0.19 18.9 4+ 0.08 259 +1.42 14.0 £ 2.28
Ccv 0.43 0.39 0.00 0.05 0.16
Skewness —0.51 0.57 0.04 0.03 0.24
SSP5-8.5 Minimum 0 0.16 18.8 23.3 10.5
Maximum 1820 1.08 19.1 28.9 19.0
Y 0.96642 0.97547 0.95060 0.98608 0.97502
p-value 0.08751 0.24890 0.10426 0.70720 0.23660
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Figure 3. Average ten-year projections of (a) MAP (mm), (b) MAR (kWh/ m?), (¢) MAXT (°C), and
(d) MANT (°Q).

Prior to conducting parametric statistical analyses, the normality of the key continuous
variables was evaluated using the Shapiro—Wilk test under both climate scenarios (SSP3-7.0
and SSP5-8.5) (Table 6). The tested variables included the WPY, MAP, MAR, MAXT, and
MANT. Under SSP3-7.0, all variables exhibited p-values greater than 0.05, indicating no
significant deviation from a normal distribution (e.g., WPY: p = 0.7719; MAXT: p = 0.5748).
Similarly, under SSP5-8.5, all variables showed p-values above the significance threshold,
with the lowest observed for WPY (p = 0.0875), which still did not indicate a violation of
normality. These results confirm that the distributions of all analyzed variables can be
considered approximately normal under both scenarios. Accordingly, the use of random
forest modeling, correlation analysis, and XGBoost regression models in this study was
statistically appropriate and justified.
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Under the SSP3-7.0 scenario, the mean production yield was approximately 1118.6 kg/ha,
reflecting moderate productivity. The standard deviation (STDV) of 412.2 kg/ha and a
coefficient of variation of 36.9% suggest noticeable variability in yield outcomes across
the periods or models analyzed. The very low skewness (0.05) indicates that the yield
distribution is nearly symmetrical, pointing to a balanced occurrence of both high and low
yield years [11]. The minimum yield of 151 kg/ha highlights the potential for significantly
poor harvests under more adverse conditions. Regarding climatic conditions, mean annual
precipitation is very low at 0.49 mm, typical of arid or semi-arid environments, and exhibits
a moderate coefficient of variation (CV = 38.3%). The skewness of 0.70 shows that most
years experience below-average rainfall, with occasional spikes. In contrast, solar radiation
is highly stable (mean = 18.93 kWh/m?, CV = 0.45%) and slightly negatively skewed
(—0.23), suggesting a consistent energy input with rare instances of reduced radiation, as
mentioned by Anbar and Masoud [15] and Mohamed et al. [16] in their studies in Egypt.
Maximum temperatures average 25.14 °C with low variation, and the distribution is nearly
normal (skewness = 0.13), while minimum temperatures are lower (13.22 °C) and exhibit
more variability (CV = 12.3%) with a slightly positive skew, indicating frequent cooler
conditions with fewer warmer extremes similar with those conditions reported by Jia
etal. [11] in China.

In comparison, the SSP5-8.5 scenario reflects a slightly reduced mean production yield
(1048.4 kg/ha) but with increased variability, as evident from a higher STDV (446.4 kg/ha).
Unlike SSP3-7.0, the skewness here is negative (—0.51), suggesting that the distribution
is left-skewed—in other words, low yields are more common, and extreme yield failures
(including cases of zero yield) are possible, as indicated by the minimum value of 0.0 kg/ha.
This implies a more vulnerable agricultural outcome under SSP5-8.5, potentially due to
harsher climatic stressors [8,18]. Precipitation under SSP5-8.5 is similar in mean (0.49 mm)
and variability, though slightly more skewed (0.57), still indicating occasional wet years
in a predominantly dry environment. Radiation remains stable (mean = 18.93 kWh/m?,
CV = 0.42%), similar to SSP3-7.0, but with a minor increase in variability. However, temper-
atures show a clear warming trend: maximum temperature rises to 25.90 °C and minimum
temperature to 13.98 °C—both higher than in SSP3-7.0. Their respective STDVs are also
greater, indicating a broader range of temperature fluctuations [5]. The skewness values for
temperature parameters remain low, suggesting relatively symmetric distributions, though
with slightly increased probability of hotter and colder extremes as reported by Anbar
and Masoud [15] and Mohamed et al. [16]. These findings aligned with climate anomaly
analysis, which was conducted by Al-Shibli et al. [42] over 80 years in Irbid, showing the
difference of maximum temperature (—0.5 to 1.5° C) and the highest precipitation variation
of 4.25 to —2.04 mm/day in 1974 compared to 2014. It highlighted the soil heat loss during
the year except in October, influenced by net radiation, high evaporation and albedo, and
warming dry land surface.

3.2.2. Climate Feature Importance for Wheat Yield Across SSP Scenarios

The analysis of feature importance using random forest modeling offers valuable
insight into which climate parameters most influence wheat yield across different future
climate scenarios [39]. Figure 4 summarizes the importance of each variable across the four
evaluated SSP scenarios and periods.
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Figure 4. Feature importance for wheat yield across SSP scenarios.

Across all scenarios, precipitation, radiation, and temperature parameters each play
variable roles in determining wheat yield, depending on the emissions pathway and future
time period [5]. Notably, radiation emerges as the most significant factor in the SSP3-
7.0 (2030-2060) scenario, likely due to solar intensity impacts on evapotranspiration, as
mentioned by Rezaei et al. [43]. In the SSP3-7.0 (2070-2100) scenario, however, maximum
temperature becomes the dominant factor, indicating the increased stress from rising heat
levels. Under SSP5-8.5, the pattern shifts significantly. In the 20302060 period, precipitation
overwhelmingly dominates as the most influential variable (52%), reflecting the importance
of water availability during the early intensification of fossil-fueled development [43]. By
2070-2100, feature importance balances out between precipitation and radiation, with a
slight decrease in the importance of temperature variables. These results suggest that
wheat production under SSP5-8.5 will become increasingly dependent on effective water
management, as mentioned by Zhang et al. [44]. However, SSP3-7.0 scenarios emphasize
adaptation to temperature extremes [45].

3.2.3. Climate Parameters Correlates with Wheat Production Yield in SSP Scenarios

Correlation analysis was performed to better understand how each climate param-
eter independently relates to wheat yield [46]. Figure 5 presents the Pearson correlation
coefficients between each variable and yield in each scenario.
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Figure 5. Pearson correlation coefficients between each variable and yield in each scenario.

The correlation values reveal several trends. Precipitation maintains a positive correla-
tion with yield in all cases, with the highest correlation observed in SSP5-8.5 (2030-2060)
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and SSP3-7.0 (2070-2100). This indicates the increasing dependency of wheat on ade-
quate rainfall under warming conditions, as stated by Srivastava et al. [46]. Radiation
shows consistently negative correlations, particularly in SSP3-7.0 (2030-2060) and SSP5-8.5
(2070-2100), reflecting the potential for yield decline under increased solar stress. Tempera-
ture, especially maximum temperature, is more strongly negatively correlated in SSP3-7.0
(2070-2100) than in other scenarios, showing that prolonged exposure to high temperatures
could critically reduce wheat yields. Minimum temperature appears to have less direct
influence, as shown by weaker correlation values, though its role may be more important
in interaction with other factors. These findings underscore the need to tailor climate
adaptation strategies to the predominant climatic challenges in each scenario [12,47].

3.3. Model Performance Evaluation

The performance of the XGBoost regression models in predicting wheat yield was
evaluated using the coefficient of determination (R?), which quantifies the proportion of
yield variance explained by the selected climate variables [48,49]. Figure 6 represents the
average ten-year projected wheat yield production. Table 7 presents the R? values alongside
the corresponding yield prediction equations for each climate scenario and period.
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Figure 6. The average ten-year projected wheat yield production.

Table 7. Performance of XGBoost regression models for yield prediction.

SSPs Years R? Score Yield Equations Obtained by XGBoost
SSP3-7.0 2030-2060 0.65 WPY = 30.0 x MANT + 36.0 x MAR +27.0 x MAP + 14.0 x MAXT
o 2070-2100 0.73 WPY =29.0 x MAXT 4 16.0 x MANT + 30.0 x MAR + 33.0 x MAP
SSP5.8.5 2030-2060 0.81 WPY = 64.0 x MAP +18.0 x MANT + 31.0 x MAR +19.0 x MAXT
e 2070-2100 0.74 WPY =51.0 x MAP +37.0 x MAR 4+ 17.0 x MAXT 4 21.0 x MANT

Among the evaluated scenarios, the SSP5-8.5 projection for 2030-2060 achieved the
highest model accuracy, with an R? score of 0.81, indicating that climate variables during
this period—particularly precipitation—exert a strong and consistent influence on wheat
productivity. This finding aligns with previous research emphasizing the dominant role
of water availability in yield determination under extreme emission pathways [40]. The
predictive equation for this scenario notably highlighted precipitation as the most influential
variable, which is consistent with the feature importance results obtained through the
random forest model.

In contrast, the SSP3-7.0 scenario for 2030-2060 produced the lowest R? score (0.65),
suggesting that climate—yield relationships under this scenario are less straightforward,
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likely due to regional climate variability and interacting stressors. Interestingly, under SSP3-
7.0 for 2070-2100, model performance improved (R? = 0.73), with maximum temperature
emerging as the dominant limiting factor, reflecting the intensifying impact of prolonged
heat stress over time, as highlighted by Yadav et al. [50] and Becker et al. [51].

Meanwhile, the model maintained strong performance under the SSP5-8.5 scenario
for 2070-2100, with an R? score of 0.74, indicating that even under severe warming, the
model effectively captured the combined influences of radiation, precipitation, and thermal
stress [52,53].

The current study elaborated two algorithms serving error minimization by two
different implementation runs. The bagging algorithm of random forest merges forecasts
of established trees independently in contrast to the boosting algorithm that refines errors
successively from earlier trees but after tuning data. The two models perform significantly
in prediction and provide well-interpretable results [54-56].

These results suggest that predictive accuracy improves when yield is primarily
driven by water-related parameters, whereas scenarios influenced by temperature extremes
or mixed stressors present greater modeling complexity [7,32,40]. This underscores the
importance of developing dynamic, scenario-specific adaptation strategies that consider the
dominant climatic drivers in each context [37,44]. Furthermore, the integration of DSSAT
simulations with advanced machine learning techniques like XGBoost demonstrates the
potential of Al-enhanced analytics in supporting data-driven agricultural decision making
and climate-resilient planning, particularly in vulnerable semi-arid regions.

Based on the modeled sensitivity of wheat yield to heat and precipitation extremes,
several agronomic adaptation strategies can be considered to improve crop resilience
in northern Jordan. These include adjusting planting dates to avoid peak heat during
flowering and grain-filling stages and adopting drought- and heat-tolerant wheat varieties
already promoted by national breeding programs. Additionally, optimized irrigation
scheduling during critical phenological stages could help reduce yield losses under dry
spells. Emerging approaches such as nanoparticle-assisted and physiological priming also
show promise. For instance, Nagdalian et al. [57] demonstrated that low concentrations
of CuO nanoparticles (0.1 mg/L) stabilized with hyaluronic-acid-enhanced wheat seed
germination and early seedling vigor, which may improve resilience to early-season stress.
Meanwhile, Liu et al. [58] highlighted that high-solid priming applied during booting
significantly improved post-anthesis heat stress adaptation in wheat, with potential for
transgenerational stress memory, though commercial deployment still requires feasibility
assessments. Together, these strategies—ranging from well-established agronomic practices
to innovative seed treatments—can offer scalable and climate-informed adaptation options
for wheat production under future climatic uncertainty.

Given the emerging evidence on the role of physiological and biochemical priming
in improving crop performance under heat and drought stress [57,58], future modeling
efforts could benefit from incorporating such mechanisms. This may be achieved by
coupling DSSAT with physiological response modules, or by using experimental data to
calibrate crop coefficients that reflect primed responses. Integrating these factors could
improve the realism and predictive capacity of crop models under complex, stress-prone
future scenarios.

3.4. Relevance to Sustainable Development Goals

The findings of this study contribute to advancing the objectives of the United Nations
Sustainable Development Goals, particularly SDG 2 (Zero Hunger) and SDG 13 (Climate
Action), and align with Atukunda et al. [59]. By simulating the response of wheat yields
to projected climate scenarios, this study provides evidence to support sustainable agri-



AgriEngineering 2025, 7, 156

18 of 23

cultural planning in water-scarce regions. The model-based insights into yield variability
under different emission pathways can inform national strategies aimed at enhancing food
security and agro-climatic resilience. Furthermore, the identification of climate drivers
and critical phenological sensitivities supports the design of climate adaptation measures,
contributing to efforts in building resilience to climate-induced yield shocks. These contri-
butions align with global priorities for promoting sustainable food production systems and
for integrating climate risk considerations into agricultural policy and planning [60,61].

3.5. Limitations of the Study

While this study provides valuable insights into the projected impacts of cli-
mate change on wheat production in northern Jordan, several limitations should
be acknowledged:

e  The DSSAT model was calibrated using only one wheat variety due to data constraints,
limiting applicability across genotypes. Future research should include multiple
cultivars to improve representativeness under varying climatic responses.

e  Predictor correlation analysis was not conducted due to the dataset’s small size and
algorithmic nonlinearity. Future studies should apply multicollinearity diagnostics to
strengthen machine learning insights.

o  The SSP2-4.5, a moderate-emission scenario representing a “middle-of-the-road” so-
cioeconomic pathway with stabilized radiative forcing at 4.5 W/m? by 2100, was
initially analyzed but excluded due to weak climate-yield associations. While this
prevented overinterpretation, it limits representation of moderate climate futures.
Extended datasets may better reveal SSP2-4.5 impacts.

e  Although global sensitivity analysis methods, such as the Morris or Sobol techniques,
were not applied in this study due to computational and scope constraints, their
use is recognized as valuable for identifying influential model parameters. Instead,
the relative influence of key climatic variables on wheat yield was assessed using
machine learning algorithms (random forest and XGBoost), which allowed non-linear
relationships and variable importance to be explored. Future integration of global
sensitivity methods would enhance understanding of crop model behavior.

e  The use of random forest and XGBoost allowed nonlinear climate-yield relationships
to be captured effectively through ensemble learning. Future studies may benefit from
integrating advanced methods-based interpretability to enhance the transparency and
explanatory power of machine learning predictions, particularly in multi-variable
climate impact assessments.

4. Conclusions

This study evaluated the projected impacts of shifting precipitation patterns and rising
temperatures on wheat productivity in Irbid, Jordan, under two future climate scenarios:
SSP3-7.0 and SSP5-8.5. By integrating the DSSAT crop simulation model with machine
learning algorithms, the analysis provides critical insights into climate-induced risks and
potential adaptation pathways in a semi-arid, climate-sensitive environment.

The calibrated DSSAT-CERES-Wheat model demonstrated strong performance in
simulating phenological development, biomass accumulation, and nitrogen uptake across
growth stages. It accurately reproduced leaf development and biochemical nitrogen dynam-
ics, particularly during grain filling, with minimal abiotic stress observed. Simulated grain
yield and harvest index closely aligned with field measurements, validating the model’s
reliability in representing both dry matter allocation and nutrient remobilization. Despite
minor discrepancies in grain number and unit weight, the model maintained biological
realism in overall productivity, supporting its robustness for climate impact assessments.



AgriEngineering 2025, 7, 156

19 of 23

Under SSP5-8.5 for the near term (2030-2060), water availability—driven by changes
in precipitation—was found to be the dominant factor affecting wheat yield, underscoring
the need for efficient irrigation and water management. In contrast, maximum temperature
emerged as the primary stressor in the long term (2070-2100) under SSP3-7.0, highlighting
the escalating threat of heat stress.

In light of the projected impacts of climate change on wheat yield in northern Jor-
dan, several practical adaptation strategies are recommended to enhance resilience in
wheat-based production systems. These include shifting planting dates earlier to avoid
peak heat stress during flowering and grain filling; adopting drought- and heat-tolerant
wheat cultivars that perform better under anticipated conditions; and optimizing irri-
gation schedules, especially during reproductive stages, to mitigate the effects of rising
temperatures and declining rainfall. Additionally, improving irrigation infrastructure and
on-farm efficiency will be essential to stabilize yields under rainfall variability. Empowering
farmers through seasonal forecasting tools and flexible crop calendars can further support
responsive decision making at the farm level [62].

At the policy level, it is essential to promote integrated climate-resilient agricultural
frameworks, incorporating early warning systems, farmer training programs, and incen-
tives for adopting climate-smart technologies. These institutional measures should be
complemented by continued investment in advanced modeling tools such as DSSAT, es-
pecially when coupled with machine learning and data analytics, to enhance scenario
planning and risk assessment. Such combined efforts will play a crucial role in strengthen-
ing adaptive capacity and promoting sustainable wheat production in Jordan and other
climate-vulnerable regions [63].
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Abbreviations

The following abbreviations are used in this manuscript:

#/g Number per unit canopy weight grams

% Percent

°C Degrees Celsius

°Cd Degrees Celsius times day

CO, Carbon dioxide

Cv Coefficient of variation

DSSAT The Decision Support System for Agrotechnology Transfer
ESGF Earth System Grid Federation

g dwt Grams dewater

GCM Global Climate Model

kg/ha Kilogram per hectare

km Kilometers

kWh/m? Kilowatt-hours per square meter

m Meters

MANT Mean annual minimum temp

MAP Mean annual precipitation

MAR Mean annual radiation

MAXT Mean annual maximum temp

mg Milligrams

mm Millimeters

MOA Ministry Of Agriculture

MPI-ESM1-2-HR  Meteorology Earth System High-Resolution Model
MWI Ministry of Water and Irrigation

N Number of samples

NARC National Agricultural Research Center

NOAA National Oceanic and Atmospheric Administration
NRMSE Normalized root mean square error

O; Observed yield

PBC Public Benefit Corporation

pH Potential of hydrogen

P; Predicted yield

QMM Quantile Mapping Method

RStudio R Programming Language Studio

R? score Coefficient of determination

RMSE Root mean square error

50C Soil organic carbon

sSSP Shared socioeconomic pathways

WPY Wheat production yield

XGBoost EXtreme Gradient Boosting

Y Mean value of the predicted and of observed yield
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