
Optimizing wheat yield and water productivity under water scarcity: A 
modeling approach for irrigation and cultivar selection across different 
agro-climatic zones of Egypt

Maha L. Elsayed a,b , Ahmed F. Elkot c, Tahany Noreldin d, Benjamin Richard b,e , Aiming Qi b,  
Yasser M. Shabana f,g, Samir M. Saleh a, Bruce D.L. Fitt b , Ahmed M.S. Kheir h,d,*

a Central Laboratory for Agricultural Climate (CLAC), Agricultural Research Center, Giza 12411, Egypt
b Centre for Agriculture, Food and Environmental Management Research, School of Health, Medicine and Life Sciences, University of Hertfordshire, Hatfield, 
Hertfordshire, AL10 9AB, UK
c Wheat Research Department, Field Crops Research Institute, Agricultural Research Center, 12619 Giza, Egypt
d Soils, Water and Environment Research Institute, Agricultural Research Center, Giza 12112, Egypt
e Agroecology and Environment Research Unit, ISARA, 69007 Lyon, France
f Faculty of Agriculture, Mansoura University, Mansoura 35516, Egypt
g National Council for Agricultural and Food Research, Academy of Scientific Research and Technology, Cairo 11516, Egypt
h Institute for Strategies and Technology Assessment, Julius Kühn Institute (JKI)– Federal Research Centre for Cultivated Plants, Kleinmachnow 14532, Germany

A R T I C L E  I N F O

Keywords:
Deficit irrigation
DSSAT-CERES
CO₂ enrichment
Rising temperature
Resource-use efficiency

A B S T R A C T

Egypt, a major wheat importer, grapples with significant food security concerns exacerbated by limited water 
resources and climate variability. This study investigates strategies to optimize wheat yield and water produc
tivity across Egypt’s diverse agro-climatic zones through precise irrigation management and cultivar selection. 
Using the DSSAT CERES-Wheat model, calibrated with field data from experiments on three wheat cultivars 
(Sakha94, Shandweel1 and Sids1) under five irrigation treatments across four locations, we evaluated the impact 
of irrigation frequency and elevated CO₂ levels (390 ppm) on grain yield and water-use efficiency. Results show 
that frequent irrigation (50 % depletion) increases yield by up to 22 % compared to less frequent irrigation (90 % 
depletion), particularly for Sakha94, while reduced irrigation enhances water productivity based irrigation 
(WP_Irrigation), with Shandweel1 and Sids1 achieving 15–20 % higher WP under water-limited conditions. 
Elevated CO₂ contributes a modest yield increase of approximately 5 % and enhances WP, indicating potential 
adaptive benefits in future high-CO₂ scenarios. Sensitivity analysis revealed that moderate CO₂ enrichment 
(+420–440 ppm) combined with + 1◦C to + 2◦C increases yield and WP by 10–25 %, but higher temperatures 
(+3◦C) shortened growth cycles and reduced benefits, particularly for heat-sensitive cultivars like Sakha94. 
Linear mixed model analysis further reveals distinct fixed and random effects, underscoring that strategic irri
gation management can effectively balance yield maximization and water conservation. These findings highlight 
the necessity of location-specific irrigation and cultivar strategies to alleviate water scarcity. Future research 
should prioritize a multi-model ensemble approach to quantify uncertainties, integrate CMIP6 climate pro
jections and explore multi-factor environmental impacts, supporting sustainable wheat production in water- 
limited regions.

1. Introduction

Food security is intricately tied to the stability and availability of 
wheat production, as it directly impacts the sustenance of populations 
(Godfray et al., 2010), particularly in arid and semi-arid regions (Ammar 

et al., 2024; Kheir et al., 2022a). Ensuring reliable wheat yields under 
water-scarce conditions is not only vital for meeting domestic demand 
but also for mitigating the socio-economic risks associated with food 
shortages (Chiarelli et al., 2022). Water scarcity is one of the most 
pressing issues faced by arid and semi-arid regions, significantly 
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impacting agricultural productivity (Ingrao et al., 2023; Karimi et al., 
2024). In these areas, including Egypt, limited water resources and 
erratic rainfall pose severe challenges for crop production, particularly 
for water-intensive crops such as wheat (Abou-Hadid, 2025). Wheat 
accounts for approximately 30 % of the global grain production and is 
critical to food security in many regions, including Egypt (Abdalla et al., 
2023; Kheir et al., 2025), where it constitutes a significant part of the 
daily diet (Asseng et al., 2018; Kheir et al., 2024). The reliance on irri
gation further exacerbates the stress on water resources in these regions.

Wheat production is a cornerstone of Egypt’s food security, yet the 
country faces significant challenges in meeting its domestic demand, 
producing only about 50 % of its wheat needs (Gebeltová et al., 2023). 
With projected increases in temperature and water scarcity, wheat 
production is expected to decline, exacerbating the already existing food 
deficit (Kheir et al., 2019). Studies by Kheir et al. (2020a) and Cook
son-Hills (2008) highlight that wheat production in Egypt relies heavily 
on irrigation, as over 95 % of cultivated wheat is grown under irrigated 
conditions. Moreover, Egypt’s limited freshwater resources and high 
crop water requirements for wheat exacerbate the dependency on irri
gation to sustain production levels needed to meet national demand 
(Abdelhafez et al., 2020). These studies emphasize that irrigation water 
is the most critical input for wheat production in arid regions, linking 
water use directly to food security challenges in Egypt. As such, there is 
an urgent need to explore effective methods to enhance wheat yields 
while minimizing water use, especially under increasingly arid 
conditions.

Wheat production in arid and semi-arid regions, such as Egypt, is 
highly dependent on effective irrigation practices due to limited rainfall 
and water scarcity (Elkot et al., 2024). Different irrigation regimes can 
significantly influence grain yield, water productivity, and resource use 
efficiency. Frequent irrigation, such as maintaining soil moisture 
depletion at 50 %, has been shown to maximize yield by meeting crop 
water requirements during critical growth stages (Wu et al., 2024). 
Conversely, deficit irrigation strategies, which allow for greater soil 
moisture depletion (e.g., 70–90 %), often improve water productivity by 
reducing non-productive water losses, though this may come at the cost 
of reduced yield in sensitive cultivars (Geerts and Raes, 2009). Adopting 
optimized irrigation schedules that balance yield and water conserva
tion is critical, particularly in regions facing escalating water scarcity. 
Moreover, combining precise irrigation management with resilient 
wheat cultivars can mitigate the impacts of water stress, enabling sus
tainable production under limited water availability. Such strategies are 
vital for achieving food security in Egypt and other water-scarce regions.

In such water-scarce environments, accurate yield predictions are 
essential for food security planning and resource allocation (Ding et al., 
2021; Kheir et al., 2022b). Predicting wheat yield, especially under 
varying water availability, enables stakeholders to optimize irrigation 
schedules, manage resources efficiently, and plan for potential shortfalls 
in production (Falconnier et al., 2020; Kheir et al., 2021). Yield pre
dictions become even more crucial in the context of increasing climate 
variability, where water stress conditions are becoming more frequent 
and severe.

Various crop models, such as DSSAT (Jones et al., 2003) and APSIM 
(McCown et al., 1996; Pasley et al., 2023), have been developed to 
simulate crop growth and yield under different environmental and 
management scenarios, including water stress. These process-based 
models integrate climate, soil, and crop management to forecast crop 
performance (Elsayed et al., 2012; Elsayed et al., 2017), allowing for the 
exploration of various irrigation and planting strategies to improve yield 
outcomes. The application of these models in arid regions like Egypt is 
particularly relevant (Solgi et al., 2022; Ziaei and Sepaskhah, 2003), as 
they can offer the potential measures to mitigate the negative impacts of 
water stress on wheat yields (Ali et al., 2020).

Despite the advances in process-based modeling, there remain gaps 
in understanding how different wheat cultivars (Abdelmageed et al., 
2019), respond to varying irrigation regimes across diverse 

agro-climatic zones. Some studies include (Fang et al., 2024; Asseng 
et al. 2018) demonstrate that cultivar traits, including root architecture, 
phenological development, and drought tolerance, significantly influ
ence wheat performance under varying irrigation levels. Cultivars with 
longer grain-filling periods and greater water use efficiency, such as 
Shandweel1 and Sids1 in this study, tend to perform better under deficit 
irrigation. Furthermore, Geerts and Raes (2009) highlight how 
drought-tolerant cultivars can mitigate yield losses in water-scarce 
conditions, making cultivar selection a vital strategy for balancing 
yield and water productivity. Current models including DSSAT (Kheir 
et al., 2020b), APSIM (Kheir et al., 2023), and AquaCrop (Elsadek et al., 
2024) have been well-calibrated for certain regions but require further 
refinement for broader applications under Egypt’s specific conditions.

The objectives of this research are to address these gaps by: (i) cal
ibrating and validating the DSSAT model for wheat under different 
irrigation regimes across Egypt’s diverse agro-climatic zones; (ii) 
deploying the calibrated model to simulate long-term yield and resource 
use efficiency over the baseline period (1981–2010), incorporating the 
same irrigation treatments and a single compost application to evaluate 
its role in enhancing soil fertility and crop performance; and (iii) con
ducting a comprehensive sensitivity analysis incorporating multiple CO₂ 
levels (380–460 ppm) and temperature increments (+1◦C to +3◦C) to 
evaluate their combined effects on wheat yield, water productivity, and 
phenology. These objectives aim to provide actionable insights into 
sustainable irrigation, soil management, and climate adaptation strate
gies for wheat production in water-scarce regions.

2. Materials and methods

This study utilized a comprehensive approach involving both field 
experiments and model-based simulations to evaluate the impact of 
different irrigation regimes on wheat yield under varying agro-climatic 
conditions in Egypt. Field experiments were conducted across four lo
cations Al-Ismailia Agricultural Research Station (Al-Ismailia), Nubaria 
Agricultural Research Station (Al-Behera), Sids Agricultural Research 
Station (Bani Suef) and Al Mataenah Agricultural Research Station 
(Luxor) over two cropping seasons. These experiments tested three 
wheat cultivars (Sakha94, Sids1 and Shandweel1) under five irrigation 
treatments. Data on environmental factors, including temperature, hu
midity, wind speed, and evapotranspiration, were collected throughout 
the growing seasons to inform model inputs. The CERES-Wheat module 
within the DSSAT framework is a process-based model which simulates 
plant growth and development on a daily time-step. It was used for the 
simulation and calibrated using genetic coefficients specific to the wheat 
cultivars tested. Calibration of the model was done to align the simu
lated values with observed values in the field experiments for anthesis 
date, maturity date, grain yield and biomass yield.

2.1. Field experiment and soil characteristics

A field experiment was conducted in four distinct locations across 
Egypt, representing diverse agro-climatic conditions (S. Fig. 1). These 
locations vary significantly in latitude, longitude, altitude, soil texture 
type, and soil available water content (SAWC) at field capacity, which 
provided a comprehensive range of environmental conditions for the 
study. The experimental sites were used to test three high-yielding 
spring wheat cultivars (Sakha94, Sids1 and Shandweel1) over two 
cropping seasons: 2019/2020 and 2020/2021 at Al-Behera and Bani 
Suef, and 2020/2021 and 2021/2022 at Al-Ismailia and Luxor, respec
tively. These experiments were crucial for evaluating the performance of 
the wheat cultivars under different irrigation regimes and weather and 
soil conditions. Final aboveground biomass was measured by harvesting 
plants from a representative 2.8 m² plot within each experimental plot. 
The harvested biomass was dried in an oven at 70◦C until a constant 
weight was achieved, and the dry weight was recorded for further using 
in model calibrations.
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2.2. Environmental and soil conditions of the experimental sites

Mean maximum and minimum air temperature (◦C), global radiation 
(MJ), rainfall, (mm), relative humidity, wind speed, and potential 
evapotranspiration (ETo) were obtained from the central laboratory for 
agriculture climate (CLAC) and recorded daily from sowing date to end 
of May in the next year were measured in each cropping season at four 
locations (Table 2). The predominant soil analysis including soil phys
ical and chemical properties in the DSSAT format (Supplementary 
Table 1).

2.3. Treatments

The experiments employed five irrigation treatments across three 
wheat cultivars (Sakha94, Sids1 and Shandweel1). Initial irrigation 
following dry sowing was applied to support seedling emergence and 
ensure crop establishment. Supplementary Table 1 details the five irri
gation treatments, with application frequencies progressively reduced 
from six applications in Treatment 1 (I1) to two applications in 

Treatment 5 (I5), each administered at specific intervals post-sowing.

2.4. Calibrations and evaluations of DSSAT CERES wheat model

Calibrating the DSSAT CERES-Wheat model required ensuring that 
the phenological development functions accurately reflected agronomic 
relevance in response to crop management practices and environmental 
conditions. The DSSAT-CERES-Wheat model was calibrated using field 
data from the first growing season under non-stress conditions and 
subsequently evaluated using observations from the second growing 
season, following the calibration protocol outlined by Janssen and 
Heuberger (1995). Calibration was performed by adjusting 
cultivar-specific genetic coefficients to align simulated outputs with 
observed phenological and yield traits. The process began with the 
calibration of phenological development (anthesis and maturity), fol
lowed by calibration of grain yield and biomass for the three studied 
cultivars. The genetic coefficients were estimated based on observed 
phenology and yield components (Table 3), and are essential for 
capturing the distinct phenological patterns and productivity potential 

Fig. 1. Distribution of observed anthesis date, maturity date, grain yield, and biomass yield across three wheat cultivars (Sakha94, Shandweel1, Sids1) and five 
irrigation treatments (I1–I5). Each boxplot summarizes three replicates per treatment, over two growing seasons. This figure illustrates the variability in phenological 
development and productivity used for model calibration and evaluation.

Table 1 
Experimental locations with latitude (◦), longitude (◦), altitude (m), soil texture type soil available water content (SAWC) at field capacity and sowing date.

Location Latitude Longitude Altitude Soil type SAWC Sowing date

Al-Behera 30.9 29.87 54 Loamy Sand 12 % 05-Dec− 2019
Loamy Sand 13 % 25-Nov− 2020

Al-Ismailia 30.52 31.96 5 Sandy Soil 12 % 13-Dec− 2020
​ Sandy Soil 12 % 21-Nov− 2021
Bani Suef 28.9 30.95 18 Clay 19 % 01-Dec− 2019

Clay 18 % 25-Nov− 2020
Luxor 25.42 32.53 82 Clay loam 18 % 25-Nov− 2020

Clay loam 18 % 27-Nov− 2021
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of each cultivar under varying environmental conditions and irrigation 
treatments. By adjusting species, ecotype, and cultivar-specific co
efficients, the DSSAT model enables the simulation of phenological and 
growth responses across multiple crop species and cultivars. In this 
study, we applied the Generalized Likelihood Uncertainty Estimation 
(GLUE) method (Jones et al., 2011), which optimizes cultivar co
efficients by comparing actual and simulated yield values using 
Bayesian estimation based on Gaussian likelihood functions and Monte 
Carlo sampling. GLUE inputs are incorporated into the model through 
File-A (Jones et al., 2011). File A in DSSAT, also known as the "Experi
ment Management" file, is a key input file that defines the management 
practices, experimental design, and specific treatments applied during a 
simulation. It provides the framework for running simulations by linking 
environmental conditions with management practices. Table 3 presents 
the genetic coefficients calibrated using this approach.

GLUE method was used to quantify parameter uncertainty and 
improve the reliability of wheat performance predictions under diverse 
environmental and management conditions. A total of 4000 simulations 
were run using cultivar-specific data within the DSSAT system. GLUE 
identifies acceptable parameter sets based on a likelihood function, 
generating posterior distributions that reflect uncertainty (Han et al., 
2014; Li et al., 2010). The optimized parameters were then analyzed and 
incorporated into the DSSAT cultivar file, effectively reducing uncer
tainty and enhancing model robustness.

For evaluation, simulated values for yield, final biomass and 
phenology were compared with observed data under all irrigation 
treatments to assess model accuracy. The evaluation used statistical 
metrics, including the coefficient of determination (R²) (Cheng et al., 
2014), Root Mean Square Deviation (RMSD) (Pathria and Beale, 2011), 
and the index of agreement (d-index) (İldan, 2010; Jacovides and 
Kontoyiannis, 1995).

2.5. Application of DSSAT for long term simulation over the historical 
period

Following calibration and evaluation, the model was deployed for 
long-term simulations over the baseline period (1981–2010) using 
different automatic deficit irrigation based on soil moisture depletion. In 
the DSSAT model, automatic irrigation scheduling based on soil mois
ture depletion is a key feature for optimizing water use and enhancing 
crop productivity under variable water conditions. This approach allows 
irrigation to be triggered at specific depletion levels of soil available 
water, ensuring that crops receive water just before reaching critical 
moisture deficits. Here, irrigation was scheduled at soil moisture 
depletion levels of 50 %, 60 %, 70 %, 80 % and 90 % of the available 
water holding capacity. This percentage represents the proportion of the 
soil’s moisture reserve that has been used by the crop since the last 
irrigation or rainfall event. This method was controlled by changing the 
code ITRHL (Threshold for Irrigation Trigger) with 50, 40, 30, 20 and 10 
to ensure soil moisture depletion levels of 50 %, 60 %, 70 %, 80 %, and 
90 % of the available water holding capacity respectively. When the 
depletion threshold is reached, the DSSAT model calculates the required 
irrigation quota to restore soil moisture to field capacity, which is ach
ieved by setting the ITRHU (Irrigation Threshold Refill to Field Capac
ity) parameter. This quota is determined by the amount of water needed 
to replenish the soil profile from the current depletion level up to field 
capacity, ensuring optimal moisture availability for root uptake without 
oversaturating the soil. By utilizing this threshold-based approach, 
DSSAT enables precise irrigation management, reducing water wastage 
and stress to crops, which is particularly beneficial in regions with 
limited water resources or erratic rainfall patterns. Additionally, simu
lations incorporated two CO₂ levels (380 ppm and 390 ppm) and a 
compost application to assess optimal management practices for 
enhancing wheat yield and water productivity. AgMERRA Climate 
Forcing Dataset for Agricultural Modeling was used for the long-term 
simulations. It contains the AgMIP climate forcing dataset based on 
the NASA Modern-Era Restrospective Analysis for Research and Appli
cations (MERRA). AgMERRA corrects to gridded temperature and pre
cipitation, incorporates satellite precipitation, and replaces solar 
radiation with NASA/GEWEX SRB to cover the 1980–2010 period 
(Ruane et al., 2015). We selected the period 1981–2010 for long-term 
simulations because high-quality daily weather data from the 
AgMERRA dataset are only available for this timeframe. The AgMERRA 
dataset provides corrected historical climate data tailored for agricul
tural modeling, ensuring consistency and accuracy in simulating wheat 
growth under realistic environmental conditions. Water productivity 
was calculated as the ratio of grain yield (kg/ha) to actual evapotrans
piration (mm), as simulated by the DSSAT model, to evaluate crop water 
use efficiency.

2.6. Sensitvity analysis

To assess the combined impacts of elevated atmospheric carbon di
oxide (CO₂) levels and temperature increases on wheat yield, water 

Table 2 
Mean maximum (Tmax), minimum (Tmin), average (Tave) air temperature, average relative humidity (RH), wind speed (WS), total rainfall (R), global radiation (Rad) 
and potential evapotranspiration (ETo) from sowing date to end of May in next year in each cropping season at four locations.

Location Sowing date Tmax 
(◦C)

Tmin 
(◦C)

Tave 
(◦C)

Rad 
(MJ)

R 
(mm)

RH 
(%)

WS 
(m s− 1)

ETo 

(mm)

Al-Behera 05-Dec− 2019 22.1 12.7 17.4 3535.8 288.0 68.8 3.5 700.6
25-Nov− 2020 23.6 13.3 18.4 3717.9 264.1 65.7 3.1 757.3

Al-Ismailia 13-Dec− 2020 27.0 11.5 19.3 3351.7 81.6 57.5 2.5 706.9
​ 21-Nov− 2021 24.9 10.7 17.8 3288.9 22.0 56.4 2.7 670.6
Bani Suef 01-Dec− 2019 24.4 10.2 17.3 3731.0 100.8 54.4 2.9 746.3

25-Nov− 2020 26.7 11.4 19.1 3910.1 29.9 45.7 2.9 817.2
Luxor 25-Nov− 2020 29.8 12.4 21.1 4169.6 0.8 30.8 2.8 916.4

27-Nov− 2021 28.0 11.6 19.8 3915.9 5.6 33.8 3.0 836.3

Table 3 
Genetic coefficients under CERES-Wheat used for model calibration of Sakha94, 
Sids1 and Shandaweel1 cultivars.

Genetic Co-efficient Sakha94 Sids1 Shandweel1

P1V Days, optimum vernalizing temperature, 
required for vernalization

52.68 27.72 23.55

P1D Photoperiod response (% reduction in 
rate/10 h drop in pp)

46.66 48.55 40.11

P5 Grain filling (excluding lag) phase 
duration (◦C. d)

382.7 519.9 460.2

G1 Kernel number per unit canopy weight at 
anthesis (#/g)

14.33 37.60 29.12

G2 Standard kernel weight under optimum 
conditions (mg)

44.21 18.12 23.75

G3 Standard, non-stressed mature tiller wt 
(incl grain) (g dwt)

0.85 4.74 3.26

PHINT Interval between successive leaf tip 
appearances (◦C. d)

100.0 100.0 100.0
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productivity, and phenology, we conducted a sensitivity analysis using 
the DSSAT CERES-Wheat model. This analysis included three tempera
ture increments (+1◦C, +2◦C, and +3◦C) and five CO₂ concentrations 
(380 ppm, 400 ppm, 420 ppm, 440 ppm, and 460 ppm), resulting in 15 
temperature × CO₂ combinations. These scenarios were applied to three 
wheat cultivars (Sakha94, Shandweel1, and Sids1) under five irrigation 
treatments (50 %–90 % soil moisture depletion) across four diverse 
agro-climatic zones in Egypt (Al-Ismailia, Luxor, Al-Behera, and Bani 
Suef) over a 30-year baseline period (1981–2010). Climate data were 
obtained from the AgMERRA dataset to ensure consistency with his
torical weather patterns. Outputs such as grain yield, water productiv
ity, evapotranspiration, and growth cycle duration were analyzed to 
evaluate cultivar-specific and irrigation-specific responses to future 
climate conditions. This analysis provided key insights into the inter
active effects of CO₂ and temperature on wheat productivity, high
lighting trade-offs between yield optimization and water conservation 
under projected climate scenarios.

2.7. Statistical analysis

All statistical analyses were conducted using R software (R Core 
Team, 2024) to evaluate model accuracy and explore relationships 
among variables. In the analysis, a comprehensive statistical approach 
was used to evaluate the effects of different cultivars and irrigation 

treatments on wheat yield, biomass and phenological development 
under water-limited conditions. Linear mixed models were employed to 
examine both fixed and random effects, specifically analyzing the in
fluence of cultivar (Sakha94 and Sids1) and irrigation treatments and 
the model’s performance was assessed using several key model fitness 
performance metrics. The statistical indicators R², RMSD and d-index 
were calculated using custom formulas and the Metrics package, allow
ing the evaluation of the goodness of fit between observed and simulated 
values for yield, biomass and phenology. Additionally, Principal 
Component Analysis (PCA) was conducted using the FactoMineR and 
factoextra packages to reveal the variance structure and relationships 
among environmental and yield variables, facilitating dimensionality 
reduction and pattern recognition across irrigation treatments and cul
tivars. Boxplots generated with ggplot2 provided visual insights into 
yield and biomass distribution across treatments, while pairwise scatter 
plots (pairplots) created with the GGally package allowed for explora
tion of correlations and interactions among key agronomic variables like 
yield, biomass, and phenology. This multifaceted analysis framework, 
supported by these R packages, offered robust insights into model per
formance, treatment effects, and variable relationships, thereby identi
fying optimal irrigation management practices for wheat under different 
soil moisture conditions, as illustrated by the fixed and random effects 
shown in the linear mixed model outputs.

Fig. 2. Scattered comparison between measured and simulated (a) anthesis date, (b) maturity date, (c) grain yield and (d) biomass yield in four locations for three 
different wheat cultivars.
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3. Results

3.1. Calibration and evaluation of CERES-wheat model

To better understand the variability in the observed field data used 
for model calibration and evaluation, boxplots were generated for 
anthesis date, maturity date, grain yield, and biomass yield across the 
three cultivars (Sakha94, Shandweel1, and Sids1) under five irrigation 
treatments (I1–I5) (Fig. 1). The distributions reveal notable differences 
among cultivars and treatments, particularly under water stress (I4 and 
I5), where both yield and phenological development showed higher 
variability. Sakha94 generally exhibited earlier phenological stages and 
higher grain weight, while Shandweel1 and Sids1 produced higher 
biomass under well-watered conditions. These patterns illustrate the 
underlying data structure used in calibration and highlight the diverse 
cultivar responses that contributed to variability in model performance. 
The calibration and evaluation of the DSSAT CERES-Wheat model are 
presented in Fig. 2, which provides scatter plots comparing measured 
versus simulated values for anthesis date, maturity date, grain yield and 
biomass yield across four locations (Bani Suef, Al-Ismailia, Al-Behera 
and Luxor) and three wheat cultivars (Sakha94, Shandweel1 and Sids1). 
The model’s performance (goodness of fit) in capturing phenological 
development and yield outcomes is assessed through metrics including 
R², d, and RMSD, which together provide a comprehensive evaluation of 
the model’s accuracy. For anthesis date (Fig. 2a), the model showed a 
moderate level of agreement with observed values, with an R² value of 
0.13, a d-index of 0.58, and an RMSD of 8 days. These values indicate 
that the model could explain some variability in anthesis timing across 
the different locations and cultivars, though its predictive precision is 
limited. The observed discrepancies suggest that while the model ac
counts for general phenological trends, specific environmental and ge
netic interactions affecting anthesis timing may not be fully explained. 
Variability in temperature and photoperiod sensitivity across cultivars 
and regions probably contributes to these differences, highlighting areas 
where the model could be refined for enhanced phenological accuracy.

The model demonstrated slightly improved performance for matu
rity date (Fig. 2b), as indicated by an R² of 0.16, a d-index of 0.61 and 
RMSD of 8 days. While the R² values (0.13 for anthesis and 0.16 for 
maturity) indicate limited explanatory power for variability in pheno
logical dates, the d-index provides a complementary perspective on 
model performance. The d-index values (0.58 for anthesis and 0.61 for 
maturity) suggest moderate agreement between observed and simulated 
values, capturing the overall trends in phenological development across 
locations and cultivars. The d-index, or Willmott’s index of agreement, 
ranges from 0 to 1, where values closer to 1 indicate better agreement 
between observed and simulated values. Values around 0.6, as reported 
in this study, indicate that the model captures the general patterns of 
anthesis and maturity timing but could be improved further for preci
sion. These values are comparable to other studies that used process- 
based crop models in diverse environments and reflect the inherent 
challenges of simulating phenological events influenced by complex 
environmental and genetic interactions (e.g., temperature fluctuations, 
photoperiod sensitivity). This suggests that the model captures the 
general trend in wheat maturity timing reasonably well. However, 
similar to anthesis date, some deviations from the observed values are 
apparent, which may reflect site-specific climate effects or cultivar re
sponses not fully integrated into the model’s parameters. The maturity 
date results underscore the model’s ability to simulate general pheno
logical development, albeit with some limitations in precision, particu
larly across different environmental conditions and management 
practices.

Grain yield predictions (Fig. 2c) showed moderate accuracy with an 
R² value of 0.45, a d-index of 0.81 and RMSD of 1650 kg/ha, suggesting 
that the model is relatively effective at explaining yield variability across 
different irrigation treatments and cultivars. The higher d-index value 
reflects a stronger agreement between observed and simulated yields, 

indicating that the model adequately represents the influence of irri
gation and cultivar differences on yield potential. Nevertheless, certain 
points deviate from the 1:1 line, suggesting instances where the model 
either overestimates or underestimates actual grain yield. These de
viations could be attributed to unaccounted factors such as nutrient 
availability, pest and disease pressures or microclimatic variations that 
affect yield.

In terms of aboveground biomass yield (Fig. 2d), the model showed 
the highest level of agreement among the parameters evaluated, with an 
R² of 0.36, a d-index of 0.76, and an RMSD of 3200 kg/ha. This indicates 
that the model explains the general trend in biomass production across 
different environments and cultivars, although variability remains that 
the model does not fully explain. The relatively good agreement in 
biomass prediction suggests that the model is well-suited for simulating 
overall growth responses under the given irrigation treatments. The 
deviations, however, point to potential influences of local environ
mental conditions or unmodelled management practices that may affect 
biomass accumulation rates differently in each location.

Overall, the model’s calibration and evaluation results reveal that it 
provides reasonable predictions for phenological stages and yield com
ponents, with greater accuracy for grain and biomass yields than for 
anthesis and maturity dates. The observed discrepancies, particularly in 
phenology, suggest potential areas for model refinement, especially in 
incorporating location- and cultivar-specific responses to environmental 
and management factors. Despite these limitations, the model demon
strates utility in simulating wheat performance under diverse irrigation 
regimes, supporting its use for exploring optimal management practices 
under varying agro-climatic conditions. The results provide a founda
tion for further model adjustments to enhance predictive accuracy, 
especially for phenological events sensitive to specific environmental 
cues.

Figs. 3, 4, and 5 provide a comprehensive analysis of the model’s 
predictive performance across various factors, including irrigation 
treatment, location and wheat cultivar, for anthesis date, maturity date, 
grain yield, and biomass yield. These figures illustrate the model’s 
capability in explaining both phenological and yield outcomes under 
diverse conditions, offering insights into its robustness and areas for 
improvement.

In Fig. 3, the model’s predictions for anthesis date, maturity date, 
grain yield, and biomass yield are compared with observed values across 
five distinct irrigation treatments. The scatter plots reveal that the model 
generally aligns well with observed trends, with varying levels of ac
curacy across the phenological stages and yield parameters. Anthesis 
and maturity dates display moderate alignment with observed values, 
though some variability remains, particularly under extreme irrigation 
levels. For grain yield and biomass yield, the model shows closer 
agreement with observed values under moderate irrigation treatments, 
suggesting that the model explains the response of yield to water 
availability but may require adjustments for extreme water stress or 
excess scenarios. The overall patterns indicate the model’s sensitivity to 
irrigation variations and its relative strength in yield prediction under 
moderate irrigation.

Fig. 4 represents a paired comparison of model performance across 
four diverse locations: Bani Suef, Al-Ismailia, Al-Behera, and Luxor. The 
model’s ability to explain phenological and yield outcomes in varied 
environmental conditions is shown in these plots. Anthesis date and 
maturity date predictions exhibit reasonable agreement with observed 
values, with the strongest correlations in Al-Behera and Luxor, where 
environmental conditions align closely with the model’s calibration 
parameters. Grain yield and biomass yield predictions indicate a strong 
alignment in Bani Suef and Al-Ismailia, suggesting that the model is 
well-suited to simulate yield in regions with similar environmental 
characteristics. However, some discrepancies are noted in extreme cli
mates, such as the higher temperatures in Luxor, where biomass yield 
deviations suggest a potential need for location-specific calibration to 
enhance predictive accuracy. Overall, Fig. 4 highlights the model’s 
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robustness in explaining phenological and yield trends across a range of 
agro-climatic zones, with the potential for refinement in extreme envi
ronmental conditions.

In Fig. 5, the model’s predictive accuracy is assessed across three 
wheat cultivars: Sakha94, Shandweel1, and Sids1. This figure reveals 
the model’s capacity to simulate cultivar-specific phenological and yield 
characteristics. The anthesis date and maturity date demonstrate a good 
fit with observed values for all cultivars, though Sakha94 shows slightly 
more variation, possibly due to its unique phenological response to 
environmental cues. For grain yield and biomass yield, Shandweel1 
exhibits the closest alignment between observed and simulated values, 
indicating that the model parameters align well with this cultivar’s 
growth characteristics. In contrast, slight deviations for Sakha94 and 
Sids1 suggest that adjustments to cultivar-specific coefficients could 
further improve predictive accuracy. These findings emphasize the 
model’s general adaptability across cultivars while indicating opportu
nities to enhance calibration for each variety.

Collectively, Fig. 3&4 and 5 demonstrate the DSSAT CERES-Wheat 
model’s ability to predict key phenological stages and yield parame
ters under various irrigation treatments, environmental conditions, and 
cultivar types. While the model shows strong performance under mod
erate irrigation and typical environmental conditions, minor discrep
ancies in extreme scenarios or specific cultivars suggest potential areas 
for further refinement. These results confirm the model’s utility in 
simulating wheat performance across diverse management practices and 
environmental settings, with targeted adjustments capable of enhancing 
its overall predictive reliability.

Fig. 6 presents a Principal Component Analysis (PCA) of key 
phenological and yield traits across three wheat cultivars (Sakha94, 
Shandweel1 and Sids1) and five irrigation treatments (I1–I5). The PCA 
results highlight the relationships and variability of these traits under 
different genetic and management conditions, offering insights into the 
primary factors influencing wheat performance.

In Fig. 6a, the PCA is grouped by cultivar, displaying each cultivar’s 
distinctive influence on the distribution of phenological and yield traits. 
The two principal components (PC1 and PC2) together explain a sub
stantial portion (70 %) of the variability among the traits. Traits such as 
anthesis date (ADATS), maturity date (MDATS), grain yield (GYM), and 
biomass yield (BYM) show specific loadings along the principal com
ponents, reflecting the cultivars’ different genetic responses. Shand
weel1, represented by green triangles, shows a broader spread along PC1 
and PC2, suggesting higher variability in response to environmental 
conditions and management practices. Sakha94 (red circles) and Sids1 
(blue squares) cluster more closely around the origin, indicating more 
consistent responses. The vector directions for each trait imply that 
maturity and anthesis dates are closely associated with PC1, while yield- 
related traits, such as grain yield and biomass yield, show strong asso
ciations with PC2.

Fig. 6b illustrates the PCA with grouping based on irrigation treat
ments (I1-I5), where each irrigation treatment influences the spread and 
orientation of the phenological and yield traits. Treatments I1 and I5, 
represented by red circles and pink crosses, respectively, display broader 
dispersions along PC1, indicating that extreme irrigation levels (both 
high and low) contribute to greater variability in trait responses. 

Fig. 3. Paired comparison between measured and simulated values for anthesis date (ADATM and ADATS), maturity date (MDATM and MDATS), grain yield (GYM, 
and GYS), and biomass yield (BYM and BYS) across five irrigation treatments in the DSSAT CERES-Wheat model. The irrigation treatments range from frequent to 
limited applications, reflecting varying water availability conditions. Each point represents a unique combination of treatment, location, and cultivar. The model’s 
predictive accuracy under different irrigation levels highlights its sensitivity to water availability and its capacity to simulate phenological and yield responses under 
both water-stressed and well-watered conditions. Discrepancies observed under extreme irrigation treatments suggest potential areas for model refinement.
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Conversely, moderate irrigation treatments (I2, I3 and I4) are positioned 
closer to the center, reflecting less variability and a more stable response 
pattern for the measured traits. Traits like grain yield, and biomass yield 
are strongly aligned with PC2, emphasizing that these yield components 
are more responsive to changes in water availability than phenological 
traits. The PCA vectors suggest that yield traits tend to increase with 
moderate irrigation, as reflected by the central clustering of treatments 
I2 to I4. Overall, the PCA in Fig. 6 highlights the complex interplay 
between genetic and irrigation influences on wheat phenology and 
yield. Cultivar-specific grouping reveals inherent genetic variability, 
while irrigation-based grouping emphasizes water availability’s critical 
role in determining yield outcomes. These results underscore the need 
for tailored management practices that consider both genetic and 
environmental factors to optimize wheat productivity under varying 
irrigation regimes.

3.2. Long term simulation of yield, ET and water productivity

Fig. 7 presents the results of long-term simulations (1980–2010) on 
the grain yield (GY) of three wheat cultivars (Sakha94, Shandweel1 and 
Sids1) in Egypt under varying irrigation treatments, CO₂ concentrations 
and locations. This figure shows that grain yield is significantly affected 
by irrigation level, CO₂ concentration and agro-climatic conditions, with 
each subplot representing a unique combination of cultivar, CO₂ level 
(380 ppm or 390 ppm) and location (Al-Ismailia, Luxor, Al-Behera and 
Bani Suef). Across all cultivars and locations, there is a clear trend of 

increased grain yield with higher levels of irrigation (lower depletion 
rate), indicating that more frequent irrigation positively influences yield 
(S. Table 3). The results demonstrate substantial variability in grain 
yield responses across locations, suggesting that environmental condi
tions play a crucial role in how each cultivar performs under specific 
irrigation regimes. For example, higher yields are generally observed in 
Al-Behera and Luxor compared to Al-Ismailia and Bani Suef, which may 
be attributed to differences in soil type, temperature, and other site- 
specific factors. The two CO₂ levels further highlight the potential 
impact of elevated CO₂ on wheat yield, with slightly higher yields 
observed at 390 ppm in most cases, suggesting that increased CO₂ may 
enhance photosynthesis and crop productivity, albeit with varying ef
fects across cultivars and locations. Each cultivar exhibits a distinct 
response pattern to the irrigation treatments. Sakha94 generally shows 
higher yield responses to increased irrigation, especially under elevated 
CO₂ conditions, while Shandweel1 and Sids1 display more variable yield 
patterns across different locations. These differences underline the 
importance of selecting suitable cultivars based on local environmental 
conditions and available water resources (Abdelmageed et al., 2019), as 
each cultivar’s yield response may be optimized with targeted irrigation 
strategies. Statistical significance indicators between irrigation treat
ments reveal that, in most cases, yield differences between treatments 
are highly significant (p < 0.001), emphasizing the strong influence of 
irrigation frequency on wheat productivity. The statistical comparisons 
indicate that while I1 (50 % depletion) generally produces the highest 
yields across cultivars and CO₂ levels, moderate irrigation levels like I2 

Fig. 4. Paired comparison between measured and simulated values for anthesis date (ADATM and ADATS), maturity date (MDATM and MDATS), grain yield (GYM, 
and GYS), and biomass yield (BYM and BYS) across four locations: Bani Suef, Al-Ismailia, Al-Behera, and Luxor. Each point corresponds to a unique location, cultivar, 
and irrigation treatment combination. This figure illustrates the model’s capability to capture the effects of different agro-climatic conditions on phenology and yield 
components. Strong alignment in moderate climates, such as those in Bani Suef and Al-Ismailia, demonstrates the model’s reliability, while deviations in Luxor, 
where extreme temperatures prevail, suggest a need for location-specific adjustments. The figure emphasizes the model’s adaptability to diverse environmental 
conditions while also highlighting areas for further improvement under extreme climate conditions.
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and I3 also perform well, particularly in locations with higher yield 
potential, such as Al-Behera and Luxor. These results suggest that 
moderate irrigation regimes may achieve a balance between yield 
optimization and water conservation, which is critical in water-scarce 
regions like Egypt. Overall, Fig. 7 emphasizes the need for location- 
and cultivar-specific irrigation strategies to maximize grain yield under 
variable CO₂ scenarios. By analyzing the combined effects of irrigation 
treatment, CO₂ level and environmental conditions, this study provides 
valuable insights into how different wheat cultivars can be managed to 
optimize yield in Egypt’s diverse agro-climatic zones. This evidence 
supports the development of sustainable irrigation practices that 
consider both cultivar adaptability and the potential benefits of elevated 
CO₂, enabling more efficient use of limited water resources while 
maintaining high crop productivity.

Supplementary Figure 2 shows the impact of different irrigation 
treatment, CO₂ level, and location on the actual evapotranspiration (ET) 
of three wheat cultivars (Sakha94, Shandweel1 and Sids1) in Egypt. The 
results reveal that ET varies significantly across irrigation treatments, 
CO₂ concentrations, and locations, with irrigation treatments (I1 to I5) 
representing irrigation at 50 %, 60 %, 70 %, 80 % and 90 % depletion of 
soil available water, respectively. Across all combinations of cultivars, 
CO₂ levels (380 ppm and 390 ppm) and locations (Al-Ismailia, Luxor, Al- 
Behera and Bani Suef), ET consistently decreases with reduced irrigation 
frequency, as indicated by the lower ET values under I4 and I5 treat
ments. This trend highlights the direct influence of irrigation on ET, 
where more frequent watering increases water availability for crop 

uptake and transpiration. Significant differences in ET between treat
ments, indicated by p-values (< 0.001), suggest that irrigation sched
uling notably impacts water use across locations. Generally, higher ET is 
observed in Al-Behera and Luxor compared to Al-Ismailia and Bani Suef, 
probably due to variations in environmental conditions such as tem
perature, humidity, and soil characteristics. The elevated CO₂ level 
(390 ppm) slightly reduces ET across all treatments and locations, which 
aligns with findings suggesting that increased CO₂ can enhance water- 
use efficiency by partially reducing stomatal conductance. Cultivars 
display unique responses to the irrigation treatments, with Sakha94 
generally showing higher ET compared to Shandweel1 and Sids1 across 
all locations, particularly under higher irrigation frequencies (I1 and I2). 
This cultivar-specific ET response underlines the importance of selecting 
cultivars with suitable water-use characteristics for different agro- 
climatic conditions, as Sakha94 may require more frequent irrigation 
to sustain optimal growth and yield, while Shandweel1 and Sids1 may 
perform better under moderate irrigation regimes.

S. Fig. 3 displays the amount of irrigation applied (mm) under 
different treatments, CO₂ levels and locations for three wheat cultivars 
(Sakha94, Shandweel1 and Sids1) in Egypt. Across all combinations, 
irrigation frequency significantly affects the total water applied, with 
higher levels observed in I1 and I2 (50 % and 60 % soil moisture 
depletion) compared to the less frequent I4 and I5 treatments (80 % and 
90 % depletion). The data reveal that elevated CO₂ (390 ppm) slightly 
reduces irrigation requirements across locations, suggesting improved 
water-use efficiency. Among the locations, Luxor and Al-Behera 

Fig. 5. Paired comparison between measured and simulated values for anthesis date (ADATM and ADATS), maturity date (MDATM and MDATS), grain yield (GYM 
and GYS), and biomass yield (BYM, and BYS) across three wheat cultivars: Sakha94, Shandweel1, and Sids1. Each data point represents a specific cultivar in 
combination with different locations and irrigation treatments. The figure demonstrates the model’s accuracy in predicting cultivar-specific growth stages and yield 
outcomes, with Shandweel1 showing the closest alignment with observed values. Variations in Sakha94 and Sids1 indicate possible areas for cultivar-specific 
calibration to improve model accuracy. This figure highlights the model’s flexibility in accommodating different wheat genotypes, as well as its potential for 
enhanced performance with further calibration for each variety.
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generally required more irrigation than Al-Ismailia and Bani Suef, 
reflecting regional differences in environmental demands. This figure 
demonstrates the role of optimized irrigation scheduling and CO₂ levels 
in achieving efficient water use while maintaining yield across diverse 
agro-climatic conditions.

S. Fig. 4 presents water productivity (WP) based on evapotranspi
ration (ET), measured as kg/ha/mm, across different irrigation treat
ments, CO₂ level and locations for three wheat cultivars (Sakha94, 
Shandweel1 and Sids1) in Egypt. The figure demonstrates that WP 
generally improves with less frequent irrigation (I4 and I5), indicating 
higher water-use efficiency under greater water stress. Higher WP values 
are observed at 390 ppm CO₂ compared to 380 ppm, reflecting potential 
benefits of elevated CO₂ on water productivity. Among the locations, 
Luxor and Al-Behera typically exhibit higher WP compared to Al- 
Ismailia and Bani Suef, emphasizing the influence of environmental 
conditions. Overall, the results show the effectiveness of reduced irri
gation regimes combined with elevated CO₂ in enhancing water pro
ductivity across diverse agro-climatic zones.

Fig. 8 presents chord diagrams showing the relationships between 
irrigation treatment and wheat cultivar for grain yield (panel a) and 
water productivity based on irrigation (panel b). In panel (a), the dia
gram reveals that grain yield is influenced by both the cultivar and the 
irrigation treatment, with Sakha94 and Shandweel1 displaying strong 
associations with higher irrigation levels (I1 and I2), indicating higher 
yield under frequent irrigation. Conversely, Sids1 shows relatively 
weaker connections across treatments, suggesting a more stable but 
moderate yield response across irrigation levels. Panel (b) illustrates 
water productivity based on irrigation, where stronger links are 
observed under lower irrigation frequencies (I4 and I5) for Shandweel1 
and Sids1, indicating improved water-use efficiency under more 
restrictive irrigation regimes. Sakha94, while achieving high yields 
under frequent irrigation, shows lower water productivity under the 
same conditions, emphasizing the trade-off between yield maximization 
and water efficiency. These results highlight the cultivar-specific re
sponses to irrigation levels, suggesting that Shandweel1 and Sids1 may 

be more suitable for water-limited environments due to their higher 
water productivity under deficit irrigation.

The mean relative changes in grain yield, water productivity based 
on evapotranspiration (WP_ET) and water productivity based on irri
gation (WP_Irrigation) across various irrigation treatments (I2 to I5) 
relative to the no-stress treatment (I1, 50 % depletion) are presented in 
Fig. 9. The results indicate that grain yield generally declines as irriga
tion frequency decreases (from I2 to I5), with more pronounced re
ductions in locations such as Al-Behera and Al-Ismailia. Conversely, 
WP_Irrigation shows a marked increase under higher depletion levels, 
particularly under I5 (90 % depletion), suggesting that water-use effi
ciency improves as water availability becomes limited. This trend is 
especially evident in Al-Behera, where WP_Irrigation demonstrates 
substantial positive changes under I5, reflecting the ability of certain 
cultivars, such as Shandweel1, to maintain productivity under deficit 
irrigation. WP_ET al.so exhibits slight increases under reduced irriga
tion, indicating that crops use available water more efficiently when 
irrigation is limited. Overall, these findings suggest a trade-off between 
maximizing yield and improving water productivity, with reduced irri
gation favoring water-use efficiency but impacting yield, particularly in 
more water-stressed environments.

The fixed and random effects of cultivar and irrigation treatment on 
grain yield (GY) and water productivity based on irrigation (WP_Irri
gation) as estimated by a linear mixed model are presented (S. Fig. 5). 
The fixed effects (left panels) indicate significant differences in GY and 
WP_Irrigation across cultivars, with Sakha94 and Sids1 showing lower 
effect sizes compared to the intercept, suggesting cultivar-specific re
sponses to water management strategies. The random effects (right 
panels) reveal that for GY, the largest deviations occur under lower soil 
moisture depletion levels (I1 and I2), which correspond to more frequent 
irrigation. In contrast, WP_Irrigation shows progressively higher random 
effects as irrigation frequency decreases (from I1 to I5), indicating 
improved water-use efficiency under greater water stress. These results 
suggest that while higher irrigation frequencies enhance grain yield, 
reduced irrigation levels improve WP_Irrigation, highlighting the 

Fig. 6. Principal Component Analysis (PCA) illustrating the relationships among measured phenological and yield traits across three wheat cultivars (Sakha94, 
Shandweel1 and Sids1) and five irrigation treatments (I1–I5). Panel (a) shows the PCA distribution grouped by cultivar, highlighting the genetic influence of each 
cultivar on traits such as anthesis date (ADATS), maturity date (MDATS), grain yield (GYM), and biomass yield (BYM). Each cultivar exhibits unique clustering, with 
Shandweel1 displaying a wider spread along both principal components, suggesting a higher variability in response to environmental conditions and management 
practices. Panel (b) groups the PCA by irrigation treatments, emphasizing the effect of water availability on the variability of phenological and yield traits. Extreme 
irrigation treatments (I1 and I5) show broader dispersion along PC1, indicating greater variability in trait responses under these conditions, while moderate 
treatments (I2, I3, and I4) cluster more centrally, reflecting more stable responses. The PCA vectors indicate the alignment of phenological traits with PC1 and yield- 
related traits with PC2, underscoring the differential impact of genetic and irrigation factors on wheat performance. This analysis highlights the importance of 
cultivar selection and irrigation management in optimizing wheat productivity across diverse agro-climatic conditions.
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Fig. 7. Impact of irrigation treatment, CO₂ level and location on grain yield (GY) of different wheat cultivars (Sakha94, Shandweel1 and Sids1) in Egypt. This figure 
shows the response of grain yield (kg/ha) to five different irrigation treatments (I1 to I5) across four experimental sites— Al-Ismailia, Luxor, Al-Behera, and Bani Suef 
—under two CO₂ levels (380 ppm and 390 ppm) over 30 years of simulations (1981–2010). Each subplot represents a combination of cultivar and CO₂ level across 
locations, illustrating the variability in yield response due to interactions between irrigation frequency, cultivar type and environmental conditions. Statistical 
significance levels indicate differences between treatments, providing insights into optimal irrigation practices for each cultivar in varied agro-climatic zones. 
Irrigation treatments represent irrigation at 50 %, 60 %, 70 %, 80 % and 90 % depletion from soil available water for I1, I2, I3, I4 and I5 respectively.

Fig. 8. Chord diagrams illustrating the relationships between irrigation treatment and wheat cultivar for (a) grain yield (kg/ha) and (b) water productivity based on 
irrigation (kg/ha/mm). In panel (a), the connections highlight the distribution of grain yield across five irrigation treatments (I1 to I5, representing 50 %, 60 %, 
70 %, 80 % and 90 % soil moisture depletion) and three wheat cultivars (Sakha94, Shandweel1 and Sids1). Stronger links indicate higher yield performance under 
specific treatment-cultivar combinations. In panel (b), the links represent water productivity based on irrigation for each cultivar under the same irrigation treat
ments, showing how efficiently each cultivar uses water under varying moisture availability.
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potential for optimizing both yield and water productivity by carefully 
balancing irrigation strategies across different cultivars.

3.3. Combination impacts of CO2 and temperature on yield, and water 
productivity

The combined impacts of elevated CO₂ levels and temperature in
creases on wheat yield and water productivity were assessed across 
three cultivars, five irrigation treatments, and four locations. Results 
reveal distinct interactions between CO₂ enrichment, temperature in
crements, and management practices, as shown in Figs. 10 and 11 and 
Supplementary Figures S.6 and S.7. Fig. 10 illustrates that under mod
erate CO₂ levels (420–440 ppm) and a + 1◦C temperature increment, 
grain yield improved by 10–20 % compared to baseline conditions 
(380 ppm CO₂ and +1◦C) across all three cultivars under optimal irri
gation (I1). For Sakha94, yields increased from 5.2 t/ha to 6.1 t/ha 
under these conditions. However, at + 3◦C, yields dropped by up to 
15 % for all cultivars under water-stressed conditions (I4 and I5). For 
instance, Giza168 under I5 showed a reduction from 3.8 t/ha (at +1◦C) 
to 3.2 t/ha (at +3◦C). These reductions emphasize the threshold effect of 
higher temperatures, with significant declines in yield observed beyond 
+ 2◦C. Fig. 11 quantifies the variability and percentage changes in grain 
yield. The upper panel highlights absolute yields across scenarios, 
showing peak yields of 6.4 t/ha under 440 ppm CO₂ and + 1◦C, but 
reductions to as low as 2.8 t/ha under 380 ppm CO₂ and + 3◦C for water- 
stressed treatments. The lower panel shows percentage changes, with 
yields increasing by up to 18 % under 420–460 ppm CO₂ at + 1◦C, while 
declines of up to 25 % were observed under + 3◦C scenarios, 

particularly for Sakha94 and Shandweel1 in water-limited conditions.
S. Fig. 6 highlights the impact of CO₂ and temperature on water 

productivity (kg/ha/mm ET). At 420 ppm CO₂ and + 1◦C, WP increased 
by 15–25 % across all cultivars and irrigation treatments, with 
maximum gains observed under deficit irrigation (I4 and I5). For 
example, Shandweel1 under I5 showed an improvement from 12 kg/ha/ 
mm ET at baseline to 15.3 kg/ha/mm ET. However, WP gains were 
marginal under + 3◦C, with reductions of up to 12 % observed at lower 
CO₂ levels (380–400 ppm). Sakha94 exhibited the least improvement in 
WP under water-stressed conditions at + 3◦C, highlighting its sensitivity 
to combined heat and water stress. S. Fig. 7 shows that elevated tem
peratures shortened the wheat growth cycle across all cultivars, with 
growth durations decreasing by 8–14 days under + 2◦C and up to 20 
days under + 3◦C. For instance, the growth cycle for Giza168 decreased 
from 135 days at baseline to 115 days under + 3◦C. Shortened growth 
periods limited the grain-filling phase, reducing yield potential despite 
CO₂ enrichment. This effect was more pronounced in water-stressed 
treatments (I4 and I5) and for heat-sensitive cultivars like Sakha94.

Quantitatively, the results emphasize that moderate CO₂ enrichment 
(420–440 ppm) can enhance yield by up to 20 % and WP by 25 % under 
+ 1◦C to + 2◦C scenarios, particularly for water-efficient cultivars like 
Giza168. However, at + 3◦C, these benefits diminish, with yield re
ductions of up to 25 % and WP losses of 12 % under stressed conditions. 
These findings underscore the critical need for targeted cultivar selec
tion and irrigation management to mitigate the impacts of rising tem
peratures and optimize the benefits of CO₂ enrichment in wheat 
production.

Fig. 9. Mean relative changes (%) in grain yield, water productivity based on evapotranspiration (WP_ET), and water productivity based on irrigation (WP_Irri
gation) for three wheat cultivars (Sakha94, Shandweel1 and Sids1) across four locations (Al-Ismailia, Luxor, Al-Behera and Bani Suef) under different irrigation 
treatments (I2 to I5) relative to I1 (50 % depletion, no stress). Negative values indicate reductions, while positive values indicate increases compared to the no-stress 
baseline (I1). This figure highlights how reduced irrigation (I2 to I5) impacts yield and water productivity, with WP_Irrigation generally increasing under higher 
depletion levels (e.g., I5), especially in Al-Behera, indicating enhanced water-use efficiency under more restrictive irrigation regimes.
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4. Discussion

The calibration results revealed moderate model performance for 
simulating phenological stages (anthesis and maturity), with acceptable 
d-index levels (~0.6), indicating partial agreement with observed trends 
across diverse environments. In contrast, predictions for grain and 
biomass yields were more accurate, as reflected by higher d-index values 
(0.76–0.81), demonstrating the model’s strength in capturing yield 
variability under different irrigation treatments. The lower phenological 
precision is likely due to the combined effects of site-specific climate 
variability and cultivar-specific responses to water stress, which are not 
fully captured by standard calibration. This is may be due to the unre
alistic water stress parameterization which strongly affected the GLUE 
algorithm in locating calibrated parameters (Yan et al., 2020). These 
findings highlight the complexity of simulating phenology under vari
able field conditions and suggest that further refinement—such as 
incorporating advanced calibration techniques and adopting multi
model ensemble approaches—may improve model robustness for 
scenario-based applications.

Consequently, adopting more robust calibration approach
es—particularly multi-approaches ensemble techniques (Jha et al., 
2022)—represents a promising direction for improving phenology 

simulations under stress conditions. One of the most advanced frame
works is the calibration methodology developed under Phase 3 of the 
Agricultural Model Intercomparison and Improvement Project (AgMIP) 
(Rosenzweig et al., 2013), which includes the use of CroptimizR (Buis 
et al., 2023) and CroPlotR (Vezy et al., 2023) packages. Integrated 
within the DSSAT-wrapper, these tools offer a flexible and efficient 
calibration system capable of handling multiple experimental files, 
treatments, and various types of observational data. However, this 
approach requires detailed input, including end-of-season and 
time-series observations, which can be complemented by remote sensing 
data assimilation (Niu et al., 2021; Pasquel et al., 2022) to enhance 
calibration accuracy and temporal resolution.

This study addresses two of the most impactful challenges faced by 
developing countries today: food security (Finger, 2011; Godfray et al., 
2010) and water security (Vörösmarty et al., 2010), both of which are 
under significant strain due to limited resources and growing climate 
variability. As wheat is a staple crop critical to food security in many arid 
and semi-arid regions, optimizing its production under water-limited 
conditions is essential for sustaining livelihoods and reducing vulnera
bility to resource shortages. The discussion highlights the critical find
ings of this study on the effects of irrigation treatments and elevated CO₂ 
level on wheat yield, evapotranspiration (ET) and water productivity 

Fig. 10. Impact of CO2 concentration and temperature increases on wheat yield across different cultivars and irrigation treatments. 
This figure illustrates the combined effects of varying CO2 levels and temperature increases on the wheat yield for multiple cultivars (’Sakha94’, ’Shandweel1’, and 
’Giza168’) under five different irrigation treatments (I1 to I5). Each boxplot represents the distribution of wheat yield outcomes under specific combinations of CO2 
concentration (ranging from 380 ppm to 460 ppm) and temperature scenarios (labeled as ’Plus 1′, ’Plus 2′, ’Plus 3′, indicating incremental temperature increases with 
+1, +2, and +3 ˚C above baseline). The variability within each category highlights the sensitivity of wheat yield to these climatic factors, showcasing the differential 
adaptive capacity of each cultivar and irrigation strategy.
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(WP) across diverse agro-climatic zones in Egypt. The results reveal that 
higher irrigation frequencies (I1 and I2) generally lead to increased 
grain yields, with significant yield responses observed in the cultivar 
Sakha94 under both current (380 ppm) and elevated CO₂ levels 
(390 ppm). This finding aligns with previous studies indicating that 
frequent irrigation enhances crop productivity in arid and semi-arid 
regions by maintaining optimal soil moisture conditions for growth 
(Ali et al., 2020; Asseng et al., 2018). However, this study also demon
strates that when irrigation frequency is reduced (I4 and I5), WP, 
particularly WP_Irrigation, increases markedly, suggesting enhanced 
water-use efficiency under deficit irrigation conditions (Kheir et al., 
2021; Leghari et al., 2024; Wakchaure et al., 2020). This response is 
particularly prominent in the cultivars Shandweel1 and Sids1, indi
cating their adaptability to water-limited environments—a finding 
consistent with past research on cultivar-specific responses to deficit 
irrigation (Ding et al., 2021; Kheir et al., 2022).

The influence of elevated CO₂ on both yield and WP is notable. This 
study found that 390 ppm CO₂ slightly improved yield and reduced ET 
across all treatments, suggesting potential future benefits in a high-CO₂ 

environment. Similar findings from Asseng et al. (2018) and (Zhang 
et al., 2021), stated that elevated CO₂ enhances photosynthetic effi
ciency and reduces transpiration, thus increasing water-use efficiency. 
However, this effect was more pronounced in locations with higher yield 
potential (e.g., Al-Behera and Luxor), suggesting that CO₂ enrichment 
may interact positively with high-yield environments, a result corrob
orated by Ali et al. (2020) who reported greater CO₂-induced yield gains 
in fertile regions in Egypt. This outcome underscores the potential for 
elevated CO₂ to support yield improvements, albeit with site-specific 
variability in effectiveness.

The linear mixed model analysis provides further insights into the 
fixed and random effects of cultivar and irrigation treatment on GY and 
WP_Irrigation. The fixed effects indicate that cultivars respond differ
ently to irrigation, with Sakha94 benefiting more from frequent irriga
tion in terms of yield, while Shandweel1 and Sids1 show better 
WP_Irrigation under reduced irrigation. The random effects suggest that 
WP_Irrigation increases with higher depletion levels, which highlights 
the effectiveness of water-saving strategies in boosting water produc
tivity, especially in water-scarce regions. These findings offer a balanced 

Fig. 11. Variability and relative change in grain yield under different temperature and CO2 scenarios. 
The upper panel displays the grain yield (kg/ha) variability across a range of combined temperature and CO2 level scenarios, denoted as ’Plus X_YYY’, where ’X’ 
indicates the temperature increase (+1 ˚C, +2 ˚C, and +3 ˚C) and ’YYY’ the CO2 concentration in ppm (380 ppm, 400 ppm, 420 ppm, 440 ppm and 460 ppm). The error 
bars represent the range of yield outcomes observed. The lower panel quantifies the percentage change in grain yield relative to the reference condition of ’Plus 1 ˚C 
and 380 ppm’, where a temperature increment of ’Plus 1′ and a CO2 level of 380 ppm serve as the reference point. Each bar in the lower panel reflects the relative 
change compared to this baseline, with the dotted line at 0 % illustrating no change from the baseline. This dual visualization effectively demonstrates both the 
absolute yield values and their relative fluctuations due to incremental increases in temperature and CO2 levels.
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understanding of how different irrigation regimes and cultivars interact 
to influence both yield and water productivity, providing a plan for 
optimizing wheat production in arid zones where water conservation is 
essential.

Compared to past studies (Grant et al., 1999; Pazzagli et al., 2016), 
this research contributes unique insights into cultivar-specific responses 
to irrigation and CO₂ interactions in Egypt’s agro-climatic zones, 
addressing an important knowledge gap. The use of DSSAT modeling, 
coupled with field data, enhances the credibility of these findings by 
providing robust predictions under variable conditions. However, limi
tations exist, particularly concerning the model’s reliance on calibration 
data from specific locations, which may not fully explain the diversity of 
Egypt’s micro-climates. Moreover, the DSSAT model’s single-crop focus 
limits its applicability for analyzing crop rotations or intercropping 
systems, which are increasingly relevant in water-limited regions 
(Hernández-Ochoa et al., 2022).

To address these limitations and improve predictive robustness, 
future research should incorporate a multi-model ensemble approach 
(Martre et al., 2015), drawing from models like APSIM (Kheir et al., 
2023; Ren et al., 2024) and AquaCrop (Adla et al., 2024), alongside 
DSSAT. A multi-model ensemble would allow for cross-validation of 
results and provide a more comprehensive understanding of model un
certainties (Jamatutu et al., 2024). Quantifying these uncertainties is 
essential to provide reliable recommendations for farmers and policy
makers. Furthermore, future studies should explore the impacts of 
recent climate scenarios, particularly those from CMIP6 (Sa’adi et al., 
2024; Zhu et al., 2023), which offer more refined projections on tem
perature, precipitation and CO₂ concentration. By examining these 
scenarios, researchers can assess the future impacts of climate change on 
wheat production in Egypt, including potential risks to yield stability 
and water resources under various warming trajectories.

The results of the sensitivity analysis demonstrate the complex 
interplay between CO₂ enrichment and temperature increases on wheat 
growth and productivity, emphasizing the importance of cultivar and 
irrigation management in adapting to future climate scenarios. Elevated 
CO₂ concentrations consistently showed positive effects by enhancing 
photosynthesis and reducing stomatal conductance, which improved 
water productivity and partially offset the negative impacts of higher 
temperatures (AINSWORTH and ROGERS, 2007). However, as illus
trated in S. Fig. 7, higher temperatures (+2◦C and +3◦C) significantly 
shortened the wheat growth period across all cultivars, reducing the 
grain-filling phase and ultimately limiting the yield benefits from CO₂ 
enrichment. For example, the growth cycle for Giza168 decreased by up 
to 20 days under + 3◦C, highlighting the temperature sensitivity of 
phenological development.

Deficit irrigation treatments (I4 and I5) further exacerbated the 
challenges posed by higher temperatures, as reduced water availability 
intensified the stress during critical growth stages. While elevated CO₂ 
levels enhanced water productivity under these conditions, the yield 
gains were less pronounced for heat-sensitive cultivars like Sakha94 
compared to the more resilient Giza168. This suggests that CO₂-induced 
water use efficiency improvements may not fully mitigate the combined 
effects of heat and water stress, particularly for cultivars with shorter 
grain-filling periods or higher temperature sensitivity (Asseng et al., 
2015). Nonetheless, the combined effects of moderate CO₂ enrichment 
(420–440 ppm) and mild temperature increases (+1◦C to +2◦C) under 
deficit irrigation showed some promise for sustaining yields in 
water-scarce environments, particularly for cultivars like Shandweel1 
that exhibit greater adaptability.

These findings underscore the need for climate-resilient strategies 
that integrate cultivar selection and irrigation optimization. Breeding 
programs should focus on developing cultivars with longer grain-filling 
periods and enhanced heat tolerance to maximize the synergistic ben
efits of CO₂ enrichment. Additionally, irrigation scheduling must be 
tailored to mitigate heat stress during critical phenological stages, 
especially under deficit irrigation systems. These results align with 

previous studies suggesting that elevated CO₂ can buffer some adverse 
impacts of climate change but requires a systems-level approach to 
achieve sustainable agricultural productivity (Cui et al., 2024; Lobell 
et al., 2011).

Finally, expanding the scope of research to include sensitivity ana
lyses of other environmental and management factors (e.g., soil types, 
pest pressures, nutrient availability) would enhance the applicability of 
model outputs and support more resilient agricultural planning. Addi
tionally, we recommend future studies adopt a multi-model ensemble 
approach (Wallach et al., 2018) to cross-validate findings and expand 
field experiments to capture broader environmental variability. These 
steps enhance the robustness of our results, providing more reliable 
recommendations for optimizing wheat production under diverse con
ditions. To ensure the practical application of the model outputs for 
farmers, delivery mechanisms tailored to local circumstances are 
crucial. Mobile-based solutions, including text messaging and applica
tions managed by the Agricultural Extension Services or the Ministry of 
Agriculture, can bridge the gap between research findings and 
on-ground implementation, ensuring accessibility even in regions with 
limited internet connectivity.

5. Conclusion

This study emphasizes the importance of targeted irrigation man
agement and cultivar selection for improving wheat productivity and 
water-use efficiency in arid regions. Using the DSSAT CERES-Wheat 
model integrated with field data, the findings show that frequent irri
gation maximizes yield in cultivars like Sakha94, while deficit irrigation 
enhances water productivity, particularly in Shandweel1 and Sids1. 
Elevated CO₂ levels (420–440 ppm) positively impact yield and water 
productivity, especially under mild temperature increases (+1◦C to 
+2◦C). However, higher temperatures (+3◦C) shortened the growth 
cycle, limiting the benefits of CO₂ and reducing yield, particularly in 
heat-sensitive cultivars like Sakha94.

The sensitivity analysis underscores the need for location-specific 
strategies that combine climate-resilient cultivars and optimized irri
gation practices to mitigate water scarcity and heat stress. Future 
research should expand on these findings by integrating multi-model 
ensembles, exploring CMIP6 climate scenarios, and addressing addi
tional factors like soil health and pest control. This study provides 
valuable insights for developing resilient agricultural systems in Egypt 
and other water-scarce regions, balancing productivity with resource 
conservation.
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