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response: The yield damages will decrease by 3-4 percent or one day with temperatures
above 33C during the grain-filling of five or more days in sequence. The SPEI drought
index based on RDIst (1-week lead time, r = 0.76) was the initial sign of the loss of
yield. In models, benchmarking indicated that XGBoost was the most accurate in
predicting extreme events and deep learning-based genomic selection was able to
increase genetic gain by 27 percent in predicting height tolerance in response to heat
compared to more traditional approaches. By 2050, the return period of compound
heat-drought events under SSP5-8.5 is decreased to 1.9 years (compared to 26 years
(under SSP5-8.5)) and 95 percent of the yield loss is caused by anthropogenic forcing.
Adaptations to systems to include heat tolerant genotypes, optimum sowing and deficit
irrigation improved resilience by 76%. We find that the semi-arid wheat systems are
becoming destabilized at a faster rate than ever unless multi-stress-tolerant cultivars,
advanced seasonal prediction with machine learning, and agronomic information to

prevent regional food crises are adopted at a frenzy.

Keywords: Climate change, stability of yield of wheat, heat stress, drought, semi-arid
agriculture, crop modeling.
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INTRODUCTION

The growing rate and severity of extreme
weather events and changes in precipitation
patterns can be significant risks to agricultural
productivity, especially in semi-arid areas with
a high level of vulnerability (Alsafadi et al.,
2023). Such climatic changes require a multi-
faceted strategy to their effects on crop
production to achieve global food security
(Feng et al., 2023). Specifically, the impact of
climatic change on wheat yield stability needs
to be known, as wheat is a staple crop in every
part of the world, and semi-arid agriculture is
more susceptible to climatic changes (He et al.,
2014; Sharma et al., 2025). Not only is this a
requirement to obtain evaluation, but also to
measure the variability of yields and flexibility
of the existing cropping systems (Farney, 2023;
Lopez-Ridaura et al.,, 2009). Food and
nutritional security Wheat is a highly
significant crop in the Mediterranean and
Middle East and North African areas which are
highly confronted with extreme variability of
yield, low mean productivity and large yield
gaps (Tita, and Rehman; et al., 2025). In
addition, unpredictable weather patterns, such
as greater occurrence of extreme events, are
estimated to make these challenges more
difficult, resulting in even further reductions in
yield compared to the increases in mean
temperatures alone (Alhassan, 2024; Schaller et
al., 2012). Therefore, to describe the overall
effect of climate change, we must consider the
concept of not just changes in the average yield
but also, increase in the interannual variability
of vyield (Yang et al, 2019). Such
measurements are necessary to strategic
decision-making and to come up with adaptive
measures, especially those of dryland wheat in
places where the vyield starts to drop and
variability begins to become eminent as a result
of climate change (Ensan et al., 2025).
Therefore, the studies of the impacts of climate
change on agriculture must not merely linger on
the shift in the overall climatic conditions but
also the shift in climatic variability and the
frequency of extreme events since they might
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have a curbing effect on the crop growth and
production (Réau et al., 2009). It entails
learning how altered regimes of high
temperatures and precipitation interact to
influence phenological and biomass accretion
of wheat (Lawrence et al., 2018). This is further
complicated by the fact that different stages of
development of wheat are sensitive to
environmental conditions with the reproductive
stage being especially sensitive to above-
normal temperature conditions (Wallach et al.,
2012). Higher temperatures, especially at key
stages such as flowering, can greatly interfere
with reproductive growth and grain setting,
resulting in high yield losses (Senapati et al.,
2026). This heat stress enhances phenological
growth and shortens the green leaf area, and in
the process, diminishes the weight of the grain,
and overall productivity (Fortino et al., 2012).
The implication of climate on variability of
yield has the potential to cause up to 45 percent
of total variability in yield in some of the most
productive regions (Roux et al., 2024).
Moreover, the hot climate also interrupts the
normal growing cycle, shortens growing
seasons and distorts the plant phenology,
leading to the loss of plant production of grain
and biomass (Chauhdary et al., 2024). It can
lead to enhanced senescence, reduced
chlorophyll content, and reduced CO2 uptake in
wheat plants, especially at anthesis that has a
dire effect on ovary development and pollen
quality (Casagrande et al., 2023). Such thermal
stresses, thus, cause an irreversible decrease in
yield (Casagrande et al., 2024). All these
physiological retardations are aggravated by the
growing number of extreme events, which may
cause heat stress, lower efficiency of
photosynthesis, and yield potential harm (Bai et
al., 2022; Naik et al., 2024). Moreover, genetic
changes in response to a vast range of
environmental conditions are estimated to
decrease by 8.7 percent per 1 C rise in global
temperature, and the production of genetic
diverse, elite wheat lines, which may be
resistant to higher temperatures and more
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erratic weather patterns, are likely to be highly
sought after (Bloomberg, 2024). Nevertheless,
the uncertainty around climate patterns makes
it difficult to invest in wheat cultivar research
because of the uncertainty about future climate
patterns, which requires an adaptive cultivar
development strategy (Sendhil et al., 2021).
This highlights the need to incorporate cutting-
edge crop modeling models with genomic
selection to forecast and optimize the resilience
of wheat to various climate change conditions
(Akansu and Kusmnnenmnz, 2024). These are
significant strategies since trends of warming
cause an earlier anthesis and maturity, which
decreases the growing season, and negatively
impacts the number and weight of the kernel
(Mazumder et al., 2024). The heat stress in
susceptible growth phases (anthesis and grain-
filling) in particular can potentially severely
limit the yield of wheat, in which case it has
been established to decrease the yield by up to
32 to 59 percent based on the time and duration
of the occurrence of the stress (Mirosavljevi¢ et
al., 2024). India In other words, a 1C rise in the
average temperature of the reproductive period
has been associated with a 21 per cent decline
in the productivity of wheat and a 2C rise on the
planet scale would lead to a decline in yields by
11 per cent (Kumar et al., 2021). Additionally,
extreme temperatures above the ideal
temperature of 12 o C to 22 o C during antheis
and grain-filling may substantially impact the
quality of grain and yield, and terminal heat
stress (average temperatures over 31 o C at the
grain-filling) can decrease yields by an average
of 34 per cent with each one-degree rise in
temperature above 28 o C (Bashir et al., This As
a result, the world yield of wheat is expected to
reduce by 6 percent per degree Celsius increase
in global temperatures, and extreme drought
events will hit as much as 60 percent of the
global areas where wheat grows by the end of
this century (Benitez-Alfonso et al., 2023;
Langridge et al., 2022). The rapid breeding of
multi-stress-tolerant types of wheat, which will
not only survive in high temperature and
drought conditions but also other similar abiotic
and biotic stressors, is needed to maintain world
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food security due to such climatic changes (Arif
et al., 2025). It also is aggravated in semi-arid
agricultural areas where the natural arid land
conditions add to the impacts of heat stress and
water scarcity on wheat yields (Bhandari et al.,
2024; Ghazy et al., 2025).

METHODOLOGY

The research design used in this study is a
mixed-method and a problem-based research
design to measure the effects of climatic
variability and extreme weather events on the
stability of wheat yield in semi-arid areas. The
study will consist of four phases that will be
interrelated: data collection and pre-processing,
determinants of climatic and phenological
index, measurement of the response to yield
and its variability, analysis of adaptive capacity
by modeling. The target of the study is the
major semi arid wheat growing areas which
include the chosen areas in the Mediterranean
and Middle East and North Africa where the
data concerning the historical climate and the
output of the years 1985 to 2024 are given.

The former is the compilation of daily weather
data, such as maximum and minimum
temperature (Tmax, Tmin), precipitation (P),
solar radiation and reference evapotranspiration
(ETo), and which are found in the European
Centre of Medium-range Weather Forecasts
(ECMWF) ERAS5 reanalysis product and
national agricultural meteorological networks.
At the same time, historical data of wheat yields
(t ha -1) are obtained at the provincial or district
level by the Food and Agriculture Organization
(FAO) statistical databases and national
ministries of agriculture. Gap in data are also
filled using linear interpolation to fill gaps that

were not longer than five days consecutively,

but Multivariate Imputation by Chained
Equations (MICE) algorithm is used to fill data
gaps that lasted more than five days in a row to
improve the quality of the data. All the climate
time series are tested using the Pettitt test to test
homogeneity and a first-order differencing or
locally estimated scatterplot  smoothing
(LOESS) filter is used to filter out non-climate
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yield anomalies. The number of days with
Tmax above critical levels (28 C anthesis and
31 C grain-filling) is used to measure the
frequency of heat stress events during
reproductive stages. Also included is the
standardized precipitation evapotranspiration
index ( SPEI) of 3-months and 6-months scales
of the intensity of agricultural droughts. The
SPEI is measured by determining the original
climatic water balance:

I»; Iy — PET;

where Pi, PETi the monthly precipitation and
potential evapotranspiration calculated as per
the PenmanMonteith equation. The difference
series is then added and normalized using a log-
logistic probability distribution to get the SPEI
value.

The third step involves the panel regression
model which is employed in determining the
relationship between the climatic variables and
the annual anomalies in wheat yield with the
location and year as a fixed effect. This model
is:

Y v+ 5T - LU WSPEL, + ST SPEL;) + ¢

where yit is the detrended yield of wheat in
location i in year t TiTrep is the average
temperature of the reproductive period
(anthesis to grain-filling) and Hitfreq is the
number of extreme heat days (Tmax > 31C) in
the grain-filling period, SPEIit is the average of
the drought index over the growing season, and
the interaction term is the synergistic effect
between heat and d In order to determine the
stability of yields, the coefficient of variation
(CV) is used to measure the interannual
variability of yield:

=y
£ty

I = = 1AM

YQY is the standard deviation of the detrended
yields and YO is the average yield in the base
period (19852014). Estimates of changes in

yield variability in the given climate scenarios
are obtained by a variance decomposition
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procedure that uses a first-order Taylor series
approximation of the crop response function.

The fourth step is to model the yield response
in the future to the various socioeconomic
pathways (SSP): SSP1-2.6 (low emissions),
SSP3-7.0 (medium-high emissions) and SSP5-
8.5 (very high emissions) using the DSSAT
(Decision Support System of Agrotechnology
Transfer) CERES-Wheat model, which is The
projections of future climate 20412070 and
20712100 are downscaled with the delta-
change method applied to an ensemble of five
CMIP6 (Coupled Model Intercomparison
Project Phase 6) global climate models. The
likelihood of yield reduction after reaching a
critical level (30 percent of the baseline mean)
and the adaptive capacity of existing wheat
systems is estimated with the help of a logistic
regression model by comparing the simulated
yields at optimum sowing dates and parameters
of heat-tolerant cultivar with baseline
management. The statistical analyses are done
at a 95 percent confidence using the R software
(version 4.2) and the cropmodel and climwin
packages. The methodology thus gives a
replicable model to which to diagnose the yield
instability due to climate change and give
agronomic and breeding adaptation strategies to
semi-arid conditions.

RESULTS

Table 1 contrasts the features of quality control
of climate data to the WMO standards and finds
that the machine learning (random forest) has
the highest detection rate (over 98 percent
temperature and nearly 97  percent
precipitation) and the least false alarms, relative
to the traditional range and persistence checks.
Table 2 contrasts reference evapotranspiration
(ETo) estimation with lysimeter results and
determines Penman-Monteith
FAOapproximate56 to be the gold standard
(lowest error and highest efficiency) while the
locally calibrated Hargreaves and
Priestleyleased TAylor are acceptable and
Thornthwaite/Romanenko is not useful in

Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.

QUEST RESEARCH AND EDUCATION (SMC-PRIVATE) LIMITED



AGRICULTURAL AND BIOTECHNOLOGICAL REFLECTIONS

semiplessarid regions. The drought indices are
compared as an indicator of agricultural
monitoring in Table 3 and the ensemble of SPEI
and RDIst is the most correlated with the loss
of wheat yield and soil moisture and the earliest
possible time is preferable as compared to SPI
and PDSI. A comparison of the satellite
evapotranspiration products with the eddy
covariance towers is contained in Table 4 and it
can be observed that PMLQt2 and GLEAM
have the highest KlingendlGupta efficiency and
the error is further decreased by the ensemble
average of the two products. Phenology
detection algorithms using satellite time series
are compared in Table 5 where it is
demonstrated that the hidden Markov model
and wavelet transform have lowest error
(around 23 days to anthesis) and best accuracy
of correct detection which is superior to the
MODIS products and the simple threshold

detection method. Table 6 compares yield gap
decomposition techniques, and concludes that
an ensemble of crop modelling and machine

learning produces the minimum error and

almost zero bias, machine learning alone is

better than traditional frontier techniques
(stochastic frontier analysis, data envelopment

analysis). Table 7 presents a comparison of the

methods of climate downscaling with CMIP6
models, showing that artificial neural networks

are best at both temperature and precipitation,
with lowest residual biases, than quantile

mapping and empirical copula. Table 8 will

compare the lead time forecasting models of
seasonal wheat yields at the lead times of 1-6

months, and it is possible to note that deep
learning (LSTM) model correlates best and has

the lowest error even at long lead time, and

dynamical systems (ECMWF SEAS5) skill
degrades more.

Table 1: Benchmark Evaluation of Climate Data Quality Control Methods Against WMO Standards
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Table 2: Benchmark Evaluation of Reference Evapotranspiration (ETo) Estimation Methods Against
Lysimeter Measurements
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Table 3: Benchmark Evaluation of Drought Indices for Agricultural Drought Monitoring
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Table 4: Benchmark Evaluation of Satellite-Based Evapotranspiration Products Against Eddy
Covariance Flux Towers
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Table 5: Benchmark Evaluation of Phenology Detection Algorithms from Satellite Time Series
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Table 6: Benchmark Evaluation of Yield Gap Decomposition Methods
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Table 7: Benchmark Evaluation of Climate Scenario Downscaling Methods for Wheat Impact
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BC | CN ip - | 1. -
SD | RM | (mm 10.2 21 ) 0.86 | 0.88 41| — 34 i 0.85 7.4
)
Tma - - 2
1?\11\1 }%I\\I/I X 0.41 0.0 | 0.0 | 0.95 0.96 — +10' Oél 4 1095 0.28
(°C) | 0 8
Prec 1
AN | CN | ip ) -
N | RM | (mm 7.9 05 | 3 092 | 0.93 12| — 2.5 g 0.92 5.6
)
UK | Tma - - +0. | 02 1
QM | ES X 0.52 0.0 | 0.0 | 0.91 0.92 — 4' 6 8 |0.89 0.38
M | (°0) e 4
AN UK Pirec - +0 - ;
ES P 8.8 1 090 | 091 — [ 30| 6 | 0.89 6.4
N (mm 12| 7 25
M 8
)
Table 8: Benchmark Evaluation of Wheat Yield Forecasting Models at Seasonal Lead Times (1-6
Months)
Forecasti Lead | Lead | Lead | Lead | Lead | Lead | Lead | Lead | Lead | Skill_dec
"I‘:cas 1 1 1 3 3 3 6 6 6 ay (Ar
S stgem mont | mont | mont | mont | mont | mont | mont | mont | mont per
y h h h hs hs hs hs hs hs | month)
RMS | RPS RMS RMS
r B S r E RPSS r B RPSS
ECMWF
SEASS 068 | 048 | 042 | 0.54 0.59 0.31 0.38 0.74 0.18 -0.075

NMME | 0.64 | 0.52 | 0.38 | 0.51 0.62 0.28 0.34 0.78 0.14 -0.078
CFSv2 0.58 | 0.56 | 0.32 | 045 0.68 0.22 0.28 0.84 0.09 -0.081
S28S 0.61 | 0.54 | 0.35 | 0.48 0.64 0.25 0.31 0.81 0.11 -0.079
Statistical

dynamica
1 hybrid

0.72 | 0.44 | 0.48 | 0.61 0.54 0.38 0.48 0.67 0.24 -0.062
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ML
(XGBoos

t)

0.76 | 041 | 0.52 | 0.67

0.49

044 | 0.56 | 0.61 0.31 -0.051

DL

LSTM) 0.73

0.81 | 0.37 | 0.58

0.44

0.51 0.64 | 054 | 0.39 -0.044

Ensemble
mean
(all)

0.78 | 0.39 | 0.55 | 0.70

0.46

Figure 1 is a multi-panel line plot of observed
and CERES-Wheat simulated wheat yields
1985-2024 of five semi-arid locations (Aleppo,
Marrakech, Tunis, Amman, and Biskra) with
shaded bands of uncertainty intervals, and red
vertical lines that show extreme years of heat
(Tmax >33 C).A stacked bar plot (figure 3)
decomposes the variance in wheat yields in the
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Figure 2. 3D response of wheat yield loss to heat duration and temperature.
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Figure 4. Hotter anthesis temperatures steepen drought-induced yield decline.

DISCUSSION

The above results depict how complication
interaction of abiotic stressors on wheat yield
stability works in semi-arid conditions,
specifically, non-linearity of the curve between
heat stress and its interaction with drought
(Mahrookashani et al., 2017; Toreti et al.,
2019). These results are consistent with the
existing studies that have suggested that
extreme heat and drought situations drastically
suppress wheat production through affecting
yield and harvestable fraction (Xiao et al.,
2025). Namely, the interplay between
temperature and drought has been reported as
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one of the crucial contributors to global and
regional variability in crop yields, where such a
combination of heat and dryness can greatly
decrease the yields of wheat and other major
crops (Matiu et al., 2017). This synergistic
effect amplifies the yield loss more than the
sum of the effects of the stress which is
becoming more evident and is likely to grow in
further climatic change scenarios (Lama et al.,
2023). Hot-dry events, summer heat stress in
post-anthesis and spring, and have been found
to be the most significant factors in the
reduction of yield in winter wheat (Zeng et al.,
2026). The heat stress will lower global yields
in this scenario, and the heat and drought will
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make things worse as global heat stress by 2050
and 2090 will be 32 percent and 77 percent,
respectively (Senapati et al., 2026; Toreti et al.,
2019). They are extreme weather events, in
particular, hot-dry-windy events, which are
considered to be the major causes of the yield
shock in various agricultural sectors (Zhao et
al.,, 2022). Furthermore, the occurrence of
individual temperature extremes in the past
might not have significantly influenced the
yields of wheat, due to the warmer climatic
patterns of the past, but the future speed up of
the frequency and intensity of such events
suggests that minimum and maximum
temperatures will play a greater part in
stabilizing the yields in the future (Helman &
Bonfil, 2022). This helps to state the fact that
interactive effects of heat and drought need to
be considered, rather than individual effects,
and that their joint effects will be more
detrimental  than  the  additive  ones
(Mahrookashani et al., 2017). This would
require an integrated process of crop
enhancement and agricultural management
practices that consider both stresses and come
up with more resilient types of wheat varieties
(Plant  Stress  Physiology, 2020). The
devastating consequences of combined heat and
drought stress on wheat production stability are
factors to consider moving to the creation of
genotypes, which will be more resistant to
abiotic and abiotic stress factors (Bhandari et
al., 2024). The technique plays a very important
role in improving food security, especially in
semi-arid areas where these stressors are
common and are increasingly becoming more
pronounced (He et al., 2024; Lama et al., 2023;
Zahra et al., 2021). Such breeding practices
must take into account the distinct
physiological and molecular underresponses of
wheat to mixed stress which in most instances
are very different compared to the behaviors to
individual stressors (Meena et al., 2023). An
example is that drought and heat interact in a
synergistic way to enhance the detrimental
effects of both on wheat production, and land-
atmosphere interactions amplify their effects
(He et al., 2023). This has in its turn resulted in
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the need to have a holistic understanding of the
underlying physiological and molecular
processes contributing to the development of
drought-heat stress tolerance to come up with
climate resilient crop varieties (Liang et al.,
2025). This involves the determination of
particular genetic characteristics which make
one resilient to such complex stress (Habti et
al., 2020). Such efforts are required towards
reducing the negative effects of the compound
extreme events which have been becoming
more and more related to the large-scale loss of
yields which are significantly larger as
compared to the one induced by individual
stressors (Zhao et al., 2022). It can also be
indicative of drought with plants potentially
relocating to evade drought by early plant
maturation, yet this may also result in
tremendous yield losses when combined with
heat stress during the vulnerable plants growth
phases such as flowering (Nehe et al., 2023). By
doing so, there is a need to investigate in depth
the stress-resistant genotypes and physiological
properties to optimize the effectiveness of
excellent wheat type selection that can

withstand the effects of climate change to food

security (Aloisi et al., 2023). It is a
comprehensive method that entails the latest
phenotyping and genomics and is designed to
identify strong wheat varieties, which will be
able to cope with deplorable climatic conditions
(Abdelhakim et al., 2021). Those strategies
should include the knowledge of the molecular
mechanisms of heat tolerance in different wheat
varieties to identify the genes and pathways of
abiotic stress response (Kaur et al., 2016). In
addition, it is essential to study the complex
physiological mechanisms, including plasma
membrane stability and the percentage of water,
in the presence of heat and drought stress,

which  will allow identifying resistant

genotypes with greater productivity (Qaseem et
al., 2019).

CONCLUSION

This study conclusively demonstrates that
climate change, particularly through increased
extreme temperatures and alteration of
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precipitation patterns is a very significant and
synergistic risk factor to the stability of yield of
wheat in the semi-arid regions. The findings
confirm that combined heat and drought stress
enhances yield losses on top of additive
impacts, more than 300% than with baseline
conditions, with the coefficient of variation
increasing by approximately 18 to almost 63.
There are known to be crucial thresholds of
temperatures exceeding 33 C during five or
more days of straight grain-filling, above which
the yield decreases nonlinearly. Comparing
CERES-Wheat to field data, it was found to
predictably (RMSE = 0.43 t ha -1) but not
effectively predict the effects of extreme stress.
The initial drought indices to provide correct
warnings of loss in yield were SPEI with RDIst.
Performance comparison based on models
revealed that ensemble machine learning
models (XGBoost, AUC-ROC = 0.95) and deep
learning models were much more effective in
predicting extreme events and seasonal
forecasts in comparison to the traditional
statistical and dynamical models. It was
demonstrated that genetic gain of heat tolerance
could be speeded up by about 27 percent under
genetic prediction of deep learning-based
selection as compared to the conventional
approach. By 2050 and when the highest
emission scenario (SSP5-8.5) is taken into
account, the duration of the compound heat-
drought events has decreased to less than 2
years and 95% of the yield losses are linked to
anthropogenic climate change. Genotypes able
to withstand heat, most appropriate time to sow,
and deficit irrigation have the ability to enhance
the resilience by 76 percent but must be put into
practice as soon as possible. The results
indicate that unless the multi-stress-tolerant
cultivar and sophisticated forecasting systems
are implemented in the near future, the semi-
arid wheat-growing industry will go off-
balance sheet at an unprecedented rate and this
is jeopardizing the food security of the region.

REFERENCES

14| Page

Abdelhakim, L., Rosenqvist, E., Wollenweber,
B., Spyroglou, 1., Ottosen, C. O., &
Panzarovd, K. (2021). Investigating
combined drought- and heat stress
effects in wheat under controlled
conditions by dynamic image-based
phenotyping. Agronomy, 11(2), 364.

Akansu, A. F., & Kizildeniz, T. (2024).
Assessing wheat yield responses and
growing stages alterations to diverse
climate change scenarios. Eurasian
Journal of Agricultural Research, 8(1),
45-58.

Alhassan, A. M. (2024). Impact of mulching
and planting time on spring-wheat
(Triticum  aestivum) growth: A
combined field experiment and
empirical modeling approach. Open
Agriculture, 9(1), 20220242.

Aloisi, |, Yacoubi, I, Gadaleta, A.,
Schwember, A. R., & Marcotuli, I.
(2023). Editorial: Exploiting wheat
biodiversity and agricultural practices
for tackling the effects of climate
change. Frontiers in Plant Science, 14,
1257502.

Alsafadi, K., Bi, S., Abdo, H. G., Almohamad,
H., Alatrach, B., Srivastava, A. K., Al-
Mutiry, M., Bal, S. K., Chandran, M.
A. S, & Mohammed, S. (2023).
Modeling the impacts of projected
climate change on wheat crop
suitability in semi-arid regions using
the AHP-based weighted climatic
suitability index and  CMIP6.
Geoscience Letters, 10(1), 32.

Arif, M. J., Haroon, M., Nawaz, A. F., Abbas,
H., Xu, R., & Li, L. (2025). Enhancing
wheat resilience:  Biotechnological
advances in combating heat stress and
environmental ~ challenges.  Plant
Molecular Biology, 115(2), 41.

Bai, H., Xiao, D., Wang, B., Liu, D. L., & Tang,
J. (2022). Simulation of wheat response

Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.

QUEST RESEARCH AND EDUCATION (SMC-PRIVATE) LIMITED



AGRICULTURAL AND BIOTECHNOLOGICAL REFLECTIONS

to future climate change based on
Coupled Model Inter-Comparison
Project Phase 6 multi-model ensemble
projections in the North China Plain.
Frontiers in Plant Science, 13, 829580.

Bashir, L., Budhlakoti, N., Pradhan, A. K.,
Sharma, D., Jain, A., Rehman, S. S,,
Kondal, V., Jacob, S. R., Bhardwaj, R.,
Gaikwad, K. B., Mishra, D. C., Pandey,
A., Kaur, S., Bhati, P. K., Singh, R,,
Singh, G. P., & Kumar, S. (2024).
Unlocking the grain quality enigma: A
KASP-driven voyage through bread
wheat's quantitative trait nucleotides
under heat adversity. Research Square.

Benitez-Alfonso, Y., Soanes, B. K., Zimba, S.,
Sinanaj, B., German, L., Sharma, V.,
Bohra, A., Kolesnikova, A., Dunn, J.,
Martin, A. C., Rahman, M. K. U.,,
Saati-Santamaria, Z., Garcia-Fraile, P.,
Ferreira, E. A., Frazdo, L. A., Cowling,
W. A, Siddique, K. H. M., Pandey, M.
K., Farooq, M., ... Foyer, C. H. (2023).
Enhancing climate change resilience in
agricultural crops. Current Biology,
33(23), R1246-R1261.

Bhandari, R., Paudel, H., Nyaupane, S., &
Poudel, M. R. (2024a). Climate
resilient breeding for high yields and
stable wheat (Triticum aestivum L.)
lines under irrigated and abiotic stress
environments. Plant  Stress, 11,
100352.

Bhandari, R., Paudel, H., & Poudel, M. R.
(2024b). Performance and stability of
elite wheat genotypes under irrigated,
heat stress and heat drought
environment. Current Applied Science
and Technology, 24(5), €259959.

Casagrande, C. R., Mezzomo, H. C., Santos, C.
V. dos, Sousa, D. J. P. se, Yamanaka,
C. H., Olivoto, T., Dias, K. O. das G.,
Borém, A., & Nardino, M. (2023). New
agricultural wheat frontier in Brazil:
Envirotypes applied in the adaptability

15| Page

and stability of wheat genotypes in
contrasting environments. Research
Square.

Casagrande, C. R., Mezzomo, H. C., Sousa, D.
J. P. de, Santos, C. V. dos, Yamanaka,
C. H., Olivoto, T., Dias, K. O. das G.,
Borém, A., & Nardino, M. (2024).
Envirotypes applied to evaluate the
adaptability and stability of wheat
genotypes in the tropical region in
Brazil. Euphytica, 220(2), 24.

Chauhdary, J. N., Li, H., Ragab, R,
Rakibuzzaman, M., Khan, A. I., Zhao,
J., & Akbar, N. (2024). Climate change
impacts on future wheat (Triticum
aestivum) yield, growth periods and
irrigation requirements: A SALTMED
model simulations analysis.
Agronomy, 14(7), 1484.

Ensan, E., Ansari, V., & Salami, H. (2025).
Dryland wheat vyield and vyield
variability responses to climate change
across climatic zones in Iran. Scientific
Reports, 15(1), 41974.

Farney, J. K. (2023). 2023 Southeast Research
and Extension Center agricultural
research report. Kansas Agricultural
Experiment Station Research Reports,
9(2).

Feng, X., Tian, H., Cong, J., & Zhao, C. (2023).
A method review of the climate change
impact on crop vyield. Frontiers in
Forests and Global Change, 6,
1198186.

Fortino, G., Vasileiadis, V., Angevin, F.,
Pelzer, E., & Messéan, A. (2012).
Adapting DEXiPM model for ex post
assessment of the sustainability of
innovative cropping systems. HAL
Open Science.

Ghazy, A. I, Ateeq, T. K. A, Ibrahim, E. 1.,
Abdel-Haleem, H., Attia, K. A., Azab,
0., & Al-Doss, A. (2025). Selection of
heat stress tolerant wheat genotypes for

Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.

QUEST RESEARCH AND EDUCATION (SMC-PRIVATE) LIMITED



AGRICULTURAL AND BIOTECHNOLOGICAL REFLECTIONS

desert environments. Scientific

Reports, 15(1), 36672.

Habti, A. E., Fleury, D., Jewell, N., Garnett, T.,
& Tricker, P. J. (2020). Tolerance of
combined drought and heat stress is
associated with transpiration
maintenance and water soluble
carbohydrates in  wheat grains.
Frontiers in Plant Science, 11, 568693.

He, L., Cleverly, J., Chen, C,, Yang, X., Li, J.,
Liu, W., & Yu, Q. (2014). Diverse
responses of winter wheat yield and
water use to climate change and
variability on the semiarid Loess
Plateau in China. Agronomy Journal,
106(4), 1169-1178.

He, Y., Zhao, Y., Sun, S., Fang, J., Zhang, Y.,
Sun, Q., Liu, L., Duan, Y., Hu, X., &
Shi, P. (2023). Global warming
determines  future  increase in
compound dry and hot days within
wheat growing seasons worldwide.

Research Square.

He, Y., Zhao, Y., Sun, S., Fang, J., Zhang, Y.,
Sun, Q., Liu, L., Duan, Y., Hu, X., &
Shi, P. (2024). Global warming
determines  future  increase in
compound dry and hot days within
wheat growing seasons worldwide.

Climatic Change, 177(4), 62.

Helman, D., & Bonfil, D. J. (2022). Six decades
of warming and drought in the world's
top wheat-producing countries offset
the benefits of rising CO2 to yield.
Scientific Reports, 12(1), 7921.

Integrated pest management strategies in cereal
crops: a systematic literature review.
(2025). Trends in Life Sciences and
Biotechnology, 3(2), 71-85.

Kaur, V., Singh, S., & Behl, R. K. (2016). Heat
and drought tolerance in wheat:
Integration of physiological and
genetic platforms  for  better
performance under stress. Ekin Journal

16 |Page

of Crop Breeding and Genetics, 2(1),
1-14.

Kumar, S., Singh, V. P., Saini, D. K., Sharma,
H., Saripalli, G., Kumar, S., Balyan, H.
S., & Gupta, P. K. (2021). Meta-QTLs,
ortho-MQTLs and candidate genes for
thermotolerance in wheat (Triticum
aestivum L.). Research Square.

Lama, S., Leiva, F., Vallenback, P., Chawade,
A., & Kuktaite, R. (2023). Impacts of
heat, drought, and combined heat-
drought stress on vyield, phenotypic
traits, and gluten protein traits:
Capturing stability of spring wheat in
excessive environments. Frontiers in
Plant Science, 14, 1179701.

Langridge, P., Alaux, M., Almeida, N. F.,
Ammar, K., Baum, M., Bekkaoui, F.,
Bentley, A. R., Beres, B. L., Berger, B.,
Braun, H., Brown-Guedira, G., Burt,
C., Caccamo, M., Cattivelli, L.,
Charmet, G., Civan, P., Cloutier, S.,
Cohan, J., Devaux, P., ... Zhang, X.
(2022). Meeting the challenges facing
wheat production: The strategic
research agenda of the Global Wheat
Initiative. Agronomy, 12(11), 2767.

Lawrence, P. G., Maxwell, B. D., Rew, L. J.,
Ellis, C., & Bekkerman, A. (2018).
Vulnerability of dryland agricultural
regimes to economic and climatic
change. Ecology and Society, 23(1),
18.

Li, M., Feng, J. M., Han, Z., Ullah, N., Li, J.,
Song, Y. & Zhu, Y. (2022).
Overcoming reproductive compromise
under heat stress in  wheat:
Physiological and genetic regulation,
and breeding strategy. Frontiers in
Plant Science, 13, 881813.

Liang, X,, Yu, S., Ju, Y., Wang, Y., & Yin, D.
(2025). Multi-scale remote-sensing
phenomics integrated with multi-
omics: Advances in crop drought—heat

Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.

QUEST RESEARCH AND EDUCATION (SMC-PRIVATE) LIMITED



AGRICULTURAL AND BIOTECHNOLOGICAL REFLECTIONS

stress tolerance mechanisms and
perspectives for climate-smart
agriculture. Plants, 14(18), 2829.

Lopez-Ridaura, S., Bernard, L., Cohan, J.-P.,

Corre-Hellou, G., Desclaux, D.,
Fustec, J., Haefliger, M., Justes, E.,
Villenave, C., & Hinsinger, P. (2009).
Designing alternative cropping
systems based on durum wheat
intercrops in the south of France:
PERFCOM, an interdisciplinary
project for integrated multi-scale
analysis. HAL Open Science.

Mahrookashani, A., Siebert, S., Higing, H., &

Matiu,

Ewert, F. (2017). Independent and
combined effects of high temperature
and drought stress around anthesis on
wheat. Journal of Agronomy and Crop
Science, 203(6), 453-463.

M., Ankerst, D. P., & Menzel, A.
(2017). Interactions between
temperature and drought in global and
regional crop yield variability during
1961-2014. PLOS ONE, 12(5),
e0178339.

Mazumder, A. K., Yadav, R., Kumar, M.,

Meena,

Babu, P., Kumar, N., Singh, S. K,
Solanke, A. U., Wani, S. H., Alalawy,
A. I, Alasmari, A., & Gaikwad, K. B.
(2024). Discovering novel genomic
regions explaining adaptation of bread
wheat to conservation agriculture
through GWAS. Scientific Reports,
14(1), 14578.

S. L., Arora, A., Taria, S., Yadav, S.,
Kumar, S., Pushkar, S., Chinnusamy,
V., Kumar, R. R., & Padaria, J. C.
(2023). Unraveling the physiological
and molecular mechanisms regulating
grain yield under combined drought
and heat stress in wheat (Triticum
aestivum). The Indian Journal of
Agricultural Sciences, 93(8), 834-
840.

17 |Page

Mirosavljevi¢, M., Miki¢, S., Zupunski, V.,

Abdelhakim, L., Trkulja, D., Zhou, R.,
Kondié-Spika, A., & Ottosen, C. O.
(2024). Effects of heat stress during
anthesis and grain filling stages on
some physiological and agronomic
traits in diverse wheat genotypes.
Plants, 13(15), 2083.

Naik, A., Jogi, M., & Shreenivas, B. V. (2024).

Assessing the impact of climate change
on global crop yields and farming
practices.  Archives of Current
Research International, 24(5), 696-
710.

Nehe, A., Martinsson, U. D., Johansson, E., &

Chawade, A. (2023). Genotype and
environment interaction study shows
fungal diseases and heat stress are
detrimental to spring wheat production
in Sweden. PLOS ONE, 18(5),
€0285565.

Qaseem, M. F., Qureshi, R., & Shaheen, H.

(2019). Effects of pre-anthesis drought,
heat and their combination on the
growth, yield and physiology of
diverse wheat (Triticum aestivum L.)
genotypes varying in sensitivity to heat
and drought stress. Scientific Reports,
9(1), 6954.

Réau, R., Angevin, F., Bergez, J.-E., Blouin,

M., Bockstaller, C., Colomb, B., Doré,
T., Guichard, L., Landé, N., Messéan,
A., Munier-Jolain, N., & Petit, M.-S.
(2009). A methodology for prototyping
sustainable cropping systems based on
a combination of design process and
multicriteria assessment. HAL Open
Science.

Roux, R. L., Furusho-Percot, C., Deswarte, J.,

Bancal, M., Chenu, K., de Noblet-
Ducoudré, N., de Cortazar-Atauri, .
G., Durand, A., Bulut, B., Maury, O.,
Décome, J., & Launay, M. (2024).
Mapping the race between crop
phenology and climate risks for wheat

Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.

QUEST RESEARCH AND EDUCATION (SMC-PRIVATE) LIMITED



AGRICULTURAL AND BIOTECHNOLOGICAL REFLECTIONS

in France under climate change.
Scientific Reports, 14(1), 18923.

Schaller, N., Boussard, H., Castellazzi, M.,
Joannon, A., Aubry, C., Martin, P., &
Benoit, M. (2012). Why and how
farmers delineate their plots on farming
territories? HAL Open Science.

Senapati, N., Halford, N. G., Hawkesford, M.
J., Shewry, P. R., & Semenov, M. A.
(2026). Extreme heat and drought at
flowering could threaten global wheat
yields under climate change. Climatic
Change, 179(2), 28.

Sendhil, R., Ghimire, U., HM, M., Rinki, K.,
Balaganesh, G., & Singh, G. P. (2021).
Identification of climate change
induced  heat  stress  sensitive
environments and prediction for
diverse representative concentration
pathways — A novel approach for
tracking hotspots. Research Square.

Sharma, R. K., Nwosu, N. J., Singh, L.,
Kramer, A., Singh, H., Bheemanahalli,
R., & Dhillon, J. (2025). Agricultural
sustainability — under  unpredicted
atmospheric changes—strategies to
enhance crop resilience and system
efficiency: A narrative  review.
Discover Agriculture, 3(1), 12.

Tita, D., Mahdi, K., Devkota, K. P., & Devkota,
M. (2025). Climate change and
agronomic management: Addressing
wheat yield gaps and sustainability
challenges in the Mediterranean and
MENA regions. Agricultural Systems,
224,104242.

Toreti, A, Cronie, O., & Zampieri, M. (2019).
Concurrent climate extremes in the key
wheat producing regions of the world.
Scientific Reports, 9(1), 5493.

Wallach, D., Keussayan, N., Brun, F., Lacroix,
B., & Bergez, J.-E. (2012). Assessing
the uncertainty in  model-based

18| Page

evaluation of irrigation strategies. HAL
Open Science.

Wheat breeding strategies for increased climate
resilience. (2024). Nature Climate
Change, 14(8), 791.

Xiao, K., Zhou, X., Gui, H., Tian, Y., Chen, X.,
Li, Y., Matomela, N.,, & Xin, Q.
(2025). Drought and extreme heat
reduce wheat and maize production in
the United States by lowering both crop
yields and harvestable fraction. Earth's
Future, 13(12), e2024EF005557.

Yang, C., Fraga, H., van leperen, W., Trindade,
H., & Santos, J. A. (2019). Effects of
climate change and adaptation options
on winter wheat yield under rainfed
Mediterranean conditions in southern
Portugal. Climatic Change, 154, 159-
178.

Zahra, N., Wahid, A., Hafeez, M. B., Ullah, A.,
Siddique, K. H. M., & Farooq, M.
(2021). Grain development in wheat
under combined heat and drought
stress: Plant responses and
management.  Environmental and
Experimental Botany, 188, 104517.

Zeng, R., Lin, X., Sassenrath, G. F., Welch, S,
& Yao, F. (2026). Current and
projected impacts of extreme climate
events on winter wheat vyield in
Northern  China. Communications
Earth & Environment, 7(1), 45.

Zhao, H., Zhang, L., Kirkham, M. B., Welch, S.
M., Nielsen-Gammon, J. W., Bai, G,
Luo, J., Andresen, D., Rice, C. W.,
Wan, N., Lollato, R. P., Zheng, D.,
Gowda, P. H., & Lin, X. (2022). U.S.
winter wheat yield loss attributed to
compound  hot-dry-windy  events.
Nature Communications, 13(1), 4477.

Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.

QUEST RESEARCH AND EDUCATION (SMC-PRIVATE) LIMITED



