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Abstract

Heat stress is a major abiotic constraint limiting wheat production across its different growth stages, as it drastically impairs
growth and reduces grain yield. A set of 103 highly diverse wheat genotypes was evaluated under normal (N) and heat stress
(HS) conditions. The measured traits included plant height (PH), days to heading (DTH), days to maturity (DTM), grain number
per spike (GNPS), grain yield per spike (GYPS), thousand-kernel weight (TKW), spike length (SL), and number of spikelets per
spike (NSPS). The analysis of variance showed high genetic variation among genotypes under both conditions. High
heritability estimates were observed for all traits in each condition. Grain yield per spike (GYPS) was the trait most affected by
heat stress, with reductions of 57.8% and 46.6% in the first and second seasons, respectively, whereas spike length (SL) was
the least affected trait, with reductions of 11.3% and 10.9% in the first and second seasons, respectively. Grain yield per spike
(GYPS) showed a strong negative correlation with days to heading (DTH) and days to maturity (DTM), and a strong positive
correlation with grain number per spike (GNPS), number of spikelets per spike (NSPS), and thousand-kernel weight (TKW)
across all four environments. Selection results revealed 11 consistently low-yielding genotypes, while 13 high-yielding
genotypes repeatedly ranked among the top 20 in both seasons. The genetic distance among the selected genotypes ranged
from 0.236 to 0.627, with the greatest distance between WAS_140 (Morocco) and WAS_160 (Saudi Arabia) and the smallest
between WAS_139 and WAS_140 (both from Morocco). The genotype WAS_016 (Egypt) was genetically distinct from the
other selected genotypes. In breeding programs, crossbreeding between genotypes WAS_160 and WAS_140 appears
promising for developing heat-tolerant, high-yielding lines.

Introduction

Wheat is one of the most important food crops worldwide. However, despite its crucial role in global food security, wheat
production is increasingly constrained by heat stress, an abiotic stress factor that is being exacerbated by the ongoing
increase in the frequency and intensity of hot and dry weather conditions [1]. According to FAO[2] the global wheat harvested
area reached 219.5 million hectares, with an average yield of 3,637.4 kg /ha and total production of 798.4 million metric tons.
Rising temperatures, particularly during sensitive developmental stages such as flowering and grain filling, adversely affect
wheat productivity by reducing grain size, grain number, and ultimately overall grain yield[3] .

Wheat yields are predicted to decrease by 6% for all temperature degrees of temperature rise due to climate change[4].
Climate change is negatively impacting wheat yields due to the adverse effects of rising temperatures on reproductive
physiology. Wheat is affected by heat stress at various growth stages, but it is particularly sensitive to high temperatures
during the flowering and reproductive phases. Heat stress limits the transfer of resources to growing grains during anthesis,
leading to small grains and low yields [5]. The two main abiotic stresses limiting wheat yield are heat and drought. Drought
stress disturbs vital physiological and biochemical processes, grain quantity, photosynthetic activity, chlorophyll
concentration, and endosperm starch synthesis [6]. Late sowing reduced spike length by 13%, grain number per spike by 10%,
and 1000-kernel weight by 13% compared with timely sowing[4] .Expanding wheat cultivation into new habitats is necessary
to provide food security due to limited agricultural land. However, abiotic issues including heat, salinity, and water shortages
are present in these new habitats. Thus, ensuring steady grain output is one of the main goals of breeding efforts, especially
in subtropical areas|[7].

Heat stress in wheat can be assessed in both controlled environments and field trials. Field experiments expose wheat to
natural heat episodes and other environmental factors, making them more informative for grain yield and adaptation.
Evidence from wheat research shows that heat tolerance involves strong genotype-by-environment interactions, and that both
field testing and controlled-environment phenotyping contribute valuable, complementary information. Thus, using both
approaches together is an efficient strategy, as it connects physiological responses with agronomic performance. Under field
conditions in Egypt, heat stress was applied before on wheat, barley crop to investigate its effects on yield attributes by
sowing the genotypes one month later (late of December) than the optimum conditions (mid - November), so the genotypes
are exposed to the high waves of heat temperature at heading, anthesis and grain-filling stages compared to those planted in
the optimum sowing date
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Breeding programs that use direct selection for yield in plants may be deceptive. However, breeding program take much time
to achieve their goals. Information about the genetic diversity and correlation between agronomic parameters and grain yield
are essential for successful selection [8]. Two of the most important elements in the development of many crop plants are
genetic stability and diversity. Selecting a high-yielding genotype with broad adaptation is a significant issue for plant
breeders|[9]

Analyzing genetic diversity among selected genotypes (e.g. heat tolerant) using molecular markers such as single-nucleotide
polymorphism (SNP) markers enables the estimation of genetic distance among genotypes. This information helps identify
genetically distant parents for hybridization, which may increase the likelihood of obtaining superior hybrids more accurately
and efficiently than traditional breeding methods.

In this study, wheat genotypes originating from different countries were evaluated to identify superior performers under heat-
stress conditions based on multiple traits considered jointly. A subset of 13 heat-tolerant genotypes was selected using a
multi-trait selection approach, and their genetic distances were estimated to characterize their genetic divergence. The
specific objectives were to (i) identify high-performing wheat genotypes under heat stress from a geographically diverse panel
using combined multi-trait criteria, and (ii) assess genetic distance among the selected genotypes to facilitate the choice of
genetically divergent parents for crossing and the development of improved hybrids.

Materials and methods

Plant material:

A collection of 103 spring wheat genotypes has high diversity in morphological and yield traits. These genotypes were
obtained from the global core collection of the USDA-ARS. These genotypes were collected from 14 different countries, as
shown in Supplementary Table S1. Seventeen of the 103 genotypes are local and typically grown in Egypt.

Experimental Layout

All the genotypes were planted at the farm of the Faculty of Agriculture, Sohag University, Egypt (26.4706°N, 31.6725°E;
https://power.larc.nasa.gov/data-access-viewer/(, where the soil was sandy loam, as shown in Supplementary Table S2.

All genotypes were grown under two conditions across two growing seasons: normal (N) and heat stress (HS). In both
growing seasons, heat stress was imposed by delaying sowing by one month, exposing plants to high temperatures during
the heading, anthesis, and grain-filling stages, which occurred in March and April [10] In the 2023/2024 and 2024/2025
seasons, genotypes were sown on November 27 and December 5 under normal conditions, respectively. Under heat stress, all
genotypes were sown on December 27 and December 31, respectively. Each genotype was planted in three replications. Each
plot contained 10 rows, with each row representing a different genotype. Grains of each genotype were sown in a single T m
row, with 10 cm between plants within a row and 20 cm between rows. During the growing season, all planted genotypes were
grown in sandy loam soil and irrigated 15 times under normal conditions and 11 times under heat-stress conditions

The maximum temperatures for the two seasons under both normal and heat-stress conditions are shown in Figs. 1a and 1b.
In the first season, maximum temperatures ranged from 22.4 to 43°C, while in the second season, they ranged from 22.7 to
39°C. In both seasons, maximum temperatures in April exceeded 30°C and coincided with the onset of heading under heat
stress (35.9°C in season 1 and 34.2°C in season 2). Under normal conditions, heading commenced at maximum temperatures
of 22.4°C (season 1) and 24.9°C (season 2). Under both conditions, the heading period was shorter in the first season than in
the second. Supplementary Table S3 displays the average temperatures for both seasons. https://power.larc.nasa.gov/data-
access-viewer/

Trait scoring:
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Under two conditions during two seasons, eight traits of each genotype were measured.

e Days to heading (DTH; days) was scored as the number of days from sowing to the date when50% of the plants started
heading.

e Days to maturity (DTM; days): number of days from sowing until 50% of the plants showed signs of maturity.
* Plant height (PH; cm): measured from the ground to the tip of the main spike.

e Grain number per spike (GNPS),

 Grain yield per spike (GYPS; g),

e Thousand kernel weight (TKW; g),

e Main spike length (SL; cm),

e Number of spikelets per spike (NSPS).

Moreover, the reduction due to heat stress (RDH) for each trait across the two seasons was calculated as follows:

X~ - XHs
RDH = x 100
XN

where RDH is the percentage reduction in the trait due to heat stress, Xy, is the mean value of all genotypes for the respective
trait under normal conditions, and Xg is the mean value of the same trait under heat stress, calculated separately for each
growing season (2023/2024 and 2024/2025).

Statistical analysis:

Combined analysis of variance for phenotypic data was performed using PLABSTAT software[11] through the following
model: Yignj = B+ Vi + 1y + Gi + Mg+ (Y9)ii + (Y )int (19 )in + (VG )in*t €iknj, Where Yy is the observation of genotype i in year k,
treatment n, and replication j within year k; p is the general average; y,, t,, g; and rj(, are the main effects of year, treatment,
genotype, and replication nested within year, respectively. The terms (yg)i, (Y)in (19)ir, @nd (ygt),, represent the
corresponding interactions, and ey is the residual error. Years, genotypes and replicates were considered random effects,
and treatment was considered a fixed effect. All the graphics of measured traits in this study were plotted through the SR plot
website https://www.bioinformatics.com.cn/en and R software[12] Heritability in the broad sense (H2) % for each trait was
calculated with the following equation: H2 = (genotypic variance / phenotypic variance) using the GENOT command in
PLABSTAT software. Phenotypic correlation among traits under each condition and each growing season was computed by
PLABSTAT software.

Selection index for heat tolerance:

The analysis of the selection index (SI) for spike traits was performed in R software using the "metan" package[13] First,
genetic and phenotypic parameters were estimated using the gamem () function. Then, the index was computed using the
Smith—Hazal selection index [14, 15]Spike traits (GNPS, GYPS, TKW, SL, and NSPS) held the same economic importance, and
equal economic weights were assigned to each trait. To account for differing trait scales, we recalculated the Smith—Hazel
index using standardized economic weights, obtained by dividing each target weight (1.0) by the trait's phenotypic standard
deviation. A selection of intensity was 19.4 % applied t identify the highest- and lowest-performing genotypes. In each year,
the 20 genotypes with the highest selection index (SI) were selected. Venn diagrams (the Venny tool)
(https://bioinfogp.cnb.csic.es/tools/venny/) were then used to identify genotypes that were common across the two seasons
under heat stress conditions.
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Genetic analysis:

The 103 genotypes were previously genotyped using genotyping-by-sequencing (GBS) by Mourad et. al [16], who extensively
investigated their genetic diversity. Population structure analysis was based on 11,362 single-nucleotide polymorphisms
(SNP), classified the genotypes into three subpopulations (SPs): SP1(48 genotypes), SP2 (46 genotypes), and SP3 (nine
genotypes). In the present study, the performance of genotypes in each SP was compared under heat stress.

Moreover, genetic distance among the selected genotypes was assessed using the same set of 11,362 SNP markers. Genetic
distances were calculated in R software [12] using the ade4 package [17] to identify the most genetically divergent genotypes
for use as potential parents in future breeding programs.

The population structure was previously analyzed using genotyping-by-sequencing (GBS) SNP markers to determine genetic
relationships and the number of subpopulations among the 103 genotypes. The genotypes were grouped into three
subpopulations containing 48, 46, and 9 genotypes, respectively GBS produced 11,362 filtered SNP markers, which were used
to calculate genetic distances among 13 high-yielding genotypes. SNP data were converted into numerical format using
Tassel 5 software [18] and subsequently analyzed in (R version 4.5.2) software [12] with the ade4 package [17] to compute
genetic distances among the selected genotypes.WAS_140 (Morocco) and WAS_160 (Saudi Arabia) exhibited high genetic
distance, while WAS_139 (Morocco) and WAS_140 (Morocco) exhibited low genetic distance.

Results

The analysis of variance (ANOVA) for all traits under different environmental conditions.

The analysis of variance (ANOVA) for all traits under normal and heat stress conditions during the 2023/2024 and 2024/2025
growing seasons is presented in Table 1. The results of the combined ANOVA showed highly significant differences between
the years (Y) in all measured traits. Highly significant differences between the two treatments for all traits except for plant
height (PH), number of spikelets per spike (NSPS). The differences among genotypes (G) in all measured traits in both
seasons were highly significant. The GxT interaction was highly significant for all traits in both growing seasons. Similarly, the
G xY interaction was highly significant for all traits in both growing seasons. The heritability estimates ranged from 0.72 (PH)
10 0.96 (DTH). The evaluated genotypes under normal (N) and heat stress (HS) conditions are presented for the 2023/2024
and 2024/2025 seasons in Table 2. The mean performance of the genotypes under normal conditions was higher than under
heat stress for all measured traits during the two seasons. Notably, the mean performance of the genotypes for all traits in
the first season was higher than in the second season under normal conditions, while there was instability in the performance
of the genotypes for all traits except grain yield per spike, which showed similar performance across the two seasons under
heat stress conditions.
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Analysis variance for measured traits under both conditions in two seasons.

Table 1

S.0.V
Year (Y)

Treatments

(T)
Genotypes
(6)

G*T
G*Y

H2%

1

102

102

102

PH
3899.77"

0.01

*%

3.61

*%

5.40

8.87"
72.3

DTH
3462.83"

6478.42™

30.20™

24.76™

15.20"
96.7

DTM
6994.33"

5828.29™

17.21"

*k

9.97

4.32"
94.2

GNPS
3136.06™

99.55™

*%k

6.21

*%

2.82

12.23"
83.9

GYPS
3130.99™

111.32"

K%

4.85

*%

5.41

9.94™
79.4

TKW
3588.05"

151.21™

k%

4.87

*k

5.05

9.73"”
79.5

SL
717.46™

137.76™

27.78™

*%k

7.7

3.92"
96.4

NSPS
1362.98™

0.71

*%

4.73

*%

4.44

6.44"
78.9

PH; plant height, DTH; day to heading, DTM; day to maturity, GNPS; grain number per spike, GYPS; grain yield per spike,

TKW; thousand kernel weight, SL; spike length, NSPS; number of spikelets per spike, df; degree of freedom, H2%; broad
sense heritability

Mean, Maximum (Max) and Minimum (Min) for traits undeer:’?ofmal conditions (N) and heat stress (HS) in two seasons.
Season 2023/2024
Trait PH DTH DTM GNPS GYPS TKW SL NSPS
Mean N 122.4 100.1 138.7 46.6 1.8 41.9 11.9 19.2
HS 91 92.5 91.7 27.4 0.8 29.6 10.5 14.9
Max N 153.9 132.3 157.7 98.1 4.4 66.2 20.8 25.3
HS 128 116.7 112.7 64.3 2.8 49.5 18.9 21.8
Min N 83.2 75.7 120.7 17.9 0.5 22.4 5.4 11.3
HS 63.8 70.6 70.7 3 0.1 10 49 6.8
L.S.D 5% N 7.4 2.03 1.62 7.72 0.44 5.04 1.14 1.96
HS 10.65 2.21 1.37 5.86 0.29 6.09 1.28 1.87
Season 2024/2025
Mean N 116.5 89.9 1211 40.6 1.5 39.3 11.2 18.5
HS 96.9 82.9 108.7 27.6 0.8 271 9.9 15.8
Max N 147.3 129 146.7 92.5 3.7 63 19.9 25
HS 132 115.7 132.7 61.5 2.1 47.3 19.8 24
Min N 81.8 60.5 96.7 6 0.2 15.6 47 11
HS 74 57.7 95.3 1 0.1 10 4.6 6.7
L.S.D5% N 6.52 2.07 1.99 6.25 0.26 4.38 1.07 2.13
HS 5.15 1.98 1.31 4.96 0.27 4.45 1.02 2.73

PH; plant height, DTH; day to heading, DTM; day to maturity, GNPS; grain number per spike, GYPS; grain yield per spike,
TKW; thousand kernel weight, SL; spike length, NSPS; number of spikelets per spike, L.S.D; least significant difference

at level 5%
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Effect of heat stress on all measured traits.

The reduction in each trait due to heat stress for all measured traits during the 2023/2024 and 2024/2025 seasons is
presented in Fig. 2. Under heat stress in both seasons, all traits decreased due to heat stress. The reduction due to heat
stress in the first season was higher than in the second season for all measured traits except DTH and TKW. Heat stress had
a similar effect on days to heading, as genotypes headed earlier under heat stress than under normal conditions, with
reductions of 7.6% and 7.7% in the first and second seasons, respectively. The highest was observed for GYPS, with 57.8 and
46.6% reduction due to heat stress in first and second seasons, respectively. The lowest reduction, on the other hand, was
found in the SL, with 11.3 (first season) and 10.9% (second season). All traits showed a difference in reduction due to heat
stress between the two seasons, except for SL and DTH, which showed a similar reduction between the two seasons.

The phenotypic correlations among all traits under normal and heat stress conditions in two seasons.

The phenotypic correlation among all traits under normal conditions and heat stress is shown in Tables 3 and 4, respectively.
Under normal and heat stress conditions, a high and significant positive correlation was found for each trait between the two
growing seasons. DTH between the two growing seasons under each condition had the highest significant correlation with
0.89** (heat stress) and 0.91** (normal). In all four environments, GYPS was strongly positively correlated with GNPS, NSPS,
and TKW, while it was significantly negatively correlated with DTH and DTM. Under the four environments, SL did not show
consistent correlations with the other measured traits. Under heat stress conditions, spike index (SI) including GNPS, GYPS,
TKW, SL, and NSPS, was significantly correlated with all yield-related traits except SL (in both seasons) and PH in the second
season. In both seasons, S| showed high and negative correlation with DTH and DTM, while it has high and positive significant
correlations with GNPS, GYPS, TKW, and NSPS. Under heat stress conditions. The spike index (SI) showed a highly positive
correlation (r = 0.85™) between the two growing seasons under heat stress conditions, as displayed in Fig. 3a.

Correlation between traits under normal conditionsﬂit;lfvfo seasons (Above, bold season 1, below season 2).
Traits PH DTH DTM GNPS GYPS TKW SL NSPS
PH 0.76™ 0.48" 0.43" -0.10" -0.09" -0.28" 0.18" 0.29"
DTH 0.27™ 0.95™ 0.78" -0.48"™ -0.49" -0.53™ 0.23* -0.04"
DTM 0.23" 0.95™ 0.78™ -0.36™ -0.36™ -0.43"™ 0.15" 0.09"
GNPS -0.05" -0.63™ -0.58"™ 0.88™* 0.82"™ 0.36™ -0.12" 0.55"
GYPS -0.18" -0.63™ -0.58" 0.78™ 0.75™ 0.64™ 0.01" 0.46™
TKW -0.29" -0.60™ -0.54"™ 0.45™ 0.67™ 0.82" -0.09™ 0.05"
SL 0.28" 0.34™ 0.37™ -0.18"s -0.21" -0.14"s 0.85™ 0.13"
NSPS 0.18m -0.34™ -0.30" 0.68™* 0.51" 0.15™ 0.03™ 0.65™
*, ** **% and refer to significant level at 0.05,0.01 and 0.001, ns; non-significant
PH; plant height, DTH; day to heading, DTM; day to maturity, GNPS; grain number per spike, GYPS; grain yield per spike,
TKW; thousand kernel weight, SL; spike length, NSPS; number of spikelets per spike
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Table 4
Correlation between traits and spike index under heat stress for two seasons (Above, bold season 1, below season 2).

Traits PH DTH DTM GNPS GYPS TKW SL NSPS sl
PH 0.42™ 0.33"™ 0.86™ -0.21" -0.21" -0.16" 0.20" -0.16" -0.21"
DTH 0.48™ 0.89"* 0.77% -0.64" -0.61" -0.39" 0.27" -0.46™ -0.65™

*kk KKk *kk *k%

DTM 0.43™ 0.78™ 0.41 -0.49 -0.48 -0.33 0.28" -0.36™ -0.49™

*kk *%

GNPS 107 -048™  -036™ 0.87 0.71"™ 0.30 -0.21* 0.67™* 0.92**

*kk *kk *%k% *k%k

GYPS 009"  -049™ 036" 082 0.72 0.55 0.04" 0.56 0.82

TKW -0.28"  -0.53"  -043™ 036" 0.64™ 0.67" 0.08"  0.34™ 0.61"™
SL 0.18"s 0.23" 0.15" 0.13"s 0.01" -0.09"¢ 0.81™ -0.13"s -0.02"
NSPS 29" -0.04"s 0.09"s 0.55™ 0.46"™ 0.05"s 0.13"s 0.69" 0.76™
Sl 0.13" -0.74™ -0.71™ 0.93™ 0.88™ 0.71™ -0.06" 0.68™ 0.85™

*, ** % and refer to significant level at 0.05,0.01 and 0.001, ns; non-significant

PH; plant height, DTH; day to heading, DTM; day to maturity, GNPS; grain number per spike, GYPS; grain yield per spike,
TKW; thousand kernel weight, SL; spike length, NSPS; number of spikelets per spike, SlI; spike index including GNPS,
GYPS, TKW, SL, and NSPS

Selecting the best and lowest genotypes under heat stress.

As spike index showed a strong positive correlation with yield-related traits under heat stress in both growing seasons,
selection of the genotypes was based on Sl values, where a high value indicates high performance for these genotypes under
heat stress. All genotypes were ranked from highest to lowest spike index values. The 20 highest as well as the lowest-
performing genotypes under heat stress conditions were selected in each season separately. Selection results indicated that
13 high-yielding genotypes (Fig. 3b, Table 5) were consistently ranked among the top 20 in both seasons, whereas 11
genotypes consistently exhibited the lowest yield (Fig. 3c, Table 5). The thirteen high-yielding genotypes represented six
genotypes from Egypt (three bread wheat genotypes and three durum wheat genotypes), two from Morocco, four from Oman,
and one from Saudi Arabia. The eleven lowest-performing genotypes included three genotypes from Kenya, two from
Germany, two from Kazakhstan, two from Iran, one from Afghanistan, and one from Canada. The performance of the two
genotype sets, was compared for some measured traits under the four environments during the two seasons, as shown in
(Supplementary figures S1 and S2).
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Table 5

Selected genotypes under heat stress for two seasons.

Genotypes
High WAS_016
WAS_019
WAS_022
WAS_028
WAS_030
WAS_031
WAS_139
WAS_140
WAS_150
WAS_153
WAS_154
WAS_157
WAS_160
Low  WAS_051
WAS_080
WAS_098
WAS_099
WAS_109
WAS_113
WAS_120
WAS_121
WAS_129

WAS_131

WAS_132

Plant Name
SAKHA94
GIMMIZA10

OMARA 004

Beni Swief-7
Sohag-3

Sohag-5

1004b

1137

Mufsegha

Kule

Musane

Kule

Baladi

756

LRS-1F193

4453/31

Janetzkie Somerwizen
IWA8608569

5401

Pavlodarskaja |
Meskren

Rhodesian Sabanero
Rhodesian Sabanero

R64

Country

Egypt
Egypt
Egypt

Egypt
Egypt
Egypt
Morocco
Morocco
Oman
Oman
Oman
Oman
Saudi Arabia
Afghanistan
Canada
Germany
Germany
Iran

Iran
Kazakhstan
Kazakhstan
Kenya
Kenya

Kenya

Population structure and Genetic distance among the selected high-yielding genotypes.

The 103 genotypes that were evaluated were divided into subpopulations using the STRUCTURE analysis by Mourad et. al

[16]. They were divided into three subpopulations, each containing 48, 46, and 9 genotypes, respectively. The mean average of
all genotypes in spike index was calculated for each subpopulation separately under heat stress across the two seasons. The
spike index results showed that the third subpopulation had the highest spike index compared to other subpopulations across

two seasons, as shown in Fig. 4.

The genetic distance among the highly selected genotypes was calculated to determine the level of genetic diversity among
these selected genotypes and distribution across three inferred subpopulations in Fig. 5. The dendrogram analysis identified
two main groups. The genetic distance among the highly selected genotypes ranged from 0.236 to 0.627. The greatest
genetic distance was observed between genotypes WAS_140 (Morocco) and WAS_160 (Saudi Arabia). Similarly, high genetic
distances were detected between WAS_139 (Morocco) and WAS_153 (Oman), as well as between WAS_139 (Morocco) and
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WAS_160 (Saudi Arabia), with all values approximately 0.62. In contrast, the lowest genetic distance was recorded between
genotypes WAS_139 and WAS_140, both originating from Morocco. WAS_016 (Egypt) exhibited a high genetic distance from
the other genotypes, ranging from 0.531 with genotype WAS_022 (Egypt) to 0.617 with genotype WAS_153 (Oman). The
genotype WAS_157 (Oman) has a similar genetic distance with both genotypes WAS_160 (Saudi Arabia) and WAS_153
(Oman), as shown in Supplementary Table S4.

Discussion

The analysis of variance (ANOVA) for all traits under different environmental conditions.

Combined analysis of variance (ANOVA) revealed a high genetic variation among the genotypes for all measured traits; this
diversity likely reflects that the genotypes originated from 14 countries. The combined ANOVA also showed significant
differences between the two treatments for most traits, except plant height (PH) and number of spikelets per spike (NSPS),
indicating that genotypes differed in their responses to high temperature. Non-significant differences between normal and
heat stress for PH and NSPS were also reported by Sarkar et al [19]. Genotype-by-treatment interactions were significant for
plant height (PH) and number of spikelets per spike (NSPS). The differences among genotypes (G) were highly significant,
indicating considerable genetic variation among genotypes and high-yielding genotypes under heat stress can be
distinguished and selected for future breeding programs [20, 21]The genotype x year interaction was highly significant,
indicating that genotype performance changed from one year to another. Genotype x treatment interaction was also highly
significant, indicating that the genotypes react differently to normal or heat stress conditions, similar to results reported by
Modarresi et. al [22]. The broad-sense heritability ranged from moderate to high for all measured traits, suggesting that the
maijority of variation among genotypes were due to genetic differences and hence selection for improving yield traits under
heat stress is feasible [23].

The population consisted of highly diverse wheat genotypes from 14 countries, and high genetic variation was expected for
all traits. This same population has previously been used to identify genes and markers associated with fungal disease
resistance [24—-27], heavy metal tolerance[28-30], salinity tolerance [31], and seedling-stage drought tolerance [32].

Effect of heat stress on the measured traits.

Heat stress highly affected all measured traits, and the reduction in traits resulting from heat stress was greater in the first
season than in the second season due to the higher temperature in the first season compared to the second season. This
indicates that genotypes were exposed to higher temperature waves in the second sowing date, in both growing seasons, at
the heading, anthesis, and grain-filling stages, than those planted in the optimum sowing date at the respective growing stage.
Late sowing dates have previously been used to expose wheat and barley at the heading, anthesis, and grain-filling stages to
heat stress [10]

Grain yield per spike (GYPS) was the trait most affected by heat stress in both growing seasons, which is consistent with the
findings of Modarresi et. al [22], who reported that high temperature significantly decreased all traits, with grain yield showing
the greatest reduction (46.63%). Heat stress has a detrimental effect on wheat at every stage of development, but it is most
detrimental to grain yield and quality during the reproductive stage [33]. Pollen sterility is induced when temperatures exceed
31°C in the period shortly before anthesis. This prevents pollen from fertilizing ovules and producing viable seeds, causing
pre-anthesis disruptions that negatively affect yield and its components [34]. In our study, the genotypes were exposed to ~
32-38° C and 31 and 37° C in the two growing seasons, respectively, which is higher than reported in earlier studies. Pollen
abortion is the primary cause of yield and yield-related trait decrease under stress [35], demonstrating that heat stress
decreased pollen viability during the reproductive stage[36]. High temperatures around anthesis (> 30°C) reduce pollen fertility
and can cause grain sterility. Therefore, heat stress decreases grain number per spike, shortens grain-filling duration, and
reduces grain yield through pollen sterility [37]. Moreover, the number of endosperm cells in developing grains is reduced by
heat stress, leading to smaller grain size and lower thousand-kernel weight (TKW), and consequently reduced grain quality
[38]. In the current study, spike length was the trait least affected by heat stress. Spike length is a more structurally
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determined trait than grain number, grain weight, or final yield, all of which are directly impaired during anthesis and grain
filling, it tends to be less affected by heat stress[22]. Exposure to high temperature during early booting significantly reduced
days to heading and days to maturity in wheat, indicating accelerated phenological development under heat stress [39].

The phenotypic correlations among all traits under normal and heat stress conditions in two seasons.

In all four environments, there were high correlations between GYPS and GNPS, NSPS, and TKW. High trait correlations may
allow indirect selection to improve several traits at once. Grain yield was significantly and positively correlated with thousand-
kernel weight and number of grains per spike, indicating that higher grain yield per spike is possible in genotypes that show
high thousand-kernel weight, number of spikelets per spike, and grains number per spike. These results are consistent with
Shehrawat et. al [40]. GYPS was negatively correlated with DTH and DTM, indicating that early-heading genotypes tend to
have higher grain yield per spike than late-heading genotypes[41] Early heading allowed genotypes to avoid heat stress and
improve grain yield. A negative correlation was found between grain yield per plant and plant height under both normal and
heat stress conditions [42]. Reducing plant height increased wheat grain yield, reflected by a significant negative association
between grain yield (GY) and plant height (PH) in both environments [43]. The positive correlations of grain yield per spike
with both grain number per spike, spikelets per spike, and thousand-kernel weight together with the positive associations
among spike traits under heat stress in both seasons, suggest that selecting for grain yield per spike will simultaneously
improve these related spike traits.

Comparing the correlation patterns among traits under normal and heat-stress conditions revealed that heat stress
reorganized trait associations, making yield more dependent on grain number, kernel weight, and stress-adaptive traits, while
several correlations observed under normal conditions weakened or changed under stress. These correlations suggest that
heat stress did not simply weaken performance uniformly, but instead shifted trait interdependence toward a more selective
reproductive survival network centered on spike fertility, grain set, and grain filling.

Selection index was used to include GNPS, GYPS, TKW, SL, and NSPS under heat stress in both growing seasons. The spike
index (SI) had high significant correlation with all yield-related traits and the correlation among the spike indices between the
two years was also highly significant, indicating that breeders can rely on spike index for selecting stable and high-yielding
genotypes under heat stress [40]. The stronger negative association of heading and maturity time with spike index and yield-
related traits under heat stress further indicates that earliness was adaptive in this population, most likely through escape
from high temperature during sensitive reproductive stages. That interpretation is consistent with field and multi-environment
studies showing that yield under heat is often negatively associated with heading or maturity time, and with mechanistic
evidence that grain number is especially vulnerable to heat in the narrow pre-flowering window, whereas grain weight is
additionally penalized by post-flowering heat. Notably, spike length remained weakly associated with spike index and most
yield traits in both environments, suggesting that larger spike structure alone did not ensure heat resilience. This agrees with
reports that direct partitioning into grain, harvest index, and spike fertility are better indicators of heat adaptation than gross
morphological traits. It also supports prioritizing grain number per spike, grain weight per spike, thousand-kernel weight, and
fertility-related indices over spike length as practical selection criteria

The multi-trait selection index is a quantitative method that enables the simultaneous selection of several traits by assigning
weights to each trait according to its relative breeding or economic importance. Breeders rarely focus on a single trait and
disregard all others during selection[39]. Selection should be carried out on several traits at the same time[44] This strategy
helps breeders maximize overall genetic gain by focusing on the combined value of all target traits, instead of improving each
trait separately. This method was previously used for improving drought tolerance in wheat at the seedling stage[32] and
spike productivity at the adult growth stage [23] In faba bean, a selection index was used to select high frost-tolerant
genotypes at the seedling stage under controlled conditions [45], high-yielding genotypes under winter hardiness conditions
[46]and genotypes with superior seed traits[47]

Selecting the best genotypes under heat stress.
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Due to high correlation of S| between the two-growing season under heat stress, it was used to select the highest high-
yielding genotypes. Selection should be applied to multiple traits simultaneously, enabling breeders to maximize overall
genetic gain by targeting the combined value of all key traits rather than improving each one in isolation. Thirteen genotypes
from four countries (Egypt, Morocco, Oman, and Saudi Arabia).

showed high Sl under heat stress in both seasons. Out of thirteen selected genotypes, Beni Swief-7 was reported as a heat-
tolerant genotype [48]. Sohag-5 genotype showed the highest grain yield under conditions of water and heat stress [49], and
Sohag-3 was reported as a drought-tolerant genotype at the seedling stage [50]. In addition, 11 genotypes from six countries
(Afghanistan, Canada, Germany, Iran, Kazakhstan, and Kenya) were identified as the lowest-performing across both growing
seasons, making them valuable candidates for use as heat-susceptible checks in subsequent heat tolerance screening trials.
Moreover, the susceptible genotypes can be crossed with tolerant genotypes to develop bi-parental populations to identify
major QTLs associated with heat tolerance in wheat. Susceptible genotypes can be used for gene validation studies to
confirm the expression of genes associated with heat tolerance in wheat

Population structure and genetic diversity for improving heat tolerance.

Studying population structure is highly useful for understanding the genetic diversity of the tested genotypes and represents
an essential first step in association mapping studies. Population structure analysis divided the 103 genotypes into three
subpopulations (SP1: 48, SP2: 46, and SP3: 9) [16]. The SP3 showed the highest mean spike index under heat stress across
both seasons. This suggests that SP3 may carry unique alleles or favorable haplotypes associated with heat tolerance,
despite its small size. These results are consistent with previous studies demonstrating that population structure analysis can
effectively identify genetically distinct groups with contrasting stress responses in wheat and other cereals[51, 52]Integrating
subpopulation membership with phenotypic selection can help breeders maximize genetic gain while maintaining sufficient
genetic diversity in breeding populations. Crossing high-performing genotypes from SP3 with genotypes from SP1 or SP2 can
generate transgressive segregants through the combination of complementary alleles, thereby accelerating the development
of heat-tolerant cultivars. This strategy is particularly effective when parental selection is based on both phenotypic
performance (spike index under heat stress) and genetic distance (subpopulation membership), as it reduces the risk of
crossing closely related genotypes that may share similar susceptibility alleles. The integration of population structure and
phenotypic data was also used for selecting highly-divergent drought tolerant genotypes in rice [53]. Furthermore, the
identification of subpopulations with contrasting heat responses facilitates marker-trait association studies and the discovery
of candidate genes underlying heat tolerance. Genotypes from SP3 represent promising donors for marker-assisted selection
programs aimed at introgressing heat tolerance alleles into elite breeding lines, ultimately enhancing the resilience of wheat
cultivars to rising temperatures.

Genetic diversity among these genotypes was expected because the genotypes were collected from more than one
geographical region. Analyzing the genetic diversity among these genotypes is very important in selecting high-performing
genotypes under heat stress conditions. The genetic distance analysis among highly selected genotypes revealed a wide
range of diversity (0.236—-0.627), indicating substantial genetic distance (diversity) within this subset. The greatest genetic
distance was observed between WAS_140 (Morocco) and WAS_160 (Saudi Arabia), WAS_139 (Morocco) and WAS_153
(Oman) and WAS_160 (Saudi Arabia), all with values approximately 0.627. In contrast, the lowest genetic distance was
recorded between WAS_139 and WAS_140, both originating from Morocco, reflecting their close genetic relationship and
shared geographic origin. Notably, WAS_016 (Egypt) had a high genetic distance with all selected genotypes. Selecting
parental combinations based on both phenotypic performance and genetic distance can maximize heterosis and generate
transgressive segregants with enhanced heat tolerance. Specifically, crossing distantly related genotypes. For example,
WAS_140 (Morocco, SP1) and WAS_160 (Saudi Arabia, SP2) can be very useful for crossing because they are highly divergent
(0.62) and also belong to different subpopulations. This will help in exploiting complementary alleles (associated with heat
tolerance) from diverse geographic origins. Crossing closely related genotypes, on the other hand, such as WAS_139 and
WAS_140 (both from Morocco) may not be useful for producing wheat cultivars with high agronomic traits compared to
WAS_140 and WAS_160. In addition, crossing WAS_016 (Egypt) with highly divergent exotic genotypes, particularly WAS_153
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(Oman, SP2), WAS_157 (Oman, SP2), and WAS_160, may help combine heat-tolerance alleles while retaining adaptation to
Egyptian environments. This rationale is consistent with evidence that favorable allele combinations from diverse germplasm
can improve grain yield under heat stress, and that exotic or wild alleles can be incorporated into breeding programs to
strengthen climate resilience

The distribution of highly selected genotypes across the three inferred subpopulations further supports the integration of
population structure information into breeding strategies, enabling breeders to maintain genetic diversity while targeting heat
tolerance. Genetic diversity among genotypes is highly beneficial in breeding programs for improving target traits by selecting
the best-performing and highly divergent genotypes[54, 55]

Conclusion

Heat stress significantly affected spike-related traits and their associated characteristics, with grain yield per spike being the
most strongly reduced trait under stress conditions. Based on integrated phenotypic and genotypic variation, 13 heat-tolerant
and 11 heat-sensitive genotypes were identified. Among the tolerant genotypes, WAS_016 and WAS_139 showed the smallest
reductions in grain yield per spike. Conversely, WAS_113 and WAS_080 exhibited the greatest reductions in grain yield per
spike under delayed sowing conditions, highlighting their high susceptibility to terminal heat stress. The combined use of
population structure, genetic diversity, and phenotypic data proved effective for identifying promising parental lines for wheat
improvement under heat stress. Notably, WAS_140 (Morocco) and WAS_160 (Saudi Arabia) exhibited the greatest genetic
distance among the selected genotypes, suggesting that their hybridization could broaden genetic variability and support the
development of superior heat-tolerant wheat progeny.
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Figure 1: The maximum temperatures and heading periods in season 1 (a) and season 2 (b).
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Figure 2: Reduction of traits due to heat stress for two seasons.
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Figure 3: (a) Scatter plot between spike index 24 for first season Spike and spike index 25 for second season
(b)Venn diagram common of high genotypes (c)Venn diagram common of low genotypes under heat stress
for two seasons.
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See image above for figure legend
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Figure 4: Spike index (SI) for three subpopulations of genotypes during season 1 (SI24) and season 2 (SI25).
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Figure 5: Genetic distance between highly selected genotypes.
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