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A B S T R A C T

Evaluating the adaptability and yield stability of wheat varieties across different sowing dates is 
crucial for the success of breeding programs. In this study, we used Additive Main Effects and 
Multiplicative Interactions (AMMI) and Genotype × Genotype–Environment (GGE) biplot ana-
lyses to evaluate the performance of 13 wheat varieties across eight sowing dates. The main 
objective was to compare varieties and sowing dates to identify the most stable varieties for 
cultivation. Both AMMI and GGE biplot analyses showed significant effects of genotype, envi-
ronment and genotype-environment (GE) interaction on grain yield. The interaction patterns 
identified by AMMI and GGE-biplots categorized Mihan, Oroom and Pishgam as the most stable, 
high yielding and early maturing wheat varieties. Furthermore, while the GGE biplot method 
proved to be more efficient than the AMMI model for stability analysis, our results indicate 
considerable overlap between the results of these two approaches. These results provide a 
valuable basis for optimizing genetic improvement strategies in wheat breeding programs.

1. Introduction

Bread wheat (Triticum aestivum L.) is a vital staple food, with global production exceeding 700 million tons [1,2]. It supplies a 
substantial proportion of the energy and caloric intake for approximately one-fifth of the world’s population, equating to about 4.5 
billion people [3]. Beyond its nutritional significance, wheat plays a critical economic role in developing countries and stands out 
among cereals as a rich source of fiber, carbohydrates, B-complex vitamins, and essential minerals [4,5]. Durum wheat (Triticum 
turgidum ssp. durum), a tetraploid species (2n = 4x = 28) and one of the earliest crops domesticated by farmers in the Fertile Crescent, 
represents a valuable genetic resource, potentially contributing alleles for traits such as high protein content, drought tolerance, and 
other economically desirable characteristics [6,7].

Any changes in the growth stages of crops inevitably affect various yield components and ultimately affect the final harvest. 
Effective management and adaptation of these growth stages offer new opportunities to increase yield. Of particular importance is the 
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timing of sowing, which has a profound effect on the growth and development throughout the growing season. Adjustments to the 
growing date can significantly change the duration of the growth phases [8]. Sowing wheat at an inappropriate time, either too early or 
too late, can have various detrimental effects. In contrast, an optimal sowing date promotes high germination rates, robust tillering, 
timely phenological development and the establishment of vigorous plants with a well-developed root system, all of which contribute 
to higher grain yields [9,10].

The evaluation of genotypes poses two main challenges. Firstly, the genotype-environment (GE) interaction for important traits and 
secondly, the negative correlations between these traits [11]. The GE interaction results from the different responses of genotypes in 
different environments and is an important source of variability in plant performance. This interaction reduces the correlation between 
genotypic and phenotypic values, introduces bias in heritability estimation and reduces selection efficiency [12]. Therefore, under-
standing the extent of GE interactions is crucial for the development of high-yielding varieties that perform consistently under different 
environments [13].

Various methods have been used to explore and understand genotype-environment (GE) interactions, ranging from simple ANOVA 
to more specialised assessments of genotype performance. These include univariate linear regression models [13] as well as multi-
variate models such as the Additive Main Effects and Multiplicative Interactions (AMMI) model [14] and the Genotype × Genoty-
pe-Environment Interaction (GGE) biplot method [15]. In their study on bread wheat (Triticum aestivum L.), Ahmadi et al. [16] 
emphasized the utility of AMMI and GGE biplots to facilitate visual comparisons and to select optimal genotypes for specific target 
environments. Both AMMI and GGE-biplot analyses are represented by biplots showing genotypic response patterns across different 
environments [15].

Purchase et al. [17] developed the AMMI Stability Value (ASV) based on the IPCA1 and IPCA2 scores of the AMMI model for each 
genotype, which accounts for most of the variation in the GE interaction. Another AMMI statistic is the sum of the absolute values of the 
IPCA scores (SIPC). Genotypes with the lowest ASV and SIPC scores are considered as the most stable. However, approaches that 
incorporate both mean yield and stability into a single criterion are still needed, as the most stable genotypes do not necessarily have 
the best yield performance. In this context, the rank of ASV (RASV) and the mean yield (RY) are combined into a single selection index 
called the genotype selection index (GSI), with the lowest GSI indicating the most stable, high yielding genotype [18].

Effective genotype improvement requires a comprehensive understanding of genetic variation, GE interactions, variance compo-
nents, heritability and the ability to predict genetic progress through selection [19]. Variance component estimation is essential to 
determine the proportion of phenotypic variance attributable to genetic effects (broad-sense heritability) and the proportion of total 
genetic variance attributable to additive genetic effects (narrow-sense heritability). This understanding is crucial for assessing genetic 
progress through selection in segregating populations, which is essential for the development of effective breeding strategies [20].

The selection of plant material that is both ecologically suitable and genetically diverse, particularly those that are native to the 
target environments, is a crucial aspect of any breeding program [21]. Given the significant influence of sowing dates on crop pro-
duction, different bread and durum wheat varieties at eight sowing dates were analyzed in our study. The aim was to determine the 
optimal sowing date for the specific conditions in our region to maximize yield and crop quality. In addition, understanding GE in-
teractions can help breeders achieve this goal while reducing the costs associated with genotype evaluation by avoiding redundant test 
sites [22]. This study represents the first application of the AMMI model and GGE-biplot analysis to investigate the interaction between 
genotype and sowing date in wheat. The aims of this study were: (i) to evaluate genetic variability, estimate variance components and 
assess heritability in terms of grain yield, canopy temperature drop and selected phenological traits over eight sowing dates for wheat 
varieties; (ii) visually assess the adaptability and stability of grain yield in wheat varieties across these eight sowing dates; and (iii) 
identify wheat varieties that exhibit consistent response patterns across all sowing dates while maintaining high grain yield using the 
AMMI model and GGE-biplot analysis.

2. Materials and methods

2.1. Plant materials and field experiments

The genetic material used in this study were consisted of thirteen wheat varieties, including one tetraploid durum wheat variety 
(Triticum turgidum) and twelve bread wheat varieties (T. aestivum) (Supplementary Table S1). The seeds for these varieties were ob-
tained from the gene bank of the Khorasan Razavi Agricultural and Natural Resources Research and Education Centre. The experi-
mental design followed a split-plot arrangement within a randomized complete block design (RCBD) with three replicates. The main 
plots were assigned to eight sowing dates (6th September, 6th October, 6th November, 6th December, 6th January, 6th February, 6th 
March, and 6th April), while the thirteen wheat varieties were allocated to sub-plots over three consecutive growing seasons.

Over the three-year period, each plot comprised four rows, each 300 cm long with a 30 cm row spacing and a within-row spacing of 
10 cm. Cultural practices, including irrigation, weed control and fertilization, were applied throughout the year for each sowing date. 
Weed control was carried out manually, and no chemical herbicides were used during the experiment. Prior to sowing, the seeds were 
treated with a fungicide and no further pest control program was implemented. Soil fertility was maintained by applying 80 kg N/ha 
and 90 kg P/ha before sowing, supplemented by an additional 70 kg N/ha at the early stage of stem elongation.

During the three-year study, comprehensive evaluations were carried out on each plot, assessing traits such as days to double ridge 
(DDR), days to heading (DH), days to physiological maturity (DM), canopy temperature drop (CTD), thousand grain weight (TGW; g) 
and grain yield (GY; g/m2). The average data collected over the three-year period was then used for the analysis.
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2.2. Experimental site

This study was conducted over three years at the Mashhad Agricultural and Natural Resources Research Station in Torqabeh, 
Mashhad, Iran (2◦ 36′ N, 6◦ 59′ E, 1630m amsl). The station is located on silty clay soil with a pH value of 7.8. According to mete-
orological records spanning the last 40 years, the region received an average annual precipitation of 230 mm and had a mean tem-
perature of 14.7 ◦C (www.havairan.com). According to the Koppen climate classification, this region had a tropical and subtropical 
steppe cool climate. Supplementary Table S2 shows the monthly mean values of climate variables recorded at the study site, including 
minimum temperature, maximum temperature, mean temperature, and precipitation.

2.3. Statistical analysis

Before analysis of variance (ANOVA), the normality of the data distribution and the homogeneity of the residual variance were 
tested using the Kolmogorov-Smirnov test and the Bartlett test, respectively. Subsequently, a combined ANOVA was performed using 
PROC MIXED in SAS (SAS Institute, Cary, NC, USA), version 9.4, to examine the differences between genotypes, years, sowing dates 
(environments) and all possible interactions, and also to estimate the variance components. For the combined analysis of data collected 
over three years and eight sowing dates, a split-plot experiment within a randomized complete block design (RCBD) was used, with 
sowing dates as the main plots and genotypes as subplots. The genotype and sowing date were considered as fixed factors, while year 
was considered as a random effect. The mean trait values were compared using the Least Significant Difference (LSD) test at P ≤ 0.05 
[23]. Variance components for the assessed traits were estimated using PROC MIXED in SAS. Broad-sense heritability (h2

b) was 
calculated based on the phenotypic mean basis averaged over replicates, years and environments using equation (1) [24]: 

h2
b =

σ2
g

σ2
g +

σ2
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s +

σ2
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y +
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σ2
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(Eq. 1) 

In the provided equation, h2
b represents the broad-sense heritability; σ2

g denotes to the genotype variance; σ2
gs represents the genotype ×

sowing date variance; σ2
gy signifies the genotype × year variance; σ2

gsy indicates the genotype × sowing date × year variance; σ2
δ and σ2

ϵ 

stand for the error variance and the residual variance, respectively; g, s, y, and r symbolize the number of genotypes, sowing dates, 
years, and replications, respectively. Additionally, the level of genetic variation can be estimated by calculating the phenotypic co-
efficient of variation (PCV) and the genotypic coefficient of variation (GCV) using equations (2) and (3), respectively. 

PCV = (σp / μ) 100                                                                                                                                                            (Eq. 2)

GCV = (σg / μ) 100                                                                                                                                                            (Eq. 3)

In the given context: σp represents the standard deviation of the phenotypic variance; σg denotes to the standard deviation of the 
genotypic variance; and μ signifies the phenotypic mean [25].

2.4. Stability analysis

2.4.1. Regression method
The stability analysis for grain yield was performed using the stability parameters proposed by Eberhart and Russell [26]. These 

stability parameters were included the regression coefficients of the variety means (bi) on the environmental indices (calculated as the 
average of all varieties in each environment) and the mean squares of deviations from regressions (S2

di). These stability parameters were 
calculated according to equations (4) and (5) as follows: 

bi =1 +

∑
j
(
Xij − Xi. − X.j + X‥

)(
X.j − X‥

)

∑
j
(
X.j − X‥

)2 (Eq. 4) 

S2
di =

1
E − 2

[
∑

J

( (
Xij − Xi. − X.j + X‥

))2
− (bi − 1)2( X.j − X‥

)2

]

(Eq. 5) 

In the provided equations: Xij represents the grain yield of variety i in environment (sowing date) j; Xi. denotes to the mean grain yield 
of variety i; X.j signifies the mean grain yield of environment (sowing date) j; X‥ represents the grand mean and E stands for the number 
of environments (sowing dates).

2.4.2. AMMI model analysis
Following the confirmation of a GE interaction, an analysis of adaptability and phenotypic stability was conducted by the AMMI 

method, as outlined by Zobel et al. [14]. The results derived from the AMMI model were subsequently interpreted through AMMI1 and 
AMMI2 biplot analyses. In this evaluation, the main effect of the variety was considered as fixed, while the main effect of the sowing 
date was treated as random.

The AMMI stability value (ASV) was calculated using equation (6) [17]: 
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ASV=
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(IPCA1score)2

+ (IPCA2score)2

√

(Eq. 6) 

where SSIPCA1/SSIPCA2 is the weight given to the IPC1 value by dividing the IPC1 sum of squares on the IPC2 sum of squares and 
IPCA 1 and IPCA 2 scores are the genotypic scores in AMMI model.

The next AMMI statistic is sum of the absolute values of the IPC scores (SIPC) which is calculated by equation (7) [27]: 

SIPC=
∑n

1
|IPCA| (Eq. 7) 

Based on the rank of mean yield of varieties (RYi) across environments (sowing dates) and rank of AMMI stability value (RASVi), a 
selection index called GSI was calculated for each genotype using from equation (8) as follows [18]: 

GSIi =RASVi + RYi (Eq. 8) 

The AMMI analysis for grain yield data was conducted using GEA-R version 4.1 [28].

2.4.3. GGE-biplot analysis
Similar to the AMMI model analysis, after confirming the presence of a significant genotype-environment (GE) interaction, the 

adaptability and stability of grain yield was assessed using GGE biplot analysis as described by Yan [15]. To identify stable and 
adaptable varieties, the GE interaction was analyzed graphically. For this purpose, the first two components resulting from the singular 
value decomposition (SVD) were used to generate the biplots using GEA-R version 4.1, with the remaining principal components 
considered as residuals.

3. Results

3.1. Analysis of variance and genetic analysis

The combined analysis of variance revealed significant differences (P < 0.05) between the sowing dates for all measured traits 
(Table 1). In particular, the effect of genotype was significant for all traits, indicating considerable genotypic variation among the 
selected varieties. Moreover, the genotype-environment (GE) interaction, which accounted for 18.33 % of the total variation in grain 
yield (GY), was highly significant for all traits except for canopy temperature drop (CTD). This pronounced GE interaction emphasizes 
the different responses of the varieties to the different sowing dates. The presence of GE interaction complicates the selection process 
by minimizing the association between genotypic and phenotypic values [29], thus reducing the predictive value of genotypes. 
Therefore, stability analysis is crucial to effectively manage these complex relationships.

Mean comparisons of measured traits among the wheat varieties based on the average of three years showed that Mihan was the 
late maturing variety, followed by Pishgam and Oroom, while Baz and Bezostaya were the early maturing varieties (see Supplementary 
Table S3). The results also showed that the mean grain yield (GY) ranged from 2.78 to 5.11 t/ha. Pishgam, Mihan and Pishtaz exhibited 
the higher yields, with values of 5.11, 5.05 and 4.99 t/ha, respectively; while Behrang had the lowest grain yield (2.78 t/ha). Pishgam 
recorded the highest value of CTD, while Bezostaya had the lowest value for this trait. It is noteworthy that, Pishtaz and Mihan as well 
as Chamran, Sirvan and Oroom showed no significant differences in CTD (Supplementary Table S3).

Table 2 shows the phenotypic and genotypic coefficients of variation (PCV and GCV) for the evaluated traits. PCV ranged from 4.45 
% for days to heading (DH) to 23.50 % for canopy temperature drop (CTD), while GCV ranged from 4.07 % for DH to 19.06 % for CTD. 
Broad-sense heritability estimates and variance components for all measured traits are also shown in Table 2. For days to double ridge 
(DDR) and DH, genotype variance accounted for the largest proportion of phenotypic variance. In contrast, for days to maturity (DM), 
CTD and GY, the interaction of genotype × year had the highest proportion of phenotypic variance. Over the three years and eight 
sowing dates, heritability estimates ranged from 31.39 % for GY to 83.77 % for DH (Table 2).

3.2. Stability analysis

Application of the AMMI model to partition the genotype-environment (GE) interaction yielded significant results, as shown by the 
statistical significance of the first five terms of the AMMI model based on an approximate F-statistic. The AMMI5 model analysis 
explained 99.06 % of the GE sum of squares and effectively partitioned the interaction. Among the identified factors, IPCA1 to IPCA5 
were highly significant, contributing 70.47 %, 20.26 %, 4.34 %, 2.35 %, and 1.64 % of the GE sum of squares, respectively (Table 3). 
These results emphasize the significant differences between sowing dates, varieties, and the interaction effects between sowing date 
and variety revealed by the AMMI analysis. The pronounced influence of sowing date on GE interaction, genetic variability between 
varieties and the potential for selection of stable varieties is evident. The model showed that 72.21 % of the total sum of squares was 
due to environmental effects, while only 6.94 % was due to genotypic effects and 18.33 % to genotype-environment (GE) interaction 
effects (Table 3). The significant environmental effects emphasize the significant differences between sowing dates. In addition, the 
considerable proportion of GE effects compared to G indicates the existence of different mega-environments with various high-yielding 
varieties [30].

Fig. 1 shows the IPCA1 values of the varieties and environments (sowing dates) plotted against the main effects (variety mean and 
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Table 1 
Combined analysis of variance for measured traits in 13 varieties of wheat in eight sowing dates during three years (2012–2014).

Source of variation Year (Y) Replication/Y Sowing date (S) Y × S S × rep/Y Genotype (G) S × G Y × G Y × S × G Error

d.f 2 6 7 14 42 12 24 84 168 576

Traits Mean squares

DDR 2635.40** 102.43n.s 78215.32** 103.80** 3.80n.s 823.03** 7.40** 138.70** 1.76** 0.19
DH 8188.01** 321.00n.s 167938.26** 1193.45** 48.38n.s 2315.32** 134.20** 282.08** 40.60** 2.20
DM 2667.60** 106.63n.s 394291.08** 726.05** 30.70n.s 38321.53** 95.40** 14345.50** 30.40** 1.70
CTD 40.83** 1.70n.s 1243.59** 3.01** 1.31n.s 67.15** 0.84n.s 22.50** 0.38n.s 0.50
GY 16.10n.s 21.03n.s 781.10** 2.75** 0.85n.s 36.60** 10.57** 14.80** 0.26n.s 0.33
TGW 2.40n.s 13.77n.s 10314.73** 86.40n.s 2.80n.s 1113.25** 24.58** 401.17** 15.70** 3.20

n.s: not significant.
d.f, degree of freedom.
CTD, canopy temperature drop; DDR, days to double ridge; DH, days to heading; DM, days to physiological maturity; GY, grain yield; TGW, thousand grain weight.

** show significance at the 0.01 probability level.
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Table 2 
Genetic parameters including variance components, broad-sense heritability (h2

b), phenotypic coefficient of variation (PCV), and genetic coefficient of 
variation (GCV) for measured traits in 13 varieties of wheat in eight sowing dates during 2012–2014.

Traits Variance components h2
b GCV PCV

σ2
g σ2

gy σ2
e σ2

p

DDR 9.43 5.71 0.19 11.93 79.00 4.41 4.96
DH 26.94 10.06 2.20 32.16 83.77 4.07 4.45
DM 332.10 596.46 1.70 532.24 62.39 11.24 14.23
CTD 0.61 0.92 0.50 0.93 65.81 19.06 23.50
GY 0.16 0.61 0.33 0.51 31.39 12.01 16.89
TGW 9.77 16.06 3.20 15.46 63.17 8.88 11.18

σ2
g, genotype variance; σ2

gy, genotype × year variance; σ2
e, error variance; σ2

p, phenotypic variance; h2
b, broad-sense heritability; GCV, genetic coefficient 

of variation; PCV, phenotypic coefficient of variation.
CTD, canopy temperature drop; DDR, days to double ridge; DH, days to heading; DM, days to physiological maturity; GY, grain yield.

Table 3 
Results of additive main effects and multiplicative interaction (AMMI) analysis of variance for grain yield of 13 wheat varieties evaluated at eight 
sowing dates.

Source of variation d.f SS MS Total variation (%)

Total 311 2348.374  
Sowing date (S) 7 1695.752 242.250** 72.21
Variety (V) 12 162.867 13.572** 6.94
S × V 84 430.408 5.124** 18.33

PC1 18 303.328 16.852** 70.47
PC2 16 87.213 5.451** 20.26
PC3 14 18.683 1.335** 4.34
PC4 12 10.098 0.842** 2.35
PC5 10 7.041 0.704** 1.64
PC6 14 4.05 0.290n.s 0.17
PC7 6 1.252 0.209n.s 0.29

Residual 208 59.280 0.285n.s 13.77

n.s: not significant.
d.f, degree of freedom; SS, sum of squares; MS, mean squares; PC, principal component.

** significant at 0.01 probability level.

Fig. 1. AMMI1 biplot with the main effects vs. first principal component axis of interaction (IPCA1) for grain yield of 13 wheat varieties in eight 
sowing dates.
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environment mean). The AMMI biplot captures 92.07 % of the variation, with 6.94 % due to the genotypic sum of squares (GSS), 72.21 
% due to the environmental sum of squares (ESS) and 12.92 % due to IPCA1. According to the AMMI model, genotypes with a high 
mean performance (which is above the average yield) and IPCA values close to zero show general adaptability in different environ-
ments. Conversely, genotypes with high mean yields and elevated IPCA values indicate specific adaptation to certain environments 
[31]. The AMMI1 biplot shows that regardless of the direction of IPCA1 values, a group of varieties, including Mihan, Oroom, Pishgam, 
Pishtaz, and Sirvan consistently achieve high yields with IPCA1 values close to zero (Fig. 1; Supplementary Table S4). Consequently, 
these varieties exhibit high stability and are only minimally affected by genotype-environment interactions. Within this group, Oroom, 
Pishgam and Pishtaz show positive interactions with the September and October sowing dates (environments), while Mihan and Sirvan 
show positive interactions with the remaining sowing dates, as shown by similar signs of their interaction scores [14]. In contrast, 
Bezostaya and Gascogen were identified as the most unstable varieties, with grain yields below the grand mean and the highest IPCA1 
values, but they were identified as specifically adapted to the September sowing date. Rooshan and Behrang, with relatively low IPCA1 
values, are categorized as moderately stable varieties (Fig. 1; Supplementary Table S4).

Among the sowing dates (environments) examined in this study, September and March mostly cotributed to the genotype- 
environment (GE) interaction, as evidenced by their highest IPCA1 values and their positions far from the origin in the AMMI1 
biplot. In contrast, the sowing dates in November, December, April, and October had the lowest IPCA1 values, indicating their minimal 
contribution to the GE interaction (Fig. 1). These sowing dates, characterized by IPCA1 values close to zero and negligible interaction 
effects, proved to be the most stable, indicating that all varieties performed well under these specific sowing dates.

Fig. 2 presents the AMMI-2 biplot illustrating the IPCA1 and IPCA2 for grain yield. This biplot compares the relative magnitude and 
sign of the GE interaction for each genotype and environment. Genotypes and environments close to the origin are considered as the 
most stable, indicating minimal contribution to the GE interaction, while those positioned farther from the origin are considered as 
unstable and show significant interaction. The AMMI2 biplot accounted for 90.73 % of the total sum of squares of the GE interaction for 
grain yield (Fig. 2). The results show that varieties such as Behrang, Chamran, Falat, Mihan, Oroom, Pishgam, Pishtaz, and Sirvan are 
clustered near the origin of the biplot, indicating their stability. Among these varieties, Mihan, Oroom and Pishgam showed partic-
ularly stable performance. In contrast, Gascogen, Bezostaya and Rooshan were far from the origin and exhibited a highly interactive 
behavior that classified them as unstable and specifically adapted to the September sowing date (Fig. 2).

The Average Environment Coordination (AEC) method (Fig. 3) graphically represents the average grain yield and stability of the 
varieties. In this biplot, the single arrow line passing through the origin of the biplot and the average environment marker and 
extending to higher values denotes to the AEC abscissa. The projections of the varieties onto this AEC abscissa correspond approxi-
mately to their mean grain yield, with longer projections indicating less stability [15]. As shown in Fig. 3, the varieties are divided into 
two groups. The first group, which has above-average performance, includes Mihan, Pishgam, Pishtaz, Parsi, Oroom, Chamran, Falat, 
and Baz. The order of their stability, from the most stable to the least stable, is as follows: Pishtaz, Mihan, Parsi, Oroom, Chamran, 
Falat, Baz, and Pishgam. The second group, consisting of Sirvan, Gascogen, Rooshan, Bezostaya, and Behrang, had below-average 
performance. An ideal variety would combine high average performance with absolute stability in a wide range of environments 
[32]. Consequently, Pishtaz, Mihan and Oroom are identified as the most stable and relatively high-yielding varieties, which makes 
them the most favorable varieties (Fig. 3).

Fig. 4 shows a polygon view of the GGE biplot, illustrating the ‘‘which-won-where’’ pattern of interaction between the varieties and 
the sowing dates. In this biplot, the varieties located at the vertices of the polygon (i.e. Behrang, Bezostaya, Gascogen, Pishgam, Parsi, 
and Baz) are either the best or the worst at one or more sowing dates, based on their maximum distance from the origin in their 

Fig. 2. AMMI 2 biplot (IPCA1 vs. IPCA2) for grain yield of 13 wheat varieties evaluated at eight sowing dates.
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respective directions, and are therefore considered to be specifically adapted. As shown in Fig. 4, Gascogen produced the highest yield 
on 6th September, Pishgam on 6th October, Parsi on 6th January, 6th February and 6th March and Baz on 6th April. The two apex 
varieties of Behrang and Bezostaya did not achieve the highest yield on any of the sowing dates and therefore were the poorest 
performing varieties on all or some sowing dates (Fig. 4).

The results of the regression stability parameters (bi, S2
di) (Table 4) showed the variability of the studied wheat varieties in terms of 

stability. Their bi values ranged from 0.629 to 1.377 (Rooshan and Oroom, respectively). For the standard deviation of the regression 
(S2

di), the varieties showed a wide range of values, with S2
di ranging from 0.179 to 5.508 (Rooshan and Gascogen, respectively).

4. Discussion

In order to meet the food demand of growing world population, a significant increase in agricultural production is essential. Given 
the central role of wheat as a staple food for the growing world population, understanding the contributions of genetic factors, 
environmental conditions and genotype-environment interactions is crucial for effective wheat breeding. In this study, significant 
genetic variability was observed among wheat varieties for all measured traits, indicating a considerable genetic potential for trait 
improvement through targeted selection in breeding programs. The pronounced genotype-environment (GE) interaction shows 

Fig. 3. GGE biplot showing the ranking of wheat varieties based on grain yield and stability.

Fig. 4. ‘Polygon’ view of the GGE biplot to show which variety of wheat performed better in which sowing date in terms of grain yield.
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considerable differences in the performance of the varieties across the eight sowing dates and facilitates a robust assessment of 
phenotypic stability in the subsequent analyses. It is noteworthy that the GE effect was significantly larger and almost three times 
greater than the genotype (G) effect of the total variation, which suggested the possible existence of different mega-environments with 
different top-yielding varieties and indicated the need for stability analysis [32].

In addition, the study showed considerable genetic variation in all assessed traits, indicating significant potential for genetic 
improvement through selection within the studied germplasm. The relatively low difference between the phenotypic coefficient of 
variation (PCV) and the genotypic coefficient of variation (GCV) indicates a greater potential gain through selection, as this indicates a 
lower environmental influence and higher heritability. In this context, smaller differences between these coefficients were observed for 
traits such as days to double ridge (DDR) and days to heading (DH), suggesting that selection for these traits could lead to significant 
improvements. These results were in agreement with the findings of Saeidnia et al. [33] in wheat, who reported lower differences 
between PCV and GCV for phenological traits compared to yield and its components.

The estimation of heritability, which quantifies the genetic variance in relation to the total phenotypic variance, is of utmost 
importance for crop improvement. It facilitates the evaluation of environmental and genetic influences on trait expression and helps to 
determine the selection efficiency for the development and implementation of breeding programs [13,34]. In this study, high heri-
tability estimates were observed for all traits except for grain yield, indicating the presence of important genes or quantitative trait loci 
(QTLs) influencing these traits. Traits with high heritability can be effectively improved by recurrent or mass selection [35]. These 
results are consistent with the previous studies in wheat (e.g. Ref. [36]), which identified major QTLs affecting agronomic traits. 
Despite its economic importance, grain yield showed low heritability, which is a challenge for phenotypic selection. In such cases, 
indirect selection for traits with high heritability and strong correlations with grain yield can be an advantageous alternative [37]. 
Numerous studies have investigated the heritability of important economic traits affecting wheat yield (e.g. Ref. [38]), contributing to 
a deeper understanding of trait inheritance in wheat breeding programs.

Accurate estimation of the magnitude and relative proportions of the different components of genetic variance is essential for 
understanding the underlying gene actions that control the traits of interest. This knowledge forms the basis for devising targeted 
breeding strategies to effectively improve the desired traits. However, the interaction between genotype and environment remains a 
major challenge for plant breeders, geneticists and agronomists in performance testing, as biases in the estimation of variance com-
ponents can lead to flawed breeding methods and hinders variety development [39]. Plant breeding researchers are constantly 
searching for genotypes with high yield potential and minimized GE interactions. Evaluation of genotypes in different environments is 
crucial for the accurate assessment of their performance. Hassani et al. [40] have shown that performing GE analyses improves the 
selection of genotypes suitable for specific target environments.

According to the methodology proposed by Eberhart and Russell [26], a genotype is considered stable if it has a high yield, a 
regression coefficient close to one and a minimum deviation from the regression. The stability analysis using the regression approach 
showed that certain varieties had stable grain production, while others were only productive at certain sowing dates. It is noteworthy 
that some varieties had regression coefficients close to 1, indicating high stability. Pishtaz, for example, had a regression coefficient of 
approximately 1.0, combined with a low S2

di value, indicating high adaptability across the eight sowing dates. Although regression 
approaches provide valuable insights into the stability of individual genotypes, a major limitation is that they cannot provide a 
comprehensive representation of the overall response pattern [41]. This limitation arises from the fact that the responses of genotypes 
to changing environmental conditions are inherently multivariate, whereas stability parameters often remain univariate [29].

Among the various statistical methods developed for analyzing GE interactions, the AMMI model is particularly effective in the 
capturing of substantial proportion of GE sums of squares [6]. The AMMI model is widely recognized for its efficiency and has been 
successfully used to describe GE interactions in several crops, including wheat [16,42], barley [43], and lupine [44]. In this study, we 
used this multivariate technique to evaluate the stability of grain yield of wheat varieties across eight sowing dates.

AMMI analysis revealed that environmental factors were the main source of variability and significantly affected grain yield. The 

Table 4 
Regression method parameters and AMMI-based stability parameters for grain yield of 13 wheat varieties grown in eight sowing dates.

Varity name Regression method parameters AMMI- based parameters

bi S2
di ASV SIPC GSI

Pishgam 1.294 1.035 6.35 2.42 14.00
Gascogen 1.075 5.508 9.19 3.41 21.00
Falat 0.907 0.718 22.02 4.30 8.00
Chamran 0.967 0.803 19.59 4.44 13.00
Rooshan 0.628 0.179 17.15 5.73 17.00
Parsi 1.049 1.695 22.73 5.82 6.00
Pishtaz 1.077 0.486 15.74 3.83 12.00
Sirvan 0.744 0.371 17.07 4.01 13.00
Mihan 1.365 0.339 16.90 2.99 10.00
Oroom 1.377 0.479 7.53 2.54 21.00
Bezostaya 0.972 3.871 10.67 4.05 22.00
Behrang 0.650 0.518 20.63 5.38 17.00
Baz 0.896 1.626 25.23 4.45 8.00

ASV: AMMI stability value; SIPC: sum of the absolute values of IPC scores; GSI: genotype selection index.
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significant contribution of GE interaction to the total sum of squares emphasizes the considerable variation in wheat genotypic 
response across sowing dates [45], justifying an estimate of phenotypic stability. Using the AMMI model, we partitioned the GE in-
teractions into interaction principal components (IPCA) and noise. Principal component analysis revealed that the first five IPCAs 
accounted for the majority of GE sums of squares, which is consistent with the results of Dehghani et al. [31]. However, this is in 
contrast to the recommendations of Yan and Rajcan [46], who argued in favor of using the first two IPCAs to predict the most accurate 
AMMI model. These results show that determining the optimal number of terms for an AMMI model requires a thorough predictive 
assessment [30]. Factors like the type of crop, germplasm diversity and environmental conditions contribute to the complexity of the 
optimal predictive model [32]. IPCA1 reflects the non-crossover interactions, while IPCA2 considers the crossover interactions. This 
means that varieties with high IPCA1 values, such as Gascogen, Bezostaya and Baz, show greater non-crossover interactions with the 
environments (sowing dates), while varieties with higher IPCA2 values, such as Rooshan, Oroom, and Mihan, show more pronounced 
crossover interactions.

Differences in stability and adaptability to environments can be qualitatively assessed using the biplot graphical representation that 
scatters the genotypes according to their principal component values [47]. In addition, the AMMI1 biplot provides valuable insights 
into the patterns of GE interaction. Pattern analysis within the AMMI model facilitates the grouping of genotypes and environments 
that show similar responses [31]. The results of the AMMI2 biplot analysis divided the wheat varieties into four distinct groups. The 
first group, consisting of Chamran, Falat, Mihan, Pishgam, Pishtaz, Oroom, and Sirvan, showed high demand due to their relatively 
high yield and stability, with Mihan, Oroom, and Pishgam showing higher stability within this group. The second group, characterized 
by high yield but low stability, includes Baz and Parsi, while the third group compromises Behrang and Rooshan, which have low yield 
but moderate stability. The fourth group, represented by Gascogen and Bezostaya, showed a relatively low yield and low stability. The 
AMMI2 biplot results showed that only three varieties, namely Mihan, Oroom, and Pishgam, had above-average yields and general 
adaptability, as indicated by their IPCA scores close to zero. In general, environments with scores close to zero have minimal inter-
action with genotypes and provide limited discrimination [48]. Consistent with this observation, the environments in November, 
December, April, and October had lower scores and contributed less to the overall GE interaction.

The estimates of three AMMI-based stability parameters for grain yield of wheat varieties are shown in Table 4. Among the varieties 
with the lowest ASV values, Pishgam, Oroom, Mihan, and Pishtaz had mean grain yields above the overall mean, characterizing them 
as the most stable varieties. Based on the SIPC score, varieties Pishgam, Oroom, Mihan, and Pishtaz, which exhibited suitable grain 
yields, were also identified as the most stable. Conversely, the varieties Parsi, Behrang, and Baz had the highest ASV and SIPC values 
for grain yield. These findings are consistent with the results of the biplot analysis. The genotype selection index (GSI) identified 
Mihan, Pishtaz, and Pishgam as possessing general adaptation (stable variety) and high grain yield.

As the AEC abscissa approximates the contributions of genotypes to G, the AEC ordinate must approximate the genotype contri-
butions to GE, offering a measure of stability or instability [15]. In this respect, Pishtaz, Mihan, and Oroom (the varieties exhibiting 
high grain yield) were also the most stable varieties, demonstrating consistent ranks across all sowing dates. In contrast, Gascogen, one 
of the high-yielding varieties, followed by Behrang, Bezostaya, and Pishgam, exhibited the least stability and tended to be specifically 
adapted to certain sowing dates. The varieties of Pishtaz, Mihan, and Oroom, which showed above-average performance, exhibited 
superior performance across all sowing dates, emphasizing their potential for stable performance across different sowing dates. In 
contrast, other varieties such as Pishgam, Chamran, Falat, and Baz, which had high yield but low stability, are more suitable for specific 
sowing dates.

According to the GGE biplot, an ideal genotype should have the highest mean performance and absolute stability and demonstrate 
broad adaptability across a wide range of environments [32]. In this context, Pishtaz was identified as the ideal variety, while Mihan, 
Parsi, Pishgam, and Oroom were considered as the most desirable varieties, because they were closest to the ideal genotype. Among 
these five varieties, Pishgam, Mihan, and Oroom, which had above-average performance, were close to the AEC abscissa and had short 
projections on the AEC ordinate. These varieties could be considered as the most stable and optimal ones.

5. Conclusions

In summary, considerable and significant differences observed among wheat varieties for the studied traits highlight the substantial 
genetic diversity within this germplasm. This variation indicates that it is possible to find the most desirable varieties for each sowing 
date with high stability and performance using targeted selection and stability analysis methods. The remarkably low broad-sense 
heritability for grain yield, reflects the influence of both genetic and non-genetic factors on the genetic control of this trait. Conse-
quently, in breeding programs for wheat, selection based on an index would be more effective for improvement of grain yield. In 
addition, the important role of genotype-environment interactions requires the selection of superior varieties through multi- 
environment trials to improve their performance under different conditions. Although it has been revealed that the GGE biplot 
method is more efficient than the AMMI model in evaluating GEI, our results showed a high overlap between the results of these two 
methods. From analysis of GEI in wheat varieties, high-yielding and stable varieties were identified. Both AMMI and GGE biplot 
analyses consistently identified Mihan, Oroom, and Pishgam as high yielding and stable varieties. To validate and extend the results of 
this study, future research should focus on conducting AMMI and GGE biplot analyses at different locations and over several years. 
Such multi-environment studies would allow to provide a deeper understanding of genotype-environment interactions and their 
impact on wheat breeding. In addition, using from the varieties of Mihan, Oroom and Pishgam with high yield and stable performance 
across different sowing dates could be recommended for mapping studies in order to identify loci associated with productivity and 
yield stability.
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