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Abstract: Understanding the genotype x environment (GE) interaction for traget trait is valuable for growers, 

agronomists, breeders and the seed industry. The objective of this study was to see and explore the genotype 

x environment interaction for grain yield of wheat to better guide genotype selection and breeding. The 

genotype main effect and GE interaction effect (GGE) biplots resolved the following three genotypes: 85 

(ETW17-377), 82 (ETW17-374) and 13 (ETW17-281) for being the best yielding and stable. The Kulumsa site 

planted on 4th of July 2017 (environment 7=E7) and the DebreZeit site on 20th of July 2017 (E3) were the most 

effective environments in distinguishing the test genotypes and are thus suitable environments for future 

evaluation and selection with specific adaptation. Melkasa site planted on 4th July (E9) was a representative 

environment where genotypes can be evaluated for wide adpaptation. The genetic covariate biplot indicated 

that thousand kernel weight (TKW) and plant height (PH) had significant positive associations with grain yield 

implying the possible concurrent indirect selection of both traits for exploiting GE interaction for grain yield of 

wheat. 

Keywords: biplot method; covariate traits; genotype x environment interaction; grain yield; Triticum 

aestivum; indirect selection 

 

1. Introduction  

Wheat (Triticum aestivum L., AABBDD, 2n = 6x = 42) is among the most widely cultivated cereal 

crop in the world including maize (Zea mays L.) and rice (Oryza sativa L.) [1]. Globally, China (with 

>115 million tons per annum) is the largest producer of wheat, followed by India (>82 million tons), 

the Russian Federation (>53 million tons), the USA (>50 million tons), France (>36 million tons), 

Canada (>26 million tons), Germany (>22 million tons), Pakistan (>22 million tons), Australia (>21 

million tons) and Ukraine (>19 million tons) [2]. Wheat has C3 photosynthesis but adapts to growing 

under diverse agroecological conditions [3]. Ethiopia is the largest wheat producer in sub-Saharan 

Africa [4], with rising production areas of 1.7 million hectares in 2018 to 2.3 million in 2022. Wheat 

production has increased from 483 million tons in 2018 to 7 million tons in 2022 [2]. The national 

government has been spearheading local production and productivity of wheat through a dedicated 

extension system, expansion of irrigated wheat production to lowlands and clustered farming. 

Currently, wheat yields has increased on average from 1.8 tons ha-1 to 3 tons ha-1.  

Global productivity of wheat has been threatened by several stresses such as biotic (e.g., rust 

diseases and insect pests), abiotic (e.g., recurrent drought, heat, cold and aluminium toxicity) and 

socio-economic constraints (e.g., limited access and affordability to production inputs) [5]. In sub-

Saharan Africa, wheat is mainly cultivated under rainfed and drought-prone conditions. In these 

environments, the crop is affected by random and recurrent drought and heat stresses associated 

with climate change [5-7]. In Eastern Africa, 50-70% of crop yield is expected to decline due to climate 

change [8]. Climate-smart and stable-yielding improved cultivars and modern production 
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technologies can bolster global wheat production and productivity under the changing climate 

conditions [5].  

Well-characterized germplasm breeding populations are valuable genetic resources as a source 

of genetic variation for new and pipeline breeding programs [9,10]. Diverse wheat germplasm has 

previously been evaluated under varied environmental conditions by manipulating the sowing date 

[11]. However, genotype x environment interaction for target trait such as grain yield has not been 

studied. In this regard, multi-environment trials (MET) such as this are commonly studied to select 

and recommend genotypes suitable for target growing conditions with specific or broad adaptation. 

Understanding the GE interaction for grain yield is valuable for growers, agronomists, breeders and 

the seed industry. Several statistical methods are used to assess GE effects in crop improvement 

programs [12-16]. The most commonly applied methods are the Additive Main Effects and 

Multiplicative Interaction (AMMI) and the genotype main effect and GE interaction effect (GGE) 

models [17]. However, integrating biplot analysis system helps to realize and explore GE interaction 

for target trait such as grain yield [18]. The objective of this study was therefore to assess and explore 

the genotype x environment interaction for grain yield of wheat to better guide genotype selection 

and breeding. 

2. Materials and methods 

The present study used the dataset of one hundred and twenty bread wheat genotypes that were 

genotypically evaluated in 2017 at five locations, namely, AlemTena, DebreZeit, Dera, Kulumsa and 

Melkasa, using two planting dates following the onset of the main rainy season at each location, 

resulting in a total of 10 test environments (5 locations x 2 planting dates). The two planting dates 

represented two different moisture levels; early/optimum planting time corresponds to non-stressed, 

while late planting was drought-stressed. The non-stressed trial was planted on 14th (E1), 20th (E3), 

5th (E5),4th (E7) and 16th (E9) of July 2017 at AlemTena, DebreZeit, Dera, Kulumsa and Melkasa, 

respectively, whereas the drought-stressed trial was planted on 13th (E2), 20th (E4), 3rd (E6),2nd (E8), 

and 15th (E10) of August 2017 at each location, in that order. Data on grain yield and yield related 

traits were collected at various stages of the crop cycle. Detailed of the experiment can be found in 

Semahegn et al. [11]. 

Data Analysis 

A pooled analysis of variance was conducted using the GLM procedure in SAS version 9.3 (SAS 

Institute, Cary, NC, USA). The biplots were generated using the model for a GGE biplot based on 

singular value decomposition (SVD) of two-way data containing G and GE. The genotype x trait 

biplot was also produced using the same model, except that environments are replaced with traits, 

and it is based on the SVD of the trait-standardized dataset. The model is: 

𝑌𝑖𝑗 = 𝜇 +  𝛿𝑗 + ∑ λ𝑘

𝑡

𝑘=1
α𝑖𝑘γ𝑗𝑘 + 𝜀𝑖𝑗 

where Yij is the mean of the ith genotype in the jth environment; μ is the overall mean; ẟ is the effect of 

jth environment; t= the rank of the biplot (number of PC required, with t= min (g, e-1) for the full GGE 

model; λk ‘s (λk ≥ λk+1) are singular values that are partitioned into the singular vectors for genotypes 

(αik) and for environments (γjk) to approximate the dataset for biplot construction. ԑij is the residual 

error assumed NID (0, σ2/r), where r is the number of replications with in an environment.  

A covariate–effect biplot was produced using a dataset of a two-way table of 120 rows for the 

genotypes and 7 columns for the explanatory traits plus 10 columns for the yield data in each 

environment. A 7 by 10 trait x environment two-way genetic covariable effects table was created 

based on the correlation coefficients between yield and the genetic values of each trait (data not 

shown). The two-way data was then decomposed into principal components through SVD, and the 

principal components were used to construct a biplot to visualize the covariate effect [18]. The model 

used was: 
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𝑟𝑖𝑗 = ∑ λ𝑘

𝑡

𝑘=1
α𝑖𝑘γ𝑗𝑘 +  𝜀𝑖𝑗 

where rij is the correlation coefficient between yield and trait i in environment j, the other terms are 

the same as the above, except the genotype replaced with the trait. Detailed of the above models can 

be found in [17-19]. All the biplots were constructed using GEA-R software.  

3. Result 

3.1. Analysis of Variance 

Pooled analysis of variance showed that environment, genotype and environment X genotype 

effects were significant (p < 0.0001) for grain yield of the tested genotypes (Table 1). Environment 

explained 85.2% of the total variation in the data while genotype and GE attributed to 1.5 and 6.1% 

of the variation, respectively. The tested genotypes had an overall mean of 3.8 tons ha-1.  

Table 1. Pooled analysis of variance for grain yield of 120 genotypes tested across 10 test 

environments in 2017. 

Source DF Mean Square % SST 

Environment (E) 9 3094.09*** 85.2 

Replication(E) 10 12.31*** 0.38 

Block(E*Replication) 180 2.50*** 1.38 

Genotype (G) 119 4.17*** 1.52 

GE interaction  1071 1.87*** 6.14 

Error 1008 1.31 4.04 

Trial statistics     

Mean  3.79   

LSD 0.71   

CV (%) 30.2   

R2 0.96    

DF-degree of freedom; %SST-percentage relative to the sum of squares total; LSD-least significant difference; 

CV-coefficient of variation; R2-coefficient of determination. 

3.2. Test Environment  

The GGE biplot based on the 120-genotype x 10-environment yield dataset is depicted in Figure 

1. Environment-focused singular value partitioning allows visualization of the relationships among 

environments. In this figure, the environment-vector view of the GGE biplot explained about 67% of 

the total variation of the environment–centred dataset. Environment vectors were drawn from the 

biplot origin (0, 0), indicating the test environments. The correlation between the environments were 

estimated using the cosine of the angle between their vectors. The Kulumsa site planted on 4th July 

(E7) and the same site planted on 2nd August (E8) had an acute angle and were positively correlated. 

E7 and the Dera site planted on 5th July (E5) had an obtuse angle and were negatively correlated, 

while E7 and the DebreZeit site planted on 20th July (E3) had minimal relation (with a right angle). 

Among the ten test environments, E7 was the most discriminating, followed by E3, E8 and E5. The 

AlemTena site planted on 13th August (E2) and the Dera site planted on 3rd August (E6) were the 

least discriminating in selecting the best genotype. Therefore, only E3, E5, E7, E8 and the Melkasa site 

planted on 16th July (E9) were the best environments for further genotype evaluation and analysis.  

The ideal test environment should be the most discriminating/informative and representative of 

the target environment. The average-environment axis is a single-arrowed line that passes through 

the biplot origin (0,0) and the average environment (Figure 2). This biplot explained 74.4% of the total 

variation. E9 was close to the average environment and can be considered as most representative. 

The ideal test environment is the centre of the concentric circles in this figure. It is a point on the AEA 

(“most representative”) with a distance to the biplot origin equal to the longest vector of all 
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environments (“most informative”). E7 and E8 were found to be relatively close to the ideal 

environment. 

 

Figure 1. Relationship among test environments in discriminating the genotypes using the 

environment-vector view of the GGE biplot based on an environment-centered (Centering = 2) 

genotype x environment dataset without any scaling (scaling = 0), and it is environment-metric 

preserving (SVP = 2). 
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Figure 2. Ranking environments based on both discriminating ability and representativeness using 

the environment-vector view of the GGE biplot based on an environment-centered (Centering = 2) 

genotype x environment dataset without any scaling (scaling = 0), and it is environment-metric 

preserving (SVP = 2). 

3.3. Genotype Stability 

An ideal genotype should have high mean performance and stability across environments. 

Figure 3 depicts an “ideal” genotype (the centre of the concentric circles) to be a point on the average 

environment axis (AEA) (“absolutely stable”) and has a vector length equal to the longest vectors of 

the genotypes on the side of the AEA (“highest mean performance”). Therefore, genotypes closer to 

the ‘ideal genotype’ are more desirable than others. Based on this biplot view, genotypes designated 

as 85 (named as ETW17-377), 82 (ETW17-374) and 13 (ETW17-281) were the highest-yielding and 

stable, while 60 (ETW17-350), 77 (ETW17-368) and 119 (Dereselegn) were the lowest yielding and 

unstable. Genotype 90 (ETW17-383) was one of the most unstable, though it is high-yielding (4.83 

tons ha-1).  

The which-won-where GGE biplot in Figure 4 shows the winning genotypes on the vertices of 

the polygon and genotypes insensitive to changes in the environment in the polygon close to the 

origin of the biplot. The five environments fall into three sectors where genotypes 2 (ETW17-269) and 

36 (ETW17-306) were the winner at Kulumsa site planted on 4th July (E7) and at the same site planted 

on 2nd August (E8) while genotypes 13 (ETW17-281) and 90 (ETW17-383) were the winner at 

DebreZeit site planted on 20th July (E3) and 118 (Ogolcho) was the winner at Dera site planted on 4th 

July (E5).  
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Figure 3. Ranking genotypes relative to an ideal genotype (the center of the concentric circles) using 

the average-environment coordination view (AEC) of the GGE biplot based on an environment-

centered (Centering = 2) genotype x environment dataset without any scaling (scaling = 0), and it is 

genotype-metric preserving (SVP = 1). Genotypes coded as YS-1, YS-2… in the prevous study [11] 

designated here as 1,2…,respectively. 
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Figure 4. The “which-won-where” view of the GGE biplot based on an environment-centered 

(Centering = 2) genotype x environment dataset without any scaling (scaling = 0), and it is 

environment-metric preserving (SVP = 2). 

3.4. Genotype by Trait Analysis 

Figure 5 represents the genotype x trait biplot that explained 64.4% of the total variation of the 

trait-centred genotype x trait two-way table. This biplot approximately displays the genetic 

correlations among the traits. The seven traits fell into three groups. TKW and PH constitute one 

group with positive associations among them. DH, MD, SS and KS constitute another group. These 

two groups were found to be negatively correlated; this relationship suggests that it is possible to 

identify and develop early maturing and high-yielding varieties by considering TKW and PH 

simultaneously in a breeding program. SL is intermediate between the two groups of traits. 
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Figure 5. Genotype by trait biplot showing the genetic correlations among seven traits across genotypes using 

the trait-vector view of the GGE biplot based on a trait-centered (Centering = 2) genotype x trait 

dataset with scaling (scaling = 1), and it is trait-metric preserving (SVP = 2). DM-days to maturity; PH-

plant height (cm); SL-spike length (cm); SS-number of spikelet per spike; KS-number of kernel per 

spike; TKW-thousand kernel weight. 

3.5. Genetic Covariate by Environment 

The covariate x environment biplot is shown in Figure 6. This biplot explained 48.8% of the total 

variation of the covariate-centred dataset. All traits except KS had stronger associations with grain 

yield (longer vectors). TKW and PH had consistently positive associations with yield, as evidenced 

by the acute angles between the vectors of these traits and the vectors of all environments except E5. 

Conversly, DH and MD showed consistently negative associations with yield, supported by the 

obtuse angles between their vectors and the vectors of all environments except E5.  
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Figure 6. A genetic covariate by environment view using the GGE biplot based on a covariate-

centered (Centering = 2) covariate x environment dataset with scaling (scaling = 1), and it is covariate-

metric preserving (SVP = 1). 

4. Discussion 

4.1. Analysis of Variance 

The selection of superior genotypes for a target population of environments can be enanced 

through the proper utilization of GE. The proportion of GE was higher than G which may imply for 

possible existence of different mega-environments in testing environments [20,21]. Environment 

component normally accounts for 80% of the total variation and G and GE each accounts for about 

10% of the total variation [22]. In this dataset, the analysis of variance revealed 85.2% of contribution 

to the total variation. The G and GE together accounted for 7.6% of the total variability.  

4.2. Best Environments for Genotype Evaluation 

The relationship among the test environments is inferred through the environment-vector view 

of the biplot with the cosine of the angles between two vectors estimating their correlation [18]. This 

analysis showed that the test environments are closely related except E7 and E8. Among the test 

environments, the Kulumsa site planted on 4th July (E7) was the most discriminating, followed by 

the DebreZeit site planted on 20th July (E3), the Kulumsa site planted on 2nd August (E8) and the 

Dera site planted on 5th July (E5). No environment was found perfectly aligned to the ideal 

environment; however, E7 and E8 were relatively close to the ideal environment. These environments 

are valuable to distinguish the test genotypes and for future evaluation and selection with specific 

adaptation [18]. The Melkasa site planted on 4th July (E9) was a representative environment where 

genotypes can be evaluated for wide environments. E7 and E3/E5 are vital to select wheat genotypes 

adapted to specific environments, given that the target environments can be divided into mega-
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environments. Several authors reported alike in different crops [23-26]. This will minimize breeding 

costs and maximise gain through better seed production. However, additional years are required to 

provide plausible conclusions. In sub-Saharan Africa, including Ethiopia, rainfall and temperature 

vary considerably across years. This study allowed genotype selection to be necessary in focused 

environments and thus reduced breeding cost.  

4.3. Yield Stability 

Changes in the environment may cause differential genotype response, which inturn result in 

inconsistent performance i.e., genotype x environment interaction [27]. The effect of GE can thus 

confound the selection of superior genotypes for a target population and environment. Conversely, 

this scenario helps identify broadly adapted and locally adapted genotypes [28]. High-yielding and 

stable performance of genotypes are desirable goals of plant breeding to attain sustainability in the 

food system [29]. GGE biplot is a vital tool to analyse MET data and detect the GE pattern [18,30]. 

Genotypes 85 (ETW17-377), 82 (ETW17-374) and 13 (ETW17-281) were found to be high-yielding and 

stable, while 90 (ETW17-383) was the most high-yielding but unstable genotype. Genotypes with both 

high performance and stability across test environments contribute to the success of breeding in 

reducing the impact of GE, thereby developing cultivars that perform better in drought stress and 

non-stress conditions [29]. Similary genotypes were differenciated based on their yield performance 

and stability in different crops, including bread wheat [24], durum wheat [26], sorghum [25] and oat 

[31]. The which-won-where view of the GGE biplot showed which genotypes performed best in 

which environments. According to this biplot, most genotypes placed close to the center, indicating 

stable performance of the genotypes across the selected test environments [18]. The selected five 

environments fall into three sectors where genotype 2 (ETW17-269) and 36 (ETW17-306) were the 

winner genotypes at Kulumsa site planted on 4th July (E7) and at the same site planted on 2nd August 

(E8) while 13 (ETW17-281) and 90 (ETW17-383) were the winner at the DebreZeit site planted on 20th 

July (E3) and 118 (Check released cultivar “Ogolcho”) was the winner genotype at the Dera site 

planted on 5th July (E5). This pattern suggests that the target environment may consist of three mega-

environments and that different cultivars should be selected and deployed for each. However, a 

representative set of environments across years is required to see reliable classification of mega-

environments [32]. 

4.4. Traits Relationships 

Yield component traits are governed by different genes, resulting in variation of genotype 

stability [21]. The genotype x trait biplot estimates the genetic correlations among the traits [17]. In 

this analysis, trait relationships showed that TKW and PH as important indirect selection criteria for 

identifying and developing early maturing and high-yielding varieties (Figure 5). This result 

corroborated the correlation and path analyses made on the same genotypes that revealed TKW and 

PH as the most yield contributing traits under drought and non-stress environmental regimes [33]. 

The effect of TKW on grain yield performance of the genotypes conforms with the result reported by 

Annicchiarico and Pecetti [34]. Plant height is a farmer-prefered trait along with the grain yield in 

sorghum [25]. Similarly, plant height was reported as an important trait contributing to yield in maize 

under drought stress [35]. Another interesting feature of a graphical view of the biplot, a genetic 

covariate by environment biplot enables interpretation of G and GE of the target trait, such as grain 

yield in terms of covariate by environment interactions, where other traits are considered as 

explanatory traits or covariates [32]. Based on this analysis, selection for larger TKW and earliness 

may lead to increased yield in all environments except in the Dera site planted on 5th July (E5). The 

outcomes of the biplots are in conformity with Badu-Apraku et al. [35], who reported ear aspect, plant 

aspect and Striga damage as the most reliable traits for indirect selection for improved grain yield 

under Striga infestation in maize. TKW and PH constitute one group of traits (had acute angle) with 

similar effects on yield. DH, MD, KS and SS constitute another group. The effects of the two groups 

were opposite, as indicated by the obtuse angles between them. This trait association could result 
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from the genetic correlation among traits for which indirect selection can be devised to explore the 

GE interaction for grain yield [18]. 

5. Conclusions 

The study assessed the how to utilize GE interaction of target trait. Based on the GGE biplot 

analysis, genotypes 85 (ETW17-377), 82 (ETW17-374) and 13 (ETW17-281) are the best yielding and 

stable. The Kulumsa site planted on 4th of July 2017 (environment 7=E7) and the DebreZeit site on 

20th of July 2017 (E3) corresponding to early or optimum plantings, were the most effective 

environments in distinguishing genotypes and can thus be suitable environments for future 

evaluation and selection with specific adaptation. The Melkasa site planted on 4th July (E9) was a 

representative environment where genotypes can be evaluated for wide adaptation. TKW and PH 

are essential traits for indirect selection to exploit the GE interaction for grain yield of bread wheat. 

However, there is a need to include data sets across years and further statistical tests to validate the 

current results and make reliable inferences. 
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