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ABSTRACT: Twenty-two bread wheat varieties were tested at six locations of eastern Amhara region. The experiment 
was laid-out using Randomized Complete Block (RCB) design and replicated three times with the objective of estimating 
the magnitude of Genotype by Environment (GE) interactions for grain yield and stability of bread wheat genotypes. 
Individual environment and combined analysis of variance were carried out using Genstat software 18th edition and Least 
Significant Difference (LSD) was employed to separate means. Combined ANOVA for grain yield showed significant 
difference among genotypes, environments, and GE interactions. Genotypes G1, G9 and G16 out-smarted in grain yield, 
providing mean grain yield of 3.60, 3.56, and 3.55 tha-1, respectively. The stability was measured by AMMI and GGE 
biplot. AMMI-1 select most adapted genotypes such as G9 and G16 for E3 and G17 for E1. G12, G6, G3, G19, G7 and 
G11 genotypes were suitable for all environments. AMMI-2 biplot showed E1, E5 and E6 contributed large interaction 
effects while E2, E3 and E4 contributed small interaction effects. GGE biplot identify G9, G16 and G19 for E1, E3, E6 and 
E5 and G17, G21, G14 and G15 for E1 and E4. G6, G12 and G1 genotypes were good for all environments. Thus, due 
attention should be given while selecting bread wheat genotypes for the target environments. 
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INTRODUCTION 
 
Amhara National Regional State (ANRS) is one of the 
major wheat growing regions of Ethiopia which shared 
about 32.8% (545,106.1 ha.) and 28.96% (1.22 million 
tons) of the total wheat growing area and production of the 
country, respectively (CSA, 2016). Of the total wheat 
production areas covered in the Amhara region, 25.8% of 
it is found in North and South Wollo zones (CSA, 2016). 
Productivity of wheat in South and North Wollo zones was 
about 1.9 t ha-1, less than the regional average.  

The possible problems for low productivity of wheat are 
the use of low yielding bread wheat varieties, erratic 
distribution of rainfall, wheat diseases, and diverse 
environments within the two zones. However, since the 

presence of diverse agro-ecologies, information on 
genotype by environment (GE) interactions of bread wheat 
genotypes to diverse environments of moisture stressed 
areas of Wollo was inadequate. Grain yield is the most 
important agronomical and economical quantitative traits 
that routinely exhibit GE interactions (Fan et al., 2007). It 
is known that mean grain yield across environments are 
sufficient indicator of genotypic performance only in the 
absence of GE interaction (Yan and Kang, 2002). 
Ceccarelli (2012) and Romagosa and Fox (1993) reported 
that if there is cross over interaction (change in genotypes 
ranking) the efficiency of plant breeding activities is very 
limiting  that  poses  challenges to breeders. If a change in 
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ranking of genotypes over location happens consistently, 
then the breeding environments may be classified into 
mega-environments and specifically adapted varieties can 
be developed for each micro-environment separately (Yan 
et al., 2007).  

Multi-Environment (ME) trials are widely used by plant 
breeders to evaluate the relative performance of 
genotypes for target environments (DeLacy et al., 1996). 
In ME trials data, environment (E) is always the 
predominant sources of yield variation, however, is not 
relevant for cultivar evaluation (Gauch and Zobel, 1996). 
Only G and GE interactions are relevant to cultivar 
evaluation. GE interaction is important only when it is 
significant and causes significant change in genotype 
ranking across environments (Haldane, 1946). Therefore, 
information on GE interactions should be handled properly 
(Shafii and Price, 1998) 

Combined ANOVA is more often used to identify the 
existence of GE interactions in ME experiments. Although 
this analysis allows the determination of the genotype, 
environment, and GE interaction variances, however, it 
does not allow exploring the responses of the genotypes 
in the GE interaction (Zobel et al., 1988). Since the non-
additive structure of the data matrix has a non-random and 
random component, the advantage of the additive model 
is lost if the pattern component of the non-additive 
structure is not further partitioned into functions of one 
variable each (Crossa, 1990). 

Numerous methods have been developed to reveal 
patterns of GE interactions and to determine the stability 
of genotypes across environments: joint regression 
(Eberhart and Russell, 1966; Finlay and Wilkinson, 1963; 
Perkins and Jinks, 1968), sum of squared deviations from 
regression (Eberhart and Russell, 1966), stability variance 
(Shukla, 1972), coefficient of determination (Pinthus, 
1973), coefficient of variability (Francis and Kannenberg, 
1978). 

Among various statistical techniques used for evaluating 
GE interactions, AMMI (Additive Main-effects and 
Multiplicative Interaction) model and GGE (Genotype plus 
Genotype by Environment) biplot are the two most 
frequently used recent methods.  
 
 
AMMI model 
 
AMMI model uses ANOVA and principal component 
analysis to explain genotypes in ME trials (Bradu and 
Gabriel, 1978; Gauch and Zobel, 1988). Many 
investigators emphasized the AMMI model as a tool to 
analyze GE interaction and to define stability for each 
genotype (Crossa et al., 1990; Gauch and Zobel, 1988; 
Zobel et al., 1988). In the biplots of AMMI, the first IPCA 
was used as the ordinate (Y-axis) and main effects (both 
genotype and environment) represent the abscissa (X-
axis).  Similarly,  the   IPCA1   as  abscissa  and  IPCA2 as  

 
 
 
 
ordinate were used to further explore of the stability 
(Kempton, 1984). 
 
 
GGE biplot 
 
Yan et al. (2000) proposed a GGE biplot analysis derived 
from the first two principal component analysis (PC1 and 
PC2), which considers genotype (G) and GE interaction 
effects as important sources of variation during cultivar 
evaluation. The GGE biplot can be useful to display the 
which-won-where pattern of the data that may lead to 
identify high-yielding and stable cultivars and 
discriminating and representative test environments (Yan, 
2001). It allows visual examination of the relationships 
among the test environments, genotypes and the GE 
interactions. According to Yan and Hunt 2002, the polygon 
view of the GGE biplot indicates the best genotype(s) in 
each environment and group of environments. The 
polygon is formed by connecting the markers of the 
genotypes that are furthest away from the biplot origin 
such that all other genotypes are contained in the polygon. 
The rays are lines that are perpendicular to the sides of the 
polygon or their extension (Yan and Kang, 2002). 

Different experiments were conducted by different 
scientists to evaluate the performances of different wheat 
genotypes across different environments, reporting the 
complexity of GE interaction (Golkari et al., 2016; Hagos 
and Abay, 2013; Mehari et al., 2015; Mohamed, 2013; 
Mohammadi et al., 2015; Mohammadi et al., 2011; 
Sanchez-garcia et al., 2012; Temesgen et al., 2015).  

Authors of different countries including Ethiopia used 
both AMMI and GGE biplot analysis to assess the GE 
interaction and to see performances of wheat and other 
crop genotypes across different environments (Abate et 
al., 2015; Ayalew et al., 2014; Farshadfar et al., 2012; 
Gebru et al., 2011; Hagos and Abay, 2013; Mohamed and 
Ahmed, 2013; Muhe and Assefa, 2011; Rad et al., 2013; 
Tadesse and Abay, 2011; Bacha et al., 2015). 

The present research was carried-out to estimate the 
magnitude of GE interaction and determine yield stability 
of bread wheat varieties combining with high grain yield 
using AMMI and GGE biplot techniques. 
 
 
MATERIALS AND METHODS 
 
The experiment was conducted during the 2015/16 
cropping season at six environments located in north 
eastern Ethiopia where environmental conditions are 
diverse in soil type, altitude, positional information, 
minimum and maximum temperature and amount of 
rainfall (Tables 1 and 2). Among the six testing environ-
ments Kon and Geregera are located in North Wollo 
Administrative Zone while Jamma, Woreilu, Borena and 
Mekdela  are  located  in  South Wollo Administrative Zone.   
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Table 1. Description of the test environments. 
 

Environments Code Soil type Latitude Longitude Altitude (masl) 

Borena E1 Litosol 10°46′01′′N 38°49′55′′E 2555 

Geregera E2 Litosol 11°45′02′′N 38°44′57E 2872 

Jamma E3 Vertisol 10°27′18′′N 39°16′01′′E 2622 

Kon E4 Litosol 11°37′34′′N 38°55′05′′E 2872 

Mekdela E5 Vertisol 11°57′21′′N 39°02′56′′E 2765 

Woreilu E6 Vertisol 10°34′42′′N 39°24′20′′E 2628 
 
 
 

Table 2. Climate data of the test environments during the growing season of wheat in 2016. 
 

Environments 
Rainfall (mm) Temperature (℃) 

Jun. Jul. Aug. Sept. Oct. Nov. Min. Max. Average 

E1 122.7 176.3 228.8 80.7 8.5 0 10.5 23.1 16.2 

E2 81.6 451.5 297.2 95.6 1.3 3.3 na na na 

E2 70.8 267.3 289.2 60.8 37 0.2 5.4 25.6 16.2 

E4 222.2 318.8 661.9 162 0 2.6 7.5 20.8 14 

E5 48 358.9 304.6 23.3 41 0 5.1 23.4 14.9 

E6 52.7 389.4 349.2 37.1 0 2.1 7.9 23.8 15.7 
 

Source:  Kombolcha Meteorological Station, Kombolcha, Amhara (Ethiopia). 
 
 
 

Table 3. Description of plant materials. 
 

Variety Year of 

release 

Variety Year of 

release Code name Code name 

G1 Mada-walabu 2000 G12 Tsehay 2011 

G2 Sofumar 2000 G13 Hoganna 2011 

G3 Tay 2005 G14 Huluuka 2012 

G4 Digalu 2006 G15 Ogolcho 2012 

G5 Alidoro 2007 G16 Hidase 2012 

G6 Gasay 2007 G17 Mekelle-3 2012 

G7 Menze 2007 G18 Sorra 2013 

G8 Bolo 2009 G19 Mekelle-4 2013 

G9 Danda’a 2010 G20 Biqa 2013 

G10 Kakaba 2010 G21 King-bird 2014 

G11 Shorima 2011 G22 Honkollo 2014 
 

Source: MoA, 2015 (Plant variety registration book, Addis Ababa, Ethiopia). 
 
 
 

A total of twenty-two released Ethiopian bread wheat 
varieties (Table 3) were used. The materials were 
collected from different research centers of the country.  

The experiment was laid-out using randomized 
completely block design (RCBD), replicated three times, at 
six locations in the main cropping season of 2016. A plot 
size of 3 m2 (6 rows of 2.5 meters length with a row spacing 
of 20 cm) was used. Planting was carried out at all 
locations in the midweek of July. Fertilizer was applied 
uniformly for all experimental plots at the rate of 69 N/46 

P2O5 Kg ha-1.  Half of the  recommended nitrogen fertilizer 
was applied at planting and the rest was applied at tillering 
while  full dosage of the recommendation phosphorus 
fertilizer was applied at planting  in the form of 
Diammonium phosphate (DAP). Seed rate (125 Kg ha-1) 
was used for each location. Weeding and rouging out 
practices were done for each experimental plot depending 
on the intensities of weed at each location. The four middle 
rows of each plot were harvested after varieties were fully 
matured. Grain  yield   (GY)   (g plot-1)   obtained   from  the 
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central four rows was weighed using sensitive balance. 
The result was adjusted for the standard moisture contents 
of cereal crops (12.5%), and converted in to ton ha-1 for 
analysis. 
 
 
Data analyses 
 
Analysis of variance (ANOVA) for each environment and  
combined analysis of variance over environments were 
carried-out to examine the presence of genetic variation 
among bread wheat varieties for grain yield. The analyses 
were carried-out using Genstat 18th software. Duncan’s 
Multiple Range Test (DMRT) was used to compare means 
among entries for grain yield (Steel and Torrie, 1980). 
ANOVA of the combined data expresses the observed 
mean yield (Yij) of the ith genotype in the jth environment as: 
 

𝑌𝑖𝑗 = 𝜇 + 𝐺𝑖 +  𝐸𝑗 +  𝐺𝐸𝑖𝑗 +  𝑒𝑖𝑗   

 
Where μ is the general mean; Gi, Ej, and GEij represent the 
effect of the genotype, environment, and the GE 
interaction, respectively; and eij is the average of the 
random errors associated with the rth plot that receives the 
ith genotype in the jth environment. 
 
AMMI and GGE biplot analysis were carried-out using 
Genstat software to examine the presence and magnitude 
of genotypic stability across environments.  
 
 
RESULTS AND DISCUSSION 
 
AMMI Analysis  
 
The grain yield data were subjected to AMMI analysis 
which combines ANOVA with additive and multiplicative 
parameters in to single model (Gauch, 1988). The 
combined ANOVA for grain yield (t ha-1) revealed that the 
three sources of variation namely environments, 
genotypes, and GEI were significant at p<0.001 (Table 4). 
AMMI ANOVA depicted that sum square of additive effects 
of environment and genotype, and non-additive (GE 
interaction) effect explained 73%, 10%, and 17% of the 
total treatment variation (G+E+GEI) respectively (Table 4). 
Hence, environment was the predominant source of 
variation which had big effect on yield of bread wheat 
genotypes. Following environmental effect, the GE 
interaction effect was stronger than the genotypic effect. 

The large environmental effect for grain yield revealed 
that environments were diverse with large difference 
among environmental means. The maximum (4.7 ton ha-1) 
and minimum (2.3 ton ha-1) mean grain yield were 
recorded at E1 and E5, respectively (Table 5). Yield 
responses of each genotype at different locations varied. 
The mean grain yield  over  six  environments  ranged  from  

 
 
 
 
2.4 (G13) to 3.6 ton ha-1 (G1, G9 and G16) with a grand 
mean of 3.2 ton ha-1 (Table 5). In addition, G16, G19 and 
G21 genotypes revealed better grain yield performances 
across the testing environments (Table 5). Similar findings 
on the performances of bread wheat genotypes (Altay, 
2012; Golkari et al., 2016; Mehari et al., 2015; Misganaw, 
2016; Mohamed, 2013; Muhe and Assefa, 2011) and 
barley genotypes (Abay and Bjornstad, 2009; Jalata, 
2011) across locations were reported.  

Significant GE interaction indicates the relative change 
in rank of performances of genotypes across environments 
or the responses of bread wheat genotypes were not 
parallel in overall testing environments. Genotypic main 
effects (i.e. differences in mean yield between genotypes) 
provide the only relevant information when GE effects are 
absent or ignored (Yan and Kang, 2002). In agreement 
with this finding, using AMMI model, different authors 
reported responses of bread wheat genotypes for grain 
yield at varied environments (Akter et al., 2014; Golkari et 
al., 2016; Hagos and Abay, 2013; Rad et al., 2013; 
Tadesse and Abay, 2011; Temesgen et al., 2015).  

The partitioning of the GE interaction sum square 
revealed that the first four interaction principal components 

analysis (IPCAs) were significant (p0.01), explaining 
95.2% of the total GE interaction sum square with 83.8% 
corresponding degree of freedoms and the remaining 
4.8% considered as noise (Table 4). Almost similar result 
was reported by Mahmodi et al. (2011) for yield 
performances in bread wheat genotypes. The first IPCA 
explained 45.5% of the GE interaction sum of square. The 
second, third, and fourth IPCAs which explained 23.4%, 
15.3%, and 11% of the total GE interaction sum of square, 
respectively. Therefore, based on the results, the best 
model called AMMI-4 was built from the first four 
significance IPCAs. The extract IPCAs are capable for 
providing basic information on the interaction effect even 
though the degrees decrease from the first to higher 
IPCAs. However, according to Gauch and Zobel (1996) 
and Zobel et al. (1988), the first two IPCAs are best 
enough to explain the interaction sum of squares. 
Therefore, for this experiment, the first two IPCAs with a 
total of 68.9% of GE interaction sum of square and 45.7% 
corresponding degree of freedom were used to explain the 
interaction effect. Similarly, Tadesse and Abay (2011) 
reported that the two IPCAs explained 67.2% of the total 
GE interactions on the study of sesame genotype 
evaluation for grain yield (Table 4). As GE interaction was 
significant, phenotypic stability of genotypes can be 
calculated (Farshadfar, 2008). 
 
 
Stability analysis by AMMI models 
 
The first two basic AMMI models (AMMI-1 and AMMI-2) 
were the best predictive models. The AMMI-1 biplot (Zobel 
et   al.,  1988)   is   the    most    well-known    and   appealing  
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Table 4. AMMI analysis of variance for grain yield (t ha-1) over six environments. 
 

Source of variation DF SS MS 
Sum of squared (SS) explained (%) 

SS GE GE cumulative 

Treatment 131 370.4 2.83***    

Genotypes (G) 21 36.6 1.741*** 10   

Environments(E) 5 270.9 54.186*** 73   

GE Interaction 105 62.9 0.599*** 17   

IPCA 1 25 28.6 1.146***  45.5 45.5 

IPCA 2 23 14.7 0.641***  23.4 68.9 

IPCA 3 21 9.6 0.457***  15.3 84.2 

IPCA 4 19 6.9 0.363***  11.0 95.2 

 Residuals  17 3.0 0.176ns  4.8  

Pooled Error 252 36.2 0.144    

Total 395 432.0 1.094    
 

***Significant at 0.001 probability level, ns= non-significant, SS = sum of square, MS = mean of sum square. 
 
 
 

Table 5. Mean grain yield of (ton ha-1) 22 bread wheat genotypes tested across 6 environments. 
 

Genotypes 
Grain yield (t/ha)  

E1 E2 E3 E4 E5 E6 GM 

G1 5.5 2.5 4.3 3.0 2.9 3.3 3.6 

G2 3.8 2.3 3.2 2.6 2.2 2.9 2.8 

G3 4.6 2.5 4.0 3.5 1.3 2.9 3.1 

G4 4.9 2.3 3.6 3.1 2.3 2.5 3.1 

G5 4.3 2.4 3.3 2.7 1.6 2.8 2.9 

G6 4.6 2.4 3.9 3.0 2.4 2.7 3.2 

G7 4.6 2.2 3.8 2.9 1.8 3.2 3.1 

G8 4.3 2.0 4.3 2.5 2.2 2.5 3.0 

G9 4.1 2.6 4.7 3.0 3.6 3.4 3.6 

G10 3.7 2.6 3.4 2.5 1.8 2.9 2.8 

G11 4.5 2.6 4.2 2.4 2.2 2.8 3.1 

G12 4.7 2.5 4.1 3.2 2.2 3.1 3.3 

G13 3.2 1.5 3.3 2.4 1.9 2.0 2.4 

G14 5.5 2.3 4.3 3.3 2.2 2.9 3.4 

G15 5.5 3.2 3.5 3.3 2.4 2.9 3.5 

G16 4.5 3.4 4.3 2.6 3.4 3.2 3.6 

G17 6.4 2.3 4.0 2.6 2.3 3.0 3.4 

G18 5.3 3.4 3.6 3.2 2.3 2.7 3.4 

G19 4.9 3.3 3.9 2.5 2.5 3.9 3.5 

G20 3.7 2.6 3.9 2.6 2.1 3.5 3.1 

G21 5.8 2.2 3.6 3.0 3.4 2.5 3.4 

G22 5.6 2.6 3.9 2.8 2.6 3.0 3.4 

Mean 4.7 2.5 3.9 2.9 2.3 2.9 3.2 

CV (%) 10.0 13.4 8.8 11.9 17.0 12.4 11.8 

LSD(0.05) 0.78 0.56 0.56 0.56 0.66 0.6 0.7 
 

GM (Genotypic Mean), CV (Coefficient of Variation), LSD (Least Significant Difference). 
 
 
 

component of AMMI model. Its abscissa (x-coordinate) 
represents the main effects (G and E) and its ordinate (y-

coordinate) represents the IPCA-1 scores. In Figure 1, the 
IPCA-1    scores     for     genotypes    (G1   to    G22)    and  
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Figure 1. AMMI-1 biplot for grain yield (t ha-1) of 22 bread wheat genotypes at six environments. 
 
 
 

environments (E1 to E6) were plotted against the main 
effects (genotype and environment grain yield means). 
Figure 1 therefore accounted for 90.74% of the total 
treatment sum of square (G+E+GE), which was 
reasonably enough to explain the GE interactions and 
main effects. This result was similar with the finding of 
Misganaw (2016) and Akter et al. (2014) on wheat and rice 
crops respectively. Genotypes and environments on the 
same parallel line relative to ordinate have similar grain 
yields and genotypes and environments on the right side 
of the midpoint (mean grain yield) of this axis have higher 
mean grain yield than those found on the left side. AMMI1 
biplot (Figure 1) depicted that Genotype G9 and G16 were 
generally exhibited high mean yield with high main 
(additive) effect and plotted with E3, indicating their 
specific adaptability to E3. Genotype G19 recorded high 
mean grain yield coupled with small positive IPCA-1scores 
indicating its stability in all testing environments. G17 and 
G21 genotypes exhibited high mean yield and associated 
with negative IPCA-1 score and plotted with E1, indicating 
its suitability to E1 and similar environments. On the other 
hand, G12, G6, G3, G7, and G11 genotypes were laid near 
to the biplot origin; showing their agronomic stability in all 
the testing environments. Genotype G1, G18 and G15 
recorded small negative IPCA1 scores associated with 

high mean grain yield indicating these genotypes 
performed well in the testing environments. Similar results 
have been reported by different authors in earlier studies 
(Akter et al., 2014; Golkari et al., 2016; Temesgen et al., 
2015). As shown in Figure 1, environments were variable 
for both interaction and main effects. Among the testing 
environments, E1 recorded the largest negative IPCA-1 
scores and the highest environmental mean grain yield 
(4.7 t ha-1) relative to the rest of the environments. E6 had 
largest positive IPCA-1 scores with below average mean 
grain yield. These two environments were highly 
interactive environments which contributed the largest 
interaction effects. On the other hand, E4 scored the least 
negative IPCA-1 score associated with below average 
mean grain yield, indicating its minimal contribution to 
discriminate the tested bread wheat genotypes. The other 
environments were found in between the highest and the 
lowest interactive environments. The tested bread wheat 
genotypes relatively explained their genetic potential at E1 
and E3, providing above average grain yield. These two 
environments are classified as high yielding (high 
potential) environments whereas, E2, E4, E5, and E6 
recorded below average grain yield, and hence clustered 
under low yielding (poor) environments (Figure 1). In 
agreement with this finding, researchers have reported the  
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Figure 2. AMMI-2 Biplot for grain yield (ton ha-1) showing the Interactions of IPCA1 and IPCA2 of 
both genotype and environment scores. 

 
 
 

performances of bread wheat genotypes in variable 
environments (Muhe and Assefa, 2011; Temesgen et al., 
2015). 

According to Vargas and Crossa (2000), AMMI-2 biplot 
was generated by using genotypic and environmental 
scores of the first two IPCAs in which both genotypes and 
environments are displayed simultaneously (Figure 2). In 
the plotting of AMMI-2 biplot, Purchase (1997) pointed out 
that the closer the genotypes scores to the center of the 
biplot the more stable they are. 

In AMMI 2 biplot (Figure 2), the environmental scores 
are joined to the origin by side lines called vectors. 
Environments with short vectors did not exert strong 
interaction effects while those environments that have long 
vectors located away from the origin exert strong 
interaction effects. Thus, in this study E1, E5 and E6 had 
long vectors and high IPCA scores, and then contributed 
more interaction effects while E2, E3, E4 had relatively 
short vectors by which they did not exert strong interactive 
force (minimal discriminating power). Especially, E3 had 
the shortest vector as compared to the rest environments 
and recorded above average mean grain yield, therefore, 
it is the most ideal environment for the tested bread wheat 
genotypes. Similar results were reported by Golkari et al. 
(2016) and Neisse et al. (2018). 

AMMI -2 biplot revealed that G9, G17 and G21 were 
located farthest from the origin of the biplot which indicated 
the most responsive (interactive) genotypes, contributed 

the highest interaction effects, even had high mean grain 
yield performances. The genotypes occurring close 
together on the biplot origin will tend to have similar yield 
responses in all testing environments, while those located 
far apart may indicated either differ in mean grain yield or 
show different pattern of response over the environments. 
G6, G11, G12, and G4 were close to the origin and hence 
insensitive for environmental change.  
 
 
GGE biplot analysis 
 
According to Yan et al. (2000), the first two Principal 
Components (PCs) are used to produce a two-dimensional 
graphical display of genotype by environment interaction 
called GGE biplot analysis. For this investigation, the 
polygon view (Figure 3) showed “which-won-where” 
pattern of the ME trials data. The fitted GGE-biplot model 
indicated that the first two PCs explained 70.5% of 
variation for G+GE (Figure 3). The polygon view of the 
GGE biplot was drawn by connecting the vertices geno-
types with straight lines so that all other genotypes were 
contained within the polygon. Genotypes G9, G20, G13, 
G3, G17, G1 and G16 were displayed at the vertex points 
of the biplot (Figure 3). These genotypes were the best or 
poorest in some or all of the environments because they 
were far from the origin of biplot (Yan and Kang, 2002). 
Especially,  G9,  G16,  G17,  G13   were   more   responsive 
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Figure 3. The which-won-where polygon view of GGE-biplot for grain yield of 22 bread wheat 
genotypes over six environments. 

 
 
 

for environmental change because they were displaced 
farthest from the origin of the biplot; considered as 
specifically adapted genotypes. 

The perpendicular lines which were drawn in each side 
of the polygon divided the biplot into seven sectors. The 
six testing environments fall into the three sectors, and all 
sectors also contained genotypes. Among the sectors, 
where the testing environments falling were grouped into: 
E5, E6 and E3 as one group, E1 and E4 as second group 
and E2 as third group. In each sector, the winner 
genotypes appeared but G9 was the winner genotype for 
the three environments (E5, E6 and E3) even if other 
options like G16 and G19 were available for such 
environments. Genotype G17 was the winner for the 
second sector called E1 and E4; other options such as 
G21, G14, and G15 genotypes were also contained within 
this sector. The third  sector  contained  environment E2 in  

which G19 was best fit genotype.  
The GGE biplot analysis clustered the six environments 

into two Mega-Environments, thus; E5, E6, E3, and E2 
were grouped under one Mega-Environment, and E1 and 
E4 as other Mega-Environment (Figure 4). Genotypes G9, 
G16 and G19 were best fit for E2, E3, E5 and E6 since 
they were clustered into one Mega-Environment and in 
one Micro-Environment/sector. As shown in the Figure 3, 
genotypes G6 and G12 were found near to the origin and 
have above average grain yield, which were good for all 
testing environments, however, genotype G6 is late 
maturing and thus needs extended rainfall. 

According to the description of Yan (2001), the yield 
performances and stability of bread wheat genotypes as 
shown in Figure 4, where average tester coordinate (ATC 
x-axis) or average environment axis (AEC) passes through 
the biplot origin, represented by  single-arrowed  solid  blue 
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Figure 4.  Ranking biplot based on mean grain yield performance and stability of twenty-two 
bread wheat genotypes over six environments. 

 
 
 

line, and the marker of the average environments, which is 
defined by the average of PC1and PC2 scores over all 
environments. The oval shape indicated the positive ends 
of ATC-x axis or the positive direction of the tester axis. 
Closeness to the circle indicates higher mean yield. The 
ATC-y axis (represented by solid black line) passes 
through the plot origin and was perpendicular to ATC-x 
axis called perpendicular line which represents the stability 
of genotypes. Either direction away from the biplot origin, 
on this axis, indicates greater G×E interaction and reduced 
stability (Yan and Hunt, 2002). The average yield of the 
genotypes was approximated by the projections of their 
markers through the ATC-x axis. Thus, genotype G1 had 
the highest average yield, and G13 recorded the lowest 
(Figure 4). 

The  lines  parallel  to  the  ATC-y  axis  helps ranking of  

genotypes based on their average yield and the stability of 
genotypes was measured by the absolute length of their 
projection to the ATC-y axis. The greater the absolute 
length of the projection of a genotype, the less stability it 
had and vise versa (Yan, 2001). Thus, Genotypes G1, G6 
and G12 were the most stable genotypes; as it were 
located almost on the ATC-x axis and had a near zero 
projection onto the ATC-y axis. This indicates that its ranks 
were consistent across testing environments within this 
mega-environment. In contrast, G9 and G17 were the two 
least stable genotypes with above average mean yield 
performance (Figure 4). According to Yan et al. (2000), E4, 
E3, E2 were the most representative environments (had 
less projection on to ATC-x axis) while E1 and E5 were 
less representative (had large projection on to ATC-x axis) 
and the most  discriminative  environments, E6  was  found 
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between the two extreme environments. The 
discriminating power of E2, and E3 were larger than E4 
(Figure 4).  
 
 
Conclusions 
 
The significant effects of GE interaction indicated that, the 
presence of substantial differences in the relative 
performance of genotypes at different locations. 

AMMI-1 biplot indicated that G9 and G16 generally 
exhibited high mean yield with positive IPCA-1 score were 
identified to specifically adapted to E3. G17 was also 
exhibited high mean yield and high negative IPCA score, 
which was fitted genotype for E1. G19 gave high mean 
grain yield and relatively small positive IPCA-1 scores 
which was good for all environments.  

AMMI-2 biplot revealed that G9, G19 and G21 
genotypes were located far away from origin which 
exhibited the most unstable genotypes. With respects to 
environments, E1, E5 and E6 were the most discriminative 
(interactive) environments while the remaining 
environments; E2, E3 and E4 exhibited the least 
interactive environment for bread wheat production.   

Based on “which-won-where” procedures of GGE biplot 
analysis, the analysis clustered environments under two 
Mega-Environments which include: E1 and E4 (Mega 
environment-I), and E2, E3, E5 and E6 (Mega-
Environment-II). Thus, E9, E16 and E19 were the best 
adapted genotypes for the four environments (Mega-
Environment-II). G17 was the winner genotype for 
environments E1 and E4 (Mega-Environment-I); even 
when other options such as G21, G14 and G15 genotypes 
were available.  
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